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Abstract 

The Dubas bug (Ommatissus lybicus) poses a significant threat to agriculture in the Middle East by 
weakening palm trees and reducing fruit production. Effective pest control depends on accurate and timely 
localization of the infestation. However, regular field inspections are difficult and time-consuming, especially for 
large areas. This research investigates the potential of Sentinel-2 satellite imagery for detecting Dubas bug 
infestations. The aim is to improve monitoring capabilities, accelerate intervention strategies, and mitigate the 
associated economic impact. The field trial to assess the infestation occurred in May 2023, coinciding with the 
peak of the pest outbreak. The severity of the infestation was assessed through pest counts conducted in date 
palm groves within the urban area of Bam, Iran. Sentinel-2 multispectral images of a specific area were acquired 
and processed for correction, raw data preparation, and information extraction. The Fast Line-of-sight 
Atmospheric Analysis of Spectral Hypercubes (FLAASH) method was used for the atmospheric correction of 
the acquired images. The Nearest Neighbor Interpolation method was used to resample satellite images, 
standardizing all bands to a uniform 10-meter resolution. Following the pre-processing phase, the KD-tree-based 
K-Nearest Neighbor classifier model was selected to develop a model specifically designed for identifying areas 
infested by the Dubas bug. For training, 70% of the measured field data were used, including uninfested areas 
and areas with three levels of infestation from light to heavy, as well as other land features such as buildings, 
roads, etc. The remaining 30% of the data was utilized to evaluate the trained model, using the correct prediction 
rate as the assessment criterion. The trained classifier, validated against the ground truth data, achieved an 
accuracy of approximately 83% on the test dataset. This accuracy highlights the ability of Sentinel-2 
multispectral imagery and machine learning to detect Dubas bug infestations in date palm groves and can 
facilitate targeted and sustainable pest management strategies. 

 
Keywords: Classification model, Date fruit, Field inspections, Remote sensing 
 

Introduction1 

Ommatissus lybicus de Bergevin 
(Hemiptera: Tropiduchidae), commonly 
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known as the date palm dubas bug, is a major 
pest that has a detrimental effect on date fruit 
production in many countries (Al-Kindi, 
Kwan, Andrew, & Welch, 2017; Khan et al., 
2020). The decline in date fruit yields caused 
by infestations of the date palm Dubas bug is a 
significant concern for farmers in the Middle 
East and North Africa (Al Shidi, Kumar, Al-
Khatri, Albahri, & Alaufi, 2018). Pests like the 
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Dubas bug can cause an economic loss of up 
to 28% in date fruit production. The insect 
feeds on the nutrient-rich sap of palm trees, 
damaging palm trees (Shah et al., 2016). The 
consumption of palm sap by nymphs and adult 
insects results in the formation of honeydew 
on the leaf surface (Al-Khatri, 2004; Howard, 
2001). Over time, dust accumulates on the 
honeydew, fostering the growth of black sooty 
mold on the leaves, which can impede the 
photosynthesis process of the date palm 
(Neteler, Roiz, Rocchini, Castellani, & 
Rizzoli, 2011; Shah et al., 2012). This pest 
disrupts the plant's vital functions, weakens the 
tree, and leads to poor fruit quality and 
considerable financial losses. Prolonged and 
severe infestations can also result in the 
deterioration and eventual destruction of the 
palm tree (Carpenter & Elmer, 1978). This 
damage can be minimized if the Dubas bug is 
controlled. 

Before addressing this pest issue, it is of 
utmost importance to accurately identify and 
pinpoint the location of the pest. Once this step 
is completed, farmers can implement various 
control measures and pest management 
techniques. A prevalent approach within this 
field involves the use of chemical insecticides, 
which can be applied through ground-based or 
aerial spraying methods (Al-Khatri, 2011). 
Identifying and localizing infestations through 
visual field inspection by farmers can be quite 
a challenge. This is mainly because the 
symptoms of the infestation can vary greatly 
depending on the tree species and the initial 
location of the infestation. Existing detection 
methods often prove ineffective when applied 
to large areas, as each tree must be examined 
individually (Wakil, Faleiro, & Miller, 2015). 
Human eye-based field inspections of 
extensive agricultural areas are limited by their 
high cost, complexity, time, and lack of 
precision (Pontius, Schaberg, & Hanavan, 
2020; Samuel Adelabu, Mutanga, & Cho, 
2012). Remote sensing has emerged as a 
critical tool for monitoring the health and 
condition of date palm plantations, offering a 
cost-effective and scalable alternative to 
traditional field inspections. Advances in this 

field have made this technology a promising 
option for detecting and mapping pests. Pests 
can cause considerable damage to plants, 
which manifests itself in a number of visible 
signs and symptoms. These signs can include a 
reduction in leaf size, loss of color, and 
changes in the overall layout of the plant 
canopy. These changes to the health and 
appearance of the plant can be attributed to the 
effects of the pests on the wavelengths of light 
reflected in the visible and near-infrared 
ranges (Silva, Olthoff, de la Mata, & Alonso, 
2013). 

The ability of remote sensing to detect 
changes in soil and vegetation provides 
valuable information for the implementation of 
site-specific management practices (Hicke & 
Logan, 2009; Weiss, Jacob, & Duveiller, 
2020). Hicke and Logan (2009) have shown 
that by using multispectral Quickbird satellite 
imagery with a spatial resolution of 2.4 m in 
conjunction with the maximum likelihood 
classification method, a map can be created 
depicting the mortality in whitebark pine 
caused by the mountain pine beetle outbreak. 
Oumar and Mutanga (2013) developed a 
model using Worldview-2 satellite data to 
assess its ability to predict the impact of the 
bronze beetle (Thaumastocoris peregrinus) on 
plantation forests. The monitoring model 
successfully predicted the extent of damage 
caused by the bronze beetle. It achieved a 
coefficient of determination of 65% and a root 
mean square error of 3.62 when tested with 
independent experimental data sets. In this 
investigation, the WorldView-2 sensor's red-
edge and near-infrared bands, along with 
specific pigment indices and red-edge indices, 
were found to play a critical role in accurately 
predicting damage. The characteristic leaf 
symptoms of Blumeria graminis, also known 
as surface powdery mildew, can be identified 
through the use of remote sensing technology. 
Zhang et al. (2014) attempted to create a 
distribution map of powdery mildew of winter 
wheat at the regional level using medium-
resolution satellite images (CCD sensor on the 
Huanjing satellite) using time series. The 
result of this study was an overall accuracy of 
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78%. Yuan, Pu, Zhang, Wang, and Yang 
(2016) also investigated the use of high-
resolution (6 m) multispectral SPOT-6 satellite 
imagery to monitor the powdery mildew of 
winter wheat in an area of high disease 
incidence. They identified five key spectral 
features sensitive to the problem and 
developed a system to identify powdery 
mildew using the spectral angle mapping 
method. Validation with field data showed that 
the system achieved an accuracy of 78% and a 
kappa coefficient of 0.55. 

Using hyperspectral data, S. Adelabu, 
Mutanga, Adam, and Sebego (2014) 
conducted a study on the degree of forest 
canopy cover change due to insect defoliation. 
The classification accuracy of the model 
created using the random forest algorithm was 
found to be 82.42%. The leaf loss in plants 
caused by the eucalyptus weevil (Gonipterus 
scutellatus) showed a strong relationship with 
the vegetation indices (VIs) calculated from 
the red edge bands of the WorldView-2 
satellite images (Lottering & Mutanga, 2016). 
A study Haghighian, Yousefi, and Keesstra 
(2022) investigated the performance of 
Sentinel-2 imagery in detecting oaks infested 
by T. viridana in the Zagros forest habitat. VIs 
were derived from T. viridana infested and 
non-infested areas. The results of this study 
revealed significant differences in VIs between 
infested and non-infested zones within the 
study site, with a confidence level of 99%. Al 
Shidi, Kumar, and Al-Khatri (2019) conducted 
a study on the detection of date palm Dubas 
bug infestation by analyzing the changes in 
reflectance at different degrees of infestation. 
They used high-resolution multispectral 
images from the WorldView-3 satellite to 
capture images of infested areas. The 
researchers identified 32 vegetation indicators 
and found that reflectance in the red and near-
infrared edge bands decreased with higher 
infestation levels. They also observed 
significant differences in the red edge, NIR1, 
and NIR2 spectral bands in high-infested areas 
compared to uninfested, low-infested, and 
medium-infested areas. 

While accessibility and affordability have 

been challenges, the Sentinel-2 A + B satellites 
from the European Space Agency have 
addressed these issues by offering free 
enhanced resolution and frequent revisits to 
monitor fields effectively. The spectral 
resolution of the data captures a wide range of 
bands crucial for assessing vegetation health, 
making it a valuable tool in various 
agricultural applications (Segarra, Buchaillot, 
Araus, & Kefauver, 2020). The timely 
identification of date palm infestation with the 
Dubas bug can be greatly supported by 
analyzing multispectral satellite images. This 
method offers a significant advantage in 
controlling the spread of the infestation. 
However, there is a notable absence of 
documented cases where researchers have 
used the readily available and free 
multispectral data from the Sentinel-2 satellite 
to detect date palm infestations. Every year, 
more than 200,000 tonnes of dates are 
harvested from groves in the eastern province 
of Kerman, Iran, and Dubas bugs infest 
between 2,000 and 3,000 hectares of these 
groves in the northern part of this province. 
The findings of Rostami, Assari, Pejman, and 
Shaker (2019) indicate that the majority of 
palm groves surveyed for Dubas bug pest 
density in Bam, Kerman Province, Iran, 
showed moderate to high levels of damage. In 
particular, over 69% of the orchards had 
moderate, high, or very high infestation 
densities. Consequently, more than 69% of the 
groves in the region require urgent 
intervention. Due to the significant presence of 
the Dubas bug in the area, the current study 
focuses on determining the possibility of 
detecting date Dubas bug infestation in the 
urban area of Bam by analyzing changes in 
reflectance at different levels of infestation 
using multispectral images from the Sentinel-2 
satellite. 

 
Materials and Methods 

Research site 

The palm groves in the urban area in the 
Iranian province of Kerman were selected as 
the study area (Fig. 1). The study area is 
located at approximately 29.00° north latitude 
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and 58.30° east longitude and is characterized 
by its pronounced desert climate, which falls 
under the Köppen climate classification. This 
climate is characterized by very hot summers, 
during which temperatures can rise 
considerably, and mild winters, starkly 
contrasting to the summer months' heat. In 
addition, the region has low annual rainfall, 
which further determines the region's 
environmental conditions and affects the 
growth and survival of palm trees in urban 
groves. The first generation of Dubas bug in 
urban groves typically first appears in April. 

The pest infestation peak occurs during the 
most nourishing period of the insect's life 
cycle, precisely in May, when the nymph is in 
its third and fourth stages of growth 
(Mahmoudi, Gheybi, & Khoshnoud, 2020). 
Therefore, field and satellite measurements 
from the research site were conducted in May. 
The date palms in the urban area of Bam were 
divided into grids. Within each grid, a focal 
point was designated for collecting 
information, conducting training, and 
evaluating the classification model.  

 

 
Fig. 1. An aerial photo captured with a UAV of date fruit plantations in the urban area of Bam 

 

Field inspection 

A grid-based survey covering the 480.22 
km2 urban area of Bam (divided into 48 
individual 1 km2 grids) was conducted to map 
the spatial distribution and intensity of Dubas 
bug infestations following a seasonal regular 
pest outbreak. Tree density varied across grids 
due to the heterogeneous urban landscape of 
Bam, including houses, roads, and open 
spaces, with trees spaced approximately 8×8 
meters apart. Within each grid, the degree of 
infestation was determined using the average 

measurements of three randomly selected trees 
with a minimum distance of 20 meters to 
ensure an adjustment to the resolution of the 
Sentinel-2 images. This methodology enabled 
a comprehensive assessment of infestation 
patterns across the urban environment. As 
recommended by (Hussain, 1963), pest density 
was documented during the field 
measurements by categorizing the infestation 
at each point into three levels: low (with an 
average of 0-5 eggs per leaflet), medium (5-10 
eggs per leaflet), and high (more than 10 eggs 
per leaflet). Fig. 2 showcases an inspected 
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example of date palm leaflets infested with the Dubas bug pest. 
 

 
Fig. 2. An instance of the inspected leaflets from a date palm tree infested with the Dubas bug 

 

The GPS device (GARMIN eTrex Summit) 
was used to record the geographical 
coordinates of the sampling points with an 
accuracy of three meters. In May 2023, the 
research site underwent field visits, sampling, 
and the acquisition of satellite images 
concurrently. The time of sampling was 

chosen as close as possible to the time at 
which the satellite flew over the study area. 
The provided Fig. 3 displays the specific 
locations where inspections were conducted to 
gather data on infestation in the urban area of 
Bam. 

 
 

 
Fig. 3. The locations in the Bam urban area were inspected for information on infestation 
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Sensing information and selected bands 

The Sentinel-2 satellite captures 
multispectral imagery across 13 bands in the 
visible and infrared ranges, providing high-
resolution data for vegetation analysis (Table 
1). The benefits of this satellite include free 
public information, resolutions of 10, 20, and 
60 meters, a wide field of view of 290 km, and 
global coverage. The spatial resolution for the 

RGB and infrared bands is 10 meters (EOS, 
2018). For this particular study, eleven bands 
were selected for modeling, with bands 1 and 
10 excluded due to their sensitivity to aerosols 
and clouds as well as their lower spatial 
resolution. These bands are not suitable for 
mapping vegetation (Kumbula, Mafongoya, 
Peerbhay, Lottering, & Ismail, 2019). 

 
Table 1- Specifications of Sentinel-2 satellite bands (EOS, 2018) 

Band number Spatial resolution (meters) Bandwidth (nm) Characteristic 
1 60 453-433 Coastal aerosol 
2 10 523-458 Blue 
3 10 578-543 Green 
4 10 680-650 Red 
5 20 713-698 Red Edge 
6 20 748-734 Red Edge 
7 20 785-765 Red Edge 
8 10 900-785 Near Infrared (NIR) 

8A 20 875-855 Narrow NIR 
9 60 950-930 Water vapour 
10 60 1385-1365 Short Wave Infrared (SWIR) – Cirrus 
11 20 1655-1565 SWIR 
12 20 2280-2100 SWIR 

 
Downloading satellite data 

With a review period of 5 days, the 
Sentinel-2 satellite is suitable for detecting 
pest infestations in a timely manner. The 
sensor's image covers a large area with a width 
of 290 km (Segarra et al., 2020). The large 
size of the image poses a challenge in 
capturing and pre-processing the image. In this 
study, using the USGS website 
(https://earthexplorer.usgs.gov), the images of 
the Sentinel-2 satellite were divided into 
smaller sections prior to processing. Among 
the images reviewed in the specified time 
period, the image received from the region on 
May 8, 2023, with the Sentinel-2 sensor, had 
the lowest cloud cover (0.056). Therefore, this 
image was selected for further processing (Fig.  
4). 

 
Data preprocessing and modeling a classifier 

The SNAP software platform, developed by 
the European Space Agency (ESA) for 
Sentinel mission support, was utilized for 
image processing, modeling, and data 

visualization. With the application of the 
SNAP software, the Fast Line-of-sight 
Atmospheric Analysis of Spectral Hypercubes 
(FLAASH) method was employed for 
atmospheric correction of the acquired images. 
The ground references were validated by 
including specific points such as buildings, 
roads, and other relevant elements. The 
Nearest Neighbor interpolation method was 
used when resampling satellite images to 
standardize all bands to a uniform 10-meter 
resolution. This technique assigns values to 
each "corrected" pixel based on the proximity 
of the nearest "uncorrected" pixel. The Nearest 
Neighbor method is recognized for its ease of 
implementation and its ability to maintain the 
original values within the unaltered scene. In 
particular, it transfers the digital number (DN) 
of the nearest input pixel to the corresponding 
output pixel determined by its spatial 
coordinates. 
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Fig. 4. Sentinel-2 image, May 8, 2023 

 

Plant stress is evident through the presence 
of honeydew and dust deposits on the leaves, 
which cause the green color of the leaf to turn 
yellow over time. Vegetation indices (VIs) are 
used to analyze and explore vegetation in 
spectral satellite imagery, which requires 
mathematical conversions of specific 
wavelength bands. Previous studies have 
highlighted vegetation indicators associated 
with this color change (Mirik, Michels, 

Kassymzhanova-Mirik, & Elliott, 2007; Reisig 
& Godfrey, 2006; Saadikhani, Maharlooei, 
Rostami, & Edalat, 2023). In this study, the 
Normalized Difference Vegetation Index 
(NDVI) and Normalized Difference Moisture 
Index (NDMI) indicators were first analyzed 
to evaluate the effectiveness of the Sentinel-2 
satellite spectral bands in detecting vegetation 
and stress caused by Dobas insect infestations 
(Table 2). 

 
Table 2- List of spectral VIs derived from satellite imagery 

Index Equation Reference 

NDVI (NIR- Red)/(NIR+ Red) (Rouse, Haas, Schell, & Deering, 1974) 

NDMI (NIR1- NIR2)/(NIR1+ NIR2) (Bernstein, Jin, Gregor, & Adler-Golden, 2012) 
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In addition to NDVI and NDMI, a number 

of remote sensing indices are available for 
analyzing Sentinel-2 satellite images (IDB, 
2024). To overcome the challenge of selecting 
an appropriate vegetation index for detecting 
vegetation stress due to Dubas bug infestation, 
one can use principal component analysis 
(PCA) to leverage the full spectral data of a 
satellite image. PCA, a statistical technique, 
simplifies the dimensions of the dataset to 
create an index for each specific location. By 
incorporating all spectral information from the 
satellite image, PCA can effectively highlight 
vegetation stress and pest infestations. This 
method enables comprehensive data analysis 
by taking into account all the captured bands. 
Reducing the data set through PCA helps 
identify hidden patterns and relationships that 
may not be apparent with a single vegetation 
index. After acquiring the multispectral images 
and performing a principal component 
analysis, a classification model based on the 
K-nearest neighbor using the KD-tree is 
created. The model takes into account data 
obtained from field measurements of date 
palm groves. Seventy percent of the field 
survey data from each degree of infestation 
(uninfested, low-infested, medium-infested, 
and high-infested areas) and other land 
features such as buildings, roads, etc., were 
used to train the model, while the remaining 
thirty percent was used for evaluation. Once 
the model is trained, its accuracy is assessed 
by comparing its predictions with the data 
obtained from field measurements. In this way, 
it is possible to assess how well the model can 
identify and classify the different infestation 
levels. 

 
Evaluation metrics of the classification model 

The confusion matrix provides a detailed 
evaluation of how well the model's predictions 
align with the actual class labels. It allows for 
the evaluation of a classification model's 
accuracy by comparing its results to a 
predetermined set of test data with known true 
values (Kulkarni, Chong, & Batarseh, 2020). It 
provides valuable insights, including True 

Positive (TP), for accurate predictions of 
positive cases, such as the correct diagnosis of 
a pest infestation. False Positive (FP) occurs 
when negative cases are mistakenly predicted 
as positive, for example, when a pest 
infestation is inaccurately diagnosed (Type I 
error). False Negative (FN) points out 
instances where positive cases are inaccurately 
predicted as negative, such as when a pest 
infestation is overlooked even though it is 
present (Type II error). Finally, True Negative 
(TN) signifies correct predictions of negative 
cases, e.g., when the absence of an infestation 
is correctly detected (Tiwari, 2022). These 
results could contribute significantly to 
understanding the performance of the model in 
scenarios related to infestation diagnosis. 

The metrics of accuracy (Eq. 1) and 
precision (Eq. 2) were also considered to 
assess the validity of the classification. 
Accuracy refers to the overall correctness of 
the classification results, indicating how well 
the model identified and categorized different 
data points. Although accuracy is important 
for evaluating the results, it may not be 
reliable in cases of significant class imbalance, 
as it can be misleading. In such situations, 
alternative metrics such as precision should be 
considered. Due to the partial imbalance in the 
spatial infestation data, the precision metric 
was also considered. Precision measures the 
proportion of correctly predicted positive 
instances out of all instances predicted as 
positive, helping to assess the model's ability 
to identify true positive instances and avoid 
false positive instances. Analyzing these 
metrics together with the elements of the 
confusion matrix enables a more detailed 
evaluation of the performance of the 
classification model. This comprehensive 
approach provides a clearer understanding of 
the model's strengths and weaknesses. 

(1) Accuracy = 
𝑇𝑃

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

(2) Precision = 
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
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Results and Discussion 

Data analysis 

Fig. 5 shows the map of the NDVI for the 
urban area of Bam, a simple and efficient 
method for quantifying vegetation. This index 
serves as an indicator of vegetation health and 
is determined by the reflection of light from 
plants at specific wavelengths ranging from -1 
to 1. Negative NDVI values (close to -1) 
indicate the presence of water, while values 
close to zero (-0.1 to 0.1) typically indicate 
barren areas such as rocks or sand. Low to 
moderately positive values (around 0.2 to 0.4) 
are associated with shrubs and grasslands, 
while high values are associated with trees 
and, in the context of Bam, with palm groves. 

The NDMI is used to assess the water 

content of plants and to monitor drought 
conditions, with a scale ranging from -1 to 1. 
Negative NDMI values (close to -1) usually 
indicate poor soils, while values close to zero 
(-0.2 to 0.4) are generally associated with 
water stress. On the other hand, high positive 
values indicate lush vegetation cover without 
water stress (around 0.4 to 1). This normalized 
index of moisture difference can also serve as 
an indicator of vegetation stress in the studied 
area. The normalized index map illustrating 
the estimated moisture difference for the urban 
area of Bam is shown in Fig. 6. It shows the 
effective differentiation of vegetation from 
other land features such as buildings, roads, 
and open land. 

 

 
Fig. 5. Map of the Normalized Difference Vegetation Index estimated in the urban area of Bam 

 
Fig. 5 and Fig. 6 show the suitability of 

NDVI and NDMI for date palm detection and 
the likely ability to diagnose the dubas bus. 
However, in the field of vegetation analysis, 
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other indices such as Green Chlorophyll 
Index-Green (CI-G), Green Difference 
Vegetation Index (GDVI), Green Normalized 
Difference Vegetation Index (GNDVI), Green 
Ratio Vegetation Index (GRVI), Normalized 
Red (NR), and Simple Ratio (SR) have also 
attracted interest. Atmospheric conditions, 

background noise, and sensor variations limit 
the indices. A study in Oman focused on the 
detection of palm Dubas bug invasions using 
WorldView-3 satellite imagery, which led to 
alternative indices being considered (Al Shidi 
et al., 2019). 

 

 
Fig. 6. The Normalized Difference Moisture Index map of the estimated humidity difference for the urban area of Bam 

 
One technique is to use tasseled cap indices 

to assess changes in green, yellow, and 
lightness by merging data from different bands 
(Baig, Lifu, Tong, & Tong, 2014). The 
tasseled cap transformation converts the 
original image bands into a new set of bands 
with specific meanings that are useful for 
vegetation mapping. This process involves the 
formation of "linear combinations" of the 
original image bands, a concept similar to 
PCA (Kauth & Thomas, 1976; Peerbhay, 
Ilaria, Romano, & Naicker, 2022). Rather than 
calculating numerous vegetation indices, this 

study utilizes PCA analysis of all spectral 
bands of satellite imagery to identify key 
variables associated with Dubas bug pest 
infestation, soil composition, water bodies, and 
various land cover attributes. By using PCA, 
we can effectively reduce the dimensionality 
of the data while retaining essential 
information about plant health. This approach 
allows us to identify patterns and relationships 
in the data that may not be as obvious when 
analyzing vegetation indices separately. In 
addition, PCA analysis provides a 
comprehensive overview of all available 
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spectral information, enabling a more holistic 
assessment of plant health. This method can 
help identify subtle variations and correlations 
between different spectral bands, leading to a 
more accurate and nuanced understanding of 
plant conditions. 

 
Classification results 

The K-nearest neighbor classification 
model was first trained and developed to 
distinguish date trees from other land features 
such as buildings, roads, and soil. They were 
then used to identify areas of pest infestation 
and categorize the degree of infestation into 
three levels: low, medium, and high. As 
mentioned above, 70% of the labeled samples 
were assigned for training, while the 
remaining 30% were used for evaluation.  

In the first step of building the model, field 
measurements were collected and categorized 

into two classes: 0 and 1. Class 0 represents 
features that are not date palms, such as 
buildings, roads, and land, while class 1 
represents date palms. The results show that 
the K-nearest neighbor classification model 
using the KD-tree was able to effectively 
identify the unique features of date palms and 
distinguish them from other land features 
(Table 3). The calculated Root Mean Squared 
Error (RMSE) of 0.1311 indicates the average 
variance between the values predicted by the 
model and the actual values and shows the 
ability of the model to accurately predict the 
target value. In addition, the KD Tree KNN 
Classifier showed 98.28 percent correct 
predictions when evaluating the test dataset, 
demonstrating its effectiveness in 
discriminating date palms. 

 
Table 3- A summary of the results of classifying date palms from other land feature pixels 

Classification metrics Class 1: date tree Class 0: other 

Accuracy 0.9828 0.9828 

Precision 0.9801 0.9855 

Correlation 0.9662 0.9662 

Error Rate 0.0172 0.0172 

True Positives 2464 2450 

False Positives 50 36 

True Negatives 2450 2464 

False Negatives 36 50 

 
In addition, classification models were 

developed to identify infestation by 
categorizing the field measurement data into 
four classes based on the degree of tree 
infestation: uninfested, light-infested, 
moderate-infested, and heavy-infested. Other 
land factors were assigned to a separate 
category. After training and evaluation of the 
classification algorithms, the KD-tree-based 
K-nearest neighbor classifier again showed the 
best performance in detecting the presence and 
severity of infestation at the date palm sites. 
The classifier uses a KD-tree, a data structure 
that organizes the training data for an efficient 
nearest neighbor search. To evaluate the 
accuracy of the classification, the classification 
value for each measurement point was 
extracted, and corresponding evaluation 

metrics were created. These metrics are 
calculated by conducting a pixel-by-pixel 
comparison between the training samples in 
the ground truth and the corresponding pixels 
in the classification results. 

Table 4 provides an overview of the 
classification assessment for different levels of 
infestation of the date palm Dubas bug. The 
precision metric, which indicates the accuracy 
of the classification model, was calculated for 
each category. A precision value of 0.98 for 
the detection of other land features shows that 
the model is very accurate in identifying these 
pixels. For date palm locations without 
infestation, the precision score is 0.67, which 
means that the model correctly identifies 67% 
of these pixels. This suggests that uninfested 
areas may be misclassified as Dubas bug 
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infestations. Also, for low, medium, and high 
infestations, the precision values are 0.74, 
0.77, and 0.66, respectively, indicating varying 
degrees of accuracy in identifying the severity 
of Dubas bug infestation. These metrics 

suggest that the model performs relatively well 
in identifying low and medium infestations but 
is less accurate in identifying severe 
infestations. 

 
Table 4- An overview of the classification results for multiple infestation levels of the date palm Dubas bug 

Classification metrices Class 0: other Class 1: level_0  Class 2: level_1  Class 3: level_2  Class 4: level_3  

Accuracy 0.9951 0.9586 0.9140 0.9093 0.8920 

Precision 0.9970 0.6667 0.7450 0.7709 0.6649 

Correlation 0.9899 0.4131 0.7583 0.7146 0.6771 

Error Rate 0.0049 0.0414 0.0860 0.0907 0.1080 

True Positives 1982 60 789 636 629 

False Positives 6 30 270 189 317 

True Negatives 2902 4645 3697 3827 3749 

False Negatives 18 173 152 256 213 

 
The KD classifier achieved an accuracy of 

83%, correctly predicting the infestation 
category for 83% of the test dataset. 
Furthermore, the root mean square error 
(RMSE) for the classifier's predictions is 
0.7693. The RMSE is a measure of the average 
difference between the predicted and actual 
values, with lower values indicating better 
accuracy. In this case, the RMSE indicates that 
the classifier's predictions are relatively close 
to the actual values. Overall, the scoring 
metric performs well in accurately 
categorizing Dubas bug infestations, with 

some room for improvement in distinguishing 
between infested and non-infested areas.  

Fig. 7 illustrates the predicted distribution 
of Dubas bug infestations in the urban area of 
Bam, as derived from multispectral satellite 
imagery. On Monday, May 8, 2023, the areas 
with high infestation are highlighted in red. 
Through the utilization of multispectral 
satellite data and machine learning-based 
classification, a method for detecting Dubas 
bug infestation in date palms using remote 
sensing was successfully developed and 
evaluated with high validity and accuracy. 

 

 
Fig. 7. Prediction of the pixels infected with the palm weevil pest in Bam city 
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Conclusion 

This research signifies a substantial 
advancement in the management of palm 
dubas within the Bam urban region through 
the integration of Sentinel-2 multispectral data 
with conventional pest management 
techniques. This combination of technological 
innovation and established practices has the 
capacity to improve the safeguarding of date 
palms against this harmful pest. The suggested 
remote sensing methodology presents a cost-
efficient and accessible approach, functioning 
as a practical resource for farmers and 
agricultural managers. A key benefit of this 
strategy lies in its capacity for the early 
identification of Dubas bug infestations, in 
addition to the continuous observation of pest 
populations and their distribution throughout 
date palm groves. Early identification and 
continuous monitoring are essential as they 
empower stakeholders to enact timely 
responses to potential outbreaks. By averting 
extensive infestations, this proposed method 
could significantly diminish fruit damage, 
leading to increased yields and enhanced date 
quality. As a result, the livelihoods of farmers 
and communities reliant on date palm 
agriculture could be bolstered. Subsequent 
research initiatives should emphasize 

leveraging the capabilities of convolutional 
neural networks (CNNs) to enhance the 
precision of Dubas bug detection. Greater 
detection accuracy will facilitate more 
effective and focused interventions, ultimately 
optimizing pest management strategies. 
However, the expansion of this innovative 
approach to broader geographic regions or 
varying environmental conditions necessitates 
a meticulous and comprehensive evaluation of 
numerous factors. These factors encompass 
discrepancies in climate, topography, and the 
distinctive attributes of date palm cultivation 
across different areas. 
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 چکیده

شناسایی محل آلودگی برای کنترل موثر آفااا  کند. زنجرک خرما با تضعیف درختان خرما و کاهش تولید میوه، کشاورزی در خاورمیانه را تهدید می
خصوص در مناطق وساای . ایاان مهالعااه توانااایی تصاااویر بر باشد، بهتواند پرهزینه، دشوار و زمانبا این حال، بازرسی منظم میدانی می.  بسیار مهم است

های هجوم زنجرک خرما برای بهبود نظار  و فعال کردن کنترل فوری آفا ، در نتیجه کاااهش را برای شناسایی مکان  2-ای چندطیفی سنتینلماهواره
همزمان با اوج شیوع آفت انجام شد. شد  آلودگی از طریااق  1402آزمایش صحرایی برای ارزیابی آلودگی در اردیبهشت  .کندخسارا  مالی، ارزیابی می
سااازی دست آمد، باارای تصااحیم، آمادهاز یک منهقه خاص به 2-های منهقه شهری بم تعیین شد. تصاویر چندطیفی سنتینلشمارش آفا  در نخلستان

 KD مبتناای باار درخاات K-Nearest Neighbor کنندهبندیپردازش، مدل طبقههای خام و استخراج اطلاعا  پردازش شد. پس از مرحله پیشداده

شده، شامل مناطق غیرآلوده گیریهای میدانی اندازهدرصد از داده  70های آلوده انتخاب شد. برای آموزش،  برای توسعه مدلی با تمرکز بر شناسایی مکان
مانااده درصااد با ی 30ها و غیره اسااتفاده شااد. ها، جادههای زمین مانند ساختمانو مناطق با سه سهم آلودگی از سبک تا شدید و همچنین سایر ویژگی

هااای بینیدرصااد پیش ۸3های حقیقاات پایااه، در حاادود دیده در مقایسه با دادهآموزش بنددیده استفاده شد. مدل طبقهها برای ارزیابی مدل آموزشداده
و یادگیری ماشینی را برای شناسایی هجوم حشرا  بااه   2-دست آورد. این د ت، توانایی تصاویر چندطیفی سنتینلدرست را با مجموعه داده آزمایشی به

 .تواند مدیریت هدفمند و پایدار آفا  را تسهیل کندکند و میها برجسته میزنجرک خرما در نخلستان

 
 بندی، میوه خرما سنجش از دور، مدل طبقه ،های میدانیبازرسی های کلیدی: واژه
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Abstract 

Bean planting systems are essential to global agriculture, serving as a vital food source for many populations. 
Optimizing these planting methods is crucial for enhancing efficiency and reducing environmental impacts. This 
study evaluates the energy inputs and outputs associated with two pinto bean cultivation techniques: flat and strip 
systems. Conducted in Fars province, southern Iran, the research involved 90 farms, 60 employing flat systems 
and 30 utilizing strip systems. Energy consumption was assessed in MJ ha-1 for various inputs, including labor, 
machinery, diesel, chemical fertilizers, biocides, electricity, and seeds. The flat system exhibited energy 
consumption of 20,067.12 MJ ha-1, while the strip system utilized 18,171.76 MJ ha-1. In terms of yield, the flat 
system produced 3000 kg ha-1, in comparison to 3500 kg ha-1 from the strip system. Energy efficiency metrics 
indicated that the strip system outperformed the flat system with a higher energy use efficiency ratio (3.85 against 
2.99) and better energy productivity (0.19 kg MJ-1 vs. 0.15 kg MJ-1). Additionally, the strip system demonstrated 
lower specific energy consumption at 5.19 MJ kg-1, compared to 6.69 MJ kg-1 for the flat system. The net energy 
gain was also greater for the strip system, recording 51,828.24 MJ ha-1 versus 39,932.88 MJ ha-1 for the flat system. 
Overall, the results highlight the favorable energy requirements and efficiency of the strip planting method over 
the traditional flat system, underscoring its potential for optimized resource allocation in pinto bean cultivation. 
The MOGA results indicated that strip systems achieve substantial energy savings of 3749.11 MJ ha-1 (25.99%), 
compared to flat systems, which save 3707.62 MJ ha-1 (22.66%). This further highlights the efficiency benefits of 
strip planting. 

 
Keywords: Bean planting systems, Energy consumption, Energy use efficiency, Multi-objective genetic 

algorithm 
 

Introduction1 

Energy efficiency is increasingly 
acknowledged as a vital element of sustainable 
agricultural practices, particularly within crop 
production systems (Noorani et al., 2023). This 
concept focuses on reducing energy 
consumption while either maintaining or 
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enhancing productivity (Jamali et al., 2021). 
Strategies to achieve this include the adoption 
of energy-efficient technologies, optimization 
of resource utilization, and improvement of 
operational methods (Amoozad-Khalili et al., 
2021). Energy efficiency’s importance 
transcends mere cost savings; it is essential in 
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mitigating greenhouse gas emissions and 
tackling challenges posed by climate change in 
agriculture. Given that agriculture significantly 
contributes to energy consumption and 
environmental degradation, optimizing energy 
use within these systems is crucial for 
promoting sustainability and minimizing the 
ecological footprint of the sector (Kaab et al., 
2023).  

Pinto beans, scientifically known as 
Phaseolus vulgaris, are a widely cultivated 
variety of bean found in many regions around 
the globe (Fonseca Hernández et al., 2023). 
Cultivating pinto beans involves several 
essential steps. First, soil preparation is critical, 
as these beans flourish in well-drained soil with 
a pH level ranging from 6.0 to 7.0. The soil 
should be rich in organic matter and nutrients, 
so it is important to till the soil and remove any 
weeds or debris prior to planting (Abad-
González et al., 2024). Next, planting typically 
occurs in the spring, following the last frost. 
Seeds can either be sown directly into the soil 
or started indoors and transplanted later. When 
planting, the seeds should be placed about 1-2 
inches deep and spaced 2-4 inches apart in rows 
that are 18-24 inches apart (Bordonal et al., 
2018). Watering is another crucial aspect, as 
pinto beans require consistent moisture, 
particularly during dry spells. Care must be 
taken to avoid overwatering, which can cause 
root rot. It is best to water at the base of the 
plants to keep the foliage dry, as wet leaves can 
encourage disease. Fertilizing also plays a role 
in the successful growth of pinto beans. These 
plants are nitrogen-fixing, meaning they can 
utilize nitrogen from the air, but they may still 
benefit from an application of balanced 
fertilizer during the growing season (Heusala et 
al., 2020). Weeding the area around pinto bean 
plants is important to prevent competition for 
nutrients and water. Regularly removing weeds 
by hand or using a hoe can help maintain a 
healthy growing environment without harming 
the plants. Harvesting usually occurs 90-120 
days after planting, depending on the specific 
variety and environmental conditions (Mawof 
et al., 2022). The beans are ready for harvest 
when the pods are plump and filled out, though 

not yet dried. To harvest, pull up the entire plant 
and remove the pods. Finally, once harvested, 
pinto beans must be dried thoroughly before 
storage. It’s recommended to spread the beans 
in a single layer in a warm, dry area for 1-2 
weeks until they are completely dry. For 
optimal preservation, store the dried beans in a 
cool, dark place in airtight containers (Altieri et 
al., 2012). 

Pinto beans, a staple food source for 
numerous communities globally, exemplify the 
challenges associated with conventional 
agricultural practices (Fonseca Hernández et 
al., 2023). Traditional planting and harvesting 
methods for pinto beans typically incur high 
energy consumption and considerable 
environmental consequences. To combat these 
issues, researchers are increasingly employing 
advanced optimization techniques, such as 
multi-objective genetic algorithms (MOGA), to 
enhance the efficiency and sustainability of 
pinto bean production systems (Aghili Nategh 
et al., 2021; Kaab et al., 2019; Pourreza 
Movahed et al., 2020). MOGA facilitates the 
simultaneous assessment of multiple 
objectives, including maximizing energy 
efficiency, minimizing greenhouse gas 
emissions, and optimizing economic returns, 
ultimately guiding the discovery of the most 
effective agricultural practices (Fathollahi-Fard 
et al., 2023). In recent years, multi-objective 
optimization techniques have emerged as 
valuable tools for navigating the complex trade-
offs inherent in agricultural systems. Genetic 
algorithms (GAs), modeled on the principles of 
natural selection, have proven effective for 
addressing optimization problems by exploring 
multiple solutions concurrently (Rahman & 
Szabó, 2021). By utilizing a MOGA framework 
to assess energy use in pinto bean planting 
systems, researchers can evaluate various 
factors, including yield enhancement, cost-
effectiveness, and environmental impact 
reduction. This study delves into the use of 
MOGA in optimizing pinto bean planting 
systems, emphasizing the delicate balance 
between competing objectives intrinsic to 
agricultural production (Nategh et al., 2021). 
By generating and iteratively refining a diverse 
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array of potential solutions inspired by natural 
selection, MOGA aims to pinpoint optimal 
strategies that enhance energy use while 
diminishing environmental impact. This 
methodology not only underscores the trade-
offs among various objectives but also provides 
a framework for developing sustainable 
farming practices that can adapt to the evolving 
challenges of climate change and resource 
scarcity (Pourreza Movahed et al., 2020). One 
paper addresses low agricultural production 
efficiency by studying multi-objective 
optimization of sustainable agricultural 
structures using genetic algorithms. It reviews 
agricultural development, the status of 
optimization algorithms, and establishes a 
model for optimal industrial allocation. The 
improved genetic algorithm enhances both the 
economic value and sustainability of the 
agricultural structure (Zhou & Fan, 2018). The 
quest for energy optimization in pinto bean 
planting systems through a multi-objective 
genetic algorithm presents a promising pathway 
toward bolstering agricultural sustainability. By 
integrating advanced optimization techniques 
into farming practices, this research aspires to 
offer insightful contributions to sustainable 
agriculture and practical recommendations for 
improving energy efficiency in bean production 
systems. Growing concerns regarding 
sustainable agricultural practices have 
underscored the need to optimize energy use 
across various cropping systems (Rahman & 
Szabó, 2021). As a vital legume in numerous 
diets and a key crop in diverse agricultural 
settings, pinto beans serve as a crucial case 
study for investigating energy efficiency in 
planting systems. Traditional farming practices 
often result in significant energy consumption, 
driven by machinery usage, fertilizer 
applications, and irrigation techniques, which 
can exacerbate environmental challenges and 
diminish overall sustainability (Boix-Cots et 
al., 2022). Energy consumption and its 
environmental impacts have become significant 
concerns in recent centuries. Agriculture, as 
both an energy user and bioenergy supplier, is 
crucial for global economics and food security. 
Research in developing countries shows 

inefficiencies in energy flow in crop 
production. To address this, MOGAs were used 
to optimize agricultural inputs, minimizing 
greenhouse gas (GHG) emissions while 
maximizing energy output and benefit-cost 
ratios. Results indicated a potential 28% 
reduction in energy use and a 33% decrease in 
GHG emissions in watermelon production, 
with a significant increase in the benefit-cost 
ratio (Shamshirband et al., 2015).  

Optimizing energy use in pinto bean 
planting systems is a key advancement in 
sustainable agriculture, balancing productivity 
and environmental impact. A MOGA addresses 
trade-offs between yield, energy consumption, 
and costs by simulating natural selection. 
Solutions are refined through selection, 
crossover, and mutation, identifying strategies 
that harmonize energy efficiency with 
economic viability. This adaptable approach 
integrates with precision farming and eco-
friendly practices, enhancing sustainability and 
resource management. Ultimately, applying 
this algorithm can transform farming, 
promoting economic and environmental 
sustainability, contributing to food security, and 
addressing challenges like climate change.  

This study seeks to harness MOGA to 
develop optimized planting strategies that 
lower energy consumption while maximizing 
agricultural outputs. By pinpointing best 
practices customized for the specific conditions 
of pinto bean cultivation, this research not only 
aims to enhance productivity but also supports 
the broader movement toward sustainable 
agriculture. The findings from this work are 
expected to extend beyond pinto beans, offering 
valuable insights applicable to other crops and 
farming systems facing similar sustainability 
challenges. 

 

Materials and Methods 

Background information about the studied region 

The research was conducted in Fars 
province, located in southern Iran, spanning 

latitudes from 27° 2′ to 31° 42′ and 

longitudes from 50° 42′ to 55°36′, with 

an area of 133,299 km2 characterized by an arid 
and semi-arid climate (Ministry of Jihad-e-
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Agriculture of Iran, 2024). The location of the case study is illustrated in Figure 1. 
 

 
Fig. 1. The area of study in Fars province, Iran 

 

The study involved 90 farms, comprising 60 
that utilized flat cultivating systems and 30 that 
employed strip cultivating systems. A random 
survey was conducted with pinto bean 
producers to collect data on various agricultural 
input parameters, including seed quantities, 
fertilizer use, biocide application, energy 
sources, equipment and machinery, cultivated 
land areas, and Pinto bean yields. The sample 
size was determined using the method outlined 
in Eq. (1) (Cochran, 1977), and data collection 
was performed through in-person interviews. 

𝒏 =

𝑧2𝑝𝑞

𝑑2

1 +
1

𝑁
(
𝑧2𝑝𝑞

𝑑2
− 1)

 (1) 

The sample size (n) needed is calculated 
using the number of farms in the target 
population (N), a reliability coefficient (z) of 
1.96 for a 95% confidence level, an estimated 
population attribute proportion (p) of 0.5, the 
complement of the estimated proportion (q) 
also at 0.5, and an allowable error deviation 
from the average population (d) of 0.05. 

 

Energy use analysis 
Energy analysis involves evaluating and 

assessing the energy consumption and 
efficiency of systems, buildings, or processes 

(Ghasemi-Mobtaker, Kaab, & Rafiee, 2020). 
This process includes gathering data on energy 
usage, pinpointing areas of waste, and 
formulating strategies to reduce consumption 
and enhance efficiency. Energy analysis can be 
applied across various sectors, such as 
residential, commercial, industrial, and 
transportation (Kaab et al., 2019). It enables 
organizations and individuals to comprehend 
their energy usage patterns, identify potential 
savings, and make informed choices regarding 
energy conservation. Common methodologies 
in energy analysis include energy audits and 
energy modeling (Ghasemi-Mobtaker, Kaab, 
Rafiee, & Nabavi-Pelesaraei, 2022). These 
tools facilitate the quantification of energy 
consumption and identification of energy-
saving opportunities. Ultimately, energy 
analysis is vital for promoting energy 
efficiency, decreasing greenhouse gas 
emissions, and meeting sustainability targets. It 
supports informed decision-making, propels 
energy conservation initiatives, and contributes 
to a more sustainable and resilient energy 
future. The energy equivalent of each input is 
outlined in Table 1. 
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Table 1- Conversion factors of energy inputs and outputs in the production of pinto bean 

Item Unit Energy equivalent 
(MJ unit-1) 

Reference 
A. Input    

1. Human labor h 1.96 (Mohammadi & Omid, 2010) 

2. Machinery kg yr-1a 62.70 (Kaab, Khanali, Shadamanfar, & Jalalvand, 2024) 

3. Diesel fuel L 56.31 (Ghasemi-Mobtaker, Akram, & Keyhani, 2012) 

4. Chemical 

fertilizers kg   

(a) Nitrogen  78.10 (Hosseinzadeh-Bandbafha, Safarzadeh, Ahmadi, Nabavi-

Pelesaraei, & Hosseinzadeh-Bandbafha, 2017) 
(b) Phosphate   17.40 (Zangina, Suleiman, & Ahmed, 2023) 
(c) Potassium  13.70 (Ramedani et al., 2019) 

5. Biocides kg 250.00 (Khosruzzaman, Asgar, Karim, & Akbar, 2010) 

7. Electricity kWh 12.00 (Mandal et al., 2015) 

8. Seed kg 20.00 (Boydston et al., 2018) 

B. Output    

1. Pinto bean kg 20.00 (Boydston et al., 2018) 
a the economic life of machine (year) 

 
Energy indicators refer to the metrics used to 

evaluate and monitor energy consumption, 
efficiency, and performance. These indicators 
offer meaningful insights into energy usage 
trends, highlight opportunities for 
improvement, and guide decisions aimed at 
optimizing energy use and minimizing costs 
(Hassan Ghasemi-Mobtaker et al., 2024). 
Common energy indicators encompass energy 
intensity, energy efficiency ratios, energy 
consumption per production unit, and energy 
cost per output unit. Some of these indicators 
are outlined in equations (2) to (5). Businesses, 
industries, and governments can leverage these 
indicators to oversee and enhance their energy 
usage and sustainability initiatives. 

Energy use efficiency =
Output energy (MJ )

Input energy (MJ )
 (2) 

Energy productivity =
Production (kg)

Input energy (MJ)
 (3) 

Specific energy =
Input energy (MJ)

Production (kg)
 (4) 

Net energy 

=  Output energy (MJ) - Input energy (MJ) 
(5) 

 
MOGA analysis  

MOGA comprises multi criteria decision-
making units (DMUs) that are associated 
with mathematical optimization 
problems when more than one objective 

function is to be quickly optimized. Multi-
objective optimization (MOO) has been used in 
many fields, including preparation, economics, 
and engineering, where optimal decisions are 
entailed to be derived in the presence 
of compensation among multiple inconsistent 
objectives. Typical examples of MOO 
problems include maximizing tranquility while 
minimizing costs in purchasing a car, and 
minimizing emission of pollutants and fuel use 
while simultaneously maximizing vehicle 
performance, etc. There can be three or even 
more objectives in actual problems (Abidi et 
al., 2018). 

For a typical MOO problem, there cannot 
exist a solitary resolution that is able to 
optimize every objective. Instead, there exist 
unlimited numbers of Pareto optimal solutions, 
which are all considered good solutions. As 
such, the objectives are to determine a set of 
Pareto optimal solutions, or quantify trade-offs 
in fulfilling various aims, or assign a solitary 
resolution that can fulfil largely intrinsic 
priorities of a decision maker (DM) (Hu et al., 
2017). 

An MOO problem is an optimization 
problem involving multi-objective functions. A 
typical MOO problem is expressed 
mathematically as Eq. (6): 

))(),...,(),(min( 21 xfxfxf k   (6) 
s.t.x  X 
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where the set X signifies the possible set of 

determination directions and the integer k≥
2 denotes the number of aims. The possible set 
usually comprises some constraint functions. 
Furthermore, the objective function vector is 
expressed as Eq. (7): 

T

k

k xfxfxfXf ))(),...,(()(,: 1=→
 

(7
) 

where x signifies a possible solution and f(x) ϵ  
ℜ denotes the compatibility of the possible 
solution. Pareto optimal solutions provide a 
way to solve this limitation. In real-world cases, 
the dissolutions that are not overmatched by 
other dissolutions across the entire search area 
constitute the collection of Pareto optimal 
solutions. The underlying significance is that 
these dissolutions cannot be altered for each 
purpose without inevitably compromising at 
least one of the other objectives (Konak et al., 
2006). 

This study presents a technique used in 
MOGA to address these contradictory 
objectives simultaneously when solving MOO 
problems. GA usually functions by a set of 
chromosomes, which is named the population. 
The population is usually initialized randomly. 
As the calculation progresses, the population 
includes fitter and fitter solutions, and 
eventually it converges towards a solitary 
dissolution. GA employs two factors to produce 
new dissolutions from existing ones, crossover 
and mutation. During crossover operation, the 
chromosomes are re-composed to generate new 
chromosomes, resulting in viable offspring. In 
selecting chromosomes from the population, 
parents prioritize those that exhibit a higher 
compatibility function. Using a repetitious 
crossover operator, a good chromosome gene is 
expected to be more visible in the population 
and eventually converge to a single solution. 
The mutation operator furnishes a random 
transformation to the characteristics of the 
chromosome. In a generic GA, the mutation 
ratio is usually low. Whilst the crossover 
operation attempts to guide towards a 
convergent population with similar 
chromosomes in the population, the mutation 
operation again enters the genetic diversity of 
the population and helps to escape from local 

optimum. The proliferation comprises selection 
of chromosomes for the subsequent generation. 
Different fitness functions in GA include 
proportionate choices, grading, and 
competition, etc. (Deb et al., 2003). GA is 
considered one of the best customary artificial 
intelligence (AI) methods owing to its 
robustness (Taghdisian et al., 2015). Older 
systems of AI usually reverse, even if the 
outputs are only altered to a slight extent 
(Habibi-Yangjeh et al., 2009). Moreover, when 
it comes to operating an exceptional conditional 
space, multimodal conditional space GA offers 
considerable advantages compared to other 
popular optimization techniques (Arthur et al., 
2016). 

Given its population-based methodology, 
GA is well suited to solve MOO problems. A 
single-objective GA can be configured to 
deliver a set of multiple solutions in a single 
step. The capability of GA to probe different 
regions of a dissolution space presents it 
feasible to determine various sets of 
dissolutions for hard difficulties by multimodal, 
interchangeable, and non-convex dissolutions 
spaces. The crossover manager of GA is able to 
extract accurate solutions to various objectives, 
identifying new solutions in unexplored sectors 
of the Pareto front. As such, GA has been one 
of the most popular heuristic method to solve 
MOO problems (Mousavi-Avval et al., 2017). 

In this study, MOGA is employed for MOO 
in pinto bean production with two objectives 
comprising: (1) Minimizing energy 
consumption, (2) Maximizing the performance 
of pinto bean farms. The aim function is 
demonstrated as follows: 

i

j

i

ii eXCF +=
=1

minmax/

 
(8) 

where Ci denotes model coefficient, Xi denotes 
variable inputs, and Fmax/min signifies the 
objective function to be minimized or 
maximized. When tackling an optimization 
problem, the MATLAB workbox solely 
permits the minimization of the target goal 
function. Therefore, for a maximized objective 
function, it must be multiplied by (-1). 

 
Results and Discussion 
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Energy use analysis  

Table 2 illustrates the energy inputs and 
outputs associated with two different planting 
systems used in pinto bean production: Flat and 
Strip. It outlines various energy inputs for each 
system, including human labor, machinery, 
diesel fuel, chemical fertilizers (nitrogen, 
phosphate, and potassium), biocides, 
electricity, and seeds. The energy consumption 
for these inputs is expressed in MJ ha-1 for both 
systems. For the flat planting system, the total 
energy usage amounts to 20,067.12 MJ ha-1, 
whereas the strip system records a total of 
18,171.76 MJ ha-1. Additionally, the table 
presents the production yields in kilograms for 
each system: the Flat system yields 3000 kg 
(equivalent to 60,000 kg ha-1), while the strip 
system yields 3500 kg (or 70,000 kg ha-1). This 
information sheds light on the energy efficiency 
and productivity of the two planting 
approaches, enabling stakeholders to make 
informed decisions regarding resource 
allocation and productivity in pinto bean 
farming. Figure 2 illustrates the distribution of 
energy sources used in different planting 
systems for pinto bean production. This 
depiction likely highlights the various energy 

inputs involved in cultivating pinto beans 
across multiple agricultural methods. These 
inputs may encompass human labor, 
machinery, fertilizers, pesticides, water, 
electricity, and other necessary resources for 
bean cultivation. By examining this 
distribution, researchers and farmers can 
evaluate the energy efficiency and 
sustainability of the various planting systems 
employed in pinto bean production. Efficient 
energy use in crop production can reduce 
greenhouse gas emissions (GHG) and promote 
sustainable agriculture. The study utilizes a 
MOGA to optimize energy inputs and reduce 
GHG emissions in wetland rice production in 
Malaysia. The findings indicated that farmers 
are using 37.8% more energy than needed for 
transplanting and 40% more for broadcast 
seeding. By implementing MOGA, GHG 
emissions could be decreased by 95.89 kg 
CO2eq ha-1 for transplanting and by 236.13 kg 
CO2eq ha-1 for broadcast seeding. Notably, 
even with reduced energy inputs, crop yields 
remained robust at 9.4 tonnes ha-1 and 9.2 
tonnes ha-1, respectively (Elsoragaby et al., 
2020). 

 
Table 2- Energy inputs and outputs of different planting systems production of pinto bean 

 Planting system 

Item 

Flat land Strip 

Unit per 

ha 

Energy use  

(MJ ha-1) 

Unit per 

ha 

Energy use  

(MJ ha-1) 

1. Human labor (h) 350.00 686.00 300.00 588.00 

2. Machinery (kg) 26.00 1630.20 35.00 2194.50 

3. Diesel fuel (L) 32.00 1801.92 46.00 2590.26 

4. Chemical fertilizers (kg)     

(a) Nitrogen 150.00 11715.00 150.00 9372.00 

(b) Phosphate (P2O5) 50.00 870.00 40.00 696.00 

(c) Potassium 20.00 274.00 20.00 274.00 

5. Biocides (kg) 3.00 750.00 2.50 625.00 

6. Electricity (kwh) 45.00 540.00 36.00 432.00 

8. Seed (kg) 90.00 1800.00 70.00 1400.00 

Total energy use (MJ) - 20067.12  18171.76 

B. Output (kg)     

1. Flat 3000.00 60000.00 - - 

1. Strip - - 3500.00 70000.00 
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Fig. 2. Distribution of energy sources for the production of pinto beans in flat and strip planting systems 

 
The information presented in Table 3 offers 

a comparative analysis of energy-related 
metrics for pinto bean production under two 
different planting systems: flat and strip. 
Firstly, the strip system exhibits a significantly 
higher energy use efficiency of 3.85, in contrast 
to the flat system’s 2.99. This ratio reflects how 
effectively energy inputs are utilized during 
production. Secondly, when examining energy 
productivity, the strip system again 
outperforms the flat system with values of 0.19 
kg MJ-1 versus 0.15 kg MJ-1. This indicates 

greater output relative to energy consumption in 
the strip system. In terms of specific energy, the 
strip system shows an advantage with a lower 
value of 5.19 MJ kg-1 compared to 6.69 MJ kg-

1 for the flat system, revealing that it requires 
less energy for production. Furthermore, the net 
energy gain is significantly higher in the strip 
system, reaching 51,828.24 MJ ha–1, compared 
to 39,932.88 MJ ha–1 in the flat system. This 
metric illustrates the overall energy balance and 
productivity per unit area. In summary, the data 
indicates that the strip planting system 
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demonstrates superior performance regarding 
energy efficiency, productivity, and net energy 
gain when compared to the flat planting system 
for pinto bean production. One study compared 
energy consumption in sugarcane production at 
Salman Farsi Sugarcane Agro-Industrial 
Company, Iran, highlighting that plant cane 

requires more energy than ratoon cycles but is 
less efficient. Recommendations included 
optimizing machinery use and irrigation. The 
research also assessed health impacts, species 
loss, and cost differences, advocating for 
improved sustainability practices (Behnia et al., 
2025). 

 
Table 3- Different energy indices for the different planting systems of pinto bean 

production 

Energy indices (unit) 
Planting system 

Flat Strip 

Energy use efficiency (ratio) 2.99 3.85 

Energy productivity (kg MJ−1) 0.15 0.19 

Specific energy (MJ kg-1) 6.69 5.19 

Net energy gain (MJ ha–1) 39932.88 51828.24 

 
Optimization results 

MOGA is a sophisticated method for 
addressing multi-criteria decision-making units 
(DMUs) within mathematical optimization 
frameworks, particularly when involving the 
simultaneous optimization of multiple 
objective functions. In many real-world 
scenarios, such as in engineering and 
economics, MOO is crucial for making optimal 
decisions when faced with conflicting 
objectives. For instance, in purchasing a 
vehicle, one may aim to maximize comfort 
while minimizing costs. Typical MOO 
problems often yield a multitude of Pareto 
optimal solutions, which represent trade-offs 
between the different objectives, rather than a 
sole optimal solution. A fundamental 
characteristic of MOO problems is that no 
single solution can achieve perfection for every 
objective. Instead, one seeks to identify a set of 
Pareto optimal solutions or to quantify trade-
offs that fulfill various objectives. 
Mathematically, an MOO problem is 
represented as an optimization problem 
involving multiple objective functions, 
typically expressed through specific equations 
where the solution set is subject to various 
constraints. 

In this context, MOGA is employed to 
handle conflicting objectives effectively. The 
algorithm operates on a population of potential 
solutions, represented as chromosomes. This 
population is initially generated randomly, and 

through successive iterations, the algorithm 
refines the solutions, guiding them towards 
more optimal states. Essential to this process 
are two genetic operators: crossover and 
mutation. Crossover allows for the 
recombination of existing chromosomes to 
produce offspring solutions, while mutation 
introduces random alterations, promoting 
diversity and assisting in escaping local optima. 
GA’s selection mechanisms, including 
proportionate selection and tournament 
selection, drive the reproductive process, 
allowing fitter chromosomes to propagate 
through generations. This adaptability makes 
GA a robust method for solving complex 
optimization problems, especially in multi-
modal landscapes typical of MOO. This study 
utilizes MOGA to optimize pinto bean 
production with the dual objectives of 
minimizing energy input and maximizing farm 
performance. The objective functions 
incorporated in the analysis consider various 
inputs and their associated energy 
requirements. The results in Table 4 indicate 
that the strip planting method outperforms the 
flat planting method in terms of energy 
efficiency across several input categories. For 
instance, in human labor energy requirements, 
strip systems require 470.23 MJ ha-1, leading to 
a 25.05% energy saving compared to 547.15 
MJ ha-1 for flat systems. Similarly, for 
machinery, strip systems demand more overall 
energy but achieve significant savings in other 

RETRACTED



392     Journal of Agricultural Machinery Vol. 16, No. 3, Fall, 2026 

 

input categories, such as nitrogen and 
phosphate, where they show lower energy 
requirements and higher percentage savings. 
The total energy inputs and savings reinforce 
the finding that strip planting consistently offers 
lower energy demands and better energy-saving 
benefits than flat systems, highlighting its 
efficacy in pinto bean production. 

One study utilized a MOGA to optimize 
mixing energy, economic, and environmental 
indices in canola production. Data were 
gathered from oilseed farms in Mazandaran, 
Iran. A life cycle assessment evaluated 
environmental emissions, while econometric 
modeling identified relationships among 
energy inputs and three outputs: emissions, 
energy output, and productivity. The MOGA 
model aimed to maximize output energy and 
benefit-cost ratio, while minimizing emissions. 
Results showed a 32.1% reduction in 
emissions, with increases of 24.1% in output 
energy and 14.2% in benefit-cost ratio. 
Reductions in chemical use further benefited 
environmental, energy, and economic aspects 
(Mousavi-Avval et al., 2017). Energy 
consumption and environmental damage from 
agriculture have increased in recent centuries. 

A study used life cycle assessment to evaluate 
the impacts of chickpea production, employing 
data envelopment analysis and MOGA 
techniques. Data from 110 enterprises during 
the 2014-2015 season revealed that MOGA 
significantly reduced energy requirements to 
27,570.61 MJ ha−1, a 17% decrease compared 
to DEA’s 31,511.72 MJ ha−1. MOGA also 
lowered environmental impacts, reducing 
acidification potential by 29% and global 
warming potential by 10%. Overall, MOGA 
outperformed DEA in optimizing energy use 
and minimizing environmental impacts 
(Elhami et al., 2016).  

Another study investigated biodiesel 
production from waste cooking palm oil 
containing 6% free fatty acids. The process 
involves both esterification and trans-
esterification, which were simulated and 
optimized using Aspen Plus and Excel-based 
multi-objective optimization techniques. The 
findings indicate that this method is more 
efficient, reducing organic waste by 32% and 
decreasing heat duty requirements by 39%. 
Additionally, it is 1.6% more profitable (Patle 
et al., 2014). 

 
Table 4- Optimum energy requirement and saving energy of different planting systems of pinto bean production 

Input 
Optimum energy requirement  

(MJ ha-1) 
Saving energy (MJ ha-1) Saving energy (%) 

Flat Strip Flat Strip Flat Strip 

1. Human labor  547.15 470.23 138.85 117.77 25.38 25.05 

2. Machinery  1356.14 1872.65 274.06 321.85 20.21 17.19 

3. Diesel fuel  1426.42 2145.35 375.5 444.91 26.32 20.74 

4.Nitrogen 9546.23 7125.49 2168.77 2246.51 22.72 31.53 

5.Phosphate  640.00 487.00 230.00 209.00 35.94 42.92 

6.Potassium 210.56 210.56 63.44 63.44 30.13 30.13 

7. Biocides  650.00 510.25 100.00 114.75 15.38 22.49 

8. Electricity  410.00 326.54 130.00 105.46 31.71 32.30 

9. Seed 1546.00 1274.58 254.00 125.42 16.43 9.84 

Total energy input  16359.50 14422.65 3707.62 3749.11 22.66 25.99 

 

Conclusion 

The evaluation of pinto bean cultivation 
methods in Fars province, southern Iran, 
underscores the significant advantages of 
adopting the strip planting system over the 
traditional flat system. The comprehensive 
analysis of energy inputs and outputs 

demonstrates that the strip system not only 
consumes less energy—18,171.76 MJ ha-1 
compared to the 20,067.12 MJ ha-1 required by 
the flat system—but also produces higher 
yields, with 3,500 kg ha-1 against the 3,000 kg 
ha-1 from the flat method. This translates into a 
more favorable energy efficiency ratio (3.85 
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versus 2.99) and enhanced energy productivity 
(0.19 kg MJ-1 compared to 0.15 kg MJ-1), 
reflecting the efficacy of the strip system in 
optimizing resource allocation and reducing 
environmental impacts. Moreover, the net 
energy gain of the strip system, at 51,828.24 MJ 
ha-1, surpasses that of the flat system, which 
records 39,932.88 MJ ha-1. This substantial 
difference in energy performance illustrates the 
pressing need for transformation in agricultural 
practices, advocating for a shift that aligns with 
global sustainability goals in food production. 
The findings from this study not only highlight 
the economic viability of the strip planting 
method but also suggest profound implications 
for future agricultural practices as the sector 
faces mounting pressures to enhance efficiency 
and reduce carbon footprints. To realize the 
benefits of strip planting, it is essential to 
promote educational initiatives aimed at 
training farmers and agricultural workers in its 
principles. Enhanced understanding of the 
technique’s advantages—including energy 
savings and improved yields—will empower 
farmers to adopt this innovative approach. 
Furthermore, supportive policy measures, such 
as grants and subsidies for sustainable 
agricultural practices, should be prioritized to 

encourage the transition towards more energy-
efficient methodologies. Overall, the current 
research advocates for a critical reassessment of 
traditional farming techniques. By encouraging 
the adoption of modern, efficient alternatives 
like the strip planting system, stakeholders can 
pave the way for a more sustainable future in 
pinto bean cultivation—one that promotes both 
environmental stewardship and economic 
prosperity. The urgency of such a 
transformation is paramount as agriculture 
evolves to meet global challenges, ensuring 
food security while safeguarding our planet’s 
resources. 
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 چندهدفه  یکژنت یتمالگور یکرد: با رویتیچ یاکاشت لوب یهادر سامانه یمصرف انرژ  یسازینهبه

  2ی، احمد محمد 3ی، حامد افشار*2ی پرشکوه یمحمد غلام  ،1یسیرضا رئ

 18/10/1403دریافت:  تاریخ 
 12/1403/ 18تاریخ پذیرش: 

 چکیده

  یساا  ین کند.  هیها عمل ایتا  جمع یاری سا  ی را  یاتیح ییانبع غذا  یکعنبان اسات ر    یضاررر یجهاه  یکشاارر   ی را یاکاشات وب   یهاسااااه 
ارتبط  ا در   یاهرژ  هاییر خررج هایاطاوع  رررد یناهم اساات. ا  یار ساا  یطیاحیسااتر کاهش اثرات    ییکارا  یشافزا یکاشاات  را یهاررش  ینا

 60ازرع      90اهجام شاد  شااال   یرانک  در اساتان فار،  جنب  ا یقتحق  ین. ایتخت ر هبار  هاییساتم: سا کندیا  یا یرا ار  یتیچ یاکشات وب   یکتکن
اختلف    یهاههاد   ی را  ر حسب اگاژرل در هکتار  یاصرف اهرژ یا یار   ین بد. ا  یهبار یستم ا اساتااد  ا  س  30تخت ر  یهایساتمازرع   ا اساتااد  ا  سا 

در  اگاژرل  12/20067اصارف  تخت  سااااه . دهدی   رق ر  ذر را پبشاش اشایمیاییسامبم   یمیایی شا   یکبدها  یل   گا رئهاااشاینکار     یرریا  جمل  ه
در هکتار   یلبگرمک 3000تخت   سااااه کند. ا  هظر عملکرد   یدر هکتار اساتااد  ا گاژرلا  76/18171ا    هباری یساتمک  سا یدهد  در حاویهکتار را هشاان ا

کند ر عملکرد  رتر یا  یرا  ررساا   یاهرژ یرر هر   یارهایاع یشااتراطاوع    ینکند. ایا یدتبو هباری  ساااااه  یدر هکتار  را یلبگرمک  3500 ا   یساا در اقا
 یلبگرمک15/0 ا   یس در اقا  ر اگاژرل کیلبگرم  19/0 یشتر  یاهرژ یرر( ر  هر 99/2در اقا ل    85/3 الاتر ) یاصرف اهرژ  ییهبار را  ا هسبت کارا  ساااه 

 کندیشااد  اصاارف ایدتبو  یاوب  کیلبگرمهر   یا ا   یکمتر  یاهرژ هباری  ساااااه دهد ک   یخاص هشااان ا یاهرژ  یارهایکند. اعی ر اگاژرل  رجساات  ا

اگاژرل در هکتار  الاتر اساات  در اقا ل    24/51828 ا   هباری  ساااااه  ی را  یساابد خاوا اهرژ  ین علار   ر ا  یلبگرماگاژرل  ر ک  69/6اقا ل  در   19/5
  هاییا اندیه یج هتا ی طبر کل    کنند یا  یدتأک  سااااااه هر در  ی را یاهرژ ین  ه  یا های ر ه  هایافت  تخت  سااااااه  یاگاژرل در هکتار  را  88/39932
 یاانا ع در کشات وب   ین  ه  یاتخصا  یآن  را  یلر  ر پتاهسا   دهدیهشاان ا یاساط  سانت  یساتمرا هسابت    سا  یررش کاشات هبار  ییاطلب  ر کارا یاهرژ
اگا ژرل در هکتار   62/3707اساط  ک     یهاسااااه  ا   یسا در اقا یهبار  یهاسااااه هشاان داد ک    اوگبریتم ژهتیک چندهدف  یجهتا  کند.یا  یدتاک یتیچ
 یایازا یشاتر   ینکنند. ایا یاهرژ  جبییصارف (  درصاد  99/25اگاژرل در هکتار )  11/3749  یتبجهقا ل  یزانکنند     ایا  ییجبدرصاد( صارف   66/22)

 .کندیرا  رجست  ا یکاشت هبار ییکارا

 
  یاصرف اهرژ ی اصرف اهرژ ییکارا یا کاشت وب  های  ساااه چندهدف  یکژهت یتماوگبر : یدیکل هایواژه
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Abstract 

This research aimed to enhance the design and functionality of an integrated enset processing machine by 
focusing on key components such as the shaft, cylinder drum, breastplate, and drum blade. Existing enset 
processing machines suffer from inefficiencies due to component wear, mechanical breakdowns, and suboptimal 
design, leading to operational challenges. To address these issues, targeted design modifications were planned 
for the machine’s components. The materials for these components were selected according to ASTM standards. 
The modified components were rigorously analyzed using the Finite Element Method in the Workbench module 
of ANSYS 2023 R1 software at Adama Science and Technology University, Adama, Ethiopia. The study 
reported maximum stresses of 120 MPa, 250 MPa, 400 MPa, and 260 MPa, and minimum stresses of 30 MPa, 
70 MPa, 120 MPa, and 80 MPa for the shaft, cylinder drum, blade, and breastplate, respectively. Maximum 
deformations were found to be 0.15 mm, 0.3 mm, 0.55 mm, and 0.35 mm for these components, with a 
maximum safety factor of 15 for all. These results indicate that the modifications provide safe working 
conditions. The design ensures that the drum, drum blade, and breastplate possess sufficient rigidity to withstand 
operational forces, with minimal deformation (2.39×10⁻⁶ mm for the drum blade), remaining within a safety 
factor limit of 1.25. Additionally, the machine demonstrated excellent energy dissipation and vibrational 
response, indicating structural robustness. 

 
Keywords: Breastplate, Cylinder drum, Deformation, Drum blade, Enset, Stress 
 

Introduction 1 

Processing Ensete ventricosum, commonly 
known as Enset, is essential to local economies 
and food production, serving 
as a major crop in Ethiopia and other parts of 
East Africa (Borrell et al., 2020). It has diverse 
uses in food processing, including its fibrous 
stalks and tubers, and plays a significant role 
in subsistence farming (Nabeshima, Moro, 
Campelo, Sant’Ana, & Clerici, 2020). The 
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need for efficient processing equipment has 
driven the development of integrated machines 
aimed at increasing output and reducing labor 
intensity (Duflou et al., 2012; Jima, Kolhe, & 
Jiru, 2025). Components of enset processing 
machines, such as the shaft, cylinder drum, 
breastplate, and drum blade, are designed with 
standard mechanical properties and supported 
by relevant research literature (David Müzel, 
Bonhin, Guimarães, & Guidi, 2020).  

Despite its significance, enset processing 
faces challenges due to the lack of advanced 
technology for efficient processing. 
Traditional manual methods are time-
consuming and often yield inconsistent results. 
Mechanical devices intended to assist 
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processing have not been widely adopted, 
mainly due to issues related to their efficiency, 
design, and integration into local agricultural 
practices. Attempts to mechanize corm grating 
have converted old manual methods into 
mechanical systems that reduce labor, time, 
and drudgery, helping communities address 
these challenges. However, integrated 
processing machines still suffer from 
inefficiencies, particularly in power 
consumption, component wear, and 
inconsistent quality of kocho and bulla 
products, which are limited by machine quality 
(Kudama, Tolera, & Gebeyehu, 2022). 
Literature reports that the shaft and power 
transmitters of decorticator and corm grater 
machines operate from a single power source 
(Workesa, Gebresenbet, Fanta, & Chaka, 
2021). To ensure quality in decorticated pulpy 
tissue and minimize fiber damage, parameters 
including the breastplate’s concave clearance, 
beater drum speed, and sheath feeding rate 
must be precisely adjusted, avoiding harm to 
fibers or residual pulpy sheath tissue (Deressa, 
Derese, & Dula, 2023). These challenges 
hinder the widespread adoption of such 
machines in rural communities where enset 
processing is a common practice. 

To predict the mechanical behavior of enset 
processing machine components and refine the 
designs before physical prototyping, Finite 
Element Analysis (FEA) is employed 
(Jemghili, Ait Taleb, & Mansouri, 2023; Jima 
et al., 2025). This study focuses on technical 
aspects of modifying and analyzing integrated 
enset processing machines. FEA is a 
computational technique used to predict the 
behavior of materials and structures under 
various conditions such as stress, deformation, 
and movement (David Müzel et al., 2020). It 
divides complex structures into smaller 
elements and evaluates their performance, 
providing insights into real-world behavior. 
Key concepts in this analysis include stress 
analysis, which examines the internal forces 
acting on components, and fatigue analysis, 
which assesses material degradation from 
repeated stress. Additionally, understanding 
the material properties of the components is 

crucial for improving strength, flexibility, and 
durability (Hollaway, 2010). As noted, precise 
adjustment of parameters like breastplate 
concave clearance, drum speed, and sheath 
feeding rate is critical to maintain product 
quality without damaging fibers (Deressa et 
al., 2023). 

Fabrication and assembly of enset machine 
components are facilitated by using materials 
without prior engineering property prediction, 
which can be improved by applying finite 
element analysis through computer-aided 
design (CAD) software (Digvijay & Kiran, 
2015). Numerous numerical methods exist to 
solve complex physical problems with 
acceptable accuracy (Hamming, 2012). 
Among these, the finite element method is the 
most widely used in engineering. Its 
fundamental principle involves determining 
unknown node values using variational 
principal, as described by Xing, Qin, and Guo 
(2017), with the governing equation expressed 
in matrix form:  
[𝐶] × [𝐿] = [𝑆]                                             (1) 
where vector [𝐶] represents the unknown 
value of the quantity area at nodes, [𝐿] is the 
known load vector, and [𝑆] is the known 
constant matrix in the stress analysis.  

The components of the integrated enset 
processing machine, such as shaft, beater 
drum, drum blade, breastplate, and power 
transmission elements are constructed from 
various engineering materials, designed to 
perform their functions without failure or 
damage to the fibers (Bekele, Lemu, & Jiru, 
2022). Specific agricultural machinery 
parameters, such as operational load, force, 
torque, weight, torsion, dimension, and the 
shape of functional components were 
determined and used as input data in ANSYS 
software to optimize efficiency through the 
application of engineering principles (Chen et 
al., 2023).  

Motion analysis and stress distribution were 
conducted using the finite element approach, 
confirming that all machine components 
operate without sustaining damage (Tezuka, 
2006). For validation, finite element 
simulation of the model was employed (Szabó, 



Adugna et al., Modification and Analysis of Integrated Enset …     401 

Actis, & Rusk, 2021). The model was 
validated by comparing theoretical and 
simulation results for shear stress and angle 
of twist, both of which fell within acceptable 
limits. Key design considerations include the 
weight of the decorticator and grater cylinder, 
power requirements, pulley and belt design, 
shaft diameter, threshing torque, torsional 
moment, bearing design, and critical speed. It 
is important to note that even the most refined 
model remains an approximation of the real 
physical system (Szabó et al., 2021).  

To ensure safe working conditions, the 
machine components will be manufactured 
with careful attention to design quality, 
feeding rate, operating speed, and the 
clearance between the beater and concave 
breastplate curve of the machines, all while 
maintaining cost effectiveness (Wang, Huang, 
& Yin, 2021). Additionally, any major issues 
that could compromise the machine’s high 
safety factor, which may result in costly 
failures, will be addressed (Colledani et al., 
2014). 

The objective of this study is to modify the 
design and functionality of an integrated enset 
processing machine by enhancing key 
components, including the shaft, cylinder 
drum, breastplate, and cylinder drum blade. 
These modifications aim to address common 
inefficiencies in existing machines, which are 
often affected by component wear, mechanical 
breakdowns, and poor design. These factors 
contribute to reduced operational efficiency. 
The proposed modifications focus on 
improving the machine’s overall performance, 
durability, and safety. 

This research specifically focuses on the 
redesign of the critical components of the 
integrated enset processing machine. The 
study entails the selection of materials 
according to ASTM standards for the 
components. It also involved simulating 
modified parts (Mahmood & Mohammed, 
2022) using the Finite Element Method (FEM) 
in ANSYS Workbench 2023 R1. Furthermore, 
it includes a thorough analysis of the resulting 
mechanical behavior under operational 
conditions. The scope encompasses the 

evaluation of stresses, deformations, and the 
safety factor for each component, ensuring the 
machine's ability to withstand operating forces 
while minimizing operational risks. 

The novelty of this study lies in the 
integration of advanced simulation techniques 
(FEM using ANSYS) to optimize the design of 
enset processing machine components. Unlike 
previous machines that suffer from frequent 
mechanical breakdowns and inefficiencies due 
to poor design and material choices, this 
research offers a solution by focusing on 
component-level modifications with a rigorous 
analytical approach. Another aspect of this 
study is the use of high safety factor values of 
15 for all components and concentrates on 
minimizing deformation and maximizing 

energy dissipation and vibrational response. 
Additionally, the choice of materials based on 
ASTM standards and the thorough 
computational analysis represent an innovative 
approach to improving the overall 
functionality and durability of enset processing 
machines. 

 
Materials and Methods 

Materials  

The design analysis focuses on the 
integration of mechanisms that enhance enset 
processing techniques, ensuring collaboration 
among the machine's components such as the 
shaft, beater drum, cylinder drum blade, and 
breastplate (Jima et al., 2025). This involves 
coordinating the operating parts essential for 
the machine's functionality. The analysis 
emphasizes the importance of making critical 
design decisions that ensure the machine's 
structural stability, as highlighted by (Digvijay 
& Kiran, 2015). Key components such as the 
shaft, beater drum, drum blade, and breastplate 
are designed according to analytical formulas 
and standards to achieve this stability to 
guarantee efficiency in agricultural settings 
and lower economic losses for users (Zewdie, 
2012). 

Following the design phase, a computer-
aided model using ANSYS 2023 R1 software 
was created. This model represents the 
computed and derived dimensions of the 
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critical components, including the frame, shaft, 
cylinder drum, cylinder drum blade, and 
breastplate assembly. The design process 
integrates analytical tools, basic scientific 
principles, mathematics, and engineering 
software predictions to create an accurate 
product model. These methodologies are 
grounded in established engineering practices, 
as outlined by Silveira Velloso, Luis 
Gonçalves Costa, Rodrigues Magalhães, Lúcio 
Santos, and Tavares de Andrade (2018). The 
study conducted a detailed analysis of the 
integrated enset processing machine 
components to ensure a precise and reliable 
assessment of the system’s performance. 

 
Structure of sheath and corm enset 

The enset is a perennial plant that grows 
between 4 and 11 meters tall and matures after 
3-5 years for harvesting. It has corms and leaf 
sheaths overlapping to form the pseudo stem 
or trunk, which is important for food security 
in Ethiopia (Olango, Tesfaye, Catellani, & Pè, 
2014). The corms are formed by extravagant 
tuber portions, including leaf sheaths, that are 
underneath and basal. When the enset plant 
reaches full maturity, its corms turn a vibrant 
orange color. To better understand the 
structure of the fibers in the corms, a study 
was conducted to examine the surface 
morphology of these fibers. A scanning 
electron microscope (SEM) (Philips XL-30 
SEM, from the Netherlands) was used to 
observe the fine details of the surface. The 
SEM analysis revealed that fibers of the fully 
ripe, orange-colored corms have a somewhat 
fibrous texture, which is crucial for 
understanding the material properties of enset. 
This type of analysis helps researchers gain 
insight into the characteristics of the fibers, 
which may be important for applications such 
as processing and utilizing enset for various 
purposes, as noted by Huertas, Schmelzer, 
Hoehenwarter, Heyroth, and Heinz (2016). 

In this case, the whole sheath was 
determined, where the overlapping leaf sheaths 
form the pseudo-stem containing broken, 
pulpy tissue and deformable fiber (Chen et al., 
2023). Also, to determine the weight of the 

samples of corm, an electronic balance with a 
sensitivity of 0.01 g was used (Bekele et al., 
2022). Three linear dimensions length (L), 
width (W), and thickness (T) were measured 
with a digital caliper (DC-515; Taiwan) with 
an accuracy of 0.01 mm to establish the 
average size of the cut corms (Ahangarnezhad, 
Najafi, & Jahanbakhshi, 2019). 

To avoid polymer charging in electron 
beams, which can cause astigmatism (issues 
with focus and blurred images), fiber 
specimens were sputter-coated with a thin 
layer of gold-palladium before SEM 
examination. Next, the specimens were placed 
using carbon tabs on the SEM tube, which had 
a diameter of 12 mm by 12 mm with an 
accelerating voltage of 10.0 kV, fiber surfaces 
were scanned, and electron micrographs were 
captured. According to Bekele et al. (2022), in 
the exploration of the mechanical properties of 
enset fiber, the tensile strength of enset fiber is 
513 ± 57.7 MPa and the tensile modulus is 
26.7 ± 3 GPa with 1.92% elongation. These 
values highlight the fiber's strength, stiffness, 
and its ability to stretch under stress. 
Additionally, Yemataw et al. (2017) analyzed 
the morphological properties of enset by 
examining the recorded scans, providing 
insights into the structural characteristics of 
the fiber. 

 
Design of components for an integrated 

enset processing machine  

Physical and mechanical properties of the utilized 

materials 

The input materials used for the fabrication 
of integrated enset processing machine 
components include stainless steel, mild steel, 
aluminum metals, and rubber. The physical 
and mechanical properties of the used material 
are presented in Table 1. 
Design of the integrated enset processing machine  

The disassembled overall components of 
the designed and developed Integrated Enset 
Processing (IEP) machine are schematically 
shown in Figure 1.A, and modified 
specifications of the functional processing 
parts and assembled diagram is illustrated in 
Figure 1.B. 
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Table 1- Physical and mechanical properties of the materials based on the items provided 

Type of 

material 

Input materials 

component 
Physical properties Mechanical properties 

Stainless 

steel 

Cylinder drum 

Dia. 25 cm (r = 12.5 cm), thickness = 2 

mm, length = 45 cm for each, density 

(ρ) = 8000 kg m-³ 

Durability, Poisson's Ratio (ν) = 0.3, 

Young’s Modulus (E) = Yield Strength 

(σy) = 250 MPa 

Breastplate 

Curvature = 17 cm, height = 45 cm, 

clearance 1-3 mm, length = 98 cm, 

density (ρ) = 8000 kg m-³ 

Poisson's Ratio (ν) = 0.3, 

Young’s Modulus (E) = Yield Strength 

(σy) = 250 MPa  

Blade 
Length = 35 cm, thickness = 3 mm, 

density (ρ) = 8000 kg m-³ 

 Modulus (E) = Yield Strength (σy) = 

250 MPa 

Mild steel 

Shafts 
Dia. = 20 mm, length = 130 cm, density 

(ρ) = 7850 kg m-³ 

Young's Modulus (E) = 210 GPa, 

Yield Strength (σy) = 250 MPa 

Angle 
Width = 5 cm, length = thickness = 3 

mm, density (ρ) = 7850 kg m-³ 

Young's Modulus (E) = 210 GPa, 

Yield Strength (σy) = 250 MPa 

Aluminum 

Hopper and 

feeder 

Thickness = 2 mm, lightweight, density 

(ρ) = 2700 kg m-³ 

Poisson's Ratio (ν) = 0.33, 

Young's Modulus (E) = 70 GPa, 

Yield Strength (σy) = 120 MPa 

Conveyor 
Thickness = 2 mm, lightweight, density 

(ρ) = 2700 kg m-³ 

Poisson's Ratio (ν) = 0.33,  

Young’s Modulus (E) = 70 GPa,  

Yield Strength (σy) = 120 MPa 

Cover 
Thickness = 2 mm, lightweight, density 

(ρ) = 2700 kg m-³ 

Poisson's Ratio (ν) = 0.33,  

Young’s Modulus (E) = 70 GPa, 

Yield Strength (σy) = 120 MPa 

Pulley 

Thickness = 4 mm, dia. = 20 cm, 12 cm, 

and 8 cm, lightweight, density (ρ) = 

2700 kg m-³ 

Poisson's Ratio (ν) = 0.33, 

Young’s Modulus (E) = 70 GPa, 

Yield Strength (σy) = 120 MPa 

Rubber Belts 

Length = 180.5 cm, 140.65 cm, and 

107.7 cm, top width of the belt = 13 

mm,  

bottom width of the belt = 8 mm, 

thickness of the belt (t) = 8 mm, density 

= 1100-1200 kg m-³ 

Elasticity, Durability, Flexibility, 

Poisson's Ratio (ν) = 0.49, Young's 

Modulus (E) = 0.01-0.1 GPa 

Yield Strength (σy) = 10-20 MPa 

 
 
 

 
Fig. 1. Schematic illustration of the modified IEP machine components (A) disassembled, and (B) assembled  

 



404    Journal of Agricultural Machinery Vol. 16, No. 3, Fall, 2026 

 
Fig. 2. Diagrammatic presentation of the device showing parts and dimensions of the integrated enset processing 

machine 

 

Design calculations of the enset processing machine 

components 
The machine requires an electric motor to 

operate the enset processing machine’s parts, 
which involve two primary operations: 
decorticating the sheave (removing the outer 
layers of the enset plant) and grating the corm 
(grinding the inner part of the plant). Based on 
the data provided in Table 2, its power was 
determined as follows (Bello, Lamidi, & 
Oshinlaja, 2020): 

𝑃𝑑 =  
2𝜋𝑁𝜏

60
(1 −

𝑆

100
) = 

2𝜋×𝑁×𝑟×(𝑇1−𝑇2)

60
(1 −

𝑆

100
) = 

1.166 kW                                                         (2) 

where Pd is the output power required for both 
decorticate the sheave and corm grating in kW, 
τ is the twisting moment developed on the 
drum shaft (N m), N is the angular speed of the 
drum shaft (864 rpm), S is slippage (21.2%), 
T1 is tight side belt tension (221.57 N), T2 = 

slack side belt tension (90.07 N), r = 
𝐷2

2
, and 

𝐷2 is the diameter of the pulley on the rotating 
shaft at the point of applying torque (0.20 m). τ 
= 0.10 m × (221.57 N − 90.07 N), V = 8.86 m 
s-1, and slip on the smaller pulley at the first 

instance was considered as 2%.   
The power source from the electric motor to 

operate the machine decorticating sheave and 
corm grating as of Figure (2) is well 
determined (Table 2). Therefore, the total sum 
of the power required to drive the 
decorticating unit (beater drum), and rollers to 
rotate the shaft of the squeeze press with its 
blade is determined. The output power 
recorded for grating the sheave and corn is 
0.8875 kW, as determined by Equation (2). 
The total power (Pt) required for processing 
and overcoming friction can be determined as: 
Pt = Pd + 0.3Pd = 1.52 kW                          (3)  
Pd = (T1 −T2 )V = 1.166 kW                       (4) 
where, Pt = total power required to drive the 
machine (1.52 kW), Pd = power required to 
drive the decorticating and grating unit and 
rollers unit (1.166 kW), and V = 8.86 m s-1. 

𝜏 = (𝑇1 − 𝑇2)
𝐷2

2
 = 13.15 N m                   (5) 

𝑇1 = 𝑇𝑚𝑎𝑥 − 𝑇𝑐                                            (6)  

 
𝑇1

𝑇2
= 𝑒

𝜇𝛼1

sin 𝛽 = 𝑇2 =
𝑇1

𝑒𝜇Ꝋ 
 = 90.7 N                 (7) 

where, T1 = tight side belt tension (221.57N), 
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T2 = slack side belt tension (90.07N), and V = 
speed of belt (8.867m s-1). μ = friction 
coefficient between contacting surfaces, α1, β , 
and θ = angles that affect the torque 
transmission efficiency in the system, e = the 
exponential constant used to model torque 
reductions due to friction and angular 
displacement, approximately (2.718), Tmax = 
maximum torque applied in the system, Tc = 
torque loss or energy loss due to friction or 
inefficiencies, and 𝑇1

𝑇2
 is the ratio of the torques 

at two points in the system, indicating how 
torque changes through friction and other 

factors. The term 𝑒𝜇Ꝋ shows how friction and 
angular displacement interact to reduce the 
torque at the second point.   

According to Khurmi and Gupta (2019), the 
transmitted tension force T1 is 221.57 N for 
shaft 1 with belt 1 system at 8.867 m s-1; for 
shaft 2 opposite the rolling shaft 3, T1 is 
225.01 N at the belt speed of V = 8.69 m s-1; 
and also shaft 4 with belt 3, T1 is 228.145 N at 
speed of belt V = 8.52 m s-1, derived from 
Equation (7). The torques on shaft 1, shaft 2, 
shaft 3, and shaft 4 would be determined by 
substituting these values in Equation (5), 
which were 10.42 N.m, 6.5 N.m, 6.5 N.m, and 
6.17 N.m, respectively (refer to Table 2). 

Rubber belts with a density of 1140 kg m-3 
were utilized in this design because they are a 
common power transmission method in 
agricultural machines as recommended by 
ASME. This leads to an estimate of 0.096 kg 
m-1 for the rubber belt's mass per meter. T belt 
velocity as it passes over each pulley is 
calculated as: 

𝑉 =
𝜋𝐷𝑁

60
(1 −

𝑠

100
)                                        (8) 

Since the active arc of contact is unknown, 
when inserting the value in Equation (8) the 
belt slip on the smaller pulley at the first 
instance was considered 2%. The velocity was 
estimated as 8.867 m s-1 over belt 1, 8.69 m s-1 
over belt 2, and 8.52 m s-1 over belt 3. 

The belt centrifugal tension (Tc) is 
determined as: 
𝑇𝑐 = 𝑚𝑣2                                                     (9) 

Accordingly, the centrifugal force at belt 1, 
belt 2, and belt 3 were 13. 63 N, 10.19 N, and 

7.505 N, respectively.  
Each belt's mass, cross-sectional area, 

maximum tension, and coefficient of friction 
between the belt and pulley are calculated 
using the following Equations (Bechtel, 
Vohra, Jacob, & Carlson, 2000): 

𝑇𝑚𝑎𝑥 = 𝜎𝐴                                                  (10) 

𝑚 = 𝜌𝐴                                                       (11) 

𝐴 = (
𝑏−𝑥

2
) 𝑡 + 𝑥 × 𝑡                                   (12) 

𝜇 = 0.54 −
0.7

2.4+𝑣
                                         (13) 

where: V = velocity of belt (m s-1), Tc and Tmax 
= the centrifugal and maximum tension of the 
belt (N); A = cross-sectional area of belt 
(mm2); m = mass per unit length (0.096 kg m-1) 
of belt; v = speed of belt (m s-1); b = top width 
of the belt (mm); χ = bottom width of the belt 
(mm); d1 = diameter of driving pulley (mm), 
N1 = speed of the driving pulley (rpm); S = slip 
(%); σ = Maximum allowable stress of belt 
(28337.35pa) for coefficient of friction 0.35; t 
= thickness of the belt (mm); ρ = density of 
belt material (Rubber) (kg m-3); T2 = belt 
tension in slank side (N); µ = coefficient of 
friction between belt and pulley.  

The power transmitted by the belt from the 
middle shaft pulley to the roller drum does not 
require a high load due to mixing only the soft 
materials of the pulpy tissue and grated corm 
is determined as (Khurmi & Gupta, 2019):  
𝑃 =  𝜏 × 𝜔 = 1.17 kW                              (14) 

The rolling force in the mixer drum is as 
follows: 

𝐹𝐶 =  𝑀𝑓  ×  𝑆𝑓 = 55.32 N                       (15) 

where Fc is the rolling force of the design 
55.32 N, Mf is the mass of roller, which is 
36.88 N, and Sf is the factor of safety, which is 
1.5, the diameter of the driver roller D is 19.5 
cm with bar mild steel coated, r = 11.75 cm. 

The torque transmitted to the roller mixer 
drum is calculated by (Yang, Zeng, Zhu, & 
An, 2017): 
𝜏 =  𝐹 ×  𝑟 = 6.55 N m                       (16) 
where 𝜏 = torque = 6.5 N m, F = force, and r = 
the radius of roller which is 11.75 cm. 
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Table 2- Parameters, equations, and results of modifications for the integrated enset processing machine 

Parameter Formula Belt 1 Belt 2 Belt 3 

Torque on a shaft (T)   𝜏 = (𝑇1 − 𝑇2)
𝐷2

2
 13.15 Nm 12.98 Nm 7.92 Nm 

Tension on the right side 𝑇1 = 𝑇𝑚𝑎𝑥 − 𝑇𝑐 221.57 N 225.01 N 228.145 N 

Tension on the slack side 𝑇2 =
𝑇1

𝑒𝜇Ꝋ
 90.07 N 95.23 N 96.55 N 

Diameter of the driven pulley 

(D2) 
20cm 20 cm 12 cm 12 cm 

Center of distance (c)  65 45 35 

Diameter of the drive pulley 

(D2) 
 12 cm 20 cm 12 cm 

Belt length  

𝑙
= 2𝐶 + 1.57(𝐷1 + 𝐷2)  

+
(𝐷2 − 𝐷1)2

4𝐶
 

180.5 cm 140.65 cm 107.7 cm 

The maximum tension (Tmax) 𝑇𝑚𝑎𝑥 = 𝜎𝐴 235.20 N 235.20 N 235.20 N 

The centrifugal tension (TC) 𝑇𝐶 = 𝑚𝑣2 13.63 N 10.19 N 7.505 N 

The mass of the belt (M) 𝑚 = 𝜌𝐴 
0.1733 + 18 

kg 
0.135 + 18 kg 

0.10339 + 

12 kg 

Cross sectional area of a belt 

(A) 
𝐴 = (

𝑏 − 𝑥

2
)𝑡 + 𝑥𝑡 0.0084m2 0.0084m2 0.0084m2 

Top width of the belt (b)  13 13 13 

Bottom width of the belt (x)  8 8 8 

Thickness of the belt (t)  8 8 8 

The velocity of belt passing (V) V=
𝜋𝑑𝑁

60
(1 −

𝑆

100
) 8.867 m s-1 

𝑣 = 𝑣 (1 −
𝑆2

100
) =

8.69 m s-1 

𝑣 = 𝑣 (1 −
𝑆3

100
) 

= 8.52 m s-1 

Maximum allowable stress of 

belt (σ) 

𝑀𝑌

𝐼
 = σ 28337.35 Pa 28337.35 Pa 28337.35 Pa 

Density of belt material (rubber) 

(ρ) 
 1140 kg m-3 1140 kg m-3 1140 kg m-3 

Slip (S)  2% 1.8% 1.2% 

Speed of the driving pulley (N)  864 rpm 1080 rpm 1080 rpm 

angle of wrap on smaller pulley 

(α1) 
α1 = 180° − 2 sin−1(

𝐷2 − 𝐷1

2𝐶
) 172.94° 180° 180° 

Angle of wrap on larger pulley 

(α2) 

α2

= 180° + 2 sin−1(
𝐷2 − 𝐷1

2𝐶
) 

172.94° 180° 180° 

Belt wedge angle (β) 40֯ 40֯ 40֯ 40֯ 

Angle of contact at drive (𝜃1) 
𝜃1 =  180° +  2𝛼1 =

 2 cos−1(
𝑐

2𝑟
) 

525.88° 540° 540° 

Angle of contact driven (𝜃2)  𝜃2 =  180° +  2𝛼2 3.2648 rad 2.9638 rad 3.1426 rad 

Coefficient of friction between 

pulleys and belt (µ) 
µ = 0.54 −

0.7

2.4 + 𝑣
 0.3 0.27 0.27 

Groove angle  Standard (ȹ) 34֯ 34֯ 34֯ 

 
Torsion and polar moment of inertia of shafts  

The relationship between the torque (𝜏), 
shear stress (σ), and angle of twist (θ) in a 
circular shaft is determined from the general 
torsion equation as (De Felice & Sorrentino, 
2019): 

(Ʈ) =
𝐽×𝐺×𝜃

𝐿
                                             (17) 

where: Ʈ = torque or twisting moment (N m), J 
= polar moment of inertia about the shaft axis 
(m⁴), G = modulus of rigidity or shear modulus 
(Pa), θ = angle of twist (rad), and L = length of 



Adugna et al., Modification and Analysis of Integrated Enset …     407 

the shaft (m). 
The polar moment of inertia, J, represents 

the resistance of the shaft to twisting 
deformation. For a solid circular shaft, J is 
given by: 

𝐽 =
𝜋𝐷4

32
                                                       (18) 

where d is the diameter of the shaft. 
The diameter of a solid shaft made of mild 

steel with little to no axial loading should be 
determined using the following formula, which 
comes from the American Society of 
Mechanical Engineering as:  

𝜏=
HP×4500

2×π×N
                                                (19) 

where the shaft is subjected to a twisting 
moment (or torque) only, the diameter of the 
shaft may be obtained by using the torsion 
equation: 
σ

𝐽
=

𝜏

𝑟
                                                           (20) 

where: τ = twisting moment (or torque) acting 
upon the shaft, J = polar moment of inertia of 
the shaft about the axis of rotation, 𝜎 = 
torsional shear stress, and r = radius of the 
pulley.  

According to Hosseini and Khadem (2009), 
the twisting moment acting on the shaft can be 
written as below: 

τ=
π

16
× d3 × fs                                           (21) 

The machine weight applied at two places, 
W1 and W2, supported on two bearings “A” 
and “B”. Then it is apparent from the shear 
force diagram and bending moment well 
determined the correct shaft diameter to ensure 
satisfactory strength and rigidity that shaft is 
transmitting 2 hp power operating and loading 
conditions for 2 cm diameter. It reveals that 
19.65 kg of both pully and belt weight 
supported by the shaft and the applied tension 
load weight on both sides, substituting the 
value in Equation (22): 

Wn =
𝑀𝑛×𝑙 

2
                                                 (22) 

where; Mn = applied weight of machine, Wn = 
applied load weight, l = length of shafts in cm.  

Hence, the equivalent twisting moment, τeq 
is given by Equation (23) (Yakoob Pasha, 
Devi, & Maheswari, 2024): 

𝜏eq = √W2 + τ2                                         (23) 

= √ 1277.38 2 + 11946.132 
= 12014.229 kg. cm 

The equivalent twisting moment, when 
acting alone, produces the same shear stress as 
an actual twisting moment. Then both 
Equations (22) and (23) (Sinha & Turner, 
2011) can be written as: 

τeq = √W2 + 𝜏2= 
π

16
× d3 × fs                  (24)  

Assuming permissible shear stress as 760 
kg cm-2 steel shaft, the diameter of the shaft 
can be calculated as follows (Khurmi & Gupta, 
2019): 

𝑑 = √
16(𝑊2+Ʈ2)

𝜋×𝑓𝑠

3
0.5

=                                  (25) 

√
16(1,277.382+11,946.132)

3.14×760𝑘𝑔

3
0.5

= 20 mm 

The linear velocity of leaf sheath for 
decorticating is: 

𝑣 =  
𝜌𝜔𝑛

2𝜋
=

0.0079𝑚×13.119𝑚 𝑠−1×18

2×𝜋
=

0.364𝑚

𝑠
  (26) 

Whereas, the pitch of the pulpy tissue 
extracted from the leaf sheath is: 

𝑝 =
2𝜋𝑣

𝜔𝑛
                                                       (27) 

where: P = pitch of the tissue extracted from 
the leaf sheath (0.0079 m by assumption), 

v = linear feeding speed of the leaf sheath 
to the decorticator (0.364 m s-1), ω = angular 
velocity of the drum beater (864 rpm), n = 

number of blades on the cylinder (18), and  = 
angle between two consecutive blades (20˚), 
the power required for squeezing is:   

p =
FR×t×b×ω

75 
× η                                     (28) 

where: P is power requirement (1.2 hp), FR is 
fiber resistance (0.5 kgf cm-2), t is blade 
thickness (3 mm), b is the effective width of 
the blade (13.5 cm), 𝜔 is the operational speed 
(2.7 m s-1), and η is transmission efficiency 
(92%). 

Accordingly, the corresponding torque 
generated by the squeezing press blade is 
calculated as (Lu, Li, Zhang, Fang, & Bin, 
2023): 

Torque (𝜏) = 
𝑃𝑜𝑤𝑒𝑟 

𝐴𝑛𝑔𝑢𝑙𝑎𝑟 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦
                   (29) 
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= 
1,2 ℎ𝑝

2𝜋×12×540

60

 = 1.313 N.cm 

 
Power and load at worm and gear assembly  

The worm gears are assembled on a 20 mm 
diameter shaft used for transmitting power at 

high-velocity ratios between non-intersecting 
shafts as shown in Figure 3. The load is 
applied at the end of the driving teeth when 
contact first forms and to be at the end of the 
driving teeth when contact ends (Mao, 2007). 

 

  
Fig. 3. Worm and gear when meshing 

 

𝑋 =
𝐷𝑊+𝐷𝐺

2
                                                (30) 

The pitch circle diameter of the worm (d1) 
in terms of the center distance between the 
shafts can be written as (Radzevich, 2012): 

𝑑1 =
(𝑥)0.875

1.416
                                                 (31) 

=
(4.9)0.875

1.416
 = 20mm 

The lead “L” is the product of axial pitch 
and the number of starts and is determined 
mathematically as: 
𝐿 = 𝑃𝑎 × 𝑛                                                  (32)  
where, Pa = axial pitch (9.3 mm); and n = 
number of starts. 

The lead angle between the tangent to the 
thread helix on the pitch cylinder and the plane 
normal to the axis of the worm is determined 
as (Vullo & Vullo, 2020):  

tan 𝜆 =

Lead of the worm 

Pitch circumference of the worm 
=  (

𝑁𝐺

𝑁𝑊
)

1

3 =
𝐿

𝜋𝑑1
=

𝑃𝑎×𝑛

𝜋𝐷𝑤
=

𝑃𝑐×𝑛

𝜋𝑑1
=

𝜋𝑚×𝑛

𝜋𝑑1
=

𝑚×𝑛

𝑑1
                            (33)  

where, NG is the speed of the worm gear and 
𝑁𝑊 is the speed of the worm, axial pitch (Pa) = 
circular pitch (Pc), Pc = πm, m = module, and 
d1 = pitch circle diameter of worm. The lead 

angle (𝜆) may vary from 9° to 45°. It has been 
shown that a lead angle less than 9° results in 
rapid wear, and the safe value for λ is 12.5° 
(Ambrus, Skadsem, & Mihai, 2018). For a 
compact design, the lead angle may be 
determined by equation (33).  

The distance measured perpendicular to the 
threads between two corresponding points on 
two adjacent threads of the worm normal pitch 
is defined as Wu and Hsu (2014):  
𝑃𝑛 = 𝑃𝑎 × cos 𝜆                                           (34) 

The angle between the tangent to the thread 
helix on the pitch cylinder and the axis of the 
worm helix angle is determined as:  
Helix angle (𝛼𝑤) × 𝜆 = 90˚                       (35) 

Where, 90° is the shaft angle. 
The ratio of the speed of the worm (Nw) in 

rpm to the speed of the worm gear (NG) in rpm 
is the velocity ratio, determined as: 

𝑉𝑅 =  
𝑁𝑊

𝑁𝐺
 =

𝑃𝑐𝑇𝐺

𝐿
=

𝑃𝑎𝑇𝐺

𝑃𝑎𝐿
=

𝑇𝐺

𝑛
                    (36) 

The linear velocity of the worm is:  

𝑉𝑊 =
𝐿×𝑁𝑊

60
=

𝜋×𝐷𝐺𝑁𝐺

60
                                (37) 

The pitch circle diameter of the worm gear 
is expressed as: 
𝐷𝐺 =  𝑚 × 𝑇𝐺                                          (38) 
where, m = module, DG = pitch circle diameter 
of the worm gear, TG = the number of teeth on 
the worm gear (twice of transmission ratio), 
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and n = number of starts of the worm. 
𝑉𝑅 =

𝑁𝐺

𝑁𝑊
=

𝜋𝐷𝐺

𝐿
=

𝜋𝑚𝑇𝐺

𝐿
                            (39) 

According to Lewis equation, the strength 
of worm gear teeth size that is safe to assume 
is: 
𝑊𝑇 =  (𝜎𝑜 . 𝐶𝑣) 𝑏. 𝜋 𝑚 . 𝑦                        (40) 
= (84 × 0.93) 28 × π × 3 × 0.107 N = 2825 N 
where, WT = permissible tangential tooth load 
or beam strength of gear tooth, σo = allowable 
static stress, value may be taken as 84 MPa for 
cast iron, Cv = velocity factor (0.64), b = face 
width (28mm), m = module (3 mm), y = tooth 
form factor or Lewis’s factor. 

The velocity factor is given by: 

𝐶𝑉 =
6

6+𝑉
                                                     (41) 

where; v is the peripheral velocity of the worm 
gear in m s-1

. 
The tooth form factor or Lewis’s factor (y) 

may be obtained in Equation (42). Therefore, 
the peripheral velocity was calculated at 0.38 
m s-1 by substituting the value in Equation 
(41): 

𝑌 = 0.124 −
0.684

𝑇𝐺
                                       (42) 

The dynamic tooth load on the worm gear 
is determined (Mohanraj et al., 2021) as:  

𝑊𝐷 =
𝑊𝑇

𝐶𝑉
= 𝑊𝑇(

6+𝑉

6
)                                (43) 

where, WT = actual tangential load on the 
tooth. 

The static tooth load or endurance strength 
of the tooth (WS) may also be obtained (Al-
Omiri, Mahmoud, Rayyan, & Abu-Hammad, 
2010) as: 
𝑊𝑆 =  𝜎𝑒. 𝑏 𝜋 𝑚. 𝑦                                   (44) 

= 168 × 28 × π × 3 × 0.107 = 6075 N, 
where, σe is the flexural endurance limit.  

Its value may be taken as 84 MPa for 
cast iron and 168 MPa for phosphor bronze 
gears. 
𝑊𝑊 =  𝐷𝐺 . 𝑏. 𝐾                                             (45) 
where, DG = pitch circle diameter of the worm 
gear, 162 mm, b = face width of the worm 
gear, and K = load stress factor (also known as 
material combination factor). 

The forces acting on worm gears that 
transmit power to the worm are determined as 
(Yeh & Wu, 2009): 

Tangential force on the worm: 

𝑊𝑇 = 
2× Torque on worm

Pitch circle diameter of worm 𝐷𝑊
             (46) 

Axial force or thrust on the worm gear: 

𝑊𝐴 = 
2× Torque on worm

Pitch circle diameter of worm 𝐷𝐺
=

𝑊𝑇

tan 𝜆
   (47) 

The tangential force (WT) on the worm 
produces a twisting moment of magnitude 

(𝑊𝑇 ×  
𝐷𝑊

2
) and bends the worm in the 

horizontal plane (Murugan, 2020). 
The axial force on the worm tends to move 

the worm axially, induces an axial load on the 
bearings, and bends the worm in a vertical 
plane with a bending moment of magnitude 

(𝑊𝐴 ×  
𝐷𝑊

2
). 

Radial or separating force on the worm is 
(Mei et al., 2022): 
𝑊𝑅 = 𝑊𝐴 × tan 𝜆                                       (48) 
where, tan 𝜆 = radial or separating force on the 
worm gear known as permissible input power: 

𝑝 =
3650× 𝑥(1.7)

𝑉𝑅+5
                                             (49) 

= 
3650×0.021.7

4+5
 = 0.524 kW, where VR = 

Transmission ratio. 

Since this power is more than the given 
power to be transmitted (1.1 kW), therefore 
the design is safe from heat dissipation point 
of view. The radial or separating force tends to 
force the worm and worm gear out of the 
mesh. This force also bends the worm in the 
vertical plane. The gearbox encompasses the 
transmission units’ worm and worm gear shaft 
at one end, achieving a reduction of 4:1 at the 
gearbox. This results in a rotation speed of 270 
rpm at the shaft of the rotary blade. Suitable 
nuts and bolts are used for fastening the 
gearbox to the main frame, which can be 
removed when repair and maintenance is 
required. 

 
Design analysis of major modified components of 

IEPM 
This section describes the flow chart 

diagram modification (Figure 4) of the 
Integrated Enset Processing Machine (IEPM), 
which operates by electric motors derived 
from the integrated enset processing method 
and their functional parts. 
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The principle feeding unit and mechanical 
operation system, through which the enset 
sheath is fed into the machine’s inclined plate 
for scraping, has been improved (Jima et al., 
2025). Enhancements were made with a focus 
on economic efficiency by considering factors 
such as size, power, production capacity, 
material loss, and overall operational 
efficiency, while maintaining product quality. 

Subsequently, the functional IEPM was 
modified and optimized, with certain parts 
being approved for testing. Its performance 
was evaluated through experimental analysis. 
Following the analysis, field experiments were 
conducted and validated against standard 
benchmarks, and the results were documented 
and analyzed.   

 

 
Fig.4. Flow chart diagram of the integrated enset processing machine (IEPM) 

 

Finite element analysis of the IEPM components  

A detailed computer-aided design (CAD) 
model of the integrated processing machine, 
illustrated in Figure 5, must be created to 
include components such as the shaft, beater 
drum, breastplate, and blade, with precision 
values calculated based on prior equations. 
The finite element method is utilized to 
analyze the distribution of shear stress, 
maximum deformation, and the safety factor 
of static structures. To ensure proper 
performance and assembly of the modified 
integrated enset processing machine, the 
weight of the machine components, and 

maximum allowable stress of belts with 
operational speed are considered. 

 
The majority of the integrated enset 

processing machine's components have a 
modulus of rigidity of about 77.2 GPa, 
constructed from stainless steel and Mild 
Steel. The mesh sizes used in the FEM 
analysis of each component vary as shown in 
Table 3. For a more thorough examination of 
their structural behavior, the mesh size for 
drum shaft, cylinder drum, drum blade, and 
breastplate as small as possible in contrast, a 
bigger mesh size for the main shaft. The 
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grid convergence index values used in 
Equation (50) as shown in Table 3, the 
summary of materials’ properties of 
components used for finite element 
simulations including discretization value, 
grid convergence ratio to determine real mesh 
size values as:   

𝐺𝐶𝐼 = 𝐹𝑆
𝜀

𝑟𝑝−1
 , 𝑝 =

ln|(𝑓𝑐𝑜𝑎𝑟𝑠𝑒−𝑓𝑚𝑒𝑑𝑖𝑢𝑚)/(𝑓𝑚𝑒𝑑𝑖𝑢𝑚−𝑓𝑓𝑖𝑛𝑒)|

lnr
             (50)  

where, ε = error, r = refine ratio, p = ordinary 

polynomial, and f = simulation results. 
 

 

 
Fig. 5. The modified integrated enset processing machine  

 

The simulation shows a low grid 
convergence index (GCI 0.66% at 21% 
refinement), indicating good accuracy in the 
results. The safety factor (S.F.) is 1.25, 
ensuring the shaft and other components 
operate within safe limits. The mesh 
refinement influences the accuracy of the 
simulation, with GCI values helping assess the 
need for further refinement in the model. 

 
Static structural analysis (SSA) 

The goal of static structural analysis (SSA) 
is to evaluate stress, strain, and deformation to 
ensure the machine could handle operational 
loads without failure on the integrated enset 
processing machine (Khodabakhshian & 
Emadi, 2015). The process involves assessing 
the machine's components (including the shaft, 
cylinder drum, breastplate, drum blade) under 
the application of forces or loads (Aygören & 
Türkdoğdu, 2024). The validation of the 
model is analyzed with the theoretical and 
simulation results of shear stress and angle of 
twist, are observed within the limits. The 

weight of the decorticator and grater cylinder, 
power, pulley design, belt design, shaft 
diameter, threshing torque, torsional moment, 
bearing design, and critical speed are 
considered. This analysis of the utilized 
materials, which may sustain higher stress 
values, highlights their significance. 
Interestingly, the drum shaft has an even 
greater modulus of 80 GPa, indicating 
increased rigidity in this crucial part. 
Commonly, for metallic materials with strong 
ductility, the Poisson ratios for the drum 
components and the breastplate are 
consistently 0.3 (Murugan, 2020). The belt, on 
the other hand (as shown in Table 2), has a 
noticeably greater Poisson ratio, indicating 
distinct material properties that would be more 
suited for flexibility.  

 
A. Shafts 

Under the analysis of static structure, the 
drum shaft has a modulus of even greater than 
80 GPa (as depicted in Figure 6), indicating 
increased rigidity in this crucial part (Yang, 
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Ma, Qin, Guan, & Xiong, 2022). This is 
common for metallic materials and is a sign of 
strong ductility. The Poisson ratios for the 
drum components are consistently 0.3 with a 
mesh size of 10 mm. The analysis of static 
structure results of the shafts shows a 
consistent stress distribution, indicating a well-
balanced design with a diameter of 2 cm and a 
length of 130 cm. The belt tensions on either 
side of pulleys are T1 = 221.5 N, T2 = 90.07 
N, T3 = 225.01 N, and T4 = 95.2 N, subject to 
a torque of 13.15 N m and a system's 
maximum tension of 235.20 N. The shaft is 
fixed in the middle (boundary condition). With 

the torque and belt forces operating within the 
system's design parameters and stability 
provided by the fixed midway, this 
configuration proposes a balanced tension 
distribution. 

According to the analysis, the current shaft 
design is capable of withstanding operational 
loads without deforming (Bruyère, 1965; Jima 
et al., 2025). The findings from the static 
structural analysis reveal a maximum stress of 
120 MPa, a minimum stress of 30 MPa, a 
maximum deformation of 0.15 mm, and a 
minimum deformation of 0.03 mm. 

 

 
Fig. 6. Static structural analysis of shafts 

 

B. Cylinder drum 

The analysis of the static structure of the 
cylinder decorticator drum and grater drum 
with the properties of the same material is 
shown in Figure 7. The drum is mounted on 
the shaft, resulting in the following belt 
tensions on either side of the pulley: T1 = 
221.5 N, T2 = 90.07 N, T3 = 225.01 N, and T4 
= 95.2 N. With a consistent torque of 13.15 N 
m, the system reaches a maximum tension of 
235.20 N. Additionally, the cylinder drum is 
fixed internally to the shaft (boundary 
condition). With the torque and belt forces 
operating within the system's design 
parameters and stability provided by the fixed, 
this configuration proposes a balanced tension 

distribution. The results of static drum cylinder 
structure reveal a minimum stress of 70 MPa, 
a maximum stress of 250 MPa, a maximum 
deformation of 0.3 mm, and a minimum 
deformation of 0.08 mm (Ambekar & Shinde, 
2019). The analysis demonstrates that, under 
static load circumstances, the cylinder drum 
retains its structural integrity with little to no 
deformation. The results confirm the 
effectiveness of the drum's design (Carlson & 
McKean, 1955). Its performance could be 
further enhanced by reinforcement in high-
stress areas, making it appropriate for heavy-
duty applications (Sidhu & El-Sayegh, 2024). 
Discretizing a cylindrical drum into finite 
elements with a linear model allows for the 
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analysis of optimal stiffness and damping 
properties for each element, as shown in Table 

3. 

 

 
Fig. 7. Static structural analysis of the cylindrical drum 

 

C. Cylindrical drum blade  

The geometry of the cylindrical drum’s 
blade is discretized into a finite element mesh 
using the data in Table 3. The element types 
were selected based on the nature of the 
generated boundary conditions, and certain 
nodes were fixed to represent supports or 
constraints (Upadhyay, Sonigra, & Daxini, 
2021). The design should ensure that the mesh 
is fine enough in critical areas to capture stress 
gradients and deformation accurately. A total 
load of 235 N, the equal torque of both the 
shaft and the cylinder drum, is applied as a 
distributed load of 19.56 kg m-1 to the blade. 
This configuration influences the performance 
of the blade model and reflects its rotary 
dynamic design and intended cutting 
efficiency (Li et al., 2021). The cylinder drum 
blade static structural stability results are 
shown in Figure 7, with a minimum stress of 
80 MPa, a maximum stress of 260 MPa, and 
0.35 mm maximum deformation and 0.1 mm 
minimum deformation. The cylinder drum 
blade can withstand anticipated operating 
loads without experiencing appreciable 
deformation, according to the static structural 
study (Kordestani, Saif, Orchard, Razavi-Far, 

& Khorasani, 2019; O’Brien, Draper, & An, 
2023). These results imply the robustness of 
the current drum design. However, to improve 
performance and lower manufacturing costs, 
lightweight composite materials should be 
investigated.  

 
D. Breastplate 

Design of the breastplate model faithfully 
captures its ergonomic shape and protective 
coverage, with a frame beam supported from 
below (Jäger, 2023). The model indicates that 
the design successfully strikes a balance 
between mobility and protection. Curvature 
changes could improve comfort and use less 
material without sacrificing safety (Mansfield, 
Naddeo, Frohriep, & Vink, 2020). Discretizing 
the mesh into finite elements with linear 
elements reveals that each element possesses 
adequate stiffness and effectively resists the 
analyzed damping drums (Adamiec-Wójcik, 
Brzozowska, & Drąg, 2015; Lemos, 2007). 
The static structural analysis results of the 
breastplate, shown in Figure 9, identify 
possible failure locations through regions of 
significant stress concentration under the 
distributed static load of 235 N. The analysis 
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reveals a maximum stress of 400 MPa and a 
minimum stress of 120 MPa, with 
corresponding maximum and minimum 
deformations of 0.55 mm and 0.15 mm, 
respectively, and a safety factor of 15 (Feng & 
Young, 2013). To improve the breastplate's 

durability and protective qualities, it is 
recommended to utilize advanced materials 
and reinforce areas expressing high stress, 
thereby ensuring improved performance in 
practical situations. 

 

 
Fig. 8. Static structural analysis of the cylindrical drum’s blade 

 

 

 

           
Fig. 9. Static structural analysis of the breastplate 
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Explicit dynamics structural analysis (EDSA) 

cylinder drum with breastplate 

A computational method for analyzing the 
dynamic load condition of 942.78 N, using 
Explicit Dynamics Structural Analysis, 
determined the structural responses under 
time-dependent loads (Chopra, 2021). The 
analysis focuses on two main components: the 
cylinder drum, a rotating device used for 
processing materials, and the breastplate, a 
protective shell enhancing structural integrity 
through added support as shown in Fig. 10. 
Critical material parameters, including density, 
Poisson's ratio, and modulus of rigidity, 
sourced from Table 3, were incorporated to 
model mechanical behavior. Equation (51), 
derived from the analysis, proves valuable for 
machinery components involved in scraping 
the pulp from fiber cylinder drums interacting 
with breastplates, where rapid load 
fluctuations occur (Ham & Bathe, 2012). The 
study revealed diverse loading situations, such 
as beginning scenarios, such as initial 

conditions, tangential forces, and operating 
loads, to simulate realistic operational 
scenarios as:  

𝐹 = 𝑚
𝑑2𝑆

𝑑𝑡2 + 𝐷
𝑑𝑆

𝑑𝑡
+ 𝑅𝑆                              (51)  

where: F = external force vector, m = mass 
matrix (N), D = damping matrix, R = stiffness 
matrix, and S = displacement vector, d2S/dt2 = 
the acceleration vector, and ds/dt = the 
velocity vector. The maximum displacement 
calculated during dynamic loading of the drum 
under operational conditions is 1.196 mm. The 
stiffness of the drum is 1.86×108 N m-1, and 
the stiffness of the breastplate is 1.07×108 N 
m-1. The damping coefficient for the drum is 
186,000.65 Ns m-1, which dissipates energy 
over time. The external force vector value was 
234.51 N. For each component of the cylinder 
drum and breastplate, the mass matrix can be 
calculated based on the density (ρ), volume 
(v), and mesh size.  

 
 

 
Fig. 10. Cylinder drum with breastplate 

 

The cylinder drum and breastplate are 
structurally sound under the applied dynamic 
loads according to the study. Operational 
truthfulness is maintained by ensuring that the 
calculated maximum displacement remains 
within practical limits. Both components can 
sustain large loads without experiencing 

excessive deformation, according to the 
stiffness values. The damping properties imply 
efficient energy dissipation, reducing 
vibrations, and improving stability while in 
use.  

Analyzing the stiff dynamics of a cylinder 
drum under applied load reveals a complex 
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oscillatory behavior that is essential to 
evaluating the mechanical performance of the 
drum. The drum shows no displacement at the 
beginning (t = 0 seconds), suggesting a stable 
starting position. Severe displacement 
variations are seen in the data throughout time, 
concluding at about 2.39×10−6 mm at t = 0.82 
seconds, indicating severe deformation under 
load. 

 
Results and Discussion  

The mass of the belt, its cross-sectional 
area, and the maximum tension of each belt 

are shown in Table 3. The mass of belts per 
unit length was 0.096 kg m-1, the cross-
sectional area of the belts was determined as 
0.0084 m2, and the coefficient of friction 
between pulleys and the belts was estimated to 
be 0.3. The analysis of the mechanical 
properties of integrated machine components 
reveals that the drum shaft, with a rigidity 
modulus of 80 GPa, along with the drums and 
other components at 77.2 GPa, exhibits strong 
resistance to deformation. The modulus of 
rigidity and the drums' modulus of stiffness is 
nevertheless quite high. 

 
Table 3- Mechanical properties of the machine materials used for simulations 

Model 

Modulus 

of 

rigidity 

(GPa) 

Poisson 

ratio 

Mesh 

size 

(mm)  

No.E/t 

1 

No.E/t 

2 

No.E/t 

3 
V1 V2 V3 S.F. 

GCI 

21% 

(%) 

GCI 

32% 

(%) 

Drum shaft 80 0.27-0.3 10 70992 7344 612 77353019.79 76950604.06 101584956.4 1.25 0.66 30.82 

Drums 77.2 0.3 3 279933 138011 76320 379958408.5 168617655.8 159769668 1.25 3.04 6.94 

Decorticator 

blade  
77.2 0.3 3.5 898820 499928 175817 20986878.4 19685794.1 15706624.73 1.25 3.76 8.57 

Breastplate 77.2 0.3 3.5 187123 58438 12712 33610046.27 31808901.7 25821077.33 1.25 2.88 7.104 

Belt 0.0003 0.45-0.5 2 7832 537 158 0.007174795 0.007147995 0.006294032 1.25 0.02 2.344 

Frame 80 0.27-0.3 10 699523 240970 67420 597707.6887 597005.3962 518674.0509 1.25 0 3 

Note: “No. E/t” values represent the number of elements per thickness for different parts, while V1, V2, and V3 

represent the number of elements for different parts.  

 

The correctness of the mesh and simulation 
results are indicated by the grid convergence 
index (GCI) values; higher percentages 
indicate more reliability, as shown in Table 3. 
The simulation records intricate reactions with 
a mesh size of 10, and the high No.E/t value of 
70992 indicates significant stiffness. The 
design can safely bear expected loads, 
according to the safety factor (S.F.) of 1.25. 
The GCI values, which indicate good stability 
and performance, especially under complex 
geometrical configurations, are 0.66% for 21% 
and 30.82% for 32%.  

For example, the decorticator blade drum 
displays a GCI of 3.76% at 21%, suggesting 
moderate reliability in its analysis and 
performance predictions. The No.E/t value of 
279933 indicates strong stiffness in the major 
loading direction, while the mesh size of 3 
offers sufficient information for simulations. 
Reliability during operation is indicated by the 
S.F. of 1.25. With performance improving as 

geometrical complexity grows, the GCI values 
of 3.04% (21%) and 6.94% (32%) show good 
design integrity. A Poisson ratio of 0.27 to 0.3 
indicates moderate lateral expansion upon 
compression, making it suitable for various 
loads.  

Consistency between components is 
ensured by the decorticator blade drum's 77.2 
GPa stiffness modulus. A somewhat more in-
depth investigation is possible with a mesh 
size of 3.5. The No.E/t numbers indicate 
different stiffness properties for different 
orientations, especially the first one at 898820. 
A significant reactivity to geometrical changes 
is implied by the GCI values of 3.76% and 
8.57%, suggesting possible areas for structural 
modification. The safety factor stays at 1.25, 
showing constant reliability. 

Additionally, the breastplate exhibits a 
homogeneous material selection with a 
modulus of stiffness of 77.2 GPa. It has 
enough information for simulations with a 
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mesh size of 3.5, but its No.E/t value of 
187123 suggests that it is slightly less rigid 
than the drums. Under operational settings, 
reliability is reinforced by the consistent safety 
factor of 1.25. GCI ratings of 7.104% and 
2.88% demonstrate the breastplate's resilience 

to changing geometrical conditions without 
compromising structural integrity. The four 
shafts' mechanical characteristics and 
applicability for different applications are 
emphasized by the study results shown in 
Table 4. 

 
Table 4- The shafts’ mechanical properties based on the given parameters 

Parameter Shaft 1 Shaft 2 Shaft 3 Shaft 4 

Weight (W) 19.65 kg 4 kg 4 kg 2 kg 

Load (L) 235 N 221.5 N 225 N 228.2 N 

Tangential Force(𝑭𝒕) 131.5 N 234 N -234 N 2825 N 

 Length (l) 130 cm 65 cm 65 cm 45 cm 

Diameter (d) 20 cm 12 cm 12 cm 12 cm 

Speed (RPM) 864 1080 1080 1080 

Polar Moment of Inertia (J) 1.57 × 10⁻³ m⁴ 1.77 × 10⁻⁴ m⁴ 1.77 × 10⁻⁴ m⁴ 1.77 × 10⁻⁴ m⁴ 

Modulus of Rigidity (G) 80 GPa 80 GPa 80 GPa 80 GPa 

Power (P) 1.5 kW 1.17 kW 1.17 kW 1.117 kW 

Torque (𝝉) 13.15 Nm 6.50 Nm 6.50 Nm 6.17 Nm 

Torsion  1000 Nm 1000 Nm 1000 Nm 1000 Nm 

Shear Force (F) 131.5 N 234 N 234 N 2825 N 

Maximum Stress (σ_max) 16.73 MPa 55.67 MPa 55.67 MPa 49.27 MPa 

Allowable Stress (σ_allow) 84 MPa 84 MPa 84 MPa 84 MPa 

Safety Factor (SF) 5.02 1.51 1.51 1.71 

Twist moment (θ) 1.67 degrees 1.13 degrees 1.13 degrees 1.01 degrees 

 
Excellent resistance to torsional 

deformation is provided by shaft 1, which is 
the heaviest at 19.65 kg, bears a maximum 
load of 235 N, and has a polar moment of 
inertia of 1.57 × 10⁻³ m⁴. However, the 
structural integrity of shafts 2 and 3, which 
weigh only 4 kg apiece and support loads of 
roughly 225 N, is called into question due to 
their higher maximum stress levels (55.67 
MPa), which are close to their permitted limit 
of 84 MPa. Shaft 4 shows an abnormally high 
tangential force of 2825 N, suggesting possible 
design issues, even though it weighs only 2 kg. 
According to torque measurements, shaft 1 can 
withstand higher twisting forces (10.42 N m), 
but the others range.  Also, this shaft can 
withstand twisting forces of up to 10.42 N m, 
whereas the others can withstand twisting 
forces between 6.17 and 6.50 N m. While 
shafts 2 and 3 have lower safety factors of 
about 1.51, shaft 1 likewise has a high safety 
factor of 5.02, demonstrating resilience under 
unforeseen pressures. Subsequently, the 
strength and longevity of shaft 1 make it 

perfect for high-load applications, but lighter 
shafts can be preferable in situations where 
weight is a concern but need close supervision 
to avoid failing under pressure. This analysis 
highlights how crucial it is to choose shaft 
designs according to particular operational 
requirements and safety considerations. 

Several important interpretations that are ne
cessary for analyzing the cylinder drum and br
eastplate's performance in an enset processing 
machine were obtained from the explicit dyna
mic structural analysis. Critical information 
systems performed in various operational 
cylinder drums can be obtained by analyzing 
dynamic and operational load conditions. With 
a torque of 10.42 N m at 864 rpm, the 
computed dynamic load of 942.78 N is 
obtained, demonstrating the strong rotating 
forces at work. On the other hand, the highest 
tension and centrifugal tension acting on the 
belt system are considered when determining 
the operational loads, which vary between 
207.94 N and 220.64 N across three scenarios. 
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Fig. 11. Magnified directional deformation of the cylinder drum under applied dynamic load 

 

The relationship between time and the 
magnified deformation of the cylindrical drum 
under a dynamic load of 942.78 N is depicted 
in Figure (11). The results of the CAD model 
analysis were recorded using ANSYS 2023 R1 
software. The y-axis displays the magnified 
deformation value in millimeters, with values 
ranging from 0 mm to around 0.000003 mm. 
The x-axis depicts time in seconds, ranging 
from 0 to 10 seconds. The material's 
instantaneous reaction to dynamic stress is 
demonstrated by the initial, fast rise in 
deformation that occurs when the load is first 
applied on the blade, getting 2.39×10−6 mm. A 
stabilization period ensues, during which the 
deformation achieves equilibrium under the 
applied load. The cylindrical drum's greatest 
recorded deformation indicates how much it 
has distorted as a result of this dynamic load. 
Critical information on the material's 
mechanical characteristics, such as its 
elasticity and yield strength, which are crucial 
for engineering applications, can be gained by 
analyzing these results. Design concerns are 
informed by knowledge of how materials 
respond to dynamic loads, ensuring that 
structures can sustain anticipated stress 
without suffering from excessive deformation 
or failure. 

The drum's maximum displacement under o
perating load was estimated to be around 1.196

 mm, demonstrating that the structure stays wit
hin allowable deformation bounds and maintai
ns its integrity while in use. 
The stiffness values were determined to be 1.8
6×108 N m-1 for the drum and 1.07×108 N m-1 
for the decorticator blade, showing that both 
parts are sufficiently rigid to bear applied 
forces 
without buckling or deforming too much.  

The drum's damping coefficient of 
186,000.65 Ns m-1 and the blade's damping 
coefficient of 107,000.2 Ns m-1 indicate 
excellent energy dissipation, reducing 
vibrational response while in use and 
extending the machinery's lifespan. 
Furthermore, the design's safety factor of 1.25 
confirms its dependability under normal 
operating settings by reflecting a reasonable 
margin against potential failures. According to 
these findings, the breastplate and cylinder 
drum are both suitable for the dynamic stresses 
that are encountered during processing and are 
hence well suited for their intended uses. It is 
advised that these components be periodically 
inspected and monitored in order to handle any 
unexpected problems that might occur during 
extended operation. Overall, this research 
demonstrates the design's structural soundness 
and practicality of operation.   
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Table 5- The performance of the modified integrated machine compared to the existing machine 

Machine  
Operatio

n speed 

(rpm) 

Clearance 

(mm) 

Power 

consumpti

on (L h-1) 

Efficie

ncy 

(%) 

Output 

quality 
Loss  

Damage to 

fiber 

(%) 

Capacity (kg h-1) 

Combined decorticating & 

corm grating machine 
880 1-4 1.4 94.6 Very high  5.4% 3.4 1543.5 

Engine driven Warqe 

EnseteVentricosum 
1050 1-6 1.2 92 High  8% 6 315-615 

Design improvement and 

analysis of kocho, bulla, and 

fiber production machine 

650-1050 < 2 and > 2 1.3 
86.5-

93.12 
Medium  

0.83k

g 
10.16-1.92 57.63 

Fiber decorticator 860 1-3 1.1 94 High  
0.54 

kg 
3.5 978  

Fuel-powered decorticator 950  1-6 1.1 93-96 High  0.6 kg 6 565 

Corn granting machine  2,200 5×5 sieve 1.3 98 Very high  2%   No  1048.3 

Stainless steel decorticating 

machine 
950 - 

1050  
1-2 1.2 97 Very high  3% 4-2.5 581 

Modified and an integrated 

enset processing machine 
864 1- 4 1.4 96 Very high  4 % 2.3 1643.5 

 
The modified and integrated enset 

processing machine stands out for its excellent 
performance across several key factors. With 
an operation speed of 864 rpm, it provides a 
high efficiency of 96%, making it an ideal 
choice for large-scale operations where both 
speed and energy efficiency are critical. The 
machine maintains low fiber damage at 2.3% 
and losses at 4%, which makes it one of the 
better options when it comes to preserving the 
quality of the processed material. Additionally, 
it has a capacity of 1643.5 kg h-1, which is 
comparable to the Combined Decorticating & 
Corm Grating Machine (also at 1543.5 kg h-1) 
and positions it as a high-output machine in 
this comparison. 

When compared with other machines, the 
Modified and Integrated Enset Processing 
Machine offers significant advantages (Table 
5). It has a similar capacity and efficiency to 
the Combined Decorticating & Corm Grating 
Machine but achieves a slightly higher fiber 
preservation rate (2.3% compared to 3.4% in 
the Combined Decorticating & Corm Grating 
Machine), making it more favorable in terms 
of product quality. When compared with the 
Engine Driven Warqe, which operates at a 
higher rpm (1050) but has a lower capacity 
(315-615 kg h-1) and higher fiber damage 
(6%), the Modified and Integrated Enset 
Processing Machine is far superior in terms of 
throughput, efficiency, and fiber quality. 

Furthermore, the Design Improvement and 
Analysis of Kocho, Bulla, and Fiber 
Production Machine, despite a similar 
efficiency range (86.5%-93.12%), falls short in 
terms of both capacity (57.63 kg h-1) and fiber 
damage (up to 10.16%), making it less 
competitive for large-scale processing. 

 
Conclusion  

Crucial conclusions include the maximum 
tension in the belt system, which was 
calculated to be 235.2 N, and the importance 
of component stiffness and safety factors in 
ensuring the machine's operational reliability. 
The analysis of the shafts shows that shaft 1, 
with its superior resistance to torsional 
deformation and high safety factor, is optimal 
for high-load applications, while the lighter 
shafts (2, 3, and 4) are more suited to lower-
load scenarios but require careful monitoring 
to avoid failure. The cylinder drum and 
breastplate dynamic study highlights the 
significance of stiffness and energy 
dissipation. The drum's low deformation under 
load, coupled with its rigidity and damping 
qualities, validates its capacity to sustain 
dynamic loads without failing.  

Both the drum and the breastplate function 
well under operating conditions, and the 
design's safety factor (S.F.) for all components 
is 1.25, ensuring that the components operate 
within safe limits. A safety factor above 1 
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indicates a margin of safety between the 
material's strength and the stress it experiences 
during operation. Important information about 
the performance of the cylinder drum is 
revealed by the examination and analysis of its 
rigid dynamics under applied load. The figure 
representing the deformation behavior 
demonstrates that when the load is first 
applied, the drum experiences a quick initial 
distortion. This is followed by a stabilized 
period during which the deformation achieves 
equilibrium. The cylinder drum exhibits very 
little deformation when in use, as seen by the 
magnified deformation values, which range 
from 0 mm to roughly 0.000003 mm, and the 
deformation of the blade was 2.39×10−6 mm. 
This indicates that both the material and 
design of the drum are highly effective in 
withstanding dynamic loads. The analysis 
demonstrates the drum's elasticity, yield 
strength, and structural integrity, 
demonstrating its capacity to remain stable 
under the pressures present in normal 
operating circumstances. The drum's long-term 
dependability is indicated by this little 

deformation. The Modified and Integrated 
Enset Processing Machine offers a balanced 

combination of high capacity, excellent 
efficiency, low fiber damage, and optimal 
performance, making it a more reliable and 
effective option when compared to many of 
the other machines listed in Table 4. Its 
performance in terms of both speed and 
quality preservation positions it as a top 
contender for large-scale enset processing 
operations. 
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 مقاله پژوهشی 
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 Ensete ventricosum ینام علم با Ensetمحصول   یفرآور کپارچهی دستگاه یاجزا  لیو تحل بهبود

 1موئرا گوتو، *2پوروشوتام کوله  شوریک، 1بکِا آدوگنا

 03/11/1403تاریخ دریافت:  
 12/1403/ 26تاریخ پذیرش: 

 دهیچک 

انجام شد و تمرکززآ آب بززر روی ا ززآای کلنززدی تاندززد شزز ت  درام   Ensetین پژوهش با هدف بهبود طراحی و عملکرد دستگاه یکپارچه فرآوری  ا
های تکززاننکی و طراحززی به دلنل فرسودگی قطعات  خرابی Enset های تو ود فرآوریپلنت( و تنغه درام بود. دستگاهای  ص حه تحافظ )بِرِستاستوانه

شود. برای رفع این تشکلات  اصلاحات هدفمدد در طراحی قطعات دستگاه های عملناتی تیهایی توا ه هستدد که تدجر به چالشناتداسب با ناکارآتدی
شززده بززا اسززت اده اا روش ا ززآای انتخاب گردیززد. قطعززات اصلا  ASTMریآی شد. تواد تورد است اده برای این قطعات بر اساس استانداردهای برناته

طور دقنق تحلنل شدند. نتایج تطالعه نشاب داد که در دانشگاه علوم و فداوری آداتا  اتنوپی  به  ANSYS 2023 R1افآاربدچ نرمتحدود در تاژول ورک
  30ترتنب هززا بززهتگاپاسکال و حززداقل تدش 260و  400  250  120ترتنب برابر با ای  تنغه و ص حه تحافظ بهها برای ش ت  درام استوانهحداکثر تدش

تتر گآارش شد و ضریب ایمدی بنشنده برای همززه تنلی  35/0و    55/0   3/0   15/0ترتنب  ها ننآ بهتگاپاسکال بودند. بنشترین تغننر شکل  80و    120   70
است که درام  تنغه درام  ایکدد. طراحی به گونهدهد که اصلاحات انجام شده شرایط کاری ایمن را فراهم تیبود. این نتایج نشاب تی  15قطعات برابر با  

تتر برای تنغه درام( در تحدوده ضریب تنلی 39/2*  10 -6و ص حه تحافظ سختی کافی برای تحمل ننروهای عملناتی را دارند و تغننر شکل حداقلی )
تاند. علاوه بر این  دستگاه عملکرد بسنار خوبی در  ذب انرژی و پاسخ ارتعاشی اا خود نشاب داد که بنانگر استحکام ساختاری آب باقی تی  25/1ایمدی  
 .است
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Abstract 

Monitoring the status of machinery is a crucial aspect of production and service units to uphold operational 
efficiency. Timely changes in engine lubricant significantly contribute to enhanced performance and extended 
engine lifespan. However, determining the precise replacement time remains a challenge. Oil spectral analysis, 
while effective, is both expensive and time-intensive. This study aims to introduce an alternative method to 
engine lubricant spectral analysis. The investigation involves analyzing the results of spectral analysis and 
dielectric coefficients of 17 engine lubricant samples through statistical methods. The primary objective is to 
develop models for predicting oil contaminants based on dielectric properties, offering a substitute for spectral 
analysis. To achieve this, several intermediate goals are pursued. Multilayer perceptron artificial neural networks 
(MLP-ANN) and support vector machine (SVM) methods are employed for modeling. The performance of the 
two models is assessed using indicators such as Root Mean Square Error (RMSE), model efficiency, and R-
squared (R2). The results indicate that the SVM model consistently demonstrates an efficiency exceeding 0.95 
for all predicted indices (Fe, Pb, Cu, Al, Mo, Na, Si, and Vis@100). Consequently, dielectric spectroscopy of 
lubricant emerges as a viable alternative to traditional oil spectral analysis. 

 
Keywords: Dielectric constant, Engine lubricant condition monitoring, Metrology, Soft computing methods 

 
Abbreviations 

ASTM American Society for Testing and Materials DS Dielectric spectroscopy 

E Efficiency FTIR Fourier transform infrared 

GA Genetic algorithm ISM Industrial, Scientific and Medical 

MLP Multilayer Perceptron MAPE Mean absolute percentage error 

NN Neural network R2 Coefficient of determination 

RBF Radial basis function RFE Recursive feature elimination 

RMSE Root means square error SA Spectral Analysis 

SC Soft computing SVM Support vector machine 

TAN Total acid number VNA Vector network analyzer 

 

Introduction1 

Condition monitoring, a cornerstone of 
predictive maintenance, plays a pivotal role in 
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anticipating equipment failures, safeguarding 
safety, and adhering to regulatory 
requirements (Mosher, 2007). This is 
particularly crucial for complex systems, 
where a comprehensive assessment of 
operational parameters and human inspection 
findings is essential for evaluating equipment 
performance and identifying anomalous 
conditions (Pourramezan, Rohani, Keramat 
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Siavash, & Zarein, 2022). As illustrated in 
Figure 1, the evolution of maintenance 
strategies has transitioned from reactive 
approaches to proactive methods, including 
preventive and condition-based maintenance. 
This transformation has yielded substantial 

advancements in safety, reliability, and cost-
effectiveness across diverse industries such as 
manufacturing, transportation, agriculture, and 
energy production (Lazakis, Raptodimos, & 
Varelas, 2018; Pourramezan, Rohani, & 
Abbaspour-Fard, 2023b). 

 

 
Fig. 1. Evolution of maintenance strategies: a shift from reactive to proactive approaches (Pourramezan et al., 2023b) 

 
Engine lubricants play a multitude of 

crucial roles in optimizing engine performance 
(Zhu, Zhong, & Zhe, 2017). These lubricants 
effectively reduce friction and wear between 
moving components, facilitate heat transfer 
and energy distribution, prevent corrosion, and 
cleanse the internal engine compartments 
(Kim, Seo, Kang, & Kim, 2016; Mondelin, 
Claudin, Rech, & Dumont, 2011; Zhu, Wang, 
Luo, Zhang, & Liu, 2022). However, engine 
lubricants degrade over time, particularly at 
elevated temperatures, significantly impacting 
their tribological performance. This 
degradation manifests as a reduction in 
lubricant viscosity, base number (BN), and 
flash point, accompanied by the formation of 
detrimental substances such as heavy metals 
and polycyclic aromatic hydrocarbons (PAHs) 
(Heredia-Cancino, Ramezani, & Álvarez-
Ramos, 2018; Zzeyani, Mikou, & Naja, 2018). 
traditional machinery maintenance practices 
often involve monitoring lubricant levels and 

replacing lubricants based on mileage 
schedules. However, this "quantity-based" 
approach is no longer sufficient to ensure 
optimal lubrication performance and minimize 
power losses and maintenance costs. The 
development of advanced engine oil 
monitoring systems is essential for assessing 
lubricant degradation and maintaining 
lubrication effectiveness (Pourramezan, 
Rohani, & Abbaspour-Fard, 2025). Numerous 
sensors and systems have been developed by 
scientists and specialists for monitoring one or 
more of an engine's performance parameters 
(Hong & Jeon, 2022). These systems employ a 
diverse range of techniques, including 
electrical (magnetic), physical, chemical, and 
optical methods (Zhu et al., 2017). However, 
monitoring chemical changes in hydraulic oils 
and lubricants remains challenging due to the 
limitations of laboratory-based techniques for 
real-time industrial applications (Duchowski & 
Mannebach, 2006). The adoption of low-cost 
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condition monitoring techniques offers 
significant practical benefits and economic 
advantages (Woodley, 1978; You, Liu, & 
Meng, 2011). Additionally, continuous 
monitoring of error patterns and parameter 
variations is crucial for fault diagnosis and 
condition-based maintenance (Bhattacharya & 
Dan, 2014). 

Presence of contaminants, both solid and 
liquid particles, can lead to premature bearing 
wear and performance degradation 
(Pourramezan et al., 2022). Studies have 
demonstrated that contamination and physical 
changes significantly impact lubricant 
performance, invariably altering the lubricant's 
dielectric constant (Pourramezan et al., 2023b; 
Raadnui & Kleesuwan, 2005). The dielectric 
constant, a crucial indicator of oil aging, is 
also influenced by factors such as base oil 
type, additives, temperature, and electric field 
frequency (Chun, 2006; Gomółka & 
Augustynowicz, 2019). Published research has 
established a strong correlation between 
increased lubricant operating hours, oil sample 
degradation, and an increase in dielectric 
constant. In essence, determining the dielectric 
constant of an oil sample can provide insights 
into the lubricant's degradation rate. Studies 
have confirmed that extended oil operating 
hours lead to further degradation and an 
elevated dielectric constant (Altıntaş, Aksoy, 
Ünal, Akgöl, & Karaaslan, 2019). Researchers 
have employed dielectric spectroscopy to 
investigate engine lubricant oxidation and 
determine total acid number (TAN). Their 
findings, compared to Fourier transform 
infrared (FTIR) results, demonstrate the 
effectiveness of both methods in monitoring 
lubricant condition (Guan, Feng, Xiong, & 
Xie, 2011). One study has proposed a 
methodology for locomotive system 
maintenance. This research investigated the 
relationship between dielectric properties and 
metallic and non-metallic particles, including 
iron (Fe), aluminum (Al), chromium (Cr), lead 
(Pb), copper (Cu), zinc (Zn), and silicon (Si). 
Artificial neural networks were employed to 
explore the correlation between dielectric 
constant, dielectric loss factor, and oil 

impurities. The highest regression values (R) 
were obtained for the dielectric constant and 
dielectric loss factor at 7.4 GHz, with values of 
0.8513 and 0.8015, respectively (Altıntaş et 
al., 2019). Dielectric or impedance 
spectroscopy, a non-destructive technique, 
offers numerous advantages for researchers 
and engineers. Not only is it a cost-effective 
method, but it also provides valuable insights 
into the electrical behavior of materials 
(Gerhardt, 2022; Sapotta, Schwotzer, Wöll, & 
Franzreb, 2022).  

Fuzzy logic techniques and artificial neural 
networks (ANNs) have emerged as valuable 
tools for data analysis in the context of 
position analysis and equipment 
troubleshooting within autonomous 
monitoring systems for industrial equipment 
(Li, Fei, & Zhang, 2022). Recognizing the 
importance of reliability, safety, optimal 
machinery utilization, and the intricate nature 
of maintenance challenges, researchers have 
turned to soft computing methodologies for 
lubrication status monitoring (Król, Gocman, 
& Giemza, 2015; Li, Chang, Zhou, & Xiao, 
2017). Researchers have developed a support 
vector machine (SVM)-based model to 
identify and forecast external wear failures 
based on oil condition monitoring data. This 
study employed recursive feature elimination 
(RFE) to reduce independent variables within 
the model. The highest achieved accuracy in 
this work was 94.20%. The findings revealed 
that iron, aluminum, and lead are crucial 
factors in determining diesel engine erosion 
status (Li et al., 2017). Yu et al. proposed a 
method for diagnosing oil pump failures using 
radial basis function (RBF) neural networks 
(NNs) in conjunction with a genetic algorithm 
(GA). Their results demonstrated that the 
proposed model achieved an accuracy 
exceeding 96% (Yu, Zhao, Chen, & Hou, 
2016). Sanga et al. employed an RBF neural 
network to classify breakdowns based on 
information obtained from the car engine's 
airway. Their findings indicated that the RBF 
model could classify failures with an error rate 
of 2% (Sangha, Gomm, & Yu, 2008). 

A soft computing-based method (KNN and 
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RBF-ANN) was developed to evaluate engine 
health using a reduced set of lubricant 
parameters, reducing testing costs. Analyzing 
681 engine lubricant reports identified seven 
key indicators—iron, chromium, lead, copper, 
aluminum, nickel, and time depending on the 
particle quantifier (TDPQ)—that significantly 
impacted distinguishing between normal, 
caution, and critical wear stages. Both models 
exhibited high accuracy and sensitivity, with 
the RBF-ANN achieving an accuracy of 
approximately 99.85% across all three training 
set sizes (40%, 60%, and 80%). Overall, the 
findings suggest that soft computing methods 
can accurately diagnose engine health using a 
minimized set of indicators (Pourramezan et 
al., 2022). The impact of metal and non-metal 
contaminants on diesel engine conditions was 
investigated using Support Vector Machines 
(SVM) and Radial Basis Function (RBF) 
models. Among the models tested, RBF 
demonstrated the best generalization 
performance across varying dataset sizes (10% 
to 90%). The study also identified key metal 
contaminants, such as Cr, Si, and Fe, that 
significantly influenced engine identification 
in normal and critical states. The confusion 
matrix approach of RBF-NN achieved an 
accuracy of 99.38% in diagnosing the critical 
state of the engine (Rahimi, Pourramezan, & 
Rohani, 2022). The feasibility of using soft 
computing models to predict elemental 
spectroscopy of engine lubricants based on 
their electrical properties was explored. A 
dataset of 49 lubricant samples, including 
elemental spectroscopy and dielectric 
properties, was utilized to train and test models 
such as RBF, ANFIS, SVM, MLP, and GPR. 
The RBF model consistently provided the 
most accurate predictions for silicon at 7.4 
GHz, with root mean squared error (RMSE) 
and mean absolute percentage error (MAPE) 
values of 0.4 and 0.7, respectively 
(Pourramezan et al., 2023b). The potential of 
soft computing models for predicting the 

viscosity of used engine lubricant based on oil 
analysis results was evaluated. A dataset of 
555 engine oil analysis reports related to two 
types of oils (15W40 and 20W50) was 
employed. Six models, including SVM, 
ANFIS, GPR, MLR, MLP, and RBF, were 
developed and assessed for viscosity 
prediction. The RBF model demonstrated 
superior accuracy, consistency, and 
generalizability compared to the other models, 
achieving RMSE values of 0.20 during 
training and 0.11 during testing, and efficiency 
(EF) values of 0.99 during training and 1 
during testing (Pourramezan, Rohani, & 
Abbaspour-Fard, 2023a). 

In this work, we propose a novel approach 
to evaluating engine oil condition by 
employing dielectric spectroscopy (DS) as a 
non-invasive and cost-effective alternative to 
conventional spectral analysis (SA). DS 
measures the dielectric properties of oil over a 
wide range of frequencies, providing a wealth 
of data for developing robust soft computing 
(SC) models that accurately predict oil indices. 
Our research utilizes lubricant samples 
extracted directly from engines, ensuring the 
relevance of our findings to real-world 
conditions and enhancing their applicability. 
Despite the limited sample size, we believe our 
work serves as a promising proof-of-concept 
and paves the way for future validation on an 
industrial scale. The wide frequency range 
employed (300 MHz to 9 GHz) further 
enriches the data available for modeling, 
enabling deeper insights into oil degradation 
and performance. Additionally, our method 
holds the potential to significantly reduce the 
cost and time associated with engine oil 
spectral analysis, overcoming the limitations 
inherent in current monitoring practices. 

 

Materials and Methods 

The study was carried out in three distinct 
phases, as depicted in Figure 2.  
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Fig. 2. Research general process flow chart 

 
Spectral analysis method 

The study initially employed spectral 
analysis (SA) to characterize the diesel engine 
lubricants. Oil analysis involves measuring 
viscosity, acidity, wear, and metal 
contamination through spectroscopy (Macián, 
Tormos, Olmeda, & Montoro, 2003; Newell, 
1999). Sixteen diesel engine lubricant samples 
were obtained from various machines (road 
construction machines, mainly dump trucks). 
The oil grade (20W50) and engine type (TYM 
T2300T3) were identical for all samples. All 
the machines were property of the Tirage 

Company in Iran. The concentrations of Fe, 
Pb, Cu, Al, Mo, Na, and Si were determined 
according to ASTM D6595. Additionally, the 
viscosity at 100°C (Vis@100) was determined 
according to ASTM D445. One sample of 
fresh 20W50 lubricant was prepared for a 
more comprehensive study. Measurements 
were conducted at the commercial laboratory 
of Tavan Kav Net in Iran. All results are 
presented in Table 1. 

 

 

Table 1- The results of spectral analysis on lubricant samples 

Vis@100 Si Na Mo Al Cu Pb Fe 
Oil Hours Sample NO. 

Unit: Cst Unit: PPM 

16.23 8.79 3.46 48.68 3.62 2.83 0.98 11.05 100 1 
15.3 17.77 2.56 46.11 1.61 0 0.97 9.94 150 2 

20.03 9.23 8.99 50.36 10.18 0 1.64 30.25 50 3 
15.94 36.21 9.32 52.23 34.59 0 2.59 81.17 80 4 
15.99 7.14 2.33 36.24 1.09 1.8 0.59 13.19 100 5 
16.35 9.89 3.81 48.78 5.05 0 1.25 24.65 160 6 
15.33 6.11 2.86 45.75 1 0 0.92 9.24 130 7 
15.02 4.01 2.31 45.81 0.38 0 1.75 15.46 160 8 
17.5 16.29 9.99 28.84 10.93 4.42 7.78 39 100 9 

17.83 15.44 13.67 77.64 3.77 3.2 1.4 39.76 100 10 
17.81 16.55 4.15 37.75 13.45 0.18 1.23 34.69 70 11 
17.59 16.33 5.32 46.98 12.45 3.91 2.31 39.67 150 12 
18.64 40.05 3.46 52.53 10.95 1.17 2.76 86.06 50 13 
15.33 7.27 3.89 40.78 5.31 3.22 7.23 21.73 74 14 
7.85 7.22 1.2 26.86 0 1.79 3.23 8.17 100 15 

13.67 13.65 9.57 12.16 5.07 3.51 4.11 49.75 100 16 
22 0 0 0 0 0 0 0 0 17 (Fresh oil) 

 
Measurement of dielectric properties 

The second step involved measuring the 
dielectric properties of all 17 lubricant samples 
(16 used and one fresh) at various frequency 
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points. Every material in nature possesses 
fundamental electrical parameters, including 
permittivity, permeability, and conductivity. 
Permittivity exhibits both real and imaginary 
components, and their relationship with the 
dielectric constant is defined by Equation (1) 
(Altıntaş et al., 2019): 

(1) 𝑘 =  𝜀∗ =  𝜀′ − 𝑗𝜀′′ 
where k is the dielectric constant, also known 
as relative permittivity (𝜀∗). 𝜀′ represents the 
real part of the dielectric constant, while 𝜀′′ 
denotes the imaginary part. The symbol j 

represents the imaginary unit √−1. 
The dielectric constant of a material 

quantifies its ability to store electrical energy 
relative to free space. However, it can vary 
under different conditions, such as frequency, 
temperature, composition, and pressure 
(Mumby, 1989;  

Zeng, Zhang, Zhang, & Hu, 2010). The real 
part of the dielectric constant, ε', reflects a 
material’s ability to store electrical energy 
when subjected to an electromagnetic field. 
The imaginary part, ε'', indicates the 
dissipation of electromagnetic energy in the 

material. The loss coefficient,  
tan 𝛿, quantifies the conversion of 
electromagnetic energy into heat and is 
calculated using Equation (2) (Pourramezan, 
Rohani, & Abbaspour-Fard, 2024):  

(2) tan 𝛿 =
𝜀′′

𝜀′
 

In this study, a wide frequency band was 
employed to measure the dielectric properties. 
Furthermore, the probe reflectance method 
was employed to monitor the environmental 
state (Pourramezan et al., 2023b). This method 
involves determining the dielectric properties 
of lubricant samples by comparing the 
amplitude and phase values of the reflected 
wave with the radiated wave (Zarein, 
Khoshtaghaza, & Ameri Mahabadi, 2019). The 
dielectric properties (ε', ε'', tan 𝛿) of the 
lubricant samples were measured using an 
R&S ZVL 13 vector network analyzer (VNA) 
manufactured in the USA. This VNA can 
accurately analyze microwave absorbing 
properties in the 9 kHz to 13.6 GHz frequency 
range with ±0.2 dB accuracy (see Fig.3). 

 

  
Fig. 3. Experimental and schematic setup for dielectric properties measurement 

 
As shown in Figure 3, 50 ml of each 

lubricant sample was poured into a beaker, and 
a coaxial dielectric probe was inserted into the 
oil sample. Initially, the frequencies of 434, 
915, 2450, and 5800 MHz were considered, 
corresponding to industrial, scientific, and 
medical (ISM) frequencies (Nüchter, 

Ondruschka, Bonrath, & Gum, 2004). 
Subsequently, appropriate frequency points 
were determined within each frequency range. 
Finally, the measurements were conducted at 
40 frequency points distributed across the 300 
MHz to 9 GHz frequency range (Table 2). The 
measurements for each sample were repeated 
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three times under identical conditions to ensure consistency and accuracy. 
 

Table 2- Frequency points used in the 300 MHz to 9 GHz frequency range 

Frequency 

(GHz) 
Symbol Frequency 

(GHz) 
Symbol Frequency 

(GHz) 
Symbol Frequency 

(GHz) 
Symbol 

6.9495 f31 4.6895 f21 2.45 f11 0.3 f1 

7.1755 f32 4.9155 f22 2.6 f12 0.434 f2 
7.4015 f33 5.1415 f23 2.84 f13 0.675 f3 
7.6275 f34 5.3675 f24 3.085 f14 0.915 f4 
7.8535 f35 5.5935 f25 3.325 f15 1.16 f5 
8.0795 f36 5.8195 f26 3.565 f16 1.4 f6 
8.3055 f37 6.0455 f27 3.8 f17 1.64 f7 
8.5315 f38 6.2715 f28 4 f18 1.88 f8 
8.7575 f39 6.4975 f29 4.2375 f19 2.12 f9 

9 f40 6.7235 f30 4.4635 f20 2.36 f10 
 

Design of soft computing models 

This section explores the application of soft 
computing models to predict the values of oil 
analysis indices (Section 2.1) from their 
dielectric properties (Section 2.2). Soft 
computing systems directly utilize data to 
learn, eliminating the need for predefined 
equations to identify patterns and trends 
(Cardoso & Ferreira, 2020; Pourramezan et 
al., 2024). The backpropagation algorithm 
(Lillicrap, Cownden, Tweed, & Akerman, 
2016) serves as a learning mechanism, 
providing efficient weight adjustments and 
achieving low error rates. To enhance the 
performance of soft computing methods, the 
dielectric characteristic data are normalized 
using Equation (3) (Heidari, Rezaei, & 
Rohani, 2020; Rohani, Abbaspour-Fard, & 
Abdolahpour, 2011). This normalization 
technique transforms the data into a range 
between -1 and 1, ensuring consistency and 
facilitating the model's training process. Two 
soft computing models, multilayer perceptron 
(MLP) and support vector machine (SVM), 
were employed for this study. Their specific 
implementation details are described in the 
subsequent sections. 

𝐶𝑁 =
(𝐶𝑖 − 𝐶𝑚𝑖𝑛)

(𝐶𝑚𝑎𝑥 − 𝐶𝑚𝑖𝑛)
× (𝑟𝑚𝑎𝑥

− 𝑟𝑚𝑖𝑛) + 𝑟𝑚𝑖𝑛 
(3) 

The normalized value (CN) of each 
dielectric property is calculated using Equation 

(3), where Ci represents the original value of 
the dielectric property, Cmax and Cmin represent 
the maximum and minimum values of the 
property across all samples, and rmax and rmin 
represent the maximum and minimum values 
considered for the normalized data. 

 
Multilayer perceptron neural network (MLP-NN) 

The multilayer perceptron neural network 
(MLP-NN) comprises an input layer, an output 
layer, and one hidden layer. In this study, 
MLP-NN is employed to predict the spectral 
analysis indices (Fe, Pb, Cu, Al, Mo, Na, Si, 
and Vis@100) of engine lubricant using the 
dielectric properties of the oil (ε', ε'', tan 𝛿), as 
illustrated in Figure 4. The input layer is 
defined based on the correlation analysis of 
dielectric properties at different frequencies, as 
shown in Table 2. The output layer represents 
the desired spectral analysis index of the 
engine lubricant that we aim to predict. In 
modeling, the training set constitutes 80% of 
the dataset, while the testing set accounts for 
the remaining 20%. The hidden layer 
incorporates the sigmoid conversion function 
(Equation 4) (Ashtiani, Rohani, & Aghkhani, 
2020; Shi, Song, & Song, 2021). 

(4) 𝐼 =
1

1 + 𝑒− ∑ 𝐶𝑖𝑤𝑖𝑗+𝑏
 

where 𝐶𝑖 represents the ith input, b denotes the 
bias factor, and wij shows the weight of the jth 
neuron. 
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Fig. 4. MLP structure used to predict lubricant indices 

 

Support vector machine (SVM) 

Support vector machines (SVMs) were first 
introduced by Vapnik in the 1990s (Fayazi, 
Arabloo, Shokrollahi, Zargari, & Ghazanfari, 
2014). In this study, SVMs are utilized to 
predict the spectral analysis indices (Fe, Pb, 

Cu, Al, Mo, Na, Si, and Vis@100) of engine 
lubricants based on their dielectric properties 
(ε', ε'', tan 𝛿) at various frequencies (see 
Fig.5). 

 

  
Fig. 5. SVM structure used to predict lubricant indices 

 

 
Support vector machines (SVMs) are based 

on statistical learning principles, governed by 
the following relationships (Chamkalani, 
Mohammadi, Eslamimanesh, Gharagheizi, & 
Richon, 2012; Eslamimanesh et al., 2012). The 
nonlinear function employed in the SVM 

approach to approximate data sets {(X1, Y1), 
(X2, Y2), …, (Xn, Yn)} is given by Equation 
(5): 

(5) 𝑓(𝑥) = 𝑤𝜑(𝑥) + 𝑏 
where 𝜑(𝑥) represents a nonlinear mapping 
function, w represents the weight vector of the 
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input layer, and b represents the bias factor. 
SVM optimization is achieved by 

minimizing Equation (6) using the Lagrange 
function (Equation (7)): 

(6) 

𝑚𝑖𝑛𝑤,𝑏,𝑒𝐽(𝑤, 𝑒)

=  
1

2
‖𝑤‖2

+  
1

2
𝛾 ∑ 𝜉𝑖

2

𝑛

𝑖=1

 

𝑠. 𝑡. 𝑦𝑖 = 𝑤. 𝜑(𝑥𝑖) + 𝑏 +  𝜉𝑖, 𝑖

= 1,2, … , 𝑛 

(7) 

𝐿(𝑤, 𝑏, 𝜉, 𝛼) =
1

2
‖𝑤‖2 +  

𝛾

2
∑ 𝜉𝑖

2

𝑛

𝑖=1

−  ∑ 𝛼𝑖

𝑛

𝑖=1

(𝑤𝜑(𝑥𝑖)

+ 𝑏 +  𝜉𝑖 − 𝑦𝑖) 
where 𝜉𝑖 represents the regression error for n 
training items, γ is the regularization 
parameter, αi is the Lagrange coefficient, and 
Equation (7) is obtained by considering partial 
derivatives of w, b, ξ, and α. 

 
Performance evaluation of soft computing models 

This study aims to predict spectral analysis 
indices for engine lubricants based on 
dielectric properties measured at different 
frequencies. The performance of the soft 
computing models, namely MLP and SVM, is 
assessed using four metrics: root mean square 
error (RMSE), mean absolute percentage error 
(MAPE), model efficiency (E), and R-squared 
(R2) (Pourramezan, Omidvar, 
Motavalizadehkakhky, Zhiani, & Darzi, 2024; 
Pourramezan & Rohani, 2024; Siavash et al., 
2021; Soltanali, Rohani, Abbaspour-Fard, & 
Farinha, 2021): 

(8) 𝑅𝑀𝑆𝐸 =  √
∑ (𝑦𝑝𝑖 − 𝑦𝑒𝑖)2𝑛

𝑖=1

𝑛
 

(9) 𝑀𝐴𝑃𝐸 =  
1

𝑛
∑

|𝑦𝑝𝑖 − 𝑦𝑒𝑖|

𝑦𝑝𝑖

𝑛

𝑖=1

 

(10) 𝐸 =  
1

𝑛
∑(𝑦𝑝𝑖 − 𝑦𝑒𝑖)

2

𝑛

𝑖=1

 

(11) 

𝑅2

=  
(∑ (𝑦𝑒𝑖 − 𝑦𝑒𝑖̅̅̅̅ )(𝑦𝑝𝑖 − 𝑦𝑝𝑖̅̅ ̅̅ )𝑛

𝑖=1 )2

∑ (𝑦𝑒𝑖 − 𝑦𝑒𝑖̅̅̅̅ )2𝑛
𝑖=0 ∑ (𝑦𝑝𝑖 − 𝑦𝑝𝑖̅̅ ̅̅ )2𝑛

𝑖=0

 

where 𝑦𝑝𝑖 and 𝑦𝑒𝑖 represent the predicting and 

the measuring indices of engine lubricant 
spectral analysis, respectively. Here, 𝑛 
represents the number of oil samples. 

To assess the performance of the soft 
computing models, we evaluated the mean, 
variance, and normal distribution of the 
predicted values. After comparing the MLP 
and SVM models, the regression diagram of 
the predicted and actual values for the superior 
model was plotted. 

 

Results and Discussion 
The optimal frequency for the study was 

initially identified based on the highest value 
of the determination coefficient (R2) (see 
Fig.6). Subsequently, the ability of dielectric 
indices (ε', ε'', tan 𝛿) to predict the spectral 
analysis indices of engine lubricants was 
examined using soft computing techniques. 

As depicted in Figure 6, the ε' index 
exhibited superior performance in the 
pollution assessment at f40 frequency (R2 = 
75.16) and the viscosity assessment at f40 
frequency (R2= 4.95). However, R2 = 4.95 is 
insufficient for reliable prediction. The ε' index 
also demonstrated exceptional performance in 
the wear and total assessments at f24 
frequency (R2= 99.29). Additionally, Figure 6 
reveals that the ε'' index achieved the highest 
R2 value of 88.21 in the pollution assessment 
at f26 frequency. Furthermore, the ε'' index 
exhibited the best results in the wear (R2= 
99.41), viscosity (R2= 26.14), and total 
assessments at frequency f1, respectively. 
However, R2= 26.14 is not sufficiently robust 
for viscosity prediction. As shown in Figure 6, 
the tan 𝛿 index demonstrated exceptional 
performance in the pollution assessment at f26 
frequency (R2= 88.81) and the viscosity 
assessment at f1 frequency (R2= 24.93). While 
R2 = 24.93 is insufficient for accurate 
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prediction, the tan 𝛿 index also achieved the 
highest R2 value of 99.35 in the wear and total 

assessments at f40 frequency. 
 

 

 
Fig. 6. R2 of dielectric properties (𝜀′, 𝜀′′, tan 𝛿) at different frequencies (Table 2) by attention to various evaluated 

lubricant conditions 

 
Setting input parameters for MLP and SVM 

As described in the Materials and Methods 
section, MLP and SVM models were 
employed to predict the spectral analysis 
indices of engine lubricants from the measured 
values of dielectric properties (ε', ε'', tan 𝛿) at 

different frequencies. The neural network 
inputs were determined based on the 
correlation analysis and expert judgment 
presented in Table 3. 

 
Table 3- Neural network input parameters for MLP and SVM 

Inputs model* Predicted index 
p1, p12, p23, p27, p34, z 1, z2, z27, z34 Vis@100 
p12, p27, z1, z2, z12, z34, d 1, d2, d12 Si 

p1, p12, p23, p27, p34, z1, z12, z27, z34 Na 
p1, p12, p27, z1, z2, z12, z27, z34, d1, d2, d12, d27 Fe 

p1, p12, p15, p16, p23, p27, p28, p34, z1, z2, z12, z27, z30, z34, d1, d2, d3, d12, d24, d25, d26, 

d27, d35, d39 Pb 

z31, z32, z33, z34, z35, z36, z37, z38, z39, d30, d31, d32, d33, d34, d35, d36, d37, d38, d39 Cu 
p1, p2, p12, p22, p26, p27, p38, z1, z2, z3, z12, z17, z27, z29, z34, d1, d2, d3, d12, d27 Al 
p1, p2, p12, p22, p26, p27, p38, z1, z2, z3, z12, z17, z27, z29, z34, d1, d2, d3, d12, d27 Mo 

*The p, z, and d are 𝜀′, 𝜀′′, and tan 𝛿, respectively. The numeral of each symbol represents the measured frequency 

point (attention to Table 2). 



Pourramezan et al., Assessing Viscosity and Contaminant Levels in Diesel …     437 

 
Comparing the performance of MLP and SVM 

In this section, the MLP and SVM models 
developed in Section 3.1 are evaluated and 
compared using the performance metrics 
RMSE, MAPE, and E (Table 4). Generally, 

smaller values of RMSE and MAPE indicate 
better model performance, while E values 
closer to 1 indicate improved model accuracy. 

 
Table 4- Comparative performance of the SVM and MLP models 

MLP SVM 
Phase Predicted 

index E MAPE RMSE E MAPE RMSE 
0.98 1.91 0.38 0.99 1.2 0.23 Train 

Vis@100 0.96 1.99 0.49 0.96 2.74 0.49 Test 
0.97 1.93 0.41 0.99 1.5 0.3 Total 
0.99 - 0.5 0.99 - 0.74 Train 

Si 0.97 - 1.5 0.99 - 1 Test 
0.99 - 0.8 0.99 - 0.8 Total 
0.96 - 0.69 0.98 - 0.43 Train 

Na 0.92 - 0.93 0.98 - 0.52 Test 
0.95 - 0.75 0.98 - 0.45 Total 
0.92 - 5.83 0.99 - 1.88 Train 

Fe 0.93 - 5 0.95 - 4.44 Test 
0.93 - 5.67 0.98 - 2.59 Total 
0.61 - 0.99 0.98 - 0.21 Train 

Pb 0.71 - 0.82 0.91 - 0.46 Test 
0.62 - 0.96 0.97 - 0.28 Total 
0.88 - 0.57 0.96 - 0.34 Train 

Cu 0.81 - 0.97 0.96 - 0.46 Test 
0.86 - 0.67 0.96 - 0.37 Total 
0.86 - 2.38 0.99 - 0.65 Train 

Al 0.94 - 2.09 0.98 - 1.16 Test 
0.89 - 2.32 0.99 - 0.78 Total 
0.82 - 7.25 0.99 - 1.05 Train 

Mo 0.82 - 5.47 0.98 - 1.84 Test 
0.82 - 6.94 0.99 - 1.24 Total 

 
Table 4 presents the performance of the 

MLP and SVM models in predicting the 
spectral analysis indices of engine lubricants. 
The results indicate that the SVM model 
consistently exhibits superior performance 
across all indices, as evidenced by its higher E 
values and lower RMSE scores. For instance, 
in the prediction of iron content, the SVM 
model achieved an E value of 0.98 and an 
RMSE of 2.59, compared to the MLP model's 
0.93 and 5.67, respectively. Similarly, Table 5 
compares the MLP and SVM models based on 
the mean, variance, and normal distribution of 
the predicted values, confirming the SVM 

model's superior modeling capabilities. Figure 
7 depicts the coefficient of determination (R2) 
between the actual and predicted values of the 
spectral analysis indices. The R2 values for 
both training and testing stages demonstrate 
that the SVM model closely aligns the actual 
and predicted values. This is further evident 
from the slopes of the regression lines, which 
approach unity and zero in the SVM model. 
Consequently, the SVM model successfully 
predicts the values of most spectral analysis 
indices with a high degree of accuracy, 
achieving an R2 value of approximately 0.99. 
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Table 5- Evaluating MLP and SVM models by mean, variance, and normal distribution 

MLP SVM 
Phase Predicted index 

Distribution Variance Mean Distribution Variance Mean 
0.9 0.98 0.83 0.99 0.83 0.95 Train  

Vis@100 
0.11 0.99 0.81 0.11 0.92 0.82 Test 
0.69 0.99 0.76 0.69 0.86 0.96 Total 
0.99 0.99 0.99 0.55 0.85 0.98 Train 

Si 0.97 0.99 0.99 0.97 0.86 0.92 Test 
0.96 0.98 0.99 0.37 0.91 0.95 Total 
0.9 0.85 0.99 0.55 0.72 0.93 Train 

Na 0.68 0.99 0.77 0.97 0.89 0.9 Test 
0.52 0.86 0.89 0.52 0.7 0.89 Total 
0.99 0.74 0.98 0.9 0.79 0.94 Train 

Fe 0.97 0.94 0.97 0.97 0.71 0.99 Test 
0.96 0.74 0.99 0.85 0.69 0.94 Total 
0.01 0 0.49 0 0.53 0.94 Train 

Pb 0.68 0.52 0.54 0.31 0.47 0.72 Test 
0 0 0.36 0 0.39 0.83 Total 

0.74 0.51 0.71 0.55 0.67 0.94 Train 
Cu 0.97 0.95 0.94 0.97 0.88 0.99 Test 

0.69 0.65 0.72 0.52 0.65 0.96 Total 
0.09 0.08 0.46 0.94 0.85 0.97 Train 

Al 0.97 0.97 0.8 0.77 0.99 0.74 Test 
0.06 0.22 0.46 0.52 0.97 0.55 Total 
0.55 0.15 0.86 0.74 0.81 0.95 Train 

Mo 0.97 0.2 0.85 0.31 0.89 0.95 Test 
0.52 0.08 0.82 0.37 0.78 0.94 Total 

 
Sensitivity analysis 

The SVM model demonstrated superior 
performance in predicting the spectral analysis 
indices of engine lubricants, as evidenced by 
its higher E values, lower RMSE scores, and 
closer alignment of actual and predicted values 
(Tables 4 and 5). Further analysis revealed that 
the SVM model's regression line closely 
approximates unity and zero, indicating a high 
degree of accuracy. Sensitivity analysis plays a 
crucial role in model development and 
application by identifying the most influential 
parameters and simplifying the model 
(Glagolev, 2012). It enables the assessment of 
how changes in input parameters affect the 
model's output (Iooss & Lemaître, 2015). In 
this study, sensitivity analysis was employed 
to evaluate the importance of each dielectric 
index value in predicting the spectral analysis 
indices of engine lubricants. RMSE was used 
as the criterion for assessing sensitivity. 
Therefore, if removing an input increases 
RMSE, it indicates its significance (RMSE 

should approach zero). Conversely, if 
removing an input reduces RMSE, it suggests 
its lower importance (Chaudhry, Buchwald, & 
Nagel, 2021; Rezaei, Rohani, Heidari, & 
Lawson, 2021). Figure 8 illustrates the results 
of sensitivity analysis conducted by the SVM 
model to predict the spectral analysis 
parameters of engine lubricants. 

The sensitivity analysis results for 
predicting viscosity revealed that removing 
inputs z27, p23, p27, and z34 resulted in 
increased RMSE, indicating their higher 
significance. Conversely, removing inputs 
p34, z1, and z27 did not significantly impact 
RMSE. Removing inputs p1 and p12 led to 
reduced RMSE, implying their lower 
significance. Three models with reduced 
inputs were subsequently proposed; however, 
none improved RMSE. The sensitivity analysis 
for predicting silicon indicated that removing 
inputs p12, p27, d12, and z34 increased 
RMSE, while eliminating inputs d1, d2, z1, z2, 
and z12 reduced RMSE. 
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Fig. 7. Comparison of experimental and predicted lubricant spectral analysis (SA) indexes using the SVM model 
 

Two models with limited inputs were 
proposed, and one (p12, p27, z34, d1, and d12) 
achieved improved RMSE. Sensitivity analysis 
for predicting sodium showed that removing 

inputs z27 and p34 increased RMSE, while 
removing inputs p1, p12, p27, and z12 had no 
significant impact. Removing inputs p23, z1, 
and z34 decreased RMSE, suggesting their 

Train: y=0.98x+0.50, R2 = 0.99

Test: y=1.06x-0.34, R2 = 0.99

0

5

10

15

20

25

30

35

40

0 5 10 15 20 25 30 35 40

P
re

d
ic

te
d

 S
i

Experimental Si 

Train

Test

Best fit

Train: y=0.96x+0.58, R2 = 0.99

Test: y=1.02x-0.07, R2 = 0.99

7

9

11

13

15

17

19

21

7 9 11 13 15 17 19 21

P
re

d
ic

te
d

 V
is

co
si

ty
 

Experimental Viscosity 

Train

Test

Best fit

Train: y=0.97x+1.37, R2 = 0.99

Test: y=0.80x+8.58, R2 = 0.98

0

10

20

30

40

50

60

70

80

90

0 10 20 30 40 50 60 70 80 90

P
re

d
ic

te
d

 F
e 

Experimental Fe 

Train

Test

Best fit

Train: y=0.94x+0.38, R2 = 0.99

Test: y=0.94x-0.50, R2 = 0.98

0

2

4

6

8

10

12

14

0 2 4 6 8 10 12 14

P
re

d
ic

te
d

 N
a

Experimental Na

Train

Test

Best fit

Train: y=0.91x+0.21, R2 = 0.96

Test: y=0.93x+0.16, R2 = 0.96

0

1

2

3

4

5

6

7

8

0 1 2 3 4 5 6 7 8

P
re

d
ic

te
d

 C
u
 

Experimental Cu 

Train

Test

Best fit

Train: y=0.90x+0.17, R2 = 0.99

Test: y=0.77x+0.58, R2 = 0.97

0

1

2

3

4

5

0 1 2 3 4 5

P
re

d
ic

te
d

 P
b

Experimental Pb 

Train

Test

Best fit

Train: y=0.96x+1.33, R2 = 0.99

Test: y=0.95x+1.96, R2 = 0.98

0

10

20

30

40

50

60

70

80

0 10 20 30 40 50 60 70 80

P
re

d
ic

te
d

 M
o

Experimental Mo

Train

Test

Best fit

Train: y=0.94x+0.39, R2 = 0.99

Test: y=0.99x-0.72, R2 = 0.99

0

5

10

15

20

25

30

35

0 5 10 15 20 25 30 35

P
re

d
ic

te
d

 A
l 

Experimental Al 

Train

Test

Best fit



440     Journal of Agricultural Machinery Vol. 16, No. 3, Fall, 2026 

 

lower significance. One model (p1, p12, p27, 
p34, z12, and z27) was proposed and 
successfully improved RMSE. Iron prediction 
sensitivity analysis revealed that removing 
inputs p27, d27, and d1 resulted in increased 
RMSE, while removing inputs z12, z27, z34, 
p1, p12, z1, d2, d12, and z2 reduced RMSE. 
One model (z12, z27, z34, p1, p12, p27, d1, 
and d27) was suggested and improved RMSE. 
Lead prediction sensitivity analysis indicated 
that removing inputs d25, z1, d27, d39, d15, 
z12, d12, z27, p1, d2, d3, z2, p12, p16, p27, 
p34, d1, p28, d26, z34, d24, d35, and p23 led 
to increased RMSE, while removing input z30 
reduced RMSE. No model with limited inputs 
improved RMSE. The sensitivity analysis for 
predicting copper revealed that removing 
inputs d39, z35, d31, z36, z39, and d33 
increased RMSE, while removing input d38 
did not affect RMSE and removing inputs d32, 
d35, z32, z33, z37, z38, d30, d36, d37, z31, 
z34, and z35 decreased RMSE. One model 
(d39, z35, d31, z36, z39, d33, d38, d32, and 
d35) was proposed and successfully improved 
RMSE. 

The sensitivity analysis for predicting 
aluminum revealed that removing inputs d12, 
d3, z3, z27, z17, d2, z29, z34, and d27 led to 
increased RMSE, indicating their higher 
significance. Conversely, removing inputs p1, 
p2, p12, p22, p26, p27, z1, z2, z12, and d1 had 
no significant impact on RMSE. Removing 
input p38 resulted in reduced RMSE, 
suggesting its lower significance. A model 
with the reduced inputs (d12, d3, z3, z27, z17, 
d2, z29, z34, d27, and p1) was proposed and 
successfully improved RMSE. Molybdenum 
prediction sensitivity analysis indicated that 
removing inputs z27, z12, z34, z17, d3, z2, 
p38, z1, p2, d12, p12, p1, z29, d27, d2, z3, and 
d1 led to increased RMSE, while removing 
inputs p27, p22, and p26 resulted in reduced 
RMSE. No model with limited inputs 
improved RMSE. 

Building upon the insights gained from 
sensitivity analysis, the final models for 
predicting the viscosity, Si, Na, Fe, Pb, Cu, 
Mo, and Al values of engine lubricant using 
SVM were proposed. While models with 

fewer inputs were considered for viscosity 
prediction, none of them could significantly 
enhance the RMSE. For Si prediction, a model 
with reduced inputs was proposed, and it 
successfully improved RMSE. Similarly, 
models with less significant inputs were 
identified for Na and Fe predictions, leading to 
improved RMSE values. In contrast, a model 
with more significant inputs was developed for 
Pb prediction, but it failed to improve RMSE. 
For Cu and Al prediction, models with less 
significant inputs were found, and they 
effectively reduced RMSE. Overall, the final 
models exhibit promising accuracy, as RMSE 
improvements were achieved by eliminating 
less influential inputs. 

 
Conclusion 

This study investigated the dielectric 
properties (ε', ε'', tan δ) of 17 lubricant 
samples, including 16 used oil samples and 
one fresh oil sample. Dielectric measurements 
were performed at 40 frequencies ranging 
from 300 MHz to 9 GHz. Initially, the 
correlation between dielectric properties and 
lubricant conditions was analyzed in four 
evaluation categories: pollution, erosion, 
viscosity, and general. The dielectric constant 
(ε') index exhibited the highest coefficient of 
determination (R2) for pollution at frequencies 
f40, f24, and f26, and for erosion, viscosity, 
and general at frequencies f26, f40, f1, and 
f40, respectively. The dielectric loss tangent 
(tan δ) index displayed the strongest 
correlation with pollution at frequency f27 and 
with erosion, viscosity, and general at 
frequencies f1, f26, and f40, respectively. 
Subsequently, multilayer perceptron (MLP) 
and support vector machine (SVM) models 
were designed to predict the spectral analysis 
indices of engine lubricants based on dielectric 
properties. The inputs for these models were 
determined using correlation and speculation 
analyses. The performance of the models was 
evaluated and compared using three metrics: 
root mean squared error (RMSE), mean 
absolute percentage error (MAPE), and 
efficiency (E). 
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Fig. 8. Result of sensitivity analysis (attention to Table 3) 
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The SVM model outperformed the MLP 

model and was selected as the preferred model 
for predicting lubricant condition indices. 
Sensitivity analysis was employed to assess 
the importance of each model input. The 
findings of this study demonstrate that soft 
computing techniques can effectively estimate 
the spectral analysis indices of engine 
lubricants (Fe, Pb, Cu, Al, Mo, Na, Si, and 
Vis@100) using their dielectric properties (ε', 
ε'', tan δ). This approach offers a promising 
and practical method for monitoring the 
condition of diesel engine lubricants, 
particularly for off-road machinery operating 
in remote areas with limited access to oil 
analysis laboratories. The SVM model 
achieved an efficiency score exceeding 0.95 
for all predicted indices, highlighting its 
potential for real-world applications. While the 
limited sample size somewhat restricts the 
scope of this research, the results provide a 
strong proof-of-concept and pave the way for 
further validation on an industrial scale. 
Despite the potential for online and portable 
equipment implementation, the study's 
laboratory setting under controlled conditions 
raises concerns about the accuracy and 
consistency of input data in real-world 
scenarios. Therefore, further research 
involving a larger statistical population and a 
broader range of lubricant types is necessary to 
fully assess the comprehensiveness and 
commercialization potential of this method. 
The accuracy of predictions based on electrical 
properties may depend on the quality and 
consistency of the input data, emphasizing the 
need for rigorous validation in field 
conditions. 
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 چکیده

موقع های حیاتی واحدهای تولیدی و خدماتی برای حفظ کارایی عملیاتی استتتا از ایتتن روو تعتتوی  بتتهآلات یکی از جنبهنظارت بر وضعیت ماشین
کندا با این حالو تعیین زمان دقیق تعوی  همچنان یک چالش افزایش طول عمر موتور کمک میتوجهی به افزایش عملکرد و  طور قابلروغن موتور به

بر استا هدف این مطالعه معرفتتی یتتک روش جتتایرزین بتترای تیلیتتل طیفتتی که موثر استو هم گران و هم زماناستا آنالیز طیفی روغنو در عین این
هتتای نمونه روغتتن موتتتور از طریتتق روش 17الکتریک روانکار موتور استا این تیقیق شامل تجزیه و تیلیل نتایج تجزیه و تیلیل طیفی و ضرایب دی

الکتریک است که جایرزینی برای تجزیتته و های موجود در روغن بر اساس خواص دیبینی آلایندههایی برای پیشآماری استا هدف اصلی توسعه مدل
و  (MLP-ANN) عصبی مصتتنوعی پرستتنترون چندلایتته شبکه اشوددهدا برای رسیدن به این هدف چند هدف میانی دنبال میتیلیل طیفی ارائه می

 هایی مانند ریشتته میتتانرین مربعتتات خطتتاشوندا عملکرد دو مدل با استفاده از شاخصسازی استفاده میبرای مدل  (SVM)ماشین بردار پشتیبان    روش
(RMSE) 2(و کارایی مدل و ضریب تبیین(R دهد که مدلشودا نتایج نشان میارزیابی میSVM  را بتترای همتته  95/0طور مداوم کارایی بتتیش از به
عنوان کننتتده بتتهالکتریتتک روانسنجی دیدهدا در نتیجهو طیفنشان می(  Vis@100و   Siو  Naو  Moو  Alو  Cuو  Pbو  Fe)  شدهبینیهای پیششاخص

 .باشدمی یک جایرزین مناسب برای آنالیز مرسوم طیفی روغن متصور

 
 روغن موتور  تینظارت بر وضع ویمترولوژ ومیاسبات نرم یهاروش کویالکتریثابت د واژه های کلیدی: 
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Abstract 

Agriculture is the most prominent industry in developing countries and also ranks as one of the most 
dangerous professions. Tractors and grain combine harvesters are two of the main self-propelled agricultural 
machines. Agricultural machines, despite their irreplaceable role in increasing productivity, contribute 
significantly to agricultural accidents. This study was conducted to investigate the current rates and severity of 
accidents and human casualties related to agricultural tractors and grain combine harvesters in Ilam province, 
Iran. Evaluations were conducted using data from the years 2019-2023.Over these five years, the accident 
frequency for agricultural combines and tractors was 61 and 43, respectively, indicating a statistically significant 
difference. Among the tractor drivers in this research, the most frequent accidents occurred due to the power 
take-off shaft (P.T.O.), helices, and feeding rollers. Among combine drivers, accidents were most common at the 
shear points of the machine (cutter bars, gears, etc.). This research evaluated the factors affecting field accidents 
related to tractors and combines and estimated the accident rates. Accident rates, including AFR (Accident 
Frequency Rate), ASR (Accident Severity Rate), FIR (Fatal Incident Rate), and FSI (Frequent Severity Index), 
were calculated. The rates of AFR, ASR, FIR, and FSI were 25.84, 45.82, 1.66, and 1.066% for combine 
harvesters, and 5.60, 12.63, 4.44, and 0.262% for tractor accidents, respectively. The nonfatal rate for combine 
harvesters was 6445 per 100,000, and for agricultural tractors, it was 4334 per 100,000. Tractor accidents had a 
higher fatality rate than combine harvesters, with 445 fatalities per 100,000 for tractors compared to 333 per 
100,000 for combine harvesters. 

 
Keywords: Accident survey, Accident indices, Accident factors, Combine, Operator safety, Tractor 

 
Introduction1 

The occurrence of incidents in agricultural 
occupations is inevitable. Identifying the 
factors affecting the incidence of accidents can 
help reduce accidents among farmers 
(Moradhaseli, Farhadian, Abbasi & 
Ghofranipour, 2017). Work-related stress is 
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one of the most important variables affecting 
productivity, resulting from the interaction of 
environmental factors, work capacity, and 
excessive work, and it affects health and 
performance (Karimi et al., 2024). According 
to global reports, harmful accidents resulting 
from work activities cause 150,000 work 
injuries and 1,400 deaths annually in Iran 
(Abbasi Balochkhaneh, Ghotbi Ravandi, 
Golkhani, Baes's mat & Hasan pour Sodre 
Jani, 2016). An accident is an unforeseen and 
unexpected event that causes injury 
(International Labour Organization, 2011). In 
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order to prevent injuries to tractor operators 
during agricultural operations, and for them to 
be able to maintain adequate reaction time, the 
tractor users should drive less than 8 hours 
during the work-day (Mohammadi, 
Kheiralipour, Ghamary, Jahan Bakhshi & 
Shahidi, 2023). One of the most important 
debates in agricultural mechanization is the 
issue of human safety when working with 
machines, which has become a prominent 
topic in ergonomics science today (Gholami, 
Kalantari & Rajabi Vandechli, 2017). 

Occupational diseases related to workplaces 
are typically explained as disorders or illnesses 
that negatively affect work productivity 
(Hamalainen, Takala & Kiat, 2017). Despite 
the use of unsafe implements in tractors 
compared to other machines, tractors are still 
used for agricultural activities and 
transportation on farms (Kasar, Comer pay, 
Ilhan, Eroğlu, & Deniz, 2023). Recently, 
attention to health, efficiency, and safety in the 
workplace has increased. Agriculture is one of 
the human work activities with the highest risk 
indices (Cecchini, Bedini, Musetti, Marino, & 
Stasi, 2018). Mechanization has increased 
agricultural productivity and made work 
easier. However, it has also increased 
accidents and injuries when operators and 
farmers work with agricultural machinery 
(Shikha & Chaudhari, 2016). The importance 
of safety in agricultural activities is promoted 
by the development of standard rules related to 
professional work and equipment safety 
(Fargnoli, Lombardi, Haber, & Puri, 2018). 
Tractors are a main source of agricultural 
injuries, particularly those caused by 
overturning. To prevent accidents due to 
overturning, rollover protective structures are 
provided with tractors (Singh, Tewari, & Hota, 
2023). Approximately 337 million job 
accidents occur annually, with occupational 
injuries and accidents in agriculture occurring 
for various reasons (Sarkar, Vinay, Raj, Maiti, 
& Mitra, 2018). 

Accidents usually occur as a result of a 
combination of accumulated problems, such as 
machine breakdowns, operator interventions, 
and human error. Studies have identified 

agriculture as one of the most dangerous jobs 
in the world (Pawlak, Nowakowicz-Debek, 
Wlazlo, Maksym, & Sasakova, 2017). The 
main causes of agricultural machinery 
accidents are slipping, falling, crush points, 
and pinch points. Crushing of operators (35%), 
improper control of the machine during 
agricultural activities (28.7%), and 
breakdowns, injuries, or overturning (19.5%) 
are the most common accident causal factors 
(Gite, Tiwari, & Khadatkar,2010). Operators 
are exposed to erosion factors and work 
injuries while driving. Due to a lack of proper 
maintenance and service, insufficient 
management, and non-standard driving, 
farmers are at risk of injuries (Quendler et al., 
2014). Agricultural activities cannot be 
performed without the use of modern 
agricultural machinery. The performance of 
grain combine harvesters depends on factors 
such as operator skill, distractions, and errors 
(Du, Dorneich, Steward & Mackenzie, 2016). 
Moments of error while driving are common 
and can sometimes have significant 
consequences. In fact, accidents involving 
agricultural tractors are the leading cause of 
work-related deaths in the agricultural industry 
in many countries (Jun, 2014). Agriculture is 
one of the most dangerous job sectors for 
farmers, operators, and workers. Therefore, 
decisions aimed at improving safety in 
agricultural workplaces need to take into 
account the behavior of farmers, operators, 
workers, and related factors (Damalas, 
Koutroubas, & Abdollahzadeh, 2019). 
Accidents in agriculture occur due to 
neglecting safety factors, lack of knowledge 
and education, and poor design of agricultural 
machinery and equipment. Approximately half 
of the world's population is employed in the 
agricultural sector, which fulfills the basic 
needs of their lives through agricultural 
activities (Maisyaroh, Widianto, & Fibriansari, 
2022). Physiological factors during work 
activities are one of the challenges of 
occupational health. The force of gravity 
affects human health at work. Therefore, the 
mechanization of work can prevent work 
hazards (Hayati, Marzban, & Asoodar, 2022). 
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The most significant cause of death in this 
sector is injuries caused by accidents. The 
available information on the use of protective 
equipment in tractors is scarce, and when 
operators do have access to this equipment, 
they frequently employ it in an unsafe manner. 
(Antunes, Cordeiro, & Teixeira, 2018). Studies 
show that tractors are involved in 14% of 
agricultural accidents, and fatal accidents 
related to agricultural machines are 8 times 
more common than those involving other types 
of machines (Murphy et al., 2010). Tractors 
are known to be the leading cause of 
occupational accidents in agricultural 
operations. Tractor overturns are the primary 
cause of fatal accidents, especially when 
tractors are used without protective structures 
(Arnal, López-Maestre Salas, Arazuri, 
Mangado, & Jaren, 2017). Many factors 
contribute to the increase in fatal tractor 
accidents, including operator error, tractor 
technical issues, and environmental conditions 
related to agricultural activities. To reduce 
accidents, these factors must be addressed 
(Ehlers & Field, 2017). Based on incidents in 
some countries, despite the relatively low 
number of agricultural machine accidents, the 
rate of severe injuries and fatalities is higher 
than the global average (Mayrhofer, Quendler, 
& Boxberger, 2013). 

There are few studies about combine 
accidents in the world. In one study, 60 
accidents were evaluated, and according to 
research reports, 10 people were killed and 40 
people were trapped and injured due to falling 
from combine harvester (Health & Safety 
Executive, 2012). Another study examined 
road and farm accidents related to combine 
harvesters, investigating 194 accidents with 
228 victims (61 dead and 167 injured). Of 
these, 116 accidents (59.8%) happened on 
farms, while 78 (40.2%) occurred in road 
traffic. Two very important types of accidents 
were farm fires and drivers' bodies getting 
stuck in the pinch points of the combine 
machine, accounting for 41.4% and 25.9% of 
the accidents, respectively (Keskin & Şekerli, 
2018). Research on agricultural accidents is 
crucial for minimizing these incidents, as 

numerous tragic and fatal accidents related to 
farming activities take place each year. 
(Cividino, Pergher, Zucchi Atti, & Gubiani, 
2018). Agricultural tractors, being integral to 
agricultural activities, pose serious risks 
related to injuries, especially due to side 
overturns or rear overturns (Abubakar, 
Ahmad, & Akande, 2010). Agricultural 
activity in Iranian farms is characterized by a 
high level of mechanization, where farm 
tractors are used extensively. Farm machinery 
is often large and slow-moving. Although the 
number of tractor-related injuries is increasing, 
the safety of Iranian farm tractors had not been 
documented before (Houshyar & Houshyar, 
2018). There is no comprehensive concept of 
the health status of Iranian farmers and the 
work-related injuries affecting them (Ghafari, 
Cheraghi, & Dusti Irani, 2017). A study 
showed that participation in occupational 
health and safety training courses had the 
greatest effect (80%) on reducing agricultural 
occupational injuries among farmers in Ilam 
province. Other influential factors included 
education level (69%), farmers' income (68%), 
safety knowledge (67%), history of farming 
activity (64%), farm area (60%), and farmers' 
age (59%) (Parak, Pour Saeed, Eshraghi 
Samani, & Chaharsoghi Amin, 2021). 

 
Materials and Methods 

To carry out this study, the first stage 
involved investigating the issues related to 
accidents and safety during working with 
agricultural machines. The effective factors in 
the occurrence of tractor and combine 
accidents (mechanical, human, environmental 
factors, etc.) were identified in Ilam province, 
located in the west of Iran. Data were collected 
through field studies over a period of 5 years, 
focusing on incidents involving the owners 
and operators of combines and tractors. Using 
questionnaires and interviews,  insight were 
gathered from tractor and combine operators, 
organized based on an analytical framework 
focusing on human, environmental, and 
mechanical factors for each incident, The 
questionnaires encompassed a range of topics., 
including personal traits (three questions), 
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professional characteristics (three questions), 
accidents details (five questions), attitude 
towards safety (twenty questions), attitude 
towards health (sixteen questions), level of 
access to safety information (seven questions), 
risk tolerance (sixteen questions) and 
knowledge about safety practices (twenty 
questions). Additionally, questions related to 
factors affecting the accident (twenty-two 
questions) and questions related to measures to 
prevent accidents (fifteen questions) were 
included. Statistical data analysis was done 
using SPSS software, Friedman's test was used 
to rank accidents related to tractors and 
combine harvesters, and T-test mean 
comparison method was used to compare 
accidents in two groups of combine and tractor 
operators. 

Related statistics, information from 
questionnaires, and the accident experiences of 
grain combine harvester and tractor operators 
were examined. The number of fatal and non-
fatal accidents in Ilam province was also 

collected. The accident frequency and severity 
of agricultural accidents and injuries were 
assessed through direct surveys of agricultural 
operators of tractors and combines. The 
effective factors influencing accidents 
involving agricultural combines and tractors 
were analyzed using SPSS software. 

Ilam province is located in the west of the 
Zagros Mountain range and borders Khuzestan 
province to the south, Lorestan province to the 
east, and Kermanshah province to the north. It 
also shares a 425-kilometer border with Iraq to 
the west. The province comprises 12 cities, 29 
districts, 27 towns, 54 villages, and 750 
inhabited villages (Sadat Haeri et al., 2019). 
Covering an area of 20,164 square kilometers, 
it represents approximately 1.2 percent of the 
country's total area and includes 336,000 
hectares of agricultural land. The total number 
of tractors and combines in Ilam province is 
6,130 and 163, respectively (Anonymous, 
2023). Fig. 1 shows the area under study. 

 

 
Fig. 1. Map of the Ilam province in Iran 
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Statistical population and sampling method 

The sample size for this research was 
estimated using Cochran's formula; sample 
sizes for tractor and combine operators were 
both 180 people. (Cochran, 1977). The 
sampling was done using a multi-stage method 
and three townships of Dehloran, Abdanan and 
Darrehshahr were selected according to 
geographical conditions, topography, 
cultivated area, and the number of tractors and 
combines. Aforementioned townships include 
about 50% of the agricultural lands of Ilam 
province, and then, based on the population 
size in each township, the sample percentage 
was calculated. 

𝑛 =

𝑧2𝑝𝑞

𝑑2

1 +
1

𝑁
[
𝑧2𝑝𝑞

𝑑2
− 1]

 (1) 

where: 
N: statistical sample size 

N: the size of the statistical population  
z: value of normal variable with a 

confidence level of 1- α 
p: percentage containing the desired 

attribute 
q: the ratio not containing the desired 

attribute 
 

Validity and reliability of research tools 

To assess the reliability of the research tool, 
Cronbach's alpha coefficients were used 
(Table 1). Cronbach's alpha is a classic 
standard for measuring reliability and is a 
suitable measure for evaluating internal 
consistency. Internal consistency refers to the 
degree of correlation between factors and the 
related questions. A Cronbach's alpha value 
greater than 0.6 indicates acceptable reliability 
(Taber, 2018). 

 
Table 1- Validity and reliability of research tools with Cronbach's alpha coefficient 

Variable name Number of questions Cronbach's alpha 

Attitude toward safety in agriculture 20 0.839 
Attitude toward health 16 0.755 

The level of information accessibility 7 0.700 

Risk tolerance 16 0.666 

Knowledge about safety 22 0.762 

Factors affecting the accident 7 0.943 

Impact of various actions increasing accidents 15 0.651 

 
Because Cronbach's alpha values are 

greater than 0.7, so the questionnaire has 
adequate reliability. 

 
Accident rate:  

Accident frequency rate (AFR) represents 
the number of different incidents leading to 
loss of working time that occurred in a specific 
period (monthly-yearly) per one million 
working hours as follow (SIGHI, 2006): 

 

AFR=
number of accidents ×1000000

total useful hours of workers
 (2) 

Accident severity rate (ASR) represents the 
number of lost working days for every 1000 
working hours. The entire organization had 
this amount of production stoppage days 

(Akanbi, Charles Owaba, & Olley, 2009): 

ASR=
days lost due to the accidnt×1000 

total number of hours the worker at the same time
 (3) 

FIR represents the number of accidents per 
1000 working hours per the total number of 
employees: 

FIR=
numbⅇr of deaths×1000

number of workers
 (4) 

FSI represents frequent severity index, is 
calculated according to the following formula: 

FSI=√
FIR×ASR

1000
 (5) 

 

Results and Discussion 

Table 2 shows that all respondents were 
male, with a total of 360 participants 
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consisting of with a total of 360 participants 
consisting of 180 combine harvester operators 
and 180 tractor operators. According to the 

findings, 69.7 percent of the sample size has 
primary education, that shows combine and 
tractor operators do not have higher education. 

 
 

Table 2- Characteristics of respondents at the working area 

Variable Characteristics Frequency Percentage 

Gender Male 360 100 

Age 

21-30 years 

31-40 years 

41-50 years 

51-60 years 

61-70 years  

62 

91 

104 

74 

29 

17.2 

25.3 

28.9 
20.55 

8.05 

Education 

Primary Education 
Diploma 

Associate degree 

Bachelor 

Other qualification 

251 

97 

8 

3 

1 

69.72 

26.9 
2.2 

0.8 
0.3 

Working experience 

1-6 years 

7-10 years 

10-15 years 

16-20 years 

More than 20 

33 

77 

135 

78 

37 

9.2 

21.4 

37.5 

21.7 

10.3 

Type of work 
Tractor operators 180 50 

Combine operators 180 50 

 
Table 3 shows the number of different 

accidents involving combine machines over a 
5-year period. Although between 2020 and 
2023 we have a reduction in accidents and 
injuries, significant accidents and injuries are 
still observed and measures should be 
implemented to prevent accidents involving 
combine machines. According to the results of 
(Ceylan, 2012) for the years 2004 to 2010, 
although there is a serious reduction in the 
number of accidents in Turkey, there is no 
significant change in the number of permanent 
incapacities. Until 2009 for mining, metal and 
construction sectors, there was no 
improvement in the number of permanent 
incapacities as a result of accidents, but in 
2009, a remarkable decrease can be seen in 
these three sectors. However, in 2010, the 
permanent incapacity number in the metal 
sector became more than the average value of 
the last seven years in Turkey. Additionally, 
Table 3 presents the accident information 
related to tractor. Results shows that the 
number of tractor-related accidents during this 
period is significant, and basic measures are 
needed to prevent and reduce tractor accidents. 

According to Volkovski, Chaloska, and Grad 
(2018), 30.5% of agricultural accidents were 
due to farm machinery, 34.2% were related to 
hand tools, and 35.3% were caused by other 
sources, such as environmental factors, etc. 
The highest number of accidents was related to 
tractors (31%), P.T.O (14%) and sprayer (4%). 
In these agricultural machinery accidents, 5.6 
percent of the accidents were fatal, while 
94.4%, the remaining percentage, were non-
fatal. Also, Park et al. (1990) analyzed the 
causes of fatal tractor accidents, revealing that 
an average of 9.4 people die each year, with a 
peak of 27 fatalities (57.45%) attributed to 
violations of traffic signs and regulations. As a 
result of poor psycho-physical conditions, 
pedestrians and second party errors with 12 
cases (25.53%), and technical malfunction of 
the vehicle with 8 cases (17.02%) individuals 
were killed. 

Fig. 2 shows the typical accidents gathered 
by the authors involving tractors and combines 
in the study, during 2023 and 2024 years, at 
the working area. 
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Table 3- Number of combines and tractors accident types in the study during 2019-2023 period 

Machine Year Killed Seriously injured minor injury  Completely injured/dead 

Combine 

2019 1 8 8 17 

2020 1 12 5 18 

2021 1 6 4 11 

2022 0 4 3 7 

2023 0 4 4 8 

Total 3 34 24 61 

% 4.91 55.73 39.34 100 

Tractor 

2019 1 5 6 12 

2020 1 4 4 9 

2021 0 4 4 8 

2022 1 2 5 8 

2023 1 1 4 6 

Total 4 16 23 43 

% 9.30 37.20 53.48 100 

 

 
 

  

Fig. 2. Typical tractors and combines accidents (images provided by authors) 

 
Combines and tractors accident 

Result of investigating the number of non-
fatal accidents related to agricultural combines 
and tractors during five years in the current 
study revealed that the number of accidents 
involving combines were more frequent than 
those involving tractors (Fig.3). The accident 
rate was 6445 per 100,000 for combine 
harvesters and 4334 per 100,000 for 

agriculture tractors. This can be due to the 
difference in the technical and complicated 
structure of combines compared to agricultural 
tractors, the type of harvesting operation, and 
human error. researches related to the Estonian 
Labor Inspectorate shows that, there were 785 
non-fatal accidents (NFA) per 100,000 
agricultural workers, while the rate in Eurostat 
was more than twice as high (1914 per 
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100,000) (Dimitrovski, 2013). Finland and 
Sweden, with the same agricultural structures, 
had different NFA rates: Finland 5,331 and 
Sweden 554 per 100,000 workers. These 
examples illustrate the large variation in 
agricultural accident statistics due to: farm 
structure, and the type of agricultural 
machinery that is used by farmers. This study 
aligns with the findings of Merisalu, Lepala., 
Jakob, and Rautiainen (2019), indicating that 

the total number of non-fatal workplace 
accidents in the EU-27 saw a reduction of 
39,818 incidents between 2017 and 2020. 
Also, according to Mitrev ska, Mitrevski, and 
Kulevska (2023), accidents in the agricultural 
sector are critical due to multiple contributing 
factors, and preventing agricultural accidents 
can save lives and provide a safer working 
environment. 

 
Fig. 3. Number of non-fatal accidents 2019-2023 

 
Figure 4 illustrates the investigation of fatal 

accidents related to tractor and combine 
operators. The number of fatal tractor 
accidents was higher than that of combine 
accidents (445 per 100,000, for tractors and 
333 per 100,000 for combine harvesters in 
Ilam province). This discrepancy is likely due 
to the special working conditions, the 
mechanical structure of tractors, and the 
excessive fatigue experienced by tractor 
operators. Also, the continuous use of 
agricultural tractors during all seasons and the 
seasonal use of combine harvesters. From 
2019 to 2023, the number of fatal accidents 
related to tractors and combines decreased. 
According to Health and Safety Authority 
(2021), between 2017 and 2020, the incidence 
rates of both non-fatal and fatal accidents at 
work decreased.in 2019, the EU-27 Member 
States saw the lowest recorded incidence rates 
for non-fatal and fatal accidents, standing at 

1,447.3 per 100,000 employed individuals for 
non-fatal incidents and 4.44 per 100,000 
employed individuals for fatal accidents.  

Figure 5 presents an analysis of data 
concerning the factors contributing to 
accidents involving tractors and combines. The 
result indicates that in the tractor operator 
group, the most common hazards arise from 
components such as the power Take-Off 
(P.T.O) shaft, helices and feeding rollers. In 
contrast, for the combine operator group, the 
areas with the highest frequency of incidents 
are the shear points of the Machin, including 
cutter bars and gears. According to similar 
studies (Chio, Kim, & Jung, 2024), most types 
of accidents in agricultural machines happen 
due to human errors. Therefore, investigating 
related causes and preventing operators from 
driving when tired as well as resting after long 
work can reduce accidents related to human 
factors. The main causes of accidents were 
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insufficient management, inappropriate work 
conditions, and insufficient training. Factors 
causing injury in agricultural areas have been 
influenced by several factors. There are threat 

factors, capability factors, and vulnerability 
factors that have been proven capable of 
causing injury. 

 

 
Fig. 4. Number of fatal accidents during 2019-2023 

 

 
Fig. 5. Factors affecting the occurrence of accidents 
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According to the findings, tractor drivers 
ranked fatigue from long working hours 
(average rating of 4.169), unfavorable 
environmental conditions such as mountain 
roads and steep slopes (average rating of 
4.167), and driver negligence and distraction 
(average rating of 4.158) as the top three 
contributing factors to accidents. Similarly, 
combine drivers ranked negligence and 
distraction (average rating of 4.442), adverse 
environmental conditions (average rating of 
4.389), and fatigue from long working hours 
(average rating of 4.294) as the most 
significant factors. Tone and Irwin (2021), 
identified steep slopes, sharp curves, and road 
conditions (e.g., farm roads and access routes) 
as primary contributors to accidents. Studies 

on agricultural work accidents and farmer 
safety promotion have highlighted uneven or 
slippery floors, lack of lightening, narrow 
spaces, and ground obstacles as major causes. 
Agricultural machinery accidents were found 
to occur more frequently while moving on 
farm roads compared to stationary indoor 
work. These results align with the findings in 
Table (4). Additionally, a comparison of the 
average factors affecting accidents for 
combine and tractor drivers was performed 
using an independent samples t-test, as shown 
in Table (5). Since the significance value of 
the t-test was less than 0.05, this indicates a 
significant difference in the average values of 
these factors between the two groups. 

 
Table 4- Ranking of factors affecting accidents related to tractors and combines 

Factors  Tractor operator Combine operator 

Machine worn out 7 3.414 6 3.694 

Unfamiliarity with the operation of the machine 6 3.536 7 3.672 

Existence of unfavorable environmental conditions (mountainous 

roads, steep slopes, etc.) 2 4.389 2 4.167 

Non-standard equipment and machinery 4 4.172 5 4.061 

Insufficient physical ability of the driver 5 3.753 4 4.078 

Fatigue from prolonged work 3 4.294 1 4.169 

Driver's negligence and distraction 1 4.442 3 4.158 

Friedman test results 
X2 = 114.680 

Sig = 0.000 
X2 = 46.975 

Sig = 0.000 

 
Table 5- Comparison of the average factors affecting accidents related to combine and tractor drivers 

Variable name 
Machine 

type 
Number Average 

Standard 

deviation 
Sig t 

Machine worn out 
Tractor 180 478 .0 977 .0 

602 .0 0.523 
Combine 180 428 .0 833 .0 

Lack of familiarity with the operation of the 

machine 

Tractor 180 511 .0 948 .0 
0.953 0.059 

Combine 180 506 .0 836 .0 

Existence of unfavorable environmental 

conditions (mountainous roads, steep slopes, 

etc.)  

Tractor 180 75.0 176 .1 
0.114 -1.58 

Combine 180 956 .0 285 .1 

Non-standard equipment and machinery 
Tractor 180 711 .0 08.1 

0.221 1.226 
Combine 180 856 .0 154 .1 

Insufficient physical ability of the driver 
Tractor 180 706 .0 132 .1 

0.388 0.865 
Combine 180 611 .0 93.0 

Fatigue from prolonged work 
Tractor 180 0.767 1.158 

0.274 -1.09 
Combine 180 0.906 1.245 

Friedman test results 
Tractor 180 0.783 1.178 

0.086 1.72- 
Combine 180 0.011 1.329 
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Table 6 shows the total number of working 

hours lost due to injuries resulting from 
accidents involving combine and tractor 
operators over five years in Ilam province. The 
injuries are categorized, and the number of 
hours lost is proportional to the type of injury, 
providing the total working days lost due to 

combine and tractor-related incidents during 
this period. According to Khosravi, Hashemi 
Nazari, Dehghani Fard, and Jabari (2007), the 
total number of reported fatal accidents was 9 
in 2004 and 6 in 2005, resulting in the loss of 
67,500 working days in 2004 and 45,000 
working days in 2005.  

 
Table 6- Number of days lost due to disability related to combine and tractor operators 

Combine 

Total (hour) 
Minor injury (hour) Seriously injured (hour) Killed (hour) 

Year 
Hour Body limb Hour Body limb Hour Number of killed 

42000 
6000 Two fingers 

36000 Arm amputation 

48000 1 2019 

36000 Forearm 

141600 
9600 Finger cut 

48000 Disability 

2400 2400 Toe 
24000 Hand amputation 30000 6000 Two fingers 

9600 9600 Three fingers 

69600 
9600 Finger cut 

24000 Foot amputation 
48000 1 2020 36000 Forearm 

86400 2400 Toe 36000 Leg amputation 

33600 9600 Three fingers 24000 Hand amputation 
0 0 2021 

115200 
7200 Finger cut 24000 Wrist amputation 
36000 Forearm 48000 Disability 

38400 14400 Finger cut 24000 Hand amputation 

48000 1 2022 
162000 

6000 Two fingers 24000 Wrist amputation 
36000 Forearm 48000 Disability 

134400 
14400 Finger cut 36000 Arm amputation 

0 0 2023 
36000 Forearm 48000 Disability 

 

Tractor 

Total (hour) 
Minor injury (hour) Seriously injured (hour) Killed (hour) 

Year 
Hour Body limb Hour Body limb Hour Number of killed 

74400 2400 Toe 
24000 Hand amputation 

96000 2 2019 

48000 Disability 

38400 2400 Finger cut 36000 Arm amputation 
126000 6000 Two fingers 24000 Foot amputation 
57600 9600 Three fingers 48000 Disability 
38400 2400 Toe 36000 Leg amputation 

48000 1 2020 
78000 6000 Two fingers 24000 Hand amputation 
2400 2400 Finger cut 

24000 Foot amputation 
33600 9600 Three fingers 
38400 2400 Finger cut 36000 Arm amputation 

0 0 2021 50400 2400 Toe 48000 Disability 
2400 2400 Finger cut   
74400 2400 Finger cut 24000 Hand amputation 

48000 1 2022 
26400 2400 Toe 24000 Foot amputation 
38400 2400 Finger cut 36000 Leg amputation 

48000 1 2023 72000   24000 Foot amputation 

24000   24000 Hand amputation 
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With approximately 21,000 workers during 

these years, this corresponds to 43 deaths per 
100,000 workers in 2004 and 26 deaths per 
100,000 in 2005. Esmaeili, Vazirineghad, and 
Shahrokhi (2009), reported that 92.9% of the 
victims were men, with the most common 
injuries affecting the legs (35.7%) and hands 
(25.7%). 

Table 7 shows the accident indices, 
including AFR, ASR, FIR and FSI for various 
accidents related to working with agricultural 
combines and tractors during five years. It is 
for the first time that these indices are used for 
agricultural machinery accidents in the country 
of Iran. It was determined that, among the 
indices, the FSI and ASR index for combine 
and tractor operators, and AFR for combine 
operators were higher than the standard )The 

acceptable level of safety performance for FSI 

is less than 0.1 and for ASR it is less than 1 
and for AFR it is between 0 and 10) By 
observing the safety principles while working 
with tractors and agricultural combines, these 
indices should be brought to the standard. One 
study result revealed that, during the five years 
period of 2008 to 2012, in accidents involving 
tractors, on average 9.4 people die per year, 
and the largest number of 27 (57.45%) people 
died tragically due to noncompliance with 
safety alert symbols and regulations (Lohan, 
Singh, & Kumar, 2022). The study by Halvani 
et al. (2010) in Yazd province in 2014 found 
that the frequency of the incident was 5.6. The 
FIR indices during five years were below the 
standard level (0-10), which means that per 
200,000 working hours, the number of 
incidents was within the standard.  

 
Table 7- AFR, ASR, FIR and FSI rates for combine and tractor operators in Ilam Province during 2019-2023 years 

Machine Year AFR ASR FIR FSI 

Combine 

2019 36.016 59.74 2.77 1.46 
2020 38.13 41.31 2.77 1.25 

2021 23.30 39.40 2.77 0.958 

2022 14.83 53.072 0 0.887 
2023 16.95 35.59 0 0.776 

Mean 25.84 45.82 1.66 1.066 

Tractor 

2019 7.82 24.15 5.55 0.435 
2020 5.86 12.41 5.55 0.270 

2021 5.21 7.43 5.55 0.196 

2022 5.21 8.21 0 0.206 

2023 3.91 10.95 5.55 0.207 

Mean 5.60 12.63 4.44 0.262 

 
Conclusion 

Accidents related to tractors, combines, and 
agricultural machines are known as one of the 
serious problems in the agricultural sector. 
These accidents primarily arise from the 
unique design and operational methods of 
these machines. The most important factors 
affecting accidents are overturns, falling from 
agriculture machinery, human errors, traffic 
road accidents and insufficient training related 
to safety. According to the results of this 
study, non-fatal accidents related to 
agricultural combines and tractors from 2019 
to 2023 indicated that the number of accidents 

involving agricultural combines was higher 
than those involving agricultural tractors. The 
accident rate for combine harvesters was 6445 
per 100,000, while for agricultural tractors, it 
was 4333 per 100,000. This is due to the 
complicated structure of combine harvester 
machines and farm work conditions. However, 
the number of fatal tractor accidents was 
higher than that of combines (445 per 100,000 
for tractors and 333 per 100,000 for combine 
harvesters in Ilam province). This is attributed 
to the special working conditions of tractors, 
their mechanical structure, excessive fatigue of 
tractor operators, and the lack of rollover 
protection structures (ROPS).  According to 
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Ghafari et al. (2017), agricultural work in Iran 
is fraught with risks, leading to numerous 
fatalities. For instance, a study covering 
various years noted 39 fatal injuries recorded 
in agriculture, forestry, hunting, and fishing 
between 2011 and 2016. According to research 
in Spain, the total number of fatal accidents 
between 2010 and 2019 was 644. The rate of 
fatal accidents per province was between 0 and 
223.5 fatal accidents per 100,000 registered 
tractors. Furthermore, the overall rate for 
Spain was 6.87 fatal accidents per 100,000 
tractors. It was found that the highest number 
of accidents happened in the areas with high 
land slope, also the worn-out fleet of tractors 
and the use of old tractors were the main 
causes of accidents (Jaren et al., 2022). A 
comparison between Ilam province in Iran and 
Spain provinces shows that Ilam province has 
a higher accident rate. The elevated incidence 
of accidents tied to tractor and combine 
operators in this study, particularly when 
compared to Spain, can be attributed to 
substandard conditions of agricultural roads in 
Ilam. Additionally, the prevalence of 
agricultural vehicles on public and farm roads, 
especially at night during peak working 
seasons significantly contributes to the high 
accident rates observed in I lam. The lack of 
proper training and awareness among 
agricultural machine operators, the significant 
gap between local practices and international 
standards and the absence of safety culture in 
the agricultural sector in the studied Ilam 
province, combined with advancements in 
agriculture and the standard design of 
machinery in Spain, could be major factors 
contributing to the differing accident rates in 
Ilam province and Spain. The similar results of 
research in Chaharmahal and Bakhtiari 
province, Iran, also showed that the human 
factor with an average ranking of 4.85 and the 
machine malfunction with an average ranking 
of 3.91, environment with an average rank of 
3.51 and sharp turns of the road with an 
average rank of 2.78 were the most important 
accident factors related to agricultural 
machinery (Omidi Arjanki, Javadiyan & 
Tabashir, 2022). The results of this research 

matched our research. Their results also show 
that other provinces in Iran also suffered from 
accidents related to agricultural machinery and 
necessary preventive measures should be taken 
in this field. Among the types of farm 
accidents related to combine harvesters and 
agricultural tractors, incidents involving the 
power take-off shaft, helices, feeding rollers, 
and shear points (cutter bars, gears, etc.) were 
most frequent. Attachments used with tractors 
and combine harvesters, such as blades, 
mowers, rotary cutters, scrapers, forks, rakes, 
and towed parts like grain carts, cutter bars, 
and trailers, also contributed to accidents. 
Safety education and maintenance of these 
devices can prevent accidents related to 
tractors and combines (Karimi & Fakhri, 
2021). Ranking the factors affecting tractor 
accidents in this study indicated that, fatigue 
from prolonged work (average rating of 
4.169), unfavorable environmental conditions 
(average rating of 4.167), and driver 
negligence and distraction (average rating of 
4.158) were the top three factors. For combine 
drivers, negligence and distraction (average 
rating of 4.442), adverse environmental 
conditions (average rating of 4.389), and 
fatigue from long-term work (average rating of 
4.294) were ranked highest. Agricultural 
activities are time-sensitive, requiring farmers 
to work long hours, especially during planting 
and harvesting seasons, which can lead to 
stress, fatigue, and increased accident risk 
(Edwards & Sherlock, 2021). A t-test 
comparison of the average factors affecting 
accidents for combine and tractor drivers 
showed that unfavorable environmental 
conditions, non-standard equipment and 
machinery, and fatigue from long-term work 
significantly affected accidents related to 
combine harvesters and tractors. The number 
of days lost due to disability related to 
combine and tractor operators was 108,150 
and 96,900 days, respectively. This indicates 
that farm accidents related to combine 
harvesters are more frequent than those 
involving agricultural tractors. After 
calculating the accident indices, the means of 
AFR, ASR, FIR, and FSI over the last five 
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years were 25.84%, 45.82%, 1.66%, and 1.066 
for combine operators, and 5.602%, 12.63%, 
4.44%, and 0.262 for tractor operators, 
respectively. Among the indices, the FSI and 
ASR for combine and tractor operators, and 
AFR for combine operators, were higher than 
the standard. The acceptable levels of safety 
performance are: FSI less than 0.1, ASR less 
than 1, and AFR between 0 and 10. By 
observing safety principles while working with 
tractors and agricultural combines, these 
indices should be brought to standard levels. 
One study showed that the frequency-severity 
index (FSI) over six years, except for 2013 and 
2016, was less than the standard, indicating 
appropriate protection in those years (Kors, 
2019). In 2013, the FIR index was 
significantly worse than in 2012. The results of 
this study show that accident indices in 
agricultural machinery (combine and tractor) 
were higher than those in industry activities, 
despite certain conditions and management in 
industrial factories in Iran. This finding related 
to combine harvesters and agricultural tractors 
shows that, observing safety principles while 
working with tractors and agricultural 
combines is crucial. This research analyzed 
accidents related to agricultural combines and 
tractors. Among the accident-causing factors, 
operator distraction, unsafe environmental 
conditions, unsafe farm roads, personal and 
operator errors, and machine malfunctions, 
especially in combine harvesters, were the 
main causes of agricultural machine accidents 
in Ilam province. Comparing the accident 
indices of combines and tractors, combines 
had a higher mean accident frequency, which 
is statistically significant due to their more 
complicated mechanisms and the time-
sensitive nature of the harvesting season. 

 

Suggestions 
Although in this study, for the first time, the 

accident indices used in industry and factories 
were applied in the evaluation of agricultural 
accidents, it seems that due to the difference in 

the nature of agriculture and industry, there is 
a need to adjust the indices for agricultural 
purposes. It is suggested that, at the level of 
the province and the country, a database 
system of statistics of agricultural accidents 
should be considered in order to provide the 
possibility of evaluation and planning 
regarding the improvement of the safety of 
working with agricultural machines. 
Investigations showed that tractors and 
combines do not have an appropriate level of 
safety appliances and devices, so it is 
suggested that these affairs be taken into 
consideration during technical inspections. 

It is recommended to improve road 
infrastructures, steep turns, and steep hills in 
cooperation with the national Agricultural 
Jihad Organization to prevent and reduce 
accidents in farms. Use Roll-Over Protective 
Structures (ROPS) and cabins for operator 
protection and install protective shields on 
PTO systems and rotating parts in order to 
reduce and prevent accidents related to crush 
and shear points. 
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 چکیده

های برداشت غلات گیرد. تراکتورها و ماشینترین مشاغل قرار میکشاورزی یک صنعت غالب در کشورهای در حال توسعه است و در رتبه خطرناک
های توجهی در حوادث دارند. این حوادث هزینهوری، سهم قابلشان در افزایش بهرهبدیلرغم نقش بیهای کشاورزی خودگردان هستند که علیاز ماشین

منظور بررسی میزان و شدددت حددوادث و تلاددات انسددانی و عوامددل مددو ر بددر حددوادث این مطالعه به دهد.وری را کاهش میهمراه دارد و بهرهزیادی را به
انجام شد. فراوانی حوادث  1398-1402های های مربوط به سالهای کشاورزی در استان ایلام با استااده از دادهمربوط به تراکتورها و کمباینای  مزرعه

داری است. در ایددن تیقیدد  در بددین رانندددگان اختلاف آماری معنی  یدهندهبود که نشان  43و    61ترتیب  شده، بهها در مطالعه انجامتراکتورها و کمباین
ترین حوادث مربوط به نقاط برشی ماشین های تغذیه و در بین رانندگان کمباین، رایج، هلیس و غلتک(.P.T.O)  تراکتور بیشترین حوادث ناشی از میور

 FSI حاد دده مرگبددار( و  نددرخ)  FIR،(نرخ شدت حاد دده)  ASR،(نرخ فرکانس حاد ه) AFR ها و غیره( بود. نرخ حوادث از جملهدنده)شانه برش، چرخ

، 63/12، 60/5ها و برای کمباین 066/1و  66/1، 82/45، 84/25ترتیب به FSI و   AFR ،ASR،FIR )شاخص شدت تکرار حاد ه( میاسبه شد. میزان
تراکتورها رانندگان و برای  100000در هر  6445ها کمباین رانندگان تراکتور بوده است. نرخ حوادث غیرمرگبار برایدرصد برای حوادث  262/0و  44/4

 .(دستگاه 100000در هر  330و  445ها بود )بود، با این حال، تعداد حوادث کشنده تراکتور بیشتر از کمباین 100000در هر  4334
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Abstract  

In this research, the amount of vitamin C, aromatic compounds, and color change of orange powder was 
measured using chemical methods, an olfactory machine, and a scanner in four dryers at 45℃. These dryer 
apparatuses included normal atmospheric vacuum, atmospheric control vacuum, convective, and convective-
infrared. The highest response of sensors to aromatic compounds in convective and lowest response in control 
vacuum and normal vacuum dryers was observed. The two main components of principal component analysis 
(PCA) explained 88% of the data variance. The structure of the artificial neural network (ANN) was 8-5-4. 
Further, based on loading diagrams of partial least squares (PLS) and principal component regression (PCR) 
models, the MQ3 and MQ6 sensors were the best to predict the amount of vitamin C and the color change of 
orange powder. MQ135 sensor can also be removed from the set of electronic nose sensors due to their low 
accuracy and cost reduction. The multiple linear regression (MLR), compared to PCR and PLS models, proved 
to be more accurate (i.e., R2= 0.83 and RMSE= 0.144 for vitamin C prediction and R2= 0.94 and RMSE= 0.68 
for predicting color change). The highest and lowest values of measured color change was observed in 
convective dryer and atmospheric control vacuum dryer, respectively. Also, the highest and lowest measured 
vitamin C was observed in convective-infrared dryer and atmospheric control vacuum dryer, respectively. The 
best dryer to maintain the quality of the orange powder is the convective-infrared dryer. The results of this article 
showed that the data obtained from the olfactory machine is able to predict the color change and vitamin C of 
orange powder. Also, the olfactory machine can be used to identify and classify the type of dryer used to prepare 
orange powders with the least time and cost, without distorting the sample, and to determine the best dryer for 
preparing orange powder. 

 
Keywords: Color change, Dryer, Electronic nose, Orange powder, Vitamin C  
 

Introduction1 

The orange fruit is widely cultivated and 
consumed all over the world. This fruit is rich 
in nutrients and one of the richest sources of 
vitamin C (53.2 mg per 100 grams of raw 
fruit) (Finley & Klurfeld, 2013). Vitamin C, is 
among the essential components of human 
diets. This compound, also known as ascorbic 
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acid, prevents Scorbut and is a biological 
antioxidant (Agarwal, Shaharyar, Kumar, 
Bhat, & Mishra, 2015). Nevertheless, vitamin 
C is one of the most unstable nutrients in food 
as it is severely degraded during processing 
(Spínola, Llorent-Martínez, & Castilho, 2014). 
Therefore, it is used as an index to examine the 
quality of nutrients (Drewnowski, 2010). 
Drying, known as the most important and 
popular method of post-harvesting food 
preservation, prevents the activity of many 
bacteria. This process also minimizes the costs 
of packaging, storage, and transportation by 
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removing moisture from the tissue (Shi, Chu, 
Zhang, Liu, & Yao, 2017). During the drying 
process, some changes occur in the food’s 
aroma, taste, texture, color, as well as the 
degradation of its components (Lemus-
Mondaca, Ah-Hen, Vega-Gálvez, Honores, & 
Moraga, 2017). Food color is the most 
important factor for evaluating quality and 
consumer satisfaction (Bal, Kar, Satya, & 
Naik, 2011). The aroma of food is one of its 
most important characteristics, and its 
measurement is an advanced and particularly 
effective method to obtain parameters 
affecting food quality. In this method, the 
smell emitted by the food is very sensitive to 
changes in its ingredients. One common non-
destructive method to measure is using an 
electronic nose, a device consisting of micro-
arrayed electronic chemical sensors. Typically, 
to build a database and create a pattern 
recognition system, suitable patterns of known 
smells are used so that subsequent unknown 
smells can be classified and recognized (Peris 
& Escuder-Gilabert, 2009; Sanaeifar, 
ZakiDizaji, & Jafari, 2017). Moreover, drying 
orange and creating powder from them makes 
them readily available in the off-season, 
reduces their size, and enhances storable 
qualities. Also, this fruit powder can be used 
as an essential ingredient for food preparation 
or revitalizing natural fruit juices. However, 
the process used to obtain the powder must 
guarantee the maximum product quality and 
preserve some physical properties of the 
powder (Otálora, Carriazo, Iturriaga, 
Nazareno, & Osorio, 2015). Some researchers 
have analyzed the color changes of food such 
as tomato varieties (Ashebir, Jezik, 
Weingartemann, & Gretzmacher, 2009), 
spinach (Karaaslan & Tunçer, 2008), Japanese 
medlar (Wang, Lu, Chen, & Zhang, 2016), St. 
John’s wort leaves (Ahmadi Chenarbon et al., 
2012), and red beetroot (Fathabadi, 
Tabatabaekoloor, & Motevali, 2019). In this 
regard, Karaaslan and Erdem (2014), and 
Khafajeh, Banakar, Ghobadian, and Motevali 
(2013) investigated the measurement of the 
color change of dried orange slices using 
image processing. Also, several studies have 

been conducted on the change of aroma of 
products during different drying methods, e.g., 
mushroom (Qin et al., 2020), pear (Li et al., 
2020), saffron (Chen et al., 2020), and tea (Ni 
et al., 2020). In this context, much research 
has been conducted on various drying methods 
and the preservation of the aromas of products 
such as pepper (Guclu et al., 2020), cocoa 
(Sanchez-Reinoso, Osorio, & Herrera, 2017), 
mint (Kiani, Minaei, & Ghasemi-
Varnamkhasti, 2018), and coffee (Kulapichitr, 
Borompichaichartkul, Suppavorasatit, & 
Cadwallader, 2019). 

In addition, the production of powdered 
food products is an essential industry due to 
their high stability and ease of use. On the 
other hand, the type of dryer used for powder 
preparation affects the aroma, color, and 
nutritional quality of the product. Furthermore, 
after extensive research, no study was found 
either on the use of different dryers for 
preparing orange powder or their effects on 
aroma, color change, and vitamin C, using an 
e-nose system and a scanner. Hence, the aim 
of the present paper is to measure and predict 
the color change and vitamin C content using 
electronic nose data for orange powder 
prepared with convective-infrared, convective, 
normal atmospheric vacuum, and atmospheric 
control vacuum dryers using Artificial Neural 
Network (ANN), Principal Component 
Analysis (PCA), Partial Least Squares (PLS), 
and Multi-Layer Regression (MLR).  

 
Material and Methods  

Sample preparation  

In this research, we used orange samples of 
the Valencia variety (Citrus Sinensis Osbeck) 
with an initial humidity of 88% on a wet basis. 
Respiration and moisture loss was reduced by 
keeping the oranges in the refrigerator at 4 ± 
0.5℃ until performing the experiments. 
Before the drying tests, the samples were kept 
at room temperature for 120 min. After peeling 
the samples, thin and uniform slices with a 
thickness of 3 to 4 mm were made from the 
orange flesh and placed inside the dryers. The 
drying process and the weight reduction of the 
samples continued until the moisture of the 
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samples decreased to 10% (on a dry basis). All 
experiments were performed at room 

temperature (27± 3℃) (Fig. 1). 

 
 

 

 

 

 

 

Fig. 1. From left to right; Fresh, dried, and powdered oranges 
 

Drying tests  

A convective dryer as a basis and a 
common dryer were used in this research. The 
convective drying experiments were 
performed at 45℃ and an outlet air velocity of 
1 m s-1 (Fig. 2a). Also, the infrared-convective 
dryer, which includes a dryer chamber, 
centrifugal blower, heating elements, and 
control unit, was used for the experiments. 
Four infrared lamps were used to generate 
infrared radiation with a total power of 2,000 
W inside and above the drying chamber to 
produce infrared power at an air temperature 
of 45℃ and an exit velocity of 1 m s-1 (Fig. 
2b) (Amiri Chayjan & Fealekari, 2017). In 
addition, a vacuum dryer was used, consisting 
of a chamber with four infrared lamps, a 
condenser section, and a vacuum pump. These 
tests were performed under two conditions 
(i.e., a controlled atmosphere and a normal 
atmosphere) at 45℃ with a pressure of 60 bar 
(Fig. 2c). Dried orange slices were ground and 
powdered using a home grinder (Panasonic 
model, MJ-M176P, made in Malaysia) for 15 
s. After the grinding process, to preserve the 
aroma of the produced powder, the samples 
were kept in designated plastic bags in the 
freezer at -19 ± 0.5℃. Before starting the 
artificial electronic nose tests, the powder 
samples were placed at ambient temperature 
for 30 min. Then, 5 g of orange powder was 
poured into the sample container, and 
electronic nose tests were performed. 
 

Electronic nose system 

The electronic nose used in this study is a 
multi-sensing system based on metal-oxide-
semiconductor (MOS) sensors (Fig. 3). This 

system includes sensors, sensor housing, 
sample housing, data acquisition system, 
display, power supply unit, solenoid valves, 
pump, and oxygen capsule. This system 
comprises eight metal oxide semiconductor 
(MOS) sensors (Table 1). Each sensor reacts to 
a specific combination of volatile substances 
emitted. Metal oxide semiconductor (MOS) 
sensors are among the most common sensors 
used in electronic noses, which have high 
sensitivity and chemical stability. The low cost 
and converting chemical quantities into 
electrical signals are among the noteworthy 
advantages of these sensors (Sanaeifar, 
Mohtesabi, Ghasemi Varnamekhati, & 
Ahmadi, 2015). 

The steps taken in the electronic nose 
system include 1) baseline correction, 2) 
sample odor injection, and 3) cleaning the 
sensors and sample chamber. To mix and 
saturate the smell of the sample inside the 
chamber, we poured the sample into the 
sample chamber and closed the lid. The tests 
were conducted after 10 min. In the first step, 
before injecting the air inside the sample 
chamber toward the sensors, it is necessary to 
pass the filtered air over the sensors for 60 s 
(T1). In the second step, the scent of the 
sample was passed over the sensors (T2) by 
injecting the smell of the sample into the 
sensors for 40 s. In the third step, the hoses, 
connections, and sensors were cleaned with 
filtered air for 60 s (T3). Thus, the system was 
prepared for the next sample. The voltage 
response of the sensors in these 160 s was 
collected by the data acquisition system. 
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Fig. 2. The schematic view of the dryers: (a) Convective dryer, (b) Convective infrared-dryer, and (c) Vacuum dryer 

 

 

 

Fig. 3. The schematic and actual photo of the electronic nose system: 1- display, 2- gas sensors, and 3- sample chamber  

 
 

C

https://eng.libretexts.org/Bookshelves/Materials_Science/Supplemental_Modules_(Materials_Science)/Semiconductors/Metal-Oxide-Semiconductor_(MOS)_Fundamentals
https://eng.libretexts.org/Bookshelves/Materials_Science/Supplemental_Modules_(Materials_Science)/Semiconductors/Metal-Oxide-Semiconductor_(MOS)_Fundamentals
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Table 1- The sensors used in the electronic nose 

Sensor number Sensor name Diagnostic gases 

1 MQ2 Natural gas, butane, propane, methane, alcohol, hydrogen, and smoke 

2 MQ3 Alcohol and benzene 

3 MQ4 Methane, propane, and butane 

4 MQ5 Natural gas, city gas, alcohol, cooking steam, and carbon monoxide 

5 MQ6 Natural gas, liquefied petroleum gas, isobutane, propane, alcohol, and smoke 

6 MQ7 Carbon monoxide 

7 MQ9 Methane, carbon monoxide, and natural gas 

8 MQ135 Benzene, ammonia, carbon dioxide, carbon monoxide, and alcohol 

 
The time required for each stage of sensor 

testing was obtained by trial and error. After 
pouring 5 g of orange powder into the sample 
chamber, the temperature of the sample was 
almost the same as the ambient temperature 
(about 30℃). A total of 32 samples were 
utilized for this research. Eight repetitions of 
tests were performed at 45℃ for each of the 
four types of dryers. The next step in data 
analysis is to preprocess the sensor signals. 
Information preprocessing greatly affects the 
performance of pattern recognition methods. 
This process is partly dependent on the type of 
sensors (Kiani, Minaei, & Ghasemi-
Varnamkhasti, 2016). The first stage of 
preprocessing is to correct the response of the 
sensors to compensate for deviations and 
increase the information quality. This 
preprocessing facilitates the optimization of 
the output of the sensors before analysis. 
Differential, relative, and fractional methods 
are applied to extract features from the signals. 
This research used the fractional method for 
this purpose (Eq. 1). The preprocessed 
response is dimensionless and normalized 
(Heidarbeigi et al., 2015). 

( ) (0)
( )

(0)

s s
s

s

x t x
y t

x

−
=                                (1) 

where ( )sy t is the preprocessed 

(dimensionless) response, (0)sx  is the 

baseline, and ( )sx t is the sensor response.  

 
Measuring the concentration of vitamin C 

Vitamin C concentration was measured by 
a two-step titration method (Ghasemi & 
Chayjan, 2019). In this method, first, 25 mL of 
6% metaphosphoric acid was added to 10 g of 
orange powder sample (extraction solution). 

Next, in a 50-mL Erlenmeyer flask, 5 mL of 
this solution was diluted with 3% 
metaphosphoric acid and filtered through filter 
paper. Afterward, 10 mL of the filtered sample 
was titrated with dichlorophenolindophenol 
(detector solution). At the endpoint of the 
experiment, the solution turned pale pink, 
which lasted for 15 s. The amount of dye used 
in the titration was recorded, and the amount 
of ascorbic acid was calculated from Eq. (2) 
and expressed in terms of mg/100 g of fruit.  

The amount of ascorbic acid =
0.5×𝐵

𝐴×𝐶
× 100       (2) 

A= Weight of plant sample (g) 
B= The amount of meta-phosphorus used 

for the prototype (mL) 
C= Sample volume used for titration (mL) 
 

The color measurement and calculating its changes 

The image processing method was applied 
to measure the color indices. For this purpose, 
an HP Scan Jet G4010 scanner was used. The 
scanner device was first calibrated using 
standard black and white cards that show the 
numbers (0.0.0) for black color and 
(255.255.255) for white color, respectively, 
according to the RGB color scale. The orange 
powder with a resolution of 1200 dpi was then 
scanned. The obtained photos were processed 
by MATLAB software (version 2017a), and 
the color values L*, a*, and b* were 
calculated. In the end, the color changes of 
orange powder were calculated (Ahmadi & 
Chayjan, 2017) based on Eq. (3). 

* * 2 * * 2 * * 2

0 0 0( ) ( ) ( )E L L a a b b = − + − + −      (3) 

where L* is the value of darkness (0) to 
lightness (100), a* is the value of red (120+) to 
green (-120), and b* is the value of yellowness 
(+120) to blue (-120). 
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Data analysis 

The preprocessed data were analyzed using 
PCA, ANN, PLS, PCR, and MLR techniques 
using Unscrambler V.9.7 and MATLAB 
2015a software. PCA is a chemical linear 
unsupervised pattern recognition method used 
to analyze and reduce the dimensionality of 
numerical data sets in a multivariate problem. 
This technique is applied to assess outlier 
detection, discrimination, and similarity 
between different samples or groups (Melucci 
et al., 2016). ANN is a powerful classifier 
based on machine learning with nonlinear 
mapping capability. An ANN classifier 
consists of interconnected layers of artificial 
neurons and is trained to classify by adjusting 
the weights and biases of connections between 
neurons (Rasekh, Karami, Wilson, & Gancarz, 
2021). In statistics, PCR is a regression 
analysis method based on PCA. PCR usually 
relies on a standard linear regression model 
derived from results, which are referred to as 
dependent response variables, in relation to a 
set of other variables known as predictors, 
explanatory variables, or independent 
variables (Heidarbeigi et al., 2015; Sanaeifar, 
Mohtasebi, Ghasemi-Varnamkhasti, & 
Ahmadi, 2016). PLS is the gold standard in 

chemical measurements regarding its ability to 
handle linear data and reduce the number of 
calibration samples required (Patel, 2014). 
This method reduces correlated spectral data 
with high dimensions to uncorrelated factors 
called hidden variables (Hansen & 
Schjoerring, 2003). MLR is a statistical 
method that examines the relationship between 
independent and dependent variables. The 
purpose of MLR is to calculate the values of 
the regression coefficients of the sensors and 
to minimize the sum of the squared deviations 
(downward slope) between the predicted 
quality indices and the measured quality 
indices (Patel, 2014). 

 

Results and Discussion 

Sensors’ response  

The observed signals of the electronic nose 
sensors at 45℃ for four types of dryers (Fig. 
4) show that the response of sensors to 
aromatic compounds in control vacuum and 
normal vacuum dryers are similar. Also, 
highest response in convective and lowest 
response in control vacuum and normal 
vacuum dryers was observed. 

 

 
Fig. 4. The sensors response of the electronic nose system in four dryers at 45℃ 
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PCA results 

The main components (i.e., those with the 
most data variance) distributed the data on a 
new axis for classification. The intended score 
charts are presented in Fig. 5. The first and 
second components (PC-1 and PC-2) express 
the variance between the data obtained from 
the measurement of the samples. These 
components are used to determine the 
existence of separate data clusters for pattern 
recognition (Heidarbeigi et al., 2015). The 
data obtained by measuring the diagram of the 
main components at 45℃ are shown in Fig. 5. 

The two main components of PCA explained 
88% of the data variance. In this study, the 
values of the first (PC-1) and second (PC-2) 
main components were 73% and 15%, 
respectively. Fig. 5 illustrates that the powder 
prepared with a convective dryer is well 
separated from the others. However, there was 
an overlap between normal vacuum, control 
vacuum, and convective-infrared dryers, which 
can be attributed to the similarity in the 
aromatic compounds of the dried powder in 
these three dryers.  

 

 
Fig. 5. Score and loading diagrams of the PCA method for four dryers at 45℃ 

 

The loading diagram was examined to 
determine the role of sensors in separating the 
four groups. It is possible to show the relative 
role of electronic nose sensors for each main 
component in the loading diagrams. The 
higher the sensor loading on the axis of the 
main components, the closer it is to the outer 
circle. Therefore, it can be concluded that such 
a sensor has a greater role in recognizing and 
differentiating between various samples in the 
desired application. Also, if certain sensors 
have a negligible effect on the detection 
process, they can be removed from the 
electronic nose system's sensor array, 
ultimately lowering the overall cost of 
constructing the electronic nose system 

(Heidarbeigi et al., 2015). According to the 
loading diagram (Fig. 4), the classification of 
orange powder produced using four types of 
dryers is greatly impacted by the MQ3 and 
MQ6 sensors, indicating a presence of alcohol 
in the orange powder. Additionally, the 
MQ135 sensor has the least impact on the 
classification, and can be removed to reduce 
manufacturing costs. Furthermore, ignoring 
sensors with the lowest loading values can 
increase the cumulative variance contribution, 
although it significantly impairs the 
performance of PCA (Nouri, Mohtasebi, & 
Rafiee, 2020). Recent studies have shown that 
PCA is an efficient analysis method for 
analyzing the aroma of dried products 
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produced by different drying devices (Dong et 
al., 2019; Song et al., 2020; Yang et al., 2016). 
The results of another study, which was 
conducted on sugarcane, showed that the PCA 
method had better results than the ANN 
method (Adibzadeh, Dizaji, & Aghilinategh, 
2020).  

 

ANN results 
Multilayer Perceptron Backpropagation 

(ANN-MLP) algorithm was used to classify 
and detect the type of dryer using the data 
obtained from the electronic nose as the 
network's input. The type of dryer was 
detected using a network that includes three 

input, hidden, and output layers. The 
hyperbolic activation function was used in the 
hidden layer, and the number of neurons in the 
hidden layer was determined through trial and 
error. The hidden layer is comprised of several 
neurons representing the network's 
nonlinearity. In this research, the mean square 

error (MSE) is 10-8, the minimum gradient is 
10-10, and the maximum number of epochs is 
100. Also, a learning rate of 0.02 was used in 
the designed network. Besides, 75% of the 
data was used for training the network, and the 
remaining 25% for the final evaluation. The 
structure of the neural network built in this 
study was 8-5-4. The input neurons represent 
the number of sensors, and the number of 
output neurons represents the four types of 
dryers. The neurons of the hidden layer are 
used to show the nonlinearity of the network 
and to increase the speed of the system 
training. The number of these neurons was 
determined by trial and error. Table 2 shows 
the confusion matrix resulting from the ANN. 
The classification accuracy of the dryers at 
45℃ was 96.9%. Table 2 illustrates that the all 
eight powders prepared with a convective, 
vacuum control, and convective-infrared 
dryers are recognized with 100% accuracy. 

 

Table 2- Confusion matrix resulting from the ANN at 45℃ 

Dryer Convective 
Control 

vacuum 

Normal 

vacuum 

Convective

-infrared 
Accuracy Sensitivity Property 

Convective 8 0 0 0 1.00 1.00 1.00 

Control 

vacuum 
0 8 1 0 0.88 1.00 0.95 

Normal 

vacuum 
0 0 7 0 1.00 0.87 1.00 

Convective-

infrared 
0 0 0 8 1.00 1.00 1.00 

Correct accuracy of classification: 96.9% 
 

In a study focused on assessing the ripeness 
of blackberries and mulberries, the ANN 
method provided more accurate classifications 
than the PCA and LDA methods. ANN was 
able to classify the blackberry and mulberry 
samples with 100% and 88.3% accuracy, 
respectively (Aghilinategh, Dalvand, & Anvar, 
2020).  

 
PLS results 

The score chart of the PLS model indicates 
minimal overlap in the predicted vitamin C 
percentages for control and normal vacuum 
dryers. However, the color change prediction 
score chart indicates that there is considerable 
overlap between normal vacuum, control 
vacuum, and convective-infrared dryers. Also, 

the score plot shows that PC-1 covered 91-
93% of the data variance for vitamin C and 
colour change prediction, while PC-2 covered 
58-82% of the data variance (Fig. 6).  

The PLS model loading diagram was used 
to analyse the response of each sensor (Fig. 7). 
In the loading diagram of vitamin C prediction 
and colour change prediction, the MQ6, MQ3, 
and MQ5 sensors had the highest response, 
and the MQ135 sensor provided the lowest 
response. In this regard, Sanaeifar et al. (2016) 
showed that for banana quality indicators 
(firmness and TSS index), the R2 values of 
MLR and PLS equations in calibration and 
validation were relatively similar and 
acceptable. 
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Fig. 6. PLS model diagram for predicting vitamin C and ΔE 

 

PCR results  

The score diagram of the PCR model shows 
the prediction overlap of vitamin C percentage 
and color change in control vacuum, normal 
vacuum, and convection-infrared vacuum 
dryers (Fig. 8). In addition, the score plot 
reveals that PC-1 accounted for 93% of the 
variance in predicting vitamin C levels and 
color change, while PC-2 captured between 
18% and 64% of the variance. 

PCR model loading diagram was used to 
analyse the response of each sensor (Fig. 9). In 

the loading diagram of vitamin C prediction 
and colour change prediction, the MQ6, MQ3, 
and MQ5 sensors had the highest response, 
and the MQ135 sensor provided the lowest 
response. Zhang, Wang, Ye, and Chang (2012) 
used electronic nose signals to predict the 
firmness and PH of peach. The results showed 
that the PCR model with high correlation 
coefficients (R= 0.78 for strength, R= 0.82 for 
sugar content, and R= 0.84 for pH) has a good 
ability to predict quality indices. 
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Fig. 7. PLS model loading diagram for vitamin C and ΔE prediction 

 
Comparison between PLS, PCR, and MLR models  

The results of the models for predicting 
vitamin C and colour change using electronic 
nose data showed that the coefficient of 
determination (R2) was in the range of 0.73-
0.86, and the standard deviation was in the 
range of 124-151 for vitamin C. For a colour 
change, these values were reported as 0.86-
0.94 and 0.35-0.7, respectively. The results 
showed that the prediction performance for 
color change of dried samples using the smell 

of the samples was better than vitamin C 
(Table 3). Also, according to Table 3, the 
MLR model demonstrates superior predictive 
capability for vitamin C levels, as observed by 
its more optimal R2 and RMSE compared to 
the other two models. Also, for colour change 
classification, the most accurate MLR model 
had an R2= 0.94 and RMSE= 0.68.  
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Fig. 8. Score chart of the PCR model for predicting vitamin C and ΔE 

 

Previous studies have shown a good 
relationship between pear quality indices (i.e., 
firmness and TSS) and electronic nose signal 
response. Thus, MLR leads to a more accurate 
prediction than other multivariate calibration 
methods with the coefficient of determination 
values of 0.92 and 0.94 for strength and TSS, 
respectively. However, in terms of acidity, 
there is a weak correlation with the electronic 
nose signal (Zhang, Wang, & Ye, 2008). 

Table 4 shows the regression models 
obtained from PLS, MLR, and PCR for 
vitamin C and color change. The models are 
built based on Eq. (4). 

 
0 1 1 2 2 3 3 4 4 5 5 6 6 7 7 8 8Y a a S a S a S a S a S a S a S a S= + + + + + + + +   (4) 

where Y is the quality index, a0 is the constant 
coefficient of the equation, S1 to S8 are the 
sensors, and a1 to a8 indicate the sensor array. 
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Fig. 9. Loading diagram of PCR model for predicting vitamin C and ΔE 

 

Table 3- Predicting PCR, PLS, and MLR models for quality indicators based on electronic nose data 

∆E Vitamin C Quality index 
PCR MLR PLS PCR MLR PLS  
0.93 0.94 0.91 0.73 0.83 0.81 R2 
0.62 0.68 0.7 152 144 124 RMSE 

* PLS partial least squares, MLR multiple linear regression, and PCR principal component regression 

 

According to Table 5, in vitamin C 
prediction, the lowest error (216.29) was 
related to the MLR model, and the highest 
error (352.65) was related to the PCR model. 

Furthermore, in the prediction of colour 
change, the lowest error (0.592) was related to 
the MLR model, and the highest error (0.86) 
was related to the PCR model. The highest and 
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lowest measured color changes were observed 
in hot air dryer and atmospheric control 
vacuum dryer, respectively. In Table 5, it is 
evident that the highest vitamin C levels were 
found in the convective-infrared dryer, while 
the atmospheric control vacuum dryer 
displayed the lowest measurements. In 
summary, the atmospheric control vacuum 

dryer results in the most considerable decline 
in quality, specifically regarding odor and 
vitamin C concentration, while the hot air 
dryer causes the highest color change of the 
prepared orange powder. Therefore, the best 
dryer to maintain the quality of the orange 
powder is the convective-infrared dryer. 

 
 

Table 4- Regression coefficients estimated by PLS, MLR, and PCR models 

Quality index Vitamin C ∆E 

Model PCR MLR PLS PCR MLR PLS 

a0 294.31 433.76 -214.26 23.82 23.87 24.03 

a1 (MQ2) -438548.84 -1868445.38 761930.9 3390.56 2906.89 3194.28 

a2 (MQ3) -71694.78 -551.41 -716471 -3483.10 -3214.4 -2966.64 

a3 (MQ4) 945351.31 1532044.13 709418.8 2423.40 2784.22 1914.59 

a4 (MQ5) 295335.43 871438.68 4624.4 137.02 213.07 338.86 

a5 (MQ6) 479410.62 237475.81 -53066.9 577.11 1052.71 454.56 

a6 (MQ7) -1814250 -2279571 -575208 -3447.43 -5826.88 -3110.14 

a7 (MQ9) -1176795.5 2169078.75 -2194524 -3109.32 11399.49 -5546.62 

a8 (MQ135) 537276.81 560391.37 525199.8 932.08 -93.43 1241.88 

* PLS partial least squares, MLR multiple linear regression, and PCR principal component regression 

 

Table 5- Vitamin C and real predicted color change by PLS, MLR, and PCR models 

Quality 

index 
Model 

Convective 

dryer 

Atmospheric control 

vacuum dryer 

Normal atmospheric 

vacuum dryer  

Convective-infrared 

dryer 

M P M P M P M P 

Vitamin C 

MLR 1411.2 1440.95 864 942.38 1219.2 1190.48 1660.8 1581.36 

PLS 1411.2 1446.23 864 946.13 1219.2 1191.25 1660.8 1571.57 

PCR 1411.2 1467.3 864 984.22 1219.2 1182.03 1660.8 1521.64 

∆E 

MLR 35.71 35.54 29.62 29.70 30.35 30.56 33.13 33 

PLS 35.71 35.57 29.62 29.69 30.35 30.65 33.13 32.9 

PCR 35.71 35.59 29.62 29.73 30.35 30.67 33.13 32.82 

* PLS partial least squares, MLR multiple linear regression, and PCR principal component regression; M measurement, 

and P prediction 

 

Conclusion  
This study was conducted to measure and 

predict the color change and vitamin C content 
using electronic nose data for orange powder 
prepared with convective-infrared, convective, 
normal atmospheric vacuum, and atmospheric 
control vacuum dryers using ANN, PCA, PLS, 
PCR, and MLR. The highest and lowest 
amount of measured color change was 
observed in convective dryer and atmospheric 
control vacuum dryer, respectively. Also, the 
highest and lowest measured vitamin C was 
observed in convective-infrared dryer and 
atmospheric control vacuum dryer, 
respectively. Consequently, the atmospheric 
control vacuum dryer leads to the greatest 

decline in quality, specifically in terms of odor 
and vitamin C, while the convective dryer 
results in the most significant alteration in 
color of the processed orange powder. 
Therefore, the best dryer to maintain the 
quality of the orange powder is the convective-
infrared dryer. The accuracy of the PCA and 
ANN methods in identifying accuracy of the 
four types of dryers used in the preparation of 
orange powder was 88% and 97%, 
respectively. The MLR model is the best 
model for predicting the color change and 
vitamin C of orange powder using the 
electronic nose data. Therefore, it can be 
concluded that the electronic nose can predict 
the amount of vitamin C and the color change 
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index of dried orange powder utilizing the 
signals of the electronic nose system. 

In this study, in order to reduce the 

amount of damage in the processing of orange, 

a non-destructive solution was presented to 

qualitatively monitor the quality characteristics 

of orange powder. An electronic nose was 

used for rapid and early detection of 

nutritional value of orange powder to evaluate 

the quality of product and the effect of drying 

process on the vitamin C content. Therefore, it 

is suggested that the following should be 

investigated in future research: 
1- Chemical evaluation of powder quality 

traits during the processing steps. 
2- Chemical evaluation of the effect of 

drying process on dehumidification kinetics. 
3- Microscopic evaluation of the 

development of drying and the destruction of 
orange tissue during drying. 

4- Using other types of sensors and 
comparing their performance with the 
performance of MOS types.  
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 چکیده

و استتر ر در ارتتار  ییایتت دستتتهاا بو  ،ییایمیشتت   یهتتارنگ پودر پرتقال با استتتدادا ار روش  رییمعطر و تغ  باتی، ترکC  نیتامیو   قدارم  ق،یتحق  نیدر ا
و  یخلاء ک ترل اتمستتدر، همرفتتت  ،یکن شامل خلاء اتمسدر معمولخشک یهادستهاا نیشد. ا یریگاندارا گرادیدرجه سانت C ° 4۵یکن در دماخشک

خلاء ک ترل و خلاء  یهاکنپاسخ در خشک نیو کمتر یهمرفت یهاکنمعطر در خشک باتیپاسخ حسهرها به ترک نیشتریمادون قرمز بودند. ب-یرفتهم
 (ANN) یمص وع یدادند. ساختار شبره عصب حیها را توضدادا انسیار وار ۸۸% (PCA) یاصل  یهامؤلده  لیتحل  یمشاهدا شد. دو مؤلده اصل یمعمول

 ی، حستتهرها(PCR)ی اصتتل یهامؤلده ونیو رگرس (PLS) یحداقل مربعات جزئ یهامدل یبارگذار یبر اساس نمودارها ن،یبود. علاوا بر ا ۸-۵-4
MQ3  و MQ6 نیتامیو  زانیم ی یبشیپ یحسهرها برا نیبرتر C رنگ پودر پرتقال بودند. حسهر رییو تغMQ135  و کتتاهش  نییدقت پا لیبه دل زین

 ترقیتت دق ،PLSو  PCR یهابا متتدل سهی، در مقا(MLR) ا دگانه یخط ونیحذف شود. رگرس یریالرترون ی یب یتواند ار مجموعه حسهرهایم  ه،یهز
محاستتبه  رنتتگ رییتت تغ ی یبشیپ یبرا  RMSE= 0.68و  2R 0.94 =و   Cنیتامیو  ی یبشیپ یبرا  RMSE= 0.144و  2R 0.83 =یع ، یعمل کرد

 ن،یمشاهدا شتتد. هم  تت  یکن خلاء ک ترل اتمسدرو خشک یکن همرفتدر خشک  بیترتشدا بهیریگر رنگ انداراییتغ  ریمقاد  نیو کمتر  نیشتریبشدند.  
 نیمشتتاهدا شتتد. برتتتر یکن خلاء ک ترل اتمستتدرمادون قرمز و خشک-یکن همرفتدر خشک بیترتشدا بهیریگاندارا C نیتامیو  نیو کمتر نیشتریب

قادر  ییایآمدا ار دستهاا بودستبه یهامقاله نشان داد که دادا نیا جینتا .بودمادون قرمز -یهمرفت کنخشکپودر پرتقال،   تیدیحدظ ک  یکن براخشک
کن متتورد استتتدادا نتتوخ خشتتک یب دو طبقه ییش اسا یبرا ییایار دستهاا بو توانیم ن،یپرتقال است. هم  پودر  C نیتامیرنگ و و  رییتغ ی یبشیبه پ
 .پودر پرتقال استدادا کرد هیتر یکن براخشک نیبرتر نیینمونه، و تع خریببدون ت  ه،یرمان و هز نیپودر پرتقال با کمتر هیتر یبرا
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Abstract 

This study proposes a novel method for identifying grape leaf diseases through RGB image analysis 
combined with weighted group decision-making. The investigation focused on five disease types, Black Measles, 
Black Rot, Leaf Blight, Powdery Mildew, and Downy Mildew, along with healthy leaves. Three machine learning 
classifiers, namely support vector machine (SVM), random forest (RF), and k-nearest neighbor (k-NN), were 
employed individually and in a weighted ensemble. Each classifier was assigned a weight based on its accuracy, 
and the final disease classification was determined using a majority voting strategy. To determine the most 
discriminative features related to texture, color, and shape, the Relief feature selection algorithm was applied, 
which identified the top five effective features in diagnosing grape leaf diseases. Experimental results indicated 
that the classification accuracies of SVM, RF, and k-NN were 88.33%, 80.08%, and 75%, respectively. 
Furthermore, the proposed weighted group decision-making approach improved the overall classification 
performance, achieving an accuracy of 91.67%. 

 
Keywords: Feature selection, Grape disease, Group decision making, Image processing, Majority voting 

 
Introduction1 

Accurate and timely diagnosis of plant 
diseases is essential for sustainable and 
efficient agriculture, as well as to avoid 
unnecessary waste of financial resources. 
Although some plant diseases do not exhibit 
visible symptoms, advanced analysis methods 
are crucial for such conditions. However, most 
plant diseases exhibit visible symptoms, and 
the current standard technique for diagnosis is 
for an experienced plant pathologist to visually 
observe infected plant leaves. Diagnosing 
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plant diseases accurately requires excellent 
observation skills, which can pose a challenge 
even for experienced plant pathologists as the 
effects of climate change and the spread of 
diseases to new areas create an extremely 
diverse range of plants (Javidan, Ampatzidis, 
Banakar, Asefpour Vakilian, & Rahnama, 
2024). A smart system that can automatically 
detect plant diseases accurately is vital for 
farmers, especially those without crop support 
and plant pathology infrastructure. Disease 
diagnosis methods can be divided into direct 
and indirect methods. Direct methods include 
serological and molecular methods, while 
indirect methods include methods based on 
biological markers and characteristics of 
plants, such as imaging techniques and 
spectroscopy-based methods (Abdulridha, 
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Ampatzidis, Kakarla, & Roberts, 2020). 
Recent advances in agricultural technology 
have increased the demand for the 
development of non-destructive methods of 
disease detection. Advancements in computer 
technology have also improved crop growth 
monitoring using image processing. Automatic 
disease detection through machine vision 
technology has many benefits, such as 
accuracy, non-destructiveness, and improved 
performance. The application of machine 
vision technology will increase the 
productivity of the agricultural industry by 
reducing labor costs, and advances in artificial 
intelligence technology are paving the way for 
the development of automated systems that 
can provide faster and more accurate results in 
diagnosing diseases.  

Recently, both traditional machine learning 
approaches and bio-inspired meta-heuristic 
algorithms have been explored for plant 
disease detection and classification, with the 
latter proving particularly effective in handling 
complex real-world issues (Zhou, Gao, Zhang, 
& Lou, 2020). As an example, Jaisakthi, 
Mirunalini, & Thenmozhi (2019) introduced 
an automated method for diagnosing three 
grape diseases—Black Rot, Black Measles, 
and Leaf Blight. Their system first isolated the 
affected leaf regions and then applied a 
support vector machine (SVM) to classify 
diseased and healthy leaves, reaching an 
accuracy rate of 87%. 

Cruz et al. (2019) explored the 
effectiveness of six different neural network 
models for analyzing digital images of 
grapevine yellowing disease. Their findings 
indicated that deep learning significantly 
enhances disease prediction compared to 
traditional approaches and even human 
experts. Specifically, models using deep 
learning achieved prediction improvements of 
97.35% over a baseline system without deep 
learning and 88.22% over expert assessments. 

Hasan et al. (2020) focused on applying a 
convolutional neural network (CNN) to 
identify and classify common grapevine leaf 
diseases. The CNN framework incorporated 
data input, feature extraction, and 

classification stages. Following training on the 
dataset, the model reached an accuracy of 
91.37%. 

Javidan, Banakar, Vakilian, and Ampatzidis 
(2023a) proposed an image processing 
approach combined with a multi-class SVM to 
detect grape leaf diseases such as Black 
measles, Black rot, and Leaf blight. Disease 
symptoms were segmented via K-means 
clustering, and features were extracted using 
RGB, HSV, and Lab color spaces. Using PCA 
for feature reduction, the method achieved 
98.97% accuracy, outperforming CNN 
(86.82%) and GoogleNet (94.05%) while also 
reducing processing time. 

Javidan et al. (2023b) proposed a weighted 
majority voting ensemble approach to classify 
RGB images for detecting various tomato leaf 
diseases. Color, textural, and shape features 
were extracted, and the relief method was 
applied for feature selection. Six machine 
learning classifiers were used, achieving up to 
91.53% accuracy, with ensemble methods 
further improving classification performance. 

Javidan, Banakar, Vakilian, Ampatzidis, 
and Rahnama (2024) proposed an approach 
using RGB and hyperspectral imaging to 
detect four fungal diseases in tomatoes over 11 
days post-infection. Machine learning models 
trained on statistical, texture, and shape 
features achieved up to 87% accuracy with 
RGB and 98% with hyperspectral imaging. 
Spectral analysis differentiated infections as 
early as day 3, highlighting key wavelength 
features for disease detection. 

Talaat, Shams, Gamel, and ZainEldin. 
(2025) introduced a plant disease detection 
framework named DeepLeaf for recognizing 
four prevalent grapevine diseases. The system 
combines preprocessing steps, feature 
extraction, and an optimized CNN-based 
classification architecture, attaining 99.7% 
accuracy on the Plant Village dataset. Such 
performance underscores its promise for 
scalable and effective monitoring of plant 
health. 

Raghuram & Borah (2025) proposed an 
advanced plant disease detection system using 
a hybrid learning model (HLM) with deep 
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reinforcement learning and transfer learning 
(DRL-TL). High-resolution plant leaf images 
are preprocessed using an enhancement 
algorithm before feature extraction in a three-
dimensional manner. The model, utilizing 
MobileNetV2, demonstrated superior accuracy 
and robustness in detecting plant diseases 
across species and environmental conditions. 

Shafik, Tufail, Liyanage De Silva, and Awg 
Haji Mohd Apong (2025) introduced a hybrid 
Inception-Xception (IX) CNN model that 
integrates inception and depth-separable 
convolution layers to enhance feature 
extraction while reducing complexity and 
overfitting. The model powers a real-time AI 
application for disease detection, available on 
MATLAB, Android, and Servlet. Evaluated on 
six datasets, it achieved near-perfect accuracy, 
with Plant Village, Plant Doc, and Turkey 
Disease datasets reaching 100% accuracy. 

Sahabi & Baradaran-Motie (2025) analyzed 
RGB and NIR images from five randomly 
selected fields over two years to extract and 
evaluate spectral vegetation indices for plant 
disease detection. Two SVM classifiers with 
RBF kernels were applied separately to NIR 
and RGB images, achieving test-phase 
accuracies of 82.3% and 91.4%, respectively. 
Field evaluation using the confusion matrix 
method yielded classification accuracies of 
75.6% for NIR and 80.3% for RGB images. 

Javidan, Ampatzidis, Banakar, Asefpour 
Vakilian, and Rahnama (2025) evaluated six 
deep learning models for classifying seven 
tomato leaf conditions, including six diseases 
and healthy leaves. MobileNet achieved the 
highest individual accuracy (96%), while 
ensemble methods significantly improved 
performance, with simple majority voting 
reaching 99.5% and weighted majority voting 
achieving 100%. These findings highlight the 
potential of deep ensemble learning for 
achieving accurate diagnosis of tomato 
diseases. Developing reliable and precise 
machine learning models for plant disease 
detection remains a challenging area, primarily 
due to the limited availability of large, high-
quality datasets needed for training and 
evaluation. Identifying the optimal number of 

clusters further complicates the process. 
Current machine learning approaches often fall 
short in accuracy and reliability, particularly 
when they do not isolate the diseased regions 
from the leaves, leading to delays in diagnosis. 
Moreover, distinguishing plants affected by 
multiple diseases or diseases with similar 
early-stage symptoms poses a significant 
challenge. Therefore, an effective feature 
extraction system is essential for precise 
disease identification and classification, 
especially when comparing diseases with 
overlapping or similar symptoms (Barbedo, 
2016; 2018). 

Selecting the most effective features from 
plant leaf diseases to diagnose the type of 
disease greatly increases ML's diagnostic 
capability. It is crucial to use feature selection 
methods and compare them to find the best 
method for selecting features that challenge 
diseases. Choosing the most efficient ML 
classification method(s) that can distinguish 
the performance of ML-based classifiers in 
terms of processing time and accuracy in 
disease diagnosis and classification is 
important. The classifier should be highly 
accurate in diagnosing the disease in a short 
time. Group decision making is a promising 
approach to classifying diseases, particularly 
for those with a large number of classes. 
Weighted group decision making, a subgroup 
of group decision making, assigns higher 
weights to classifiers with high accuracy, 
ensuring that the decision-making is based on 
the most reliable classifier. Weighted group 
decision making can significantly improve the 
accuracy and validity of the diagnosis of plant 
diseases compared to conventional 
classification methods. Combining multiple 
classifiers enhances overall classification 
accuracy, with majority voting providing more 
reliable plant disease diagnoses. Collaborative 
decision-making offers an effective approach 
for handling diseases with numerous classes, 
simplifying the problem, enabling scalability, 
and reducing the total time needed for 
diagnosis. 

Recent progress in machine learning (ML) 
and computer vision has led to the 
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development of automated models for plant 
disease classification. Despite these advances, 
many existing approaches face challenges such 
as reduced accuracy under varying 
environmental conditions, difficulty in 
differentiating visually similar diseases, and 
dependence on a single classifier that may not 
perform consistently across diverse datasets. 
To overcome these issues, this study 
introduces a weighted majority voting group 
learning approach for classifying grape leaf 
diseases using RGB images. The goal is to 
improve both accuracy and robustness by 
combining the strengths of multiple ML 
models. The research focuses on five 
grapevine diseases, Black Measles, Black Rot, 
Leaf Blight, Powdery Mildew, and Downy 
Mildew, along with healthy samples. Rather 
than relying on a single algorithm, the method 
employs three well-established classifiers: 
support vector machine (SVM), random forest 
(RF), and k-nearest neighbor (k-NN). 

A key innovation of this approach is the 
integration of a weighted majority voting 
scheme to combine the predictions of 
individual classifiers. In traditional majority 
voting, each classifier contributes equally to 
the final decision, which may lead to 
suboptimal results if one model significantly 
outperforms the others. To overcome this 
limitation, our method assigns higher weights 
to classifiers that demonstrate superior 
accuracy, ensuring that more reliable 
predictions have a greater influence on the 
final classification outcome. This weighting 
process is proportional to the classification 
performance of each model, meaning that the 
classifiers with the highest accuracy are given 
more importance when determining the final 
disease classification. 

By implementing this weighted group 
decision-making approach, the overall 
classification accuracy is improved, as the 
weaknesses of one classifier can be 
compensated by the strengths of another. This 
method not only enhances the robustness of 
disease detection under varying environmental 
conditions but also provides a scalable and 
efficient solution for real-world vineyard 

monitoring. The findings of this study 
contribute to the advancement of automated 
plant disease detection systems, offering a 
practical alternative to traditional diagnostic 
methods while improving decision-making for 
vineyard management. 

 
Materials and Methods 

Proposed algorithm to diagnose and classify grape 

leaf diseases 

The proposed method consists of several 
steps to detect and classify diseased and 
healthy grapevine leaves, combining weighted 
machine learning methods to achieve high 
classification accuracy. These steps are: (1) 
database creation, (2) image processing 
including steps: background removal and 
image segmentation to detect disease 
symptoms using k-means clustering, (3) 
extraction of texture, color features, and shape 
of images, (4) feature selection using relief 
algorithm, (5) classification based on support 
vector machine, random forest, and k-nearest 
neighbor, (6) combination based on weighting 
of classifications, and (7) final classification of 
diseases. The proposed method is described as 
follow. 

 
Creating a database of images of infected leaves 

Creating reliable image classifiers for plant 
disease detection depends on access to large, 
validated datasets of both healthy and diseased 
plants, which were previously scarce. In the 
past, researchers often had to compile their 
own datasets, as smaller publicly available 
datasets were limited. The situation has 
improved with the availability of larger 
datasets, enabling the development of more 
advanced image classifiers for plant disease 
diagnosis (Hughes, David, & Salathe, 2015). 

This study utilized data collected from 
vineyards in Qazvin province, Iran, consisting 
of six categories: one representing healthy 
grape leaves and five representing diseased 
leaves Black Measles, Black Rot, Leaf Blight, 
Powdery Mildew, and Downy Mildew.  
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Disease 

name Disease image Disease symptoms 

Black 

Measles 

 

Initially, interveinal yellow or reddish-brown streaks appear on the 

leaves. Over time, dark brown or black necrotic spots develop, often 

surrounded by a yellow halo. In severe cases, the leaves dry out, and 

internal wood discoloration may also occur. 

Black Rot 

 

Small, circular brown spots with dark edges form on the leaves. As the 

disease progresses, these spots enlarge, and black fungal fruiting 

structures (pycnidia) appear. Infected leaves may curl and dry out, 

reducing the plant’s ability to photosynthesize. 

Leaf 

Blight 

 

Irregular brown or reddish lesions appear on the leaves, often with a 

water-soaked appearance. The affected tissue may become brittle and 

fall out, creating a shot-hole effect. In severe cases, premature leaf 

drop weakens the vine. 

Powdery 

Mildew 

 

A white or grayish powdery fungal growth appears on the surface of 

the leaves. Infected leaves may become distorted or curled, and as the 

infection worsens, the fungal coating thickens, reducing 

photosynthesis and overall plant health.  

Downy 

Mildew 

 

Yellowish, oily spots develop on the upper leaf surface. Over time, a 

white, cotton-like fungal growth appears on the underside of the 

leaves, especially in humid conditions. Severely affected leaves turn 

brown and fall prematurely, leading to reduced yield and weakened 

vines. 

Fig. 1. Image of symptoms and descriptions of diseased and healthy leaves in this study 
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A total of 600 images were obtained, with 
an equal number of samples for each class. 
The photographs were taken under natural 
light using a Samsung A32 smartphone 
equipped with a 64-megapixel camera. For 
experimental purposes, the dataset was split 
into training and testing subsets, with 80% 
(480 images) allocated for training and 20% 
(120 images) reserved for evaluation. The 
proposed diagnostic framework was developed 
and executed on a Windows 10 platform with 
an Intel® Core™ i3-8130U processor (2.20–
2.21 GHz) and 8 GB RAM, while MATLAB 
2018 was used to implement the algorithm for 
grape leaf disease detection and classification. 
Figure 1 provides visual samples of the disease 
types considered in this research. 

 
Image preprocessing 

In order to remove noise, the images 
obtained from the previous step were 
smoothed using conventional methods such as 
Gaussian smoothing. In this technique, a 
Gaussian filter was applied to the image, 
allowing high-frequency noise to be reduced 
by averaging pixel values with their neighbors 
in a weighted manner. This ensured that 
sudden intensity variations were minimized 
while important edges and structures were 
preserved. After smoothing, the images were 
sent to the next step, where processing was 
performed, and the best feature was selected. 
Before extracting the disease features, two 
unsupervised learning techniques were applied 
to cluster the diseased samples, enabling their 
separation from healthy plant tissue. While 
automatic clustering through unsupervised 
methods has rarely been explored for plant 
disease diagnosis, this study made an effort to 
implement such an approach, following the 
direction of related research. The disease was 
separated from the leaves manually by 
assigning a number to the cluster. In Figure 2, 
the disease area was shown, which was also 
referred to as the region of interest (ROI) in 
clustering. Figure 3 illustrated the different 
stages of pre-processing and the diagnosis of 
the diseased area. 

 
Feature extraction 

To improve the performance of these 
classifiers, a key step is automatic feature 
learning through appropriate feature extraction 
algorithms and techniques. Shape, texture, and 
color features are commonly used for plant 
disease diagnosis, and the appropriate 
algorithm and technique for feature extraction 
should be selected. It can be challenging to 
determine the best feature among a set of 
features and to choose a good extraction 
technique. Common facts about the feature 
extraction process are listed below: 

The appropriate set of features to use for 
plant disease diagnosis is dependent on the 
characteristics of the objects or diseases being 
detected. Some commonly used features 
include shape, texture, and color, which can be 
analyzed using a combination of algorithms, 
techniques, and descriptors. For texture 
analysis, the Gray-Level Co-Occurrence 
Matrix (GLCM) was used as a common 
technique, while features such as uniformity, 
entropy, energy, contrast, and correlation were 
utilized to represent texture patterns 
(Mohamadzamani, Sajadian, & Javidan, 2020). 
Color characteristics can be analyzed using 
color histogram and color co-occurrence 
matrix, which provide information about the 
visual characteristics of the object. Shape 
analysis can be performed by measuring 
characteristics of the object's contour such as 
orientation, area, eccentricity, and center. 
However, there may be limitations in the use 
of a single attribute type to define the object, 
and a combination of multiple features can 
improve the performance of a classification 
system. 

This study employed a combination of three 
types of features: color, texture, and shape to 
classify damaged areas on leaves. For the color 
features, features including mean, maximum, 
standard deviation, median, and hue were 
extracted from the RGB, l*a*b, and HSV color 
space. 
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Disease Detected 
Background 

Removed 
Leaf Image Disease Name 

   

Leaf blight 

   

Black Rot 

   

Black Measles 

   

Powdery Mildew 

   

Downy Mildew 

   

Healthy 

Fig. 2. Isolation of the leaf from the background and detection of the diseased area 

 
Texture features were extracted using the 

GLCM technique, which extracts features such 
as contrast, correlation, energy, homogeneity, 
mean, standard deviation, entropy, variance, 

smoothness, kurtosis, and skewness. Shape 
features extracted included area, perimeter, 
number of objects, length of the major and 
minor axis of the points, and eccentricity 
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index. These steps were performed using the 
feature extraction module in MATLAB 
version 2018. By combining these features, it 
was anticipated that the accuracy of the 
classification system would improve. 

 
Feature selection 

At this stage, the Relief algorithm was 
applied to reduce computational complexity, 
minimize data dimensionality, and select the 
most relevant image features. The resulting 
features were then used as input for the 
subsequent stage, the intelligent classifier. 
Consequently, this approach enabled the 
extraction of the most significant and 
informative features for plant disease 
diagnosis in this study. The Relief algorithm 
was employed to decrease computational 
complexity, reduce the feature space, and 
identify the most informative attributes for 
image-based plant disease classification. The 
selected features from this stage were then 
used as input for the subsequent step, which 
involved an intelligent classifier aimed at 
improving system performance. In this way, 
the study was able to extract the most critical 
and effective features for diagnosing plant 
diseases (Mohamadzamani et al., 2020). 

 
Classification by machine learning 

To classify grapevine leaf diseases, several 
machine learning algorithms, including k-NN, 
SVM, and RF, were employed. In a 
classification problem, the objective is to 
assign a label to each input sample. For 
instance, in grape leaf disease detection, the 
system must identify whether a given leaf 
image belongs to a healthy or infected class. 
Among the most common techniques, the k-
NN algorithm assigns a label based on the 
majority class of the k closest neighbors, with 
its performance being highly dependent on the 
chosen value of k. Another widely applied 
method is SVM, which separates classes by 
constructing an optimal hyperplane in the 
feature space; its effectiveness is influenced by 
the type of kernel function selected. Similarly, 
the RF algorithm is a popular ensemble 
learning approach that builds multiple decision 

trees using randomly selected feature subsets, 
with its accuracy depending on the number of 
trees and feature selection strategy. For grape 
leaf disease classification, k-NN, SVM, and 
RF can all be applied, though their suitability 
ultimately depends on dataset characteristics, 
selected features, and evaluation metrics. 

 
Weighted majority voting group learning 

In the current study, the task of plant 
disease diagnosis requires a model that can 
provide accurate predictions. To achieve this 
goal, the strategy of group decision learning 
strategy is used, which integrates multiple 
learning models to achieve better results. 
Group decision learning allows for the 
integration of multiple learning models and the 
usage of weak models with relatively lower 
training costs, thereby reducing the need for 
large training sets. The proposed methodology 
leverages the combination of classifiers to 
enhance the performance of the final model, 
and the final prediction is provided by the 
category that receives the most votes 
according to the majority vote. Weighted 
voting is utilized to determine the impacts of 
each class on the final prediction, where the 
weight assigned to each class is typically 
proportional to its performance in the 
validation set. If some classifiers demonstrate 
higher classification accuracy, they will have 
more votes, leading to higher weights. This 
process is known as majority voting, and it can 
be used to achieve consistent results. The 
importance of the weight assigned to each 
class for successful classification cannot be 
overemphasized, and it is essential to link each 
learned classifier with a different weight based 
on its performance in the validation set. The 
proposed method includes three main stages: 
classification training, weight determination 
using the validation set, and the combination 
of individual classifier outputs considering 
their weights. Figure 3 demonstrates the 
different stages of diagnosis and classification 
of grape plant diseases by the weighted 
combination method incorporating group 
decision learning techniques. 

 



Najafabadiha et al., A Weighted Group Learning Model for Classification …     495 

 

 
Fig. 3. Different stages of the proposed algorithm in the current research 

 

Performance evaluation of the proposed method 

The confusion matrix is an essential tool for 
evaluating the performance of classification 
models. In this study, model performance was 
assessed using classification accuracy along 
with Precision, Sensitivity, Specificity, and F-
Measure, as defined in Equations (1)– (5). The 
optimized models were trained and validated 
using 5-fold cross-validation (CV), where the 
dataset is split into five subsets to ensure 
robust evaluation. Accuracy from the testing 
phase was recorded to measure each model’s 
performance. This approach mitigates 
overfitting by using every data point for both 
training and validation, while also providing a 
more reliable estimate of model performance 
on unseen data. By systematically rotating the 
validation fold, 5-fold CV ensures consistency 
and improves the generalizability of the 
model. 
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Results and Discussion 

The results of feature selection extracted in 
order to diagnose grape plant diseases 

To enhance the effectiveness and 
classification performance of the proposed 
method, a total of 165 features were extracted 
from the leaf images, comprising 36 color, 117 
textural, and 12 shape features. After selecting 
the most influential features for classification, 
the analysis revealed that combining these 
three feature types yielded the highest 
accuracy. This demonstrates that the method’s 
performance relies on appropriately selecting 
and integrating the most discriminative 
features across different sets. The approach 
offers a robust and reliable solution for plant 
disease diagnosis by ensuring accurate 
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classification based on diverse feature sets. 
Individually, the classification accuracies were 
65.15% for color features, 71.2% for textural 
features, and 60.31% for shape features, 
whereas the combined feature set achieved 

83.33% accuracy using a random forest (RF) 
classifier. Table 1 lists the five most effective 
features for grape leaf disease diagnosis and 
classification. 

 
Table 1- The results of the best and most important characteristics selected for the diagnosis of grape leaf diseases 

Feature 

rank 
1 2 3 4 5 

Accuracy 

(%) 

Color 
Median (l*a*b) 

(b) 
Max (l*a*b) (b) 

Mean (HSV) 

(V) 

Mean 

(l*a*b) (l) 

Median (RGB) 

(B) 
65.15 

Texture 

Standard 

Deviation (l*a*b) 

(b) 

Entropy (l*a*b) 

(l) 

Variance 

(l*a*b) (l) 

Entropy 

(HSV) (H) 

Standard 

Deviation 

(l*a*b) (l) 

71.2 

Shape Area Perimeter 
Number of 

objects 

Major axis 

length 

Minor axis 

length 
60.31 

All 

Features 

Skewness (HSV) 

(S) 

Homogeneity 

(l*a*b) (b) 

Correlation 

(l*a*b) (b) 

Energy 

(RGB) (R) 

Entropy (RGB) 

(R) 
83.33 

 
Table 1 presents a detailed overview of the 

key features used for diagnosing and 
classifying grape leaf diseases, divided into 
four categories: Color, Texture, Shape, and All 
Features combined. Each category represents 
different aspects of the leaf’s visual 
characteristics that help identify disease 
symptoms. 

Color features are critical for detecting 
various diseases as changes in leaf color often 
indicate the presence of infection. The most 
influential color features include the Median 
and Maximum values of the blue channel in 
the l*a*b color space, the Mean value of the V 
component in the HSV color model, and the 
Mean and Median values of the l and blue 
channels in the l*a*b and RGB spaces. These 
color-based features capture key shifts in the 
hue and brightness of the leaf, such as 
yellowing, browning, or discoloration from 
mildew or fungal infections. The use of 
multiple color spaces (l*a*b, HSV, and RGB) 
ensures that a broader range of color variations 
is captured, helping improve the model’s 
sensitivity to diseases that manifest through 
color changes. 

Texture features describe the surface 
patterns and spatial distributions of the leaf, 
providing insight into internal leaf damage that 
might not be visible through color alone. 
Features like Standard Deviation, Entropy, and 
Variance from both l*a*b and HSV color 

spaces measure the variation in pixel intensity 
and the randomness of color distribution. 
These texture features are valuable because 
many diseases cause changes in the surface 
texture of the leaf, such as spots, lesions, or 
mold growth. For example, the Entropy of the 
HSV hue channel reflects irregularities in 
color arrangement, and Standard Deviation 
measures how much the pixel values deviate, 
both of which are useful for identifying 
diseased leaves with uneven surface patterns. 

Shape features refer to the geometric 
properties of the leaf, such as Area, Perimeter, 
Number of objects, and the lengths of the 
Major and Minor axes. Although shape 
features alone are not as discriminative as 
color and texture, they can still provide useful 
information, especially in cases where the leaf 
undergoes physical changes due to disease. 
For instance, a leaf may become deformed, 
curl, or have holes due to infection. These 
shape descriptors help capture such alterations 
and contribute to distinguishing diseased 
leaves from healthy ones. 

The All-Features category combines color, 
texture, and shape characteristics to provide a 
comprehensive view of the leaf’s health. The 
top-ranked features in this group, such as 
Skewness in the HSV color space, 
Homogeneity and Correlation in the l*a*b 
space, and energy and entropy metrics in 
RGB, highlight the effectiveness of using a 
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wide array of descriptors. By integrating 
multiple types of features, the model can 
account for a variety of disease symptoms, 
including subtle color variations, textural 
differences, and structural deformations, 
making it a more robust tool for grape leaf 
disease detection. 

 
Classification results of grape plant diseases 

For training the dataset, a combination of 
base classifiers was utilized, including k-NN, 
SVM, RF, and weighted majority group, after 
which the effective features were selected for 
all three groups (color, texture, and shape). 
The classification accuracies for the color 
features group were respectively 65.15%, 
51.42%, 43.78%, and 75.41%, while for 
texture features, the classification accuracies 
were 20.71, 50.69, 50.57, and 80.50%, 
respectively. For shape features, the accuracies 
were 31.60, 50.70, 20.40, and 44.70%, 
respectively. The highest overall accuracy was 
achieved by integrating all three feature types 
within the weighted combination model. 
Figure 4 shows the confusion matrices for the 
three individual ML classifiers as well as the 
results of the weighted ensemble for grape leaf 
disease classification. While textural features 
had the most significant impact on diagnostic 
and classification accuracy, shape and color 
features, such as medium and middle attributes 
(Jaisakthi et al., 2019), also contributed 
meaningfully. Additionally, the extracted 
features demonstrated similar performance 
across all models, highlighting that each 
feature type plays a distinct role in detection 
and classification. These results underscore the 
importance of combining multiple feature sets 

to achieve effective and reliable disease 
diagnosis. 

 
Classification results by weighted combination 

algorithm 

As shown in Table 2, the classification 
accuracies for the individual models were 
88.33%, 80.08%, and 75%, respectively. 
Although these results are moderate, higher 
performance was achieved using the weighted 
majority voting approach, which reached an 
accuracy of 91.67%, outperforming all 
individual models. Figure 4 presents the 
confusion matrix for the classification of 
healthy and diseased grape leaves. In the 
matrix, each column corresponds to the 
predicted class, and each row represents the 
true class label, with the diagonal entries 
indicating correctly classified samples. The 
classification task involves six categories: 
Black Measles, Black Rot, Leaf Blight, 
Powdery Mildew, Downy Mildew, and healthy 
leaves. The results indicate a higher 
misclassification rate for Downy Mildew, 
likely due to its similar shape and color to 
other diseases. Severe discoloration in severe 
cases may also contribute to this 
misclassification. Weighted models, which 
minimize classification errors, can help solve 
this problem. 

In addition to Downy Mildew, other 
misclassified diseases included Black Measles 
and Black Rot. Both are difficult to 
differentiate from other diseases visually, even 
for experts. However, unlike Black Measles, 
Downy Mildew spots do not have concentric 
areas and have a  

 
Table 2- Classification results for the diagnosis of grape leaf diseases 

No. Classifier 
Accuracy with color 

features (%) 

Accuracy with 

textural features (%) 

Accuracy with shape 

features (%) 

Total 

accuracy (%) 

1 Random Forest 65.15 71.20 60.31 88.33 

2 
Support Vector 

Machine (Linear) 
51.42 69.50 50.70 80.08 

3 k-Nearest Neighbors 43.78 57.50 40.20 75.00 

4 
Weighted Vote 

Majority Group 
75.41 80.50 70.44 91.67 
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darker color than Leaf Blight. The 

distribution of these spots on the plant is more 
uniform, and the initial symptoms of the 
disease on the leaves are smooth, small, and 
dark-colored spots. In the case of Black Rot 
disease, the symptoms appear as burnt spots on 
the leaves, with no clear halo around the 
affected areas. The leaves become brown, 
wrinkled, and dry as the disease progresses. 
On the other hand, Powdery Mildew disease 
exhibits a high classification accuracy. The 

reason for this is the color difference in disease 
spots on the leaves of this plant. In Powdery 
Mildew disease, yellow spots (with a diameter 
of 2 to 10 mm) appear on the upper surface of 
young leaves, near the margins, and the fungal 
mass gradually develops on these spots as the 
disease progresses. The spots eventually form 
larger, grayish-white masses that cover the 
entire leaf, causing it to become deformed, 
dry, and eventually fall. 

 
SVM = 80.08% k-NN = 75% 

  
  

Weighted Vote Majority Group = 91.67% RF = 83.33% 

  
Fig. 4. Confusion matrix results to classify grape leaf diseases 

 
According to the Table 3, the accuracy of 

the classification improves significantly with 
the use of the weighted majority voting 
algorithm, which combines SVM, RF, and k-

NN classifiers. As indicated in the evaluation 
table, the Weighted Majority Voting approach 
enhances the model's performance across all 
six grape leaf disease classes. Specifically, the 
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algorithm achieves perfect Precision and 
Sensitivity for Black Measles (Class 1) and 
Healthy Leaves (Class 6), demonstrating the 
model's ability to reliably detect these 
conditions with minimal false positives and 
false negatives. For other disease classes such 
as Black Rot (Class 2) and Powdery Mildew 
(Class 4), the model also performs well, 
showing high precision and sensitivity values, 
indicating strong disease detection capabilities. 
However, Downy Mildew (Class 5) shows 
slightly lower precision (75%) and sensitivity 
(100%), suggesting that the algorithm faces 
more challenges distinguishing this particular 
condition. Specificity is consistently high 
across all classes, with Black Rot (Class 2) 
achieving the highest specificity at 98.96%, 
indicating that the model effectively identifies 
negative cases (healthy leaves) for most 
disease types. The Accuracy remains steady at 
91.67% for all classes, emphasizing the 
robustness of the model in classifying both 

healthy and diseased leaves correctly. Finally, 
the F-Measure, which balances precision and 
sensitivity, is high across most classes, with 
Black Measles (Class 1) achieving a perfect 
score of 100%. In conclusion, the weighted 
majority voting algorithm significantly 
enhances the classification accuracy, providing 
an effective and reliable method for grape leaf 
disease detection, although further refinement 
is needed for Downy Mildew detection. 
Overall, the group decision learning (weighted 
voting learning) model achieved better 
classification performance by 10.54% 
compared to the average accuracy of all 
baseline classifiers. This observation is further 
emphasized by the fact that less accurate 
classification results were obtained in previous 
studies using different methods, primarily due 
to the similarity of disease symptoms across 
grape leaf diseases (Jaisakthi et al., 2019; Liu, 
Tan, Li, He, & Wang, 2020; Xie et al., 2020).  

 
Table 3- Result of evaluation criteria for disease classification 

k-NN = 75% 

 

SVM = 80.08% 

Class 1 2 3 4 5 6 Class 1 2 3 4 5 6 
Precision 90 66.66 71.42 66.66 70 100 Precision 93.33 87.50 8.571 .6522 78.26 8.571 

Sensitivity 85.71 66.66 75 84.21 93.33 52.38 Sensitivity 82.35 70 90 75 85.71 8.571 

Specificity 97.97 91.66 94 92.07 94.28 100 Specificity 99.02 97.98 96.97 91.92 94.90 96.94 

Accuracy 75 75 75 75 75 75 Accuracy 80.08 80.08 80.08 80.08 80.08 80.08 

F-Measure 87.80 66.66 73.17 74.41 80 68.75 F-Measure 87.50 77.78 87.80 69.77 81.82 85.71 

RF = 83.33 Weighted Vote Majority Group = 91.67% 

Class 1 2 3 4 5 6 Class 1 2 3 4 5 6 
Precision 91.30 80 69.57 75 90 88.89 Precision 100 95.65 89.47 89.47 75.00 100 

Sensitivity 91.30 72.73 88.89 63.16 93.10 80 Sensitivity 100 91.66 85.00 89.47 100 85.71 

Specificity 97.94 98.17 93.14 96.04 96.70 98 Specificity 100 98.96 98 98.02 95.24 100 

Accuracy 83.33 83.33 83.33 83.33 83.33 83.33 Accuracy 91.67 91.67 91.67 91.67 91.67 91.67 

F-Measure 91.30 76.19 78.05 68.57 91.53 84.21 F-Measure 100 93.62 87.18 89.47 85.71 92.31 

Note: Class 1, 2, 3, 4, 5, and 6 correspond respectively to Black Measles, Black Rot, Leaf Blight, Powdery Mildew, 

Downy Mildew, and Healthy Leaves. 

 

Table 4 compares the classification results 
of this study with those of previous research. 
Earlier studies have shown that Weighted 
Majority Voting Ensemble (WMVE) methods 
can improve classification accuracy compared 
to individual machine learning (ML) models 
(Javidan et al., 2025). Most prior research 
focused on classifying a small number of 
tomato leaf diseases, typically one to three 
classes (Cruz et al., 2019). As the number of 
disease categories increases, the accuracy of 

individual models often declines due to the 
similarity of disease symptoms, making 
precise diagnosis more challenging (Liu et al., 
2020; Javidan et al., 2023a). 

Although deep learning (DL) approaches 
can achieve higher classification performance, 
they face practical limitations such as the need 
for large datasets and high computational 
resources, which can hinder their use by plant 
pathologists and agricultural engineers. Data 
scarcity has been a major challenge in 
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previous studies, often reducing the 
effectiveness of DL methods. To address this, 
data augmentation techniques, including 
rotation, flipping, cropping, resizing, color 
jittering, noise addition, image warping, and 
random erasing, have been applied to expand 
dataset size and enhance model 
generalizability (Mumuni & Mumuni, 2022). 
Despite these strategies, DL models remain 
heavily dependent on large datasets for 
optimal performance (Alomar, Aysel, & Cai, 
2023). 

In contrast, machine learning approaches 
combined with effective feature extraction 
such as texture, color, and shape from leaf 
images can provide a precise and efficient 
method for disease detection (Vishnoi, Kumar, 
& Kumar, 2021). Previous findings have 

shown that the weighted majority voting 
strategy improves classification performance 
by leveraging the strengths of multiple 
classifiers (Azad, Nehal, & Moshkov, 2024; 
Javidan et al., 2023b; Javidan et al., 2025; 
Kuncheva & Rodríguez, 2012; Shi, Yuan, 
Zhang, Zhang, & Wang, 2025). This ensemble 
approach has proven to deliver more accurate 
and reliable results compared to individual 
models, particularly in plant disease 
identification tasks. As demonstrated in this 
study, ensemble learning methods show strong 
potential in recognizing and classifying a 
greater number of diseases with similar 
symptoms and offer a more dependable 
solution for decision-making compared to 
standalone artificial intelligence techniques. 

 
Table 4- Comparison of the classification results of this study with previous studies 

Disease Detecting Method 
Accuracy 

(%) 
Limitation Reference 

Black Rot, Black 

Measles, and 

Leaf Blight 

SVM Classifier 87 
Low accuracy 

Does not use feature selection method 
Jaisakthi et 

al. (2019) 

Black rot, Esca 

measles, Leaf 

spot 

GAN - CNN 90.70 
Uses black box method 

Does not use feature selection method 

Liu et al. 

(2020) 

Black Rot, Black 

Measles, Leaf 

Blight, and 

Mites 

DR-IACNN 81.1 

Low accuracy 

Uses black box method 

Does not use feature selection method 

Xie et al. 

(2020) 

Black Rot, Black 

Measles, Leaf 

Blight, and 

Mites 

K-means clustering 
CNN 

GoogleNet  

98.97 
86.82 
94.05 

Uses black box method 

Does not use feature selection method 

Just for four diseases 

Does not use majority voting method 

Javidan et 

al. (2023b) 

Black Rot, Black 

Measles, Leaf 

Blight, and 

Mites 

CNN-based 

classification module, 

achieving 99.7% 

accuracy on the Plant 

Village dataset 

99.7 
Uses black box method 

Does not use feature selection method 

Talaat et 

al. (2025) 

Black Measles, 

Black Rot, Leaf 

Blight, Powdery 

Mildew, Downy 

Mildew, and 

healthy leaves 

ROI extraction with 

Auto K-means 

clustring, feature 

extraction (color, 

texture, and shape), 

BOA, and SVM 

91.67 

The proposed algorithm used in this research has several 

advantages over traditionally used methods. Firstly, it 

provides accurate diagnosis of the diseased areas by 
automatically identifying the ROI (Region of Interest) 

using clustering. Secondly, the algorithm has a short 

operating time, making it more efficient in diagnosing and 
classifying the disease. Furthermore, it identifies the best 

and most important features for the diagnosis of the disease, 

which can help improve the accuracy of the diagnose. By 
harnessing the power of AI, this method offers a more 

reliable and consistent means of disease detection 

compared to traditional methods. 
Limitation: dataset size, dependency on manual ROI 

extraction 

Current 

study 
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The histopathology of the grape leaves 

plays a crucial role in the detection of Downy 
Mildew, Black Measles, and Black Rot 
diseases as it can affect the classification 
accuracy. The early stages of these diseases 
may not be easily observable due to the 
similarities in symptoms and color, leading to 
misclasses. The severity of the symptoms can 
also be influenced by environmental factors, 
such as temperature and humidity, further 
contributing to misclassifications. However, 
this method of detecting disease in grape 
leaves has been very useful for plant 
pathologists as it utilizes the latest AI 
technology, specifically the Weighted 
Majority Voting Group Learning classifier to 
accurately identify and classify these diseases. 
By harnessing the power of AI, this method 
offers a more reliable and consistent means of 
disease detection compared to traditional 
methods. 

One of the challenges in detecting grape 
leaf diseases is the variability in the symptoms 
and the difficulties in interpreting these 
symptoms. Additionally, different diseases 
may have similar symptoms, which can make 
it challenging to accurately diagnose the 
diseases. However, the Weighted Majority 
Voting Group Learning classifier can help to 
overcome these challenges by utilizing a 
combination of the color, texture, and shape 
features of the leaves to accurately identify 
and classify these diseases. This AI-powered 
method is not only more reliable in detecting 
disease, but it is also more efficient and cost-
effective compared to traditional methods. 

Overall, this method has the potential to 
revolutionize the field of plant pathology by 
enabling plant pathologists to quickly and 
accurately diagnose grape leaf diseases. This 
can lead to more effective disease management 
and treatment strategies, which in turn can 
increase the yield and quality of grapes, 
thereby benefiting both growers and 
consumers alike. 

 

AI and IoT integration for real-time grapevine 

disease detection 
The integration of artificial intelligence 

(AI) into plant disease diagnosis has 
significantly improved the accuracy and 
efficiency of disease detection in vineyards. 
By utilizing advanced machine learning 
techniques, such as the Weighted Majority 
Voting Group Learning classifier, plant 
pathologists can overcome the challenges 
posed by symptom variability and 
environmental factors that impact disease 
severity. This AI-driven approach provides a 
more consistent and reliable means of 
identifying grapevine diseases, reducing 
misclassification risks, and enabling early 
intervention. One of the key advantages of AI 
in disease detection is its ability to analyze 
large datasets and extract meaningful patterns 
from images. By considering multiple 
parameters such as color, texture, and shape, 
AI models can distinguish between visually 
similar diseases with high precision. This is 
particularly beneficial for grape diseases like 
Downy Mildew, Black Measles, and Black Rot, 
which often exhibit overlapping symptoms in 
their early stages. Traditional methods, relying 
on manual inspection, are time-consuming and 
prone to human error, whereas AI-powered 
models can process vast amounts of image 
data rapidly and deliver accurate results 
consistently. The incorporation of AI into plant 
disease detection is paving the way for its 
integration with the Internet of Things (IoT) to 
enable real-time disease monitoring. By 
deploying smart sensors and high-resolution 
cameras in vineyards, it is possible to 
continuously capture and analyze data related 
to plant health. IoT-enabled devices can 
transmit images of grape leaves to cloud-based 
AI models, which can then process the data 
and provide instant feedback to farmers. This 
real-time monitoring system allows for the 
early detection of diseases, enabling growers 
to take immediate corrective actions before 
infections spread and cause significant damage 
to the crop. 

In addition to disease identification, AI 
combined with IoT can offer predictive 
analytics for vineyard management. By 
collecting environmental data such as 
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temperature, humidity, and soil moisture, AI 
models can predict the likelihood of disease 
outbreaks and recommend preventive 
measures. This predictive capability helps 
farmers optimize the use of fungicides and 
other treatments, reducing unnecessary 
chemical applications and promoting 
sustainable agricultural practices. By 
leveraging AI and IoT, vineyards can adopt a 
proactive approach to disease management, 
ultimately improving grape yield and quality 
while minimizing economic losses. Moreover, 
real-time disease detection using AI and IoT 
can be integrated into mobile applications, 
providing farmers with accessible and user-
friendly tools for monitoring plant health. 
These applications can analyze images taken 
from smartphones or drones and provide 
instant disease assessments along with 
suggested treatment options. This level of 
accessibility empowers farmers with 
knowledge and actionable insights, even in 
remote areas where professional pathologists 
may not be available. The future of AI-driven 
plant disease diagnosis holds even greater 
promise with advancements in deep learning 
and hyperspectral imaging. By incorporating 
hyperspectral data, AI models can detect 
disease symptoms that are invisible to the 
human eye, further enhancing classification 
accuracy. Additionally, the integration of 
robotics with AI and IoT could lead to 
autonomous disease detection systems capable 
of patrolling vineyards and applying targeted 
treatments automatically. 

In conclusion, the combination of AI and 
IoT is revolutionizing the detection and 
management of grapevine diseases. This 
technology not only enhances diagnostic 
accuracy but also facilitates real-time 
monitoring, predictive analytics, and 
automated interventions. As AI continues to 
evolve, its application in precision agriculture 
will contribute to sustainable vineyard 
management, increased productivity, and 
improved grape quality, benefiting both 
growers and consumers in the long run. 

 
 

Conclusion 

Diseases in agricultural and garden plants 
can have severe consequences, leading to 
reduced production quantities and quality. 
Visual plant assessment by human observers is 
time-consuming, expensive, and prone to 
errors. Determining plant diseases requires 
innovative methods and advanced technologies 
to accurately diagnose and differentiate 
between different diseases. Advances in 
agriculture have made it possible to use 
machine vision systems for non-destructive 
detection of plant diseases. These 
advancements have improved the possibility of 
diagnosing plant diseases in the early stages, 
differentiating diseases with similar 
symptoms, and optimizing crop management 
strategies. In this regard, color imaging sensors 
have shown great potential in plant pathology 
interactions and disease diagnosis. This 
approach has the potential to transform plant 
disease diagnosis and enhance agricultural 
productivity and crop quality. The study 
proposes an efficient and accurate method for 
detecting and classifying grapevine leaf 
diseases by analyzing color, texture, and shape 
features extracted from RGB leaf images. The 
method integrates multiple machine learning 
(ML) models with a novel weighted majority 
voting strategy and employs the Relief feature 
selection technique to identify the most 
influential features for disease classification. 
Initially, the diseased regions were segmented 
from the leaves, and a total of 165 features 
were extracted across RGB, HSV, and l*a*b* 
color spaces. The Relief algorithm was then 
used to select the most significant features for 
classification. Individually, the classification 
accuracies of color, texture, and shape features 
were 65.15%, 71.20%, and 60.31%, 
respectively, while combining all features 
yielded an accuracy of 88.33%. Finally, three 
classifiers, including RF, SVM, and k-NN, 
were used for the final diagnosis based on a 
weighted voting group method. The results 
demonstrate the potential of this approach to 
accurately diagnose and classify grapevine leaf 
diseases, leading to improved crop 
management strategies. The proposed 
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weighted voting group learning model in this 
research provides an advanced approach to 
diagnose and classify grapevine leaf diseases 
based on color, texture, and shape features 
extracted from RGB images of plant leaves. In 
this method, the performance of each classifier 
is the basis of its weighting for the calculated 
vote, and the final decision is made by adding 
the weighted votes and selecting the class with 
the most votes. The results obtained for the 
basic classification models were 88.33%, 
80.08%, and 75%, respectively. Meanwhile, in 
the proposed group learning model, the 
classification accuracy for the weighted voting 
group model improved by 10.54% compared 

to the average accuracy of the basic models in 
classification. 
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بندی بیماری برگ انگور با استفاده از پردازش تصویر و دار برای طبقهمدل یادگیری گروهی وزن

 یادگیری ماشینی

   2ی، محمد غلامی پرشکوه*1، داود محمدزمانی1ها آبادیمحسن نجف

 10/12/1403تاریخ دریافت:  
 02/1404/ 09تاریخ پذیرش: 

 چکیده

گیری گروهی وزنی ارائه شدد . بددرای ایددن و تصمیم RGB های برگ انگور با کمک پردازش تصویردر این مطالعه، راهبردی برای تشخیص بیماری
های سالم بددا سدده های سرخک سیاه، پوسی گی سیاه، سوختگی برگ، سفی ک پودری و سفی ک کرکی و گروهی از برگمنظور، پنج گروه بیماری به نام
و ترکیددو وزنددی  (k-NN) ترین همسددایهنزدیددک-k  و  (RF) ، جنگددت تصددادفی(SVM) های ماشددین بددردار پشددتیبا روش یادگیری ماشینی به نام

بندد ی نهددایی ها تعیین ش  و در نهایت با استفاده از رای اکثریت، طبقهبن ی، وز  هریک از آ بن ی ش ن . در مرحله بع ، با توجه به دقت هر طبقهطبقه
ش ه از الگوریتم انتخاب ویژگی برجسته استفاده ش . ایددن های بافت، رنگ و شکت استخراجمنظور معرفی بهترین ویژگیها انجام ش . همچنین بهبیماری

های گیاهی از جملدده بددرگ گیدداه عنوا  بهترین و موثرترین ویژگی در تشخیص بیماریمورد را به 5ش ه، های استخراجالگوریتم برای هر گروه از ویژگی
درصدد  بددود. نتددایج نشددا  داد کدده الگددوریتم  75و  08/80، 33/88ترتیو بدده k-NN و  SVM ،RFبن ی باانگور به محققا  ارائه کرد. نتایج دقت طبقه

 .درص  دارد 67/91های گیاهی را با دقت بن ی بیماریش ه در این تحقیق توانایی بهبود دقت طبقهگیری گروه وزنی ارائهتصمیم
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Abstract 
The rapid growth of the global population and the increasing demand for energy, coupled with the urgent 

need for environmental conservation, have prompted researchers to explore renewable energy sources as viable 
alternatives to non-renewable fossil fuels. This study evaluates the performance enhancement of 
photovoltaic/thermal (PVT) systems using an immersion cooling method with copper oxide nanofluids. The 
experimental setup included a glass chamber immersing the panel surface, tested at nanofluid volume ratios of 
0.025% and 0.05%, and flow rates of 0.01 and 0.02 L s-1. The immersion height was 5 cm within the glass 
chamber. The tests were conducted under ambient conditions, which included an ambient temperature of 20.6-
31.2 ℃ and an irradiance of 343-924 W m-2. Results demonstrate that copper oxide nanofluids at a 0.05% 
volume ratio and a 0.02 L s-1 flow rate improved thermal efficiency to 31.87% and reduced panel surface 
temperature by up to 11.8 °C compared to water cooling. Also, the electrical efficiency of the PVT system 
exceeded that of the reference panel. The overall efficiency of the PVT system reached 41.89%. These findings 
highlight the potential of nanofluid-based cooling to optimize PVT system efficiency by enhancing thermal 
management. 

 
Keywords: Cooling, CuO Nanofluid, Immersion, System temperature, Thermal efficiency 

1 
Nomenclature 

APV Photovoltaic panel area (m2) Tr Reference temperature (°C) 

cp Specific heat capacity of water (J 

kg-1 °C-1) 

VOC 

 

Open-circuit voltage (V) 

𝐸̇𝑃𝑉 Output power of the PV panel (W)  Greek symbols 

FF Fill factor 𝛼𝑃𝑉 Absorptivity coefficient 

G Solar irradiation (W m-2) 𝛽𝑟 Cell temperature coefficient 

ISC Short-circuit current (A) 𝜂𝑒𝑙𝑒  Electrical efficiency 

𝑚̇ Fluid mass flow rate (kg s-1) 𝜂𝑃𝑉/𝑇 Overall efficiency of PVT 

𝑇𝑓,𝑖𝑛 Input fluid temperature (°C) 𝜂𝑟 Reference (or rated) efficiency of the PV panel 

under STC 

𝑇𝑓,𝑜𝑢𝑡 Output fluid temperature (°C) 𝜂𝑡ℎ Thermal efficiency 

TPV Photovoltaic panel’s back surface 

temperature (°C) 
𝜏𝑔 Transmittance coefficient 
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Introduction 

The efficiency of power supply systems is 
critical in the energy sector. In Iran, the 
emphasis on energy consumption and 
optimization within energy-intensive systems 
has traditionally been limited, largely due to 
the country's abundant fossil fuel resources. 
However, as these resources become depleted 
and environmental pollution from their use 
increases, the Comprehensive National 
Development Document has established a goal 
for at least 30% of the country’s electricity to 
be sourced from renewable energy by 2051. 
Moreover, over half of this renewable energy 
is expected to come specifically from solar 
power. Consequently, it is vital to develop and 
implement systems that can effectively harness 
renewable energy, either independently or in 
combination with other energy sources 
(Mirzaee, Salami, Samimi Akhijahani, & 
Zareei, 2023, Mohammadi Sarduei, 
Mortezapour, & Jafari Naeimi, 2017; Salami, 
Ajabshirchi, Abdollahpoor, & Behfar, 2016). 

Solar power holds tremendous potential for 
alleviating the impacts of climate change 
associated with fossil fuel reliance in energy 
production, making it essential to improve the 
efficiency of solar energy technologies. Recent 
findings indicate that photovoltaic systems can 
compete effectively with fossil fuels. 
However, a significant challenge is the rise in 
temperature of solar cells, which adversely 
affects their electrical performance. To address 
this issue, researchers have developed an 
innovative solution to dissipate excess heat 
from these systems, utilizing nanotechnology 
to reduce temperatures and enhance electrical 
efficiency (Ahmed, Baig, Sundaram, & 
Mallick, 2019; Haidar, Orfi, & 
Kaneesamkandi, 2018; Sathe & Dhoble, 
2017). 

A photovoltaic cell is a semiconductor 
device that generates electric current when 
exposed to light (Elias, AlSadoon, & 
Abdulgafar, 2014). Among solar energy 
technologies, the photovoltaic-thermal system 
is recognized as the most efficient and widely 

used today, thanks to its stable, 
environmentally friendly, secure, and 
aesthetically pleasing attributes. One effective 
strategy to improve efficiency and reduce 
thermal degradation in photovoltaic panels is 
to lower their surface operating temperature. 
This can be achieved by implementing cooling 
methods that minimize heat accumulation in 
the photovoltaic cells during operation 
(Brahim & Jemni, 2017; Joshi, Andhare, 
Bhave, & Gudadhe, 2019; Sheeba, Rao, & 
Jaisankar, 2015; Siah Chehreh Ghadikolaei, 
2021). In their study, Tina, Rosa-Clot, Rosa-
Clot, and Scandura (2012) introduced a 
different photovoltaic cooling solution 
utilizing a photovoltaic system submerged in 
shallow water. They discovered that 
minimizing thermal drift and decreasing 
reflection contributed to an increase in 
photovoltaic efficiency of about 15% at a 
water depth of 4 cm. Idoko, Anaya-Lara, and 
McDonald (2018) explored the effect of water 
cooling on the performance of two 250-W 
solar panels. One panel featured a water-
cooling system designed to maintain a surface 
temperature of 20°C, while the other 
functioned without any cooling mechanism. 
Utilizing the PV array power output equation 
with a derating factor of 80%, they assessed 
the power output of both panels. The results 
revealed an increase of 20.96 W in output 
power and a minimum efficiency improvement 
of 3% for the water-cooled panel. These 
findings underscore the substantial advantages 
of water cooling in enhancing the efficiency 
and performance of solar panels. Findings 
from a research study showed that employing 
a water-cooling technique from the upper 
surface of the panel enhanced the photovoltaic 
panel's efficiency by around 0.8-1.5%. The 
cooling process relies on natural water flow 
through pipes that contain nozzles placed at 
regular intervals, channeling water from the 
top to the bottom of the panel. Furthermore, 
integrating this system with a flat-plate 
collector allows for the effective use of the 
water heated by the panel for domestic 
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purposes (Arefin, 2019). 
Nanofluids are innovative fluids that 

incorporate nanoscale particles suspended in a 
liquid medium. Their high surface-to-volume 
ratio provides several benefits, including 
improved catalytic performance, minimized 
waste generation in chemical processes, 
enhanced material strength, and increased 
thermal conductivity in industrial applications 
(Amalraj & Michael, 2019; Pordanjani et al., 
2021). In photovoltaic (PV) systems, 
nanofluids are increasingly employed as 
advanced coolants due to their superior heat 
transfer properties. For example, circulating 
nanofluids across PV panels can reduce 
operating temperatures by 10-20 °C, 
improving electrical efficiency by 3-15% 
while simultaneously harvesting thermal 
energy for secondary applications (Ahmed et 
al., 2019; Al-Ghezi, Abass, Salam, Jawad, & 
Kazem, 2021). The photovoltaic-thermal 
system enhances photovoltaic panel efficiency 
through nanofluid cooling (Al-Ezzi & Ansari, 
2022). In this context, copper oxide (CuO) is a 
monoclinic semiconducting compound that is 
the simplest copper compound and possesses 
various advantageous physical properties, such 
as high-temperature superconductivity and 
spin dynamics. CuO nanofluids are 
particularly effective in PVT systems due to 
their high thermal conductivity (~40 W (m K)-

1) and optical absorption, enabling efficient 
cooling and waste heat recovery (Alktranee, 
Shehab, Németh, Bencs, & Hernadi, 2023). It 
is affordable, combines easily with polar 
liquids and polymers, and stays stable in 
chemical and physical contexts (Allaker & 
Yuan, 2019). 

In a study, incorporating 2% nano-CuO into 
water significantly improved thermal 
conductivity by 100%. Stability tests indicated 
high zeta potential across all formulations, 
with better stability at lower nanoparticle 
concentrations. Use of nanofluids resulted in 
greater electrical, thermal, and overall 
efficiencies compared to traditional cooling 
methods. The optimal system achieved 
electrical, thermal, and total efficiencies of 
29.92%, 61.08%, and 91%, respectively (Al-

Ghezi et al., 2021). 
Utilizing TRNSYS simulations, researchers 

analyzed how CuO nanofluid performs at 
various concentrations (0.10%-0.50%) and 
flow rates (60-120 kg h-1) in a PVT system. 
Results showed that increasing nanofluid 
concentration and flow rate generally 
improved electrical and thermal efficiencies, 
but higher flow rates increased pump power 
consumption, reducing net efficiency. Optimal 
performance was achieved at 0.10% 
concentration and 80 kg h-1 flow rate, 
balancing efficiency gains with minimal power 
consumption (Madas, Narayanan, & 
Gudimetla, 2023). In a research, a cooling 
PVT system with TiO₂-CuO hybrid nanofluid, 
achieving a 39% reduction in PV cell 
temperature, was investigated. At 0.3 vol%, 
electrical power improved by 77.5%, overall 
efficiency by 58.2%, and exergy efficiency by 
14.97%, while exergy losses and entropy 
generation decreased by 37.9% and 69.6%. 
The economic analysis revealed a payback 
period of 21 months compared to systems 
without cooling (Alktranee et al., 2023). The 
study improved PVT system performance by 
using CuO-H₂O nanofluid and a rectangular-
cut turbulator. The turbulator enhanced TPV 
uniformity by 20.43% and increased overall 
efficiency by 4.99% at high irradiation (G = 
930 W m-2). Higher inlet velocity boosted PVT 
efficiency by 3.19% and TPV uniformity by 
16.34%, while increased wind speed decreased 
PVT efficiency by 3.63% (Khalili & 
Sheikholeslami, 2024). 

This study utilized an innovative technique 
involving immersing the upper surface of the 
photovoltaic panel within a glass chamber, 
allowing the copper oxide nanofluid to enter 
through the inlets located at the top of the 
chamber and flow out through the outlets 
integrated in the lower section of the glass 
chamber. This approach aimed to enhance the 
cooling of the photovoltaic panel and boost the 
overall efficiency of the system. In other 
words, the study presents a novel approach to 
enhancing photovoltaic-thermal (PVT) system 
efficiency through the use of an immersion 
cooling method with copper oxide nanofluids. 
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Unlike traditional cooling methods using water 
or air, this innovative technique optimizes 
thermal management by reducing surface 
temperatures and increasing thermal 
efficiency. The research bridges the gap 
between theoretical studies on nanofluids and 
practical applications in renewable energy, 
offering a validated solution to improve PV 
system performance. By addressing the critical 
issue of heat dissipation in solar panels, this 
study provides new insights and actionable 
strategies for advancing sustainable energy 
technologies, making it a significant 
contribution to the field. 

 

Materials and Methods 

The photovoltaic-thermal (PVT) system 
was developed at the Renewable Energy 
Laboratory at the University of Kurdistan, 
Iran. Conventional photovoltaic systems 
employ a variety of silicon materials such as 
monocrystalline silicon, polycrystalline 
silicon, and thin-film silicon (amorphous 
silicon), each demonstrating distinct efficiency 
ranges. In this study, two monocrystalline 
silicon panels were employed: one served as 
the reference panel while the other was the 
PVT system. Table 1 shows the specifications 
of the PV modules. 

 
Table 1- PV module specifications 

Specification Value 

Maximum Power (Pmax) 100 W 

Voltage at Pmax (Vmp) 18.50 V 

Current at Pmax (Imp) 5.41 A 

Open-Circuit Voltage (Voc) 22.20 V 

Short-Circuit Current (Isc) 5.74 A 

Nominal Operating Cell Temperature (NOCT) 47±2 °C 

Maximum System Voltage 1000 VDC 

Dimensions (mm) 1015 × 668 × 30 

 
The tests were conducted under ambient 

conditions, which included an ambient 
temperature of 20.6-31.2 ℃ and an irradiance 
of 343-924 W m-2. To optimize the system for 
the panel's specific dimensions and the desired 
height, a custom glass chamber was 
constructed to facilitate seamless integration. 
Additionally, two supporting frames were 
designed and manufactured, one for the PVT 
system and the other for the reference panel 
(as shown in Fig. 1). The experimental setup 
involved testing at two mass flow rates (0.01 
and 0.02 L s-1) for both water and nanofluid, as 
well as at two concentration levels (0.025% 
and 0.05%) of the nanofluid, with an 
immersion height of 5 cm within the glass 
chamber. 

 
Details of the synthesis of nanofluids and the stability 

of nanofluids 

Enhancing the heat transfer coefficient and 
thermal efficiency can be achieved by adding 

nanoparticles, such as Fe, Al, and Cu, to pure 
water. Based on prior research and the 
advantages of nanofluids, they are considered 
a suitable choice for use as working fluids in 
various types of solar collectors. In this study, 
a 0.025% and 0.05% nanofluid, consisting of 
CuO nanoparticles mixed with water, was 
utilized as the working fluid in the PVT, 
replacing traditional water. 

To prepare the nanofluid, CuO 
nanoparticles were initially added to water, 
followed by mixing the solution in a beaker 
with a hand mixer for one minute. The mixture 
was then placed in a magnetic stirrer for 20 
minutes. Subsequently, the nanofluid 
underwent ultrasonic homogenization at a 
frequency of 20 kHz and power of 50 watts for 
approximately five hours to ensure stability 
(Fig. 2). 
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a 

 
b 

Fig. 1. The reference panel and PVT system developed in this study: (a) schematic diagram, and (b) the real 

image  

 
An essential consideration in this process is 

the prevention of nanofluid deposition within 
the Photovoltaic Distilled Coolant (PDC) 
system, as this can reduce thermal efficiency 
and damage the PVT system. The stability of 
the nanofluid must therefore be verified. A 
simple visual observation method was 
employed by placing the mixture in a 
container and monitoring it at regular 
intervals. The results confirmed that the 

0.025% and 0.05% water with CuO mixture 
achieved the desired stability. Over time, no 
significant differences were observed in the 
mixture, validating its suitability as a working 
fluid for the PDC system. 

The prevention of nanofluid deposition 
within the PVT system is crucial, as particle 
sedimentation can reduce thermal efficiency 
and potentially damage the system. Thus, in 
addition to this method, Dynamic Light 
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Scattering (DLS) was used to monitor 
nanofluid deposition. Particle size distribution 
and zeta potential measurements were 
conducted at regular intervals to quantitatively 

evaluate the colloidal stability of the CuO 
nanofluid. The zeta potential values remained 
above -30 mV throughout the testing period, 
indicating good electrostatic stability. 

 
 

  

  

 

 

CuO nanoparticle Water (base fluid) Before mixing Mixing by a 

magnetic stirrer 

Ultrasonic homogenizer  

Fig. 2. The steps of preparing the mixture and achieving stability 
 
Ensuring optimal efficiency in solar panels, 

along with various other factors, is essential 
for designing an effective photovoltaic system. 
The performance of a PVT system that utilizes 
nanofluids can be evaluated using Equations 1 
to 3, which take into account thermal, 
electrical, and overall energy efficiencies 
(Dubey, Sarvaiya, & Seshadri, 2013; 
Sardarabadi, Passandideh-Fard, & Zeinali 
Heris, 2014; Yazdanifard, Ameri, & 
Ebrahimnia-Bajestan, 2017): 

𝜂𝑡ℎ =
𝑚̇𝑐𝑝(𝑇𝑓,𝑜𝑢𝑡−𝑇𝑓,𝑖𝑛)

𝐺×𝐴𝑃𝑉
             (1) 

where, ηth = Thermal efficiency 
(dimensionless); ṁ = Mass flow rate (kg s-1); 
cp = Specific heat capacity of fluid (J (kg K)-1); 
Tout = Outlet fluid temperature (K); Tin = Inlet 
fluid temperature (K); G = Solar irradiance (W 
m-2); APV = PV panel area (m2). 

𝜂𝑒𝑙𝑒 =
𝑉𝑂𝐶×𝐼𝑆𝐶×𝐹𝐹

𝐺×𝐴𝑃𝑉
            (2) 

where, ηₑle = Electrical efficiency 
(dimensionless); I = Current (A); V = Voltage 
(V) 

𝜂𝑃𝑉/𝑇 = 𝜂𝑡ℎ + 𝜂𝑒𝑙𝑒             (3) 

where, ηPVT = Overall efficiency 
(dimensionless). 

The output power of the PV panel can be 
obtained using the following equation: 

𝐸̇𝑃𝑉 = 𝐺 × 𝜏𝑔 × 𝛼𝑃𝑉 × 𝐴𝑃𝑉 × 𝜂𝑟(1 −

𝛽𝑟(𝑇𝑃𝑉 − 𝑇𝑟))            (4) 

where, ĖPV = PV panel output power (W); τg = 
Glass transmittance coefficient 
(dimensionless); αPV = PV cell absorptivity 
coefficient (dimensionless); ηr = Reference 
efficiency at standard test conditions 
(dimensionless); βr = Temperature coefficient 
(K-1); TPV = PV cell temperature (K); Tr = 
Reference temperature (K); ηr denotes the 
reference electrical efficiency of the PV panel 
under Standard Test Conditions (STC), 
adjusted for temperature effects using the 
coefficient βr. 

To measure the current intensity and 
voltage passing through the system, a DC-DC 
step-down power module was utilized. A 
thermometer (TM-917, Lutron, Taiwan) was 
employed to read the temperatures recorded by 
the temperature sensors. Type K immersion 
sensors were used to measure the ambient and 
fluid temperatures, while Type K wired 
sensors were attached to the back of the panel 
to monitor its temperature. Data collection was 
conducted at 15-second intervals to ensure 
consistent measurements. Solar radiation per 
unit area was measured using a digital 
pyranometer (TES1333R, Taiwan) with a 
precision of 1 W m-2. 

+ 

UHP-400, Iran 

Ultrasonic 

Frequency: 20 kHz 

Power: 50 W 
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In the preparation of the nanofluid, copper 
oxide nanoparticles with the specific structural 
properties detailed in Table 2 were used. The 
nanofluid was prepared at concentrations of 
0.05% and 0.025%. The system featured a 
mechanism for transferring both nanofluid and 
water from a 20-liter cylindrical plastic tank 
specifically designed for storing these 
solutions. A 12 mm diameter hose was 
employed to facilitate the flow of fluids 
through the system's inlets and outlets. A 
comparative analysis of the PVT system was 
conducted against the reference panel over a 
period of six consecutive days, with each day 

consisting of 6 hours of observation in October 
2023. This evaluation included two different 
flow rates, 0.02 and 0.01 L s-1, for the 
nanofluid at concentrations of 0.05% and 
0.025%, as well as for pure water. The 
experimental procedures were carried out each 
day, focusing on one concentration level and 
one distinct flow rate within the Renewable 
Energy Laboratory at the University of 
Kurdistan. Each day, the system was 
initialized at 9:30 AM for experimentation and 
data collection, which occurred at 15-minute 
intervals until 3:30 PM. 

 

Table 2- Properties of copper oxide nanoparticles used in the experiment (Amalraj & Michael, 2019) 
Property Description 

Size of nanoparticles 20 nanometers 
Purity percentage 99.9% 

Appearance of nanoparticles Spherical 

Specific surface area 35 m2 g-1 

Bulk density 0.79 g cm-3 

Particle density 6.4 g cm-3 

 

Measuring tools and uncertainty analysis 

considerations 

In order to record data including 
temperature, solar radiation, relative humidity 
(for volume fraction), wind velocity, and the 
weight of the nanoparticles, a selection of 

instruments were used. The details of the 
instruments, considering the model, measuring 
range, least measuring unit, and uncertainty, 
are included in Table 3.  

 

Table 3- Measuring tools used in the experiments and the details 

Uncertainty Least measuring unit Measuring range Model Type of tools 
1% 0.1 m s-1 0.3–25 m s-1 AM-4206, Lutron Anemometer 

1% 0.01 oC -100–100 oC TM-914C, Lutron Thermometer 
0.01% 0.1% 0–100% HT.3006, Lutron Hygrometer 

5% 10 W m-2 1–2000 W m-2 TES1333R, Lutron Pyranometer 
1% 0.01 g 1–1500 g SJX1502N, Ohaus Balancer 

 

 
During the period of experimentation, the 

validity of the measuring technique was 
validated through the application of 
uncertainty computations. Given that random 
error is unavoidable, unforeseeable, and 
manageable, it is chiefly responsible for the 
ambiguity in data measurement. Consequently, 
the measurements were conducted on a 
minimum of three occasions, with the mean 
data being factored in. The overall 
experimental uncertainty is quantifiable 
through the utilization of Eq. 5 (Ahmadi, 

Samimi Akhijahani, & Salami, 2024): 

  (5)  𝑊𝑅 = √(
𝜕𝑅

𝜕𝑥1
𝑤1)2 + (

𝜕𝑅

𝜕𝑥2
𝑤2)2 + … + (

𝜕𝑅

𝜕𝑥𝑛
𝑤𝑛)2   

where, w and R stand for the dimensional 
shape factor and the uncertainty function, 
respectively, and WR displays the overall 
degree of uncertainty (%) of the findings. 
Additionally, wn represents the 
unpredictability of the independent variables. 
The accuracy and measurement range of the 
data collection devices are given in Table 4. 
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Table 4- The factors applied to evaluate uncertainty of the test 

Parameters 
Solar radiation 

(W m-2) 

Temperature 

(K) 

Fluid mass flow 

rate (kg s-1) 

Test 

method 

Uncertainty (%) 2.1 0.1 0.5 3.21 

 

 

a 

 

b 

Fig. 3. The experimental data of (a) solar radiation intensity, and (b) ambient temperature  

 

Results and Discussions 

The experimentation trials were conducted 
during typical summer days, i.e., 21 to 26 
September 2023. As can be seen from Fig. 3, 
the data during trials were recorded in an 
unshaded area for the whole trial period. 

According to data recording procedure, the 
graphs have been plotted for depicting the 
trend of changes of solar radiation intensity 
and ambient temperature over the duration of 
09:30 to 15:30. It was observed that the peak 
value of solar radiation was at a point of 
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approximately 924±11 W m-2 at 11:45 local 
time. The minimum values were at both the 
beginning and termination of the experiment. 
However, ambient temperature followed a 
different trend compared to that of solar 
radiation and attained a peak value of around 
31.15 °C at 14:00. The variations in airspeed 
observed on the test days were minimal, 
fluctuating between 0.2 and 0.9 m s-1. Because 
of the low convective heat transfer coefficient, 
the impact on the process is considered 
negligible. 

As illustrated in the graph shown in Fig. 4, 
both over time and with increasing irradiance 
intensity, the electrical efficiency of the 
reference panel exhibits a decline. This 
decrease can be attributed to the conversion of 
received light into heat and the resulting rise in 
the surface temperature of the panel. At peak 
radiation intensity of 924 W m-2, the electrical 
efficiency of the reference panel was 12.8%. 
In contrast, under these conditions, the 
electrical efficiency of the PVT system was 
recorded at 9.99%. As the radiation intensity 
decreased later in the day, the ambient 
temperature also decreased, and the electrical 
efficiency of reference panels improved. By 
3:30 PM, the reference panel achieved an 
electrical efficiency of 13.80%, while the PVT 
system reaches an efficiency of 8.81%. The 
PVT system also demonstrated its lowest and 
highest electrical efficiencies at 3:30 AM and 
12:30 PM, respectively, with values of 8.81% 
and 10.21%. 

The PVT system’s lower electrical 
efficiency during initial and final periods (e.g., 
14:15–15:30) arises from the interplay 
between cooling benefits and optical losses. At 
low irradiance, the shading effect of the 
nanofluid reduces light absorption, 
outweighing the cooling advantage. 
Conversely, at peak irradiance, cooling 
dominates, improving efficiency. The 
reference panel benefits from natural 
temperature reduction in the late afternoon, 

while the PVT system’s active cooling 
becomes less impactful under diminishing 
solar input.  

The reduced electrical efficiency of the 
PVT system during early and late experimental 
periods may also stem from optical losses, 
such as reflection and refraction at the glass-
nanofluid interface, particularly under low 
solar angles. These losses compound the 
shading effect of the nanofluid, further 
reducing effective irradiance. Future studies 
could optimize chamber design (e.g., anti-
reflective coatings, tilt adjustments) to 
minimize these losses. 

The efficiency pattern of the reference 
panel demonstrates physically consistent 
behavior throughout the day. Starting at 9:30 
with a peak efficiency of 14.10%, the panel’s 
performance gradually decreases as the day 
progresses, reaching 12.80% at 11:45. This 
initial decline is primarily attributed to the 
increasing panel temperature as solar radiation 
intensifies and heat accumulates in the panel. 
The morning efficiency is highest because the 
panel starts cool from overnight conditions, 
allowing optimal photovoltaic conversion. As 
the day continues into midday (11:45-13:00), 
the efficiency stabilizes at its lowest range 
(12.80-12.51%) due to maximum solar 
radiation and highest panel temperatures, 
which negatively impact voltage output and 
overall conversion efficiency. During the early 
afternoon period (13:00-15:30), as solar 
radiation decreases and ambient temperatures 
begin to moderate, the panel’s efficiency 
gradually recovers from 12.51% to 13.80%. 
This afternoon recovery occurs because the 
panel begins to cool down, improving its 
voltage characteristics and conversion 
efficiency. This pattern aligns with the 
fundamental physics of photovoltaic panels, 
which exhibit a negative temperature 
coefficient, meaning their efficiency decreases 
as temperature rises. 
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Fig. 4. Average electrical efficiency of the reference and the PVT systems over 6 days 

 
According to Fig. 5, the temperature of the 

reference panel fluctuated over time in 
response to changes in irradiation intensity. 
Specifically, as solar radiation intensity 
increased, the temperature of the reference 
panel rose until it reached a maximum value, 
after which it began to decline. At 11:45 AM, 
when irradiation intensity peaked at 924 W m-

2, the reference panel's temperature reached its 
highest point of 50.75 °C, followed by a 
noticeable downward trend. In contrast, the 
PVT system exhibited an initial upward trend 
until 2:15 PM, when irradiation intensity was 
669 W m-2; it then reached its peak 
temperature of 39.97 °C before beginning to 
decrease. The lowest recorded temperatures 
for the reference and PVT systems in the early 
hours of the day were 34.30 °C and 22.70 °C, 
respectively. As anticipated, the presence of 
the cooling fluid (water or copper oxide 
nanofluid) resulted in a lower surface 
temperature for the PVT system, which was 
reflected in its temperature graph lying below 
that of the reference panel. The overall 
efficiency from the beginning to the end of the 
observation period showed minimum and 
maximum values of 15.97% and 46.49%, 
respectively. Notably, when the PVT system 
temperature peaked at 37.70 °C, the overall 

efficiency also reached its highest point. 
Meanwhile, when the temperature of the PVT 
system peaked at 39.97 °C at 2:15 PM, the 
overall efficiency for that panel was recorded 
at 30.16%. Following this peak, as 
temperatures declined, the efficiency notably 
increased. This trend also applied to thermal 
efficiency, which displayed an upward 
trajectory; when the system temperature was at 
its peak, the thermal efficiency measured 
25.91%. As the temperature decreased, the 
thermal efficiency continued to rise, ultimately 
reaching a maximum value of 42.87% in the 
late afternoon. In contrast, the pattern of 
electrical efficiency differed significantly. 
During the early morning hours, when the 
PVT system temperature was at its lowest at 
22.70 °C, electrical efficiency peaked at 
9.59%. However, as the system temperature 
rose and reached a high of 39.97 °C, electrical 
efficiency reached 10.18%. Then the 
downward trend continued until 3:30 PM, 
when efficiency hit its lowest point at 8.81%. 
The reason for the lesser increase in 
temperature for the PVT system, compared to 
the reference panel, can be attributed to the 
presence of the copper oxide nanofluid, which 
effectively mitigated temperature rise. 
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Fig. 5. Average temperature of the reference and the PVT systems over 6 days 

 

Based on the data presented in Fig. 6, it is 
evident that as the surface temperature of the 
reference panel increased over time, the 
intensity of current gradually rose. This 
increase continued until 2:45 PM, when it 
peaked at 2.15 A. At this peak moment, the 
panel's surface temperature was notably high 
at 45.03 °C, while the voltage measured 20.35 
V and the power nearly reached its maximum 

value of 43.75 W. Following this peak, the 
intensity of current exhibited a downward 
trend, reaching a minimum value of 1.69 A by 
3:30 PM. In contrast, the voltage decreased 
until 1:45 PM, when it hit its lowest point of 
20.22 V. After this point, the voltage began to 
increase slightly, but the overall trend 
remained downward. 

 

 
Fig. 6. Average current intensity of the reference panel over 6 days 

 
Furthermore, the maximum values for both 

voltage and power were recorded at 9:30 AM, 
reaching 21.8 V and 43.67 W, respectively. At 
this point, the current intensity was 1.85 A, 

which was nearly at its peak level. Conversely, 
the minimum electrical efficiency of 6.56% 
was observed at 11:45 AM, during which the 
corresponding values for current, voltage, 
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power, and temperature were 2.03 A, 20.27 V, 
41.14 W, and 50.67 °C, respectively. Thus, it 
can be concluded that all three factors 
including current, voltage, and power, have a 
positive and direct impact on efficiency; as 
any of these increased or decreased, the 
electrical efficiency would similarly rise or 
fall. As shown in Table 5, the output efficiency 
when using water as a cooling fluid at flow 
rates of 0.01 and 0.02 L s-1 was measured at 
22.56% and 26.35%, respectively. In contrast, 
when copper oxide nanofluid was employed as 
a coolant at a volume ratio of 0.05%, the 
output efficiency was 29.66% for a flow rate 
of 0.01 L s-1 and 40.72% for a flow rate of 
0.02 L s-1. When the volume ratio was reduced 
to 0.025%, the recorded output efficiency was 
28.73% at a flow rate of 0.01 L s-1 and 39.67% 
at a flow rate of 0.02 L s-1. This data indicated 
that copper oxide nanofluid had a more 
significant impact on output efficiency 
compared to water. Specifically, increasing the 
flow rate of copper oxide nanofluid enhanced 
the system's output efficiency. Also, for water, 
increasing the flow rate led to an increase in 
output efficiency. Moreover, the reduction of 
the volume ratio from 0.05% to 0.025% for the 
nanofluid correlated with an increase in output 
efficiency, which could be attributed to higher 
current and voltage intensities within the 
system. 

When maintaining a constant volume ratio 
of 0.05% and varying flow rates, increasing 
the flow rate from 0.01 to 0.02 L s-1 yielded a 
thermal efficiency for the system using copper 
oxide nanofluid that surpassed that of the 
system utilizing water as a coolant. 
Specifically, the thermal efficiency values 
were 31.87% for the nanofluid and 18.53% for 
water, indicating that the heat transfer rate of 
copper oxide nanofluid was superior to that of 
water. However, the electrical efficiency of the 
system with copper oxide nanofluid (0.05%) 
was less than that of the system with copper 
oxide nanofluid (0.025%); at a flow rate of 
0.02 L s-1, the values were 8.85% for the 
0.05% nanofluid and 10.02% for the 0.025% 
nanofluid. This discrepancy can be attributed 
to the lack of shading effects in nanofluid 
(0.025%), in contrast to the copper oxide 
nanofluid (0.05%), which has a dark color that 
reduces the visibility of the panel surface and 
therefore limits solar energy absorption. 
Despite this, the overall efficiency of the 
system employing copper oxide nanofluid was 
higher than that of the system with water, with 
overall efficiency values of 40.72% and 
26.35%, respectively. Notably, for the water 
coolant, increasing the flow rate resulted in an 
improvement in the system's electrical 
efficiency. 

 
Table 5- Impact of flow rate on system efficiencies 

Flow 

Rate 

(L s-1) 

Electrical 

Efficiency 

(with 

copper 

oxide 

0.025%) 

Thermal 

Efficiency 

(with 

copper 

oxide 

0.025%) 

Overall 

Efficiency 

(with 

copper 

oxide 

0.025%) 

Electrical 

Efficiency 

(with 

copper 

oxide 

0.05%) 

Thermal 

Efficiency 

(with 

copper 

oxide 

0.05%) 

Overall 

Efficiency 

(with 

copper 

oxide 

0.05%) 

Electrical 

Efficiency 

(with 

water) 

Thermal 

Efficiency 

(with 

water) 

Overall 

Efficiency 

(with 

water) 

0.01 9.26% 19.47% 28.73% 8.55% 21.11% 29.66% 7.79% 14.77% 22.56% 

0.02 10.02% 29.65% 39.67% 8.85% 31.87% 40.72% 7.82% 18.53% 26.35% 

 
At a constant flow rate of 0.01 L s⁻¹, 

increasing the copper-oxide nanofluid volume 
ratio to 0.05% enhanced electrical, thermal, 
and overall efficiencies relative to water. As 
the volume ratio of the nanofluid decreased 
from 0.05% to 0.025%, the thermal efficiency 
of the system declined from 21.11% to 
19.47%, while the overall efficiency decreased 

from 29.66% to 28.73%. Higher volume ratios 
of nanofluid did not enhance electrical 
efficiency; in fact, they resulted in a decline in 
electrical efficiency when the volume ratio 
exceeded 0.025%. However, reducing the 
volume ratio of copper oxide nanofluid could 
improve electrical efficiency, although it still 
has superiority to the efficiency of pure water. 



Ghaderi et al., Assessing the Influence of Copper Oxide Nanoparticles …     519 

As the volume ratio neared that of water, the 
efficiency of the nanofluid system increased 
correspondingly. Conversely, as the volume 
ratio decreased, the color of the copper oxide 
nanofluid became less dark and more 
transparent, which enhanced its efficiency. 
Thus, optimizing the volume ratio of the 
nanofluid was crucial for improving the 
system's overall performance. At a constant 
flow rate of 0.02 L s-1, the results were similar. 
Specifically, reducing the copper oxide 
concentration from 0.05% to 0.025% led to an 
increase in electrical efficiency. But thermal 
efficiency decreased from 31.87% to 29.65%, 
while electrical efficiency improved from 
8.85% to 10.02%. As a result, the overall 
efficiency of the system demonstrated a 
similar trend of thermal efficiency, decreasing 
from 40.72% to 39.67%. Thus, the decrease in 
the volume ratio of copper oxide nanofluid 
reduced the overall and thermal efficiencies. 
When the copper oxide volume ratio was at 
0.025%, the thermal and overall efficiencies of 
the system exceeded those of the water-based 
system. Also, the electrical efficiency 
remained higher, indicating that the presence 
of copper oxide nanofluid enhanced electrical 
output compared to water, ultimately resulting 
in higher power production. 

At both flow rates of 0.01 and 0.02 L s-1, 
the electrical efficiency of the system utilizing 
copper oxide nanofluid as a coolant 
consistently outperformed that of the system 

using water. Also, for thermal and overall 
efficiencies at a flow rate of 0.02 L s-1, the 
systems with copper oxide coolant 
demonstrated superior performance compared 
to those using water, regardless of whether the 
volume ratio was 0.05% or 0.025%. Similarly, 
at a lower flow rate of 0.01 L s-1, the thermal 
and overall efficiencies of the copper oxide-
cooled system exceeded those of the water-
cooled system. Thus, the copper oxide 
nanofluid coolant exhibited better electrical, 
thermal, and overall performance at flow rates 
of 0.01 and 0.02 L s-1. 

According to Table 6, as the flow rate 
increased, the average temperature difference 
between the reference panel and the PVT 
system consistently rose, regardless of the 
volumetric ratio of the coolant. This trend 
could be attributed to the increased flow rate 
of the specific fluid, which allowed for greater 
heat absorption and subsequently lowered the 
temperature of the system. As a result, the 
temperature difference between the reference 
panel and the PVT system widened. 
Additionally, the average thermal efficiency 
showed a clear upward trend in its decrease 
over the course of the experiment, with values 
noticeably increasing. Specifically, while 
thermal efficiency declined on all days of the 
experiment except for the first day, the overall 
pattern indicated a significant reduction in 
average thermal efficiency as the experiment 
progressed. 

 
Table 6- Average temperature difference between the reference panel and the PVT system at varying flow rates 

 Flow rates 

Type of fluid 0.01 L s-1 0.02 L s-1 

Copper oxide nanofluid 

0.025% 

10.77 ℃ 11.29 ℃ 

Copper oxide nanofluid 0.05% 11.18 ℃ 11.80 ℃ 

Water 8.35 ℃ 9.42 ℃ 

 
Additionally, the higher thermal efficiency 

reflects the nanofluid's superior capability to 
dissipate heat, which benefits thermal energy 
capture but does not directly enhance electrical 
output at higher concentration ratios. This 
trade-off highlights the need to optimize 
nanofluid composition and optical properties 
to balance thermal and electrical performance 

in PVT systems. 
 

Conclusion 

This study investigated the impact of 
copper oxide nanofluid and water on the 
thermal and electrical efficiency of a 
photovoltaic thermal system, revealing several 
key insights. Overall, the electrical efficiency 
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of the control panel was found to be lower 
than that of the systems utilizing both coolant 
types (water and copper oxide nanofluid). 
Also, the systems using copper oxide 
nanofluid at both concentrations of 0.025% 
and 0.05% exhibited higher electrical 
efficiency compared to water-cooling systems. 
However, the electrical efficiency of copper 
oxide nanofluid at a concentration of 0.025% 
was higher than 0.05%. This observation 
highlights the influence of the darker color of 
the copper oxide nanofluid on light absorption. 
A reduction in the volume percentage of 
copper oxide from 0.05% to 0.025% resulted 
in improved electrical efficiencies, attributed 
to the clearer fluid allowing for greater light 
penetration to the panel surface. Furthermore, 
increasing the flow rate from 0.01 to 0.02 L s-1 
significantly enhanced the thermal and overall 
performance of the copper oxide nanofluid 
system, as this change facilitated increased 
heat absorption from the panel surface and 
contributed to lower panel temperatures. More 
study has to be done to examine the 
optimization of nanofluids’ concentrations for 
even better electrical efficiency, e.g., testing 
with different nanoparticles with greater 
transparency or various concentrations of 

fluids for lowering shading effects such as 
Al2O3. Long-term stability and environmental 
effect assessments define the commercial 
viability of nanofluid-based cooling systems. 
Furthermore, guaranteeing the availability of 
relevant information for significant acceptance 
into renewable energy systems calls for scaling 
of this technology up to large-scale systems 
and application in hybrid energy solutions. 
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 چکیده

 یمحققان را بر آن داشته است تا منااابع اناارژ ست،یزطیبه حفاظت از مح یفور ازیهمراه با ن ،یانرژ یتقاضا برا شیجهان و افزا تیجمع عیرشد سر
 یک حرارتاا ییفتوولتا یهاستمیمطالعه بهبود عملکرد س نیکنند. ا یبررس ریدناپذیتجد یلیفس یهاسوخت یمناسب برا ینیگزیعنوان جارا به ریدپذیتجد

(PVT)  بود کااه  یاشهیمحفظه ش کیشامل  یشیآزما دستگاه  .کندیم  یابیمس ارز  دیاکس  یهاالیبا نانوس  یورکننده غوطهرا با استفاده از روش خنک
 هیاا در ثان تااریل 02/0و  01/0 انجریاا  نرخ و  %05/0 و  %0250/0 الینانوس یها در نسبت حجمشیور شده بود. آزماآن غوطه  ریدر ز  یدیسطح پنل خورش

درجااه   2/31-6/20  طیمحاا   یکه شااامل دمااا  یطیمح  طیها در شراشیمتر بود. آزمایسانت  5  یاشهیور شدن در داخل محفظه شانجام شد. ارتفاع غوطه
 انیاا درصااد و ساارعت جر 05/0 یمس در نسبت حجم  دیاکس  یهاالینشان داد که نانوس  جینتا  .وات بر مترمربع انجام شد  924-343و تابش    وسیسلس
کننااده آک کاااهش بااا خنک سهیدر مقا وسیدرجه سلس 8/11سطح پانل را تا  یدرصد بهبود داده و دما  87/31را به    یراندمان حرارت  ه،یبر ثان  تریل  02/0

 لیپتانساا  هاافتااهی نی. ادیدرصد رس 89/41به  PVT ستمیس یپنل مرجع فراتر رفت. راندمان کل زا PVT سامانه یکیراندمان الکتر نیداده است. همچن
 .دهدینشان م یحرارت تیریمد شیبا افزا PVT راندمان سامانه یسازنهیبه یرا برا الیبر نانوس یمبتن یسازخنک
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Abstract  

Grain harvesting operations account for approximately 25-30% of total direct energy consumption 
in crop production systems. Developing appropriate blades for harvesting canola (Brassica napus L.) 
is crucial due to its distinct characteristics compared to other cereal grains. This study investigated the 
effects of blade angles (placement angles: 30°, 45°, and 60°; sharpness angles: 30°, 45°, and 60°), 
reciprocating movement speed (800, 1100, and 1400 courses per minute), and moisture levels (19%, 
22%, and 24%) on reducing force, shear stress, and energy consumption during canola harvesting. 
Results showed that a blade sharpness angle of 30° yielded the lowest shear stress (0.175 N mm-2) 
compared to 60° (0.303 N mm-2). The 45° blade placement angle demonstrated minimum shear stress 
(0.177 N mm-2) versus 60° (0.320 N mm-2). Increasing moisture content from 19% to 24% reduced 
shear stress from 0.256 N mm-2 to 0.200 N mm-2. The highest reciprocating speed (1400 courses per 
minute) resulted in the lowest shear stress (0.167 N mm-2) compared to 800 courses per minute (0.286 
N mm-2). Life cycle assessment revealed that varying blade placement angles (30° to 60°) could 
increase marine aquatic ecotoxicity by up to 55,762.55 kg dichlorobenzene equivalent, while changes 
in blade sharpness angles and reciprocating speed could lead to increases of 377,429.87 kg and 
143,185.69 kg dichlorobenzene equivalent, respectively. The optimal configuration—comprising a 
sharpness angle of 30°, a placement angle of 45°, a moisture content of 24%, and a reciprocating speed 
of 1400 courses per minute—significantly reduced both shear energy and environmental impact. 

 
Keywords: Blade placement angle, Blade sharpness angle, Life cycle impact assessment, Shear 

energy, Shear stress 

 
Introduction1 

In recent years, reducing energy 
consumption in agricultural machinery has 
become increasingly important, particularly in 
EU open-field agriculture where total energy 
usage reaches 1431 PJ annually, equivalent to 
3.7% of total EU energy consumption. Within 
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this sector, on-farm diesel use, which includes 
harvesting operations, accounts for 31% of 
total energy inputs. This significant proportion 
highlights the importance of optimizing 
agricultural machinery operations, especially 
in grain harvesting machines, to reduce overall 
energy consumption and support the transition 
towards more sustainable farming practices 
(Paris et al., 2022). The energy required for 
cutting canola stems varies from 0.76 kJ to 1.1 
kJ, depending on moisture content and cutting 
height, representing a measurable component 
of harvesting energy consumption. 
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Understanding these energy requirements is 
important for optimizing harvester blade 
design and operational parameters to improve 
overall harvesting efficiency (Azadbakht, 
Esmaeilzadeh, & Esmaeili-Shayan, 2015). 
Numerous studies have already been 
undertaken to optimize energy consumption 
related to the cutting process of reciprocating 
lathes (Kushwaha, Vashnav, & Zoerb, 1983; 
Mohammadi Baneh, Navid, Alizadeh, & 
Ghasem Zadeh, 2012; Yin et al., 2021; Yuan 
et al., 2023).  

Canola cultivation is expanding, 
particularly in tropical regions, as a crucial 
source of edible oils. Canola harvesting 
employs two primary methods: (1) using grain 
combines with specific adjustments, and (2) 
utilizing a reciprocating cutter bar followed by 
product collection using a combine with a 
pick-up nose. While wheat combines are 
commonly adapted for canola harvesting, the 
distinct physical and mechanical properties of 
canola stems necessitate specialized blade 
design. A study by Azadbakht et al. (2015) 
demonstrated that cutting energy requirements 
vary significantly (P < 0.01) with cutting 
height and moisture content, ranging from 0.76 
kJ at 11.6% moisture content and 30 cm 
cutting height to 1.1 kJ at 25.5% moisture 
content and 10 cm cutting height, with an 
optimal blade velocity of 2.64 m s-1. Baruah & 
Panesar (2005) reported that crop throughput 
for canola ranges from 3.87 to 17.85 Mg h-1, 
compared to 4.61 to 11.49 Mg h-1 for wheat, 
highlighting the need for crop-specific 
optimization. Several parameters, including 
blade edge angle, blade angle, blade cutting 
speed, and product moisture, significantly 
influence the power and energy requirements 
in cutter bar harvesters. Therefore, 
determining optimal values for these 
parameters is crucial for designing efficient 
canola harvesting tools. Therefore, by 
determining the appropriate value for these 
parameters, they can be used as criteria in the 
design of canola harvesting tools. 

Several studies have been conducted in 
relation to the energy consumption of cutter 
bar mowers. According to many studies, the 

energy required by the stem cutting unit in the 
cutter bar includes overcoming air friction, 
cutting products, overcoming the friction of 
crushed products, and especially the friction in 
the mechanism of the machine and the cutting 
stem (Chattopadhyay & Pandey, 2001; 
Kronbergs, 2000). Studies have shown that 
several key factors influence the energy 
required to cut wheat stems. The moisture 
content, which refers to the water present in 
the wheat stem, affects its physical properties 
and cutting resistance. The cultivar type, 
meaning the specific variety of wheat with its 
unique stem characteristics such as thickness 
and fiber density, also impacts cutting energy 
requirements. The blade angle, defined as the 
angle at which the cutting blade meets the 
wheat stem, and cutting speed, which is the 
rate at which the blade moves through the 
stem, are crucial mechanical parameters. 
When moisture content and blade angle were 
reduced while increasing cutting speed, the 
energy required for cutting decreased. The 
diversity factor, which encompasses the 
variability in physical properties among 
different wheat varieties and environmental 
growing conditions, was also found to 
significantly affect cutting energy 
requirements (Persson, 1987). 

A study was conducted to examine the 
impact of various factors on the shear strength 
and energy consumption of wheat stems 
during the design and construction of a cutting 
mechanism for clustered wheat. The research 
focused on three levels of blade sharpness (17, 
20, and 24 degrees), four levels of inclination 
angle (20, 35, 50, and 65 degrees), and three 
levels of cutting speed (25, 35, and 45 mm 
min-1). The results indicated that both the 
inclination angle and blade sharpness had a 
significant influence on the shear strength and 
energy consumption of wheat stems, with 
significance at the 1% level. However, there 
was no significant interaction effect observed 
between the angle of sharpness, inclination 
angle, and cutting speed. Among the two 
factors, the inclination angle of the blade had a 
greater impact on the shear strength and 
energy consumption of the stems. The average 
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cutting energy consumption per unit area was 
estimated to be 6.23 mJ mm-2.  

A study explored the impact of various 
cutting unit parameters on energy consumption 
during the harvesting of Miscanthus plant. The 
researchers specifically focused on analyzing 
the effects of cutting speed, diagonal blade 
angle, and stem diameter on energy 
consumption. Within their investigation, three 
different blade cutting angles were taken into 
consideration. The findings of the study 
revealed that a diagonal blade angle of 60 
degrees and a cutting speed of 12.9 m s-1 were 
identified as the optimal conditions for 
efficient cutting of the product. Under these 
conditions, the specific cutting energy was 
measured to be 741.9 J m-1. However, it was 
observed that when the cutting speed was 
increased to 18.7 m s-1, the specific cutting 
energy experienced a significant rise of 42.6% 
(Johnson, Clementson, Mathanker, Grift, & 
Hansen, 2012). 

The impact of cutting parameters on the 
ultimate shear stress and specific cutting 
energy of Sisal leaves was investigated to 
design efficient and energy-saving harvesting 
machinery. In their study, they experimentally 
examined hybrid (H.) 11648 sisal leaves (at 
83% moisture content) using both the single-
factor method and response surface 
methodology under quasi-static cutting 
conditions. The findings indicated that factors 
such as cutting speed, blade oblique angle, 
blade entry angle, and leaf elevation angle 
significantly affect the ultimate shear stress 
and specific cutting energy of the leaves. 
Additionally, the interaction between the blade 
oblique angle and leaf elevation angle had a 
notable effect on ultimate shear stress, while 
the combination of cutting speed and blade 
oblique angle significantly influenced specific 
cutting energy. The optimal cutting parameters 
identified through the multi-objective response 
equation were a cutting speed of 500 mm min-

1, a blade oblique angle of 24.23°, a blade 
entry angle of -28.8°, and a leaf elevation 
angle of 20°. With these settings, the ultimate 
shear stress and specific cutting energy for 
sisal leaves could be reduced by 43.48% and 

10.71%, respectively, compared to conditions 
typical of practical harvesting. Furthermore, 
within acceptable limits for ultimate shear 
stress and specific cutting energy, increasing 
cutting speed and employing parameter values 
close to the optimized settings can positively 
impact peak cutting force reduction, energy 
efficiency, and the compactness of harvesting 
machinery (Song et al., 2022). 

In a significant study focusing on blade 
design optimization and energy reduction, 
Maughan, Mathanker, Grift, Hansen, and Ting 
(2013) investigated the impact of blade 
oblique angles on harvesting energy 
requirements. Their research directly 
addressed machinery inefficiencies by 
modifying the disk head of a mower-
conditioner and testing different blade angles. 
Through implementation of blades with 20° 
and 30° oblique angles, they achieved 
substantial energy savings. Most notably, the 
30° oblique angle blades demonstrated a 27% 
reduction in energy consumption, requiring 
only 13.5 MJ Mg-1 compared to 18.5 MJ Mg-1 
for conventional straight (0°) blades. Their 
study incorporated real-time yield sensing 
systems to provide point-specific energy 
consumption data, offering precise 
measurements of blade performance 
optimization. 

In terms of optimizing harvester blade 
parameters, Rezahosseini, Jafari Naeimi, and 
Mortezapour (2019) investigated the effects of 
forward velocity and blade attack angle on 
harvesting efficiency. Their findings revealed 
that both parameters significantly affected 
harvesting performance at a 5% probability 
level. The optimal configuration was achieved 
with a 25-degree attack angle and 2 km h-1 
forward velocity, resulting in 80% harvesting 
efficiency. Notably, the highest machine 
capacity of over 5300 plants per hour was 
achieved at 3.5 km h-1 forward velocity while 
maintaining the optimal 25-degree attack 
angle. Their research demonstrates the critical 
relationship between blade angle optimization 
and operational parameters. 

Recent studies have demonstrated the 
significant impact of blade design parameters 
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on harvesting efficiency. Okyere et al. (2022) 
conducted a comprehensive analysis of blade 
angles and operational parameters, finding that 
a 45° blade angle produced optimal cutting 
performance compared to 30° and 60° angles. 
Their study revealed that machine speed 
significantly affects cutting efficiency, with 
2230 rpm yielding the best results when 
combined with the optimal 45° blade angle. 
While their research focused on corn stalks, 
their findings about blade angle optimization 
provide valuable insights for harvester blade 
design across different crops. Their results 
suggest that blade angle optimization can 
significantly impact both cutting efficiency 
and machine performance. 

Agricultural harvesting efficiency is highly 
dependent on crop-specific cutting equipment. 
Each crop has unique physical properties that 
demand specialized cutting blades- for 
instance, wheat stems have different structural 
characteristics compared to canola stems, 
making wheat harvester blades unsuitable for 
canola harvesting. Using inappropriate blades 
can lead to increased energy consumption, 
reduced harvesting efficiency, and potential 
crop damage. 

Previous studies on harvester blade 
optimization have primarily focused on 
mechanical performance and energy 
consumption for individual crops. However, 
these studies lack a comprehensive life cycle 
assessment approach, which is crucial for 
understanding the broader environmental 
implications of harvesting equipment choices. 
By integrating LCA with energy optimization, 
this study introduces a novel framework that 
considers both operational efficiency and 
environmental impact. 

Additionally, this research develops an 
innovative methodology that combines 
mechanical testing, energy analysis, and 
environmental assessment - creating a more 
holistic approach to agricultural equipment 
design. This integrated approach not only 
optimizes harvester blade performance for 
canola but also establishes a transferable 
methodology for other crop-specific 
applications. 

Previous studies have indicated that the 
blade sharpness, blade placement angle, 
moisture content, and cutting speed play 
crucial roles in reducing shear energy and 
energy consumption in cutter bar harvesters. 
Given that most harvesting combines in Iran 
are equipped with heads designed for wheat 
harvesting, it is imperative to explore the 
impact of these factors on canola harvesting 
due to the distinct characteristics of wheat and 
canola. Utilizing optimized reciprocating 
cutter bars for canola harvesting could be 
beneficial in this regard. By identifying the 
optimal values for these parameters, it is 
possible to minimize energy usage and 
environmental pollution. Thus, the objective is 
to assess the potential impact of adjusting the 
specified parameters on the reduction of 
energy consumption and the release of 
pollutants into the environment. This involves 
determining the extent to which these changes 
can contribute to minimizing environmental 
impacts. Therefore, the primary objective of 
this study was to analyze the influence of 
blade sharpness, blade positioning angle, 
moisture, and cutting speed on canola 
harvesters to ensure sustainable and efficient 
production. To achieve this aim, the following 
specific objectives were pursued: 

1. To develop an innovative energy-
optimization model for canola harvester blades 
by analyzing the relationship between energy 
consumption and cutting parameters (moisture 
content, loading rate, and blade characteristics) 
using a specially designed laboratory setup. 

2. To quantify energy reduction potential 
through comparative analysis of different 
blade designs and operational parameters, 
establishing energy-efficient cutting 
conditions. 

3. To evaluate the environmental impacts 
through Life Cycle Assessment, creating an 
integrated framework that optimizes both 
energy efficiency and environmental 
performance. 

 
Materials and Methods 

Design and development of a cutting 
mechanism are influenced by many 
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parameters, such as the type of cutting blade, 
blade angle, cutting speed, and physical and 
mechanical properties of the stalks. The latter 
can be identified by measuring the shear force 
required for stalk cutting. The canola stalk 
samples were collected from mature plants at 
physiological maturity. The stalks had an 
average height of 120 ± 5 cm and stem 
diameter of 1.5 ± 0.2 cm at the base. For the 
cutting tests, the load was applied at 15 cm 
above ground level, which represents the 
typical harvesting height in commercial canola 
production. This location was chosen because 
it provides optimal stubble height for 
subsequent field operations. Also, it ensures 
consistent mechanical properties as the lower 
portion of the stalk typically has higher 
structural rigidity. Likewise, it matches 
common harvester header settings. 

A test rig (Figure 1) was developed to 

determine the shear force of the canola stalk, 
while adjusting the aforementioned 
parameters. It consisted of a chassis, a 
stationary blade holder, a cutter bar, a crank 
drive and crank drive linkage, a 380 V AC 
motor (Y-802-4, 0.75 kW), and an inverter. In 
addition, the system included a measuring unit, 
an electronic board (Uno R3, Arduino Co., 
Italy), a 24-bit analog-to-digital converter 
(HX71, China), and a computer for data 
collection and monitoring. The aim was to 
identify the most optimal mode in terms of 
energy consumption during stalk cutting. This 
was carried out by a measurement system 
assembled on the crank drive linkage using a 
40 kg ± 0.01 g load cell (Top Sensor, China). 
The load cell was placed between the crank 
drive linkage and the beginning of the cutter 
bar to accurately capture the force exerted 
during cutting operations. 

 

 

Fig. 1. The fabricated laboratory cutter bar: (a) Chassis, (b) Electric motor, (c) Upper bar, (d) Reluctance center crank 

drive, (e) Crank drive shaft, (f) Load cell, (g) Inverter, (h) Connecting rod, (i) Lower bar, (j) Cutting blade, (k) Designed 

blade, (l) HX711 amplifier module, (m) Arduino board, (n) Computer, and (o) Bearing 

 

The experiments were carried out to 
determine the shearing force of the canola 
stalks and to analyze the impact of various 
parameters such as blade edge sharpness angle 
(30, 45, and 60 degrees), blade angle (30, 45, 
and 60 degrees), and cutter bar speed at 800, 
1100, and 1400 courses per minute. The length 
of the course was set at 7.6 cm, and the 
experiments were conducted at three different 
moisture levels ranging from 18-21%, 21-
23%, and 23-25%. The measurements were 
based on shear force, shear strength, and shear 
energy, and each condition was tested in 
triplicate. A sample of the manufactured 

device is shown in Figure 1. To further 
investigate the influence of these parameters 
on the cutting force and shear resistance of 
canola stalks, a factorial experiment was 
conducted using a completely random design 
in SPSS software, with three replications. 

Blade angles of 30°, 45°, and 60° were 
selected based on empirical observations and 
prior studies (Johnson et al., 2012; Heidari, 
Chegini, & Kianmehr, 2012). Angles below 
30° are avoided in coarse-stemmed crops due 
to accelerated blade wear (Persson, 1987), 
while angles exceeding 60° significantly 
increase shear resistance, as observed in 
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preliminary trials for this study. Reciprocating 
speeds (800-1400 cpm) were chosen to align 
with typical combine harvester operations in 
Iran, where adjustments are often made to 
balance cutting efficiency and fuel 
consumption (Yuan et al., 2023). Moisture 
levels (18-25%) reflect the range observed 
during canola harvesting in Kurdistan 
province, as verified by field measurements. 

To develop the energy-optimization model, 
various blade designs were analyzed for their 
potential energy efficiency. The blade 
characteristics were first modeled using 

SolidWorks (2018) to establish baseline 
designs. These designs were then evaluated 
using Ansys 2015 software to understand their 
mechanical behavior under different loading 
conditions, which directly influences energy 
consumption during cutting. The key blade 
characteristics that influence energy 
consumption are presented in Table 1. The 
blades were fabricated using CK75 steel 
(properties shown in Table 2), selected based 
on its mechanical properties that affect energy 
transfer during the cutting process (Roudbari, 
Refahati, & Mehdipour, 2021). 

 
Table 1- Mechanical and physical properties of the designed blades (Roudbari et al., 2021) 

Density  

(kg m-3) 

Elastic modulus 

(GPa) 

Poisson's 

ratio 

Shear modulus 

(GPa) 

Ultimate tensile stress 

(MPa) 

Yield stress 

(MPa) 

7850 200 0.3 76.92 460 250 

 
Table 2-Specifications of the material of the blades (Roudbari et al., 2021) 

Mechanical properties 
Quantity Value Unit 

Young,s modulus 200000 MPa 
Tensile strength 650-880 MPa 

Elongation 8-25 % 
Fatigue 275 MPa 

Yield strength 350-550 MPa 
Physical properties 

Quantity Value Unit 
Thermal expansion 10 e-6 K-1 

Thermal conductivity 25 W (m K)-1 
Specific heat 460 J (kg K)-1 

Melting temperature 1450-1510 °C 
Density 7700 kg m-3 

Resistivity 0.55 Ohm mm2 m-1 
 
The blades were designed and underwent 

meshing in the Ansys environment, as shown 
in Figure 2. The design of the blades in this 
study was guided by rigorous adherence to 
engineering standards and methodologies to 
ensure mechanical reliability, environmental 
sustainability, and alignment with industry 
practices. Material selection prioritized CK75 
steel, a high-performance alloy conforming to 
ASTM A20/A20M-19 and ISO 6935-1:2018 
standards, ensuring optimal tensile strength, 
fatigue resistance, and thermal stability for 
agricultural applications. The material’s 
mechanical properties, such as Young’s 
modulus and yield strength, were sourced from 

standardized databases (e.g., Ansys material 
libraries) to maintain accuracy in 
computational simulations. 

Finite element analysis (FEA) was 
conducted using ANSYS 2015, an industry-
standard software compliant with ISO 10303 
(STEP) for geometric modeling. An automatic 
meshing strategy was employed to optimize 
computational efficiency, avoiding the labor-
intensive process of manual meshing.  

Blade geometry was informed by prior 
research (Nazari Galedar et al., 2008; Song et 
al., 2022) and designed to balance cutting 
efficiency, energy consumption, and stress 
distribution. Angles of 30°, 45°, and 60° were 
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validated via FEA to ensure compliance with 
von Mises stress criteria, confirming safe 
operation within CK75 steel’s yield strength 
limits. 

Automatic meshing procedure was 
employed since a tedious trial and error were 
required to accomplish appropriate mesh size. 
Automatic meshing with tetrahedral elements 
was selected to balance computational 
efficiency and accuracy, given the geometric 
complexity of the blade edges and mounting 
slots. A mesh sensitivity analysis was 
conducted by iteratively refining element sizes 
until stress convergence (variation <5%) was 
achieved at critical regions (blade edge and 
support interface). For 30°, 45°, and 60° blade 
angles, a total of 10,361 nodes and 5,380 
elements, 11,741 nodes and 5,510 elements, 

and 11,903 nodes and 6,181 elements were 
employed, respectively. 

The boundary conditions applied in Ansys 
aimed to replicate real-world operational 
constraints. The base of each blade (mounting 
region interfacing with the cutter bar) was 
assigned a fixed support to simulate rigid 
attachment to the harvesting mechanism. A 
tension force of 350 N was applied 
perpendicular to the blade’s sharp edge, 
distributed uniformly across the blade edge, to 
reflect the maximum shear stress derived from 
experimental shear force measurements. The 
safety factor of 5 was incorporated to account 
for dynamic loading fluctuations during field 
operations, such as irregular stem density or 
foreign object impacts. 

 

 
Fig. 2. Meshed models of three different designed blades: (a) the 30-degree blade, (b) the 45-degree blade, and (c) the 

60-degree blade 

 

The diagram illustrating the designed 
blades can be observed in Figure 3. The 
measurements are expressed in millimeters. 
The blades were subjected to the maximum 
force and tension required for cutting canola. 
To simulate the behavior of the blades during 
the cutting process, the maximum shear stress 
needed to cut the stalk was determined. The 
shear stress was applied to the blades based on 
the findings of Nazari Galedar et al. (2008), 
with the stress being directed towards the 
sharp edge of the blades perpendicular to their 
surface. A tension force of 350 N, with a 
safety factor of 5, was applied to the edge of 
the blades and results were expressed as Von 
Mises stress. Two blades were made for each 
specification of blade angle degree of 30, 45, 

and 60 degrees for further reservation. 
The FEA simulations were conducted using 

ANSYS 2015, adhering to ISO 10303 
standards for geometric modeling. The 
analysis incorporated the von Mises criterion 
to assess yielding, ensuring stresses remained 
below CK75 steel’s yield strength (250 MPa). 
Elastic deformation was modeled using 
Hooke’s Law, while plastic deformation was 
accounted for beyond the yield point. A safety 
factor of 5 was applied to the 350 N tension 
force, reducing the effective load to 70 N for 
simulations, aligning with engineering safety 
protocols. 

The theoretical framework for stress 
analysis included elastic-plastic material 
behavior, where stresses below the yield point 
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(250 MPa) ensured reversible deformation. 
Beyond this threshold, plastic deformation was 
modeled to identify failure risks. The 30° 
blade angle demonstrated the lowest shear 
stress (0.737 N mm-2) but required FEA 

validation to confirm compliance with safety 
margins. Stress maps revealed potential plastic 
deformation at blade edges and supports, 
prompting design adjustments to redistribute 
loads and enhance durability. 

 

 
Fig. 3. Schematic of the designed blades (dimensions are in mm) 

 
The Hyola 401 canola cultivar was 

cultivated in Kurdistan province of Iran during 
the summer of 2020. This area is situated 
within the latitudes of 34° to 38°N, and 
longitudes of 41° to 47°E. Simple random 
sampling served as the sampling technique for 
this research. 

Once the samples were gathered, they were 
transported to the laboratory of the Department 
of Biosystems Engineering, Faculty of 
Agriculture, University of Kurdistan, Iran to 
assess the moisture content of canola stalks. 
The collected stem samples were carefully 
positioned inside an oven, where they were 
subjected to a controlled temperature of 103°C 
for a duration of 24 hours. Subsequently, the 
moisture content of the samples was measured 
using Eq. 1, which adheres to established 
standards and is based on the wet weight of the 
specimens (Aghbashlo, Kianmehr, & Hassan-
Beygi, 2008; Yeganeh & Trystram, 2013): 

Uw =
𝐺𝑤

(𝐺𝑤+ 𝐺𝑑𝑚)
                                        (1) 

where, Gw represents the weight of lost 
moisture, and Gdm represents the weight of the 
dried sample. To measure the dimensions of 
the canola stem, including length, width, and 
thickness, a digital caliper (model DC-515, 

Taiwan) with an accuracy of 0.01 mm was 
used. 

Mechanical attributes refer to a material's 
mechanical characteristics in various 
conditions and under diverse external loads. 
Mechanical qualities vary depending on the 
substance. Typically, the "tension-
compression" examination and the "force-
deformation" relationship (stress-strain) are 
employed to ascertain and elucidate the 
mechanical properties of materials (Song & 
Muliana, 2019). When it comes to harvesting 
agricultural products, these materials are 
subjected to different mechanical factors such 
as compressive force, tensile force, and 
impact. These factors can lead to deformation 
in the stem of the products, and if the 
deformation exceeds a certain limit, it can 
result in breakage and other forms of 
mechanical damage. To prevent such damage, 
it is crucial to understand the resistance 
characteristics of the product's stem under 
different conditions. This information can be 
obtained through standardized tests conducted 
under controlled conditions. The pressure 
tensile test is one of the key methods used to 
determine the product's stem tissue properties. 
Several factors influence the mechanical 
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properties of agricultural products, including 
the structure and texture of the product, its 
moisture content, the speed and type of 
loading, as well as the duration of loading 
(Amirian, Shahbazi, & Taheri Garavand, 
2018). 

The quasi-static tests were performed using 
a hydraulic Instron stand (STM-1 model, 
1000±0.01 N) to determine the shear forces, 
shear stress, and compressive strength of 
canola, where the specimen is crushed at a 
very low speed between two cutting edges. A 
quasi-static test is described as the energy 
absorption capability of the composite when 
they are crushed under axial loads (Figure 4). 
The tests were conducted by crushing 
specimens at a controlled speed between two 
cutting edges. The room temperature was 

(23±2°C) and the relative humidity was 
50±5%. The experiments were performed at 
three different loading rates of 150, 250, and 
350 mm min-1, with 50 mm maximum 
displacement and 100 Hz data acquisition rate. 
The specimens were prepared with 11.57 mm 
length and 10.46 mm stem average diameter. 
Throughout the experiments, various 
measurements were recorded, including force-
displacement curves, maximum shear force 
(N), shear stress (MPa), energy absorption 
(mJ), and compressive strength (MPa). The 
quasi-static test characterizes the energy 
absorption capability of the specimens when 
crushed under axial loads, providing crucial 
information about their mechanical behavior 
under controlled loading conditions. 

 
Fig. 4. A mechanism designed for conducting quasi-static tests: (a) an Instron equipped with a blade and counter blade 

mechanism, and (b) the blade and counter blade mechanism 

 

The Shear Energy Index was determined to 
evaluate the energy efficiency of the cutting 
process. This index was calculated as the ratio 
of the energy absorbed during shearing to the 
cross-sectional area of the specimen, expressed 
in mJ mm-2. The energy absorption was 
obtained by integrating the area under the 
force-displacement curve up to the maximum 
shear force using the trapezoidal method. The 

force-displacement data were recorded through 
the Instron testing machine’s data acquisition 
system at a sampling rate of 100 Hz. 

In order to assess the environmental impact 
of utilizing different blades and their 
placement angles in agricultural combines on a 
national scale, the life cycle assessment 
approach was employed. The total amount of 
pollutants released into the environment was 
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calculated under the assumption that all 
agricultural combines in the country were 
outfitted with each of the blade treatments. 
This analysis aimed to determine the extent to 
which these treatments could potentially 
influence the overall level of pollutants 
emitted nationwide. 

Life cycle assessment represents a cutting-
edge approach extensively employed for 
evaluating the energy requirements and 
possible ecological consequences of a product 
or manufacturing process from inception to 
end. The comprehensive "cradle to grave" 
technique encompasses a thorough 
examination of all phases, including resource 
extraction, material production, component 
manufacturing, and product consumption 
management in the form of waste, recycling, 
or final disposal (Mirzaee, Salami, Akhijahani, 
& Zareei, 2023). 

In this research, the SIMAPRO software 
version 9 utilized the CML 2 baseline 2000 
V2.05 life cycle impact assessment method. 
This particular method, developed by the 
Swiss Federal Institute of Technology, adopts 
a comprehensive approach that encompasses 
various impact groups and injury groups. It 
incorporates ten midpoint impact groups, 
providing a holistic perspective on the 
assessment of life cycle impacts. The midpoint 
impact categories were: abiotic depletion 
(elements and fossil fuels), global warming, 
ozone layer depletion, human toxicity, 
freshwater aquatic ecotoxicity, marine aquatic 
ecotoxicity, terrestrial ecotoxicity, 
photochemical oxidation, acidification, and 
eutrophication. 

 

Results and Discussion 

Finite element analysis of blades 

The stress analysis and deformation results 
of the blades were examined when subjected 
to a constant force of 350 N, with 
consideration given to various types of blades 
that were manufactured. 

The stress analysis and blade displacement 
results obtained through Ansys software for 

the blades with a sharpness of 30, 45, and 60 
degrees are illustrated in Figure 5. Upon closer 
examination of the stress distribution for the 
first blade type (I), it was evident that the 
highest stress concentration occurred at the 
edge of the blade and in close proximity to the 
support, reaching a value of 30.618 MPa. This 
stress concentration is primarily attributed to 
the blade being constrained within the slot and 
coming into contact with a steel object (pin) at 
the support location under actual operating 
conditions. Analysis of the blade deformation 
revealed that the maximum displacement of 
1.0703 × 10-5 m was observed at the blade tip. 
Given that the blade can be likened to a beam 
subjected to a significant lateral load, it is 
reasonable to expect that the most significant 
deformation would manifest at the tip of the 
blade, akin to the tip of a beam. Figure 5 
shows the profiles of deformation and 
maximum stress for the application of a 350 N 
load. 

The stress and deformation analysis 
outcomes for the second blade type (II) are 
also illustrated in Figure 5. The findings for 
the second blade type mirrored those of the 
first blade type concerning the position of the 
highest deformation and the peak Von Mises 
stress. Specifically, the highest deformation 
was detected at the blade's tip, measuring 
7.854 × 10-6 m, while the maximum Von 
Mises stress was identified at the support's 
edge, measuring 19.712 MPa. 

Figure 5 also presents the stress and 
deformation analysis results for the third type 
of blade (III). Similar to the first and second 
type blades, the third type blade exhibited 
comparable patterns in terms of the location of 
the largest deformation and the maximum Von 
Mises stress. Upon examining the deformation 
results, it was observed that the tip of the blade 
experienced a maximum displacement of 
6.7606 × 10-6 m, additionally, the highest 
stress was observed at the edge of the blade 
and in close proximity to the support, 
measuring 16.692 MPa. 
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I 

 
II 

 
III 

Fig. 5. Finite element analysis of the blades with sharpness angles of 30, 45, and 60 degrees (labeled I to III, 

respectively) under a 350 N force includes: (a) stress analysis, and (b) deformation analysis 

 
The maximum Von Mises stress was found 

to decrease as the blade angle increased, with 
values of 30.618 MPa, 19.712 MPa, and 
16.692 MPa recorded for 30°, 45°, and 60° 

angles, respectively. Similarly, the maximum 
displacement at the blade tip demonstrated a 
decreasing trend with increasing angle, 
measuring values of 1.0703 × 10-5 m, 7.854 × 
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10-6 m, and 6.7606 × 10-6 m for the respective 
angles. For all three configurations, the highest 
stress concentration was consistently observed 
at the blade edge near the support region, 
where the blade was constrained within the 
slot and contacted the steel pin under operating 
conditions. The maximum displacement 
invariably occurred at the blade tip, behaving 
similarly to a beam under lateral loading. 
These results indicate that increasing the blade 
angle from 30° to 60° led to a 45.5% reduction 
in maximum stress and a 36.8% decrease in 
maximum displacement, suggesting enhanced 
structural stability at higher angles. 

 
Measuring the mechanical properties of canola 

stalks  

Determination of shear energy 

The results of the analysis of variance 
concerning the primary effect treatments 
involving blade sharpness angle, blade 
placement angle, canola moisture, blade 
movement speed, and their interaction effects 
on the canola stalk shear energy amount, as 
measured by the Instron device, have been 
detailed in Table 3. The statistical analysis 
revealed that the impact of blade sharpness 
angle, blade placement angle, blade movement 
speed, as well as the interactive effects of 
sharpness angle and blade placement angle, 
blade sharpness angle and moisture, blade 
placement angle and moisture, and blade 
sharpness angle, blade placement angle, and 
moisture were all statistically significant at a 
1% significance level. 

The analysis of variance results (Table 3) 
revealed several significant relationships 
between cutting parameters and shear energy 
requirements. The blade sharpness angle 
demonstrated a significant effect (P < 0.01) on 
shear energy, where increasing the angle from 
30° to 60° resulted in a 27.3% increase in 
energy consumption. This behavior can be 
attributed to the increased contact area 
between the blade and stalk material at higher 
angles, leading to greater resistance during the 
cutting process. These findings align with Gan 
et al. (2018), who reported a 25.1% reduction 
in energy consumption when implementing 

optimized blade angles in Miscanthus 
harvesting. 

The blade placement angle also had a 
significant influence (P < 0.01), indicating that 
the 45° configuration required 18.9% less 
energy compared to the 60° placement angle. 
This optimal angle can be explained by the 
balance achieved between the normal and 
tangential forces during cutting, minimizing 
the total energy requirement. The significant 
interaction between sharpness and placement 
angles (P < 0.01) indicates that their effects are 
interdependent, suggesting that optimal blade 
design requires simultaneous consideration of 
both parameters. 

Moisture content emerged as a critical 
factor, showing significant interactions with 
both blade angles (P < 0.01). Higher moisture 
levels (23-25%) resulted in 13.2% lower shear 
energy compared to drier stalks (18-21%), 
likely due to reduced material brittleness. This 
moisture-dependent behavior is almost similar 
to the findings by Wang et al. (2020), who 
reported a 25% reduction in cutting force for 
citrus stems, highlighting the unique 
mechanical properties of canola stalks. 

The three-way interaction between 
sharpness angle, placement angle, and 
moisture content (P < 0.01) suggests that 
optimal blade configuration should be 
adjustable based on crop conditions, 
particularly moisture levels, to maintain 
energy efficiency throughout the harvesting 
process. 
 

Determination of shear stress 

Table 4 presents the outcomes of the 
analysis of variance conducted to evaluate the 
main effects of blade sharpness angle, blade 
placement angle, canola moisture, blade 
movement speed, and their interaction effects 
on canola shear stress, as measured by the 
Instron device. The data analysis revealed that 
the influence of blade sharpness angle, blade 
placement angle, stem moisture, blade 
movement speed, as well as the interaction 
effects of sharpness angle and blade placement 
angle, blade sharpness angle and moisture, 
blade placement angle and moisture, 
placement angle and blade movement speed, 
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blade sharpness angle, blade placement angle 
and moisture, and blade sharpness angle, and 
blade placement angle and blade movement 

speed were all statistically significant at a 
significance level of 1%. 

 
Table 3- Analysis of variance of the impact of various factors including blade sharpness, blade angle, moisture level, 

and loading speed on shear energy index measured with the Instron device 

Source df Sum of Squares Mean Square F p-value 

Treatment 81 9516.01 117.48 47.79** <0.001 

Sharpness 2 2212.64 1106.32 449.99** <0.001 

Blade angle 2 50.14 25.07 10.20** <0.001 

Moisture 2 9.89 4.95 2.01ns 0.137 

Speed 2 130.70 65.35 26.58** <0.001 

Sharpness × Blade angle 4 130.27 32.57 13.25** <0.001 

Sharpness × Moisture 4 33.62 8.41 3.42** 0.010 

Sharpness × Speed 4 25.39 6.35 2.58* 0.039 

Blade angle × Moisture 4 54.89 13.72 5.58** <0.001 

Blade angle × Speed 4 0.81 0.20 0.08ns 0.988 

Moisture × Speed 4 4.81 1.20 0.49ns 0.743 

Sharpness × Blade angle × Moisture 8 93.42 11.68 4.75** <0.001 

Sharpness × Blade angle × Speed 8 12.08 1.51 0.61ns 0.766 

Sharpness × Moisture × Speed 8 18.98 2.37 0.97ns 0.464 

Blade angle × Moisture × Speed 8 2.30 0.29 0.12ns 0.998 

Sharpness × Blade angle × Moisture × Speed 16 16.46 1.03 0.42ns 0.976 

Error 162 398.29 2.46   

Total 243 9914.30    

** p-value < 0.01, * p-value < 0.05, ns Not significant (p-value > 0.05) 
 

Table 4- Analysis of variance of the impact of various factors including blade sharpness, blade angle, moisture level, 

and loading speed on shear stress index measured with the Instron device 

Source df Sum of Squares Mean Square F p-value 

Treatment 81 214.90 2.65 97.80** <0.001 

Sharpness 2 9.53 4.76 175.63** <0.001 

Blade angle 2 1.57 0.79 28.94** <0.001 

Moisture 2 0.26 0.13 4.80** 0.009 

Speed 2 3.17 1.58 58.37** <0.001 

Sharpness × Blade angle 4 0.91 0.23 8.35** <0.001 

Sharpness × Moisture 4 1.28 0.32 11.78** <0.001 

Sharpness × Speed 4 0.14 0.03 1.26^ns 0.288 

Blade angle × Moisture 4 0.42 0.11 3.89** 0.005 

Blade angle × Speed 4 0.77 0.19 7.09** <0.001 

Moisture × Speed 4 0.09 0.02 0.79^ns 0.532 

Sharpness × Blade angle × Moisture 8 1.40 0.18 6.45** <0.001 

Sharpness × Blade angle × Speed 8 0.29 0.04 1.31^ns 0.242 

Sharpness × Moisture × Speed 8 0.28 0.04 1.29^ns 0.250 

Blade angle × Moisture × Speed 8 1.36 0.17 6.26** <0.001 

Sharpness × Blade angle × Moisture × Speed 16 0.32 0.02 0.74^ns 0.753 

Error 162 4.40 0.03   

Total 243 219.29    

** p-value < 0.01, * p-value < 0.05, ns Not significant (p-value > 0.05) 

 
The impact of the main factors on stem 

shear stress was significant. To assess the 
variations among these factors, Duncan's test 
comparison method was employed. By 
comparing the average blade sharpness factor 

at a 1% probability level, a notable difference 
in shear stress was observed between 
sharpness angles of 30 and 45 degrees, when 
compared to 60 degrees. However, no 
significant difference was found between the 



538     Journal of Agricultural Machinery Vol. 16, No. 3, Fall, 2026 

30 and 45-degree angles. The acute angle of 
30 degrees exhibited the lowest shear stress 
value at 0.737 N mm-2, whereas the acute 
angle of 60 degrees showed the highest shear 
energy at 1.171 N mm-2. 

Altering the orientation of the blade can be 
done in order to diminish the shear stress of 
the stem. Within the three different blade 
angles tested, namely 30, 45, and 60 degrees, it 
was observed that the 45-degree angle resulted 
in the lowest shear stress value of 0.779 N 
mm-2, while the 60-degree angle exhibited the 
highest shear stress value of 0.961 N mm-2. 
Furthermore, the comparison between the 
average shear stress values of the 30 and 60-
degree angles did not yield statistically 
significant results at the 1% probability level. 

Moisture played a significant role in 
influencing the shear stress of canola stems. 
The results indicated that the canola stems 
with 19% moisture exhibited the highest shear 
stress, while those with 24% moisture had the 
lowest shear stress. The difference in shear 
stress between the 19% and 24% moisture 
levels was statistically significant at the 1% 
level. However, no significant difference was 
observed between the 22% moisture level and 
the other two moisture levels. Specifically, the 
canola stems with 24% moisture had the 
lowest shear stress value of 0.885 N mm-2, 
whereas those with 19% moisture had the 
highest shear stress value of 0.934 N mm-2. In 
a study conducted by Wang et al. (2020), it 
was concluded that an increase in stem 
moisture content leads to a decrease in shear 
strength. This finding aligns with the results 
obtained in the present research. 

The statistical analysis revealed an 
interesting phenomenon regarding the 
influence of moisture content on cutting 
parameters. While moisture content 
significantly affected shear stress (F = 4.802, P 
< 0.01), it showed no significant effect on 
shear energy (F = 2.012, P > 0.05). This 
apparent discrepancy can be explained by 
understanding the fundamental differences 
between these two parameters. Shear stress 
represents the instantaneous resistance force 
per unit area that must be overcome to initiate 

and maintain the cutting process. In contrast, 
shear energy encompasses the total work done 
throughout the entire cutting operation, 
including both the initial penetration and the 
complete separation of the stem. 

The significant effect of moisture on shear 
stress suggests that water content directly 
influences the stem’s immediate resistance to 
cutting. This could be attributed to moisture’s 
role in cellular turgidity and tissue elasticity, 
which affect the stem’s instantaneous 
mechanical response to the blade. Higher 
moisture levels (24%) resulted in lower shear 
stress values (0.885 N mm-2) compared to 
lower moisture levels (19%, 0.934 N mm-2), 
indicating that increased water content may 
facilitate easier initial penetration of the blade. 

However, the non-significant effect on 
shear energy implies that the total work 
required to complete the cutting process 
remains relatively consistent across different 
moisture levels. This suggests that while 
moisture content may alter the instantaneous 
resistance to cutting, it does not substantially 
affect the overall energy requirements of the 
complete cutting operation. This finding has 
practical implications for harvester design and 
operation, indicating that while moisture 
content should be considered for optimizing 
cutting force requirements, it may be less 
critical for overall energy consumption 
calculations. 

The statistical analysis revealed a 
significant difference in the average 
comparison among three loading speeds of 
150, 250, and 350 mm min-1 at a 1% 
probability level. Notably, the speed of 350 
mm min-1 exhibited the lowest stem shear 
stress at 0.764 N mm-2, while the speed of 150 
mm min-1 demonstrated the highest at 1.041 N 
mm-2. Wang et al. (2020) conducted a study 
where they reported that the blade movement 
speed had a substantial impact on the shear 
stress of citrus fruit stems. Their findings 
indicated that an increase in blade movement 
speed led to a decrease in stem shear stress. 
Similarly, Heidari et al. (2012) conducted a 
study focusing on the shear stress and shear 
energy of Lilium stem. They observed a 
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significant effect of blade movement speed on 
these parameters at a 1% level, using speeds of 
30, 40, and 50 mm min-1. Their results showed 
that an increase in blade movement speed 
resulted in a decrease in shear stress and shear 
energy of the stem, aligning with the outcomes 
of the current research. 

 
Measuring the canola stem’s shear stress using the 

designed cutter bar device 

The evaluation tests of the cutter bar system 
involved measuring the mechanical properties 
of the canola stem, specifically the shear 
stress, using both the Instron device and a 
custom-designed device. The effects of various 
treatments, such as blade sharpness angle, 

blade placement angle, canola moisture, blade 
reciprocating movement speed, and their 
interactions, on the canola shear stress were 
analyzed using the designed cutter bar device. 
The results of the analysis of variance, 
presented in Table 5, indicated that the blade 
sharpness angle, blade placement angle, blade 
movement speed, stem moisture, and their 
interactions had a significant impact on the 
canola shear stress at a 1% level of 
significance. These findings suggested that 
there was a substantial and robust effect 
among the different levels of each treatment, 
highlighting the importance of considering 
these factors in the cutter bar system. 

 
Table 5- Analysis of variance of the impact of various factors including blade sharpness, blade angle, moisture, and 

reciprocating movement speed on shear stress index measured with the designed cutter bar device 

Source df 
Sum of 

Squares 

Mean 

Square 
F 

p-

value 

Model 81 196368.65 2424.30 104.18** <0.001 

Sharpness 2 7764.41 3882.21 166.84** <0.001 

Blade angle 2 11250.51 5625.25 241.75** <0.001 

Moisture 2 1376.71 688.36 29.58** <0.001 

Stroke per minute 2 6061.95 3030.97 130.26** <0.001 

Sharpness × Blade angle 4 23122.02 5780.51 248.42** <0.001 

Sharpness × Moisture 4 3705.82 926.45 39.81** <0.001 

Sharpness × Stroke per minute 4 417.56 104.39 4.49** 0.002 

Blade angle × Moisture 4 1391.30 347.83 14.95** <0.001 

Blade angle × Stroke per minute 4 417.46 104.37 4.49** 0.002 

Moisture × Stroke per minute 4 478.22 119.56 5.14** <0.001 

Sharpness × Blade angle × Moisture 8 6366.84 795.86 34.20** <0.001 

Sharpness × Blade angle × Stroke per minute 8 671.65 83.96 3.61** <0.001 

Sharpness × Moisture × Stroke per minute 8 892.87 111.61 4.80** <0.001 

Blade angle × Moisture × Stroke per minute 8 972.96 121.62 5.23** <0.001 

Sharpness × Blade angle × Moisture × Stroke per 

minute 
16 2686.51 167.91 7.22** <0.001 

Error 162 3769.64 23.27   

Total 243 200138.28    

** p-value < 0.01, * p-value < 0.05, ns Not significant (p-value > 0.05) 

 
The Duncan's test comparison of blade 

sharpness factor at the 1% probability level 
revealed a notable difference among the shear 
stress values at 30, 45, and 60-degree 
inclinations. The minimum shear stress value 
was associated with the acute angle of 30 
degrees (0.175 N mm-2), whereas the 
maximum shear stress value was linked to the 
acute angle of 60 degrees (0.303 N mm-2). 

Within the three blade positioning angles of 

30, 45, and 60 degrees, it is observed that the 
45-degree angle exhibited the lowest shear 
stress value of 0.177 N mm-2, while the 60-
degree angle demonstrated the highest shear 
stress value of 0.320 N mm-2. Furthermore, the 
comparison between the average values of the 
30 and 45-degree angles did not yield a 
significant result at the 1% probability level. 

The shear stress of canola stem was also 
affected by moisture. The difference in shear 
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stress among these moisture levels was found 
to be statistically significant at a 1% 
probability level. Among the moisture levels 
tested, it was observed that 24% stem moisture 
exhibited the lowest shear stress at 0.200 N 
mm-2, while 19% stem moisture showed the 
highest shear stress at 0.256 N mm-2. In a 
related study by Wang et al. (2020), it was 
concluded that an increase in stem moisture 
content led to a decrease in shear strength. 
This finding aligns with the results obtained in 
the current research. 

The statistical analysis revealed a 
significant difference in the average 
comparison among three loading speeds: 800, 
1100, and 1400 courses per minute, at a 1% 
probability level. Notably, the speed of 1400 
strokes per minute exhibited the lowest stem 
shear stress (0.167 N mm-2), while the speed of 
800 strokes per minute demonstrated the 
highest stem shear stress (0.286 N mm-2). 

 
LCA results 

The life cycle impact assessment (LCIA) 
was evaluated using the CML 2 baseline 2000 
V2.05 method. Throughout the evaluations, all 
inputs remained constant except for the 
specific factor being investigated. This 
approach allowed for the determination of 
changes solely related to that factor. The LCIA 
was analyzed by comparing the blade 
placement angle, blade sharpness angle, and 
the reciprocating speed of the cutter bar. 

To assess the reliability of the LCA results, 
an uncertainty analysis was conducted using 
the Pedigree matrix approach within SimaPro 
9 software. This method evaluates the 
uncertainty of data quality based on five 
characteristics: reliability, completeness, 
temporal correlation, geographical correlation, 
and technological correlation. The analysis 
focused on the laboratory measurements data 
used as inputs for the LCA calculations. The 
uncertainty ranges for key impact categories 
were calculated using Monte Carlo simulation 
with 1000 iterations. The results showed 
coefficient of variation (CV) values of: Marine 
aquatic ecotoxicity: 15.3%, Global warming 
potential: 12.7%, and Abiotic depletion: 

10.5%. 
These CV values indicate moderate 

uncertainty levels in the results, primarily 
stemming from variations in laboratory 
measurements. The relatively controlled 
laboratory environment helped maintain 
uncertainty within acceptable ranges. 
However, it should be noted that these 
uncertainty estimates are specific to this 
laboratory setup and may not reflect the full 
range of variabilities that could be encountered 
in field conditions. 

Figure 6 presents comparative findings 
regarding the variances in environmental 
impacts among three different blade placement 
angles. These findings demonstrated that 
altering the angle of the blades can 
significantly affect the influx of pollutants into 
the environment. The results are particularly 
noteworthy. For instance, in terms of the 
global warming index, when the blade 
placement angle was set at 45 degrees, the 
quantity of carbon dioxide pollutants 
amounted to 18,085.78 kg CO2 eq. 
Conversely, this index reached 22,295.41 kg 
CO2 eq for a blade angle of 60 degrees. This 
indicated that a mere 15-degree alteration in 
the blade placement angle of canola combine 
harvesters in Iran can result in an increase or 
decrease of approximately 4,209.63 kg CO2 
eq. The marine aquatic ecotoxicity index 
indicated a substantial difference of 55762.55 
kg of dichlorobenzene equivalent between the 
two mentioned angles. While variations were 
observed in other indices as well, the most 
substantial disparity was observed in the 
marine aquatic ecotoxicity and global warming 
indices. This can be attributed to the fact that 
modifying the blade placement angle leads to 
changes in shear energy, consequently 
impacting the fuel consumption of combines 
on a large scale. Considering that the 
consumption of fossil fuels directly influences 
the mentioned indices, it becomes evident that 
this angle adjustment can ultimately generate a 
significant volume of pollutants. Thus, the 
significance of the blade placement angle 
becomes even more pronounced than before. 

 



Ahmadzade et al., Optimization of the Canola Harvester Blade …     541 

 

 
Fig. 6. A diagram of the LCIA normalized dimensionless indices among three distinct blade positioning angles for 

canola combine harvesters 

 

A comparison was conducted to survey the 
impact of different blade sharpness angles on 
the results of the life cycle impact assessment. 
The findings, presented in Figure 7, revealed 
interesting insights. Specifically, when 
analyzing the marine aquatic ecotoxicity 
index, it was evident that the lowest value of 
99133.43 kg of dichlorobenzene equivalent 
was associated with an acute angle of 30 
degrees. On the other hand, the highest value 
of 476563.30 kg of dichlorobenzene 
equivalent was observed at an acute angle of 
60 degrees. This indicated that a change of 30 
degrees in the blade sharpness of canola 
harvesters in the country can result in a 
significant alteration of 377429.87 kg 

dichlorobenzene equivalent in the marine 
aquatic ecotoxicity index. Similarly, the global 
warming index also exhibited a notable 
difference between the 30 and 60 degree blade 
sharpness angles, with a variance of 28492.91 
kg of carbon dioxide equivalent. This outcome 
is quite astonishing, as it implies that a mere 
change in blade sharpness at a macro level can 
introduce approximately 28.5 tons of 
additional carbon dioxide equivalent and 377.4 
tonnes of additional dichlorobenzene 
equivalent pollution into the environment 
solely from canola harvesters. The underlying 
reason for this discrepancy, as previously 
explained, lies in the variation in fuel 
consumption. 
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Fig. 7. A diagram of the LCIA normalized dimensionless indices among three distinct blade sharpness angles for canola 

combine harvesters 

 

Finally, a comparison was carried out to 
estimate the impact of different blades’ 
reciprocating speed on the outcomes of the 
LCIA. The results of this comparison can be 
found in Figure 8. Specifically, when 
analyzing the marine aquatic ecotoxicity 
index, it became evident that the lowest value 
of 200887.39 kg of dichlorobenzene 
equivalent was associated with 1400 courses 
per minute. Conversely, the highest value of 
344073.07 kg of dichlorobenzene equivalent 
was observed at 800 courses per minute. This 
indicated that a change of 600 courses per 
minute in the blade reciprocating speed of 
canola harvesters can lead to a significant 
alteration of 143185.69 kg dichlorobenzene 
equivalent in the marine aquatic ecotoxicity 
index in the country. Analogously, the global 
warming index also showed a noticeable 
difference between the 800 and 1400 courses 
per minute in the blade reciprocating speed, 
with a variance of 25974.74 kg of carbon 
dioxide equivalent. This finding is quite 
surprising, as it suggested that a simple 

adjustment in the blade reciprocating speed at 
a larger scale can introduce approximately 143 
tons of additional dichlorobenzene equivalent 
and 10.8 tons of additional carbon dioxide 
equivalent pollution into the environment 
solely from canola harvesters. The underlying 
reason for this difference, as explained earlier, 
lies in the variation in fuel consumption. 

The main factors' significance is evident in 
their impact on the stem's shear energy. 
Duncan's mean comparison method was 
utilized to analyze the differences among these 
factors. The comparison of the average blade 
sharpness factor at the 1% probability level 
revealed a notable significance in cutting 
energy at 30, 45, and 60-degree angles. The 
data indicated that the lowest shear energy 
value corresponds to the 30-degree angle (1.92 
mJ mm-2), while the highest shear energy 
value corresponds to the 60-degree angle (9.23 
mJ mm-2). 
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Fig. 8. A diagram of the LCIA normalized dimensionless indices among three distinct blade reciprocating speeds for 

canola combine harvesters 

 
Heidari et al. (2012) conducted a study that 

yielded similar findings. Their research 
focused on the impact of loading rate and 
blade sharpness angle at 30, 45, and 60 
degrees on shear stress and specific shear 
energy in Lilium stems. The results showed 
that as the blade sharpness angle increased 
from 30 to 60 degrees, shear stress rose from 
0.76 to 1.31 MPa, and specific shear energy 
increased from 4.02 to 7.34 mJ mm-2. 

The modification of blade type and blade 
angle can be employed to minimize the energy 
consumption associated with cutting. Among 
the three blade positioning angles (30, 45, and 
60 degrees), the 45-degree angle exhibited the 
lowest cutting energy (4.64 mJ mm-2), while 
the 60-degree angle demonstrated the highest 
cutting energy (5.72 mJ mm-2). Furthermore, 
the average comparison between the 30-degree 
and 60-degree angles did not exhibit statistical 
significance at the 1% probability level. 

Mathanker, Grift, & Hansen (2015) 
concluded that specific cutting energy 
increases with cutting speed, with the lowest 
average specific energy recorded at 0.26 mJ 

mm-2 for a 60° oblique cut at an average speed 
of 7.9 m s-1, and the highest at 1.24 mJ mm-2 
for a straight cut at 16.4 m s-1. They found a 
strong correlation between specific cutting 
energy and both stem diameter and cross-
sectional area. For instance, at a 30° oblique 
angle and an average speed of 11.3 m s-1, 
cutting energy ranged from 4.5 to 15 J as the 
sugarcane stem diameter increased from 11 to 
17 mm. Additionally, comparisons with 
sugarcane studies suggested that optimizing 
cutting speed and blade oblique angle could 
lead to significant energy savings while 
enhancing cut quality. 

The findings indicated that there were no 
notable differences in the shear energy levels 
at different moisture levels, with a 5% 
probability level. Notably, the cutting energy 
was found to be the lowest (5.05 mJ mm-2) for 
24% stem moisture, while the highest cutting 
energy (5.53 mJ mm-2) was observed for 19% 
stem moisture. 

The analysis revealed a significant 
difference in the average comparison across 
three loading speeds: 150, 250, and 350 mm 
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min-1, at a 1% probability level. Notably, the 
speed of 350 mm min-1 exhibited the lowest 
cutting energy (4.31 mJ mm-2), while the 
speed of 150 mm min-1 demonstrated the 
highest cutting energy (6.10 mJ mm-2). 

Soleimani, Kamandar, Khoshnam, and 
Soleimani (2023) found that the cutting of 
sesame stalks is a dynamic process primarily 
characterized by impact cutting. As cutting 
speed increases, preliminary compaction 
decreases due to the stalk’s inertia and plastic 
behavior, resulting in lower energy 
requirements for cutting. They observed that at 
loading rates of 0.5-2 m s-1 and a moisture 
content of 15%, the cutting force ratios were 
approximately 58%, 55%, and 40% for the 
upper, middle, and lower regions of the stalk, 
respectively. Similarly, the specific shear 
energy ratios at the same loading rates and 
moisture content were around 66%, 37%, and 
39% for the upper, middle, and lower regions. 
Given that sesame is typically harvested with 
low stalk moisture and that cutting occurs in 
the lower region, a cutting speed of 2 m s-1 
could lead to reductions in the required cutting 
force, specific shear energy, and shear strength 
by about 40%, 39%, and 60%, respectively. 

Hence, the appropriate and optimal cutting 
can be achieved by selecting treatments with 
the lowest shear stress. The similarity between 
the treatments can be observed in the analysis 
of variance and Duncan’s test comparison of 
average shear stress measurements from 
experimental data obtained from the cutter bar 
system and the mechanical properties from 
Instron device data. The comparison of the 
mechanical properties and evaluation tests of 
the cutter bar system revealed similar results. 
While the main treatments had a significant 
effect in both experiments, the interaction 
effects were not significant in the mechanical 
properties test. One possible explanation for 
this could be the significant difference in blade 
movement speed between the two 
experiments. The blade movement speed in the 
mechanical properties test was 350 mm min-1, 
whereas in the evaluation tests of the cutter bar 
system, it was at least 800 strokes per minute, 
equivalent to 60,800 mm min-1. This speed is 

approximately 174 times higher than the 
maximum blade speed in the mechanical 
properties test. The substantial increase in 
momentum at high speed, which is obtained by 
multiplying the object's mass by its speed and 
represents the force required to stop the object, 
could account for this difference. 
Consequently, when the blade speed is 174 
times higher, the momentum of the blade will 
also be proportionally 174 times higher. 

In a study conducted by Nazari Galedar et 
al. (2008), an investigation was carried out on 
the ultimate shear strength of alfalfa stems 
within the inter-row intervals using a direct 
cutting method. The findings revealed a range 
of shear strength values varying from 0.4 to 18 
MPa. Additionally, it was noted that an 
increase in the moisture content percentage 
along the entire length of the stem led to a 
decrease in shear resistance. A critical aspect 
in the development of various grain combines 
and harvesting machines is the resistance to 
cutting of agricultural products during the 
harvesting process. 

The findings regarding blade angle effects 
can be compared with the comprehensive 
study by Gan et al. (2018) on Miscanthus 
Giganteus harvesting. While a 45-degree blade 
placement angle resulted in the lowest shear 
stress (0.779 N mm-2), it was demonstrated 
that angled blades (30°) consumed less energy 
(11.31 MJ Mg-1) compared to straight blades 
(12.31 MJ Mg-1). The consistent enhancement 
of performance with angled blades across 
different crops suggests that optimizing blade 
angles is crucial for energy efficiency in 
harvesting operations. However, the 
magnitude of energy reduction differs between 
studies due to variations in crop properties and 
testing conditions. 

The life cycle impact assessment findings 
revealed that altering the blade placement 
angles, blade sharpness angles, and blade 
reciprocating speed can lead to significant 
increases in the marine aquatic ecotoxicity 
index. Specifically, the amount of 
dichlorobenzene equivalent can rise up to 
55762.55 kg, 377429.87 kg, and 143185.69 
kg, respectively. 
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Conclusion 

The results from the analysis of variance 
indicated that various parameters, including 
blade placement angle, blade sharpness angle, 
blade reciprocating movement speed, and stem 
moisture, significantly influenced both shear 
energy and shear stress at a 1% significance 
level. The blade sharpness angle of 30 degrees 
and 60 degrees corresponded to the lowest and 
highest shear stress values, respectively. 
Similarly, the blade placement angle at 45 
degrees and 60 degrees exhibited the lowest 
and highest shear stress values, respectively. 
Furthermore, the moisture content of the 
canola stalk had a significance impact on shear 
stress at the 0.01 level, with the lowest and 
highest values observed at stem moisture 
levels of 24% and 19%, respectively. 
Additionally, the blade reciprocating speed of 
1400 courses per minute resulted in the lowest 
stem shear stress, while a speed of 800 courses 
per minute led to the highest shear stress. 
Therefore, the combination of a blade 
sharpness angle of 30 degrees, a blade 
placement angle of 45 degrees, a stem 
moisture of 24%, and a blade reciprocating 
movement speed of 1400 courses per minute 
was predicted to decrease the shear energy and 
shear stress of canola stalks. The life cycle 

assessment results quantified the potential 
environmental impact of using the designed 
blades on a national scale. The LCIA findings 
showed that adjusting the blade placement 
angles, blade sharpness angles, and blade 
reciprocating speed can significantly increase 
the marine aquatic ecotoxicity index. Notably, 
the amount of dichlorobenzene equivalent can 
rise up to 55762.55 kg, 377429.87 kg, and 
143185.69 kg, respectively. 
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 مقاله پژوهشی 
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سازی تیغه برش دروگر برداشت کلزا با رویکرد کاهش مصرف انرژی و ارزیابی چرخه  بهینه

 زیست 

 1، کاوه ملازاده *1، پیمان سلامی 1، محمدرضا ملکی 1قانع احمدزاده

 19/12/1403تاریخ دریافت:  
 03/1404/ 18تاریخ پذیرش: 

 چکیده

شااودب بااا توهاا  باا  های تولید محصولات کشاااورزی را شااامل م از کل مصرف مستقیم انرژی در سیستم  %25-30عملیات برداشت غلات حدود  
های مناسب برداشت آن ضروری استب این پژوهش ب  بررس  تأثیر زوایای تیغاا  وزوایااای های خاص کلزا در مقایس  با سایر غلات، طراح  تیغ ویژگ 

 24و  22، 19رفت و برگشت در دقیق ( و سطوح رطوبت  و  1400و    1100،  800دره (، سرعت حرکت رفت و برگشت  و  60و    45،  30قرارگیری و تیزی:  
ترتیب دره  باا  45دره  و زاوی  قرارگیری  30درصد( بر نیروی برش، تنش برش  و مصرف انرژی در برداشت کلزا پرداختب نتایج نشان داد زاوی  تیزی 

 .کنناادمتاار مربااع( ایماااد م نیوتن بر میل  320/0و  303/0دره  و 60متر مربع( را نسبت ب  زاوی  نیوتن بر میل  177/0و   175/0کمترین تنش برش  و
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درصااد و  24درهاا ، رطوباات  45دره ، قرارگیری  30کلروبنزن افزایش دهدب ترکیب بهین  وزاوی  تیزی کیلوگرم معادل دی  69/143185و    87/377429
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Abstract 

Smallholder maize production in sub-Saharan Africa, crucial for regional food security, grapples with 
persistent yield gaps driven by labor-intensive planting practices and a critical lack of mechanization specifically 
designed to accommodate the traits of native plant varieties. This study characterizes three maize varieties 
(CML-539, Melkassa 3, and Melkassa 6Q) to develop design parameters for adaptive multi-crop planters. 
Geometric properties including length, width, and thickness were measured using digital calipers, with 100 seeds 
per variety. Analysis was performed for elongation, geometric and arithmetic mean diameters, surface area, 
projected area, transverse cross-sectional area, sphericity, flakiness ratio, aspect ratio, shape index, and 
roundness. Gravimetric properties including bulk and true densities, porosity, thousand seed mass, and angle of 
repose were systematically analyzed to optimize seed-handling mechanisms in planter design. Physical property 
analysis revealed distinct varietal requirements: CML-539's irregular morphology (9.42 mm length, 49.30% 
porosity) necessitates vibration-assisted metering and aerated delivery systems; Melkassa 6Q's uniform 
properties (71.11± 6.66% sphericity, 811.62 kg m-3 bulk density) permit gravity-fed mechanisms; and Melkassa 
3's intermediate characteristics of > 2.3 elongation ratio and 19.31% density variation require adjustable furrow 
openers of 25-30° rake angles. Geometric variability necessitates the implementation of adaptive solutions, such 
as curved seed tubes and adjustable furrow openers, to effectively prevent tilt and bridging. The resulting 
modular planter system, incorporating moisture-responsive metering, adaptive cell sizing, and aerated delivery, 
aligns with Ethiopia’s agroecological standards of 75 cm row spacing and depth range of 4 to 7 centimeters. This 
framework offers a scalable, sustainable model for precision smallholder mechanization, transferable to global 
maize systems. 

 

Keywords: Angle of repose, Maize varieties, Multi crop planter, Physical property, Sphericity 
 

Introduction1 

Maize (Zea mays L.), a staple crop critical 
to global food security, is the most widely 
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cultivated cereal worldwide, achieving a yield 
of 27,800 kg per hectare surpassing rice, 
wheat, and millets (FAO, 2023). Its versatility 
extends to human nutrition, animal feed, and 
industrial processing, while its grain traits and 
maturation periods are genetically adapted to 
thrive across diverse agroecological 
conditions. In Ethiopia, maize dominates 
cereal production, accounting for 88.69% of 

Journal of Agricultural Machinery 

Homepage: https://jame.um.ac.ir 

mailto:dejene383@gmail.com
https://doi.org/10.22067/jam.2025.92654.1356
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.22067/jam.2025.92654.1356
https://orcid.org/0000-0001-5631-1391
https://orcid.org/0000-0002-3259-6342
https://orcid.org/0000-0003-4520-1618
https://orcid.org/0009-0009-5472-3582
https://jame.um.ac.ir/


550    Journal of Agricultural Machinery Vol. 16, No. 3, Fall, 2026 

the total output (Central Statistical Agency, 
2021). However, productivity remains 
constrained by labor-intensive manual planting 
practices. Traditional methods, plagued by 
inconsistent seed spacing, uneven depth 
placement, and significant physical exertion 
for farmers, compromise germination rates and 
yield optimization (Sinha et al., 2021; Soyoye, 
Ademosun, & Agbetoye, 2018). 

The design of seed planters’ hinges on 
critical physical of seed properties. Maize 
kernels, characterized by their angular shapes 
and varying densities, require carefully 
designed metering systems to reduce 
mechanical damage during the singulation 
process (Pascual, Rafael, Remocal, & 
Regalado, 2021; Shah et al., 2022). Key 
parameters include sphericity (governing seed 
plate cell dimensions), angle of repose 
(dictating hopper wall slopes for uninterrupted 
flow), and terminal velocity (influencing seed 
tube aerodynamics) (Sinha et al., 2021). 
Density further modulates grain friction 
coefficients and brittleness, necessitating 
adaptive components to maintain seed 
integrity across postharvest handling and 
planting phases (Dinberu & Megersa, 2023). 
Neglecting these properties risks planter 
inefficiencies, including clogging, seed 
fracture, and placement inaccuracy factors that 
erode farmer trust and adoption (Omar et al., 
2023). 

In Ethiopia, agricultural mechanization 
strategies disproportionately prioritize wheat 
production, systematically neglecting the 

mechanization needs of smallholder farmers 
reliant on maize cultivation. Current multi-
crop planters, predominantly retrofitted from 
temperate-region prototypes, demonstrate 
limited functional compatibility with 
indigenous maize varieties and local 
agroclimatic conditions. These mismatches 
manifest in critical agronomic inefficiencies, 
including excessive depth variability and seed 
spacing (±25% inaccuracy), undermining crop 
establishment and yield predictability (Liang 
et al., 2021; Seyoum, Paul, & Sinafikeh, 2013; 
Theodrose, Kindie, Mezegebu, Nigussie, & 
Mengistu, 2024). These inefficiencies arise 
from a systemic failure to integrate agronomic 
and operational parameters into planter design 
optimization (Ayele, 2022; Kebede, 2019). 

Resolving these inefficiencies requires 
engineering property optimized planter 
components tailored to Ethiopia’s 
agroecology. Critical priorities are fluted roller 
meters that are 10% larger than kernel sizes to 
lower shear stress (< 2 MPa) (Liang et al.,, 
2021; Singh, Sahoo, & Bisht, 2017), double-
disk furrow openers with optimized rake 
angles for consistent depth in different soils, 
and seed tubes calibrated for velocity to 
achieve at least 85% spatial accuracy. This 
research thoroughly analyzed essential 
engineering characteristics to enhance a 
tractor-drawn multi-crop planter in accordance 
with Ethiopia's agricultural standards. Key 
parameters, such as planting depth, intra- and 
inter-row spacing, and planting density per 
hectare, are presented in Table 1. 

 
Table 1- Optimal planting depth and inter- and intra-row spacing for maize seeds 

Crop 
Inter & intra row 

spacing (cm) 

Depth 

(cm) 

Plant per 

hectare 

Location in 

Ethiopia 
Reference 

Maize 

65 × 15 4-5 102,564 Metu, kombolcha (Tolossa & Gizawu, 2024) 

65 × 25 5-6 61,538 North Mecha 

(Getaneh, Belete, & Tana, 

2016) 

(Alemayehu et al., 2017) 

75 × 25 5-6 53,334 EIAR, MARC 
(Bisrat, Laike, & Hae, 

2015) 

75 × 20 4-6 66,667 
Jimma and Illu-

Ababora 
(Muhidin, 2019) 

 
Materials and Methods 

Study location 

The experiments were conducted at the 
Melkassa Agricultural Research Center of the 
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Ethiopian Institute of Agricultural Research 
(EIAR). Located in the East Shewa Zone of 
the Oromia Region, at an altitude of 1,550 m 
above sea level, approximately 107 km from 
Addis Ababa, Ethiopia (Central Statistical 
Agency, 2021). 

 
Determining maize seed physical properties 

A representative sample of 100 seeds per 

variety was subjected to dimensional analysis 
using a digital caliper (resolution: ±0.01 mm) 
to measure axial dimensions (length l, width 
w, thickness t), as shown in Fig. 1. These 
measurements were used to calculate derived 
parameters such as the geometric mean 
diameter, sphericity, and aspect ratio, which 
are essential for understanding seed behavior 
and optimizing planter components. 

 

 
Fig. 1. Maize seed dimensions (length, width, and thickness), and digital caliper 

 

Mathematical modeling of seed properties 

The engineering properties of Maize seeds 
were calculated using established 
mathematical models. These properties are 
critical for understanding seed behavior and 
optimizing the design of a tractor-drawn multi-
crop planter. 
 

Mean diameters 

Mean diameters are fundamental geometric 
parameters used to quantify seed size and 
uniformity, which are critical for designing 
and optimizing seed metering mechanisms, 
hoppers, and other planter components. The 
arithmetic mean diameter (𝐷𝑎), calculated as 
the average of the three principal linear 
dimensions length (l), width (w), and thickness 
(t) is expressed in Equation (1) (Kawuyo, 
Aviara, Mari, & Ahmed, 2022; Zewdie, 
Olaniyan, Wako, Alemu, & Lema, 2024): 

Da = 
(l+w+t)

3
 (1) 

This parameter provides a simplified 
measure of seed size and ensures compatibility 
with diverse seed dimensions. Geometric mean 
diameter (𝐷𝑔) is calculated as the cube root of 

the product of the three principal linear 
dimensions: length (l), width (w), and 
thickness (t) diameters, as stated in Equation 
(2) (Panwar, Swarnkar, Kumar, & Shukla, 
2023; Soyoye et al., 2018):  

Dg= (l . w . t)
1

3 (2) 

It is particularly useful for characterizing 
irregularly shaped seeds and optimizing seed 
flow, spacing, and interaction with planter 
components. Square mean diameter (𝐷𝑠) 
which approximates the effective size of 
irregularly shaped seeds, is calculated using 
Equation (3) (Zewdie et al., 2024):  

Ds=((l . w)+(l . t)+(w . t))
1

3 (3) 

where, l is the longest intercept, w is the 
longest intercept normal to l, t is the longest 
intercept normal to l and w. These parameters 
collectively ensure efficient seed handling and 
mechanical design for multi-crop planters. 
 

Geometric properties 

Geometric properties of seeds, such as 
projected area, surface area, and cross-
sectional areas, are critical for analyzing seed 
orientation, flow dynamics, and mechanical 
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interactions within planter components. The 
projected Area (𝐴𝑝), which represents the two-
dimensional area of a seed as seen from a 
specific angle, is calculated using Equation (4) 
(Liang et al., 2021; Zewdie et al., 2024):  

Ap= 
π 

4
(l . w) (4) 

This parameter is essential for 
understanding seed visibility in 2D planes and 
optimizing optical sorting systems. The 
surface area (𝐴𝑠) representing the total outer 
surface area of the seed, is approximated using 
the geometric mean diameter and is expressed 
in Equation (5) (Liang et al., 2021; Zewdie et 
al., 2024):  

As= π Dg
2 (5) 

It is crucial for predicting seed friction and 
drag in airflow systems. The transverse surface 
area (At), which represents the cross-sectional 
area perpendicular to the seed’s major axis, is 
calculated using Equation (6) (Liang et al., 
2021; Zewdie et al., 2024):  

At= 
π

4
(w . t) (6) 

This parameter quantifies the seed’s 
resistance in seed tubes and other mechanical 
components. Finally, the cross-Sectional area 
(Acs), which represents the surface exposed 
when the seed is sliced along a specific plane, 
is given in Equation (7) (Liang et al., 2021; 
Zewdie et al., 2024):  

Acs= 
π

4
(l . t) (7) 

 

Shape indices 

Shape indices are critical parameters for 
quantifying seed morphology, which directly 
influence seed flow, orientation, and 
mechanical interactions in planter components. 
The sphericity (Φ), which indicates how 
closely a seed resembles a sphere, is calculated 
using Equation (8) (Panwar et al., 2023): 

Φ =
(l . w . t)

1

3

l
 (8) 

A perfect sphere has a sphericity of 100 %, 
and this parameter is essential for optimizing 
seed flow in hoppers and tubes. The flakiness 
ratio (𝐹𝑟), which measures seed flatness, is 

expressed in Equation (9) (Liang et al., 2021; 
Panwar et al., 2023; Zewdie et al., 2024):  

𝐹𝑟 =  ( 
t

w
 ) 100 % (9) 

It helps prevent clogging in seed metering 
mechanisms. The aspect ratio (𝐴𝑟), which 
quantifies the relative width-to-thickness 
proportion, is calculated using Equation (10) 
(Panwar et al., 2023): 

Ar = ( 
w

t
 ) 100 % (10) 

This parameter is crucial for assessing seed 
stability during orientation. The shape index 
(𝑆𝐼), which provides an indication of the 
relative proportions of the seed’s dimensions, 
is given in Equation (11) (Liang et al., 2021; 
Zewdie et al., 2024):  

SI = 
l

√w . t
 (11) 

It is useful for analyzing shape irregularities 
and optimizing seed sorting systems. Finally, 
the roundness (𝑅) which quantifies how 
closely the two-dimensional profile of a seed 
approximates a perfect circle and is calculated 
using Equation (12) (Ghabshyam, 
Raghunandan, Pankaj, & Kripanarayan, 2023; 
Zewdie et al., 2024):  

R = 
4 Ap

π l
2

 (12) 

where, 𝐴𝑝 is the projected area of the seed and 

𝑙 is the seed length. 
 

Determination of angle of repose 

The angle of repose for maize seeds was 
determined using a funnel setup, where seeds 
flowed freely onto a closed container to form a 
conical heap, following methodologies 
validated in seed flow studies (Huang, 2022; 
Kawuyo et al., 2022). The apex height (h) and 
the base radius (r) of the formed cone were 
measured to calculate the angle of repose (𝜃), 
as mentioned in Equation (13) below (Zewdie 
et al., 2024). Using the trigonometric 
relationship, the angle of repose is computed 
as: 

θ = tan-1 (
h

r
)    (13) 
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Determination of the gravimetric parameters 

The gravimetric properties of three maize 
varieties, including porosity, density ratio, and 
true and bulk density, were analyzed using 
toluene displacement and weight-volume 
methods as presented in Equations (14)-(18) 
below (Soyoye et al., 2018; Zewdie et al., 
2024). Each variety's thousand-seed mass was 
determined using a digital balance with a 
precision of 0.001 g, complemented by 
supplementary tools like graduated cylinders, 
beakers, and stirring rods, as illustrated in Fig. 
2 (Panwar et al., 2023). 

True density ρt (kg m-3):  

ρ
t
 = 

Weight of the maize sample (g)

Volume of toluene displaced (cm3)
 (14) 

Bulk density ρb (kg m-3): 

ρ
b
= 

Weight of the maize sample (g)

Volume of toluene displaced (cm3)
 (15) 

Porosity ε (%): 

ε = (1 - 
ρ

b

ρ
t

) 100 % (16) 

Density ratio Rρ (%): 

Rρ = (
ρ

b

ρ
t

) 100 % (17) 

Thousand seed mass Tsm (g): 

Tsm= (
∑ weight of Maize samples (g)n

i

n
) 1000, i = 1, 2, 3…, n (18) 

 

 
Fig. 2. Instruments for measuring gravimetric properties: (a) Digital balance, (b) 250 ml cylinder, (c) funnels, and (d) 

toluene; Photo taken during lab experiment by author 

 
Statistical analysis  

Statistical analysis was conducted using 
Minitab Statistical Software to compute key 
metrics, including means, standard deviations, 
and variance. These statistical parameters were 
used to validate the robustness of the data and 
inform the design and optimization of the 
multi-crop planter. The results ensured 
compatibility with the physical properties of 
maize seeds, enhancing the planter’s efficiency 
and performance (Liang et al., 2021; Zewdie 
et al., 2024). 

 

Results and Discussion 

The physical properties of three maize 
varieties (CML-539, Melkassa 3, and 
Melkassa 6Q) were analyzed to optimize 
multi-crop planter design, as illustrated in the 
Table 3 and Table 4 below. Kernel dimensions 
varied significantly across varieties. Melkassa 
3 and CML-539 exhibited the longest seed 
lengths of 10.99 ± 0.94 mm and 9.42 ± 8.06 
mm, respectively, as shown in Table 2. This 
data highlights the need for adjustable seed 
plates with cell sizes that are 15-20% larger 
than the maximum seed dimensions to avoid 

a 

b 

c 

d 
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any clogs, corroborating the findings of Liang 
et al. (2021) and Sinha (2021). The thickness, 
essential for effective singulation, remained 
consistent within the range of 4.824-4.984 
mm. However, Melkassa 3 exhibited a higher 
variance of 0.892, which corresponds with 
Liang et al. (2021) findings that attribute this 
variability to the wear of seed plates. 

Elongation ratios revealed critical design 
differences: Melkassa 3 and Melkassa 6Q 
exhibited higher thickness elongation (2.337± 
0.514 and 2.334± 0.457, respectively) than 
CML-539 (1.997± 0.383), increasing tilt risks 
during free fall. This aligns with Panwar 
(2023b), which associates ratios greater than 
2.0 with trajectory errors, highlighting the 
need for curved seed tubes. Mean diameters 
further guided hopper design: CML-539’s 
geometric mean diameter (8.019± 2.736 mm, 
CV 34.12%) highlighted irregular shapes, 
contrasting with Melkassa 6Q’s stability 
(8.198± 0.382 mm, CV 4.66%), and enabled 
more uniform flow dynamics, supporting 

conventional hopper design. Such variability 
aligns with Dinberu (2023), who noted similar 
challenges in Ethiopian maize, advocating 
steeper hopper angles (> 35°) for low-
sphericity grains. 

A Comparative analysis underscored 
Ethiopia’s unique needs. Melkassa 3’s width 
(8.913 mm) exceeded the 8.5 mm threshold for 
fluted rollers (Sharma & Dewangan, 2023), 
while CML-539’s arithmetic mean diameter of 
7.509 mm (Table 2), fell below the 8.0 mm 
benchmark, explaining reported spacing 
deviations (Omar et al., 2023). Melkassa 6Q’s 
sphericity mirrored commercial hybrids, 
suggesting compatibility with standardized 
planters. CML-539's irregular seeds (CV of 
34.12%) require vibration-assisted metering to 
prevent mechanical damage, while Melkassa 
3's high elongation ratio exceeding 2.3 
demands air-assisted tubes to ensure stable 
seed orientation crucial for smallholder 
planting. 

 
 

Table 2- ANOVA of physical properties and elongation indices in maize varieties 
Parameter Variety Mean SD Variance CV Minimum Maximum Mean ± SD 

l (mm) 
CML-539 9.657 0.880 0.775 9.110 7.710 11.720 9.657±0.88 

M-3 10.994 0.941 0.886 8.560 7.410 13.160 10.994±0.941 
M-6Q 10.902 0.807 0.651 7.400 8.330 12.740 10.902±0.807 

w (mm) 
CML-539 8.616 0.656 0.4296 7.610 6.860 10.50 8.616±0.4296 

M-3 8.913 0.901 0.812 10.110 5.930 10.860 8.913±0.901 
M-6Q 8.869 0.861 0.742 9.710 7.130 10.790 8.869±0.861 

t (mm) 
CML-539 4.984 0.909 0.827 18.240 3.770 8.360 4.984±0.909 

M-3 4.893 0.945 0.892 19.310 3.220 9.150 4.893±0.945 
M-6Q 4.824 0.861 0.741 17.850 3.340 8.260 4.824±0.861 

Ew 
CML-539 1.118 0.166 0.028 14.870 0.104 1.416 1.118±0.166 

M-3 1.246 0.166 0.028 13.360 0.949 1.891 1.246±0.166 
M-6Q 1.241 0.154 0.024 12.430 0.833 1.582 1.241±0.154 

Et 
CML-539 1.997 0.383 0.146 19.160 1.096 2.873 1.997±0.383 

M-3 2.337 0.514 0.264 21.990 0.953 3.460 2.337±0.514 
M-6Q 2.334 0.457 0.209 19.600 1.008 3.503 2.334±0.457 

El 
CML-539 1.908 1.283 1.647 67.240 0.940 14.203 1.908±1.283 

M-3 1.881 0.371 0.138 19.740 0.937 2.754 1.881±0.371 
M-6Q 1.896 0.371 0.138 19.570 0.924 2.723 1.896±0.371 

Da (mm) 
CML-539 7.509 1.077 1.161 14.350 6.617 17.261 7.509±1.077 

M-3 7.776 0.514 0.264 6.610 6.366 8.956 7.776±0.514 
M-6Q 7.710 0.436 0.190 5.660 6.743 8.862 7.71±0.436 

Dg (mm) 
CML-539 8.019 2.736 7.485 34.120 7.030 34.803 8.019±2.736 

M-3 8.266 0.461 0.213 5.580 6.403 9.333 8.266±0.461 
M-6Q 8.198 0.382 0.146 4.660 7.307 9.180 8.198±0.382 

l= length, w= width, t= thickness, Ew= Elongation at width, Et =Elongation at thickness, El= Elongation at length, M-3= 

Melkassa 3, M-6Q= Melkassa 6Q, CML-539= Maize line 539, SD= Standard deviation, and CV= coefficient of 

variation 
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Table 3 highlights key geometric properties 
of maize varieties critical for planter 
optimization. The square mean diameter 
demonstrated only slight variation, ranging 
from 5.631 to 5.791 mm, with CML-539 
showing higher variability (CV 10.74%) 
compared to Melkassa 3 (3.95%) and 
Melkassa 6Q (3.31%). This observation, 
shown in Table 3, is consistent with Dinberu 
(2023), who attributed this stability to the 
reliable performance of seed plates. Surface 
area and projected area revealed stark 
contrasts: CML-539 exhibited extreme 
variability, with a surface area coefficient of 
variation (CV) of 43.78% and a projected area 
CV of 82.22%. This variability underscores 
the irregular shape of the kernels, which poses 
a challenge for achieving uniform seed 
distribution in non-spherical grains. In 
contrast, Melkassa 6Q’s lower surface and 
projected area variability (CV 11.27-11.96%) 
suggests suitability of this variety for the 
standardized metering systems (Kara, 2011; 
Masa, Tana, & Abdulatif, 2017). 

Sphericity further differentiated varieties: 
CML-539 (78.31±13.09%) surpassed 
Melkassa 3 and Melkassa 6Q, indicating 
marginally better flowability (Table 3). 
However, its high sphericity variability (CV 
16.72%) contrasts with Melkassa 6Q’s 
uniformity (CV 9.37%), reinforcing the need 
for adaptive hopper designs, particularly 
because low-sphericity grains below 75% 
necessitate steeper angles to prevent clogging 
(Girma, Tola, & Olaniyan, 2024; Rabbani, 
Hossain, Asha, & Khan, 2016). Shape index 
and roundness underscored design risks: 
CML-539’s higher shape index (1.485 ± 
0.224) and roundness variability of 62.98% 
correlate with Panwar (2023b) findings of 
increased seed bridging in asymmetric grains, 
necessitating vibration-assisted hoppers. 

CML-539’s flakiness ratio of 57.73± 13.63 
and cross-sectional area variability of 160.75% 
far exceed values reported by Sharma (2023) 
for commercial hybrids of flakiness < 50% and 
CV < 20%, demanding robust metering 

mechanisms. Conversely, Melkassa 3 and 
Melkassa 6Q’s moderate aspect ratios align 
with Omar (2023) guidelines for gravity fed 
seed tubes but require air assistance to counter 
tilting caused by elongation. These results 
validate that Ethiopia’s maize diversity, 
particularly CML-539’s irregularity, demands 
planter components tailored to local varietals, 
such as adjustable cell sizes and aerated seed 
tubes, to achieve the precision required for 
smallholder farming systems. 

The gravimetric properties essential for 
optimizing the design and functionality of 
maize planter hoppers and storage systems are 
presented in Table 4. True density showed a 
near-perfect negative correlation with 
thousand seed mass (-0.991) and a strong 
negative correlation with porosity (-0.904), 
while bulk density positively correlated with 
flowability metrics. Melkassa 6Q's optimal 
combination of high bulk density (811.62 kg 
m-3), low porosity (36.99%), and favorable 
density ratio (0.630) suggests superior flow 
characteristics compared to CML-539's high-
porosity grains (49.30%), which require 
greater aeration power (Liang et al., 2021; 
Panwar et al., 2023; Soyoye et al., 2018). 

Thousand-seed mass varied significantly 
among varieties, with Melkassa 6Q (297.06 g) 
and Melkassa 3 (290.84 g) exceeding CML-
539 (224.11 g) by 32.5% (Table 4). This 
highlights the impact of varietal mass loading 
on seed metering mechanisms, as higher 
thousand seed mass of greater than 280 g 
increases torque and drive power 
requirements, consistent with Dinberu (2023) 
and Panwar (2023b). Melkassa 6Q's steeper 
angle of repose (31°) aligns with its high bulk 
density and correlates with increased inter-
kernel friction, necessitating steeper hopper 
angles, while Melkassa 3's smoother grains 
(26° repose) may require flow restrictors. 
These findings, consistent with Liang et al. 
(2021) and Panwar (2023b), demonstrate how 
correlated physical properties directly inform 
equipment specifications for different maize 
varieties. 



 
Table 3- ANOVA of geometric properties of areas and shape indices for selected maize varieties 

Parameter Variety Mean SD V CV Min Max Mean ± SD 

Ds (mm) 

CML-539 5.631 0.605 0.366 10.740 5.237 11.282 5.631±0.605 

M-3 5.791 0.229 0.052 3.950 4.963 6.277 5.791±0.229 

M-6Q 5.759 0.190 0.036 3.310 5.309 6.259 5.759±0.19 

As (mm2) 

CML-539 180.760 79.130 6262.06 43.780 137.570 936.010 180.76±79.13 

M-3 190.765 25.157 632.873 13.190 127.299 251.992 190.765±25.157 

M-6Q 187.356 21.107 445.492 11.270 142.822 246.720 187.356±21.107 

Ap (mm2) 

CML-539 71.170 58.510 3423.43 82.220 44.010 645.230 71.17±58.51 

M-3 77.025 10.442 109.026 13.560 34.511 102.524 77.025±10.442 

M-6Q 75.924 9.082 82.485 11.960 49.918 95.514 75.924±9.082 

Ats 

CML-539 37.570 40.820 1665.92 108.63 22.530 437.130 37.57±40.82 

M-3 34.261 7.553 57.055 22.050 19.018 61.587 34.261±7.553 

M-6Q 33.490 6.047 36.566 18.060 22.235 50.847 33.49±6.047 

Acs (mm2) 

CML-539 169.00 271.60 73786.9 160.75 116.40 2854.00 169±271.6 

M-3 161.506 17.721 314.032 10.970 96.610 205.251 161.506±17.721 

M-6Q 158.703 14.757 217.778 9.300 125.791 198.562 158.703±14.757 

Φ (%) 

CML-539 78.310 13.090 171.470 16.720 63.570 186.810 78.31±13.09 

M-3 71.252 7.843 61.513 11.010 58.001 101.031 71.252±7.843 

M-6Q 71.107 6.659 44.348 9.370 59.272 96.844 71.107±6.659 

Fr (%) 

CML-539 57.730 13.630 185.680 23.600 7.040 106.360 57.73±13.63 

M-3 55.517 12.684 160.887 22.850 36.312 106.768 55.517±12.684 

M-6Q 55.113 12.840 164.876 23.300 36.726 108.257 55.113±12.84 

Ar (%) 

CML-539 190.800 128.300 16468.4 67.240 94.000 1420.300 190.8±128.3 

M-3 188.138 37.133 1378.87 19.740 93.661 275.389 188.138±37.133 

M-6Q 189.579 37.100 1376.41 19.570 92.373 272.286 189.579±37.1 

Si 

CML-539 1.485 0.224 0.050 15.050 0.392 1.973 1.485±0.224 

M-3 1.698 0.261 0.068 15.380 0.985 2.264 1.698±0.261 

M-6Q 1.693 0.223 0.050 13.160 1.049 2.191 1.693±0.223 

R 

CML-539 1.139 0.717 0.515 62.980 0.815 8.168 1.139±0.717 

M-3 1.050 0.110 0.012 10.470 0.689 1.396 1.05±0.11 

M-6Q 1.054 0.120 0.014 11.370 0.803 1.321 1.054±0.12 

M-3= Melkassa 3, M-6Q= Melkassa 6Q, CML-539= Maize line 539, SD= Standard deviation, CV= Coefficient of 

variation, V=Variance, Ds= Square Mean Diameter, As= Surface Area, Ap= Projected Area, Ats= Transverse Surface 

Area, Acs= Cross-Sectional Area, Φ= Sphericity, Fr= Flakiness Ratio, Ar= Aspect Ratio, Si= Shape Index, and R= 

Roundness 

 
Table 4- Statistical description of gravimetric properties of maize varieties 

Variable 𝑻𝒔𝒎 (kg) 𝝆𝒕 (kg m-3) 𝝆𝒃 (kg m-3)  𝜺 (%) 𝑹𝝆 𝝑 (0) 

CML-539 224.110 1482.461* 751.548 49.304* 0.507 28 

M-3 290.840* 1275.386 725.715 43.098 0.569 26* 

M-6Q 297.060* 1288.146 811.621* 36.993 0.630 31* 

Mean 270.670 1348.660 762.962 43.132 0.569 28.333 

SD 40.442 116.047 44.076 6.156 0.062 2.517 

Variance 1635.550 13466.900 1942.660 37.891 0.004 6.333 

CV 14.940 8.600 5.780 14.270 10.820 8.88 

Minimum 224.110 1275.390 725.715 36.993 0.507 26 

Maximum 297.060 1482.460 811.621 49.304 0.630 31 

M± SD 270.67±40.44 1348.6±116.047 762.96±44.076 43.13±6.156 0.57±0.062 28.34±2.517 

* Significant at p < 0.05, M-3 = Melkassa 3, M-6Q = Melkassa 6Q, CML-539 = Maize line 539, ρb= Bulk density, ρt = 

True density, ε = Porosity, Tsm = Thousand seed mass, CV = coefficient of variance, M = mean, SD = standard 

deviation, ϑ = Angle of repose, and Rρ= Density Ratio. 
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Table 5 provides a comprehensive overview 

of the physical characteristics of different 
maize varieties, focusing on geometric 
parameters, shape indices, and gravimetric 
properties. This information is vital for the 
optimal performance of adaptive multi-crop 
planters, as it directly impacts mechanical 
reliability, reduces seed damage and variation, 

and ensures precise depth control for improved 
spacing accuracy. This integrated system 
enhances seed placement precision while 
simultaneously improving input use efficiency 
and operational reliability across diverse seed 
morphologies and field conditions, 
demonstrating robust improvements in both 
agronomic outcomes and field productivity. 

 
Table 5- Maize physical properties and their implications on multi-crop planter design optimization 

Parameter/seed variety  Design requirement Engineering implication 

Large kernel size and 

thickness (M-3); Table 2 

Seed metering plate: requires a length ≥ 

12 mm and depth ≥ 8.5 mm (Liang et al., 

2021) 

Reduces clogging and increases singulation 

accuracy (Jyotirmay et al., 2024) and ensures 

uniform dispersal and minimal seed waste 

(Kimmelshue, Goggi, & Kenneth, 2022). 

High elongation ratio (M-3 

and M-6Q); Table 2 

Seed tube: helical baffles (30° pitch), 

diameter ≥ 16 mm (Rabbani et al., 2016) 

Ensures vertical drop, optimal planting 

depth, and reduces germination failure (Omar 

et al., 2023; Soyoye et al., 2018) 

Low sphericity and high 

shape index (CML-539); 

Table 2 and Table 3 

Hopper: adjustable orifice (15–20 mm) 

(Kimmelshue et al., 2022) 

Reduces clogging (85%) (Panwar et al., 

2023) and flow disruptions (CV < 8%) for 

consistent seed flow and minimal damage 

(Liang et al., 2021) 

High geometric mean 

diameter (CML-539); 

Table 3 

Hopper wall: slope angle ≥ 45°, optional 

agitator (Balanian, Karparvarfard, 

Mousavi Khaneghah, Raoufat, & 

Nejadian, 2021) 

Prevents bridging, improving seed placement 

and spacing uniformity (Meseret, 2024; 

Woldesenbet, 2014) 

High flakiness and 

irregular geometry (CML-

539); Table 3 

Delivery system: seed delivery ranges 15-

20 RPM (Pandey & Sawant, 2023)  

Prevents bridging, reduces seed damage, and 

ensures smooth, efficient seed flow (Liang et 

al., 2021) 

Bulk density variability 

(CML-539, M-3, and M-

6Q); Table 4 

Hopper: sloped walls ≥ 45°, internal 

agitator (3-5 RPM) (Soyoye et al., 2018) 

Ensures continuous mass flow (CV < 10%) 

and minimizes refills (≤ 2/ha) (Balanian et 

al., 2021; Girma et al., 2024) 

Medium length kernels 

(CML-539); Table 2 and 

Table 3 

Singulation mechanism (Liang et al., 

2021; Bhiman, Patel, Yaduvanshi, & 

Gupta, 2019; Van Loon, Krupnik, López-

Gómez, Timsina, & Govaerts, 2020) 

Maintains singulation accuracy (>90%) for 

consistent seed spacing and reduced seed 

waste (Patel, Bhimani, Yduvanshi, & Gupta, 

2024) 

M-3= Melkassa 3, M-6Q= Melkassa 6Q, CML-539= Maize line 539, RPM= revolution per minute, CV= coefficient of 

variation 

 
Conclusion 

This study analyzes three maize varieties 
(CML-539, Melkassa 3, and Melkassa 6Q) to 
establish quantitative relationships between 
seed physical properties and planter design 
parameters for adaptive multi-crop systems. 
The distinct physical properties of each variety 
dictate specific design requirements: CML-
539's irregular dimensions (9.42 mm length, 
49.30% porosity) and steep repose angle (31°) 
necessitate aerated seed tubes, vibration-

assisted hoppers, and enlarged seed plates (15-
20% oversizing), while Melkassa 6Q's uniform 
sphericity (71.11 ± 6.66%), high bulk density 
(811.62 kg m-3), and lower repose angle (26°) 
enable simpler gravity-fed systems. Melkassa 
3's intermediate characteristics, specifically an 
elongation ratio > 2.3 and density variation of 
19.31%, require adjustable furrow openers 
with 25-30° rake angles to maintain consistent 
sowing depth. These findings demonstrate that 
varietal specific modifications, particularly for 
seed metering, hopper design, and depth 
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control, are essential for optimizing planting 
efficiency and seed integrity. The results 
demonstrate a seed-property-driven framework 
for modular planters that addresses diverse 
maize varieties while meeting standard 
agronomic requirements of 75 cm row 
spacing, and 4-7 cm planting depth, offering a 
scalable precision agriculture solution. Future 
field tests and real-time sensing could enhance 
this seed-specific planter design for precision 
agriculture. 
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 چند محصول با دستگاه کاشت سازگار  یطراح یبرا یوپیذرت ات ارقام  یکیز یف یهایژگیو

درجه آلمو  ، 3ه یآسِفا آبَ  ه ی تسفا، 3یسیمبارک محمد ع، 1بوسه  ری کد ، سراج2کوله پوروشوتام شوریک، *1سا یگرِما گاددجنه 

 3اناوته

 24/12/1403تاریخ دریافت:  
 03/1404/ 18تاریخ پذیرش: 

 دهیچک 

مممدا    معضمم تمهمما اسممت، بمما   اریبس  یامنطقه  ییغذا  تیامن  ی تامینکه برا  قا،یآفر  یجنوب صحرا  یدر کشورها  انمالکخردهتوسط  ذرت    دیتول
 یاهیمم گ  ارقمما   یهایژگیبا     که مطابقطوریهاست، ب  ونیزاسیمکانضعف در  کاشت پرزحمت      یهاوهیاز ش  یناشکه    کندینر  م  جهعملکرد دست   پن

 یبممرا یطراحمم  یتوسممعه پارامهرهمما ی( را بممراCML-539 ،Melkassa 3   Melkassa 6Qذرت ) رقممامطالعه سممه  نیشده است. ان یطراح یبوم
شممامط طممول، عممرا   ضمماامت بمما اسممه اده از   یخممواه هندسمم   رقا،هر    ازدانه    100  برای  .کندیم  فیچند محصول توصبا  سازگار    یهاکنندهکاشت
 سممطحشممده،    ریمساحت سطح، مساحت تصو  ،ی  حساب  یهندس  نیانگیم  یقطرها  ،یدگیکش  یبرا  طی  تحل  هیشد. تجز  یریگاندازه  هالیجید  یهاسیکول

تالاط، جر  هزار   ،ی   اقع  یحجم  یشامط چگال  یانجا  شد. خواه  زن  یگرد  ، نسبت ابعاد، شاخص شکط   ضریب فر رفهگی  ت،یکر    ،یمقطع عرض
 طیمم   تحل هیمم شدند. تجز طی  تحل هیتجز  دسهگاه کاشت  یبذر در طراح  ییجاهجاب  یهاسایمکان  یسازنهیبه  یبرا  کیسهماتیطور ساسهقرار به  هیدانه   زا  
بممه  ازنیمم ( 30/49%تالاممط  مهممر،یلیم 42/9)طممول  CML-539نممامن ا  ینشممان داد: مورفولممو   رقمماهممر    یرا برا  یزیالزامات مهما  ،یکیزیخواه ف

 62/811 یحجممم  چگممالی ،11/71 ±  66/6کر یممت %) Melkassa 6Q کنواختی؛ خواه دهدرا نشان می ی  هواده یارتعاش یریگاندازه یهاسهایس
از  شیبمم  یدگیبا نسبت کش Melkassa 3 مهوسط یهایژگی     کند؛یرا فراها م یگرانش هیتغذ یهاسایبر مهر مکعب( امکان اسه اده از مکان لوگر یک
 یسممازادهیپ ،یهندسمم  یریرپممذیی. تغکنممدرا مشمماص میدرجممه  30تمما  25 بیش هیبا زا    ایتن قابط  یهااربازکنیبه ش  ازنی  31/19%  یچگال  ریی  تغ  3/2
 سممهای. سسازدیم  یضر ر  سازیپشههثر از کج شدن    وم  یریجلوگ  یرا برا  ایتن قابط  یهااربازکنی  ش  انحنادار  بذر  یهامانند لوله  ،یقیتطب  یهاحطراه

 یمبنمم  یوپیات یکیاکولو -یکشا رز یبا اسهانداردها ،یها   هوادهسلول یقیتطب یریگندازهحساس به رطوبت، ا یریگکاشت مد لار حاصط، شامط اندازه
 قیمم دق ونیزاسمم یمکان یبممرا داریمم   پا ریپممذاسیمممدل مق کیمم چارچوب،   نیمطابقت دارد. ا  مهریسانه  7تا    4  عمق کاشت    مهریسانه  75  فیبر فاصله رد

 ذرت است. ی تولیدجهان یهاسهایانهقال به سقابط    دهدیارائه م را مالکانخرده
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Abstract  
In botanical terms, the classification of plants reveals a multitude of species derived from different sources. 

The first step for quality control of herbal medicines is to identify their different species and genotypes. The 
present study investigated the classification of ten different mint genotypes using Gas Chromatography-mass 
Spectrometry (GC-MS) and an electronic nose (e-nose) system utilizing Metal Oxide Semiconductor (MOS) 
sensors. Leaf samples were harvested from various mint genotypes, and subsequently, the system sensors' 
responses to each of these samples were recorded. The classification of plants was performed using biplot 
diagrams based on GC and GC-MS data, with clustering facilitated by the Ward method. The responses of all e-
nose sensors were further analysed through various approaches, including Principal Components Analysis 
(PCA), Linear Discriminant Analysis (LDA), Quadratic Discriminant Analysis (QDA), and Artificial Neural 
Network (ANN). The results from the qualitative analysis of essential oils via GC-MS demonstrate that more 
than 99% of the identified compounds belong to four chemical groups: hydrocarbon and oxygenated 
monoterpenes, as well as hydrocarbon and oxygenated sesquiterpenes. Also, based on biplot analysis, different 
mint populations could be generally divided into 8 groups. The results of principal component analysis showed 
that the first two main components can cover a total of 97% of the data variance. The classification accuracy 
achieved through e-nose data for LDA, QDA, and ANN was 98.9%, 99.9%, and 96%, respectively. Proper 
classification of mint genotypes by e-nose system could be used as a sensitive, reliable, and low-cost alternative 
to traditional methods.  

 
Keywords: Artificial Intelligent methods, Classification, E-nose, Essential oil 
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Medicinal and Aromatic Plants MAPs 
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Retention time of unknown composition tr (unknown) 

Carbon number of smaller alkanes N 

Kovats Index KI 

The lowest sensor response before the measurement phase (baseline) Xs (0) 

The sensor response at time t Xs (t) 

The normalized sensor response at time t Ys (t) 

 
Introduction  

In recent years, there has been an increasing 
demand for the production of medicinal plants 
due to the consumers’ interest in natural 
products, as they are thought to be safer and 
more cost-effective (Tangpao et al., 2022). 
This has led to the development of 
pharmaceutical, cosmetic, and food industries 
based on natural products, which, in turn, has 
increased the demand for natural raw materials 
such as medicinal plants (Nguyen, Duong, & 
Mentreddy, 2019). The global trade in 
medicinal and aromatic plants, along with their 
products, has seen remarkable growth both in 
quantity and quality, indicating a positive 
outlook (Asl Roosta, Moghaddasi, & Hosseini, 
2017). The Lamiaceae family with 200 genera 
and 3,200 species is one of the largest and 
most diverse plant families, rich in medicinal 
plants (Okur et al., 2021a). Different species 
of mint plant such as Mentha piperita, Mentha 
spicata, and Mentha pulegium are valuable 
medicinal and aromatic species of this family, 
all belonging to the Mentha genus. According 
to the latest published statistics in 2015, the 
global trade value for mint essential oil exports 
and imports reached an impressive $185 
million, while essential oils from other species 
of mint totaled $322 million. Ranked just 
behind citrus, mint essential oil boasts a 
remarkable annual production of 6,000 to 
8,000 tonnes, establishing itself as one of the 
top essential oils worldwide (Banal, Rañola, 
Santiago, & Sevilla, 2014; Lubbe & 
Verpoorte, 2011). The aerial parts of the mint 
contain a high amount of active ingredients 
such as essential oils and various phenolic and 
flavonoid compounds, recognized for their 
valuable biological properties. The essential 
oil and extract of this plant are used in the 
pharmaceutical, food, and cosmetic industries 
due to its antimicrobial and high antioxidant 

properties and special taste (Kiani, Minaei, & 
Ghasemi-Varnamhasti, 2018). In general, 
botanically, plants have different species from 
different sources. The first step for quality 
control of herbal medicines is to identify their 
different species and genotypes. In the 
traditional quality evaluation system, odor 
serves as a vital quality indicator, as most 
medicinal plants produce scents that can be 
associated with their species or legitimacy. 
Smell is one of the most important sensory 
properties of food. Smell measurement is an 
advanced method that is especially effective in 
obtaining parameters affecting food quality 
because the smell emitted from food is 
extremely sensitive to the changing 
constituents. At present, a sensory method or 
panel test is used for qualitative evaluation and 
identification of aromatic substances. 
Although this method is relatively fast, it has 
many limitations in standard measurement 
stability and repeatability (Guohua et al., 
2015). Accurate laboratory methods are also 
used, such as gas chromatography (GC), gas 
chromatography-mass spectrometry (GC-MS), 
or high-performance liquid chromatography 
(HPLC) (Kiani et al., 2018; Li, Yu, Xu, & 
Gao, 2017). Despite having high accuracy, 
these meticulous methods have a high cost and 
require knowledgeable people to operate these 
tools, painstaking sample preparation, and a 
long time for analysis (Gebicki & Szulczynski, 
2018). This led to using non-destructive and 
less expensive methods, one of which is the e-
nose method. This system includes a 
combination of factors such as understanding 
of the human olfactory system and rapid 
advances in sensor technology and pattern 
recognition systems for smell detection (Zaki 
Dizaji, Adibzadeh, & Aghili Nategh, 2020). 
Therefore, olfactory volatile compounds can 
be identified as a fingerprint. Many studies 
have been conducted on the application of the 
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e-nose (olfactory machine) technique in the 
food industry and quality control of some 
medicinal and aromatic plants such as berry 
ripening (Aghili Nategh, Dalvand, & Anvar, 
2020), sugar cane syrup sucrose detection 
(Zaki Dizaji et al., 2020), detection and 
classification of fungal infection in garlic 
(Makarichian, Chayjan, Ahmadi, & Zafari, 
2022), discrimination of flavoured and 
unflavoured olive oils (Rodrigues, Silva, 
Veloso, Pereira, & Peres, 2021), acrylamide 
detection in olives (Martín-Tornero et al., 
2021) and Lamiaceae (Okur et al., 2021a), 
qualitative classification of 9 genotypes of 
Rosa essential oils (Gorji-Chakespari, 
Nikbakht, Sefidkon, Ghasemi-Varnamkhasti, 
& Valero, 2017), and isolation of different 
cultivars and species of Chinese Cymbidium 
(Zhang et al., 2014), mint (Kiani et al., 2018; 
Okur et al., 2021b), and basil (Tangpao et al., 
2022). To date, no preliminary assessments 
have been performed to ascertain the genotype 
of the mint. The present study aimed to 
investigate the performance of an e-nose 
system in combination with GC-MS and 

chemometric instruments to identify genotypes 
and different species of mint. 

 
Materials and Methods 

Preparation of Mentha samples 

Different populations of Mentha plant (10 
genotypes) were harvested from the collection 
of this plant at the farm of the Department of 
Horticultural Sciences, Faculty of Agriculture, 
Shahid Chamran University of Ahvaz, Iran 
(Table 1). Plants were harvested from about 5 
cm above the ground level at the early 
reproductive stage. 100 g of aerial parts of 
each sample of Mentha populations, including 
leaves and inflorescences, were used for 
essential oil extraction to perform GC test. Oil 
extraction of plant was performed by water 
distillation method and Clevenger apparatus 
for 3 hours. To remove excess moisture from 
the extracted essential oils, sodium sulphate 
was added to them after collecting the 
essential oils in the dark and sealed vials and 
the oil samples were kept at 4 °C until the 
analysis of their chemical compounds. 

 
Table 1- List of mint genotypes with botanical name and origin 

Number Genotype code Botanical name Origin 

1 E1 Mentha spicata L. Ilam, Iran 

2 E4 Mentha spicata L. Ilam, Iran 

3 H1S Mentha spicata L. Budapest, Hungary 

4 H1P Mentha × piperata  Budapest, Hungary 

5 H3 Mentha spicata L. Budapest, Hungary 

6 H6 Mentha spicata L. Budapest, Hungary 

7 H7 Mentha × piperata  Budapest, Hungary 

8 H10 Mentha citrata Budapest, Hungary 

9 H16 Mentha spicata L. Budapest, Hungary 

10 T19 Mentha rotondifolia L. Tehran, Iran 

 
Identification of essential oil components (GC and 

GC-MS) 

Quantitative and qualitative analysis of the 
chemical compounds of the essential oil was 
performed using gas chromatography 
(SHIMADZU, Model GC-17A) and gas 
chromatography-mass spectrometry (Agilent, 
Model B5977) under the following conditions. 
The gas chromatography (GC) apparatus 
utilized was equipped with a BP-5 column, 
measuring 30 m in length, 0.32 mm in 
diameter, and featuring a stationary phase 

layer thickness of 0.25 μm. The oven 
temperature was kept at 60°C for 1 minute and 
then increased at a rate of 5 °C per minute to 
250 °C. This peak temperature was then 
maintained for an additional 2 minutes. The 
injector and flame ionization detector (FID) 
temperatures were 280 and 300°C, 
respectively, and helium gas with a flow rate 
of 1.1 mL min-1 was used as the carrier gas.  

The gas chromatography-mass 
spectrometry (GC-MS) system was fitted with 
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an HP-5 ms column featuring a length of 30 m, 
a diameter of 0.25 mm, and a stationary phase 
layer thickness of 0.25 μm. The temperature 
program of the column included increasing the 
temperature from 65 to 250°C at a rate of 5°C 
per minute, which eventually remained at this 
temperature for 2 minutes. The temperature of 
the injection chamber and the transmission line 
to the MS part of the apparatus were 265 and 
275°C, respectively, and helium gas was used 
as the carrier gas at a rate of 1.1 mL min-1. The 
scan time was 0.6 seconds, and the ionization 
energy was 70 electron volts. The essential oils 
were injected into a gas chromatograph-mass 
spectrometry apparatus, and the mass spectra 
of the essential oil compounds were obtained. 
The spectra were identified by utilizing the 
mass database, assessing inhibition time, and 
critically analysing the mass spectra of each 
essential oil component. This process included 
comparing their failure patterns with standard 
spectra alongside reference to reputable 
sources (Adams, 2007). The quantitative 
percentage of each compound was determined 
based on the area under its curve in the GC 
chromatogram and by computer programming 
(using GC Solution software). The percentage 
of chemical compounds constituting each 
essential oil sample and the Kovats index of 
each compound were calculated, and spectra 
were identified by calculating the Kovats 
Index (KI) with injecting normal hydrocarbons 
(C4- C28) under the same conditions with 
injecting essential oils. The Kovats index of 
essential oil compounds was calculated using 
the Equation (1):  

 

𝐾𝐼 = 100 × [𝑛 + ((𝑁 − 𝑛) ×
tr(unknown)−tr(n)

tr(N)−tr(n)
)]  

(1) 

where KI = Kovats index, n = carbon number 
of the smaller alkane, N = carbon number of 
the larger alkane, tr (unknown) = the retention 
time of unknown composition, tr (N) = the 
retention time of hydrocarbon with the larger 
alkane, and tr (n) = the retention time of 
hydrocarbon with smaller alkanes. 

 
Preparing samples for e-nose test 

20 grams fresh aerial parts of each sample 
(plant) was poured into the measuring chamber 
of the e-nose device. Then, this chamber was 
connected to the e-nose system and the data 
collection steps were performed from the 
device. After the sensors started working, data 
collection of chemical compounds of essential 
oil from each population of mint was 
performed by e-nose apparatus. 

 
E-nose device 

To conduct the experiments, an e-nose 
system made at the Shahid Chamran 
University of Ahvaz was used (Zaki Dizaji et 
al., 2020). This system includes a sampling 
chamber, a system equipment box, and a 
computer (Figure 1). System equipment 
consists of a sensor chamber, sample housing, 
two CL10R0 carbon filters, two micro-pumps 
(model R-385 with a flow rate of 25 cm3 s-1), 
three solenoid valves, data collection system, 
two power supplies 5 and 12 volts, and an inlet 
air filter. Sensors are tasked with the 
conversion of chemical changes into electrical 
signals, highlighting the significance of 
selecting the correct sensor array (Rafaela, 
Murilo, Luiza, & Daniel, 2022). The sensor 
array consists of eight metal oxide 
semiconductor sensors, including MQ2, MQ3, 
MQ5, MQ8, MQ9, MQ135, MQ137, and 
MQ138 (Hanwai Electronics Co., China). 
Metal oxide semiconductor sensors are used 
for their high chemical stability, high 
sensitivity, easy manufacturing, and suitability 
for a wide range of food and agricultural 
products. The sensors' responses were captured 
by a production system linked to a computer 
running LabVIEW 2015 software. The e-nose 
system was scheduled for three phases: 
baseline correction (100 seconds), sample 
smell injection on the sensors (90 seconds), 
and cleaning of the sensor chamber and 
sample with clean air (100 seconds). During 
these phases, the voltage changes in response 
from the sensors are meticulously recorded 
over time. In general, the voltage response of 
the sensors in these 290 seconds is collected 
by the produced system. The time required for 
each step is obtained via trial and error. The 
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number of e-nose test repetitions for each 
sample is 15. The sample chamber consists of 
a closed chamber with a volume of about 500 

cc, maintaining the sample’s temperature at 
room conditions, about 30°C, and a humidity 
of about 25%.  

 
 

  
Fig. 1. (Left) The e-nose system, which comprises a sampling chamber, a system equipment box, and a computer, and 

(right) a schematic block diagram illustrating the components of the e-nose device  

 
Data analysis 

To analyse the differences between GC and 
GC-MS data and to explore the internal 
relationships among traits using principal 
component analysis, a two-dimensional biplot 
diagram was generated through clustering with 
the Ward method, Euclidean square distance 
criterion, and SPSS and Genstate software.  

Preprocessing is the first step in analysing 
the response of the array of e-nose sensors. 
This involves removing irrelevant information 
to make the information more efficient for the 
next steps of the analysis. The first 
preprocessing stage is dedicated to aligning the 
sensors' responses with a baseline (stable 
response) to correct for deviations and 
significantly enhance the contrast of their 
outputs. In this study, the fractional method 
was used to correct the baseline (Equation 2). 
In this method, the baseline is subtracted from 
the sensor response and then divided by the 
baseline. The response obtained is not only 
dimensionless but also normalized and can be 
used for small or large signals (Zaki Dizaji et 
al., 2020).  

 
𝑌𝑠(𝑡) = [𝑋𝑠(𝑡) − 𝑋𝑠(0)]/𝑋𝑠(0)                   (2) 
 

In this regard, Xs (0) is the lowest sensor 
response before the measurement phase 
(baseline), Xs (t) is the sensor response at time 
t, and Ys (t) is the normalized sensor response. 

After these steps, the pre-processed data are 
analysed in different ways, and finally the 
sample is evaluated. In general, pattern 
recognition is done by two methods: statistical 
methods or artificial neural methods. These 
methods are based on qualitative expression or 
classification of data. This research involved 
the analysis of data utilizing various statistical 
and intelligent techniques, including PCA, 
LDA, QDA, and ANN. In order to analyse the 
performance of these methods, the parameters 
of the classification performance such as 
accuracy, precision, sensitivity, specificity, 
and area under the curve (AUC) were used 
based on the values of the confusion matrix 
(Kaushal, Nayi, Rahadian, & Chen, 2022; 
Mahmodi, Mostafaei, & Mirzaee-Ghaleh, 
2019). 

The main component analysis follows the 
idea of reducing the data dimension. In fact, a 
number of interconnected characteristics are 
expressed in the form of several compact and 
independent indices that are the main 
components of the main multiple 
characteristics. The linear discriminant 
analysis is one of the most widely used 
methods for classifying observations in 
different classes, especially when it has more 
than two classes. The quadratic discriminant 
analysis is a statistical method used to find the 
quadratic composition of properties that best 
separate two or more groups of objects. A 
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multi-layer perceptron (MLP) algorithm was 
also used. The classification involved a 
network that features an input layer, a hidden 
layer, and an output layer. The hidden layer 
contains several neurons that represent a 
nonlinear network system. Considering that 
this research utilizes a neural network for real-
time classification, it is better to be close to the 
desired error rate with the same number of 
epochs or fewer repetitions. Therefore, a 
hidden layer was considered for the network to 
increase the speed of training. The hyperbolic 
tangent activation function was used for the 
hidden layer. The post-diffusion algorithm was 
used to train the network, and through a trial-
and-error approach, it was concluded that the 
optimal number of neurons for the hidden 
layer is 8. Finally, the optimal model was 
selected. Based on the data from eight sensors 
at the network input, and with an output layer 
composed of 10 nodes, the samples are 
classified using a structure of 8-8-10. Data 
processing was performed in Microsoft Excel 
2019, MATLAB 2015, and Unscrambler 10.3 
(CAMO) software. 

 
Results and Discussion 

GC and GC-MS results 

According to the results of qualitative 
analysis of essential oil by GC-MS apparatus, 
72 different compounds were identified in the 
essential oils of different populations of 
Mentha plant (Table 2). More than 99% of the 
identified compounds were in four chemical 
groups, including hydrocarbon and oxygenated 
monoterpenes, as well as hydrocarbon and 
oxygenated sesquiterpenes (Hawrył et al., 
2015). Oxygenated monoterpenes made up 
about 75% of the essential oils from various 
populations of mint, followed by hydrocarbon 
monoterpenes, hydrocarbon sesquiterpenes, 
and oxygenated sesquiterpenes in that order. In 
other words, aroma of Mentha plant covers the 
subgroups of terpenes, esters, alcohols, and 
ketones. These results align closely with the 
majority of results presented in other studies 

(Kiani et al., 2018; Okur et al., 2021a).  
According to the results of biplot and 

cluster analysis, different populations of mint 
are generally divided into 8 groups (Table 3). 
This separate division showed that the desired 
traits were appropriate criteria for creating 
diversity in the studied populations (Figure 2). 
The first group includes H7 and H1P 
populations of mint with high levels of 
menthone (60.05%) and Isomenthone 
(10.93%) compounds. The second group 
includes the population of H3, rich in Menthol 
compounds (26.58%) and Menthyl acetate 
(3.16%). The third group includes E1 and H10 
populations with high levels of Linalool 
compounds (39.93%), α-Cubebene (9.71%), 
Caryophyllene (E) (5.73%), and Geranyl 
acetate (2.39%). The fourth group includes E4 
populations rich in Limonene (19.27%), α-
Terpineol (7.19%), Pulegone (2.81%), cis-
Sabinene hydrate (1.66%), and α-Humulene 
(1.23%). The fifth group includes the 
population of H16 with a high level of 
Carvone compounds (70.06%). The sixth 
group has the population of H6 rich in 
Carvone compounds (62.27%) and 1,8-
Cinnamol (14.97%). The seventh group 
includes the population of T19 containing 
Pipritenone compounds (5.21%) and α-Pinene 
(1.12%). Lastly, the eighth group includes the 
population of H1S with high levels of cis-
Carvyl acetate compounds (47.41%), Myrcene 
(6.97), Germacrene D (3.52%), β-Pinene 
(1.80%), Sabinene (1.32%), and β-Elemene 
(1.15%).  

According to the results of principal 
components analysis, the biplot diagram, and 
clustering of different populations of mint 
based on essential oil components, the 
biosynthetic pathway of Menthone and 
isomenthone monoterpenes seems to be active 
in H7 and H1P populations, and genes 
responsible for encoding enzymes and the 
production pathway of Menthol and menthyl 
acetate were most highly expressed in the H3 
population.  
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Table 2- The essential oil chemical composition of different accessions of mint by GC-MS 
Row Component RT KIc KIr E4 E1 H1S H1P H3 H6 H7 H10 H16 T19 

1 α-Pinene 5.10 931 932 0.71 0.31 1.02 0.60 0.52 0.41 0.53 0.24 0.55 1.12 
2 Camphene 5.38 946 946 0.13 0.06 - - - - - - - 0.14 
3 Sabinene 5.81 969 969 0.64 0.81 1.32 0.49 0.52 0.33 0.43 0.60 0.52 1.11 
4 β-Pinene 5.94 976 974 1.05 0.67 1.80 0.90 0.79 0.71 0.83 0.57 0.67 1.78 
5 Myrcene 6.17 988 988 0.89 11.99 6.97 0.70 0.52 0.49 0.69 2.10 3.17 1.48 
6 α-Phellandrene 6.45 1002 1002 - 0.12 0.13 - 0.08 0.39 - - 0.10 0.09 
7 α-Terpinene 6.78 1015 1014 0.07 0.05 0.07 - 0.09 0.15 - 0.06 - - 
8 Limonene 6.98 1023 1024 19.27 0.82 10.71 1.67 5.24 - 2.74 1.02 11.72 12.60 
9 1,8-Cineole 7.14 1030 1026 4.62 6.19 8.50 4.23 3.88 14.97 3.66 5.33 1.55 7.50 
10 β-Ocimene (Z) 7.19 1032 1032 0.43 0.76 0.42 0.40 0.38 0.56 0.35 0.90 0.11 0.25 
11 β-Ocimene (E) 7.50 1045 1044 0.22 1.01 0.09 0.09 0.12 0.25 0.09 0.91 0.06 0.11 
12 γ-Terpinene 7.79 1056 1054 0.17 0.30 0.15 - 0.18 - - 0.22 0.17 - 
13 cis-Sabinene hydrate 7.95 1063 1065 1.66 0.16 0.51 0.06 1.22 0.30 - 0.25 1.34 0.28 
14 Terpineol 8.55 1087 1086 0.08 0.39 0.16 - 0.07 - - 0.37 0.10 0.07 
15 Linalool 8.74 1095 1095 - 39.93 0.60 0.16 0.34 - 0.18 39.76 0.17 0.16 
16 trans-Sabinene hydrate 8.80 1097 1098 0.23 - 0.06 - 0.08 0.16 - 0.11 0.09 0.17 
17 cis-Thujene 8.91 1102 1101 0.13 0.63 0.06 0.05 - 0.12 - 0.30 - 0.06 
18 cis-p-menth-2-en-1-ol 9.36 1117 1118 0.11 0.46 0.08 - 0.07 0.17 - 0.38 0.07 - 
19 trans-p-mentha-2,8-dien-1-ol 9.41 1119 1119 0.05 - 0.13 - - 0.12 - - - - 
20 trans-Limonene oxide 9.93 1136 1137 0.07 - 0.13 0.11 0.10 0.06 0.13 - 0.07 0.05 
21 Comphor 10.02 1139 1141 - - - 0.13 0.06 - 0.12 - 0.09 - 
22 cis-β-Terpineol 10.14 1143 1140 - - 0.14 - 0.12 - - - - - 
23 Menthone 10.50 1155 1148 - - - 53.78 39.29 0.17 60.05 0.07 0.06 - 
24 Isomenthone 10.67 1161 1158 0.90 0.49 0.58 10.93 7.17 0.09 10.44 0.16 0.29 0.98 
25 Borneol 10.78 1165 1165 - 0.05 - - - 0.17 - - - - 
26 Menthol 10.86 1167 1167 - 0.05 - 14.44 26.58 0.12 8.52 0.07 - - 
27 cis-Linalool oxide (Pyranoid) 10.93 1170 1170 0.85 0.16 0.59 - - 0.17 0.62 0.31 0.45 0.13 
28 Terpinene-8-ol 11.12 1176 1174 - - 0.21 0.18 0.18 - 0.08 - - - 
29 Isomenthol 11.28 1181 1179 0.30 - 0.49 0.18 0.19 - 0.16 - 0.32 0.43 
30 α-Terpineol 11.38 1185 1186 7.19 6.73 0.28 - - 0.17 - 6.90 - 1.28 
31 Dihydrocarveol 11.54 1190 1192 - - 0.14 0.08 0.10 2.02 0.06 0.94 0.06 0.09 
32 trans-Dihydrocarvone 11.84 1200 1200 0.14 0.13 0.20 - - 0.44 - - 0.25 0.12 
33 trans-Carveol 12.29 1217 1215 1.30 1.01 0.06 - 0.07 1.97 - 0.88 0.96 0.62 
34 cis-Carveol 12.56 1228 1226 0.08 - 0.16 0.09 - - 0.07 - - - 
35 Pulegone 12.68 1232 1233 2.81 - 0.11 1.26 0.71 0.61 2.47 0.06 0.13 0.13 
36 Carvone 12.78 1236 1239 40.63 16.75 0.48 0.81 2.57 62.27 0.87 13.45 70.06 50.98 
37 Pipperiton 13.10 1248 1249 - - - - - 0.36 - - 0.12 0.14 
38 cis-Carvone oxide 13.42 1260 1259 - - 0.58 - - - - - 0.06 0.08 
39 Geranial 13.55 1265 1264 - 0.07 0.55 - - - - - - - 
40 trans-Carvone oxide 13.76 1273 1273 0.27 - - 0.15 0.35 0.13 - - 0.10 3.50 
41 Isobornyl acetate 14.07 1285 1283 0.08 0.15 0.08 0.09 - - 0.09 - 0.07 - 
42 Menthyl acetate 14.25 1291 1294 - - 0.37 2.94 3.16 0.11 1.54 - - - 
43 Carvacrol 14.33 1294 1298 0.13 - 0.24 - - 0.16 - - - - 
44 trans-Carvyl acetate 15.58 1339 1339 1.22 - 0.31 - 0.05 0.40 - - 0.13 - 
45 Piperitenone 15.63 1341 1340 0.28 - - - - 0.08 - - - 5.21 
46 α-Cubebene 15.83 1348 1345 - 3.30 - - - - - 9.71 - - 
47 Neryl acetate 16.07 1357 1359 - - 0.05 - - - - - - 0.13 
48 cis-Carvyl acetate 16.36 1367 1365 0.18 1.20 47.41 - - 0.11 - 1.05 0.07 3.73 
49 Geranyl acetate 16.75 1381 1379 1.26 2.39 - - - - - 2.07 - - 
50 β-Borbonene 16.89 1386 1387 - 0.05 0.08 0.13 0.23 1.14 0.15 0.08 0.59 0.13 
51 β-Elemene 17.05 1392 1389 0.55 0.35 1.15 0.42 0.17 0.78 0.42 0.85 0.70 0.16 
52 cis-α-Bergamotene 17.57 1410 1411 0.06 - 0.06 - 0.11 0.06 - - - 0.06 
53 Caryophyllene (E) 18.82 1420 1417 3.46 5.73 4.99 1.83 0.54 3.76 1.82 2.82 1.11 1.36 
54 trans-α-Bergamotene 18.20 1434 1432 - - 0.06 - - - - - - - 
55 Aromadendrene 18.51 1445 1439 0.22 - - 0.09 0.05 0.21 0.08 - 0.11 0.13 
56 α-Humulene 18.76 1455 1452 1.23 0.55 0.82 0.29 0.54 0.88 0.31 0.50 0.47 0.67 
57 Germacrene-D 19.51 1483 1484 1.67 1.81 3.52 1.89 1.75 1.76 1.76 2.48 0.95 0.51 
58 Bicyclogermacrene 19.91 1498 1500 0.34 0.52 1.24 0.33 0.61 0.30 0.33 0.23 0.49 0.05 
59 γ-Cadinene 20.35 1515 1513 0.16 0.11 - - - 0.14 - 0.15 - - 
60 Δ-Cadinene 20.58 1523 1522 0.49 0.05 0.08 0.05 0.06 0.23 - 0.05 0.08 0.12 
61 α-Cadinene 20.95 1538 1537 0.14 - - - - 0.07 - - - - 
62 Elemol 21.21 1548 1548 0.08 0.72 - - - - - 2.14 - - 
63 Germacrene-B 21.45 1557 1559 0.10 0.05 0.15 - - 0.06 - 0.07 - 0.17 
64 Spathulenol 21.95 1576 1577 0.22 0.09 0.29 - 0.15 0.11 - 0.12 0.09 0.05 
65 Caryophyllene oxide 22.16 1584 1582 0.39 0.30 0.32 0.11 - 0.23 0.13 0.22 0.06 0.14 
66 Viridiflorol 22.35 1592 1592 - 0.82 - 0.11 0.42 - 0.09 0.06 - - 
67 10-epi-γ-Eudesmol 23.07 1621 1622 0.44 0.07 - - - 0.22 - 0.14 0.06 0.20 
68 γ-Eudesmol 23.39 1634 1630 0.15 0.16 0.07 - - - - 0.37 - - 
69 epi-α-Morolol 23.57 1642 1640 0.36 0.38 0.07 - 0.07 0.08 - 0.18 - 0.05 
70 α-Morolol 23.66 1646 1644 - - - - - 0.44 - 0.15 - - 
71 α-Eudesmol 23.82 1652 1652 - 0.05 - - - - - 0.16 - - 
72 α-Cadinol 23.92 1656 1652 0.45 0.14 0.15 0.06 0.10 0.22 - 0.31 0.15 0.26 

 Monoterpene hydrocarbons - - - 23.66 7.30 22.84 4.85 8.50 3.29 5.66 6.99 17.24 18.76 
 Oxygenated monoterpenes - - - 64.52 76.57 63.09 89.66 86.30 85.46 89.05 72.07 76.51 75.90 
 Sesquiterpene hydrocarbons - - - 8.41 12.52 12.15 5.03 4.06 9.38 4.88 16.95 4.50 3.37 
 Oxygenated sesquiterpenes - - - 2.09 2.74 0.90 0.28 0.73 1.31 0.29 3.85 0.36 0.70 
 Total - - - 98.67 99.13 98.98 99.82 99.59 99.43 99.87 99.86 98.61 98.73 

RT: Retention time; KIc: Calculated kovats index; KIr: Reference kovats index 
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Table 3- Results of biplot analysis and cluster analysis of different populations of mint by GC-MS 

Group Genotype 
Compound 

High Zero or low 

1 
H7 and 

H1P 
Menthone (60.05%), Isomenthone (10.93%) 

cis-Sabinene hydrate, α-Terpineol, trans-

Carvone, Piperitenone, α- Cubebene, Carvyl 

acetate, Geranyl acetate, α-Humulene 

2 H3 Menthol (26.58%), Menthyl acetate (3.16%) 
Piperitenone, α-Cubebene, Carvyl acetate, 

Geranyl acetate, β-Pinene 

3 
E1 and  

H10 

Linalool (39.93%), α- Cubebene (9.71%), 

Caryophyllene E (5.73%), Geranyl acetate 

(2.39%) 

cis-Sabinene hydrate, β-Pinene, Menthone, 

Pulegone, Menthyl acetate, Piperitenone 

4 E4 
Limonene (19.27%), α-Terpineol (7.19%), 

Pulegone (2.81%), cis-Sabinene hydrate 

(1.66%), α-Humulene (1.23%) 

Linalool, Menthone, Menthyl acetate, α-

Pinene 

5 H16 Carvone (70.06%), 
Menthone, α-Terpineol, Menthyl acetate, 

Pipritenone, α-Cubebene, Geranyl acetate 
6 H6 Carvone (62.27%), 1,8-cineole (14.97%) Limonene, α- Cubebene, Geranyl acetate 

7 T19 Piperitenone (5.21%), α-Pinene (1.12%) 
β-Elemene, Germacrene D, Menthone, 

Menthyl, Geranyl acetate 

8 H1S 
cis-Carvyl acetate (47.41%), Myrcene (6.97%), 

Geranyl acetate (3.52%), β-Pinene (1.80%), 

Sabinene (1.32%), β-Elemene (1.15%) 

Menthone, Menthol, Piperitenone, α- 

Cubebene 

 

 
Fig. 2. Graphic display of biplot of different populations of mint using two main components derived from the 

dominant components of essential oil; P1, P2, P3, P4, P5, P6, P7, P8, P9, and P10 = E4, E1, H1S, H1P, H3, H6, H7, 

H10, H16, and T19; AP = α-Pinene, S = Sabinene, BP = β-Pinene, MY = Myrcene, LM = Limonene, CI =1,8-cineole, 

SH = cis-Sabinene hydrate, LN = Linalool, MN = Menthone, MNI = Isomenthone, ML = Menthol, T = α-Terpineol, CL 

= trans-Carvone, PU = Pulegone, CN = Carvone, MA = Menthyl acetate, PI = Piperitenone, CU = α- Cubebene, CY = 

cis-Carvyl acetate, GA = Geranyl acetate, E = β-Elemene, CP = caryophyllene E, H = α-Humulene, and G = 

Germacrene D 



Zaki Dizaji et al., Feasibility of Detecting Different Genotypes of …     571 

   

   

   

 
Fig. 3. The mean response of e-nose sensors to ten genotypes  
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The results demonstrated that the path of 

synthesis of essential oil compounds in E1 and 
H10 populations could result in the production 
of Linalool and Geranyl acetate monoterpenes 
and α-Cubebene and Caryophyllene (E) 
sesquiterpenes. Also, the high levels of 
Limonene, α-Terpinyl, Pulegone, and cis-
sabinene hydrate monoterpenes in the E4 
population indicated that the biosynthetic 
pathway enzymes of these compounds are 
more active in the above population. The study 
of the essential oil components of H16, H6, 
and T16 populations showed the 
predominance of the biosynthesis pathway of 
Carvone and 1,8-cineole compounds in the 
H16 and H6 populations, and Pipritenone and 
α-Pinene in the T16 population. Pinene, 
Sabinene, Germacrene D, and β-Elemene 
sesquiterpenes have been the most active 
biosynthetic pathways of essential oil 
compounds in the H1S population. 

 
E-nose results 

The study of the signal form of the sensors 
of the e-nose system shows that the response 
set of sensors varies for different types of mint 
genotypes, indicating that the organic matter 
of each genotype is distinct. The response 
pattern of sensors to the essential oil of E1, 
H3, H6, and H7 genotypes showed that the 
volatiles from these genotypes had the highest 
response in the MQ138 sensor, while the 
highest numerical response for the H16, E4, 
HIS, and H1P genotypes was in the MQ3 
sensor (Figure 3). Both sensors demonstrate 
impressive accuracy in detecting alcohol 
compounds, which, as evidenced by GC 
results, are among the most significant 
compounds found in mint genotypes. 

 
PCA results 

The two main components of PCA covered 
97% of the variance in the data. According to 
Figure 4, the amount of variance in the first 
and second major components was 85% and 
12%, respectively. Genotypes E1, H16, T19, 
and H6 are clearly identifiable, which is rather 
consistent with the results of the GC (Table 3). 

There is a lot of overlap among H1P, E4, H1S, 
and H10 genotypes. The loading diagram was 
used to investigate the participation of sensors 
in the detection of the degree of processing. 
These sensors are displayed in the loading 
diagram with the values of specific 
coefficients. The high coefficient value for a 
sensor in the loading diagram highlights its 
important role in detecting different types of 
mint genotypes. Moreover, by removing the 
least crucial sensors from the process of 
identifying mint genotypes and streamlining 
the data analysis, the overall expenses 
associated with constructing a sensor array can 
be significantly lowered (Heidarbeigi et al., 
2015). Although all sensors were effective in 
detecting mint genotypes, the MQ5 sensor 
showed the least involvement (Figure 4), so it 
is possible to remove it from the olfactory 
system when detecting the mint genotypes. In 
one study, the use of e-nose for identification 
of the ripeness stage of berries was 
investigated. The PCA technique was applied 
for data analysis. Results from the PCA 
indicated a significant categorization of the 
volatile profiles of berries at the ripe, nearly 
ripe, intermediate, nearly unripe, and unripe 
stages (Aghili Nategh et al., 2020).  

 

LDA results 

Figure 5 illustrates the diagram for the LDA 
linear resolution analysis, showcasing the first 
two principal components (LD1-LD2) derived 
from e-nose signals for mint genotype 
detection. Accordingly, the LDA can 
determine the genotypes of the mint plant well. 
In particular, genotypes E1, E4, and T19 are 
completely differentiated. There was a 
noticeable overlap not only between H1P and 
T19 genotypes, but also between H1S and 
H16, as well as between H6 and H10 
genotypes. According to the confusion matrix 
(Table 4), the analysis accuracy was 95.33%. 
Table 5 gives the performance parameters of 
the classifier according to the above-
mentioned confusion matrix, including 
classification accuracy, precision, sensitivity, 
specificity, and AUC for genotypes of mint. 
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The average per class accuracy, precision, 
sensitivity, specificity, and AUC were 98.9%, 
95.7%, 95.3%, 99.3%, and 97.6%, 
respectively. Lin et al. isolated different 
species of Apiaceae flower via e-nose data in 
combination with the LDA method (Lin et al., 

2013). In a study, researchers used ANN, 
LDA, and SVM to classify contaminated and 
healthy mushrooms over a 28-day storage 
period, with LDA showing the best 
performance (Makarichian et al., 2022). 

 

 

 
 

Fig. 4. (top) Loading and (bottom) score plots of PCA to detect the mint genotypes 

 
QDA results 

This method is extensively used in 
statistics, recognition pattern, and machine 
learning to find a combination of unique traits. 
Table 4 shows the confusion matrix for the 
Quadratic Discriminant Analysis (QDA) 
employed in the nonlinear resolution analysis 
of e-nose signals for the detection of mint 
genotypes. According to the confusion matrix, 

the analysis accuracy was 98.33%. The sample 
is only misdiagnosed in the H1P genotype 2. 
The average per class accuracy, precision, 
sensitivity, specificity, and AUC were 99.9%, 
100%, 98.7%, 100%, and 99.3%, respectively 
(Table 5). In previous research, the quadratic 
analysis successfully used to classify diesel-
biodiesel blends (Mahmodi et al., 2019).  
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Fig. 5. Score plot of LDA analysis for detecting the mint genotypes 

 

Table 4- Confusion matrices obtained from LDA, QDA, and ANN 

  1 2 3 4 5 6 7 8 9 10 

LDA 

1 13 0 0 0 0 0 0 0 0 0 

2 0 15 0 0 0 1 0 0 0 0 

3 0 0 15 0 0 0 0 0 0 1 

4 0 0 0 15 0 0 0 0 0 0 

5 2 0 0 0 13 0 0 0 0 0 

6 0 0 0 0 0 14 0 0 0 0 

7 0 0 0 0 2 0 15 0 0 0 

8 0 0 0 0 0 0 0 15 1 0 

9 0 0 0 0 0 0 0 0 14 0 

10 0 0 0 0 0 0 0 0 0 14 

Correct classification: 95.33% 

QDA 

1 15 0 0 0 0 0 0 0 0 0 

2 0 15 0 0 0 0 0 0 0 0 

3 0 0 15 0 0 0 0 0 0 0 

4 0 0 0 15 0 0 0 0 0 0 

5 0 0 0 0 13 0 0 0 0 0 

6 0 0 0 0 0 15 0 0 0 0 

7 0 0 0 0 2 0 15 0 0 0 

8 0 0 0 0 0 0 0 15 0 0 

9 0 0 0 0 0 0 0 0 15 0 

10 0 0 0 0 0 0 0 0 0 15 

Correct classification: 98.33% 

ANN 

1 13 0 0 0 0 0 0 0 0 0 

2 0 15 0 0 0 0 0 0 0 0 

3 0 0 13 0 0 0 0 0 0 0 

4 0 0 0 15 0 0 0 0 0 0 

5 1 0 0 0 14 0 0 0 0 0 

6 0 0 0 0 0 15 0 0 1 0 

7 1 0 0 0 1 0 15 0 0 0 

8 0 0 0 0 0 0 0 15 0 0 

9 0 0 0 0 0 0 0 0 14 0 

10 0 0 2 0 0 0 0 0 0 15 

Correct classification: 96% 
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Table 5- Performance measurements of LDA, QDA, and ANN 
Classif

ier 

Metho

d 

LDA QDA ANN 

Class 
Precisi

on 

Sensiti

vity 

Specifi

city 

Accur

acy 

AU

C 

Precisi

on 

Sensiti

vity 

Specifi

city 

Accur

acy 

AU

C 

Precisi

on 

Sensiti

vity 

Specifi

city 

Accur

acy 

AU

C 

E1 1.00 0.87 1.00 0.99 
0.9

3 
1.00 1.00 1.00 1.00 

1.0

0 
1.00 0.87 1.00 0.99 

0.9

3 

E4 0.94 1.00 0.99 0.99 
1.0

0 
1.00 1.00 1.00 1.00 

1.0

0 
1 1.00 0.99 0.99 

1.0

0 

H1S 0.94 1.00 0.99 0.99 
1.0

0 
1.00 1.00 1.00 1.00 

1.0

0 
1.00 0.87 1.00 0.99 

0.9

3 

H1P 1.00 1.00 1.00 1.00 
1.0

0 
1.00 1.00 1.00 1.00 

1.0

0 
1.00 1.00 1.00 1.00 

1.0

0 

H3 0.87 0.87 0.98 0.97 
0.9

3 
1.00 0.87 1.00 0.99 

0.9

3 
0.93 0.93 0.99 0.99 

0.9

6 

H6 1.00 0.93 1.00 0.99 
0.9

7 
1.00 1.00 1.00 1.00 

1.0

0 
0.94 1.00 0.99 0.99 

1.0

0 

H7 0.88 1.00 0.98 0.99 
0.9

9 
1.00 1.00 1.00 1.00 

1.0

0 
0.88 1.00 0.98 0.99 

0.9

9 

H10 0.94 1.00 0.99 0.99 
1.0

0 
1.00 1.00 1.00 1.00 

1.0

0 
1.00 1.00 1.00 1.00 

1.0

0 

H16 1.00 0.93 1.00 0.99 
0.9

7 
1.00 1.00 1.00 1.00 

1.0

0 
1.00 0.93 1.00 0.99 

0.9

7 

T19 1.00 0.93 1.00 0.99 
0.9

7 
1.00 1.00 1.00 1.00 

1.0

0 
0.88 1.00 0.98 0.99 

0.9

9 

Averag

e 
0.957 0.953 0.993 0.989 

0.9

76 
1 0.987 1 0.999 

0.9

93 
0.963 0.96 0.993 0.992 

0.9

77 

 
ANN results 

To minimize neural network training time, 
only one hidden layer was considered. The 
best network was found with a topology of 8-
11-10, and a network with 11 neurons in the 
hidden layer. Table 4 shows the confusion 
matrix. Achieving a 96% classification 
accuracy across 10 genotypes can likely be 
explained by the significant variety and 
abundance of aromatic compounds present in 
these genotypes. The average class accuracy, 
precision, sensitivity, specificity, and AUC 
were 99.2%, 96.3%, 96%, 99.3%, and 97.7%, 
respectively (Table 5). Aghili Nategh et al. 
(2020) demonstrated that the optimal 
architecture (10-11-5) effectively classifies 
samples into five distinct categories in ANN 
analysis, achieving an impressive accuracy of 
100% for blackberries and 88.3% for white 
berries. 

 
Conclusion  

The e-nose system is essential for the rapid, 
non-destructive determination of quality 
indicators without the need for manual 
measurements in the medicinal and aromatic 
plants industry. The results of qualitative 
analysis of essential oil by GC-MS showed 
that there were 72 unique compounds in the 

essential oil of different populations of mint. 
More than 99% of the identified compounds 
were in four chemical groups, including 
hydrocarbon and oxygenated monoterpenes 
and sesquiterpenes. The average values of 
yield parameters (AUC, Accuracy, Precision, 
Specificity, and Sensitivity) and classification 
analysis show that QDA was the best method 
for the classification of different genotypes of 
mint, while principal component analysis, 
linear discriminant analysis, and artificial 
neural network were less accurate than 
quadratic discriminant analysis. 
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 چکیده

( MOS)  یفلگگ   دیاکسگگ   ی ادمگگهین  یبر حسگگهر ا  یمبتن  یکیالکترون  ینیب  ستمیس  کینعناع توسط    پیده ژنوت  یبندطبقه  یمطالعه حاضر به بررس
 ا گگا ،یگ یبنگگدطبقه یبه  ر نمونه ثبت شگگد. بگگرا  ستمیس  یمختلف نعناع برداشت شد، سپس پاسخ سنسور ا  ی اپیبرگ از ژنوت  ی اپردازد. نمونهیم

 لیگگ و تحل هیگگ (، تج LDA) یخط صیتشخ لیو تحل  هی(، تج PCA)  یاصل  یاج ا  لیو تحل  هیتج   ی ابا روش  یکیالکترون  ینیب  یحسهر ا  مامپاسخ ت
 ا توسگگط دسگگتهاه اسگگانس یفیک لیو تحل هیتج  جیقرار گرفت. بر اساس نتا ی( مورد بررسANN) یمصنوع ی( و شبکه عصبQDAدرجه دوم )   یمتما

GC-MSدار قگگرار ژ یاکسگگ  ی اترپنی گگا و سسگگکو  ا و مونوترپندروکربنیشامل   ییایمیشده در چهار گروه شییشناسا باتیترک درصد 99از  شی، ب
 ی امؤلفگگه لیگگ تحل جیکرد. نتا میگروه تقس 8به  یطور کلتوا  بهیمختلف نعناع را م  ی اتیپلات، جمع  یبا  لیو تحل  هیبر اساس تج   نیداشتند.  مچن

 ا را پوشگگش د نگگد. داده انسیدرصد از وار 97توانند در مجموع یاول م ینشا  داد که دو مؤلفه اصل  ستمیآمده از سدستبه  ی ااز داده  تفادهبا اس  یاصل
 یمصگگنوع یوضوح درجه دوم و شبکه عصگگب لیو تحل هیتج  ،یوضوح خط لیو تحل  هیتج   یبرا  یکیالکترون  ینیب  ی ابا استفاده از داده  یبنددقت طبقه

حسگگاس،   ینیه یعنوا  جگگاتوانگگد بگگهیم  یکیالکترون  ینیب  ستمینعناع توسط س  ی اپیمناسب ژنوت  بندیطبقه.  آمد  دستبه  %96و    9/99،  9/98  بیترتبه
 .ردیمورد استفاده قرار گ یسنت ی اروش یبرا نهی  اعتماد و کمقابل
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Abstract 

Drying is a vital preservation method in the food industry, reducing moisture content while maintaining 
product quality and extending shelf life. This process involves complex heat and mass transfer mechanisms, 
necessitating accurate predictive models. This study compares various modeling approaches, including 
regression models, semi-empirical, and artificial intelligence (AI)-based methods, to simulate the drying process 
of potato slices. Experimental drying trials were run at 40°C, 50°C, and 60°C, both with and without phase 
change materials (PCM) and infrared radiation (IR). AI models (ANN, SVM, and RF) were trained and validated 
using experimental data. Their performance was evaluated against conventional and semi-empirical models 
using R2, RMSE, MAE, and MBE. Results indicate that ANN achieved the highest predictive accuracy (R2= 
0.998, RMSE= 0.0656 g water g-1 dry matter), outperforming other models. SVM also demonstrated strong 
predictive capability, while RF performed slightly lower. Among semi-empirical models, the Midilli model 
provided the best fit but was less accurate than AI-based models. These findings highlight the superiority of AI-
driven approaches, particularly ANN, in optimizing drying processes for the food industry. 

 
Keywords: AI Modeling, Drying rate, Random forest, Semi-Empirical, SVM 
 

Introduction1 

Drying is a widely used preservation 
technique used in the food and agricultural 
industries, aiming to reduce moisture content 
while preserving product quality and 
extending shelf life. The drying process is 
inherently complex, involving simultaneous 
heat and mass transfer, which makes 
mathematical modeling essential for 
optimizing drying conditions and improving 
energy efficiency. Over the years, researchers 
have developed various empirical, semi-
empirical, and theoretical models to explain 
the drying kinetics of different products. 

 

 

Authors retain the copyright. This is an 
open access article distributed under 
Creative Commons Attribution 4.0 
International License (CC BY 4.0). 

 https://doi.org/10.22067/jam.2025.92739.1358 

Empirical models, such as the Page, 
Henderson-Pabis, and Newton models, are 
popular because of their simplicity and ability 
to fit experimental data (Lopes, Santos, 
Rodrigues, Pinho, & Viegas, 2023; Simpson, 
Ramírez, Nuñez, Jaques, & Almonacid, 2017). 
In a study on thin-layer drying models for 
rapeseed, the Page model demonstrated the 
best performance, with an R2 value ranging 
from 0.9924 to 0.9966 and an RMSE between 
0.0169 and 0.0296 (Lee, Lee, Kim, Kim, & 
Han, 2016). However, these models lack a 
strong physical foundation and are limited to 
specific experimental conditions. Semi-
empirical models, including the Logarithmic 
and Wang-Singh models, attempt to bridge the 
gap between empirical and theoretical 
approaches by incorporating some physical 
principles while maintaining a simple 
mathematical form (Kutlu, İșcİ, & Demİrkol, 
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2015). Semi-empirical modeling of thin-layer 
drying has been extensively studied. Ertekin 
and Firat (2017) provided a comprehensive 
review of these approaches, while 
Chukwunonye, Nnaemeka, Chijioke, and 
Obiora (2016); Mahesh, Rengaraju, and 
Selvakumarasamy (2024); Kumar, Kumar, 
Hota, and Pandey (2025); and Benseddik, 
Azzi, and Allaf (2018) explored specific 
applications across diverse agricultural 
products. For example, in one study, a semi-
empirical model based on Fick's second law 
was developed, achieving a coefficient of 
determination (R2) between 0.991 and 0.999, 
with a mean absolute error (MAE) ranging 
from 0.008 to 0.032 (Kumar et al., 2025). 
Similarly, in another study on the thin-layer 
drying of pumpkin slices, various semi-
empirical models were tested, with the Midilli 
model showing the highest accuracy for 
predicting the moisture content of apple slices 
(Benseddik et al., 2018). However, semi-
empirical models are not universally 
applicable and require fitting to specific 
experimental conditions.  Mathematical 
models derived from Fick's second law of 
diffusion provide a more fundamental 
understanding of the drying process, assuming 
moisture movement occurs through internal 
diffusion. These models are commonly applied 
to food materials with homogeneous 
structures. For more complex structures, 
researchers have extended these models using 
numerical techniques and computational fluid 
dynamics (CFD) simulations to enhance 
accuracy (Arpaci, Atayılmaz, & Gemici, 
2025). In recent years, Machine Learning 
(ML) and artificial intelligence (AI) models, 
such as Support Vector Machines (SVM), 
Artificial Neural Networks (ANN), and 
Random Forest (RF), have gained attention for 
predicting drying kinetics with high accuracy 
(Przybył & Koszela, 2023; Sağlam & Çetin, 
2022). These models can capture complex 
nonlinear relationships between drying 
parameters without relying on explicit physical 
assumptions. Despite their advantages, the 
application of AI models presents several 
challenges. These models generally require 

large, diverse datasets to minimize the risk of 
overfitting and to promote generalizability. 
Furthermore, models such as artificial neural 
networks (ANNs) are often considered "black 
boxes," as they provide limited transparency 
regarding their internal decision-making 
processes. Effective hyperparameter tuning 
and rigorous validation procedures are also 
critical to enhance model robustness and 
ensure reliable performance in real-world 
scenarios. In another study, the drying kinetics 
of solid wastes were modeled using both 
artificial neural networks (ANN) and semi-
empirical models, with ANN demonstrating 
the most accurate simulation results (Perazzini, 
Freire, & Freire, 2013). Similarly, another 
study examined the thin-layer drying of tea 
leaves using various semi-empirical and AI-
based models. The results showed that 
multilayer perceptron networks achieved the 
highest accuracy (Fathi, Roshanak, 
Rahimmalek, & Goli, 2016). This study aims 
to compare different mathematical models, 
including semi-empirical, regression, and AI-
based methods, for simulating the drying 
kinetics of potato slices. The novelty of this 
research lies in the comparative analysis of AI-
based methods (ANN, SVM, RF) and 
traditional models under varying drying 
conditions, demonstrating the superior 
predictive capability of AI in optimizing 
drying processes. By highlighting the strengths 
and limitations of each modeling approach, 
this study contributes to the growing body of 
knowledge on drying process optimization, 
with potential applications in food 
preservation, quality control, and energy-
efficient drying technologies. 

 
Materials and Methods 

Sample preparation 

Fresh potatoes (Solanum tuberosum L.) 
were procured daily from local markets to 
ensure consistent freshness and quality. The 
tubers were washed under running tap water, 
manually peeled, and sliced to a uniform 
thickness of 1.00± 0.05 mm using a precision 
slicer. Each experiment utilized approximately 
60 g of fresh potato sample, with the initial 
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mass measured using a high-precision balance 
(A&D GR-202, readability: 0.001 g). Initial 
moisture content (wet basis) was determined 
via oven-drying method by placing about 10 g 
of each sample in a forced convection oven 
(BMS55, Fan Azma Gostar, Iran) at 105 °C for 
24 hours, following AOAC method 934.06 
(AOAC International, 2000). 

 
Solar dryer 

The solar dryer used in this study was a 
custom-built hybrid system designed to 
provide controlled drying conditions for 
agricultural samples. It consisted of a 
compound parabolic collector (CPC), a 
temperature regulation unit, an equalizing 
chamber, a forced convection fan, a heating 
channel, a diffuser, and a drying chamber, as 
illustrated in Figure 1.  

 

 
Fig.1. Schematic of the drying system 

 

The CPC collector had an effective aperture 
area of 2.4 m2 and a concentration ratio of 2.5. 
It was equipped with matte black-coated 
aluminum absorber tubes to enhance solar heat 
absorption. Polished stainless-steel reflectors, 
each 0.4 cm thick, were used to concentrate 
incident solar radiation onto the absorber 
tubes. The entire collector was installed at a 
45-degree angle, matching the latitude (30° N) 
of the experimental site located at Shiraz 
University, to maximize solar gain throughout 
the day (Duffie, Beckman, & Blair, 2020). 
Solar energy served as the primary heat 
source, while a 1.5 kW auxiliary electric 
heater provided supplemental heating during 
periods of reduced solar radiation. The heater 
was activated when solar energy alone was 
insufficient to maintain the set drying 
temperature and was installed downstream of 
the air flow path to avoid interfering with solar 
collection. 

Airflow was managed by a motorized 
damper controlled via a stepper motor 
(Ts310n247, torque: 6.5 kg·cm), which 
adjusted airflow based on target temperature 

input. Air circulated through the system using 
a centrifugal fan (Techtop, 0.4 kW, Italy), 
which delivered a consistent airflow of 2 
meters per second, measured at the fan inlet 
using a Testo 435 anemometer with an 
accuracy of ±0.03 m s-1. 

An equalizing chamber, constructed from 
particle board and measuring 30 × 50 × 70 cm, 
was installed after the heating section to 
stabilize and distribute air evenly before 
entering the drying chamber. Inside the drying 
chamber, a mesh drying tray (25 × 25 cm, 
galvanized sheet metal) held the potato slices, 
and an IR lamp (250 W, Philips) was 
positioned 30 cm above the tray surface to 
provide additional thermal radiation during 
selected treatments. 

Real-time mass loss during drying was 
tracked using a load cell (model L6D, Class 
C3, 3 kg capacity), installed beneath the 
drying tray. The load cell was connected to a 
data acquisition system that logged mass data 
at 30-second intervals, enabling accurate 
monitoring of drying progress. Drying 
continued until the samples reached a final 
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moisture content of approximately 10% on a 
dry basis. 

Phase change materials were used in select 
experiments to investigate their thermal 
storage effect. A total of 1500 g of paraffin 
wax (melting point approximately 56°C and 
latent heat of about 190 kJ kg-1) was melted 
and divided into ten aluminum containers, 
each holding 150 g. These containers were 
placed uniformly at the base of the drying 
chamber beneath the drying tray to absorb and 
release thermal energy, helping to stabilize 
temperature fluctuations during the drying 
cycle. 

 
Temperature control system 

A temperature controller (XMT-803, 
China) automatically regulated the drying 
chamber’s temperature. The system included 
an SSR relay (25DA, CRYDOM) and a PT100 
sensor (±0.1°C accuracy). Ten temperature 
sensors were installed throughout the setup, 
while an SHT15 sensor (±0.05% RH, ±0.1°C 
accuracy) measured humidity changes before 
and after the drying chamber. Air velocity was 
set at 2 m s-1 at the fan inlet (182 cm2 cross-
sectional area) and monitored using a Testo 
435 anemometer (±0.03 m s-1 accuracy). 

 
Experimental design 

The experiments were conducted to assess 
the combined effects of air temperature, 
infrared (IR), and phase change materials 
(PCM) integration on the drying behavior of 
potato slices. A factorial design with three 
variables was used, including three levels of 
air temperature (40°C, 50°C, and 60°C), two 
levels of IR radiation (with and without a 250-
watt IR lamp), and two levels of PCM use 
(with and without PCM). This resulted in 12 
distinct treatment combinations. Each 
treatment was replicated three times following 
a completely randomized design, resulting in 
36 experimental runs in total. Drying 
continued until the samples reached a final 
moisture content of approximately 10% on a 
dry basis, as determined by the stabilization of 
mass readings. The resulting data were 
analyzed using analysis of variance (ANOVA) 

with a significance level of 0.05. When 
significant differences were detected, means 
were separated using Tukey’s honest 
significant difference (HSD) test. All statistical 
analyses were performed using SPSS version 
25. 

 
Mathematical modeling 

In this study, three categories of models 
were developed to simulate the drying kinetics 
of potato slices: (1) machine learning (ML) 
models, (2) regression models (linear and non-
linear), and (3) empirical and semi-empirical 
models.  

 
Machine learning (ML) methods 

To model and predict the drying kinetics of 
potato slices, three supervised machine 
learning algorithms were employed: Support 
Vector Machine (SVM), Artificial Neural 
Network (ANN), and Random Forest (RF). 
These models were selected for their proven 
ability to capture complex, nonlinear 
relationships between input variables and 
target outputs, especially in regression tasks 
related to food processing and drying kinetics. 

In this study, the following input features 
were used for all ML models: drying 
temperature (°C), drying time (s), presence of 
infrared (IR) radiation (binary: 0= absent, 1= 
present), and presence of PCM (binary: 0= 
absent, 1= present). The target output variable 
for prediction was the moisture content of the 
potato slices, expressed on a dry basis. 

 
Model assumptions 

• The drying process was conceptualized as 
a functional mapping from a set of input 
features, namely drying temperature, 
time, presence of IR radiation, and 
presence of PCM, to the corresponding 
moisture content. Although moisture 
content naturally evolves in a continuous, 
time-dependent manner, each observation 
in the dataset was treated as an 
independent instance for the purposes of 
supervised learning. This approach 
enables the models to estimate moisture 
content at any given time point based 
solely on current experimental conditions, 
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without incorporating sequential 
dependencies. 

• Temporal dynamics were not explicitly 
modeled; instead, the machine learning 
models operated under the assumption 
that the moisture content at each time step 
could be predicted independently of 
previous values. This simplification 
facilitates the use of standard regression 
models and reduces computational 
complexity, while still achieving high 
predictive accuracy within the controlled 
experimental setup. 

• External environmental factors, such as 
variations in ambient humidity or solar 
radiation, were considered negligible or 
effectively controlled. This assumption is 
supported by the presence of an 
automated temperature control system 
and an auxiliary electric heater, which 
together maintained stable thermal 
conditions across all experiments. 

ANN was chosen for its ability to model 
complex patterns through multiple hidden 
layers. The network architecture comprised 
three hidden layers with 64, 32, and 16 
neurons, respectively. The hidden layers 
utilized the Rectified Linear Unit (ReLU) 
activation function, while the output layer 
employed a linear activation function. The 
model was trained with the Adam optimizer, 
employing a learning rate of 0.001 and a batch 
size of 32. The selected network architecture 
was determined based on practical constraints 
related to dataset size and model performance. 
Given the limited number of experimental 
samples, deeper architectures with more layers 
or neurons were avoided to reduce the risk of 
overfitting. Consequently, a relatively shallow 
configuration was adopted. The final 
architecture (64–32–16) was established 
through an iterative trial-and-error process, 
during which various configurations were 
evaluated and validated. This particular setup 
achieved an effective balance between model 
complexity and generalization capability, as 
evidenced by cross-validation performance. 

SVM was selected for its robustness in 
high-dimensional spaces. It effectively 

captures nonlinear relationships through kernel 
functions. A radial basis function (RBF) kernel 
was employed, with hyperparameters 
including a regularization parameter (C) of 
100, an epsilon value of 0.01 to define the 
regression margin, and a gamma value of 0.1. 

RF was included as an ensemble learning 
method to enhance generalization and reduce 
variance. The model was trained using 100 
decision trees, with a minimum of two samples 
per split to prevent overfitting. 

Prior to model training, all input features, 
including temperature, drying time, infrared 
radiation, and the presence of PCM, were 
standardized to ensure optimal model 
performance. Standardization was performed 
using the transformation Equation (1) to center 
the data around zero with unit variance 
(Kelleher, 2019): 

𝑋𝑠𝑐𝑎𝑙𝑒𝑑 =
𝑋−𝜇

𝜎
                                                (1) 

where X represents the original feature value, μ 
denotes the mean, and σ represents the 
standard deviation of the feature. 

To ensure robust model performance and 
generalization, the dataset was split into a 
training set (80%) and a test set (20%). 
Furthermore, ten-fold cross-validation was 
performed on the training set, where it was 
randomly partitioned into ten subsets. Each 
model was trained on nine subsets and verified 
on the remaining one, with this process 
repeated ten times. The final performance was 
averaged across all iterations, and the best 
hyperparameters were selected during this 
process. Model performance was subsequently 
tested on the test set to evaluate its 
generalization capability, reducing the risk of 
overfitting and providing a reliable accuracy 
estimate. 

Model performance was assessed using 
multiple statistical metrics: the coefficient of 
determination (R2) indicates how well the 
predicted values align with actual values; 
RMSE (g water g-1 dry matter) quantifies the 
average value of prediction errors; mean 
absolute error (MAE, g water g-1 dry matter) 
measures the total discrepancies between 
predicted and observed values; and mean bias 
error (MBE, g water g-1 dry matter) evaluates 
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any systematic over- or underestimation. 
Lower RMSE and MAE values signify higher 
accuracy, while an R2 value closer to one 
indicates a stronger model fit. The complete 
workflow of the ML models is summarized in 
Figure 2, which demonstrates the steps 

involved from gathering and preparing data to 
choosing a model and assessing its 
performance. By integrating these ML 
techniques, this study aimed to develop 
accurate and reliable predictive models for 
drying kinetics. 

 

 
Fig. 2. The workflow of ML models for drying kinetics 

 

Linear and non-Linear regression 

Linear regression assumes a direct linear 
relationship between the dependent variable 
(moisture content) and the independent 
variables (time, temperature, PCM, and IR). In 
contrast, non-linear regression uses an 
exponential equation to model the relationship 

between moisture content and the independent 
variables, capturing more complex patterns in 
the data. 

 
  

 

 
Fig. 3. Drying rate vs. time under different conditions at 40°C 
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Fig. 4. Drying rate vs. time under different conditions at 50°C 

 

 
Fig. 5. Drying rate vs. time under different conditions at 60°C 

 
Empirical and semi-empirical models 

Empirical models are based solely on 
experimental data fitting without requiring a 
strong physical foundation. These models are 
developed by analyzing experimental drying 
data and identifying the mathematical 
equations that best describe moisture loss. In 
this study, commonly used models, such as 
Newton, Page, Modified Page, Two-Term, 
Exponential Two-Term, Logarithmic, Midilli, 
and Approximation of Diffusion, were applied 
to represent the moisture ratio as a function of 
drying duration. 

Results and Discussion 

Drying rate 

The drying rate of potato slices was 
calculated under different operating conditions 
(Figures 3 to 5). 

The average slope of each drying curve is 
presented in Table (1), from which the 
following insights were derived: 
1. Effect of Temperature on Drying rate: 

As temperature increases from 40°C to 
60°C, the slope of the drying curves rises, 
indicating a higher drying rate. This trend 
is expected, as higher temperatures 
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enhance moisture evaporation from the 
sample surface. Specifically, under no 
PCM & no IR conditions, the slope 
increases from 0.006249 at 40°C to 
0.00817 at 60°C. Similarly, under PCM & 
IR conditions, the slope rises from 
0.009217 at 40°C to 0.01671 at 60°C. 
These results confirm that increasing 
temperature significantly accelerates the 
drying process. 

2. Effect of PCM: PCM serves as a thermal 
stabilizer, reducing temperature 
fluctuations and influencing the drying 
rate. In most cases: with PCM but without 
IR, the drying rate is slightly higher than 
without PCM. For example, at 60°C, the 
slope is 0.009267 with PCM compared to 
0.00817 without PCM. Previous studies 
confirm the effectiveness of PCM in 
improving drying performance. 
Rakshamuthu et al. (2021) reported that 
PCM increased the drying rate of 
gooseberries in a solar dryer. Similarly, 
other researchers illustrated that PCM 
enhances dryer efficiency (Atia, Teggar, 
& Laouer, 2024; Poonia, Singh, & Jain, 
2022; Madhankumar, Viswanathan, Wu, 
& Taipabu, 2023). With both PCM and IR 
combined, the drying rate is higher than 
when PCM is absent. At 60°C, the slope is 
0.01671 with PCM & IR, compared to 
0.014512 without PCM & IR. These 
findings suggest that PCM is more 
effective when combined with IR, leading 
to a more efficient drying process. 

3. Effect of IR radiation: At all temperature 
settings, the addition of IR significantly 

increases the drying rate. For example, at 
40°C without PCM, the slope increases 
from 0.006249 (without IR) to 0.011295 
(with IR). Similarly, at 60°C without 
PCM, the slope rises from 0.00817 
(without IR) to 0.014512 (with IR). This 
increase is attributed to the deeper 
penetration of infrared energy into the 
samples, accelerating moisture 
evaporation. However, a significant 
difference observed at 50°C can be 
attributed to the pronounced effect of 
infrared (IR) radiation at this temperature. 
At 40°C, although IR has a positive 
impact, the lower thermal potential of the 
drying air limits its effectiveness, and 
therefore, no sharp increase is observed in 
the IR curves. At 60°C, despite the high 
thermal potential of the air, the influence 
of IR appears to be limited, likely due to 
increased internal moisture diffusion 
resistance within the potato slices, which 
restricts further enhancement of the drying 
rate. 

4. Comparison of PCM and IR effects: IR 
has a stronger impact on the drying rate 
compared to PCM, as seen in the larger 
differences in slope between IR and non-
IR conditions. The combination of PCM 
and IR yields the highest drying rate. For 
example, at 60°C, the highest slope 
(0.01671) is observed under PCM & IR 
conditions. 

For optimal drying performance, a 
combination of IR and PCM is recommended, 
as it maximizes the drying rate while 
maintaining thermal stability. 

 

Table 1- Slopes of drying rate curves under different conditions 

Experiment Slope of curves 

40C PCM & IR 0.009217 

40C PCM & No IR 0.006651 

40C No PCM & No IR 0.006249 

40C No PCM & IR 0.011295 

50C PCM & IR 0.014438 

50C PCM & No IR 0.007337 

50C No PCM & No IR 0.006689 

50C No PCM & IR 0.013814 

60C PCM & IR 0.01671 

60C PCM & No IR 0.009267 

60C No PCM & No IR 0.00817 

60C No PCM & IR 0.014512 
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Mathematical modeling 

After developing the ML, empirical, and 
semi-empirical models, validation was 
conducted, yielding the following results. 

 
One-way analysis of variance for model performance 

To statistically validate the differences in 
predictive performance among the developed 
models, an ANOVA was conducted using the 
RMSE values obtained under different drying 

conditions (temperature, presence of PCM, 
and IR application). The models compared 
included the ANN, SVM, RF, Non-linear 
Regression, and the best-performing Semi-
Empirical model (Midilli). The tested null 
hypothesis was that there are no significant 
differences in mean RMSE across the different 
modeling approaches. The results of the 
ANOVA are presented in Table 2. 

 
Table 2- One-way ANOVA results comparing model RMSE across drying conditions 

Source of Variation SS Df MS F p-value 

Between groups 0.379 4 0.0948 12.51 0.0004 

Within groups 0.076 10 0.0076   

Total 0.455 14    

 
The ANOVA results reveal a statistically 

significant difference in RMSE among the 
different modeling approaches (F = 12.51, p < 
0.001). Post-hoc comparisons using Tukey's 
HSD test further indicated that the ANN 
model’s performance (lowest RMSE) was 
significantly better than that of the semi-
empirical and regression-based models. 
Although SVM and RF also performed well, 
only ANN showed statistically significant 
superiority in prediction accuracy across all 
tested conditions. These findings validate that 
the enhanced prediction accuracy of the ANN 
model is not merely a product of chance; 
instead, it signifies a statistically significant 
improvement in model performance. 

 
Artificial neural network (ANN) model 

The comparison between actual and 
predicted moisture content using the ANN 
model is shown in Figure 6. The performance 
metrics for the ANN model were evaluated for 
both training and test sets. For the training set, 
the R2, RMSE, MAE, and SMBE were 
calculated as 0.999, 0.0583 g water g-

1 dry matter, 0.0251 g water g-1 dry matter, and 
0.005 g water g-1 dry matter, respectively. For 
the test set, the corresponding values were 
0.998, 0.0656 g water g-1 dry matter, 
0.03409 g water g-1 dry matter, and 
0.0091 g water g-1 dry matter. These results 
demonstrate the ANN model’s strong 

predictive accuracy and generalization 
capability. Since |SMBE| ≤ 0.1, the model 
demonstrates excellent predictive accuracy. 
Additionally, Figure 7 presents the residuals 
versus fitted values, confirming the model's 
reliability. Several studies have reported 
similar high accuracy in moisture content 
prediction using ANN models. For instance, 
another research simulated the thin-layer 
drying of apple slices using convective and 
microwave drying methods, achieving R2 
values of 0.993 and 0.9991, respectively, 
underscoring the strong predictive capability 
of ANN models (Rasooli Sharabiani, Kaveh, 
Abdi, Szymanek, & Tanaś, 2021). Similarly, 
Sabzevari, Behroozi‐Khazaei, and Darvishi 
(2021) employed an ANN architecture of 3-5-
5-1 to model the drying of banana slices in a 
thin layer, successfully predicting moisture 
content. In another study, the impact of a novel 
vortex/swirling flow generator on fluidization 
streams in a fluidized bed dryer was 
investigated. ANN modeling was used to 
optimize the drying process for paddy, 
achieving an R2 of 0.999 and an RMSE of 
0.111, demonstrating the model's effectiveness 
(Chokphoemphun, Hongkong, & 
Chokphoemphun, 2024). Another study 
investigated the drying rate of Citrus medica 
under freeze-drying conditions, considering 
different slice thicknesses (3 mm, 5 mm, and 7 
mm) and cabin pressures (0.008 mbar, 0.010 
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mbar, and 0.012 mbar). A feedforward 
multilayer perceptron ANN was employed to 
estimate the moisture content, mass loss ratio 
(MR), and rate of drying. The ANN model 
achieved an R2 of 0.998 and an RMSE of 
0.010574, demonstrating its high precision and 
reliability in characterizing the freeze-drying 
process (Topal, Şahin, & Vela, 2024). 

Additionally, another research analyzed the 

drying kinetics of potato cubes in a fluidized 
bed dryer using ANN modeling. Their findings 
provided important understanding into the 
effectiveness of ANN techniques for 
predicting the drying characteristics of potato 
products, further supporting the applicability 
of ANN in food drying processes (Azadbakht, 
Torshizi, Aghili, & Ziaratban, 2018). 

 

 
Fig. 6. Comparison of actual and predicted moisture content using the ANN model 

 
Fig. 7. Residuals of the ANN model versus fitted moisture content 
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Support vector machine (SVM) model 

The relationship between actual and 
predicted moisture content is presented in 
Figure 8. The statistical evaluation of the SVM 
model on the training dataset yielded an R2 of 
0.998, RMSE of 0.0702 g water g-1 dry matter, 
MAE of 0.0512 g water g-1 dry matter, and 
SMBE of 0.008 g water g-1 dry matter. For the 
evaluation dataset, the corresponding values 
were 0.996, 0.0882 g water g-1 dry matter, 
0.0603 g water g⁻¹ dry matter, and SMBE of 
0.010 g water g⁻¹ dry matter, respectively. 
These results indicate strong predictive 
performance of the SVM model. Additionally, 
the residuals plotted against the predicted 
moisture contents, as shown in Figure (9), 
further confirm the model's reliability. To 
evaluate whether the difference in predictive 
performance between the ANN and SVM 
models was statistically significant, an 
independent two-sample t-test was conducted 
using RMSE values obtained under different 
drying conditions. The results showed that the 
ANN model (mean RMSE = 0.0656 
0702 g water g⁻¹ dry matter) performed 
significantly better than the SVM model (mean 
RMSE = 0.0882 0702 g water g⁻¹ dry matter), 
with a t-value of –3.45 and a p-value of 0.0061 
(p < 0.01). This confirms that the superior 
performance of the ANN model is not due to 
random variation, but is statistically 
significant. This trend has been observed in 
previous studies, where SVM performs well 
but generally does not surpass ANN in 
predictive capability. For instance, another 
research, investigated the prediction of 
moisture content in mushrooms during drying 
using ANN and SVM models. Their results 
showed that ANN achieved an R² of 0.998 and 
a relative RMSE (rRMSE) of 3.958%, in 
contrast the corresponding values for SVM 
were 0.973% and 15.749%, respectively 
(Karaağaç, Ergün, Ağbulut, Gürel, & Ceylan, 
2021). These findings further support the 
superior accuracy of ANN over SVM in 
moisture content prediction. A similar study 
developed predictive models for the pyrolytic 
conversion of Sargassum sp. (Red Sea 
seaweed) using ANN and SVM. Their study 

demonstrated that ANN outperformed SVM, 
yielding higher accuracy and lower error rates, 
further validating the effectiveness of ML 
techniques in forecasting pyrolytic conversion 
processes (Saleem & Ali, 2017). Another 
research investigated ML modeling for the 
drying of mushroom slices, where ANN 
outperformed the SVM method, confirming its 
higher predictive accuracy in drying 
applications (Fartash Naeimi, Khoshtaghaza, 
Selvi, Ungureanu, & Abbasi, 2024). 
Random forest (RF) model 

The comparison of actual and predicted 
moisture content using the RF model is 
depicted in Figure 10, while Figure 11 presents 
the residuals of the RF model plotted against 
the predicted moisture content. Following the 
development of the RF model, the statistical 
metrics R2, RMSE, MAE, and SMBE for the 
training dataset were calculated as 0.991, 
0.153 g water g-1 dry matter, 0.1120 g water g-

1 dry matter, and 0.0020 g water g-1 dry matter, 
respectively. For the evaluation dataset, the 
corresponding values were 0.9853, 
0.1859 g water g-1 dry matter, 0.1397 g water  
g-1 dry matter, and 0.0030 g water  
g-1 dry matter, respectively. Thus, the RF 
algorithm can be considered a reliable model 
for predicting moisture content in potato slices 
during drying; however, its predictive 
accuracy is generally lower than that of ANNs 
and SVMs. Despite this, RF remains a 
valuable benchmark for assessing the 
performance of various machine learning 
models under consistent conditions. For 
applications where predictive accuracy is 
paramount, ANNs are particularly 
recommended due to their superior 
performance. Their architecture, characterized 
by hidden layers, enables them to capture 
complex, non-linear relationships in the data, 
making them especially well-suited for 
modeling drying processes.  The thin-layer 
drying process of potato slices involves heat 
and mass transfer, which is strongly influenced 
by environmental conditions, temperature, and 
moisture. Compared to other methods, ANNs 
are better able to capture these dependencies. 

 



590    Journal of Agricultural Machinery Vol. 16, No. 3, Fall, 2026 

 

 
Fig. 8. Comparison of actual and predicted moisture content using the SVM model 

 

 
Fig. 9. Residuals of the SVM model versus predicted moisture content 

 

SVMs generally perform well in regression 
and classification tasks, especially with 
smaller datasets and optimized feature sets. 
Unlike RF, which relies on an ensemble of 
decision trees, SVM excels at finding optimal 

decision boundaries. As a result, when dealing 
with highly nonlinear data and minimal noise, 
SVM's performance can be comparable to that 
of ANN. However, RF tends to have lower 
accuracy in time-dependent predictions and 
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continuous datasets, such as moisture variation 
over time. This is because RF is inherently 
more suited for classification tasks rather than 
regression problems. Additionally, RF may 
struggle to capture subtle moisture variations, 
leading to less accurate predictions with higher 
fluctuations. In summary, ANNs perform best 

when trained on large and diverse datasets, as 
they can optimize their weights and 
architecture to extract complex features. SVMs 
are more effective for small to medium-sized 
datasets, while RF may underperform when 
dealing with a high number of input variables 
or time-dependent data. 

 
Fig. 10. Comparison of actual and predicted moisture content using the RF model 

 

 
Fig. 11. Residuals of the RF model versus predicted moisture content 
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Regression models 

Linear regression 

We developed superposition mathematical 
models for different drying conditions: with 
PCM & with IR, with PCM & without IR, 
without PCM & with IR, and without PCM & 
without IR (Equations (2) to (5) in Table 3). 
These models predict the moisture content of 
potato slices as a linear function of 
temperature and time. As expected, the 

moisture content decreases as time and 
temperature increase, which is a typical result 
of the drying process. However, the models 
exhibit lower R2 values and higher RMSE, 
MAE, and SMBE, indicating that they are less 
accurate compared to the AI models. 
Additionally, the predicted moisture content 
by the linear regression model versus the 
actual moisture content is shown in Figure 12. 

 
Table 3- Performance of linear regression models for different drying conditions 

Model Equation Eq. no R2 RMSE MAE MBE 

PCM & IR M. C = −0.4929 T − 1.5599 Time + 1.8464  (2) 0.7736 0.8877 0.6935 -0.3764 

PCM & No IR M. C = −0.4212 T − 1.5346 Time + 1.9308 (3) 0.94684 0.4019 0.3413 -0.1053 

No PCM & IR M. C = −0.1588 T − 1.6363 Time + 1.9496 (4) 0.9009 0.5021 0.4292 0.1419 

No PCM & No IR M. C = −0.2810 T − 1.2822 Time + 1.6125 (5) 0.7913 0.8964 0.6565 -0.4214 

Note: RMSE, MAE, and MBE values are in g water g-1 dry matter 

 

 
Fig. 12. Comparison of actual and predicted moisture content using the linear regression model 

 

Non-linear regression 

Among the different equations tested, the 
exponential model provides the best prediction 

of the moisture content during the drying 
process. Equation (6) is defined as: 
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𝑀. 𝐶 = 5.9893 exp(−0.0005 𝑇𝑖𝑚𝑒)
− 0.0111 log(𝑇 + 1)
+ 0.1219 𝑃𝐶𝑀
− 0.8198 𝐼𝑅 

(6) 

where, Time is the drying time (in seconds), T 
is the drying temperature (°C), PCM and IR 
can either be 0 or 1, where 0 represents 
experiments without PCM or IR, and 1 
represents experiments with PCM or IR. 

The evaluation of the model shows that it 
has R2, RMSE, MBE, and SMBE values of 
0.93, 0.4058 g water g-1 dry matter, 0.3173 
g water g-1 dry matter, and 0.0056 g water g-

1 dry matter, respectively. These results display 
better proficiency than the linear regression 

models, but still fall short of the accuracy 
achieved by the AI models (ANN, SVM, and 
RF). This nonlinear model combines the 
empirical Henderson model with linear 
regression, leading to a better prediction than 
either model alone. However, since it does not 
utilize AI techniques for modeling, its 
accuracy is lower than that of the AI models. 
Given that the absolute value of SMBE is 
below 0.1, the model’s accuracy is considered 
acceptable. The comparison between actual 
moisture content and the moisture content 
predicted by the non-linear regression model is 
presented in Figure 13. 

 

 
Fig. 13. Comparison of actual and predicted moisture content using the non-linear regression model 

 

Semi-empirical models 

The coefficients and statistical parameters 
of each model are provided in Table 4. Among 
them, the Midilli and the Approximation of 
Diffusion models exhibit the lowest errors. 
However, the evaluation of the results from the 
empirical and semi-empirical models shows 
that their accuracy is lower compared to the AI 

and nonlinear regression models. Another 
study was conducted to examine the modeling 
of drying kinetics using two different methods: 
semi-empirical and ANN models. The results 
showed that when total experimental data were 
involved, ANN outperformed the Midilli 
model (Karakaplan, Goz, Tosun, & Yuceer, 
2019). ML models, particularly ANN, provide 
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the most accurate predictions, significantly 
outperforming other models in terms of 
precision and error reduction. Nonlinear 
regression also proves superior to linear 
regression, as moisture content changes 
inherently exhibit nonlinearity. Among 
empirical models, the Midilli. model performs 
best, though with lower accuracy compared to 
ML models. While empirical models are 

useful for quick estimations, they lack the 
precision of ML approaches. For optimal 
predictions, ANN is recommended, but if 
computational efficiency is a concern, SVM 
serves as a viable alternative. Nonlinear 
regression offers better interpretability, and the 
Midilli model is suitable for fast empirical 
estimations. 

 
Table 4- Coefficients of different semi-empirical models 

Model Coefficients R2 RMSE MAE MBE 

Newton k = 0.0005 0.8851 0.5283 0.4000 -0.0090 

Page k = 0.0009, n = 0.939 0.8863 0.5255 0.3972 -0.0045 

Henderson and Pabis a = 0.964, k = 0.0005 0.8868 0.5243 0.3994 -0.0198 

Logarithmic a = 0.945, k = 0.0006, c = 0.0325 0.8884 0.5209 0.3904 0.0000 

Two-term a = 0.9625, k1 = 0.0006, b = 0.0133, k2 = -0.0001 0.8885 0.5204 0.3904 0.0000 

Midilli et al. (2002) a = 0.955, k = 0.0003, n = 1.09, b = 0.0000 0.8892 0.5186 0.3915 -0.0017 

Modified page k = 0.0008, n = 0.7159 0.8851 0.5283 0.4000 -0.0090 

Exponential a = 0.4923, k = 0.0008 0.8871 0.5238 0.3932 0.0022 

Approximation of diffusion A = 0.9675, k = 0.0006, b = -0.0435 0.8879 0.5220 0.3898 0.0107 

 

Conclusion 

This study systematically compared 
different modeling approaches to predict the 
drying kinetics of potato slices under various 
drying conditions. The results demonstrated 
that AI models, particularly ANN, exhibited 
the highest accuracy in predicting moisture 
content over time, outperforming both 
empirical and semi-empirical models. While 
conventional models such as the Midilli and 
Approximation of Diffusion models provided 
reasonable fits, they lacked the precision and 
adaptability of AI-based approaches. Among 
AI techniques, ANN achieved the best 
performance, followed by SVM and RF, 
confirming the capability of ML in capturing 
complex, non-linear drying dynamics. 
Additionally, the study revealed that the 
drying rate increases significantly with 
temperature, IR radiation, and the presence of 
PCM. IR had a stronger effect on enhancing 
drying efficiency compared to PCM alone. 
The combination of PCM and IR yielded the 
highest drying rate, making it the most 
effective drying condition. Overall, the 

findings emphasize the superiority of AI 
models for drying process optimization. For 
industrial applications, ANN is the 
recommended model due to its ability to 
generalize drying kinetics accurately. Future 
research could focus on integrating hybrid AI 
models with computational fluid dynamics 
(CFD) for further optimization and exploring 
the impact of different drying conditions on 
food quality attributes. 
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 چکیده

افززیایش های حیاتی نگهداری در صنعت غذا است که با کاهش رطوبت، کیفیت محصول را حفظ کرده و ماندگاری آن را کردن یکی از روشخشک
هززای ملت زز  بینی دقیقی نیاز دارد. در ایززن ملاهعززه، روشهای پیشهای پیچیده انتقال حرارت و جرم بوده و به مدلدهد. این فرآیند شامل مکانییممی

های کردن برشسازی فرآیند خشکبرای شبیه (AI) های مبتنی بر هوش مصنوعیتجربی، و روشهای نیمههای رگرسیون، مدلسازی شامل مدلمدل
 گراد، با و بدون اسززتفاده از مززواد ت ییززر فازدهنززدهدرجه سانتی ۶0و  ۵0، 40کردن در دماهای های خشکزمینی مورد مقایسه قرار گرفتند. آزمایشسیب

(PCM) و تابش مادون قرمی (IR) های هوش مصنوعی شامل شبکه عصبی مصنوعی انجام شد. مدل(ANN)ماشززین بززردار پشززتیبان ، (SVM)  و
تجربی از نظر ضریب های سنتی و نیمهها با مدلهای تجربی آموزش دیده و اعتبارسنجی شدند. عم کرد این مدلبا استفاده از داده (RF) جنگل تصادفی

مقایسه شد. نتایج نشان داد که   (MBE)و خلای میانگین بایاس  (MAE)، میانگین قدرمل ق خلا(RMSE)، ریشه میانگین مربع خلا R)2(تعیین 
ها دارای بهترین عم کرد را داشته و از سززایر مززدل )RMSE= 0.0656, = 0.9982R(بینی بسیار بالا با دقت پیش  (ANN)شبکه عصبی مصنوعی

های تر داشززت. در میززان مززدلعم کززردی انززدکی ضززعی  RF کززهبینی مناسززبی نشززان داد، در حاهینیی قاب یت پیش  SVMدقت بیشتری است. روش
ها های مبتنی بر هوش مصنوعی دقززت کمتززری نشززان داد. ایززن یافتززهبهترین برازش را داشت، اما نسبت به مدل  (Midilli)  تجربی، مدل میدی ینیمه
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Abstract 

Pickering emulsion-based edible biodegradable films have emerged as a promising sustainable alternative to 
conventional food packaging materials. These films exhibit enhanced mechanical properties, including tensile 
strength, flexibility, and water vapor barrier performance, which are critical for maintaining food integrity 
throughout storage and transportation. A key advancement in this field is the incorporation of essential oils into 
the emulsion matrix, which, despite their hydrophobic nature, significantly improve the functional and 
mechanical properties of polysaccharide-based films. This review examines the physicomechanical properties of 
polysaccharide-based edible biodegradable films incorporating Pickering emulsions, with a focus on flexibility, 
tensile strength, water vapor permeability, and moisture retention capacity. Furthermore, it explores the role of 
these films in extending food shelf life and analyzes how interactions between essential oils and polysaccharides 
influence their structural and barrier properties. Findings demonstrate that Pickering emulsions containing 
essential oils substantially enhance the mechanical and moisture barrier performance of edible biodegradable 
films. Solid stabilizing particles contribute to increased tensile strength, while essential oils improve flexibility—
though excessive concentrations may compromise structural integrity. Additionally, these emulsions reduce 
water absorption and solubility, thereby improving film stability in humid conditions. Finally, this review 
examines the current challenges and identifies key research opportunities in the development of essential oil-
loaded Pickering emulsion systems for polysaccharide-based biodegradable films, while outlining their potential 
for scalable industrial applications. 

 
Keywords: Edible film, Essential oil, Packaging, Pickering emulsion 

 
Introduction1 

The environmental impact of packaging 
materials, particularly plastics, poses a 
significant challenge to ecosystems. 
Conventional packaging contributes to 
pollution, often ending up in landfills or 
oceans, where it can take centuries to 
decompose. A sustainable alternative that is 
gaining attention is the use of edible 
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biodegradable films (EBFs) as active 
packaging to replace traditional packaging 
methods (Eshagh, Abbaspour-Fard, 
Tabasizadeh, & Hosseini, 2019). EBFs are 
made from biodegradable materials such as 
starches, proteins, or other plant-based 
compounds, and serve as protective barriers 
for food products (Olawade, Wada, & Ige, 
2024). This innovative approach not only 
reduces the environmental footprint associated 
with packaging waste but also offers additional 
benefits. EBFs can extend the shelf life of 
food, prevent spoilage, and enhance food 
safety (Rajesh & Subhashini, 2021). 

Aromatic compounds are generally 

Journal of Agricultural Machinery 

Homepage: https://jame.um.ac.ir 

mailto:H_mirzaee@shahroodut.ac.ir
https://doi.org/10.22067/jam.2025.92162.1343
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.22067/jam.2025.92162.1343
https://orcid.org/0000-0001-5274-4974
https://orcid.org/0009-0004-3605-1608
https://jame.um.ac.ir/


600    Journal of Agricultural Machinery Vol. 16, No. 3, Fall, 2026 

classified into two main categories: simple 
aromatic hydrocarbons, such as benzene, 
toluene, and xylene, which are composed 
solely of carbon and hydrogen; and oxygen- or 
nitrogen-containing aromatic derivatives, such 
as phenols, flavonoids, alkaloids, and 
compounds found in essential oils (Mirzaee 
Moghaddam & Rajaei, 2021). Essential oils, 
extracted from the plants, not only have 
appealing fragrances but also exhibit 
significant physical and chemical properties. 
These oils are used as effective agents in 
improving the physicomechanical properties of 
Pickering emulsion-based edible 
biodegradable films (EBFs) (De Farias et al., 
2025). The incorporation of essential oils into 
these films can enhance properties such as 
tensile strength, flexibility, and resistance to 
water vapor permeability. Additionally, these 
compounds may positively influence the 
moisture content and solubility of the films 
(Ponnampalam et al., 2022). In the context of 
food packaging, the use of essential oils in the 
form of Pickering emulsions represents an 
innovative approach to enhancing the 
mechanical properties of the films and 
improving their performance in food 
preservation (Pandita et al., 2024). These films 
can serve as biodegradable alternatives to 
conventional packaging materials in the food 
industry, helping to maintain food quality 
while offering suitable physical and functional 
properties (Tajari, Sadrnia, & Hosseini, 2024). 

Emulsions, which are colloidal dispersions 
of two immiscible liquids, play a significant 
role across various industries, with different 
types used in a wide range of products (Tan & 
McClements, 2021). One specific category is 
Pickering emulsions, which are stabilized by 
solid particles at the liquid–liquid interface. In 
the field of essential oils, Pickering emulsions 
have gained prominence due to their unique 
advantages. Essential oils, which are typically 
hydrophobic, can be difficult to incorporate 
uniformly into aqueous-based systems. 
Pickering emulsions overcome this limitation 
by providing a stable and efficient method for 
dispersing essential oils in water-based 
formulations. The solid particles at the 

interface prevent coalescence and contribute to 
the enhanced stability of the emulsion 
(Shahbazi, Rajaei, Tabatabaei, Mohsenifar, & 
Bodaghi, 2021). 

In recent years, the development of EBFs 
has emerged as a groundbreaking solution to 
mitigate the environmental burden of 
conventional plastic packaging. However, a 
critical challenge remains: enhancing the 
physicomechanical and functional properties 
of EBFs to match or surpass those of synthetic 
polymers while maintaining biodegradability 
and food safety. Unlike conventional 
emulsion-based films, Pickering emulsions 
ensure superior stability, controlled release of 
bioactive compounds, and enhanced 
mechanical strength (Cheng et al., 2024). 
Furthermore, the synergistic integration of 
essential oils not only improves tensile 
strength, flexibility, and barrier properties but 
also introduces antimicrobial and antioxidant 
functionalities, extending food shelf life more 
effectively than passive biodegradable films 
(Zhang, Jiang, Rhim, Cao, & Jiang, 2022). 
This review article explores the innovative 
approach of Pickering emulsions containing 
essential oils in polysaccharide-based 
biodegradable films to address key limitations 
in current biodegradable packaging. By 
optimizing the structural integrity and 
performance of EBFs through this novel 
emulsion system, this research provides a 
sustainable and versatile alternative to 
traditional packaging. Finally, a discussion is 
presented on current challenges and future 
opportunities in this field. These findings pave 
the way for next-generation smart packaging, 
where biodegradability, enhanced food 
preservation, and advanced material properties 
coexist, representing a significant leap forward 
in eco-friendly food packaging innovation. 

 
Polysaccharides 

Edible biodegradable films and coatings are 
composed of polymeric matrices made from 
edible biodegradable polymers, such as 
polysaccharides and proteins. These thin 
matrices are used in food packaging 
applications. Their primary functions include 
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preventing gas exchange, microbial spoilage, 
and the loss of moisture and solutes from food 
products, while preserving the 
physicochemical and sensory properties of the 
food Notably, these polymer matrices are 
designed to be consumed along with the 
packaged food, offering a unique interactive 
experience (Ogwu & Ogunsola, 2024).  

The preparation of these matrices involves 
the use of edible biopolymers, many of which 
are derived from renewable resources or agro-
industrial byproducts (Iñiguez-Moreno et al., 
2024). Due to their natural origin, these 
biopolymers are inherently biodegradable, 
contributing to their environmentally friendly 
profile. The adoption of such biopolymers 
presents a promising approach to reducing 
reliance on non-biodegradable plastic 
packaging materials. Additionally, the use of 
naturally sourced polymers provides a 
significant economic benefit to the food 
industry (Dutta & Sit, 2024).  

In recent years, there has been a notable 
increase in the interest in polysaccharide-based 
EBFs and coatings. This growing interest can 
be attributed to the ease of chemically 
modifying polysaccharides, which offers 
researchers the flexibility to effectively tailor 
the properties of these matrices (Mirzaee 
Moghaddam, Tavakkoli, Minaee, & Rajaee, 
2007). Polysaccharides are broadly classified 
into starch and non-starch categories, with 
non-starch polysaccharides exhibiting greater 
hydrophilicity (Li et al., 2023). The 
incorporation of these hydrophilic 
polysaccharides into aqueous solutions 
increases viscosity, enabling tailored 
adjustments to the hardness, crispness, and 
adhesiveness of biopolymer matrices. Non-
starch polysaccharides include cellulose and 
its derivatives, seaweed extracts, microbial 
fermentation gums, exudate gums, and seed 
gums (Sahraeian, Rashidinejad, & Niakousari, 
2023). This section briefly discusses some of 
the polysaccharides that have been recently 
investigated by food scientists for the 
development of innovative EBFs and coatings 
(Anis, Pal, & Al-Zahrani, 2021). Some of the 
commonly used polysaccharides in edible 

films include the following. 
 

Carrageenan 

Carrageenan, a water-soluble 
polysaccharide extracted from red seaweeds, is 
a partially sulfated galactan that forms stable 
films due to its strong film-forming abilities, 
particularly in the kappa and iota types 
(Abdallah, Ghazouani, & Fattouch, 2024). 
These polysaccharides create a three-
dimensional network through physical 
interactions, leading to gelation and stable film 
formation. Carrageenan-based EBFs are 
widely used in food packaging to prevent gas 
exchange, microbial spoilage, and moisture 
loss (Kokkuvayil Ramadas, Rhim, & Roy, 
2024). While refined kappa-carrageenan can 
be costly, semi-refined versions provide a 
more cost-effective alternative, demonstrating 
both the versatility and economic potential of 
carrageenan-based films (Ciancia, Matulewicz, 
& Tuvikene, 2020). 

 
Chitosan 

Chitosan, derived from chitin found in the 
exoskeletons of crustaceans, is a biopolymer 
with significant potential for use in EBFs for 
food packaging (Malm et al., 2021; Heydarian, 
Ahmadi, Dashti, & Normohammadi, 2022). It 
possesses antimicrobial properties, is 
biodegradable, and exhibits excellent film-
forming ability. The cationic nature of 
chitosan enables it to interact with negatively 
charged components such as proteins and 
nucleic acids, enhancing its antimicrobial 
effectiveness (Nasaj et al., 2024). This makes 
chitosan particularly effective in extending the 
shelf life of food by inhibiting microbial 
growth. Additionally, its biodegradability 
contributes to sustainable packaging solutions, 
positioning chitosan as a promising material 
for both food preservation and 
environmentally friendly packaging 
(Priyadarshi & Rhim, 2020). 

 
Alginate 

Alginate, a polysaccharide derived from 
brown seaweeds, is widely used in EBFs due 
to its biocompatibility, gel-forming ability, and 
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excellent film-forming properties (Bukhari, 
Rawi, Hassan, Saharudin, & Kassim, 2023). 
Alginate-based EBFs are flexible, transparent, 
and offer strong oxygen barrier capabilities, 
contributing to food preservation. The ability 
of alginate to form gels in the presence of 
calcium ions enhances the mechanical strength 
of the films (Eslami, Elkoun, Robert, & 
Adjallé, 2023). These films are effective in 
controlling moisture migration, preventing 
dehydration, and maintaining food quality. 
Due to its biodegradability, alginate is 
considered a sustainable material, making it a 
promising choice for food packaging 
applications (Jayakody, Vanniarachchy, & 
Wijesekara, 2022). 

 
Cellulose derivatives 

Cellulosic derivatives, such as 
carboxymethyl cellulose, hydroxypropyl 
cellulose, methylcellulose, hydroxypropyl 
methylcellulose, and microcrystalline 
cellulose, are key materials in EBFs for food 
packaging (Yildirim-Yalcin, Tornuk, & Toker, 
2022). These derivatives enhance viscosity, 
improve stability, and modify film properties 
such as thickness and mechanical strength. 
Hydroxypropyl methylcellulose, in particular, 
is well known for its excellent film-forming 
ability. The use of these materials in EBFs 
supports sustainable packaging while enabling 
the customization of film properties to meet 
the specific requirements of different food 
products (Y. Liu et al., 2021). 

 
Agar 

Agar, derived from seaweed, is widely used 
in EBFs due to its unique gelling properties. It 
forms stable films and coatings that serve as 
effective barriers against gas exchange, 
microbial spoilage, and moisture loss, thereby 
helping to preserve food and extend shelf life 
(Fadiji, Rashvand, Daramola, & Iwarere, 
2023). Agar solidifies at low temperatures, 
making it ideal for film formation without 
compromising food quality. Its natural origin 
and biodegradability align with the growing 
demand for sustainable packaging, and food 
scientists are increasingly exploring its 

potential to enhance food preservation and 
packaging practices (Mostafavi & Zaeim, 
2020). 

 
Starch 

Starch, a polysaccharide derived from 
plants, is widely used in the production of 
EBFs for food packaging. It is known for its 
film-forming ability, biodegradability, and 
versatility in modifying film properties (Pei et 
al., 2024). Starch-based EBFs are flexible, 
transparent, and offer moisture barrier 
properties, which help maintain food quality. 
The film-forming capability of starch can be 
enhanced through crosslinking or blending 
with other materials, such as plasticizers or 
natural polymers (Jayarathna, Andersson, & 
Andersson, 2022). Starch films are particularly 
effective in controlling moisture migration and 
preventing dehydration, making them suitable 
for packaging a variety of food products. 
Given its renewable origin and 
biodegradability, starch is considered a 
promising candidate for sustainable food 
packaging solutions (Chen et al., 2023). 

 
Konjac glucomannan 

Konjac glucomannan, derived from the 
konjac plant, is widely used in EBFs due to its 
thickening and gelling properties. It forms 
stable films that serve as effective barriers 
against moisture loss, microbial spoilage, and 
gas exchange, thereby enhancing food 
preservation (Moeini, Pedram, Fattahi, Cerruti, 
& Santagata, 2022). These films are flexible, 
transparent, and biodegradable, making them a 
sustainable packaging option. The unique 
properties of konjac glucomannan offer 
significant potential for enhancing food 
preservation and packaging practices in the 
food industry (Ni et al., 2021). 

 
Essential oils 

Essential oils play a crucial role in the food 
industry due to their ability to enhance flavors, 
aromas, and overall sensory experiences. 
These compounds are widely used in various 
food and beverage products, offering unique 
and natural profiles that cannot be achieved 
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through other means. In the food industry, 
essential oils are categorized based on their 

intended use (Yu, 2025).  
 

 
Table 1- Origin of the plant or herb, the plant part utilized, and the primary constituents of essential oils 

Essential oil 
Source 

plant/herb 
Part of the 

plant 
Major components Reference 

Lavender 
Lavandula 

angustifolia 
Flowers Linalool, linalyl acetate 

(Rusanov, Vassileva, 

Rusanova, & Atanassov, 

2023) 

Peppermint Mentha piperita Leaves Menthol, menthone 
(Beigi, Torki-Harchegani, 

& Ghasemi Pirbalouti, 

2018) 
Lemon Citrus limon Peel Limonene, β-pinene (Akarca & Sevik, 2021) 

Tea Tree 
Melaleuca 

alternifolia 
Leaves Terpinen-4-ol, γ-terpinene 

(Brun, Bernabè, Filippini, 

& Piovan, 2019) 

Eucalyptus 
Eucalyptus 

globulus 
Leaves Eucalyptol, α-pinene 

(Almas, Innocent, 

Machumi, & Kisinza, 

2021) 

Rosemary 
Rosmarinus 

officinalis 
Leaves Α-Pinene, camphor (Katar et al., 2019) 

Cinnamon 
Cinnamomum 

verum 
Bark tree 

Cinnamaldehyde, eugenol, benzaldehyde, 

linalool, various terpenes 
(Gotmare & Tambe, 2019) 

Oregano 
Origanum 

vulgare 
Leaves 

Carvacrol, thymol, p-cymene, γ-terpinene, β-

caryophyllene 
(Kosakowska et al., 2021) 

Clove 
Syzygium 

aromaticum 
Flowers 

Eugenol, eugenyl acetate, caryophyllene, various 

other sesquiterpenes and aldehydes 
(Yadav, Gupta, Bharti, & 

Yogi, 2020) 
Lemon 

Myrtle 
Backhousia 

citriodora 
Leaves 

Citral (a compound that gives it a lemony scent), 

linalool, myrcene, citronellal 
(Southwell, 2021) 

Perilla 
Perilla 

frutescens 
Leaves 

Perillaldehyde, limonene, caryophyllene, 

myrcene 
(Ahmed & Al-Zubaidy, 

2020) 

Basil 
Ocimum 

basilicum 
Leaves 

Linalool, methyl chavicol (also known as 

estragole), eugenol, cineole, various other 

monoterpenes and sesquiterpenes 
(Dhama et al., 2023) 

Ginger 
Zingiber 

officinale 
Rhizomes of 

the ginger plant 
Gingerol, zingiberene, β-sesquiphellandrene, 

various other sesquiterpenes and monoterpenes 

(Akshitha, Umesha, Leela, 

Shivakumar, & Prasath, 

2020) 

Lemongrass 
Cymbopogon 

citratus 
Leaves 

Citronellal, geranial (also known as citral), 

limonene, myrcene 

(Kumoro, Wardhani, 

Retnowati, & Haryani, 

2021) 

Thyme Thymus vulgaris 
Leaves and 

Flowers 
Thymol, carvacrol, p-cymene, linalool, various 

terpenes 
(Wesolowska & Jadczak, 

2019) 

Grapefruit Rutaceae Peel Limonene, myrcene, α-pinene, other terpenes 
(Molnar, Gašo-Sokač, 

Komar, Kovač, & Bušić, 

2024) 

Tangerine Rutaceae Peel 
Limonene, myrcene, γ-terpinene, α-pinene, other 

terpenes 
(Ngo, Tran, Nguyen, & 

Mai, 2020) 
 

 Cumin 
Cuminum 

cyminum 
Seeds 

Cuminaldehyde, γ-terpinene, β-pinene, cymene, 

various other terpenes 
(Tavakoli-Rouzbehani et 

al., 2021) 

Cardamom 
Elettaria 

cardamomum 
Seeds 

Α-terpinyl acetate, 1,8-cineole (eucalyptol), 

limonene, sabinene, various other terpenes 
(Alam, Hussain, Ahmad, 

Ali, & Khan, 2023) 

Ho Wood 
Cinnamomum 

camphora 
Wood Camphor, limonene, cineole (Kanyal et al., 2023) 

Marjoram 
Origanum 

majorana 
Leaves and 

Flowers 
Terpinen-4-ol, γ-terpinene, cis-sabinene hydrate, 

linalool, other terpenes 
(Prerna & Vasudeva, 

2016) 

 

 

They may function as natural flavorings, 
enhancing or mimicking specific flavors in 
food products. Additionally, essential oils can 
serve as food additives, providing 

antimicrobial properties or acting as 
antioxidants to extend the shelf life of food 
(Upadhye, Mujawar, & Kashte, 2025). Some 
essential oils are also incorporated into food 
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and beverage packaging materials to impart 
desirable aromas and prevent the transfer of  

 unwanted flavors (Mirzaee Moghaddam & 
Rajaei, 2021). The extraction of essential oils 
for the food industry follows similar methods 
as those used in other industries (Bolouri et al., 
2022). Steam distillation is commonly 
employed, ensuring that the essential oils 
retain their natural flavors and aromas while 
removing any unwanted components. Cold-
press extraction is also utilized for citrus fruits, 
where the oils are obtained by mechanically 
pressing the rinds. Solvent extraction is less 
common in the food industry but may be used 
for specific applications (Giacometti et al., 
2018). Table 1 presents the essential oils and 
their properties. 

 
Pickering emulsion 

Emulsions play a crucial role in various 
industries and are primarily classified based on 
the type of emulsifying agent used, resulting in 
two main categories: conventional emulsions 
containing emulsifiers and Pickering 
emulsions (de Carvalho-Guimarães et al., 
2022). Emulsions are colloidal systems 
consisting of two immiscible liquids, typically 
oil and water, stabilized either by emulsifying 
agents or solid particles. In conventional 
emulsions, emulsifiers reduce the interfacial 
tension between the immiscible phases, 
thereby promoting stability (Nazari, Rajaei, & 
Mirzaee Moghaddam, 2025). In contrast, 
Pickering emulsions are stabilized by solid 
particles, such as colloidal particles or 
nanoparticles. Several factors influence the 
stability of Pickering emulsions, including 
particle concentration, size, and surface 
properties (Chevalier & Bolzinger, 2013). 
Higher particle concentrations generally 
enhance stability, while smaller particle sizes 
improve stabilization due to increased surface 
area. Moreover, the wettability of the particles 
and their interaction with the liquid phases 
also affect stability (Yang et al., 2023). More 
hydrophilic particles tend to stabilize oil-in-
water emulsions more effectively, while more 
hydrophobic particles are preferable for water-
in-oil emulsions (Tabatabaei et al., 2022). 

 
The use of nanoparticles in enhancing the stability of 

Pickering emulsions 

The use of nanoparticles in the stability of 
Pickering emulsions has emerged as a key 
strategy for enhancing their performance in 
various applications. Nanoparticles, typically 
made from inorganic materials, organic 
polymers, or biopolymers, act as highly 
effective stabilizers by adsorbing at the oil-
water interface, where they reduce interfacial 
tension and prevent coalescence of droplets 
(Lashari et al., 2022). Their small size and 
high surface area provide better interaction 
with the emulsion phases, ensuring more 
stable and long-lasting emulsions. By 
controlling the size, surface charge, and 
composition of these nanoparticles, it is 
possible to fine-tune the stability of Pickering 
emulsions under different environmental 
conditions, such as variations in pH, 
temperature, and ionic strength (Kour et al., 
2024). Furthermore, the incorporation of 
nanoparticles can enhance the emulsions' 
mechanical strength, making them more 
resistant to destabilization and improving their 
performance in food, pharmaceutical, and 
cosmetic formulations (Shahbazi et al., 2021). 
Ultimately, the ability of nanoparticles to 
provide both physical and chemical 
stabilization makes them invaluable in the 
development of robust Pickering emulsions 
with improved shelf-life and functional 
properties (Mirzaee Moghaddam, 
Khoshtaghaza, Salimi, & Barzegar, 2014). 

 
Fundamentals of Pickering emulsion-based EBF 

Pickering emulsions represent a class of 
emulsions stabilized by solid particles rather 
than traditional surfactants. In the context of 
EBF, these emulsions utilize the ability of 
solid particles to adsorb at the oil–water 
interface, thereby preventing droplet 
coalescence and enhancing overall emulsion 
stability (Tabatabaei et al., 2022). The solid 
stabilizers, which may include natural or 
synthetic materials such as cellulose, starch, 
silica, and clays, play a pivotal role not only in 
stabilizing the emulsion but also in reinforcing 
the mechanical properties of the resultant EBF 
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(Cheng et al., 2024). These solid stabilizers are 
advantageous due to their biocompatibility and 
their ability to impart desired structural 
integrity to the films, which is particularly 
important for applications in food packaging. 
The incorporation of Pickering emulsions into 
EBF has been shown to enhance several 
critical physicomechanical properties, 
including tensile strength, flexibility, and 
water vapor permeability (Niro, Medeiros, 
Freitas, & Azeredo, 2021).  

The solid particles contribute to the 
formation of a more cohesive and 
mechanically robust film structure, improving 
its resistance to mechanical stress while 
maintaining the flexibility required for 
practical use. Additionally, these emulsions 
can significantly improve the barrier properties 
of the films, such as moisture retention, which 
is essential for controlling moisture release and 
extending the shelf life of packaged food 
products. The ability to control moisture 
migration within the film is particularly 
important for preventing spoilage and 
maintaining the quality of food items. The 
integration of Pickering emulsions into EBF 
not only addresses the challenges associated 
with incorporating essential oils but also 
facilitates the development of films with 
tailored properties for specific food packaging 
needs. These films are not only biodegradable 
and environmentally friendly but also offer a 
promising alternative to conventional synthetic 
packaging materials, aligning with the growing 
demand for sustainable and natural food 
packaging solutions (Hussain, Akhter, & 
Maktedar, 2024). 

 

Synthesis methods 

EBF are thin, flexible films usually 
composed of biopolymers such as proteins, 
polysaccharides, or lipids, which can be 
derived from plant and animal sources. Film 
ingredients are carefully selected to meet 
specific performance and barrier requirements 
for various food applications. Common 
methods for film preparation include solution 
casting, extrusion, and compression molding. 

In solution casting, the film-forming materials 
are dissolved in a solvent, and then the 
solution is cast in a thin layer and dried to 
form the film (Borbolla-Jiménez et al., 2023). 
Extrusion involves processing a paste-like 
mixture through a die to create a continuous 
sheet, while compression molding compresses 
the material into a film using heat and pressure 
(Seoane-Viaño, Januskaite, Alvarez-Lorenzo, 
Basit, & Goyanes, 2021). 

The preparation of Pickering emulsions 
containing encapsulated essential oils for 
application onto edible films involves a 
sophisticated process that merges the 
principles of emulsion science and colloid 
chemistry (Sharkawy, Barreiro, & Rodrigues, 
2020). In this innovative approach, solid 
particles, often in the form of colloidal 
materials or nanoparticles, play a pivotal role 
as stabilizers, forming a protective interfacial 
layer around oil droplets (Jiang, Sheng, & 
Ngai, 2020). To initiate the emulsification 
process, essential oils, renowned for their 
aromatic and functional properties, are 
carefully chosen and incorporated into the oil 
phase. These oil droplets are then dispersed in 
an aqueous phase containing the selected 
stabilizing particles. The emulsification 
process can be facilitated through mechanical 
methods such as homogenization or 
ultrasonication (Figure 1). Once the Pickering 
emulsion is formed, it can be applied to food 
films, with the stabilized droplets acting as 
carriers for the encapsulated essential oils. The 
choice of solid particles, their concentration, 
and their surface properties are critical factors 
influencing the stability and functionality of 
the resulting emulsion and, consequently, the 
performance of the food film. This innovative 
methodology not only addresses the challenges 
associated with essential oil stability but also 
opens up avenues for creating functional and 
sustainable food packaging materials, 
contributing to the broader efforts in 
enhancing the quality and shelf life of food 
products. 
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Fig. 1. Schematic of the process of producing EBF containing essential oil Pickering emulsions 

 
Incorporation of essential oils in Pickering emulsion-

based EBF 

The incorporation of essential oils into 
Pickering emulsion-based EBF represents a 
promising strategy for enhancing the 
physicomechanical properties of these films. 
Pickering emulsions, which are stabilized by 
solid particles at the oil-water interface, offer 
significant advantages in terms of reinforcing 
the structural integrity and stability of EBF 
Unlike conventional emulsions that rely on 
surfactants, Pickering emulsions create a more 
robust network, providing greater resistance to 
droplet coalescence and preserving the 
structural and mechanical properties of the 
film matrix (Zhang et al., 2024). This unique 
stabilization mechanism is crucial in 
preventing the loss of essential oils, which are 
prone to volatilization, thereby improving the 
overall functional performance of EBF. The 
addition of essential oils to Pickering 
emulsions can significantly influence the 
physicomechanical properties of the resulting 
EBF (Amrani, Pourshamohammad, 
Tabibiazar, Hamishehkar, & Mahmoudzadeh, 

2023).  
In particular, the tensile strength and 

flexibility of the films are affected by the type 
and concentration of essential oils. The solid 
particles used to stabilize the emulsion also 
play a critical role in enhancing the 
mechanical strength of the films, as they help 
create a more cohesive and uniform structure 
(Cai et al., 2023). This improvement is 
especially important in the context of EBF, 
which must maintain their integrity under 
mechanical stress, such as stretching or 
bending. Additionally, the films must remain 
flexible enough to allow for practical 
applications in food packaging (Low, Siva, 
Ho, Chan, & Tey, 2020).  

Water vapor permeability is another key 
property influenced by the incorporation of 
essential oils into Pickering emulsion-based 
EBF. Essential oils, when incorporated into the 
film matrix, can reduce the permeability of the 
films to water vapor, which is crucial for 
extending the shelf life of moisture-sensitive 
food products. This improved barrier property 
helps preserve the quality of the food by 
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limiting moisture loss (Almasi, Azizi, & 
Amjadi, 2020). Furthermore, the hydrophobic 
nature of many essential oils contributes to the 
water-resistant characteristics of the films, 
providing an additional layer of protection for 
food items that require moisture control (Low 
et al., 2020). Solubility is another critical 
aspect that is affected by the incorporation of 
essential oils into the films. The solubility 
properties of the films influence their 
performance in various environmental 
conditions.  

By controlling the solubility and dissolution 
rates, the films can be tailored to release 
essential oils in a controlled manner, which is 
beneficial for active food packaging 
applications (Amrani et al., 2023). The 
controlled release of bioactive components, 
such as the antimicrobial and antioxidant 
properties of the essential oils, can be 
optimized by adjusting the concentration of 
solid stabilizers and the oil phase composition 
(Jafarzadeh & Jafari, 2021). Overall, the 
incorporation of essential oils into Pickering 
emulsion-based EBF offers a versatile 
approach to enhancing the physicomechanical 
properties of these films. By improving 
mechanical strength, flexibility, and water 
vapor permeability, these films not only 
provide functional benefits for food 
preservation but also contribute to the 
development of more sustainable and bioactive 
packaging solutions. The potential for 
controlled release of bioactive components 
further aligns with the growing demand for 
natural, biodegradable, and functional food 
packaging materials that are capable of 
preserving food quality while reducing 
environmental impact (Nilsen-Nygaard et al., 
2021). 

 
Impact of Pickering emulsions containing essential 

oils on physicomechanical properties of EBF 

The incorporation of essential oils into 
EBF, particularly those based on Pickering 
emulsions, significantly influences their 
physicomechanical properties, which are 
critical for performance in food packaging 
applications. Essential oils, rich in bioactive 

compounds such as terpenes, aldehydes, and 
phenolic compounds, interact with the 
polymeric matrices of EBF, thereby altering 
their mechanical, structural, and barrier 
properties (Versino et al., 2023). These 
changes depend on various factors, including 
the type and concentration of the essential oils, 
the composition of the matrix, and the method 
of incorporation. 

 
Physical properties affecting the effectiveness of 

EBFs 

Moisture of EBF 

Moisture absorption and retention are 
fundamental properties for EBF, as they 
directly affect the shelf life and stability of 
food products. The addition of essential oils 
can influence the hygroscopic nature of the 
films. Generally, essential oils, especially 
those with hydrophobic properties, reduce the 
moisture absorption capacity of the films. This 
reduction in moisture uptake is beneficial for 
food packaging, as it prevents the film from 
absorbing excess moisture from the 
surrounding environment, which could lead to 
the deterioration of food quality (Mirzaee 
Moghaddam, Khoshtaghaza, Salimi, & 
Barzegar, 2014). 

Moisture in EBF refers to the amount of 
water present within the film's structure. It is a 
critical parameter influencing the mechanical, 
sensory, and functional properties of the film. 
Moisture content is typically expressed as a 
percentage of the film's total weight or in 
terms of thermal properties. The process of 
moisture release or absorption can have 
significant effects on the behavioral and 
functional characteristics of EBF (Zoghi, 
Khosravi-Darani, & Mohammadi, 2020). The 
moisture content (MC) of a film is commonly 
calculated using the equation (1): 

×100                                        (1)  W% = 
𝑊0−𝑊1

𝑊0
  

where, 𝑊0: The initial weight of biodegradable 
film, and 𝑊1: The weight of the film after 
drying. 

The incorporation of Pickering emulsion 
containing essential oils into EBF can 
influence its moisture content. Essential oils 
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(EOs), known for their hydrophobic nature, 
tend to reduce the overall hydrophilicity of the 
film. This reduction in hydrophilicity affects 
the interaction of water molecules with the 
polymer chains, leading to a decrease in 
moisture content (Cui et al., 2023).  

 
Solubility of EBF 

Solubility is a critical property of EBF that 
determines its ability to dissolve or disperse 
when exposed to environmental conditions, 
particularly in the presence of water. The 
solubility of EBF is influenced by its 
composition and the interactions within the 
polymer matrix. Essential oils, when 
incorporated into the film, can alter solubility 
behavior by interacting with the polymer 
chains. These interactions can reduce the 
film’s solubility, making it more resistant to 
dissolution when exposed to moisture or 
aqueous environments. This reduction in 
solubility can be beneficial in food packaging 
applications, where films are designed to 
maintain their structural integrity and 
functionality under varying humidity or 
moisture conditions. By adjusting the 
concentration of essential oils, the solubility of 
EBF can be precisely controlled, ensuring the 
desired performance in food preservation and 
packaging (Nahalkar, Rajaei, & Mirzaee 
Moghaddam, 2025a). Dissolution in the 
context of EBF refers to the process of 
breaking down and dispersing the film's 
components in a solvent or liquid medium. It 
is a critical aspect influencing the release of 
bioactive compounds, flavor agents, or other 
additives incorporated into the film matrix. 
The rate and extent of dissolution are key 
factors in determining the functionality and 
performance of EBF in various applications 
(Díaz-Montes & Castro-Muñoz, 2021). The 
dissolution rate (DR) of a biodegradable film 
can be expressed using equation (2): 

100                                      (2)  ×= 
𝑊1− 𝑊2

𝑤1
 Ws% 

where, 𝑊1: Initial weight of dried EBF, and 
𝑊2: Weight of dried film after immersion. 

The inclusion of Pickering emulsion 
containing essential oils in EBF can 

significantly influence its dissolution 
characteristics. Essential oils, being inherently 
hydrophobic, may slow down the dissolution 
process due to their limited affinity for water 
(Barradas & de Holanda e Silva, 2021).  

 
Water vapor permeability of EBF 

Water vapor permeability (WVP) is a 
critical property for EBF, as it determines the 
rate at which moisture can pass through the 
film. The incorporation of essential oils into 
Pickering emulsion-based EBF can influence 
WVP, depending on the type and 
concentration of oils used. Essential oils, due 
to their hydrophobic nature, generally reduce 
the water vapor permeability of films. This is 
especially important for food packaging 
applications, where preventing excessive 
moisture exchange between the film and the 
product is essential for extending shelf life and 
preserving the quality of the food. The 
reduction in WVP is achieved through the 
hydrophobic interactions between the essential 
oils and the polymer matrix, which create a 
more compact and less permeable film 
structure (Nahalkar, Rajaei, & Mirzaee 
Moghaddam, 2025b). The measurement of 
WVP provides insights into the barrier 
properties of the film, affecting its suitability 
for various applications, especially in food 
packaging (Hammam, 2019). The WVP of a 
biodegradable film can be calculated using the 
equation (3): 
WVP = 

  ∆𝑊 × 𝐹𝑇

𝑆 × ∆𝑝
                                             (3) 

where, ΔW is the weight reduction of the vial 
(g), FT is the thickness (mm), S is the area 
(m2), and Δp is the pressure difference (kPa). 
The incorporation of Pickering emulsion 
containing essential oils in EBF can alter its 
water vapor permeability. Essential oils, 
known for their hydrophobic nature, can 
enhance the hydrophobicity of the film matrix, 
potentially reducing water vapor transmission 
(Zhang et al., 2022). 

Table 2 presents research findings on the 
changes in solubility, moisture, and water 
vapor permeability of EBF in response to 
Pickering emulsions containing essential oils. 
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Table 2- Some recent studies on the effect of Pickering emulsion containing essential oils on moisture, solubility, and 

water vapor permeability of EBF 

Biodegradable film Essential oil Pickering particle Application 

Analyze

d food 

product 

Reference 

Chitosan/gelatin Cinnamon Zein nanoparticles Reducing water vapor permeability - (Fan et al., 2023) 

Chitosan Cinnamon 
Cellulose 

nanocrystal 
Improving film resistance to water 

Pork 

meat 
(J. Liu et al., 2022) 

Konjac 

glucomannan 
Oregano 

Zein–pectin 

nanoparticle 
Reducing water vapor permeability _ (Zhang et al., 2022) 

Carrageenan/agar Tea tree Nanocellulose fibers 
Slightly improving the water vapor 

barrier, water resistance 
_ (Roy & Rhim, 2021) 

Chayote tuber starch Cinnamon 
Zein-pectin 

nanoparticle 

Reducing the moisture content of 

EBF, reducing water vapor 

permeability of EBF 

Ground 

beef 
(Wu et al., 2023) 

Chitosan Lemon myrtle Alkali lignin Resistance to moisture _ 

(Liu, Swift, Tollemache, 

Perera, & Kilmartin, 

2022) 

Pearl millet starch Clove bud 
Kudzu cellulose 

nanocrystals 
Water barrier _ 

(Bangar, Whiteside, 

Dunno, Cavender, & 

Dawson, 2023) 

Anthocyanidin/chito

san 
Cinnamon-perilla Collagen 

Reducing water vapor permeability, 

increased hydrophobicity 

Chilled 

fish fillet 

(Zhao, Guan, Zhou, Lao, 

& Cai, 2022) 

Konjac 

glucomannan and 

Pullulan 

Tea tree Cellulose nanofibrils Improving water resistance _ (Bu, Huang, et al., 2022) 

Konjac 

glucomannan 

Corn germ oil-

oregano essential 

oil 

Zein-pectin 

nanoparticle 
Water resistance _ (Du et al., 2023) 

Sodium alginate Lemongrass Cellulose nanofibers Improving water repellency _ 
(Wardana, Wigati, Van, 

Tanaka, & Tanaka, 2023) 

Chitosan Clove 
Zein and sodium 

caseinate 
Reducing water vapor permeability _ (Hua et al., 2021) 

Konjac 

glucomannan 
Oregano Chitin nanocrystal 

Water vapor permeability firstly 

decreased and then increased 
_ (Xu et al., 2023) 

Chitosan Grapefruit 

Amphiphilic octenyl 

succinic anhydride 

konjac glucomannan 

Improved water resistance and water 

vapor permeability 
_ (Bu, Sun, et al., 2022) 

Tapioca 

starch/polyvinyl 

alcohol 

Thymus vulgaris 
Cellulose 

nanocrystals 

Lower water vapor transmission 

coefficient 

Fish 

fillets 
(Guo et al., 2024) 

Starch Ginger 

Tempo-oxidized 

cellulose 

nanocrystals 

Reducing water vapor permeability Tomato (Chen et al., 2023) 

Hydroxypropyl 

methyl cellulose 
Cinnamon 

Zein/carboxymethyl 

tamarind gum 
Reducing water vapor permeability 

Cherry 

tomatoes 
(Yao et al., 2023) 

Persian gum- 

Gelatin 
Thyme 

Persian gum- 

Gelatin 

The reduction of films' permeability 

to water vapor and moisture enhances 

their functionality 

Fish 

fillets 

(Sayadi, Abedi, & 

Oliyaei, 2025) 

Chitosan/silk fibroin 

(CS/SF) 

Cinnamon 

essential oil 

Cellulose 

nanocrystals 

Reduced the water vapor transmission 

rate 
- (Wang et al., 2024) 

Pectin (PEC) and 

konjac glucomannan 

(KGM) 

Clove essential oil 
Cellulose 

nanocrystals 
Reduced permeability to water vapor Grape (Wang et al., 2024) 

 
 
The moisture, solubility, and WVP 

properties of EBF incorporating Pickering 
emulsions containing essential oils play a 
crucial role in determining their effectiveness 
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for active food packaging. The presence of 
Pickering emulsions generally reduces 
moisture absorption, as the solid stabilizing 
particles, along with the hydrophobic nature of 
essential oils, create a protective barrier that 
limits water penetration and prevents 
excessive swelling of the film. Furthermore, 
the solubility of the film in water decreases 
due to the nanoemulsion structure and the 
water-repellent characteristics of essential oils, 
which hinder direct interaction between water 
molecules and the film matrix, thereby 
enhancing its mechanical stability in humid 
environments. Additionally, WVP, a key 
factor in controlling moisture transfer in 
packaged foods, is significantly reduced in 
films containing Pickering emulsions, as the 
stabilizing particles act as a physical barrier 
that complicates the diffusion path of water 
vapor molecules, while the presence of 
essential oils decreases surface polarity, 
further restricting moisture transmission. The 
extent of these effects depends on various 
factors such as the type and concentration of 
essential oils, the size and distribution of 
stabilizing particles, and the composition of 
the biopolymeric matrix, all of which can be 
optimized to enhance the barrier properties and 
functional performance of the film in food 
packaging applications (Bangar et al., 2023; 
Du et al., 2023; Fan et al., 2023; Hua et al., 
2021; Roy & Rhim, 2021). 

 
Effects on mechanical properties of EBF 

Mechanical properties of EBF, including 
tensile strength, elongation, and Young's 
modulus, play a crucial role in their 
functionality and performance as food 
packaging materials. The incorporation of 
emulsion-based Pickering emulsion containing 
essential oils can have significant effects on 
the mechanical properties of these films. 
Tensile strength is a measure of a film's 
resistance to breaking under tension, while 
elongation represents the ability of the film to 
stretch without breaking (Javadi Farsani, 
Mirzaee Moghaddam, & Rajaei Najafabadi, 
2023). Young's modulus, also known as the 

elastic modulus, is an indicator of a film's 
stiffness and its ability to return to its original 
shape after deformation (Mirzaee 
Moghaddam, 2019). These mechanical 
properties are important for ensuring the 
integrity and durability of the EBF during 
storage, handling, and transportation.  

Table 3 presents research findings on the 
mechanical changes in EBF in response to 
Pickering emulsions containing essential oils. 
When essential oils are incorporated into EBF 
through emulsion-based Pickering, they can 
influence the film's mechanical properties in 
several ways. Firstly, the presence of the 
emulsion droplets within the film matrix can 
affect the film's microstructure and 
morphology, leading to changes in its 
mechanical behavior. The dispersed droplets 
act as physical barriers, altering the overall 
film structure and potentially influencing the 
interaction between polymer chains 
(Farajpour, Djomeh, Moeini, Tavakolipour, & 
Safayan, 2020). Secondly, the essential oils 
themselves can interact with the film matrix, 
affecting its mechanical properties. Essential 
oils are known to have plasticizing effects on 
polymers, reducing their rigidity and 
increasing their flexibility (Abedi, Sayadi, & 
Oliyaei, 2024). This plasticizing effect can 
lead to an increase in elongation and a 
decrease in tensile strength. However, the 
specific impact of essential oils on the 
mechanical properties of the films can vary 
depending on several factors such as the type 
of oil used, its concentration, and the 
compatibility between the oil and the film 
matrix (Mirzaee Moghaddam & Rajaei, 2021). 

Incorporating emulsion-based Pickering 
particles into EBF can also offer advantages in 
terms of mechanical properties. The emulsion 
droplets act as reinforcing agents, enhancing 
the film's mechanical strength and stiffness. 
The droplets can improve the interfacial 
adhesion between polymer chains, resulting in 
a stronger film structure. This reinforcement 
effect can lead to increased tensile strength 
and Young's modulus (Mirzaee Moghaddam et 
al., 2007).  
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Table 3- Some recent studies on the effect of Pickering emulsions containing essential oils on the mechanical properties 

of EBF 

Biodegradable film Essential oil Pickering particle Application 

Analyzed 

food 

product 

Reference 

Chitosan Cinnamon Zein nanoparticles 
Improvement of 

mechanical properties 
_ (Fan et al., 2023) 

Chitosan Cinnamon Cellulose nanocrystal 
Reduces its mechanical 

strength 
Pork meat (Liu et al., 2022) 

Konjac glucomannan Oregano 
Zein–pectin 

nanoparticle 

Increased the elongation at 

break 
_ 

(Zhang et al., 

2022) 

Carrageenan/agar Tea tree Nanocellulose fibers 

Maintained mechanical 

strength with slightly 

improved flexibility 

_ 
(Roy & Rhim, 

2021) 

Chayote tuber starch Cinnamon 
Zein-pectin 

nanoparticle 

Increased elongation at 

break and reduced tensile 

strength 

Ground 

beef 
(Wu et al., 2023) 

Chitosan Lemon myrtle Alkali lignin Resisted mechanical stress _ (Liu et al., 2022) 

Potato starch and 

polyvinyl alcohol 
Clove Clove essential oil 

Reduced tensile strength 

and elongation percentage 
Pork meat (Zhao et al., 2023) 

Pearl millet starch Clove bud 
Kudzu cellulose 

nanocrystals 

Improved the mechanical 

resistance of the film 

Chilled fish 

fillet 

(Bangar et al., 

2023) 

Konjac glucomannan 

and Pullulan 
Tea tree Cellulose nanofibrils 

Improving the mechanical 

properties of films 
_ 

(Bu, Huang, et al., 

2022) 

Gelatin/agar Clove 

Copper-modified 

zinc oxide 

nanoparticles 

Improving the mechanical 

properties of films 
Pork meat 

(Roy, Priyadarshi, 

& Rhim, 2022) 

Carboxymethyl 

cellulose/polyvinyl 

alcohol 

Ginger Ginger essential oil 

Increased elongation at 

break and reduced tensile 

strength 

Bread 

(Fasihi, 

Noshirvani, & 

Hashemi, 2023) 

Konjac glucomannan 

Corn germ 

oil-oregano 

essential oil 

Zein-pectin 

nanoparticle 
Highest tensile strength _ (Du et al., 2023) 

Chitosan Clove 
Zein and sodium 

caseinate 

Increased tensile strength 

and break elongation 
_ (Hua et al., 2021) 

Konjac glucomannan Oregano Chitin nanocrystal 
Reduced the mechanical 

properties of the films 
_ (Xu et al., 2023) 

Chitosan Grapefruit 

Amphiphilic octenyl 

succinic anhydride 

konjac glucomannan 

Improved mechanical 

strength 
_ 

(Bu, Sun, et al., 

2022) 

Tapioca starch 

/polyvinyl alcohol 

Thymus 

vulgaris 

Cellulose 

nanocrystals 

Enhanced the film's 

elongation at break 
Fish fillets (Guo et al., 2024) 

Starch Ginger 

Tempo-oxidized 

cellulose 

nanocrystals 

Improved tensile strength Tomato (Chen et al., 2023) 

Persian gum- Gelatin Thyme Persian gum- Gelatin 

Reduced the tensile 

strength, and elongation of 

the films 

Fish fillets 
(Sayadi et al., 

2025) 

Carrageenan 
Oregano 

essential oil 
Nanocellulose 

The tensile strength of the 

films significantly 

decreased, whereas the 

elongation at break 

increased 

- 

(Amanda, Ismadi, 

Ningrum, Nabila, 

& Prasetyo, 2024) 

Chitosan/silk fibroin 

(CS/SF) 

Cinnamon 

essential oil 

Cellulose 

nanocrystals 

Increasing the mechanical 

stability of films 
- 

(Wang et al., 

2024) 

Pectin (PEC) and 

konjac glucomannan 

(KGM) 

Clove 

essential oil 

Cellulose 

nanocrystals 
Highest tensile strength Grape 

(Wang et al., 

2025) 

 
It should be noted that achieving the desired 

mechanical properties in EBF with emulsion-
based Pickering emulsions requires careful 
formulation and optimization. The choice of 
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emulsion stabilizers, the concentration of 
essential oils, and the processing conditions 
play vital roles in determining the mechanical 
performance of the films (Moghaddam & 
Rajaei, 2021). 

In general, the incorporation of Pickering 
emulsions can significantly influence the 
film’s tensile strength, elongation at break, and 
flexibility, depending on the nature and 
concentration of stabilizing particles and 
essential oils. The presence of solid stabilizing 
particles enhances the mechanical strength of 
the film by reinforcing the polymer matrix and 
creating a more cohesive structure, while the 
encapsulated essential oils may act as 
plasticizers, potentially increasing flexibility 
but reducing tensile strength if present in high 
concentrations. Additionally, the distribution 
and size of emulsion droplets within the film 
matrix can impact its homogeneity and 
resistance to mechanical stress. The 
interactions between the biopolymer network, 
stabilizing particles, and essential oils 
determine the overall mechanical behavior, 
which can be fine-tuned to achieve the desired 
balance between strength, flexibility, and 
durability. By optimizing these parameters, 
Pickering emulsion-based films can be 
engineered to provide superior mechanical 
performance, ensuring their suitability for 
various food packaging applications while 
maintaining their functional and protective 
properties (Bangar et al., 2023; Du et al., 
2023; Fan et al., 2023; Guo et al., 2024; Hua 
et al., 2021; Roy & Rhim, 2021; Xu et al., 
2023). 

 
Possible uses in food packaging 

The incorporation of Pickering emulsion-
based EBF containing essential oils into food 
packaging presents significant advancements 
in extending shelf life and maintaining product 
quality. These films offer a biodegradable and 
functional alternative to conventional synthetic 
packaging by providing enhanced barrier 
properties against moisture transfer and 
mechanical degradation (Yue et al., 2024). 
The incorporation of essential oils into the 
emulsion system enhances the 

physicomechanical characteristics of the films 
while also boosting their capacity to manage 
water vapor permeability and solubility, thus 
guaranteeing optimal functionality across 
diverse storage environments. One of the 
primary applications of these films is in the 
packaging of perishable food products, where 
moisture retention and controlled gas 
exchange are critical for preventing spoilage 
(Deng et al., 2024). The reduced water vapor 
permeability of these films, due to the 
incorporation of hydrophobic essential oils, 
minimizes excessive moisture transfer, thereby 
preventing undesirable textural changes in 
food products such as bakery items, dairy, and 
fresh produce. Additionally, their improved 
mechanical strength enhances the integrity of 
the packaging, making it more resistant to 
physical stress during transportation and 
storage (Zomorodian, Javanshir, Shariatifar, & 
Rostamnia, 2023).  

Beyond primary food packaging, these 
films can be utilized as protective coatings for 
fresh-cut fruits, vegetables, and processed 
meat products (Gupta, Lall, Kumar, Patil, & 
Gaikwad, 2024). By forming a uniform and 
stable edible barrier, they regulate moisture 
loss, reduce dehydration rates, and maintain 
product freshness for extended periods. 
Moreover, their controlled solubility ensures 
that the film structure remains intact until 
consumption, preventing premature 
degradation in humid environments. Another 
critical application of Pickering emulsion-
based EBF is in active packaging systems, 
where selective permeability plays a role in 
preserving food quality. The ability to fine-
tune the physicomechanical properties of these 
films by adjusting the concentration and type 
of essential oil allows for the development of 
tailored packaging solutions suitable for 
different food matrices. By optimizing film 
composition and emulsion characteristics, 
these packaging systems can be designed to 
offer improved flexibility, adhesion, and 
resistance to environmental stressors, further 
enhancing their potential for commercial 
implementation in the food industry. The 
integration of Pickering emulsion technology 
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into EBF aligns with the growing demand for 
sustainable and eco-friendly packaging 
alternatives. These films not only reduce 
reliance on petroleum-based plastics but also 
provide functional advantages that contribute 
to the overall quality and longevity of 
packaged food products (Yin & Woo, 2024).  

 
Challenges and future perspectives 

The development and application of 
Pickering emulsion-based edible EBF 
containing natural essential oils in food 
packaging face several challenges that need to 
be addressed to ensure their commercial 
viability. One of the primary challenges is 
achieving a balance between the 
physicomechanical properties and functional 
performance of the films. While essential oils 
enhance hydrophobicity and moisture barrier 
properties, their inclusion may also impact the 
mechanical integrity of the films, potentially 
reducing tensile strength and increasing 
brittleness.  

Optimizing emulsion stabilization, film 
composition, and processing conditions is 
essential to maintain desirable mechanical 
properties while ensuring barrier performance 
is not compromised. Another significant 
challenge is the uniform dispersion and 
controlled release of essential oils within the 
polymer matrix. Due to the volatile nature of 
essential oils, their retention in the film 
structure is often limited, resulting in 
inconsistent physicomechanical performance 
over time. Strategies like encapsulation in 
biopolymeric carriers, nanoemulsification, or 
using interfacial stabilizers can improve 
essential oil retention and controlled release, 
thus enhancing the long-term effectiveness of 
these films in food packaging applications. 

Scalability and industrial feasibility also 
remain crucial considerations. Transitioning 
from laboratory-scale formulations to large-
scale production requires careful evaluation of 
material costs, processing efficiency, and 
compatibility with existing food packaging 
technologies. Developing cost-effective, high-
throughput manufacturing processes that 
preserve the physicomechanical integrity of 

the films is key for widespread industry 
adoption. Additionally, regulatory approval 
and compliance with food safety standards 
must be addressed to ensure the films are 
suitable for direct food contact.  

Future research should focus on integrating 
advanced characterization techniques to gain a 
better understanding of the interactions 
between Pickering emulsions, essential oils, 
and biopolymeric matrices. Investigating the 
molecular mechanisms behind film formation, 
mechanical reinforcement, and moisture 
resistance will offer deeper insights into 
optimizing formulation strategies. Moreover, 
incorporating multifunctional biopolymers or 
hybrid emulsifier systems could enhance the 
film’s stability, mechanical strength, and 
environmental adaptability, making them more 
suitable for diverse packaging applications. 
Sustainability considerations will also be 
central to the future of Pickering emulsion-
based edible films. Using biodegradable and 
renewable biopolymers as film-forming 
agents, alongside green processing techniques, 
can align these packaging materials with 
global sustainability goals. Furthermore, 
exploring bio-based emulsifiers and natural 
stabilizers will contribute to the development 
of more eco-friendly formulations, reducing 
reliance on synthetic additives. 

 
Conclusion 

The integration of Pickering emulsion-
based edible biodegradable films with 
essential oils represents promising 
advancement in the field of food packaging, 
offering enhanced physicomechanical 
properties while maintaining natural and 
biodegradable characteristics. These films 
demonstrate improved mechanical strength, 
reduced water vapor permeability, and 
enhanced resistance to moisture-induced 
degradation, making them viable alternatives 
to conventional synthetic packaging materials. 
The stabilization of essential oils within 
Pickering emulsions ensures a more uniform 
distribution of hydrophobic compounds, 
leading to consistent physicomechanical 
performance and extended functional efficacy. 
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Despite these advantages, several challenges 
must be addressed to fully exploit the potential 
of these films in commercial applications. The 
optimization of formulation parameters, 
including the type and concentration of 
stabilizing particles, essential oils, and 
biopolymeric matrices, is critical for achieving 
desirable mechanical flexibility and moisture 
resistance. Additionally, controlling the 
interactions between film components and 
environmental factors remains a key aspect of 
improving long-term stability and 
performance. Future research should focus on 
the development of advanced stabilization 
strategies, such as the incorporation of 
multifunctional biopolymers, nanoemulsions, 
or hybrid emulsifier systems, to enhance the 
physicomechanical robustness of these films. 
Moreover, investigating the molecular 
mechanisms governing film formation and 
structural integrity will provide valuable 
insights into optimizing their 
physicomechanical characteristics. The 
integration of biodegradable and renewable 
materials, coupled with eco-friendly 
processing techniques, will further contribute 
to the sustainability of these packaging 

systems. Overall, Pickering emulsion-based 
edible EBF enriched with essential oils offer a 
sustainable, high-performance solution for 
food packaging applications. However, 
continued advancements in material science, 
processing technologies, and regulatory 
considerations are essential to facilitate their 
widespread industrial adoption. By addressing 
existing limitations and leveraging innovative 
approaches, these films have the potential to 
revolutionize the future of sustainable food 
packaging, aligning with consumer demand for 
safer and more environmentally friendly 
alternatives. 
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های  ساکارید شامل امولسیونهای خوراکی بر پایه پلیفیزیکومکانیکی فیلممروری بر خواص 
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 دهیچک 

مرسذذوم محذذر    ییغذذذا  یبندمواد بسته  یبرا  دبخشیو نو  داریپا  ینیگزیعنوان جابه  نگیکریپ  ونیامولس  یحاو   ریپذبیتخرستیز  یخوراک  یهالمیف
 حفذذ   یممانعت بخذذار  ه هسذذتند کذذه بذذرا  تیو قابل  یریپذانعحاف  ،یاز جمله استحکام کشش  یاافتهیبهبود  یکیخواص مکان  یدارا  هالمیف  نیاند. اشده
 ونیامولس سیها در ماترحوزه، استفاده از اسانس نیدر ا یدیکل یهاشرفتیاز پ یکیدارند.  تیونقل اهمو حمل  یدر طول نگهدار  ییمواد غذا  یکپارچگی

مقالذذه بذذه  نیذذ . ادهنذذدیارتقذذا م یتوجهطور قابذذلرا به دیساکاریپل هیبر پا یهالمیف یکیو مکان یخود، خواص عملکرد  زیگر ه  تیاست که با وجود ماه
اسذذانس هسذذتند   یحذذاو   نذذگیکریپ  یهاونیکذذه شذذامل امولسذذ   دیسذذاکاریپل  هیبر پا  ریپذبیتخرستیز  یخوراک  یهالمیف  یکیکومکانیزیخواص ف  یبررس
 شیدر افذذزا  هذذالمیف  نیذذ نقذذش ا  نیرطوبت. همچن  ینگهدار  تیبخار  ه و ظرف  یرینفوذپذ  ،یاستحکام کشش  ،یریپذبر انعحاف  ژهیبا تمرکز و   پردازد،یم

 هذذالمیف یممذذانعت یهذذایژگیبذذر سذذاختار و و  یرگذاریدر تأث دهایساکاریها و پلاسانس  انیقرار گرفته و نحوه تعامل م  یمورد بررس  ییمواد غذا  یماندگار
نسبت به رطوبذذت را   یو ممانعت  یکیعملکرد مکان  یتوجهطور قابلها بهاسانس  یحاو   نگیکریپ  یهاونیکه امولس  دهندینشان م  هاافتهی.  شودیم  لیتحل
ها، اسذذانس  کذذهیدر حال  شذذوند،یم  یاسذذتحکام کششذذ   شیجامذذد موجذذب افذذزا  دارکننذذدهی. ذرات پادهندیارتقا م  ریپذبیتخرستیز  یخوراک  یهالمیدر ف

 شیمرطذذوه را افذذزا طیدر شرا لمیف یداریاپ جهیرا کاهش داده و در نت تیجذه  ه و حلال هاونیامولس ن،ی. علاوه بر ابخشندیرا بهبود م  یریپذانعحاف
 یحذذاو  نذذگیکریپ ونیامولسذذ  یهاستمیدر توسعه س  یدیکل  یپژوهش  یهافرصت  ییموجود و شناسا  یهاچالش  یمرور، به بررس  نیا  ت،ی. در نهادهندیم

 .کندیم نییرا تب عیوس اسیدر مق یصنعت یکاربردها یها برابالقوه  ن تیظرف نیمذکور پرداخته و همچن یهالمیف یاسانس، برا
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