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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

Introduction

Ommatissus
(Hemiptera:

lybicus  de
Tropiduchidae),

Bergevin
commonly

Authors retain the copyright. This is an
open access article distributed under
BY Creative Commons Attribution 4.0
International License (CC BY 4.0).
¢ https://doi.org/10.22067/jam.2025.90276.1297

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 Koppen 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.

A \ Sl 4 %/ 4N 3 i i
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
km? urban area of Bam (divided into 48
individual 1 km? 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 8x8
meters apart. Within each grid, the degree of
infestation was determined using the average

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.

o LN

&5
(

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.

44 - - _— I
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

Fig. 3. The locations in the Bam urban area were inspecte for infor

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.

B

>l

mation 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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PREVIEW

FOOTPRINT

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 |
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 Il 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 (Eg. 2) were also considered to
assess the wvalidity 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.

TP
AcCuracy = 4 T TN ¥ FP + FN (1)
breciion— TP

recision = T FP 2
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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.

2023-05-08 00:00 - 2023-05-08 23:59, Senfinel-2 L2A, NDVI

Fig. 5 and Fig. 6 show the suitability of

NDVI and NDMI for date palm detection and
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Fig. 5. Map of the Normalized Difference Vegetation Index estimated in the urban area of Bam

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
etal., 2019).
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ol ™ .

5
b g

, 84

@ 0 Sl

59 dakaie
)

- > ¥ :
N ey

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 O 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
Precision
Correlation
Error Rate
True Positives
False Positives
True Negatives
False Negatives

0.9828 0.9828
0.9801 0.9855
0.9662 0.9662
0.0172 0.0172
2464 2450
50 36
2450 2464
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

y 3 3 N ]
Fig. 7. Prediction of the pixels infected with the palm weevil pest in Bam city

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.

=
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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

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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Abstract

Introduction

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* 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, while the strip system utilized 18,171.76 MJ ha’. In terms of yield, the flat
system produced 3000 kg ha, in comparison to 3500 kg ha 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* vs. 0.15 kg MJ?). Additionally, the strip system
demonstrated lower specific energy consumption at 5.19 MJ kg, compared to 6.69 MJ kg™ for the flat system.
The net energy gain was also greater for the strip system, recording 51,828.24 MJ ha™! versus 39,932.88 MJ ha!
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' (25.99%), compared to flat systems, which save 3707.62 MJ ha' (22.66%). This further
highlights the efficiency benefits of strip planting.

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

Energy  efficiency is  increasingly

consumption while either maintaining or
enhancing productivity (Jamali et al., 2021).

acknowledged as a vital element of sustainable
agricultural practices, particularly within crop
production systems (Noorani et al., 2023).
This concept focuses on reducing energy
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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
mitigating greenhouse gas emissions and
tackling challenges posed by climate change in
agriculture. Given that agriculture significantly
contributes to energy consumption and
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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 Hernandez 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-Gonzélez 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 Herndndez 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 & Szabo, 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 array of potential solutions
inspired by natural selection, MOGA aims to
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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 & Szabo, 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 vyield, 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 lran, spanning

latitudes from 27° 2° to 31° 42’ and

longitudes from 50° 42" to 55° 36’ , with

an area of 133,299 km? characterized by an
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arid and semi-arid climate (Ministry of Jihad-
e-Agriculture of Iran, 2024). The location of

kkkkkk

the case study is illustrated in Figure 1.

Caspian sea

Persian gulf N\

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 Eg. (1) (Cochran, 1977),
and data collection was performed through in-
person interviews.

z’pq
n= L (1)

- 1 ,z2%pq

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

Energy equivalent

Item Unit (MJ unit?) Reference
A. Input
1. Human labor h 1.96 (Mohammadi & Omid, 2010)
2. Machinery kg yrte 62.70 (Kaab, Khanali, Shadamanfar, & Jalalvand, 2024)
3. Diesel fuel L 56.31 (Ghasemi-Mobtaker, Akram, & Keyhani, 2012)
4. Chemical K
fertilizers g
(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)

2 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.

Output energy (MJ )

Energy use efficiency = Tnput eneray (MJ) (2)
. detivite — Production (kg) 3
nergy productivity = Input energy (MJ) ( )
' Input energy (MJ)
Specifi =
pecific energy Production (kg) (4)
Net energy 5
= Output energy (MJ) - Input energy (MJ) ®)
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 (MOQ) 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):
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min( f, (x), f,(%)...., f, (x)) ©
stxe X

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):
f:X>RGF)=(F,(X),... f. (X)) (7)
where x signifies a possible solution and f(x) €
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 (Al) methods
owing to its robustness (Taghdisian et al.,
2015). Older systems of Al 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:

Fresc min :icixi +§ (8)
i1

where Ci denotes model coefficient, X; denotes
variable inputs, and Fmaxmin 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
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function, it must be multiplied by (-1).

Results and Discussion

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? for
both systems. For the flat planting system, the
total energy usage amounts to 20,067.12 MJ
hal, whereas the strip system records a total of
18,171.76 MJ ha?. Additionally, the table
presents the production yields in kilograms for
each system: the Flat system yields 3000 kg
(equivalent to 60,000 kg hal), while the strip
system vyields 3500 kg (or 70,000 kg ha™).
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! for transplanting and by 236.13 kg
COzeq ha? for broadcast seeding. Notably,
even with reduced energy inputs, crop yields
remained robust at 9.4 tonnes hal and 9.2
tonnes ha™, respectively (Elsoragaby et al.,
2020).

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

Planting system

Flat land Strip
Item Unit per Energy use Unit per Energy use
ha (MJ hah) ha (MJ ha'h)
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 (P20s) 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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Electricity , 2.69
Biocides , 3.74
Potassium, 1.37

Phosphate, 4.34\

Electricity ,2.38
Biocides ,3.44
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4

Machinery, 8.12

r

Strip

I Human labor ,3.24

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? versus 0.15 kg MJ™.

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
compared to 6.69 MJ kg™ 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, compared to
39,932.88 MJ ha' in the flat system. This
metric illustrates the overall energy balance
and productivity per unit area. In summary, the
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data indicates that the strip planting system
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
- . Planting system
Energy indices (unit) Flat Strip
Energy use efficiency (ratio) 2.99 3.85
Energy productivity (kg MJ™?) 0.15 0.19
Specific energy (MJ kg™?) 6.69 5.19
Net energy gain (MJ ha™) 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 wvarious 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, leading
to a 25.05% energy saving compared to 547.15
MJ hatl for flat systems. Similarly, for
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machinery, strip systems demand more overall
energy but achieve significant savings in other
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™l, a 17% decrease compared
to DEA’s 31,511.72 MJ hal. 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
etal., 2014).

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

Optimum energy requirement

Saving energy (MJ ha')  Saving energy (%)

Input (MJ ha't)
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 analysis of energy inputs and outputs

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

demonstrates that the strip system not only
consumes less energy—18,171.76 MJ ha'
compared to the 20,067.12 MJ ha™* required by
the flat system—but also produces higher
yields, with 3,500 kg ha* against the 3,000 kg
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ha! from the flat method. This translates into a
more favorable energy efficiency ratio (3.85
versus 2.99) and enhanced energy productivity
(0.19 kg MJ? compared to 0.15 kg MJ?),
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?, surpasses that of the flat system,
which records 39,932.88 MJ hal. 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

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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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%x10¢ 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 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 Muzel,
Bonhin, Guimardes, & Guidi, 2020).

Despite its significance, enset processing
) ) o faces challenges due to the lack of advanced
Authors retain the copyright. This is an technology for efficient processing.
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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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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 Miizel 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 wusing Vvariational
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 (Szabo,
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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 (Szabd 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 ANSY'S) 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
Goncalves Costa, Rodrigues Magalhaes, Lucio
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, & Pé,
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 1A, 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 Input materials Physical properties Mechanical properties
material component

Dia. 25 cm (r = 12.5 cm), thickness = 2 Durability, Poisson's Ratio (v) = 0.3,
Cylinder drum mm, length = 45 cm for each, density Young’s Modulus (E) = Yield Strength

(p) = 8000 kg m™ (oy) = 250 MPa
Stainless Curvature = 17 cm, height = 45 cm, Poisson's Ratio (v) = 0.3,
steel Breastplate clearance 1-3 mm, length = 98 cm, Young’s Modulus (E) = Yield Strength
density (p) = 8000 kg m™ (oy) = 250 MPa
Blade Length = 35 c¢cm, thickness = 3 mm, Modulus (E) = Yield Strength (oy) =
density (p) = 8000 kg m™ 250 MPa
Shafts Dia. =20 mm, length = 130 cm, density Young's Modulus (E) = 210 GPa,
Mild steel (p) =7850 kg m* Yield Strength (oy) = 250 MPa
Angle Width =5 cm, length = thickness = 3 Young's Modulus (E) = 210 GPa,
mm, density (p) = 7850 kg m™ Yield Strength (oy) = 250 MPa
. _ . . . Poisson's Ratio (v) = 0.33,
Ho]%pézre?nd Thickness (p% r:nr2n7olé)gi|2;wnilsght density Young's Modulus (E) = 70 GPa,
Yield Strength (oy) = 120 MPa
. _ . . . Poisson's Ratio (v) = 0.33,
Conveyor Thickness = 2 r_nr2n7olggi|2twe|3g ht, density Young’s Modulus (E) = 70 GPa,
. (p) = gm Yield Strength (oy) = 120 MPa
Aluminum ; ; . -
Thickness = 2 mm, lightweight, density Poisson's Ratio (v) =0.33,
Cover () = 27’00 kg m ! Young’s Modulus (E) = 70 GPa,
Yield Strength (oy) = 120 MPa
Thickness = 4 mm, dia. =20 cm, 12 cm, Poisson's Ratio (v) = 0.33,
Pulley and 8 cm, lightweight, density (p) = Young’s Modulus (E) = 70 GPa,
2700 kg m= Yield Strength (oy) = 120 MPa
Length = 180.5 cm, 140.65 cm, and
107.7 cm, top width of the belt = 13 Elasticity, Durability, Flexibility,
Rubber Belts mm, Poisson's Ratio (v) = 0.49, Young's
bottom width of the belt =8 mm, Modulus (E) = 0.01-0.1 GPa
thickness of the belt (t) = 8 mm, density Yield Strength (cy) = 10-20 MPa
=1100-1200 kg m3
Dis-Assembled IEP machine Designed and Assembled IEP machine
pun‘EX_‘Shaﬁ Cover Dgcorticator drum

Feeder sheath

Belt

Electric motor

Gear box /0 Collector box

€

Figure 1.B

- x —
Figure 1.A Wheels

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

Corm hopper

Width =20.12cm*5%cm

Hole =6.56 cm

h 4

Rectangular width=35cm™*
40cm

Cylinder drum

Decorticator drum and corm grater drum

Dia=25 am and

Length =45cm

N/

Dia=27 cm and

Length =45cm

Conveyor

l

<2

Kocho collector into box

Roller drums

?'5

Squeezer press

k12

Bulla collector box

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 = 2 (1 _ i) _ 2ZmXNXTX(T1-T2) (1 _i) _
60 100 60 100

1.166 kW 2)

where Pd is the output power required for both
decorticate the sheave and corm grating in kW,
t 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 = %, and
D2 is the diameter of the pulley on the rotating
shaft at the point of applying torque (0.20 m). ¢

=0.10 m x (221.57 N —90.07 N), V =8.86 m
s, 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,

= (T, - T,)2=1315Nm (5)
Ty = Thax — T¢ (6)
T1 pat T1

E:eSInB:TZZFZQ()?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 st). x = friction
coefficient between contacting surfaces, al, £,
and 6 = 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, T. =
torque loss or energy loss due to friction or
inefficiencies, and — is the ratio of the torques

at two points in the system, indicating how
torque changes through friction and other
factors. The term e*® 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 Tiis 221.57 N for
shaft 1 with belt 1 system at 8.867 m s; for
shaft 2 opposite the rolling shaft 3, Ty is
225.01 N at the belt speed of V = 8.69 m s?;
and also shaft 4 with belt 3, T is 228.145 N at
speed of belt V = 852 m s*, 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=
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* for the rubber belt's mass per meter. T belt
velocity as it passes over each pulley is

calculated as:
nDN

S

V=—r-10-72) 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 over belt 1, 8.69 m s*
over belt 2, and 8.52 m s over belt 3.

The belt centrifugal tension (T¢) is
determined as:
T, = mv? 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):

Tnax = A (10)

m = pA (11)
b—

Az(Tx)t+xxt (12)

n=054——" (13)

where: V = velocity of belt (m s™), Tc and Tmax
= the centrifugal and maximum tension of the
belt (N); A = cross-sectional area of belt
(mm?); m = mass per unit length (0.096 kg m™)
of belt; v = speed of belt (m s2); b = top width
of the belt (mm); » = bottom width of the belt
(mm); di = diameter of driving pulley (mm),
N1 = speed of the driving pulley (rpm); S = slip
(%); o = Maximum allowable stress of belt
(28337.35pa) for coefficient of friction 0.35; t
= thickness of the belt (mm); p = density of
belt material (Rubber) (kg m?®); T, = belt
tension in slank side (N); p = 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 = 1tXw=117kW (14)

The rolling force in the mixer drum is as
follows:

Fc = My x S=5532N (15)

where F is the rolling force of the design
55.32 N, Ms is the mass of roller, which is
36.88 N, and Ss 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):
T=F Xr=65Nm (16)
where 7=torque =6.5 N m, F =force,and r =
the radius of roller which is 11.75 cm.



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

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) 1= (T, —T,) % 13.15 Nm 12.98 Nm 7.92 Nm
Tension on the right side Ty =Tmax — T¢ 221.57N 225.01 N 228.145 N
. . T1
Tension on the slack side T2 = P 90.07 N 95.23N 96.55N
e
Diameter of 'Egez)drlven pulley 20em 20 cm 12 cm 12 cm
Center of distance () 65 45 35
Diameter of the drive pulley 12 em 20 cm 12 em
(D2)
l
Belt length = (25 +_1[')5)72(D 1+D2) 180.5 cm 140.65 cm 107.7 cm
+ 2 0 1
The maximum tension (Tmax) Tax = 0A 235.20N 235.20 N 235.20 N
The centrifugal tension (T¢) T, = mv? 13.63 N 10.19N 7.505 N
The mass of the belt (M) m = pA 0'17?|’(Z+ 18 0.135+ 18 kg 011%353 *
Cross sectlor}i)area of a belt A= ; x)t +xt 0.0084m2 0.0084m2 0.0084m?2
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
52 v=v(l-
The velocity of belt passing (V) V= ’f—ON 1- %) 8867mst U7V (1 B 1_010) B %)
Beoms =852ms?
Maximum %gﬁ"(vg?'e stress of s 28337.35Pa  28337.35Pa  28337.35Pa
Density of belt material (rubber) 1140 kg m? 1140 kg m’? 1140 kg m’?
()
Slip (S) 2% 1.8% 1.2%
Speed of the driving pulley (N) 864 rpm 1080 rpm 1080 rpm
D2 — D1
angle of wrap (?xrl)smaller pulley al = 180° — 2sin~!( 172.94° 180° 180°
a2
Angle of wrap on larger pulley D2 — D1 172.94° 180° 180°
(QZ) =180°+ 2 Sin_l(T)
Belt wedge angle (B) 40 40 40 40
) 61 = 180° + 2al = o o o
Angle of contact at drive (61) 2 cos'l(i) 525.88 540 540
Angle of contact driven (62) 62 = 180° + 2a2 3.2648 rad 2.9638 rad 3.1426 rad
Coefficient of friction between 0.7
pulleys and belt (1) n=0.54- ATy 0.3 0.27 0.27
Groove angle Standard () 34 34 34
Torsion and polar moment of inertia of shafts (T) = JxGx6 (17)
The relationship between the torque (7), L

shear stress (o), and angle of twist (6) in a
circular shaft is determined from the general
torsion equation as (De Felice & Sorrentino,

2019):

where: T = torque or twisting moment (N m), J
= polar moment of inertia about the shaft axis
(m*), G = modulus of rigidity or shear modulus
(Pa), 8 = angle of twist (rad), and L = length of
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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:

nD*
I==; (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:
__ HPx4500

(19)
2XTXN

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:
o T
T=7 (20)
where: 7 = twisting moment (or torque) acting
upon the shaft, J = polar moment of inertia of
the shaft about the axis of rotation, o=
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:

1= —x d3 x fs (21)
16

The machine weight applied at two places,
W1 and W, 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 =222 (22)
where; Mn = applied weight of machine, Wn =
applied load weight, | = length of shafts in cm.

Hence, the equivalent twisting moment, 7eq
is given by Equation (23) (Yakoob Pasha,
Devi, & Maheswari, 2024):

teq = VW? + 12 (23)
= 1277.382 + 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:

Teq = VW2 + 2= % x d3 x fs (24)

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

31 (W2+T2)O'5
6
d= s = (25)
0.5
3[16(1,277.382+11,946.132)
\/ 3.14x760kg
The linear velocity of leaf sheath for

decorticating is:

_ pwn _ 0.0079mx13.119ms”'x18 _ 0.364m

T oom 2XT - s (26)
Whereas, the pitch of the pulpy tissue

extracted from the leaf sheath is:
2TV

p=— (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?), w = angular
velocity of the drum beater (864 rpm), n =
number of blades on the cylinder (18), and 6=
angle between two consecutive blades (20°),

the power required for squeezing is:
__ FRxtxbxw

(28)
75

where: P is power requirement (1.2 hp), FR is
fiber resistance (0.5 kgf cm?), t is blade
thickness (3 mm), b is the effective width of
the blade (13.5 cm), w is the operational speed
(2.7 m s?), and 7 is transmission efficiency
(92%).

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

Torque (1) =

=20 mm

Power

(29)

Angular velocity
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1,2 hp
— 2mX12X540
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

I
Fig. 3. Worm an

= 2w (30)
The pitch circle diameter of the worm (d1)
in terms of the center distance between the
shafts can be written as (Radzevich, 2012):

( 0.875
dy = ?416 (31)

_(4.9)0875
T 1416
The lead “L” is the product of axial pitch

and the number of starts and is determined

mathematically as:

L=P,xXn (32)

where, P, = 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):

X

=20mm

tanA =

Lead of the worm L

_ (Ne\: _
_(NW)s_

Pitch circumference of the worm md4
PgXn_PcXn_mmxn _ mxn (33)
7Dy, dq mdq - dq

where, Ng is the speed of the worm gear and
Ny, is the speed of the worm, axial pitch (Pa) =
circular pitch (Pc), Pc = 7m, m = module, and
di = pitch circle diameter of worm. The lead

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).

\

-,

/%*V/LOJ
.

angle (1) 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 A 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):

B, =P, X cosA (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 (a,,) X 4 = 90°

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:

mo

d gear when meshing

(35)

— Mw _ PT6 _ PaTc _Tc
VR_NG_L_PaL_n (36)
The linear velocity of the worm is:
VW — LXNW — T[XDGNG (37)

60 60
The pitch circle diameter of the worm gear

is expressed as:

DG = mxTG (38)

where, m = module, Dg = pitch circle diameter

of the worm gear, Te = the number of teeth on

the worm gear (twice of transmission ratio),
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and n = number of starts of the worm.
Ng nDg mmTg

VR = m = T = T (39)

According to Lewis equation, the strength
of worm gear teeth size that is safe to assume
is:
wr = (co.Cv) b.tm.y (40)
=(84%x0.93)28 x T x3x0.107N=2825N
where, Wt = permissible tangential tooth load
or beam strength of gear tooth, oo = 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:
6

Cr === (41)
where; v is the peripheral velocity of the worm
gear inm s,

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 st by substituting the value in Equation

(42):
Y = 0.124 — 268 (42)

Tg
The dynamic tooth load on the worm gear

is determined (Mohanraj et al., 2021) as:
6+V

Wp = 5= Wr () (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 = ge.bmrm.y (44)

=168 x 28 x © x 3 x 0.107 = 6075 N,
where, oe is the flexural endurance limit.

Its value may be taken as 84 MPa for

cast iron and 168 MPa for phosphor bronze
gears.
Wy = 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:
2x Torque on worm (46)

Wy =
T ™ Pitch circle diameter of worm Dy

Axial force or thrust on the worm gear:
2x Torque on worm _ Wwr

W, = = 47
A 7 pitch circle diameter of worm Dg tan A ( )

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

(Wr % DTW) 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

D
(Wy x TW)-

Radial or separating force on the worm is
(Mei et al., 2022):
Wgr =W, X tan i (48)
where, tan A = radial or separating force on the
worm gear known as permissible input power:
_3650%x x(17)

VR+5 (49)
= 20900% 7 = 0524 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.

Improve the principle of operation, mechanical properties

T

Improve processing parameter znd
Economic consideration (size. quantitv)

/

/ Test the performance and experimental analyss /

||
A

Validation

n

Write the results

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:

Decorticator feeder,

&

GCI =FS 1 , p=
ln|(fcoarse_fmedium)/(fmedium_ffine)| (50)

Inr
where, € = error, r = refine ratio, p = ordinary
polynomial, and f = simulation results.

Cylinder drum

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 (Aygoren &
Tirkdogdu, 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

. shaft Static Structural
Equivalent Stress

Type: Equivalent (van-Mises) Stress
Unit: MPa

Time: 15

Pax: 77,353

Fin: 0.060921

21/10/2024 1:04 PM

FF.353
68,765
a0.177
51.589
43,001
34413
25,825
17.237
8.6480
0.060921

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 (Bruyere, 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.

n:
21,/10/2024 1:04 PR

1.4089
1.2524
1.0058
0.93929
0.78274
0.6262
0.46965
0.3131
0.15655
o]

shaft Static Structural

Safe

ty Factar

Type: Safety Factor
Tirme: 1
Pax: 15

bin

12,676

211042024 1:04 PR

:

15
10
5
1
Q

Fig. 6. Static structural analysis of éhafts

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 =
221.5N,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 & EI-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 3.
properties for each element, as shown in Table

Mesh

C: Static Structural

Equivalent Stress

Type: Equivalent (von-Mises) Stress
Unit: MPa

Time: 15

Max: 164,55

Min: 0.010981
21/10/2024 1:32 PM

164.55
146.27
127.99
109.71
91.424
73.142
54.859
36576
18.2%4
0.010981

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

C: Static Structural
Total Deformation
Type: Total Deformation

21/10/2024 1:32 PM

4483
3.9849
3.4868
2.9886
2.4905
1.9924
14943
0.99622 f¥T
049811
0

C: Static Structural
Safety Factor

Type: Safety Factor
Time: 1

Max: 15

in: 1.
21/10/2024 1:32 PM

15

10
5
1
0

Fig. 7. Static structural analysis of the cylindrical drum

& Khorasani, 2019; O’Brien, Draper, & An,

generated boundary conditions, and certain investigated.
nodes were fixed to represent supports or
constraints (Upadhyay, Sonigra, & Daxini, D. Breastplate

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™ to the blade.
This configuration influences the performance
of the blade model and reflects its rotary
cutting

dynamic  design

blade can withstand anticipated operating breastplate, shown in Figure 9,

loads without

experiencing
deformation, according to the static structural
study (Kordestani, Saif, Orchard, Razavi-Far,

appreciable

2023). These results imply the robustness of
the current drum design. However, to improve
performance and lower manufacturing costs,
lightweight composite materials should be

Design of the breastplate model faithfully
captures its ergonomic shape and protective
coverage, with a frame beam supported from
below (Jager, 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
efficiency (Li et al., 2021). The cylinder drum the mesh into finite elements with
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

linear
elements reveals that each element possesses
adequate stiffness and effectively resists the
analyzed damping drums (Adamiec-Wojcik,
Brzozowska, & Drag, 2015; Lemos, 2007).
The static structural analysis results of the
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

D: BLADEStatic Structural
Equivalent Stress
Ty alent (von-Mises) Stress,
U

Max: 1236.6
Min: 0.0075491
25/10/2024 12:45 PM

12366
10992
06183
82443
657.02
540.62
42.22
27481
13741
0.0075491

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

Static Structural
Equiwvalent Stress
Type: Equivalent fvon-hdises) Stress
Unit: MPa
Time: 15
Max: 132.5
BAin: 1.7770e-13
211072024 1:59 Pra

132.5
117.78
103,06
88336
73.614
58,801
a4.168
20.445
14.723
1.7770:-13

Unit: mm
Time: 15
Max: 22.403

Min: 0
25/10/2024 12:45 PM

D: BLADEStatic Structural
fety Factor

Type: Safety Factor
Time: 1

Max: 15

Min: 0.16739
25/10/2024 12:45 PM

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

22.403
19914
17425
14.935
12.446
9.957
74677
4.9785
24892
0

15
10
5
1
0

. Static Structural
Total Defarmation
Type: Total Defarmation
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0.089399
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Static Structural
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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

Decorticator
Blade

. Breast plite

conditions, tangential forces, and operating

loads, to simulate realistic operational
scenarios as:

d?s ds
F—mF+DE+RS (51)

where: F = external force vector, m = mass
matrix (N), D = damping matrix, R = stiffness
matrix, and S = displacement vector, d?S/dt? =
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 1.86x108N m™, and
the stiffness of the breastplate is 1.07x108 N
m™. The damping coefficient for the drum is
186,000.65 Ns m™, 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 (p), 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 2.39x107° 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™, the cross-
sectional area of the belts was determined as
0.0084 m? 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

Modulus

. Mesh GCl GClI
Model rig?c‘;i y P‘r’;sig” size NOiE/ t NOéE/ t NOéE’ t Vi V2 V3 SE. 21% 32%
(GPa) (mm) %) (%)
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
Decg Ir(':ldceator 77.2 0.3 35 898820 499928 175817 20986878.4 19685794.1 15706624.73 1.25 3.76 8.57
Breastplate 77.2 0.3 35 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 s
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) 235N 2215N 225N 228.2N
Tangential Force(F ) 1315N 234N -234 N 2825 N
Length (1) 130 cm 65 cm 65 cm 45cm
Diameter (d) 20 cm 12 cm 12 cm 12 cm
Speed (RPM) 864 1080 1080 1080
Polar Moment of Inertia (J) 1.57 x 102 m* 1.77x10*m* 1.77x10*m* 1.77 x 10* m*
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 () 13.15 Nm 6.50 Nm 6.50 Nm 6.17 Nm
Torsion 1000 Nm 1000 Nm 1000 Nm 1000 Nm
Shear Force (F) 131.5N 234N 234N 2825 N
Maximum Stress (6_max) 16.73 MPa 55.67 MPa 55.67 MPa 49.27 MPa
Allowable Stress (c_allow) 84 MPa 84 MPa 84 MPa 84 MPa
Safety Factor (SF) 5.02 151 151 1.71

Twist moment (6) 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 x 103 m* 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 1042 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 2.39x107% 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
6x108 N m™ for the drum and 1.07x108 N m™
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™ and the blade's damping
coefficient of 107,000.2 Ns m? 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

Operatio Clearance Power Efficie Output Damage to
Machine n speed (mm) consumpti ncy uaIF:ty Loss fiber Capacity (kg
(rpm) on(LhY) (%) d (%)
Combined decorticating & 880 1-4 14 94.6 Veryhigh  5.4% 3.4 15435
corm grating machine
Engine d“"e'? Warge 1050 1-6 1.2 92 High 8% 6 315-615
EnseteVentricosum
Design improvement and 865 0.83k
analysis of kocho, bulla, and ~ 650-1050 <2and>2 13 9312 Medium g 10.16-1.92 57.63
fiber production machine '
Fiber decorticator 860 13 11 94 High OI'(Z"' 35 978
Fuel-powered decorticator 950 1-6 1.1 93-96 High 0.6 kg 6 565
Corn granting machine 2,200 5x5 sieve 1.3 98 Very high 2% No 1048.3
Stainless steel decorticating 950 - 12 12 97 Very high 3% 495 581
machine 1050
Modified and an integrated 864 1-4 1.4 96 Very high 4% 2.3 1643.5

enset processing machine

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™, which is
comparable to the Combined Decorticating &
Corm Grating Machine (also at 1543.5 kg h™)
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 Warqge, which operates at a
higher rpm (1050) but has a lower capacity
(315-615 kg h) 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™?) 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 2.39x10°¢ 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
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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. Qil 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 (R?). 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 R? 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
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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

Second Generation

* Planned maintenance
* Preventive time based
+ Big, Slow computers

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, 2023Db).

Fourth Generation

* Condition based maintenance

* Predictive maintenance

* Reliability centered maintenance

* Risk based inspection & maintenance

* Risk based life assessment present

First Generation

* Fix it when it brakes
* Corrective maintenance
+ All equipment wears out

Third Generation

2000

+ Condition based maintenance
* Reliability centered maintenance
+ Computer aided maintenance

management and information system
* Hazard studies, FMEA
+  Teamwork and empowerment

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, & Alvarez-
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; Gomotka &
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 (Altintas, Aksoy,
Unal, Akgol, & 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).
Acrtificial 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 (Altintas 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, Woll, &
Franzreb, 2022).

Fuzzy logic techniques and artificial neural
networks (ANNSs) 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 (Krol, 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 04 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 (Macian,
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

. Fe Pb Cu Al Mo Na Si_ Vis@l00

Sample NO. Ol Hours Unit: PPM Unit: Cst
1 100 1105 098 283 362 4868 346 879  16.23
2 150 994 097 0 161 4611 256 1777 153
3 50 3025 164 0 1018 5036 899 923  20.03
4 80 8117 259 0 3459 5223 932 3621 1594
5 100 1319 059 18 109 3624 233 7.4 1599
6 160 2465 125 0 505 4878 381 989  16.35
7 130 924 092 0 1 4575 286 611 1533
8 160 1546 175 0 038 4581 231 401 1502
9 100 39 778 442 1093 2884 999 1629 175
10 100 3976 14 32 377 7764 1367 1544  17.83
1 70 3469 123 018 1345 37.75 415 1655 17.81
12 150  39.67 231 391 1245 4698 532 1633  17.59
13 50 86.06 276 1.17 10.95 5253 3.46 4005  18.64
14 74 2173 723 322 531 4078 389 7.27 1533
15 100 817 323 179 0 268 12 722 785
16 100 4975 411 351 507 1216 957 1365 13.67

17 (Fresh oil) 0 O 0 0 0 0 0 0 22

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)
(Altintas et al., 2019):

k=¢" = ¢ —je" (@8]
where k is the dielectric constant, also known
as relative permittivity (£*). &' represents the
real part of the dielectric constant, while &”
denotes the imaginary part. The symbol j

represents the imaginary unit v—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, €', reflects a
material’s ability to store electrical energy
when subjected to an electromagnetic field.
The imaginary part, ¢", indicates the
dissipation of electromagnetic energy in the

&

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  (Ndlchter,

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

tand =<
ano = g (2)

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 (¢', €", tand) 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).

Vector Network Analyzer

000
O @

'.

e
HT —
e

PC with
Software

Liquid
Sample

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

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



Pourramezan et al., Assessing Viscosity and Contaminant Levels in Diesel ... 433

three times under identical conditions to

ensure consistency and accuracy.

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

Symbol YUY gympol FIENENY gy FIEGUEGY gy Freguency
fl 0.3 f11 2.45 f21 4.6895 31 6.9495
2 0.434 f12 2.6 f22 4.9155 32 7.1755
3 0.675 13 2.84 23 5.1415 33 7.4015
f4 0.915 f14 3.085 24 5.3675 34 7.6275
5 1.16 15 3.325 25 5.5935 35 7.8535
6 1.4 f16 3.565 26 5.8195 36 8.0795
7 1.64 17 3.8 f27 6.0455 37 8.3055
8 1.88 18 4 28 6.2715 38 8.5315
f9 212 19 4.2375 29 6.4975 39 8.7575
10 2.36 20 4.4635 30 6.7235 40 9

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.

(C; — Cnin)
Cy = X (1,
N (Cmax - Cmin) ( max (3)
- rmin) + Tmin
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 (€', €", tan §), 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).

1

I= 1 + e—ZCl’WU+b (4)
where C; represents the i input, b denotes the
bias factor, and wij shows the weight of the j
neuron.
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[ ] /
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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,

Input layer

dielectric properties X 2
of the o1l samples ~__ "

(&' <¢"<tan §) at 3

different frequencies

Hidden layer

e g
™

KX, X)

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

Output layer

— O

Predict and
estimate lubricant
t—» indices include Fe,
Pb, Cu. Al. Mo,
Na, S1, and
Vis@100.

W,

g

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):

fx) =we(x) +b ()
where @(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)):

minw,b,e] (W, e)

1
= lwlP

1\ (6)
+ EY; &

s.t.y; =w.o(x;) +b+ &,i
=12,..,n

n
1 )4
Lwb§ @) = lwli? + 2 ¢
i=1

= (7)
- ) @ wpx)

i=1
+b+ $— i)

where ¢; represents the regression error for n
training items, 7y 1is the regularization
parameter, ai is the Lagrange coefficient, and
Equation (7) is obtained by considering partial
derivatives of w, b, & and a.

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
(R?) (Pourramezan, Omidvar,
Motavalizadehkakhky, Zhiani, & Darzi, 2024;
Pourramezan & Rohani, 2024; Siavash et al.,
2021; Soltanali, Rohani, Abbaspour-Fard, &
Farinha, 2021):

n - )2
RMSE=\] i=1(3’pl Vei) (8)
n
10 [ypi = Vel
MAPE = _ZM (9)
n ypi

i=1

1 n
E= 2 On—ya)? (10)
RZ =1

et Vei — Ve (Vpi — Pp))? (11)

YicoWei — Ver)? Z?:o(Ypi - y_pl)z
where y,,; and y,; 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 (R?) (see
Fig.6). Subsequently, the ability of dielectric
indices (¢', €", tand) to predict the spectral
analysis indices of engine lubricants was
examined using soft computing techniques.

As depicted in Figure 6, the &' index
exhibited superior performance in the
pollution assessment at f40 frequency (R? =
75.16) and the viscosity assessment at f40
frequency (R?= 4.95). However, R? = 4.95 is
insufficient for reliable prediction. The €' index
also demonstrated exceptional performance in
the wear and total assessments at f24
frequency (R?= 99.29). Additionally, Figure 6
reveals that the €" index achieved the highest
R? value of 88.21 in the pollution assessment
at 26 frequency. Furthermore, the €&" index
exhibited the best results in the wear (R*=
99.41), viscosity (R?>= 26.14), and total
assessments at frequency f1, respectively.
However, R?>= 26.14 is not sufficiently robust
for viscosity prediction. As shown in Figure 6,
the tané index demonstrated exceptional
performance in the pollution assessment at f26
frequency (R?= 88.81) and the viscosity
assessment at f1 frequency (R?= 24.93). While
R? = 24.93 is insufficient for accurate
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prediction, the tand index also achieved the
highest R? value of 99.35 in the wear and total

a.pollution b.wear

994

993

99.1
9
@ f18 %ﬁa
25 3 ”
BAT %89
S 21 321 845

9838

986

98.5

"

’ " ’
£ & tanéd £ € tand

assessments at f40 frequency.

c.viscosit d.total

W24 | ®41 | %33 4994
@24 | %37 | 9929

9024 9933 9924
024
024
924
824
024

N17
9923
029
935

e &' tand £ £ tand

Fig. 6. R? of dielectric properties (', ", tan &) 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 (€', €", tan §) 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

Predicted index

Inputs model”

Vis@100 pl, p12, p23, p27, p34,z 1, 22, 227, 234
Si pl2, p27,z1, 22,212, z34,d 1, d2, d12
Na pl, pl2, p23, p27, p34, z1, 212, 227, 234
Fe pl, p12, p27, z1, 22, 212, 227, 234, d1, d2, d12, d27
Pb pl, p12, p15, p16, p23, p27, p28, p34, z1, 22, 212, 227, 230, z34, d1, d2, d3, d12, d24, d25, d26,
d27, d35, d39
Cu z31, z32, 233, z34, z35, 236, 237, 238, 239, d30, d31, d32, d33, d34, d35, d36, d37, d38, d39
Al pl, p2, p12, p22, p26, p27, p38, z1, z2, z3, z12, z17, 227, 229, z34, d1, d2, d3, d12, d27
Mo pl, p2, p12, p22, p26, p27, p38, z1, 72, z3, z12, z17, 227, 229, z34, d1, d2, d3, d12, d27

*The p, z, and d are &', &', and tan &, respectively. The numeral of each symbol represents the measured frequency
point (attention to Table 2).
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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

Predicted Phase SVM MLP
index RMSE MAPE E RMSE MAPE E

Train 0.23 1.2 0.99 0.38 191 0.98

Vis@100 Test 0.49 2.74 0.96 0.49 1.99 0.96
Total 0.3 15 0.99 0.41 1.93 0.97

Train 0.74 - 0.99 0.5 - 0.99

Si Test 1 - 0.99 15 - 0.97
Total 0.8 - 0.99 0.8 - 0.99

Train 0.43 - 0.98 0.69 - 0.96

Na Test 0.52 - 0.98 0.93 - 0.92
Total 0.45 - 0.98 0.75 - 0.95

Train 1.88 - 0.99 5.83 - 0.92

Fe Test 4.44 - 0.95 5 - 0.93
Total 2.59 - 0.98 5.67 - 0.93

Train 0.21 - 0.98 0.99 - 0.61

Pb Test 0.46 - 0.91 0.82 - 0.71
Total 0.28 - 0.97 0.96 - 0.62

Train 0.34 - 0.96 0.57 - 0.88

Cu Test 0.46 - 0.96 0.97 - 0.81
Total 0.37 - 0.96 0.67 - 0.86

Train 0.65 - 0.99 2.38 - 0.86

Al Test 1.16 - 0.98 2.09 - 0.94
Total 0.78 - 0.99 2.32 - 0.89

Train 1.05 - 0.99 7.25 - 0.82

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

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 (R?)
between the actual and predicted values of the
spectral analysis indices. The R? 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 R? value of approximately 0.99.
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Table 5- Evaluating MLP and SVM models by mean, variance, and normal distribution

Predicted index Phase .SVM — .MLP —
Mean Variance Distribution Mean Variance Distribution

Train 0.95 0.83 0.99 0.83 0.98 0.9

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

Si Test 0.92 0.86 0.97 0.99 0.99 0.97
Total 0.95 0.91 0.37 0.99 0.98 0.96

Train 0.93 0.72 0.55 0.99 0.85 0.9

Na Test 0.9 0.89 0.97 0.77 0.99 0.68
Total 0.89 0.7 0.52 0.89 0.86 0.52

Train  0.94 0.79 0.9 0.98 0.74 0.99

Fe Test  0.99 0.71 0.97 0.97 0.94 0.97
Total 0.94 0.69 0.85 0.99 0.74 0.96

Train  0.94 0.53 0 0.49 0 0.01

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

Train 0.94 0.67 0.55 0.71 0.51 0.74

Cu Test  0.99 0.88 0.97 0.94 0.95 0.97
Total 0.96 0.65 0.52 0.72 0.65 0.69

Train  0.97 0.85 0.94 0.46 0.08 0.09

Al Test 0.74 0.99 0.77 0.8 0.97 0.97
Total 0.55 0.97 0.52 0.46 0.22 0.06

Train  0.95 0.81 0.74 0.86 0.15 0.55

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

should approach zero). Conversely, if

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 (looss & Lemaitre, 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

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 pl and pl2 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 pl2, p27, di12, 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 pl, pl2, p27, and z12 had no
significant impact. Removing inputs p23, z1,
and z34 decreased RMSE, suggesting their
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lower significance. One model (pl, pl2, 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,
pl, pl2, z1, d2, d12, and z2 reduced RMSE.
One model (z12, z27, z34, p1, pl2, p27, di,
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, pl12, pl6, 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, pl2, 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 pl) 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
dl 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 (&', €", tan o) 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
(¢') index exhibited the highest coefficient of
determination (R2) for pollution at frequencies
f40, 24, and 26, and for erosion, viscosity,
and general at frequencies 26, f40, f1, and
f40, respectively. The dielectric loss tangent
(tan 0) 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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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 (&',
", tan 8). 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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