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Abstract  

In this research, the amount of vitamin C, aromatic compounds, and color change of orange powder was 
measured using chemical methods, an olfactory machine, and a scanner in four dryers at 45℃. These dryer 
apparatuses included normal atmospheric vacuum, atmospheric control vacuum, convective, and convective-

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

The orange fruit is widely cultivated and 
consumed all over the world. This fruit is rich 
in nutrients and one of the richest sources of 
vitamin C (53.2 mg per 100 grams of raw 
fruit) (Finley & Klurfeld, 2013). Vitamin C, is 
among the essential components of human 
diets. This compound, also known as ascorbic 
acid, prevents Scorbut and is a biological 
antioxidant (Agarwal, Shaharyar, Kumar, 
Bhat, & Mishra, 2015). Nevertheless, vitamin 
C is one of the most unstable nutrients in food 
as it is severely degraded during processing 
(Spínola, Llorent-Martínez, & Castilho, 2014). 
Therefore, it is used as an index to examine the 
quality of nutrients (Drewnowski, 2010). 
Drying, known as the most important and 
popular method of post-harvesting food 

preservation, prevents the activity of many 
bacteria. This process also minimizes the costs 
of packaging, storage, and transportation by 
removing moisture from the tissue (Shi, Chu, 
Zhang, Liu, & Yao, 2017). During the drying 
process, some changes occur in the food’s 
aroma, taste, texture, color, as well as the 
degradation of its components (Lemus-
Mondaca, Ah-Hen, Vega-Gálvez, Honores, & 
Moraga, 2017). Food color is the most 
important factor for evaluating quality and 
consumer satisfaction (Bal, Kar, Satya, & 
Naik, 2011). The aroma of food is one of its 
most important characteristics, and its 
measurement is an advanced and particularly 
effective method to obtain parameters 
affecting food quality. In this method, the 
smell emitted by the food is very sensitive to 
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changes in its ingredients. One common non-
destructive method to measure is using an 
electronic nose, a device consisting of micro-
arrayed electronic chemical sensors. Typically, 
to build a database and create a pattern 
recognition system, suitable patterns of known 
smells are used so that subsequent unknown 
smells can be classified and recognized (Peris 
& Escuder-Gilabert, 2009; Sanaeifar, 
ZakiDizaji, & Jafari, 2017). Moreover, drying 
orange and creating powder from them makes 
them readily available in the off-season, 
reduces their size, and enhances storable 
qualities. Also, this fruit powder can be used 
as an essential ingredient for food preparation 
or revitalizing natural fruit juices. However, 
the process used to obtain the powder must 
guarantee the maximum product quality and 
preserve some physical properties of the 
powder (Otálora, Carriazo, Iturriaga, 
Nazareno, & Osorio, 2015). Some researchers 
have analyzed the color changes of food such 
as tomato varieties (Ashebir, Jezik, 
Weingartemann, & Gretzmacher, 2009), 
spinach (Karaaslan & Tunçer, 2008), Japanese 
medlar (Wang, Lu, Chen, & Zhang, 2016), St. 
John’s wort leaves (Ahmadi Chenarbon et al., 
2012), and red beetroot (Fathabadi, 
Tabatabaekoloor, & Motevali, 2019). In this 
regard, Karaaslan and Erdem (2014), and 
Khafajeh, Banakar, Ghobadian, and Motevali 
(2013) investigated the measurement of the 
color change of dried orange slices using 
image processing. Also, several studies have 
been conducted on the change of aroma of 
products during different drying methods, e.g., 
mushroom (Qin et al., 2020), pear (Li et al., 
2020), saffron (Chen et al., 2020), and tea (Ni 
et al., 2020). In this context, much research 
has been conducted on various drying methods 
and the preservation of the aromas of products 
such as pepper (Guclu et al., 2020), cocoa 
(Sanchez-Reinoso, Osorio, & Herrera, 2017), 
mint (Kiani, Minaei, & Ghasemi-

Varnamkhasti, 2018), and coffee (Kulapichitr, 
Borompichaichartkul, Suppavorasatit, & 
Cadwallader, 2019). 

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

 

Material and Methods  

Sample preparation  

In this research, we used orange samples of 
the Valencia variety (Citrus Sinensis Osbeck) 
with an initial humidity of 88% on a wet basis. 
Respiration and moisture loss was reduced by 
keeping the oranges in the refrigerator at 4 ± 
0.5℃ until performing the experiments. 
Before the drying tests, the samples were kept 
at room temperature for 120 min. After peeling 
the samples, thin and uniform slices with a 
thickness of 3 to 4 mm were made from the 
orange flesh and placed inside the dryers. The 
drying process and the weight reduction of the 
samples continued until the moisture of the 
samples decreased to 10% (on a dry basis). All 
experiments were performed at room 
temperature (27± 3℃) (Fig. 1). 
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Fig. 1. From left to right; Fresh, dried, and powdered oranges 

 
Drying tests  

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

artificial electronic nose tests, the powder 
samples were placed at ambient temperature 
for 30 min. Then, 5 g of orange powder was 
poured into the sample container, and 
electronic nose tests were performed. 
 

Electronic nose system 

The electronic nose used in this study is a 
multi-sensing system based on metal-oxide-
semiconductor (MOS) sensors (Fig. 3). This 
system includes sensors, sensor housing, 
sample housing, data acquisition system, 
display, power supply unit, solenoid valves, 
pump, and oxygen capsule. This system 
comprises eight metal oxide semiconductor 
(MOS) sensors (Table 1). Each sensor reacts to 
a specific combination of volatile substances 
emitted. Metal oxide semiconductor (MOS) 
sensors are among the most common sensors 
used in electronic noses, which have high 
sensitivity and chemical stability. The low cost 
and converting chemical quantities into 
electrical signals are among the noteworthy 
advantages of these sensors (Sanaeifar, 
Mohtesabi, Ghasemi Varnamekhati, & 
Ahmadi, 2015). 
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Fig. 2. The schematic view of the dryers: (a) Convective dryer, (b) Convective infrared-dryer, and (c) Vacuum dryer 

 

 

 

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

 
Table 1- The sensors used in the electronic nose 

Sensor number Sensor name Diagnostic gases 

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

2 MQ3 Alcohol and benzene 

3 MQ4 Methane, propane, and butane 

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

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

6 MQ7 Carbon monoxide 

7 MQ9 Methane, carbon monoxide, and natural gas 

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

 
The steps taken in the electronic nose 

system include 1) baseline correction, 2) 
sample odor injection, and 3) cleaning the 

sensors and sample chamber. To mix and 
saturate the smell of the sample inside the 
chamber, we poured the sample into the 

C
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sample chamber and closed the lid. The tests 
were conducted after 10 min. In the first step, 
before injecting the air inside the sample 
chamber toward the sensors, it is necessary to 
pass the filtered air over the sensors for 60 s 
(T1). In the second step, the scent of the 
sample was passed over the sensors (T2) by 
injecting the smell of the sample into the 
sensors for 40 s. In the third step, the hoses, 
connections, and sensors were cleaned with 
filtered air for 60 s (T3). Thus, the system was 
prepared for the next sample. The voltage 
response of the sensors in these 160 s was 
collected by the data acquisition system. The 
time required for each stage of sensor testing 
was obtained by trial and error. After pouring 
5 g of orange powder into the sample chamber, 
the temperature of the sample was almost the 
same as the ambient temperature (about 30℃). 
A total of 32 samples were utilized for this 
research. Eight repetitions of tests were 
performed at 45℃ for each of the four types of 
dryers. The next step in data analysis is to 
preprocess the sensor signals. Information 
preprocessing greatly affects the performance 
of pattern recognition methods. This process is 
partly dependent on the type of sensors (Kiani, 
Minaei, & Ghasemi-Varnamkhasti, 2016). The 
first stage of preprocessing is to correct the 
response of the sensors to compensate for 
deviations and increase the information 
quality. This preprocessing facilitates the 
optimization of the output of the sensors 
before analysis. Differential, relative, and 
fractional methods are applied to extract 
features from the signals. This research used 
the fractional method for this purpose (Eq. 1). 
The preprocessed response is dimensionless 
and normalized (Heidarbeigi et al., 2015). 

( ) (0)
( )

(0)

s s
s

s

x t x
y t

x

−
=                                (1) 

where ( )sy t is the preprocessed 

(dimensionless) response, (0)sx  is the 

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

 
Measuring the concentration of vitamin C 

Vitamin C concentration was measured by 
a two-step titration method (Ghasemi & 

Chayjan, 2019). In this method, first, 25 mL of 
6% metaphosphoric acid was added to 10 g of 
orange powder sample (extraction solution). 
Next, in a 50-mL Erlenmeyer flask, 5 mL of 
this solution was diluted with 3% 
metaphosphoric acid and filtered through filter 
paper. Afterward, 10 mL of the filtered sample 
was titrated with dichlorophenolindophenol 
(detector solution). At the endpoint of the 
experiment, the solution turned pale pink, 
which lasted for 15 s. The amount of dye used 
in the titration was recorded, and the amount 
of ascorbic acid was calculated from Eq. (2) 
and expressed in terms of mg/100 g of fruit.  

The amount of ascorbic acid =
0.5×𝐵

𝐴×𝐶
× 100       (2) 

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

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

The color measurement and calculating its changes 

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

* * 2 * * 2 * * 2

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

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

 
Data analysis 

The preprocessed data were analyzed using 
PCA, ANN, PLS, PCR, and MLR techniques 
using Unscrambler V.9.7 and MATLAB 
2015a software. PCA is a chemical linear 
unsupervised pattern recognition method used 
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to analyze and reduce the dimensionality of 
numerical data sets in a multivariate problem. 
This technique is applied to assess outlier 
detection, discrimination, and similarity 
between different samples or groups (Melucci 
et al., 2016). ANN is a powerful classifier 
based on machine learning with nonlinear 
mapping capability. An ANN classifier 
consists of interconnected layers of artificial 
neurons and is trained to classify by adjusting 
the weights and biases of connections between 
neurons (Rasekh, Karami, Wilson, & Gancarz, 
2021). In statistics, PCR is a regression 
analysis method based on PCA. PCR usually 
relies on a standard linear regression model 
derived from results, which are referred to as 
dependent response variables, in relation to a 
set of other variables known as predictors, 
explanatory variables, or independent 
variables (Heidarbeigi et al., 2015; Sanaeifar, 
Mohtasebi, Ghasemi-Varnamkhasti, & 
Ahmadi, 2016). PLS is the gold standard in 
chemical measurements regarding its ability to 
handle linear data and reduce the number of 
calibration samples required (Patel, 2014). 

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

 
Results and Discussion 

Sensors’ response  

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

 

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

 

PCA results 

The main components (i.e., those with the 
most data variance) distributed the data on a 
new axis for classification. The intended score 

charts are presented in Fig. 5. The first and 
second components (PC-1 and PC-2) express 
the variance between the data obtained from 
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the measurement of the samples. These 
components are used to determine the 
existence of separate data clusters for pattern 
recognition (Heidarbeigi et al., 2015). The 
data obtained by measuring the diagram of the 
main components at 45℃ are shown in Fig. 5. 
The two main components of PCA explained 
88% of the data variance. In this study, the 
values of the first (PC-1) and second (PC-2) 

main components were 73% and 15%, 
respectively. Fig. 5 illustrates that the powder 
prepared with a convective dryer is well 
separated from the others. However, there was 
an overlap between normal vacuum, control 
vacuum, and convective-infrared dryers, which 
can be attributed to the similarity in the 
aromatic compounds of the dried powder in 
these three dryers.  

 

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

 

The loading diagram was examined to 
determine the role of sensors in separating the 
four groups. It is possible to show the relative 
role of electronic nose sensors for each main 
component in the loading diagrams. The 
higher the sensor loading on the axis of the 
main components, the closer it is to the outer 
circle. Therefore, it can be concluded that such 
a sensor has a greater role in recognizing and 
differentiating between various samples in the 
desired application. Also, if certain sensors 
have a negligible effect on the detection 
process, they can be removed from the 
electronic nose system's sensor array, 
ultimately lowering the overall cost of 
constructing the electronic nose system 
(Heidarbeigi et al., 2015). According to the 
loading diagram (Fig. 4), the classification of 
orange powder produced using four types of 
dryers is greatly impacted by the MQ3 and 
MQ6 sensors, indicating a presence of alcohol 

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

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

input, hidden, and output layers. The 
hyperbolic activation function was used in the 
hidden layer, and the number of neurons in the 
hidden layer was determined through trial and 
error. The hidden layer is comprised of several 
neurons representing the network's 
nonlinearity. In this research, the mean square 
error (MSE) is 10-8, the minimum gradient is 
10-10, and the maximum number of epochs is 
100. Also, a learning rate of 0.02 was used in 
the designed network. Besides, 75% of the 
data was used for training the network, and the 

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

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

Dryer Convective 
Control 

vacuum 

Normal 

vacuum 

Convective

-infrared 
Accuracy Sensitivity Property 

Convective 8 0 0 0 1.00 1.00 1.00 

Control 

vacuum 
0 8 1 0 0.88 1.00 0.95 

Normal 

vacuum 
0 0 7 0 1.00 0.87 1.00 

Convective-

infrared 
0 0 0 8 1.00 1.00 1.00 

Correct accuracy of classification: 96.9% 

 

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

 
PLS results 

The score chart of the PLS model indicates 

minimal overlap in the predicted vitamin C 
percentages for control and normal vacuum 
dryers. However, the color change prediction 
score chart indicates that there is considerable 
overlap between normal vacuum, control 
vacuum, and convective-infrared dryers. Also, 
the score plot shows that PC-1 covered 91-
93% of the data variance for vitamin C and 
colour change prediction, while PC-2 covered 
58-82% of the data variance (Fig. 6).  
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Fig. 6. PLS model diagram for predicting vitamin C and ΔE 

 

The PLS model loading diagram was used 
to analyse the response of each sensor (Fig. 7). 
In the loading diagram of vitamin C prediction 
and colour change prediction, the MQ6, MQ3, 
and MQ5 sensors had the highest response, 
and the MQ135 sensor provided the lowest 

response. In this regard, Sanaeifar et al. (2016) 
showed that for banana quality indicators 
(firmness and TSS index), the R2 values of 
MLR and PLS equations in calibration and 
validation were relatively similar and 
acceptable. 
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Fig. 7. PLS model loading diagram for vitamin C and ΔE prediction 

 
PCR results  

The score diagram of the PCR model shows 
the prediction overlap of vitamin C percentage 
and color change in control vacuum, normal 
vacuum, and convection-infrared vacuum 
dryers (Fig. 8). In addition, the score plot 

reveals that PC-1 accounted for 93% of the 
variance in predicting vitamin C levels and 
color change, while PC-2 captured between 
18% and 64% of the variance. 
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Fig. 8. Score chart of the PCR model for predicting vitamin C and ΔE 

 
PCR model loading diagram was used to 

analyse the response of each sensor (Fig. 9). In 
the loading diagram of vitamin C prediction 
and colour change prediction, the MQ6, MQ3, 
and MQ5 sensors had the highest response, 
and the MQ135 sensor provided the lowest 
response. Zhang, Wang, Ye, and Chang (2012) 

used electronic nose signals to predict the 
firmness and PH of peach. The results showed 
that the PCR model with high correlation 
coefficients (R= 0.78 for strength, R= 0.82 for 
sugar content, and R= 0.84 for pH) has a good 
ability to predict quality indices.  
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Fig. 9. Loading diagram of PCR model for predicting vitamin C and ΔE 

 

Comparison between PLS, PCR, and MLR models  

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

(Table 3). Also, according to Table 3, the 
MLR model demonstrates superior predictive 
capability for vitamin C levels, as observed by 
its more optimal R2 and RMSE compared to 
the other two models. Also, for colour change 
classification, the most accurate MLR model 
had an R2= 0.94 and RMSE= 0.68.  

Previous studies have shown a good 
relationship between pear quality indices (i.e., 
firmness and TSS) and electronic nose signal 
response. Thus, MLR leads to a more accurate 
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prediction than other multivariate calibration 
methods with the coefficient of determination 
values of 0.92 and 0.94 for strength and TSS, 

respectively. However, in terms of acidity, 
there is a weak correlation with the electronic 
nose signal (Zhang, Wang, & Ye, 2008). 

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

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

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

 

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

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

where Y is the quality index, a0 is the 
constant coefficient of the equation, S1 to S8 
are the sensors, and a1 to a8 indicate the sensor 
array.  

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

Quality index Vitamin C ∆E 

Model PCR MLR PLS PCR MLR PLS 

a0 294.31 433.76 -214.26 23.82 23.87 24.03 

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

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

a3 (MQ4) 945351.31 1532044.13 709418.8 2423.40 2784.22 1914.59 

a4 (MQ5) 295335.43 871438.68 4624.4 137.02 213.07 338.86 

a5 (MQ6) 479410.62 237475.81 -53066.9 577.11 1052.71 454.56 

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

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

a8 (MQ135) 537276.81 560391.37 525199.8 932.08 -93.43 1241.88 

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

 

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

Quality 

index 
Model 

Convective 

dryer 

Atmospheric control 

vacuum dryer 

Normal atmospheric 

vacuum dryer  

Convective-infrared 

dryer 

M P M P M P M P 

Vitamin C 

MLR 1411.2 1440.95 864 942.38 1219.2 1190.48 1660.8 1581.36 

PLS 1411.2 1446.23 864 946.13 1219.2 1191.25 1660.8 1571.57 

PCR 1411.2 1467.3 864 984.22 1219.2 1182.03 1660.8 1521.64 

∆E 

MLR 35.71 35.54 29.62 29.70 30.35 30.56 33.13 33 

PLS 35.71 35.57 29.62 29.69 30.35 30.65 33.13 32.9 

PCR 35.71 35.59 29.62 29.73 30.35 30.67 33.13 32.82 

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

and P prediction 

 

According to Table 5, in vitamin C 
prediction, the lowest error (216.29) was 
related to the MLR model, and the highest 
error (352.65) was related to the PCR model. 
Furthermore, in the prediction of colour 
change, the lowest error (0.592) was related to 
the MLR model, and the highest error (0.86) 
was related to the PCR model. The highest and 

lowest measured color changes were observed 
in hot air dryer and atmospheric control 
vacuum dryer, respectively. In Table 5, it is 
evident that the highest vitamin C levels were 
found in the convective-infrared dryer, while 
the atmospheric control vacuum dryer 
displayed the lowest measurements. In 
summary, the atmospheric control vacuum 
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dryer results in the most considerable decline 
in quality, specifically regarding odor and 
vitamin C concentration, while the hot air 
dryer causes the highest color change of the 
prepared orange powder. Therefore, the best 
dryer to maintain the quality of the orange 
powder is the convective-infrared dryer. 

 
Conclusion  

This study was conducted to measure and 
predict the color change and vitamin C content 
using electronic nose data for orange powder 
prepared with convective-infrared, convective, 
normal atmospheric vacuum, and atmospheric 
control vacuum dryers using ANN, PCA, PLS, 
PCR, and MLR. The highest and lowest 
amount of measured color change was 
observed in convective dryer and atmospheric 
control vacuum dryer, respectively. Also, the 
highest and lowest measured vitamin C was 
observed in convective-infrared dryer and 
atmospheric control vacuum dryer, 
respectively. Consequently, the atmospheric 
control vacuum dryer leads to the greatest 
decline in quality, specifically in terms of odor 
and vitamin C, while the convective dryer 
results in the most significant alteration in 
color of the processed orange powder. 
Therefore, the best dryer to maintain the 
quality of the orange powder is the convective-
infrared dryer. The accuracy of the PCA and 
ANN methods in identifying accuracy of the 
four types of dryers used in the preparation of 
orange powder was 88% and 97%, 
respectively. The MLR model is the best 
model for predicting the color change and 
vitamin C of orange powder using the 
electronic nose data. Therefore, it can be 
concluded that the electronic nose can predict 
the amount of vitamin C and the color change 
index of dried orange powder utilizing the 
signals of the electronic nose system. 

In this study, in order to reduce the 

amount of damage in the processing of orange, 

a non-destructive solution was presented to 

qualitatively monitor the quality characteristics 

of orange powder. An electronic nose was 

used for rapid and early detection of 

nutritional value of orange powder to evaluate 

the quality of product and the effect of drying 

process on the vitamin C content. Therefore, it 

is suggested that the following should be 

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

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

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

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

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

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

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

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

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

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

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

 
 Cویتامین کن، تغییر رنگ، خشکبی ی الرترونیک، پودر پرتقال،  های کلیدی: واژه
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