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Abstract

Machine learning algorithms have been usually used in food drying. These models are also effectively used for
nonlinear processes such as heat and mass transfer. Estimation of drying characteristics is also important for
optimizing drying conditions. Estimating of moisture rate and drying rate ensures accurate and high quality drying of
the product under air-convective drying conditions. In this study, drying rate (DR) and moisture ratio (MR) were
estimated in air-convective conditions with the use of drying time, moisture content (d.b.), and effective moisture
diffusivity as input. In addition, two different validation methodology was performed as k-fold cross validation and train
test split. In the present study random forest-RF; multilayer perceptron-MLP; and k-nearest neighbor-kNN were
performed to estimate of drying rate and moisture ratio. As a result, correlation coefficients were found above 0.8500
for moisture ratio and 0.8722 for drying rate. The findings show that algorithms could be successfully applied for the
estimation of drying rate and moisture ratio.
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1. INTRODUCTION

Apple (Malus communis L.) is the second most produced fruit worldwide after banana. Apple,
which has the ability to adapt to various ecological environments, is grown in a wide geographical
area (Spengler, 2019). The world's annual apple production is about 87 million tons. Turkey, which
produces approximately 3 million tons per year, ranks third after China and USA (FAO, 2021).
Drying is one of the most common methods used in the processing and preservation of food
products (Deng et al., 2019). Air-convective method, which is also called hot air drying, hot air is
passed over the product layer. Evaporating moisture creates a thin boundary layer saturated with
water on the product surface. The high partial vapor pressure of the saturated layer creates an
inhibiting effect on drying. For this reason, temperature and air velocity are important as they
determine the rate of removal of the moisture evaporated from the product (Cemeroglu, 2011).
Mathematical modeling is among the most important stages of drying technologies. Proper drying
kinetics need to be known for estimation of drying rate, optimization of drying parameters and
design of dryers (Cruz et al., 2015; Naderinezhad et al., 2016). Machine learning offers linear and
nonlinear models that can estimate past and future values in an input-output link (Zhang et al.,
2012). Machine learning-based estimation applications are effective tools used in the design of
accurate and reliable estimators. These models are generally used for the correct selection of
descriptive features in the quality assessment of agricultural products (Omid et al., 2010; Mollazade
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et al., 2012). Recently, machine learning technologies have been developed and applied for the
evaluation of agricultural products. These techniques offer solution-oriented approaches through
rapid and simple simulations (Soares et al.,, 2013). However, these algorithms can provide
unsatisfactory performances on highly nonlinear datasets (Song et al., 2018; Zou et al., 2010). The
aim of this study; i) drying of apples under air-convective drying, ii) determine the drying
characteristics such as moisture content, moisture ratio, drying rate, drying time, and effective
moisture diffusivity, iii) estimate the moisture ratio and drying rate.

2. MATERIALS AND METHODS

2.1. Materials

Two common apple cultivars Granny Smith and Red Delicious were used as material in the study.
Apples were supplied from a local farmer in Yesilhisar district of Kayseri. Fresh products were
brought to the drying laboratory in the portable type of refrigerator in order to prevent moisture loss
and were kept in the refrigerator of +4 ° C during the drying period.

2.2. Methods

2.2.1. Drying Processes and Drying Characteristics

Tests were performed in convective drying cabinet (ETHK-20M, TR). The temperature could be set
between 40 and 280 °C and the air velocity was adjusted with the value of 0.5 m s. The moisture
loss of the samples was recorded by measuring with a precision balance (x0.001 g) every 60
minutes. Initial moisture content was determined as 85.17% and 86.37% (wet basis) for Granny
Smith and Red Delicious, respectively, and 505 g samples were used in drying processes. To
determine the initial moisture content, the samples were dried in an oven at 105 °C for 24 hours.
The drying process was continued according to the response surface method until the samples
reached the equilibrium moisture.

The moisture content of the material before and after the studies were calculated by using the
following equation (Eq.1), respectively (Yagcioglu, 1999).

p, = Wo —We) _ W, 1)
Wd Wd

Where: Mo is moisture content (kg water. kg drymatter?); Wp is initial weight (kg); W is final
weight (kg) and Wy, is wet weight (kg).

The MR of apple slices during drying was determined using the following equation (Pinar et al.,
2021):

Mt — Me
M M. )
o~ Wle
where M (kg kg?) is moisture content at time t (dry basis), Mo (kg kg™?) initial moisture content (on
a dry basis), Me (kg kg) is moisture content (dry basis) at equilibrium.
The DR was determined using following equation (Therdthai and Zhou, 2009):

DR = Mt+a’t _Mt
dt (3)

MR
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where DR is the drying rate (g water g dry matter.min), Mt+dt is the moisture content at time t dt
(g water g dry matter?), dt is the drying time (min).

2.2.2. Effective Moisture Diffusivity

Effective moisture diffusivity (Defr) values were calculated using Fick's second law of diffusion.
The general solution of the equation for slap geometry (spherical) is showed as follow (Crank,
1975; Cetin et al., 2022):

M,-M g8& 1 (2n-1)*7°D,,t

T | g
M,-M, 7z°4%(2n-1) 41

where Des is effective moisture diffusivity (m2s™), L is half thickness of slice (m), t is drying

duration. For longer drying times, the first term of the above equation is used. The slope of the
drying time plot against In (MR) gives kO in the equation below (Cetin, 2022a).

MR

(4)

8 7°Dt
In(MR):?exp{— 4L2ﬁ } ®)
D« 7’
K, = e (6)

2.2.3. Response Surface Methodology

The response surface method is a statistical approach used for the optimization (Kaur et al., 2009).
Box-Behnken experimental design (Box and Behnken, 1960) was used with three repetitions, 3-
factor and 3-level at the center point was used to develop prediction models based on a quadratic
polynomial equation for the parameters examined (Karaman and Sagdig, 2019). Box-Behnken
design was given in Table 1. The regression coefficients were obtained using the Design-Expert®
software (Design Expert, 2021).

Table 1. Box—Behnken design and variables

Variables Unit  Symbol tg\\:\il (%1) kﬂﬁ\é?l(g) h?;;/ﬁl (31)
Temperature °C T 50 55 60
Thickness mm ST 5 7 9
Drying time h DT 8 9 10
Design

No Temperature Thickness Drying time
1 50 5 9

2 50 7 8

3 50 7 10

4 50 9 9

5 55 9 10

6 55 5 8

7 55 7 9

8 55 7 9
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9 55 7 9

10 55 9 8

11 55 5 10

12 60 7 8

13 60 7 10

14 60 5 9

15 60 9 9

2.2.4. Estimation of the Drying Characteristics

In the present study, three different algorithms were utilized. Results were evaluated with the R,
MAE, RMSE, RRSE and RAE. Five features (drying time, moisture ratio, moisture content (d.b.),
drying rate, effective moisture diffusivity) were selected as input for prediction. Moreover, two
different validation methods were performed as k-fold cross validation and train-test split. In the k-
fold cross validation, k value was selected as 10. In the train test split method, train and test values
were selected as 66% and 34%, respectively. In the present study, random forest, multilayer
perceptron, and k-nearest neighbor algorithms were used. MLP model structure are given in Fig 1.

In the MLP prediction, number of epochs, learning ratio, momentum coefficient, and activation
function were selected as 1000, 0.3, 0.2, and sigmoid, respectively. The correlation-based feature
selection was used (Cetin, 2022b). In the k-NN prediction Euclidean distance rule was performed
and k value was 1.

Weights Bias
- h,
Drying Time — | \ l l/qu(r
Drying Rate ——
— Moisture Ratio
Effective Moisture Diffusivity ——
Moisture content (d.b.) —|
Input Layer Hidden Layer Qutput Layer
(@)
Weights Bias
| ",
. . 3
Drying Time — | /ﬁ’é&
Moisture Ratio — |
— Drying Rate
Effective Moisture Diffusivity ——|
Moisture content (d.b.) —
Input Layer Hidden Layer Output Layer

Figure 1. MLP structure of moisture ratio (a) and drying rate (b)
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2.2.5. Model Performances

Model performance was evaluated by correlation coefficient (R), mean absolute error (MAE),
relative absolute error (RAE) and root mean square error (RMSE), and root relative squared error
(RRSE), Equations (8-10) (Parker, 2001).

1 W) (B -B)

n-1 i=1

(8)
MAE = Z—EJ — M,
- n (9)
(Ef - M, )2
RMSE ==
a (10)
I E, - M,
RAE = £ _ x100
D1 M- M,
v (11)
S (&, - M,y
RRSE = |1 — x100
> (M- M)
=1 (12)

Where; E;: Estimated target value, Mi: Measured target value, E: mean of estimated target values,
M: mean of measured target values, Se: Sum of estimated target values, Su: Sum of measured target
values and n: Number of data. R were analyzed to evaluate success of predictions in related with
principles specified in Colton (1974). As the R values get closer to 1, the estimation success
increases.

3. RESULTS AND DISCUSSIONS

3.1. Moisture ratio estimation

Performance results are given in Table 2 and 3. In the k-fold cross validation, the highest R (0.9950)
and lowest RMSE (0.0007) were determined in k-NN algorithm for Granny Smith cultivar. The
lowest MAE (0.0007), RRSE (9.66%), and RAE (2.99%) values were also found in k-NN
algorithm. For Red Delicious, MLP had the greatest R and lowest RMSE with the values of 0.9901
and 0.0014, respectively. However, the lowest MAE (0.0003) was obtained from k-NN.

In the train-test split method, the highest R was found as 0.9999 in k-NN for Granny Smith. In
addition, the lowest RRSE (2.30%), RAE (1.12%), RMSE (0.0002), and MAE (0.0001) were
determined in the k-NN. For Red Delicious, MLP had the highest R and lowest RRSE as 0.9995
and 5.99%. This algorithm was followed by RF with the R value of 0.9979 and an RMSE value of
0.0007. The lowest R with the value of 0.9750 found in k-NN algorithm.
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Table 2. Performance results of moisture ratio (k-fold cross validation)

Granny Smith

Models R MAE RMSE RAE RRSE
MLP 0.8500 0.0024 0.0037 %47.58 %51.20
k-NN 0.9950 0.0001 0.0007 %2.99 %9.66
RF 0.8561 0.0022 0.0038 %44.00 %52.73
Red Delicious

Models R MAE RMSE RAE RRSE
MLP 0.9901 0.0010 0.0014 %12.58 %13.68
k-NN 0.9849 0.0003 0.0017 %4.19 %16.71
RF 0.9858 0.0010 0.0017 %12.72 %17.01

Table 3. Performance results of moisture ratio (train-test split)

Granny Smith

Models R MAE RMSE RAE RRSE
MLP 0.9229 0.0023 0.0032 %43.28 %39.23
k-NN 0.9999 0.0001 0.0002 %1.12 %2.30
RF 0.9061 0.0027 0.0045 %50.86 %55.73
Red Delicious

Models R MAE RMSE RAE RRSE
MLP 0.9995 0.0027 0.0033 %11.30 %5.99
k-NN 0.9750 0.0011 0.0024 %14.82 %24.95
RF 0.9979 0.0006 0.0007 %6.85 %7.10

Onwude et al. (2016) by using artificial neural network algorithms predicted moisture ratio of
zucchini and the R? values were indicated between 0.9590 and 0.9920. Cetin (2022b), by using
random forest (RF), multilayer perceptron (MLP), gaussian processes (GP), support vector
regression (SVR), and k-nearest neighbor (k-NN) to estimate moisture ratio of orange. For different
algorithms greatest R values were reported as 0.9944 and 0.9898, for Washington Navel and
Valencia cultivars respectively. Saglam and Cetin (2022) estimated moisture ratio by using machine
learning algorithms. For Granny Smith Oregon Spur, and Golden Delicious cultivars, Random
Forest was most successful algorithm with R value of 0.9841, 0.9873, and 0.9800 respectively.

3.2. Drying rate estimation

Model performance results are presented in Table 4 and 5. For Granny Smith, the greatest R
(0.9999) was found in k-NN, and the lowest R (0.9672) was found in RF in k-fold cross validation
method. The lowest MAE (0.0001), RMSE (0.0002), RAE (1.12%) and RRSE (2.41%) were found
in k-NN.
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For Red Delicious, the highest R values determined as 0.9886 and 0.9882 for MLP and k-NN,
respectively. In addition, the lowest RAE, RRSE, and MAE were found in k-NN with the values of
4.26%, 15.02%, and 0.0001 respectively.

In the train-test method, the greatest R values were determined from k-NN (0.9999) and MLP
(0.9995). The k-NN had the lowest MAE and RMSE as 0.0001 for Granny Smith cultivar. The
highest R obtained from MLP and k-NN as 0.9879 and 0.9814, respectively. The lowest MAE
(0.0002) and RAE (8.61%) values were obtained from k-NN algorithm.

Table 4. Performance results of drying rate (k-fold cross validation)

Granny Smith

Models R MAE RMSE RAE RRSE
MLP 0.9988 0.0015 0.0020 %7.53 %5.02
k-NN 0.9999 0.0001 0.0002 %1.12 %2.41
RF 0.9672 0.0056 0.0120 %28.61 %30.74
Red Delicious

Models R MAE RMSE RAE RRSE
MLP 0.9886 0.0003 0.0004 %13.11 %15.58
k-NN 0.9882 0.0001 0.0004 %4.26 %15.02
RF 0.9753 0.0005 0.0006 %20.23 %22.67

Table 5. Performance results of drying rate (train-test split)

Granny Smith

Models R MAE RMSE RAE RRSE
MLP 0.9995 0.0027 0.0033 %11.30 %5.99
k-NN 0.9999 0.0001 0.0001 %1.01 %1.22
RF 0.8722 0.0178 0.0373 %74.30 %68.58
Red Delicious

Algorithms R MAE RMSE RAE RRSE
MLP 0.9879 0.0004 0.0006 %17.11 %21.71
k-NN 0.9814 0.0002 0.0006 %8.61 %21.01
RF 0.9740 0.0006 0.0008 %25.19 %28.68

Menlik et al. (2010) estimated apple drying rate by using ANN and the authors were found the R?
and RMSE values as 0.9990 and 0.0000008, respectively. Saglam and Cetin (2022) in the air-
convective drying used k-NN, GP, MLP, SVR, and RF to estimate apple drying rates. The greatest
R value was found with the values of 0.9995 in RF algorithm for Golden Delicious cultivar. Cetin
(2022b) for drying rate estimation used five different algorithms (RF, MLP, GP, SVR and k-NN).
The author reported that the R values ranged from 0.8618 and 1.0000 for air-convective dried
orange slices.
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4. CONCLUSIONS

In this study, drying rate and moisture ratio were estimated by three machine learning algorithms.
According to results developed algorithms were appropriate for estimations. The k-NN algorithm
was the most successful algorithm for Granny Smith cultivar, while the MLP was the most
successful algorithm for Red Delicious. Generally, RF algorithm performance was lower than the
other models in estimation of drying rate and moisture content. The results of MLP and k-NN
algorithms were close to each other for drying rate estimation. As a result, the findings show that
algorithms could be successfully applied for the estimation of drying rate and moisture ratio.
Machine learning method could be used to drying control systems for the optimization.
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