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Abstract: Drying is among the beneficial food preservation strategies and this method ensures food products last before they
reach consumers. The most used drying method is direct drying under the sun. However, in this method, the negative effects of
the external environment damage food products. Recently, solar drying systems have been the main subject of much research as
they have been protecting food from the negative effects of the external environment. In this study, a solar drying system (SD),
which have a drying chamber with different structure, was used for drying mushroom. At the same time, mushroom slices were
dried under open sun (OSD) for observing the performance of drying system. Drying rate (DR) and moisture ratio (MR) values
were determined from the experiments. In addition, the MR values obtained from the experiments were estimated by 6 different
mathematical models and 6 different machine learning algorithms. According to the results of the experiments, the drying time
of the mushroom slices using SD was approximately 12.4 hours less than the drying time under open sun. The best convergence
in the results gathered from the mathematical models is Sripinyowanich and Noomhorn and Hii et al. models for SD and OSD,
respectively. The best estimation for MR values was realized by the Multilayer Perception algorithm for both drying methods.
Keywords: Drying, Solar Energy, Open Sun, Machine Learning Algorithm, Thin-Layer Mathematical Modeling, Mushroom
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l. Introduction

Drying is a popular food preservation method that de-
creases the moisture content of the product to an ideal
level to avoid several types of deterioration, such as en-
zymatic and microbiological growth [1]. It is a heat and
mass transfer process performed to extend the shelflife of
fruits or vegetables that cannot be consumed during the
drying season and to prevent product losses. Therefore,
drying is an important activity in the food production
chain [2]. In drying, the moisture content of the products
is reduced, and thus, the product is protected. There are
many methods such as direct sun drying, drying with so-
lar energy assisted systems, heat pump drying, and micro-
wave drying for drying foods [3-6]. Solar-assisted energy
technology is an economical and clean energy source, and
its usage is very popular in drying applications [7]. Solar
dryers have two different modes of operation, passive
(natural convection) and active (forced convection) [8].
In addition, solar drying systems can be used frequently
in drying applications, as the product is protected against
rain, dust, insects and animals during drying [9]. Turkey,
located between 36°N and 42°N latitude, has a suitable

geographical location for solar energy. Turkey has an av-
erage yearly total sunlight length of 2640 hours (a daily
total of 7.2 hours) and an average total irradiation of 1311
kWh/m?-year (a daily total of 3.6 kWh/m?) [10]. In this
case, it increases the use of solar energy in many different
applications, including drying applications [11-14]. Sun
drying is the most prevalent way of preserving agricultur-
al goods in most nations, including Turkey. However, this
process is weather dependent and has issues with contam-
ination with dust, dirt, and sand particles, drying time,
time loss, and product loss [15]. Solar energy systems can
be used easily in drying processes by having simple tech-
nology, low installation, and operating costs [16].

In the literature, there are many experimental and the-
oretical studies about solar energy-assisted drying sys-
tems. Aktas et al. [17] examined the drying of bay leaf
in a closed-circuit heat-pump dryer. The researchers used
ANN for modeling experimental data. Then, they evalu-
ated the performance of the ANN model using indexes
like the correlation coefficient (R?), the root means square
error (RMSE), and the mean absolute percentage error
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(MAPE). The authors concluded that the predicted re-
sults were consistent with the experimental results. Doy-
maz (18] studied the influence of blanching and drying
temperature on the drying kinetics and rehydration ratio
of sweet potatoes and used several mathematical models
to simulate the experimental data. It was shown that the
logarithmic model has the best fit for experimental drying
data. Kooli et al. [19] investigated the drying of red pepper
under the sun and in the greenhouse and determined the
drying time and moisture content of the products. The
authors have developed a drying model to verify the dry-
ing pattern for MR. It was seen that the results obtained
from the drying models were in good agreement with the
experimental data. Chokphoemphun [20] conducted a
numerical and experimental study on paddy drying in a
rectangular fluid-bed dryer by applying the principle of
swirling flow. In the experimental study, the author inves-
tigated the drying process for two different air inlet tem-
peratures and two different air speeds in a drying time of
5 hours. The researcher calculated the predictive results of
the experimental study as R*= 0,99556, MSE= 1.988E-4
and MAE=0.00127. Sifer et al. [21] studied the drying
of onions under different conditions. Authors examined
the experimental data with 13 thin-layer drying models
to select the model that best describes the relevant param-
eter. As a result of the study, the authors determined that
the most suitable model among the drying models was the
Sigmoid model. The Sigmoid model was followed by Cu-
bic and Midilli models with respect to R*, RMSE, and y*.
As a result of the study, the authors determined that the
diffusion coefficients ranged from 1.962x10” to 1.372x10°
8 m2/s for convective, 9.757x10? and 1.723x10°® m?/s for
vacuum, and 3.19310% to 9.139x107 m?/s for microwave

drying.

In this study, the mushroom slices were dried with the

open sun drying (OSD) method and solar dryer (SD)
with a new type drying chamber in Osmaniye climatic
conditions to obtain the of drying characteristics and to
make a system comparison. Experimentally obtained MR
values of dried mushroom slices were also estimated using
6 different thin-layer drying models and 6 different ma-
chine learning algorithms.

2. Materials and Methods
2.1. Experimental Setup

Representative scheme of the system [22,23] at the Os-
maniye Korkut Ata University/Karacaoglan Campus is
appeared in Figure 1. The two basic pieces of equipment
in the system are the drying chamber and the solar air col-
lector. The system also includes a control panel, fan, and
air duct for the circulation of the drying air. The ambient
air (state 1) firstly enters the collector and then is trans-
ferred to the air inlet tunnel via a fan. Drying air whose
temperature has increased inside the collector (state 2) re-
moves the moisture from the products in drying chamber
and is discharged into the outdoor environment (state 3).
The drying chamber with an inclined structure was used
to obtain homogencous temperature distribution and to
increase the drying performance. More detailed infor-
mation about the drying channel and the system can be
found in the other studies of the authors [22-24].

A glass wool insulating material was placed on the low-
er and side sides of the system’s 195x95x12 cm (1.70 m?)
plexiglass-cased air solar collector to help reduce the heat.
A speed-controlled radial blower with a maximum flow
rate of 650 m*/hr and a power output of 70W was em-
ployed to circulate the air. Silicon was used to seal all the
connecting points and areas where air flows through in or-
der to prevent air leaks. Additionally, a layer of glass wool
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Figure 1. Solar drying system [22-24]
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with an aluminum coating was placed atop the drying
chamber to stop any potential heat losses. A transparent
plastic sight glass is also included in the chamber for the
purpose of monitoring the articles that need to be dried.
Using a tray, the products that were to be dried were put
inside drying chamber. To allow for air flow, a tray of
roughly 0.5 m* was built of aluminium perforated wire.
Following the product intake and introduction into the
drying chamber, the tray is linked to the electronic scale
by the chamber’s hanger treatment (Figure 1-b).

2.2. Measurements and assessments of
uncertainty

Measurements were taken at various stages (states 1-3) on
the system (Figure 1) to assess the system’s performance
and the drying properties of the items to be dried. The
temperature, relative humidity, and solar radiation were
all measured by thermocouples, humidity transmitters,
and irradiation sensors, in that order. The temperature
measurements in the experiments were made with K type
thermocouples. The air velocity measurement was carried
out using an anemometer for defining the air mass flow
rate. A computer-assisted data acquisition system was
used to record the data within specified intervals. In the
study, these measurement time intervals were determined
as 15 minutes. The measurement equipment used for ob-
serving the performance of the experimental system is
presented in Table 1. The most critical aspect influencing
accuracy is mistakes that may occur throughout the trials
for various reasons. The approach provided by Holman
[25] was used for uncertainty (error) analysis. Uncertainty
values of calculated parameter MR and DR are 2.30% and
2.60%, respectively.

Table 1. Measurement and analysis equipment

Device Measurement Accuracy
parameters
TESTO 435 (Air Speed Probe)  Airvelocity 0.1m/s
COLE PARMER Thermocouple Temperatures 0.1 °C
DIKOMSAN Electronic Balance Product weight 0.1g
EPLUSE Humidity Transmitter Relative humidity — 2-3 %
FRONIUS Irradiation sensor Radiation +5%
IOTECH PD3001| Data Logger Data recording |6 bit

Table 2. Methods used in modeling of MR

Model No Model Constants
I Hii et al.
2 Sigmoid
3 Mod Midilli Il
4 Sripinyowanich and Noomhorn
5 Noomhorn and Verma
6 Approximation of diffusion

European Mechanical Science (2022), 6(4): 221-232

2.3. Thin-Layer Mathematical Modeling
for Estimating MR

The quantity of moisture in food products is referred to
as the product’s water weight, and it is the most essential
metric in drying procedures. Drying rate (DR, g/ g, )
and moisture ratio (MR) are used to determine drying be-
havior. DR is given in Equation 1 [26].

_ (Mipai—M¢
DR = (Z5=) g
MR is calculated using Equation 2 [22,24].
MR = Me=Me
Mo —Me (2)

Here, M; is defined as the amount of moisture at any
time, M, is the amount of moisture at the beginning
of drying, and M, is called the equilibrium moisture
amount of the product. The M, value is too small for
M, and M,. To simplify the computation of MR, M,/
M, is used instead of Equation 2 [26,27].

Mathematical, statistical, and numerical techniques are
mostly used in drying processes to define the relationship
among the different parameters of the system in the litera-
ture. In this study, the MR values gathered from the trials
were estimated by different mathematical models. There
are 6 mathematical models formed according to thin-layer
drying used for modeling of MR and these models are pre-
sented in Table 2. Nonlinear regression analyses required
to reveal the best model for defining the drying curve of
the mushroom were carried out using the OriginPro 2017
software. The coefficient of correlation (R), the root mean
squared error (RMSE) values were calculated to deter-
mine the convergence between MR obtained from exper-
iments and from these equations.

The model with the highest R value and the lowest RMSE
values obtained between the predicted results and exper-
imental data was chosen as the best predicting model of

MR values. The statistical values are calculated using the
formula [21,26].

i=1(li = T)(Pi = P)

I T - DXL - PY? ©
N
1 !
RMSE = [EZ(MRW,i — MRy )2T? @
i=1

Ti and Pi are the neural network’s target and predicted

Formula References
y = a*exp (-kO*x”n) +b*exp (-kl*x”*n) [27]
y=a+ (b/(1+ exp(i(x-0)) ) [28]
y = exp (-k*x) + b*x [29]
y = exp (-k*x*n) + b*x + ¢ [30]
y = a¥exp (-k0*x) +b*exp (-kI*x) + ¢ [31]
y=(a*exp(-kx))+((1-a) exp(-k*b*) [32]
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values; T and P are the neural network’s average target
and forecasted values; and n is total amount of input data.
MR, ; refers to the MR value obtained from the exper-
imental observation, MRy, ., ; refers to the predicted MR
value, N refers to the number of data obtained from ob-
servation, and n refers to the constants [21,26,33].

2.4. Machine Learning Algorithm for
Estimating MR

Machine learning algorithms are divided into two class-
es as Unsupervised and Supervised Learning. The main
element in supervised learning is the existence of a set of
observations and the teaching of this training set to the
system by a supervisor. As a result of this learning, it is
necessary to make a prediction for a sample that has never
been introduced before. As a consequence, the outcomes
from the known data are used to develop the model for
the solution. In this method, depending on the model de-
veloped, it is hoped to predict the results of data sets that
lack label information. Most commonly used supervised
learningalgorithms can be listed as Multilayer Perceptron
(MLP), Support Vector Machine (SVM) and MSP Tree
(M5P), Random Forest (RF) [34].

In this study, MLP, SVM, RF and M5P algorithms were
used to estimate the MR values obtained from the exper-
iments carried out for drying of mushroom slices in SD
and OSD. Input and output parameters used in machine
learning algorithms for the predictive models are given
in Table 3. These analyses were performed with Waikato
Environment for Knowledge Analysis (WEKA) Version
3.8.3 software.

2.4.1. Support Vector Machine (SVM)

Support Vector Machines (SVM) is a classification meth-
od using structural risk minimization. The SVM was de-
veloped in 1995 by Cortesi and Vapnik for overcoming
problems and increase the awareness of the unknown. The

Table 3. Input and output parameters

foundations of SVM originate from the theory of statis-
tical learning, which is called as Vapnik-Chervonenkis
(VC) theory [35]. The general structure of SVM is dis-
played in Figure 2 [36].

SVM method, called Support Vector Regression (SVR),
was created for estimating functions [37, 38]. SVR has
the ability to capture a nonlinear relationship in prop-
erty space. Therefore, it is accepted as an effective solu-
tion method for regression applications. [39]. In this
study, PolyKernel (SVM,, ) and NormalizedPolyKernel
(SVMNPOly) are used. The equations expressing SVMPOly
and SVM__ kernel functions are given in Eq. 5 and Eq.

NPoly

6, respectively [40].
K(xi,yi) = (xiTxi +1 )p (5)

(" x + 1)P

T T (6)
f(xi x)(xj xj)

2.4.2. M5P Tree

Q{inlan [41], developed a new tree species, M5, to predict
continuous variables. There is an important difference be-
tween the classification and regression tree (CART) and
the M5 tree. The leaves of the regression trees created by
CART have values. However, leaves of trees created by

K(xiryi) =

.r'r M

g

| Input vector x |~ I-| K(x,x;) I’y‘—:@ -
h N\ _ -
AN o
\ L
\Y ~ Weights

Lren |

{ Hidden Nosdes )

{Lagrange multpliers)
Support vectors

Figure 2. SVM'’s general structure [35]

Input
Method Parameter Unit
Drying Time [t] Second
Radiation [I] W/m?
SD
Ambient Temperature [T] °C
Ambient Relative Humidity [Rh] %
Drying Time [t] Second
Radiation [l] W/m?
OsD
Ambient Temperature [T] °C
Ambient Relative Humidity [Rh] %
Output
Method Parameter Unit
SD Moisture Ratio [MR] -
OsD Moisture Ratio [MR] -

Min Max
0 59400
0 795.27

16.43 28.65

21.75 51.81
0 103500
0 798.38

14.01 28.65

21.75 59.15

Min Max
0 |
0 |
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M5 have multivariate linear patterns. This feature offers
the possibility of estimating the difference more flexibly.
The M5 tree has three main steps. These include building
trees, pruning trees, and smoothing trees. Standard devia-
tion reduction (SDR), a parameter that the M5 tree seeks
to maximize [42]. The equation of the SDR is presented
below:

SDR = sd(T) = Z xsd(T;) 7)

here T is the set of states, Ti is the i subset of states ob-
tained via tree splitting using a set of variables, sd(T) is T’s
standard deviation, and sd (Ti) is Ti’s standard deviation.

An expanded variant of the M5 algorithm is the M5P al-
gorithm [43]. One of primary benefits of model trees is
their ability to efficiently analyze huge quantities of data-
sets with many features and high dimensions. Also, they
are able to overcome the missing data problems [44] pow-
erfully. The SDR value defined in the MSP algorithm has
been changed to take into account the missing values as

follows [42]:

m |5
SDR =mxﬁix sd(T) — Z Tlxsd(i’}) (8)
JEWR]
where T is the set of training examples for a node, B(i) is
the correction factor for enumerated features, T and T,
are the split subsets, and m is the number of training cases

with no missing values for an attribute.

2.4.3. Random Forest (RF)

Random Forest (RF) is a machine learning technique that
is based on decision trees and was developed by Leo Brei-
man. A decision forest is formed by combining multiple
decision trees and the estimation results obtained from
each decision tree are combined to make a final estimate.
Therefore, RF is a community learning method [34].

For each node in the work of Amit and Geman, Breiman
combined the Bagging and the Random Subspace meth-
od, influenced by the output that the best distinction was
determined by a random selection. First, the bootstrap
technique forms a sample independent of the inputs.
Then Random Subspace method selects a randomly se-
lected number of variables from all variables and the best

branching of each node [45].

2.4.4. Multilayer Perception (MLP)

The artificial neural network (ANN) is a modeling and
estimation method that offers an alternative way of ad-
dressing complex problems and has a large-scale accep-
tance rate. Multilayer Perception (MLP) network feed
forward is a type of neural network. The MLP networks
are composed of an input layer, one or more hidden and
output layers. Each layer has a number of units called neu-
rons. These units are fully connected to the unit in the
next layer with the weight relations. Therefore, the general
expression of this network is as follows [45].

European Mechanical Science (2022), 6(4): 221-232

N n
y=1 zwjfl (Z hini+bj)+bo ©)

= =1
matrix of the hidden layer, the bias fact(;r of the hidden
layer and the activation function of the hidden layer, re-
spectively. w, b, and f, are the weight matrix of the output
layer, the bias factor of the output layer and the activation
function of the output layer, respectively [46].

Here, y is predicted output, h,, b, and f, are the weight

Three layers make up the MLP model used in this inves-
tigation. Four neurons make up the input layer of the first
layer. Eight neurons make up the second layer, sometimes
known as the buried layer. The third layer, the output lay-
er, is made up of one neuron. The hidden layer’s activation
function was determined to be the Sigmoid function. The
learning rate was assumed to be 0.3. Figure 3 depicts the
network structure.

3. Results and Discussions

In this study, through two days of experiments conducted
in the Osmaniye climatic conditions, the drying proper-
ties of the mushroom slices were compared between open
sun drying (OSD) and a solar collector-assisted drying
system (SD). Before the experiment, contaminants such
as dust and soil on the mushrooms were cleaned and
products were cut into thin slices of almost the same size.
The sliced products are arranged in a single row in trays
to be used in the drying chamber and under the sun. The
weight of the products placed on the tray was set to be
approximately the same (1410 g). The drying process con-
tinued until the products reached equilibrium moisture.
During the drying process, the measured parameters are
incident radiation, product weight, temperature and rel-
ative humidity, respectively. As mentioned earlier, these
measurements were performed at 15-minute intervals and

Input Hidden Layer Output

t[Sec.]

I1[W/m?]

T [°C]

Rh [%]

Figure 3. MLP structure used in MR estimation
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Figure 6. MR values of the dried mushrooms and solar radiation according to drying time in SD and OSD.

recorded.

Figure 4 represents the fluctuation in temperature and so-
lar radiation recorded in the two drying procedures over
the two-day continuous experiment with drying time. It
was seen that the temperature values of different points
varied depending on the radiation. Air at the inlet of the
system (State 1-Ambient) gets warmed up in the collec-

@ European Mechanical Science (2022), 6(4): 221-232

tor (State 2-SD Air Inlet) and leaves the drying chamber
(State 3-SD Air Outlet) at a temperature above the ambi-
ent temperature by taking the moisture from the product.
During the drying process, the maximum temperatures
within the drying chamber and outside were measured
to be 44.48°C and 28.65°C, respectively, at sun radiation
of 798.38 W/m?. The temperature of the drying air and

https://doi.org/10.26701/ems.| 144456
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the ambient air increased until noon, and the tempera-
ture values decreased with zero radiation in the evening
during the drying process. The maximum temperature
values of the products in the open sun drying and the dry-
ing chamber were recorded as 30.77°C and 29.67°C, re-
spectively. The results were shown that the dried products
in SD were at higher temperatures throughout the drying
process than the dried products in OSD. Especially due
to the adverse weather conditions during the night, the
product dried with OSD has decreased to low-tempera-
ture values compared with product dried with SD. Figure
5 shows the variation in relative humidity and radiation
over the course of the two-day experiment as measured at
various sites on the system. It was noticed that the highest
results were found for the relative humidity values at the
solar collector and the chamber inlet at 9% and 44%, re-
spectively.

Figure 6 shows variation of the MR values obtained for
SD and OSD and the radiation with drying time. The
moisture loss in the product during the daylight hours
was higher than during the evening hours because of the
radiation effect for both SD and OSD. While the drying
process was completed on the first day in SD, the drying
process was completed at the end of the second day in
OSD. It was observed that the varies in the MR of the
product for OSD were affected more by the weather con-
ditions especially during the night. In addition, consider-
ing the drying time, the drying process with SD has been
determined to reach the equilibrium moisture content
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Figure 7. Variation of DR with MR values of mushroom dried with (a)
SD and (b) OSD
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before drying with OSD (almost 12 hours early). This in-
stance demonstrates the benefit of the SD system over the
OSD approach. For SD and OSD, Figure 7 represents the
change in dryingrates (DR) of the mushroom with respect
to MR through the drying process. In both plots, the first
day drying rate was seen to be at its maximum value. It
was presented that the DR curve of dried products in SD
(Figure 7-a) showed a more regular change compared to
the DR curve of the dried products in OSD (Figure 7-b).
Figure 8 shows the picture of mushroom samples before
and after drying in the SD. It is seen that the mushrooms
dry and shrink through the drying process.

In this study, the experimentally obtained MR value
for mushroom dried by both SD and OSD was estimat-
ed by 6 different thin-layer drying models and 6 differ-
ent machine learning models. 6 thin-layer drying model
constants, R, RMSE values are presented in Table 4 for
MR experimentally obtained by SD. The best prediction
among the nonlinear mathematical models was obtained
by the Sripinyowanich and Noomhorn (Model No: 4)
mathematical model since the model has the highest R
(0.9998) and lowest RMSE (0.0051) rather than others.

(b)

Figure 8. Picture of the mushroom slices before (a) and after (b)
drying in the SD.
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Table 4. Results from model studies for experimental MR obtained by drying mushrooms in SD

Model No Model Constants R RMSE
""""" | 2= 0897,k0=2463E.06,n= 1337, b=0.1033,kI=008 09997 0006l
2 a=-0.00886, b= 3.915, c= -1.25E+04, k= 8.455E-05 0.9996 0.0067
3 k= 7.3E-05, b=-2.955E-07 0.9967 0.0220
4 k=8.015E-06, n=1.216, b=1.064E-06, c=-0.05533 0.9998 0.0051
5 a=1.087, b=-0.07321, k0=7.634E-05, k|1=0.08, c=-0.01356 0.9992 0.0105
6 a=0.4896, b=1.001, k= 7.608E-5 0.9953 0.0265

Table 5. Statistical error rates obtained by estimating experimental
MR values in mushroom drying with SD by different machine learning
methods

Machine Learning Model R RMSE
"""""""""" MR, 0984 00485

MR 0.9899 0.0431

MRer 0.9898 0.0397

MR 0.9791 0.0569

MRy 0.9781 0.0603

MR 0.9959 0.0252

The R and RMSE values were calculated by estimating the
MR values of the mushrooms dried by SD with 6 differ-
ent machine learning algorithms and predictive results of
these models were presented in Table 5. The best estimate

of the different machine learning was obtained with the
Multilayer Perception (R=0.9959, RMSE = 0.0252).

In Table 6, 6 thin-layer drying model constants, R and
RMSE values are given for OSD. The best prediction
among the nonlinear mathematical models was obtained
by the Hii et al. (Model No: 1) mathematical model since
the model has the highest R (0.9975) and lowest RMSE
(0.0197) rather than others. Table 7 shows R and RMSE
results found by estimation of MR values of mushrooms
dried by OSD with 6 different machine learning algo-
rithms. The best estimate of the different machine learn-
ing was obtained with the Multilayer Perception Model
(R=0,9998, RMSE=0.0122).

In Figures 9 and 10, the MR values are estimated by (a)
MR, (b) MR, (c) MR\ oty d) MR\ oty ()
MR, and (f) MR, models were compared with exper-

imental MR values for SD and OSD methods, respec-
tively. It was observed that the estimates obtained with
the Random Forest Model were almost the same with
the experimental data. This shows that the method that
best predicts MR values is the Random Forest meth-
od (MR,,). Since the MR parameter in the OSD shows
more fluctuation, the MR parameter obtained in the
OSD is more difficult to predict via regression models. In
addition, it was seen that the performance parameters ob-
tained from the mathematical models developed for SD
gave better results than the performance parameters of
the mathematical models developed for OSD. However,
the MR parameter obtained in OSD was estimated with
higher accuracy by machine learning algorithms com-
pared to the MR parameter obtained in SD. The drying
process with OSD was completed later than the drying
process with SD (approximately 12 hours). Therefore, the
number of experimental data obtained for MR in OSD
is greater than the number of data obtained for MR in
SD. The more data in machine learning models, the more
accurate predictions are performed. This explains why the
performance parameters of the machine learning models
obtained for MR in OSD are higher than the machine
learning models obtained for MR in SD.

4, Conclusions

The drying behaviours of the mushroom were investigat-
ed during two days of tests in the province of Osmaniye’s
environment using solar aided drying systems (SD) and
open sun drying (OSD). Additionally, six distinct mathe-
matical models and six different computer methods were
applied for evaluating the moisture ratio for the dried
mushrooms. The remarkable results are as follows.

Table 6. Results from model studies for experimental MR obtained by drying mushrooms in OSD

Model No Model Constants R RMSE
"""""" | 406878,k0=1344E.07,n=159, b= 0302, kI =1 78E-08 09975 00197
2 a=0.06871, b=2.257, c=-4099, k=5.653E-05 0.9937 0.0314
3 k=3.337E-05, b=1.484E-07 0.9889 0.0414
4 k=8.2000E-06, n= 1.3500, b= 1.0400e-06, c= -0.0800 0.9941 0.0302
5 a=1.081, b=-0.1272, k0=4.144E-05, k1=0.07, c= 0.04598 0.9939 0.0311
6 a=0.9931, b= -0.2303, k= 3.35E-05 0.9889 0.0415
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e The total drying time obtained with SD was signifi-
cantly reduced compared to the drying time obtained
with OSD.

The change in the MR values obtained with SD
showed a smoother trend compared to the MR values
obtained with OSD. The Sripinyowanich & Noom-
horn model and Hii et al. model proved to become
the best estimated non-linear mathematical models
for the MR values obtained with SD and ODS, re-
spectively.

Among the machine learning algorithms, MR values
of mushroom slices dried with SD and OSD were the

best converging model of the Multilayer Perception
(MLP) algorithm.

In both drying methods, it was concluded that the
MR found by the machine learning algorithms is
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Table 7. Statistical error rates obtained by estimating experimental MR
values in mushroom drying with OSD by different machine learning

Methods
Machine Learning Model R RMSE
MR, s 0.9939 0.0364
MR 0.9985 0.0191
MR, 0.9982 0.0194
MR, 0.9894 0.0447
MR 0.9848 0.0502
MR,.» 0.9998 0.0122
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better matched with the actual data according to the

mathematically obtained MR values.

o It has been stated that using machine learning algo-
rithms for more accurate modeling of MR in drying

applications will yield better results.
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