DOI: http://dx.doi.org/ 10.22104/IFT.2023.6155.2136

IFT
U Innovative Food Technologies, 11(1), 61-75, Autumn 2023

"%

Research Article

Prediction of Mass Transfer during Osmotic Dehydration of Black Fig Fruits

(Ficus carica) in Ternary Systems: Comparison of Response Surface Methodology
and Artificial Neural Network

Neda Maftoonazad ", Akbar jokar?, Mashallah Zare®

1. Research Associate Professor, Agricultural Engineering Research Department, Fars Agricultural and Natural Resources
Research and Education Center,Agricultural Research, Education and Extension Organization (AREEQ), Shiraz, Fars Prov-
ince, Iran

2. Assistant Professor, Agricultural Engineering Research Department, Fars Agricultural and Natural Resources Research
and Education Center,Agricultural Research, Education and Extension Organization (AREEO), Shiraz, Fars Province, Iran

3. Food Science Technician, Agricultural Engineering Research Department, Fars Agricultural and Natural Resources Re-
search and Education Center,Agricultural Research, Education and Extension Organization (AREEQ), Shiraz, Fars Province,
Iran

(Received 3 March 2023, Received in revised form 28 April 2023, Accepted 5 June 2023)

Abstract

Osmotic dehydration of fig fruits (cv. Sabz) in ternary solution of water, sucrose and sodium chloride at different solution
concentrations, temperature and process durations were analyzed. A comparative approach was made between artificial neu-
ral network (ANN) and response surface methodology (RSM) to predict the mass transfer parameters. The results showed
that all independent variables positively decreased the weight meaning that increasing each factor resulted in increasing
weight loss and this relationship was linear. Osmo-dehydrated figs had better quality compared to samples without osmosis.
All four independent variables explained 94% of the weight loss, 90% moisture content reduction and 89% of the solid gain.
The determined optimum processing conditions were temperature of 60°C, sucrose concentration of 70%, sodium chloride
concentration of 5% and immersion time of Sh. The results showed that properly trained ANN model is found to be more
accurate in prediction as compared to RSM model.

Keywords: Fig (Ficus carica), Osmotic dehydration, Artificial neural networks, Response surface methodology,

Moisture loss, Solute gain

How to cite this article:

Maftoonazad, N., joker, A., & Zare, M. (2023). Prediction of Mass Transfer during Osmotic Dehydration of Black
Fig Fruits (Ficus carica) in Ternary Systems: Comparison of Response Surface Methodology and Artificial Neural
Network. Innov. Food Technol., 11(1), 61-75.

>* . .
Corresponding author: n.maftoon@areeo.ac.ir



62 Innovative Food Technologies, 11(1), Autumn 2023

AV 4
Nomenclature
X, Temperature (°C) o Real value of an independent variable at the
center point
X, Sucrose concentration (%) n Variation in a unit for the dimensionless value

Sodium chloride concentration (%)
Contact time (h)

v, Moisture loss (%)

v, Weight reduction (%)

v, Solid gain (%)

Weight reduction (%)

ML  Moisture loss (%)

SG  Solid gain (%)

X, Initial fruit moisture on wet basis (g /g)

X, Final fruit moisture on wet basis (g /g)

w, Initial fruit mass (g)

w, Final fruit mass (g)

C Mass concentration (g/m?)

x, Dimensionless value of an independent
variable

X, Real value of an independent variable

1. Introduction

Fig is one of the earliest cultivated fruits that some of its
varieties are dried and stored for later consumption. Fig is a
very rich source of carbohydrates, fiber, minerals, vitamin,
amino acids and antioxidants; so it is highly important in
the diet [1].

With the production of 98,990 tons of figs and the cultivated
area of 56,292 hectares in 2019, Iran is known as the fifth
producer of figs in the world [2]. In 2020, the commercial
value of Iran’s fig product was 33.4 million dollars (fresh
and dried figs) [3]; Therefore, figs have great economic
value for Iran’s agriculture. On the other hand, the deteri-
oration of fresh figs due to its perishability and the lack of
proper storage conditions as well as inappropriate packag-
ing and transportation conditions causes a lot of damage
to this product [1]. Therefore, choosing a proper method
for processing of fresh products, such as drying, can be a
suitable solution to reduce fig loss and waste.

Conventional air drying, probably the oldest method used
to extend the shelf life of fruits, is a simultaneous heat and
mass transfer process; however, this method requires high
temperatures and time, resulting in a significant degradation
of important nutrient compounds and alterations in the col-
or of the final product [4].

x,andx, Variables in equation
|30 Model intercept coefficient
Bj Interaction coefficients of linear terms
Bjj Interaction coefficients of quadratic terms
Bkj Interaction coefficients of second order terms
e, Error
RMSE Root mean square error
MAE Mean absolute error
MAPE Mean absolute percentage error
MSE Mean square error
X2 Chi square statistics
Y, Experimental value of the ith experiment
Y., Predicted value of the ith experiment by model
Y, Average value of experimentally determined

n (in error prediction) Number of experiments

of variable k&

values

A pretreatment, such as osmotic dehydration, may present
in the early stages of dehydration a higher rate of water loss
than the rate provided by air-drying processes and can be
used to reduce the initial water content, reducing total pro-
cessing and air-drying time [5-7]. The osmotic process has
received considerable attention as a pre-treatment since it
reduces energy consumption and can improve food quality
[8]. Moreover; this process helps inhibition of enzymatic
browning, better retention of color and flavor with reduced
water activity [9]. This dehydration process can be done
in binary (water/sugar) [10] or ternary (water, sugar and
salt) systems [5]. Different aspects of osmotic dehydration
of food products have been investigated in the literature
among which studies performed on ultrasound assisted os-
motic dehydration of kiwi fruit [9], persimmon fruit [11],
plum [4, 12], garlic slices [13], cucumber slices [14], to-
mato [15], bioactive compounds, antioxidant capacity, col-
or and texture of fruits and vegetables [16] and generating
functional foods [17, 18] are worth mentioning.Several
factors can affect the osmotic dehydration process; most
importantly, concentration and temperature of the osmotic
solution, type of solute used to prepare the osmotic solu-
tion, shape and size of the material, mass and surface, the
ratio of product to solution, contact time between product
and osmotic solution, and agitation speed [7, 19-22].
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Some authors have developed models to predict mass
transfer kinetics of an OD process [20, 23-27]. Response
Surface Methodology (RSM) is a widely and effectively
used method in process and product improvement. RSM is
a collection of statistical techniques for designing exper-
iments, building models, evaluating the effects of factors
and searching for optimum conditions. It is widely also em-
ployed for multivariable optimization studies. Studies on
the optimized conditions for the osmotic dehydration pro-
cess using RSM have been published for papaya, yam bean,
potato, diced pepper, and banana [22, 26, 28-30]. Non-lin-
ear models have been suggested in food processing due to
the nonlinear behavior of food products. Artificial Neural
Network (ANN) models are widely used for prediction of
mass transfer in the osmotic dehydration phenomenon [7,
31-33]. ANN is a powerful modeling technique that offers
several advantages over conventional modeling techniques
because it can model based on no assumptions concerning
the nature of the phenomenological mechanisms and un-
derstanding the mathematical background of problem un-
derlying the process as well as the ability to learn linear
and nonlinear relationships between variables directly from
a set of examples [31, 34]. ANN models can be classified
into two classes: Supervised networks and unsupervised
networks. Supervised networks require a training algorithm
and a training data set to adjust the connection weights,
while unsupervised networks can adjust weights by them-
selves to achieve the required results without using any
training algorithm. Supervised networks are mostly used
for classification, prediction, and function approximation,
while unsupervised networks are used for clustering and
content addressable memory. For prediction and control of
food processing operations, supervised networks are suit-
able [32].

No study on osmotic dehydration of fig fruits using ternary
system is still found in the literature. The objective of this
study was to determine the effect of temperature, sucrose
and sodium chloride concentration and immersion time on
moisture loss (WL), solid gain (SG) and weight reduction
(WR) during osmotic drying of fig fruits. A number of ex-
periments were carried on based on central composite rota-
tional design (CCRD) to collect the output variables. The
performance of ANN was then compared with that of RSM
models.

2. Materials and Methods

Black fig fruits were provided by Fig Research Station
(Estahban, Fars Province, Iran). Moisture content was de-
termined by oven drying at 105°C for 24 h. The osmotic
solution used in each experiment was prepared by mixing
food grade sucrose and sodium chloride with distilled wa-
ter. The concentrations of sugar and salt, temperature of the
solution and the time of immersion for each experimental
run were designed based on a CCRD with four indepen-
dent variables and 31 runs. The osmotic solution to fruit
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ratio was 4:1 to avoid an excessive dilution of the osmotic
solution, maintain the osmotic solution to fruit ratio con-
stant, and keep a good mixing in the osmotic dehydration
apparatus [5]. Over-dilution of osmotic solution can reduce
the mass transfer coefficient and increase the processing
time throughout the experiment. Each experimental group
included five random individually weighed samples. The
experiment was carried out in a water bath equipped with
a mechanical stirrer to maintain uniform temperature and
concentration throughout the experiment. To avoid fruit de-
composition and cooking, the temperature used was in the
range of 30-70 °C. After removal from the solution, the de-
hydrated samples from each group were drained and blotted
with absorbent paper to remove the excess solution. Weight
and moisture content of the samples were measured indi-
vidually and used to calculate the response variables of the
experimental planning, including moisture loss (ML), solid
gain (SG), and weight reduction (WR) according to Egs. 1,
2 & 3, respectively [35]:

ML (%) =25 =W X 100 )]

56 ) ==X =W A=x )] g0 (2

WR (%) ="+"Y1 x100 3)
W

i

After removal from the osmotic solution, the dehydrated
sample was discharged and transferred to a circulating air
dryer. The drying temperature was 60°C and the speed of
air was 1.5 m/s.

2.1. Experimental design

RSM is an empirical statistical modeling technique that is
employed for multiple regression analysis using quantita-
tive data obtained from properly designed experiments to
solve multivariate equations simultaneously [31]. A CCRD
with four factors at five levels was used to evaluate each
main effect as well as the interaction effects. The four inde-
pendent variables were temperature (X, ), sucrose concentra-
tion (x,), salt concentration (x,), and time of immersion (x,).
The CCRD included 31 experiments with 7 central points.
Each independent variable was coded at five levels (-2, -1,
0, 1 and 2). Coding of the variables was done according to
Eq. 4:

x, =t "o i=1,2,3,...,n 4

The obtained data were analyzed to fit a polynomial equa
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tion to each dependent variable (ML, WR and SG). A qua-
dratic model, which also includes the linear model, can be
described as follows:

y =Bt B +Zj‘:1ﬂﬂx; +2, Zj:zﬁijkxj te;
®)

The experimental data were analyzed using multiple regres-
sions, and the significance of regression coefficients was
evaluated by F-test. Modeling was started with a quadratic
model, including linear, squared, and interaction terms, and
the model adequacies were checked in terms of the values
of R?, adjusted R?, and prediction error sum of squares. SAS
software (1999) was used to perform stepwise procedure to
find significant terms and simplify the models. The analysis
of variance (ANOVA) and regression coefficient calcula-
tion were carried out using the Microsoft Excel software.
The regression coefficients were used to generate response
surface plots from the regression models. MATLAB soft-
ware (ver. 8.5.0, R2015a) was used to build ANN models.

2.2. Optimization

The osmotic process condition was optimized using the
desirability function (Myers et al., 2016). The general ap-
proach to analyzing the desirability function involves the
transformation of each estimated response, variable Yi, to a
desirability value, di, where 0 <di < 1. The transformed re-
sponse, di, can have many different shapes. A zero response
represents a completely undesirable response, whereas a re-
sponse of one represents the most desirable response. The
overall desirability combines the di, of several responses
using the geometric mean for simultaneous optimization of
the responses (Eq. (6)):

1 (6)

D =(d, *d, *d, *......d)"

where di indicates the desirability of the response and # is
the number of responses in the measure [36]. In the present
study, a desirability function was developed to maximize
ML and WR and minimize SG. Optimization was performed
using Design Expert program version 12.0 (Statease Inc.,
Minneapolis, USA, trial version).

2.3. Sensory evaluation

Trained sensory panelists rated the main sensory proper-
ties of the osmotic dehydrated figs (representative samples
corresponding to OD optimized conditions, as estimated by
RSM) as well as control dehydrated samples (without os-

motic pretreatment). Scores were given for each parameter
separately on a 1-9 intensity scale (1, the lowest intensi-
ty—9, the highest intensity): red-purple color, shine, shrink-
age, hardness, adhesiveness, chewiness, sweetness and salt-
iness and overall acceptability [15].

2.4. Artificial neural network (ANN) modeling

AANSs can be used as an alternative to polynomial regres-
sion-based modeling tools that allow modeling of complex
nonlinear relationships. A widely used ANN model for
predicting and controlling food processing operations is a
multi-layer feed forward neural network (Fig. 1). This net-
work can learn nonlinear and complex relationships using
a training algorithm with a set of input-output pairs [32].
A model was developed to predict the percentages of ML
(7)), SG (y,) and WR (y,) of osmodehydrated fig fruits based
on four input variables; process temperature (x,), sucrose
concentration (x,), sodium chloride concentration (x,), and
immersion time (x,):

Data were randomized and divided into three subsets for
cross validation. The first subset was the training set (70%),
which was used for computing the gradient and updating
the network weights and biases. The second subset was
the cross validation set (15%), which was used to prevent
over-fitting. The last subset was the test set (15%), which
was not used during the training but to examine the net-
work’s generalization capability [37]. Due to the different
ranges of each input and each output, the inputs and outputs
were normalized into the interval [-1, 1] before feeding into
the network. The training process was run by trial- and- er-
ror search method until a minimum of root mean square
error (RMSE) was reached in the validation process. The
performance of the trained network was estimated based on
the accuracy of the neural network to produce outputs equal
or near to the target (predicted) values.

The model was designed using the ANN toolbox in MAT-
LAB (ver. 8.5.0, R2015a) and Levenberg-Marquardt
(Trainlm) algorithm. Trainlm is a network training func-
tion that updates weight and bias states according to Lev-
enberg-Marquardt optimization. A logarithmic sigmoid
transfer function (logsig) was used in the first layer of the
network (Eq. 7), and a linear transfer function (purelin) was
used in the second layer (Eq. 8):

log sin(x ) = m (7)

®)

purelin(x)=x

There are no strict rules for deciding which hidden layers
and nodes are needed. To our knowledge, one hidden layer
is sufficient though, there are subtle benefits to using two
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hidden layers. Therefore, we set the number of hidden lay-
ers to 1 while checking the number of neurons in the hid-
den layer. For this purpose, the number of 1, 5, 10, 15 and
20 neurons were used for neural network modeling and the
ability of the network in predicting osmotic parameters was
estimated.
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2.4. Models evaluation parameters

In order to evaluate the goodness of fitting and prediction
accuracy of the constructed models, error analyses (root
mean square error (RMSE), mean absolute percentage er-
ror (MAPE), and correlation coefficients (R?) were carried
out on the experimental and predicted data (Eqgs. 9-11). The
formulas used for the error analyses are listed in Table 1.

Table 1. Error functions and the corresponding equations

Error function Equation
YY)
_ izl ie T
Root mean square error RMSE = i (Eq. 9)
100 n Yl' e _Y,'

MAPE (%)=—) " |-~

Mean absolute percentage error n =y ip (Eq. 10)
R2 = Zz’:l(Y",p _Yi,e)

Correlation coefficients (R?) Zf:. @,,-Y, )’ (Eq. 11)

3. Results and Discussion

3.1. RSM modeling

According to the outcome of CCRD, we found the optimal
combination and conducted experiments to investigate the
effect of process parameters on ML, WR and SG of osmot-
ic dehydrated samples. Linear, interactive and quadratic
models were fitted to the experimental data to obtain the
regression models. Sequential model sum of squares and
model summary statistics were carried out to check the ad-
equacy of the models. Multiple regression analysis of the
experimental data yielded second-order polynomial models
for predicting ML, WR, and SG. A polynomial regression
was used to test the effect of several factors (each time the
effect of two independent variables on one dependent vari-
able was investigated) and based on the results, the follow-
ing models were obtained for each dependent variable (Egs.
12- 14):

WR = 13.6 +4.07 X, + 1.75 X+ 1.30 X, +2.18 X, +2.06
X,*X, (12)

WL=9.81+4.16X,+2.17 X, +1.44 X +1.72X,  (13)

SG=11.16— 1.55 X, + 1.45 X, - 237 X 2~ 3.33 X2 - 1.67
2
X2+ 176 X,* X, (14)

The adequacy and fitness of the models were tested by
analysis of variance (ANOVA). The results indicated that
the equation adequately represented the actual relationship
between the independent variables and the responses (Ta-
ble 2). The ANOVA results for ML, WR and SG showed
relatively large F-value, implying that the model is signifi-
cant and the values of Adj R’ greater than 0.600 confirm the
model’s adequacy and fitness. The value of standard devi-
ation is also low, indicating that the deviations between the
experimental and predicted values are low.
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\/ Table 2. ANOVA for the experimental results of CCRD

Source ML (%) WR (%) SG (%)
Coefficients
B, 13.6%** 8.74%** T1.1%**
Linear
B, 4.07*** 4.16*** 0.0449*
B, 1.75%* 2.17%** -1.55%%*
B, 1.30%* 1.45%** 1.456**
B, 2.18%** 1.72%** 0.780*
Quadratics
B, 0.115 0.766 -2.36%**
B, 0.235 0.205 -3.32%x*
B, -0.111 0.0523 0.092
B, 0.658 0.0359 -1.664%**
Interactions

1 1.40 1.084* 1.756%*
B, -0.214 -1.13* 0.606
B, -0.0271 0.0598 0.550
B, -1.08 -0.665 -0.0984
B, 2.06%** 0.939 0.484
B, -0.175 0.939 -1.60*
R’ 0.740 0.775 0.721
Adj R? 0.688 0.740 0.651
Std Dev. 3.12 2.69 3.22
Regression
DF 5 4 6
SS 693 649 642
MS 139 162 107
F 14.2 22.4 10.3
Significance of F 1.25E-06 4.14E-08 1.14E-05
Residual
DF 25 26 24
SS 244 188 248
MS 9.76 7.24 10.4
Total
DF 30 30 30
SS 937 837 891

***Highly significant (P<0.01), **Significant (P<0.05), *Critical limit (0.05<P<0.1)

Figures 1-3 display the results of osmotic dehydration. WR
was greatly affected by sodium chloride and sucrose con-
centrations, temperature, and soaking time. The effect of
temperature on dehydration was greater than that of other
parameters. All four independent variables had a positive
effect on WR. In other words, increasing any of the men-
tioned variables improved WR. The effect of all indepen-
dent variables on WR was linear. At the highest concentra-

tion of sucrose (70% w/w) and the lowest amount of sodium
chloride (0% w/w), the WR was almost 11%, while with the
addition of 10% w/w of salt, the amount of WR increased to
17% (Fig. 1a). Fig. 1b shows that the largest value of WR
could be obtained by the highest amount of sucrose content
after 5 h. The effect of sodium chloride addition on enhanc-
ing the mass transfer of water was significant even at low
concentrations (Fig. la, 1b, lc).
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Fig 1. Response surfaces for the WR of fig fruits

The regression coefficients indicated that ML is affected
by the linear effects of all four independent variables as
well as the interactions of sucrose content and immersion
time. In other words, ML is favored by increasing the con-
centrations of sodium chloride and sucrose and increasing
solution temperature and immersion time (Fig. 2). ML
varies from 3.35 to 31.3 g/g. The lowest ML is related to
lower temperatures and lower sodium chloride contents.
When temperature increases, the permeability of the cell
membrane changes, leading to a better exchange of water,

sucrose and sodium chloride in fruits [30]. The response
surface of 2a shows that the largest values for ML are at
the highest concentrations of sucrose (70% w/w) and sodi-
um chloride (10% w/w). The response surface of ML to the
concentration changes of temperature and sucrose showed
that increasing the sugar content may affect ML in a wide
range of temperature values (Fig. 2b). The maximum im-
mersion time (5 h) and the maximum concentration of sodi-
um chloride lead to the largest ML (Fig. 2c).

Fig 2. Response surfaces for ML of fig fruits
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Fig. 3 indicates that SG increases with increasing the
sodium chloride concentration and its effect on SG is more
significant than the effect of sucrose. This means that due
to the smaller molecules size, more sodium chloride than
sucrose enters the fruit [5]. In this section of the study, the
fig fruits samples were tested and an osmotic solution with
5% (w/w) of sodium chloride was considered to be the
maximum amount of sodium chloride that can be added to the
osmotic solution without changing the fruit’s natural taste.
This result is in agreement with the findings of Rodrigues
and Fernandes (2007). The maximum SG was found at 50%
(w/w) sucrose and 10% (w/w) salt concentrations (Fig. 3a).

S0

c)

5G| %)

The response surface of SG to changes in temperature and
sucrose content showed that the greatest value for SG was
found at 50°C and 50% (w/w) sugar. The response surface
of SG to changes in temperature and time of immersion
revealed that higher SG was at 50°C after 3 h (Fig. 3b).
The response surface of SG to changes in sugar content and
immersion time showed that a wide range of contact time
could be used to obtain maximum SG (Fig. 3c), while for
response surface of SG to sodium chloride and contact time,
it can be observed that higher SG is found at the 10% w/w
after 3 h (Fig. 3d).

sa(%

Fig 3. Response surfaces for the SG of fig fruits.

Several factors may affect the infiltration process. This
study tested the effects of sucrose and sodium chloride con-
tents, temperature, and soaking time in this regard. Similar
results have been obtained by other researchers for other
fruits. These results may differ in the interaction effect of
various factors, but all are consistent in terms of the effects
of temperature, sucrose and sodium chloride content, im-
mersion time, and some other parameters on ML, SG, and
WR [30].

Increasing the temperature during the osmotic dehydra-
tion of tomato in ternary solutions led to higher water mass
transfer coefficients [25]. During the osmotic dehydration
of carrot cubes, ML increased by increasing the temperature
[38]. The rapid ML with the increase of solution tempera-
ture might be attributed to the plasticizing effect of the cell

membranes and also to the lower viscosity of the osmotic
medium. Rapid ML is due to the large osmotic driving force
between the dilute sap of the fresh fruit and the surrounding
hypertonic solution [32, 39].

Composition of the osmotic solution has also a direct influ-
ence on the osmotic drying kinetics. The results showed that
the more concentrated dehydration solution is produced,
the highest ML will occur. ML and SG of the watermel-
on slabs treated with higher osmotic solution concentration
were found to be higher [40], while in the present study,
SG increased by increasing the sucrose content up to 50%.
However, there is an exception in accelerating ML and SG
when the solution viscosity at high concentrations begins to
limit the mobility of the solution, thereby slowing down the
rate of ML and SG [39].
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The chemical nature of solutes, molecular weight and in-
teraction effects have also been recognized to influence the
concentration effects. Low molecular weight (LMW) sol-
utes penetrate more readily than other compounds [39]. It
seems that LMW osmotic agents can easily penetrate into
the cells of fruits and vegetables as compared to HMW os-
motic agents. When a mixture of sucrose-NaCl was used
as the osmotic solution, higher ML were obtained due to
an apparent synergistic effect of the solutes. In fact, the
addition of NaCl to the solution resulted in an increase of
the osmotic pressure gradients, and thus, higher ML values
throughout the osmosis period. Sodium chloride increases
the driving force of dehydration, lowers water activity and
allows a higher rate of penetration into the material due to
its low molecular weight [41]. The results of this study are
in agreement with the findings of Ispir and Togrul (2009)
[42]. The increase in immersion time leads to higher ML
during osmotic dehydration [42, 43]. The importance of
each of these parameters to the fig osmotic drying process
was determined using the declared contribution or variabili-
ty. The ANOVA explained the temperature, sucrose, sodium
chloride and soaking time of 94% for WR, 90% for ML and
89% for SG, indicating that these values have been selected
correctly. Similar results were reported by Abud-Archilla et
al. (2008) [30].

3.2. Optimization

We determined the optimum conditions for the osmotic de-
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hydration of fig to obtain maximum ML and WR and mini-
mum SG. Second order polynomial models obtained in this
study were utilized for each response to obtain specified
optimum conditions. The results obtained with this exper-
imental design showed that the fitted models for ML, WR,
and SG were suitable for describing the experimental data.
For optimizing the osmotic dehydration, the following were
considered: temperature (30, 40, 50 & 60°C), sucrose con-
centration (30, 40, 50, 60 & 70%), sodium chloride (0, 2.5
& 5%) and time of immersion (1, 2, 3,4 & 5 h). The highest
levels of temperature (70°C) and sodium chloride content
corresponding to the coded values of 1 and 2 (7.5 and 10%)
were removed from the constraints in optimization due to
their adverse effects on the final product’s quality. The main
criteria for optimizing the boundary conditions were the
possible ML and WR, and the minimum SG. Various re-
sponses 5, 3, and 3 were used to optimize the process condi-
tions for the osmotic dehydration of fig fruits by numerical
optimization techniques based on their relative contribution
to the quality of the final product, including ML, WR, and
SG. The desirability approach was used to optimize the pro-
cess variables to meet the criteria. The determined optimum
processing conditions were temperature of 60°C, sucrose
concentration of 70% sodium chloride concentration of 5%
and immersion time of 5h, according to their respective
desirability preferences (Table 3). At these conditions, the
WR, ML and SG were obtained as 21.81, 24.10 and 3.88%
(g/100g of sample), respectively with the overall desirabil-
ity value of 0.794.

Table 3. Optimization criteria for different independent variables (Temperature, sucrose concentration, sodium chloride concentration and immersion
time) and responses (ML, WR and SG) for optimum conditions

Parameters Desired goal Lower limit Upper limit Importance Solution
Temperature (°C) In range 30 60 3 60
Sucrose concentration In range 30 70 3 70
(%)
Sodium chloride con- In range 0 5 3 5
centration (%)

Contact time (h) In range 1 5 3 5

ML (%) Maximize 5.46 25 5 24.10

WR (%) Maximize 1.65 23.2 3 21.81

SG (%) Minimize -5.26 14.1 3 3.88

3.3. Sensory evaluation

A sensory evaluation was performed at the optimized con-
ditions, where the organoleptic quality of fig samples was
described in terms of red-purple color, shine, shrinkage,
hardness, adhesiveness, chewiness, sweetness and saltiness
and overall acceptability. The intensity scores for the attri-

butes on the hedonic scale for all samples are presented in
Figure 4. Osmo-dehydrated samples had the higher scores
compared to the control one for color, shine and sweetness.
The scores for shrinkage, hardness, adhesiveness and chew-
iness were higher in control sample. By inclusion of 5%
sodium chloride, no salty taste was felt. As far as the overall
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acceptability scores are concerned, the osmo-dehydrated
sample was rated higher. It is noteworthy that despite the
addition of sucrose to the pretreated samples, 90% of the
panelists were satisfied with the sweetness of the processed
samples. This might be due to the balance created between
included sucrose and the present organic acid compounds in
black figs. Control fig samples were characterized by dark

Red-purple color
9

Overall acceptability

Saltiness

Sweetness

Chewiness

color, higher shrinkage, hardness, adhesiveness and chew-
iness, while samples pretreated with osmotic dehydration
where judged as pleasant. As mentioned in different studies,
flavor/taste and texture characteristics as well as primary
raw materials and solute used are the main sensory char-
acteristic in sensory evaluation influencing the consumer
acceptability of osmo-dehydrated fruits [15, 44, 45].

—s— Osmodchydrated
sample

Shine ~—e—Control sample

Shrinkage

Hardness

Adhesiveness

Fig 4. Sensory scores for the attributes on the hedonic scale (osmo-dehydrated sample at the optimum process condition and control sample). Average scores
(scale 1-9) for red-purple color (axis 1), shine (axis 2), shrinkage (axis 3), hardness (axis 4), adhesiveness (axis 5), chewiness (axis 6), sweetness (axis 7),
saltiness (axis 8) and overall acceptability (axis 9)

3.5. Comparison of RSM and ANN models

The ANN and RSM models were compared with regard to
their goodness of fitting and prediction accuracy using the
criteria presented in Table 1. The results of statistical anal-
ysis and comparison between RSM and ANN models are
provided in Table 4. To study the modeling abilities of RSM
and ANN models, the values predicted by these models
were plotted against the corresponding experimental values
(Figures 6a to 6¢). These figures show that the predicted
data by ANN model were much closer to the line of perfect
prediction than those of predicted by RSM models for all
three dependent variables. Therefore, a significantly higher
generalization capacity was observed by the ANN models
compared to RSM ones. According to Maran et al. (2013),
the higher accuracy of ANN models in prediction of os-
motic dehydration parameters could be due to its universal
ability to estimate the nonlinearity of the process, while the

RSM models are confined to the second order polynomials.
On the other hand, a great number of iterative computations
are performed during generation of ANN models whilst in
RSM models only a single step calculation is carried out
[31]. In this regard, the results of the present study are in
the range of those previously reported [32, 46, 49]; howev-
er, different ranges of error and coefficient of determination
parameters have been provided in the literature.

Almost all the studies conducted in relation to the predic-
tion of osmotic dehydration parameters using neural net-
work have concluded that ANN approach provides a robust
tool for modeling the osmotic dehydration process and
that the outputs are remarkably better than conventional
mathematical models in predicting the water loss and solids
gain during this process. However, such operations involve
highly complex and non-linear physical mechanism. In this
regard, we can refer to the studies conducted on osmotic
dehydration of eggplant [50], pumpkin [51] and fish [52].

Table 4.Comparison between RSM and ANN models

Dependent Error functions Number of Neurons

variables 1 5 10 15 20
ML (%) RMSE 0.679 0.597 0.522 0.531 0.512
R? 0.891 0.898 0.910 0.899 0.915
WR (%) RMSE 0.554 0.514 0.497 0.489 0.512
R? 0.897 0.902 0.910 0.901 0.878
SG (%) RMSE 0.678 0.621 0.554 0.613 0.576
R? 0.801 0.859 0.883 0.865 0.880
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Fig 6. Experimental vs. predicted values of RSM and ANN models for a) ML (%), b) WR (%) and ¢) SG (%)

4. Conclusions

This paper investigated the OD process of fig fruits. All four
independent variables (temperature, sucrose concentration,
sodium chloride concentration, immersion time) had sig-
nificant effect on responses. The use of a ternary osmotic
solution improved mass transfer compared to the binary os-
motic solution. The use of salt increased ML and WR, but
at high concentrations, it increased SG and made the fruit
too salty. The amount of sodium chloride that can be added

to the osmotic solution without changing the fruit’s natural
taste was found to be 5% w/w. The ANOVA results showed
a significant effect (P<0.05) of all process parameters on
ML and SG. Sucrose and sodium chloride content, tempera-
ture and immersion time of the sample explained 94% of
WR, 90% of ML and 89% of SG. These high percentages
confirm that the parameters required for the osmotic drying
process have been selected correctly. The optimal treatment
conditions were a temperature of 60 °C, a sucrose concen
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tration of 70%, a sodium chloride concentration of 5%, and
a soaking time of 5 h. Under these conditions, ML, WR,
and SG were 21.81, 24.10, and 3.88% (g / 100 g samples),
respectively with a desired value of 0.794. We used the ex-
perimental data based on CCRD in the osmotic dehydra-
tion process of fig fruits to model, predict, and generalize
the performance of RSM and ANN methods. The results
showed that the multilayer perceptron (MLP) with sigmoid-
al function and 10 hidden nodes was suitable for predict-
ing WR, ML and SG of fig fruits during the OD process.
In both the learning and testing processes of ANN model,
the error between the predicted and experimental values for
ML, WR, and SG was relatively small, and r? for these pa-
rameters was high. The ANN model could more accurately
predict ML, WR, and SG in range of RSM model. In other
words, a well-trained ANN model is more accurate in pre-
diction than RSM.

Acknowledgments

This study was supported by the Agricultural Engineering
Research Institute (AERI), Agricultural Research, Educa-
tion and Extension Organization (AREEO), Shiraz, Fars
Province, Iran.

References

[1] Crisosto, H., Ferguson, L., Bremer, V., Stover, E., & Colelli, G.
(2011). Fig (Ficus carica L.). In Postharvest biology and technol-
ogy of tropical and subtropical fruits (pp. Y1 +-)Yte). Woodhead
Publishing.

[2] Ahmadi, K., Ebadzadeh, H. R., Hatami, F., Mohammadnia
Afrouzi, SH., Taghani, R., Yari, SH. and Kalantari, M. (2021).
Agricultural statistics 2020, vol. 3, Horticultural products. Min-
istry of Jihad and Agriculture, Planning and Economic Deputy,
Information and Communication Technology Center [In Persian].

[3] Complexity, T.O.0.E. https://oec.world/. 2020.

[4] Romero, 1. P., Gomez, M. J. R, Iiiguez, F. M. S., & Magro,
P. C. (2022). Optimization of the osmotic dehydration process of
plums (Prunus Salicina Lindl.) in solutions enriched with inulin,
using response surface methodology. LWT - Food Sci. Technol.
157, 113092.

[5] Rodrigues, S., & Fernandes, F. A. (2007). Dehydration of mel-
ons in a ternary system followed by air-drying. J Food Eng. 80(2),
678-687.

[6] Dhiman, S., Kumar, V., Kaur, R., Kumar, S., & Sharma, R.
(2022). Osmotic dehydration of mulberry: Effect of pretreatment
and processing conditions on the quality attributes. Appl. Food
Res. 2(2), 100172.

[7] Jahedi Rad, S., Kaveh, M., Sharabiani, V. R., & Taghinezhad,
E. (2018). Fuzzy logic, artificial neural network and mathemati-
cal model for prediction of white mulberry drying kinetics. Heat
Mass Transf. 54, 3361-3374.

[8] Yu, Y., Jin, T. Z., Fan, X., & Wu, J. (2018). Biochemical deg-
radation and physical migration of polyphenolic compounds in
osmotic dehydrated blueberries with pulsed electric field and ther-
mal pretreatments. Food chem. 239, 1219-1225.

[9] Prithani, R., & Dash, K. K. (2020). Mass transfer modelling in
ultrasound assisted osmotic dehydration of kiwi fruit. /nnov Food
Sci Emerg Technol. 64, 102407.

[10] Tsamo, C. V. P, Bilame, A. F., Ndjouenkeu, R., & Nono, Y. J.
(2005). Study of material transfer during osmotic dehydration of
onion slices (Allium cepa) and tomato fruits (Lycopersicon escu-
lentum). LWT - Food Sci. Technol. 38(5), 495-500.

[11] Bozkir, H., Ergiin, A. R., Serdar, E., Metin, G., & Baysal, T.
(2019). Influence of ultrasound and osmotic dehydration pretreat-
ments on drying and quality properties of persimmon fruit. Ultra-
son. Sonochemistry, 54, 135-141.

[12] Rahaman, A., Zeng, X. A., Kumari, A., Rafiq, M., Siddeeg,
A., Manzoor, M. F., ... & Ahmed, Z. (2019). Influence of ultra-
sound-assisted osmotic dehydration on texture, bioactive com-
pounds and metabolites analysis of plum. Ultrason. Sonochemis-
try, 58, 104643.

[13] Feng, Y., Yu, X., Yagoub, A. E. A., Xu, B., Wu, B, Zhang, L.,
& Zhou, C. (2019). Vacuum pretreatment coupled to ultrasound
assisted osmotic dehydration as a novel method for garlic slices
dehydration. Ultrason. Sonochemistry, 50, 363-372.

[14] Kiani, H., Karimi, F., Labbafi, M., & Fathi, M. (2018). A
novel inverse numerical modeling method for the estimation of
water and salt mass transfer coefficients during ultrasonic assist-
ed-osmotic dehydration of cucumber cubes. Ultrason. Sonochem-
istry, 44, 171-176.

[15] Giannakourou, M. C., Lazou, A. E., & Dermesonlouoglou,
E. K. (2020). Optimization of osmotic dehydration of tomatoes
in solutions of non-conventional sweeteners by response surface
methodology and desirability approach. Foods, 9(10), 1393.

[16] Landim, A. P. M., Barbosa, M. I. M. J., & Junior, J. L. B.
(2016). Influence of osmotic dehydration on bioactive compounds,
antioxidant capacity, color and texture of fruits and vegetables: a
review. Ciénc. Rural, 46, 1714-1722.

[17] Nagai, L. Y., Santos, A. B., Faria, F. A., Boscolo, M., & Mau-
ro, M. A. (2015). Osmotic dehydration of mango with ascorbic
acid impregnation: influence of process variables. J. Food Pro-
cess. Preserv. 39(4), 384-393.

[18] Jiménez-Hernandez, J., Estrada-Bahena, E. B., Maldona-
do-Astudillo, Y. 1., Talavera-Mendoza, O., Arambula-Villa, G.,
Azuara, E., ... & Salazar, R. (2017). Osmotic dehydration of man-
go with impregnation of inulin and piquin-pepper oleoresin. LWT
- Food Sci. Technol. 79, 609-615.

[19] Ferrari, C. C., & Hubinger, M. D. (2008). Evaluation of the
mechanical properties and diffusion coefficients of osmodehydrat-
ed melon cubes. Int. J. Food Sci. Technol. 43(11), 2065-2074.

[20] Singh, B., Panesar, P. S., Gupta, A. K., & Kennedy, J. F.
(2007). Optimisation of osmotic dehydration of carrot cubes
in sucrose-salt solutions using response surface methodolo
gy. Eur. Food Res. Technol. 225, 157-165.



Neda Maftoonazad, et al

73

[21] Ahmed, 1., Qazi, I. M., & Jamal, S. (2016). Developments in
osmotic dehydration technique for the preservation of fruits and
vegetables. Innov Food Sci Emerg Technol. 34,29-43.

[22] Ozdemir, M., Ozen, B. F., Dock, L. L., & Floros, J. D. (2008).
Optimization of osmotic dehydration of diced green peppers by
response surface methodology. LWT - Food Sci. Technol. 41(10),
2044-2050.

[23] de Oliveira, L. F., Corréa, J. L. G., de Angelis Pereira, M. C.,
Ramos, A. D. L. S., & Vilela, M. B. (2016). Osmotic dehydration
of yacon (Smallanthus sonchifolius): Optimization for fructan re-
tention. LWT - Food Sci. Technol. 71, 77-87.

[24] da Costa Ribeiro, A. S., Aguiar-Oliveira, E., & Maldonado,
R. R. (2016). Optimization of osmotic dehydration of pear fol-
lowed by conventional drying and their sensory quality. LWT -
Food Sci. Technol. 72, 407-415.

[25] Tonon, R. V., Baroni, A. F., & Hubinger, M. D. (2007). Os-
motic dehydration of tomato in ternary solutions: Influence of pro-
cess variables on mass transfer kinetics and an evaluation of the
retention of carotenoids. J. Food Eng. 82(4), 509-517.

[26] Rahman, S. M. A., Sharma, P., & Said, Z. (2022). Application
of Response Surface Methodology Based D-Optimal Design for
Modeling and Optimisation of Osmotic Dehydration of Zucchi-
ni. Digit. Chem. Eng. 4, 100039.

[27] Maldonado, M., & Pacheco, J. G. (2022). Mathematical
modelling of mass transfer phenomena for sucrose and lactitol
molecules during osmotic dehydration of cherries. Heliyon, 8(1),
¢08788.

[28] El-Aouar, A. A., Azoubel, P. M., Barbosa Jr, J. L., & Murr,
F. E. X. (2006). Influence of the osmotic agent on the osmotic
dehydration of papaya (Carica papaya L.).J. Food Eng. 75(2),
267-274.

[29] Merecali, G. D., Marczak, L. D. F., Tessaro, 1. C., & Noreifia, C.
P.Z.(2011). Evaluation of water, sucrose and NaCl effective diffu-
sivities during osmotic dehydration of banana (Musa sapientum,
shum.). LWT - Food Sci. Technol. 44(1), 82-91.

[30] Abud-Archila, M., Vazquez-Mandujano, D. G., Ruiz-Cabre-
ra, M. A., Grajales-Lagunes, A., Moscosa-Santillan, M., Ventu-
ra-Canseco, L. M. C,, ... & Dendooven, L. (2008). Optimization
of osmotic dehydration of yam bean (Pachyrhizus erosus) using
an orthogonal experimental design. J. Food Eng. 84(3), 413-419.

[31] Maran, J. P., Sivakumar, V., Thirugnanasambandham, K.,
& Sridhar, R. (2013). Artificial neural network and response sur-
face methodology modeling in mass transfer parameters predic-
tions during osmotic dehydration of Carica papaya L. Alex. Eng.
J. 52(3), 507-516.

[32] Lertworasirikul, S., & Saetan, S. (2010). Artificial neural net-
work modeling of mass transfer during osmotic dehydration of
kaffir lime peel. J. Food Eng. 98(2), 214-223.

[33] Ochoa-Martinez, C. 1., & Ayala-Aponte, A. A. (2007). Predic-
tion of mass transfer kinetics during osmotic dehydration of apples
using neural networks. LWT - Food Sci. Technol. 40(4), 638-645.

Modeling of osmotic dehydration of black fig fruit using RSM and ANN
&

[34] Aghbashlo, M., Hosseinpour, S., & Mujumdar, A. S. (2015).
Application of artificial neural networks (ANNs) in drying tech-
nology: a comprehensive review. Dry. Technol. 33(12), 1397-
1462.

[35] Maftoonazad, N., Badii, F., Shahamirian, M., Mirmajidi, A.,
Zare, H. and Jokar, L. (2013). Using osmotic dehydration and hot
air to produce intermediate moisture fig. Publication of Agricul-
tural Research, Education and Extension Organization. No. 43548
[In persian].

[36] Myers, R. H., Montgomery, D. C., & Anderson-Cook, C. M.
(2016). Response surface methodology: process and product opti-
mization using designed experiments. John Wiley & Sons.

[37] Lertworasirikul, S. (2008). Drying kinetics of semi-finished
cassava crackers: A comparative study. LWT - Food Sci. Tech-
nol. 41(8), 1360-1371.

[38] Singh, B., Panesar, P. S., Nanda, V., & Kennedy, J. F. (2010).
Optimisation of osmotic dehydration process of carrot cubes
in mixtures of sucrose and sodium chloride solutions. Food
Chem. 123(3), 590-600.

[39] Ramaswamy, H. S. (2007). Osmotic drying: Principles, tech-
niques and modeling. In The Proceedings of the 5th Asia-Pacific
Drying Conference: (In 2 Volumes) (pp. °1-£9).

[40] Falade, K. O., Igbeka, J. C., & Ayanwuyi, F. A. (2007). Kinet-
ics of mass transfer, and colour changes during osmotic dehydra-
tion of watermelon. J. Food Eng. 80(3), 979-985.

[41] Antonio, G. C., Alves, D. G., Azoubel, P. M., Murr, F. E. X.,
& Park, K. J. (2008). Influence of osmotic dehydration and high
temperature short time processes on dried sweet potato (Ipomoea
batatas Lam.). J. Food Eng. 84(3), 375-382.

[42] Ispir, A., & Togrul, I. T. (Y++9). Osmotic dehydration of
apricot: Kinetics and the effect of process parameters. Chem. Eng.
Res. Des. 87(2), 166-180.

[43] Mundada, M., Hathan, B. S., & Maske, S. (2011). Mass trans-
fer kinetics during osmotic dehydration of pomegranate arils. J.
Food Sci. 76(1), E31-E39.

[44] Konopacka, D., Jesionkowska, K., Klewicki, R., & Bonazzi,
C. (2009). The effect of different osmotic agents on the sensory
perception of osmo-treated dried fruit. J. Hortic. Sci. Biotech-
nol. 84(6), 80-84.

[45] Vilela, A., Sobreira, C., Abrado, A. S., Lemos, A. M., &
Nunes, F. M. (2016). Texture quality of candied fruits as influ-
enced by osmotic dehydration agents. J. Texture Stud. 47(3), 239-
252.

[46] Aydani, E., Kashani-Nejad, M., Mokhtarian, M., &
Bakhshabadi, H. (2013). Optimization of orange osmotic dehy-
dration process using response surface method and estimation of
dehydration parameters by Artificial Neural Network. /ran. Food
Sci. Technol. Res. J. 9(3).



74 Innovative Food Technologies, 11(1), Autumn 2023

<

[47] Azadbakht, M., Torshizi, M. V., Noshad, F., & Rokhbin, A.
(2018). Application of artificial neural network method for predic-
tion of osmotic pretreatment based on the energy and exergy anal-
yses in microwave drying of orange slices. Energy, 165, 836-845.

[48] Mokhtarian, M., & Tavakolipour, H. (2016). The application
of neural network method for the prediction of the osmotic factors
of crookneck squash. J. Food Biosci. Technol. 2, 23-30.

[49] Morais, R. A., Alves, D. G., & Da Silva, W. G. (2016). Use of
artificial neural network to optimize osmotic dehydration process
of cashew from cerrado (Anacardium occidentale). Int. J. Com-
put. Appl. 975, 8887.

[50] Bahmani, A., Jafari, S. M., Shahidi, S. A., & Dehnad, D.
(2016). Mass transfer kinetics of eggplant during osmotic dehy-
dration by neural networks. J. Food Process. Preserv. 40(5), 815-
827.

[51] Mokhtarian, M., Heydari Majd, M., Koushki, F., Bakhshabadi,
H., Daraei Garmakhany, A., & Rashidzadeh, S. (2014). Optimisa-
tion of pumpkin mass transfer kinetic during osmotic dehydration
using artificial neural network and response surface methodology
modelling. Qual. Assur. Saf. Crops Foods, 6(2),201-214.

[52] Crisosto, H., Ferguson, L., Bremer, V., Stover, E., & Colel-
li, G. (2011). Fig (Ficus carica L.). In Postharvest biology and
technology of tropical and subtropical fruits (pp. ‘1 +-)Yte).
Woodhead Publishing.



DOI: http://dx.doi.org/ 10.22104/IFT.2023.6155.2136

N\

<>\\°~Y b PV-VO asas ) ojlads V) 0,90 Jid i jo wos s (5,5l aslilad

Y

g 5y lio
o 50 ol gl (6 poawl (405 S jo oy JULST wls | )8 (S
(SEFman (omas aSd g Tl plaw (g du Lo 1l an

Tesly Allile Ty gm ST #8051 ¢y gido 15

Ol Rl 3l 63,9LaS g F 9 Ghigel «olitdiznd (lojlw ) (65 59LiS (hjgol g Wl 35 o (cole Glid guace 583 )

@y 9 phigel «lidiz lojlw )l sl b qilvo g (55)9lisS (higol g Cliniod 35 4o «(65)gliS cwiige 9 (S8 i (5558 .Y
Ozl 3l (55 y9bis

95 9 ohisel «Olinion Glojle () (b @l 9 (65)9LisS (hjgol 9 WULERS 35 70 (55 )9l mwidigo 9 (8 Ol iy ol L5 .Y
Sl

OB X[V 155 50y g AFY/oY oA 16,555 o0, T gyl AFNNYNY: byl fes,)

PRV Y

Srsabst slaplej g Led (Jslme il glaclale )3 o w)l5 5 5,0 ol (Qbaw Jslone o ol slaogee s5el 55T
sl RSM) gl s (55, 5 (ANN) egias cvas aSd o gl dmmlio 9,505, o 285 )18 (o) 9590wl B cilizes
45 (Fe cnl 4 isls a5 (59 Sute yob a4y Jine (gla puiie (poled oS ls (L gl o el 2 JlT sla el (i
S (S S5 (S ol (g 4 008 SiS (sl ol g (- alail) (pl g 08 059 RalS (liEl 4 e Jelge SIS0 e (Al
Ty el a0 A g cush) pallh )0 e i el we)o AY Jiie jtie Jloz po ol jel (g sla dged 4
el B (69 dbbse o) 5 0o, B s wu,lS cdale oo Ve 550 cdale ol )5 il ax 0 Fr sles (5,518 aige Lal i sl

Do o pll 1y (65580 i RSM Jow b dslie 1o sl oo o0ls ojgel iy 4 aS ANN Jue a5 ols )lis zulis o9

oghy als (Fwl mlaw Ji9) (Leman mac AL (g powl (40 S S (Ficus carica) ypzo) i sS4 65/
dol> colo i

. *
n.maftoon@areeo.ac.ir :Jyimes odins i






