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ABSTRACT

Mathematical models and artificial neural networks were applied to best describe
water loss and solids gain during osmotic dehydration of eggplant in salt concen-
trations of 5, 10 and 15%, sample to osmotic solutions ratios of 1:10, 1:15 and
1:20 and temperatures of 30, 45 and 60C, supplemented by oven drying at 70C.
Water loss and solids gain were calculated after 15, 30, 60, 90, 150, 210 and
270 min. Temperature and salt concentrations had a direct relationship with effec-
tive water and salt diffusivities, which were in the range of 1.931 × 10−9

−3.762 × 10−10 m2/s and 1.371 × 10−9 −7.061 × 10−10 m2/s at different temperatures
and salt concentrations, respectively. Generally, concentration of osmotic solution
had a reverse relationship with activation energies of water loss and solids gain
reactions. Predicting percentages of water loss and solids gain by artificial neural
networks was maximized in topologies of 4-25-2 and 4-16-2 with R2 coefficients
of 0.9825 and 0.9761, respectively.

PRACTICAL APPLICATIONS

Osmotic dehydration (OD) of fruits and vegetables is usually carried out simply
by their immersion in various types of hypertonic solutions. Nevertheless, deter-
mining details of mass transfer kinetics in those products is very crucial to achieve
the optimal performance of OD process in fruits and vegetables before applying
other efficient treatments and formulating a special product in food industry. In
this paper, we investigated the effects of variable parameters of OD process on
mass transfer kinetics, optimal duration of the process and performance ratio of
this process for eggplant samples; besides, feasibility of predicting mass transfer
kinetics by mathematical and artificial neural networks was evaluated. The results
of this study will be helpful for all researchers and producers who want to know
more about the nuances of impacts of different OD variables on kinetics of mass
transfer in fruits and vegetables.

INTRODUCTION

Shelf life of fruits and vegetables (seasonal produces) is
rather limited; especially, when their indisputable values in
the food industry are considered, it could be concluded that
maximizing shelf life of these products is imperative
(Misljenovic et al. 2011). Drying process is an effective way

to preserve quality of food products during long-term
storage. Generally, there are two methods to remove mois-
ture content of food products and decrease their water
activity: (1) adding humectants sorbitol and polydextrose;
(2) removing their solvent, e.g., water (Phisut 2012). The
majority of artificial drying processes are based on hot air
drying in which hot airflow is provided by fossil fuels or
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electrical resources and penetrates into the texture of food
products thoroughly (Bekele and Ramaswamy 2010).

The main drawback of hot air drying is high energy con-
sumption and low stability of food ingredients against
heating (Misljenovic et al. 2012). On the other hand, among
diverse food drying methods, osmotic dehydration (OD)
has been proved to be one of the most suitable preservation
techniques for foodstuffs because of lower temperatures
involved in and less energy consumption of the process as
well as lowering nutritional losses and desirable quality of
the final products (Nicetin et al. 2013). OD is an appropri-
ate procedure to remove some parts of intercellular mois-
tures of food products, e.g., fruits and vegetables without
any phase changes and is ordinarily applied as a pretreat-
ment process (Chottamom et al. 2011). OD process of fruits
and vegetables is usually carried out by their immersion in
various types of hypertonic solutions including salt, sugar,
sorbitol and glycerol (Mouraa et al. 2005). Salt solutions are
applied for vegetables and sugar solutions, syrups and con-
centrated extracts are used for fruits (Misljenovic et al.
2009).

Determining desirable mass transfer kinetics is very
important in order to achieve the optimal performance of
OD process in fruits before applying other efficient treat-
ments and formulating a special product. Aminzadeh et al.
(2010) studied kinetics of OD process for drying watermel-
ons to preserve them in summer and consume in winter. Deff

values of water loss and solids gain were calculated by
Crank’s equation based on the Fick’s second law and
reported to be in the range of 1.93–3.64 × 10−10 and 1.5–
3.35 × 10−10 m2/s, respectively. Tortoe et al. (2009) evaluated
the effects of sucrose and sodium chloride on mass transfer
kinetics during OD process in various produces including
apple, potato and banana. They concluded that concentra-
tion of osmotic solution and duration of immersing time
had a substantial effect on water loss rates.

Dynamic modeling of drying characteristics for various
agricultural crops by artificial intelligence methods includ-
ing artificial neural network (ANN) and Fuzzy logic has
recently attracted a lot of attention, since learning ability
of these systems is suitable to identify fruit and vegetable
behaviors, complex processes to which mathematical
models are not simply applied (Erenturk and Erenturk
2007). Previous researches have proved that application of
various drying methods on different food products could
be predicted very well by ANNs in terms of statistical
indices. Fathi et al. (2011) applied ANNs to predict mass
transfer kinetics in kiwi fruits during OD process. Their
results indicated that neural networks model (with three
input layers) having nine neurons in hidden layer deserved
the highest fitting rate with in the laboratory data and was
able to predict the percentage of solids gain and water loss
more precisely with correlation coefficients of 0.93 and

0.99, respectively. Amiryousefi and Mohebbi (2010) used
ANNs for modeling mass transfer of potato slices during
OD. They found that influence of temperature was more
significant than other factors; a feed-forward-back-
propagation neural system with four input layers and nine
neurons in the hidden layer was the best model to predict
water loss and solids gain during the process. Zita et al.
(2009) studied modeling OD process of mango using
ANNs. Their results demonstrated that there was no sig-
nificant effect for sugar type or temperature on water loss
during OD process as opposed to sugar concentration of
solution. Besides, they summarized that ANNs with the
topology of 4-7-1 were most fitted for laboratory data
obtained for water loss of the samples during OD process
(R2 > 0.967).

Eggplant is one of the most favorite vegetables in food
recipes (Aghamohammadi et al. 2011). Based on a FAO
report in 2012, producing eggplant is concentrated in five
countries including China (58%), India (25%), Iran, Egypt
and Turkey. Shelf life of eggplant for fresh consumption is
firmly constrained and it needs to be processed further in
order to prolong its shelf life. There has been some works
on drying of eggplant, including Ertekin and Yaldiz (2004)
by thin-layer dryer, Akpinar and Bicer (2005) by convective-
type cyclone, Wu et al. (2007) by vacuum dryer, Doymaz
(2009) by cabinet dryer and Azimi et al. (2012) by an indi-
rect forced convection solar dryer, but, to the best of our
knowledge, there is no study dealing with the effects of vari-
able alternatives on kinetics of OD process in eggplant. Fur-
thermore, application of ANNs for describing OD behavior
of eggplant is of paramount importance for process optimi-
zation of this product in the food industry (Chen et al.
2001) but has not been investigated yet.

MATERIALS AND METHODS

Eggplants of Sorkhegoon variety (Solanum melongena L.
[Solanaceae]), belonging to an authenticated farm in
Hormozgan (Iran), were purchased from a local market
(August 2013) and kept in 4C before experiments.

Preparation of Samples

Osmotic solutions in this research had salt concentrations
of 5, 10 and 15% w/w. The solutions were prepared by dis-
solving required amounts of edible salt into distilled water
at ambient temperature. The ratios of sample to osmotic
solution were 1:10, 1:15 and 1:20 w/w. A water bath
(BM402, Nude, Ankara, Turkey) was used to stabilize
temperatures of osmotic solutions at 30, 45 and 60C.

Required eggplant samples were taken out from cold
store (above 0C) 2 h before the experiment; they were
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sorted based on their colors and (apparent) textures. The
samples were rinsed, cut by a special cutter (having two
blades with 10 mm distance from each other) for a total
thickness of 10 mm, and then cut by a circular frame of
brass alloy (stainless) with 2.6 mm diameter.

Drying Process

Circular eggplant slices were placed within osmotic solu-
tions after weighing them by a digital balance (TE612, Sar-
torius, Gottingen, Germany) with a precision of 0.001 g in
order to investigate kinetics of OD process and plot the
drying curves. The samples were taken out from the
osmotic solution after 15, 30, 60, 90, 150, 210 and 270 min
of the process and rinsed to remove the remaining contents
of osmotic solution on the samples; their surfaces were
dried by humectant paper, their weights were measured and
their moisture contents were recorded.

After finding out suitable durations of OD process based
on the sample curves of moisture versus time plotted in pre-
vious stage, the samples were dried under optimum condi-
tions of OD process, weighed and dried further at 70C until
reaching constant weight.

Determination of Moisture Content

Moisture content on dry basis was determined after drying
in oven according to the method of Misljenovic et al. 2009
and was estimated by following equation:

M
W W
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i

= −
(1)

Mw, Wi and Wd are moisture content of eggplant slices,
initial weight of the samples and weight of dried samples,
respectively.

Modeling Mass Transfer Kinetics

Calculating the Performance Ratio. Generally, kinet-
ics and performance ratio (PR) of OD process is deter-
mined in terms of water loss and solids gain through
following equations:
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wi and wf were initial and final weights of the samples
before and after OD process, respectively. Also, Xi and Xf

were initial and final moisture contents of the samples,
respectively (El-Aouar et al. 2006).

Mathematical Modeling

In this research, mass transfer kinetics were modeled and
compared by means of two mathematical models of Magee
and Azuara represented in Table 1. Applying Matlab 2009
software, these models were fitted against experimental data
and coefficients of those equations were calculated sepa-
rately. Statistical indices including regression coefficient
(R2), root mean square error (RMSE) and sum of squared
errors (SSE) were employed to evaluate the fitting rates. A
model with the highest rates of R2, and lowest rates of
RMSE, and SSE was selected as the best model to describe
mass transfer kinetics during OD process for eggplant (Kaur
and Singh 2013):
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In these equations, N and n were number of observations
and number of constant coefficients applied in each model.

Effective Diffusivities of Water Loss and
Solids Gain

Based on Fick’s second law, Eqs. (7) and (8) were applied for
effective diffusivities of water loss from the surface and
solids gain into the texture of food products, respectively:
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TABLE 1. MATHEMATICAL MODELS USED IN THIS RESEARCH TO
DETERMINE MASS TRANSFER KINETICS DURING OD PROCESS IN
EGGPLANT SAMPLES

Number Model name Equation Resource

1 Magee (water loss) WL A k tt = + Magee et al. (1983)
2 Magee (solid gain) SG A k tt = + Magee et al. (1983)

3 Azuara (water loss) WL
S t WL

S t
t =

+
∞1

11
( ) Azuara et al. (1992)

4 Azuara (solid gain) SG
S t SG

S t
t =

+
∞2

21
( ) Azuara et al. (1992)
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where X, M, Xo, Mo, Xe and Me were moisture content, dry
matter content, initial moisture content, initial dry matter
content, equilibrium moisture content and equilibrium dry
matter content, respectively. t, Dew, Des and L were time (s),
effective moisture diffusivity (m2/s), effective solids
diffusivity (m2/s) and slice thickness (m) when mass trans-
fer happens on one side of slices. These models could be
simplified to the following equations for long periods of
OD process:
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Dew could be obtained by the slope of plotting
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versus time. Also, for long periods of drying,

this equation could be converted into the following simple
equation:
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In which Des could be calculated by plotting

ln
X X
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curves versus time and determining its slope

(Tortoe 2012).

Activation Energy

Activation energy of drying process could be worked out
through determining thermal dependence of effective
diffusivities to temperature by following equation

D A
E
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⎝

⎞
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where Eawors, A, R, T were activation energies of water loss
and solids gain (J/mol), constant coefficient, universal gas
constant (8.3145 J/mol/K) and absolute temperature (K),
respectively (Rezagah et al. 2010).

The above-mentioned equation could be converted into
the following linear form, and activation energy is calcu-

lated by plotting ln Dewors versus
1

T

ln lnD A
E

RT
ewors

awors= − (15)

ANNs Modeling

For this purpose, MATLAB 7.10 (Mathworks, Inc., Natick,
MA) software was used. Type of applied network was multi-
layer perceptron having an input layer with four neurons
(sample to osmotic solution ratio, temperature, time and
concentration of osmotic solution) and an output layer
with two neurons (percentages of water loss and solids
gain). Optimization of ANNs structure was carried out by
evaluating different topologies of neural network for experi-
mental data. For suitable procedure of optimizing ANN
structure, various parameters including number of neurons
in hidden layer, learning techniques and number of learning
epochs should be evaluated. After trial and error, Neural
networks with feed-forward-back-propagation structure,
hyperbolic tangent sigmoid transfer function (Eq. 15) for
neurons of hidden layer, linear transfer function for
neurons of output layer, Levenberg–Marquardt training
algorithm based upon Hessian matrix and training cycle of
1,000 epochs were selected for optimizing ANNs structure
in terms of two evaluation factors, i.e., correlation coeffi-
cient (R) and mean square error (MSE; Eq. 16):
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MSE, Sip, Tip, N and M were mean square error, network
output in neuron number i and pattern number p, desirable
output in neuron number i and pattern number p, number
of output neurons and number of training algorithms,
respectively. Between 2 and 30 neurons in hidden layers
were examined for selecting the best topology for describing
OD process of eggplant samples. Meanwhile, through the
process, 70% of data were applied for training stage, 15%
for validation stage and 15% for test of selected networks.
The best topology (with the highest R and the lowest MSE)
was selected for OD process of eggplant samples by chang-
ing number of hidden layers and number of neurons for
each layer (Tohidi et al. 2012).

Statistical Analysis

Statistical analysis of the results was performed using
Minitab software (version 16, Minitab, University Park, PA).
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Completely randomized/factorial design was selected as
design of experiment. After analysis of variance, mean
values belonging to various temperatures, concentrations,
and their interactions were compared based on Tukey’s test
at P = 0.05. Mathematical modeling and ANN modeling
were conducted by MATLAB 7.10 (Mathworks, Inc.). Plot-
ting curves were executed by Microsoft Excel 2007. All the
experiments were carried out in three replications.

RESULTS AND DISCUSSION

Effects of OD variables on mass transfer kinetics of eggplant
samples were evaluated knowing that initial properties of
(raw) eggplant included moisture content (on wet basis) of
93.0%, average weight of 3.0 g, average height of 24.5 cm,
TSS rates of 4.5°Brix, pH value of 6.2, textural hardness of
125.9 N, color values of 27.2 for L value, 11.4 for a value,
19.0 for b value, 51.5 for ΔE value.

Mass Transfer Kinetics during OD Process

Effects of OD Parameters on Mass Transfer Kinet-
ics. Mass transfer kinetics was a function of the changes in
salt concentrations. Increasing salt concentrations of
osmotic solution (from 5% to 10%, and 15% w/w)
increased the rates of water loss and solids gain (Fig. 1). Salt
concentration of 5% and 15% led to the least and most
water loss or solids gain, respectively. Increasing salt concen-
tration from 5% to 10% and 15% led to higher percentages
of water loss and solids gain. This could be due to the fact
that increasing concentration of osmotic solution escalated
osmotic pressure and promoted driving force behind mass
transfer of moisture content. So, higher concentrations of
osmotic solution, as a consequence of water loss from egg-
plant, culminated in higher penetration rates of salt into the
texture of eggplant and higher solids gains. Also, higher
concentrations of osmotic solution could facilitate the
removal of moisture from the texture of food product and
resulted in lower moisture contents and higher percentages
of water loss from the texture. Similar results were reported
by Azoubel and Xidieh Murr (2004) on tomato, Ganjloo
et al. (2011) on guava, Aminzadeh et al. (2010) on melon,
Manafi et al. (2010) on apricot, El-Aouar et al. (2006) on
papaya and Alakali et al. (2006) on mango.

Water loss and solids gain rates were functions of the
changes in temperature, too. Increasing temperature (from
30 to 45 and 60C) increased the rates of water loss and
solids gain (Fig. 1). High temperature of 60C led to the
highest rates of water loss and solids gains. Of course, our
statistical results showed that the impact of temperature was
less than the impact of salt concentration (P < 0.05). As it
was just said, increasing temperature from 30 to 60C

increased solids gain rate; in fact, higher temperatures
soften cellular texture more efficiently than lower ones. OD
at higher temperatures increased the permeability rate of
cellular wall, too; as a result, textural permeability rate went
up against water loss and solids gain (Tortoe 2012). Higher
temperatures led to swelling and plasticizing cellular mem-
brane and rapider release of moisture from the texture
(Rezagah et al. 2009). Also, viscosity of the osmotic solution
was lower at higher temperatures, which improved water
loss from common surface of eggplant and osmotic solu-
tion. Therefore, increasing temperature is a simple solution
to attain higher water loss (Tortoe 2012); however, the per-
centage of solids gain should be taken into account in paral-
lel. Besides, temperature affects chemical composition and
characteristics of food products. In addition, increasing
temperature could accelerate velocity of chemical reactions
besides mass transfer, which influences selection of
optimum temperature for the process. Similar results to this
research were reported by Sereno et al. (2001) on apple,
Ramallo and Mascheroni (2005) on pineapple and
Manivannan and Rajasimman (2008) on sugar beet.

OD duration had a substantial effect on mass transfer
kinetics. Increasing the duration of OD process increased
the percentage of water loss and solids gain (Fig. 1). While
time was less effective on salt gain than other factors, water
loss exhibited the highest level of dependence to time com-
pared with other parameters including concentration and
temperature. At the beginning of OD process, the highest
rate of mass transfer occurred because of higher driving
forces between the sample and hypertonic solution. During
120 min of the process (concentration of) osmotic solution,
diluted and driving force dipped gradually; eventually, the
rate of mass transfer reached an equilibrium state and OD
followed a steady state after that. Similar results were
reported by Misljenovic et al. (2012) on carrot, Nowakunda
et al. (2004) on banana. Differences in osmotic pressures
caused by different concentrations of eggplant samples and
osmotic solutions, as a driving force behind mass transfer,
are diminished when osmotic processes continue for rather
long times because of water loss of eggplant texture and
entrance of salt into it. Also, resistant layers are formed
gradually against penetration as salt continues to be
absorbed into the texture (from the surface) and concentra-
tion gradient keeps on to be dwindled in common surfaces
between eggplant and osmotic solution; on the other hand,
rapid water loss and salt gain lead to structural changes in
and compressing surface layers of the product at the begin-
ning of the process.

Determining Optimal Duration of OD

Increasing OD time from 15 min to 270 min increased pro-
portions of water loss. After 90 min, the percentage of water
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loss was 26.19%; the quotients of water loss were 29.42,
30.88 and 32.29% after 150, 210 and 270 min, indicating
similar results to each other, respectively. Increasing OD
time from 15 to 270 min climbed the rates of solids gain,
too. The percentages of solids gain were 3.05, 3.44, 4.39,
4.97, 5.93, 6.57 and 8.16% after 15, 30, 60, 90, 150, 210 and
270 min of the OD process with the last rates being higher

than those of initial minutes. Overall, the performance ratio
tended to increase during initial 90 min of OD and decrease
after that time (Fig. 2). In other words, OD process of egg-
plant could not be frugal and economical after 90 min; so,
quantitative and qualitative experiments were carried out
on the samples dried during 90 min of (equal performance
ratio of 6.97% for) OD process. Rajablou and Mosavian

FIG. 1. EFFECTS OF DIFFERENT PARAMETERS (TEMPERATURE AND SALT CONCENTRATION OF OSMOTIC SOLUTION, AND TIME) ON MASS
TRANSFER KINETICS DURING OD PROCESS
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(2011) reported the best duration of OD process for egg-
plant samples as 75 min and demonstrated that the best
conditions of osmosis process and the highest ratios of
water loss to solids gain were provided through osmotic
solution of 20%w/v, which diminished moisture content of
eggplant samples to 15% after 75 min because of the special
features of eggplant texture and its higher rates of porosity
compared with other vegetables and fruits.

Effects of OD Parameters on
Performance Ratio

According to analysis of variance table for performance
ratio, it was recognized that temperature, salt concentration
and the interaction of temperature and salt concentration
had significant effects on performance ratio. The average
fractions of process efficiency were 12.31, 7.08 and 9.01% at
30, 45 and 60C, respectively. Also, the average proportions
of process efficiency were 15.86, 7.43 and 5.11% at salt con-
centrations of 5, 10 and 15%, respectively. Increasing con-
centration of osmotic solution resulted in lower
performance ratio of OD or lower ratios of water loss from
the texture to solids gain into the texture at the end of the
process. This drop means that concentration of osmotic
solution had deeper effect on solids gain compared with
water loss. Sereno et al. (2001) and Nowakunda et al. (2004)
reported the same results on apple and banana, respectively.
In this research, the highest rate of performance ratio was
attained at combination of 30C and 5% (Fig. 3).

Modeling Mass Transfer Kinetics

Mathematical Modeling of Mass Transfer Kinet-
ics. Fitting rates of predicted data by mathematical models
were evaluated against experimental data in different con-
centrations, temperatures and sample to solution ratios
based on various statistical indices and the results were rep-
resented in Tables 2–5. Maximal correlation coefficients

(R2), and minimal RMSE and sum of squared error (SSE)
were determined to judge about the best model describing
mass transfer kinetics during OD. Mean values of statistical
indices and equation parameters for kinetics of water loss
and solids gain were provided for two mathematical models
of Magee and Azuara in Table 6. Azuara model could
describe mass transfer kinetics for eggplant samples better
than Magee one. Azuara model deserved the highest rates of
R2, and lowest rates of RMSE and SSE with 0.9792, 1.5217
and 14.5386 for water loss and 0.9386, 0.6767, 3.6706 for
solids gain (respectively) in 1:15 ratio of sample to osmotic
solution compared with 1:10 and 1:20 ratios. In fact, math-
ematical modeling of mass transfer during OD provides
valuable information for us to comprehend characteristics
of food components and design suitable plans for their
drying processes later. Ganjloo et al. (2011) obtained R2

rates of Azuara modeling on seedless guava cubes as 0.98
and 0.95 for water loss and solids gain indices, respectively.
Kaur and Singh (2013) acquired R2 rates of 0.98 and 0.95
for water loss and solids gain indices of Azuara modeling on
beetroot, respectively. In general, application of empirical
models to describe drying behavior of food products are
widespread in food researches; as an example, Akpinar and
Bicer (2005) studied fitting eight different semi-theoretical
and/or empirical models against experimental data of con-
vective process for eggplant slices and they concluded that
the Page model best described the drying curve of eggplant,
with a correlation coefficient of 0.9999. However, as it was
indicated in this research, optimal predictions with high
rates of correlation coefficients and low rates of RMSE or
SSE could be obtained by Azuara and Magee model as well.

Effective Diffusivities

Effective moisture and salt diffusivities were represented in
Table 7. The results showed that increasing temperature

FIG. 2. EFFECT OF DURATION ON PERFORMANCE RATION OF OD
PROCESS IN EGGPLANT SAMPLES

FIG. 3. EFFECT OF INTERACTION BETWEEN SALT CONCENTRATION
AND TEMPERATURE OF OSMOTIC SOLUTION ON PERFORMANCE
RATION OF OD PROCESS IN EGGPLANT SAMPLES
a–c Means with different words are significantly different statistically.
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TABLE 2. CONSTANT COEFFICIENTS OF MAGEE MODEL AND ITS STATISTICAL EVALUATION INDICES FOR WATER LOSS RATES IN DIFFERENT
CONDITIONS OF OD PROCESS ON EGGPLANT SAMPLES

Temperature (C) Salt concentration (% w/w) Sample to solution ratio (w/w)

Magee model

A K R2 RMSE SSE

30 5 1:10 4.30 1.19 0.87 2.79 46.66

1:15 4.74 1.32 0.89 2.84 48.38

30 10 1:20 4.85 1.33 0.87 3.14 59.34

1:10 4.17 1.99 0.95 2.81 47.37

1:15 5.04 1.96 0.94 3.00 54.09

1:20 3.12 1.98 0.95 2.74 45.07

30 15 1:10 6.11 2.03 0.87 4.69 132.00

1:15 5.87 2.16 0.91 4.13 102.60

1:20 6.82 2.05 0.88 4.61 127.80

45 5 1:10 5.00 1.44 0.87 3.31 65.62

1:15 4.52 1.68 0.89 3.48 72.83

1:20 4.63 1.41 0.84 3.62 78.64

45 10 1:10 5.65 2.00 0.91 3.82 87.69

1:15 5.17 1.79 0.92 3.15 59.72

1:20 5.46 1.82 0.90 3.56 76.04

45 15 1:10 6.50 2.34 0.91 4.28 110.00

1:15 7.14 2.18 0.89 4.63 128.70

1:20 8.18 1.97 0.84 5.23 164.20

60 5 1:10 2.66 1.51 0.93 2.58 39.88

1:15 5.70 1.10 0.77 3.66 80.26

1:20 4.63 1.30 0.78 4.11 101.30

60 10 1:10 4.93 2.34 0.92 3.77 85.49

1:15 5.59 2.09 0.93 3.50 73.42

1:20 6.37 1.91 0.75 6.66 266.00

60 15 1:10 5.44 2.62 0.94 3.97 94.55

1:15 5.98 2.64 0.94 4.14 102.70

1:20 7.37 2.15 0.87 4.90 144.10

TABLE 3. CONSTANT COEFFICIENTS OF AZUARA MODEL AND ITS STATISTICAL EVALUATION INDICES FOR WATER LOSS RATES IN DIFFERENT
CONDITIONS OF OD PROCESS ON EGGPLANT SAMPLES

Temperature (C) Salt concentration (% w/w) Sample to solution ratio (w/w)

Azuara model

S1 WL∞ R2 RMSE SSE

30 5 1:10 0.046 22.29 0.97 1.36 11.13

1:15 0.050 24.38 0.96 1.66 16.60

1:20 0.047 24.96 0.97 1.42 12.18

30 10 1:10 0.027 37.06 0.99 1.35 10.86

1:15 0.033 36.17 0.97 1.99 23.73

1:20 0.022 37.43 0.99 0.98 5.72

30 15 1:10 0.037 38.26 0.99 1.23 9.13

1:15 0.034 40.29 0.99 0.78 3.63

1:20 0.041 38.62 0.98 1.89 21.41

45 5 1:10 0.045 26.92 0.97 1.66 16.51

1:15 0.034 31.42 0.98 1.53 14.06

1:20 0.039 26.66 0.96 1.92 22.07

45 10 1:10 0.035 37.45 0.99 1.45 12.66

1:15 0.038 33.09 0.98 1.71 17.65

1:20 0.038 33.09 0.99 1.52 13.86

45 15 1:10 0.035 43.53 0.99 1.56 14.53

1:15 0.042 40.69 0.99 1.63 15.99

1:20 0.054 37.52 0.99 1.24 9.25

60 5 1:10 0.025 28.03 0.90 2.97 52.83

1:15 0.073 21.49 0.96 1.48 13.22

1:20 0.043 24.86 0.95 1.91 21.82

60 10 1:10 0.027 43.78 0.95 3.38 68.52

1:15 0.034 38.92 0.98 1.69 17.20

1:20 0.038 36.67 0.87 4.82 139.60

60 15 1:10 0.027 48.87 0.99 0.80 3.79

1:15 0.029 49.34 0.99 1.21 8.76

1:20 0.046 39.78 0.95 2.92 51.23
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from 30 to 45 and 60C or salt concentration from 5 to 10
and 15% increased effective moisture diffusivities. Gener-
ally, temperature and salt concentration had direct relation-
ship with effective moisture diffusivities; in this research,
effective moisture diffusivities of 3.762 × 10−10 to
1.931 × 10−9 m2/s were obtained at different temperatures
and salt concentrations. At the other end of the scale, the
results indicated that increasing temperature from 30 to 45
and 60C or salt concentration from 5 to 10 and 15% raised
effective salt diffusivities, too. In general, temperature and
concentration were related directly to effective salt
diffusivities; effective salt diffusivities were in the range of
3.762–19.31 × 10−10 m2/s at different temperatures and salt
concentrations indeed (Table 7).

In accordance with the results of current research,
Alakali et al. (2006) reported that the increase in concen-
tration of osmotic solution led to a promotion in effective
moisture and salt diffusivities. In fact, an augment in con-
centration of osmotic solution intensifies the driving force
behind mass transfer between food products and osmotic
solution and speeds up the velocity of mass transfer. The
reason of the differences between effective diffusivities

reported by researches could be type of osmotic agent,
various food ingredients and physical structure of each
food product (Azoubel and Xidieh Murr 2004). By and
large, the rate of effective moisture diffusivities for food
products could be something variable in the range of 10−9–
10−11 m2/s (Jaiyeoba and Raji 2012). Knowledge of effective
diffusivities seems necessary for issues of process design,
quality control, storage requirements and product transfer.
Aminzadeh et al. (2010) obtained the values of 1.93–
3.64 × 10−10 m2/s and 1.5–3.35×10−10 m2/s for effective
moisture diffusivities and effective solid diffusivities of OD
process in melon samples, respectively. Similarly, Manafi
et al. (2010) found the values of 1.37×10−10 m2/s and
1.51×10−10 m2/s for effective moisture diffusivities and
effective solid diffusivities of OD process in apricot,
respectively. Likewise, Alakali et al. (2006) reported the
values of 2.59–5.12×10−6 m2/h and 1.70–4.14×10−6 m2/h for
effective diffusivities of water loss and solids gain during
OD process in mango, respectively. In the same manner,
Jaiyeoba and Raji (2012) attained effective moisture
diffusivities of local tomato in the range of 1.17–
3.13×10−8 m2/s. Likewise, Rezagah et al. (2010) achieved

TABLE 4. CONSTANT COEFFICIENTS OF MAGEE MODEL AND ITS STATISTICAL EVALUATION INDICES FOR SOLID GAIN RATES IN DIFFERENT
CONDITIONS OF OD PROCESS ON EGGPLANT SAMPLES

Temperature (C) Salt concentration (% w/w)
Sample to solution ratio
(w/w)

Magee model

A K R2 RMSE SSE

30 5 1:10 0.81 0.19 0.84 0.51 1.54
1:15 0.76 0.18 0.84 0.46 1.26
1:20 0.69 0.16 0.84 0.44 1.16

30 10 1:10 0.38 0.32 0.94 0.47 1.32
1:15 −0.13 0.32 0.95 0.42 1.08
1:20 0.23 0.35 0.98 0.31 0.59

30 15 1:10 1.40 0.62 0.81 1.78 18.97
1:15 1.07 0.58 0.95 0.77 3.54
1:20 1.16 0.51 0.95 0.72 3.13

45 5 1:10 1.15 0.12 0.52 0.71 3.06
1:15 1.11 0.17 0.68 0.72 3.08
1:20 0.06 0.23 0.57 1.19 8.56

45 10 1:10 0.46 0.44 0.95 0.58 2.04
1:15 1.63 0.47 0.90 0.92 5.12
1:20 1.64 0.47 0.89 0.98 5.78

45 15 1:10 1.57 0.64 0.94 0.94 5.30
1:15 1.38 0.66 0.96 0.84 4.25
1:20 1.75 0.62 0.93 0.99 5.91

60 5 1:10 0.75 0.40 0.67 1.49 13.27
1:15 −0.70 0.29 0.89 0.62 2.29
1:20 −0.004 0.13 0.68 0.55 1.81

60 10 1:10 −0.11 0.72 0.84 1.88 21.23
1:15 −0.19 0.54 0.95 0.76 3.43
1:20 0.15 0.46 0.73 1.66 16.57

60 15 1:10 0.54 0.88 0.97 0.93 5.19
1:15 1.04 0.79 0.94 1.14 7.77
1:20 0.66 0.63 0.91 1.18 8.40
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effective moisture diffusivities of button mushroom
during OD process as something between 1.99 and
2.85 × 10−6 m2/h.

Activation Energy

R2 rates of relationship between effective moisture
diffusivities and temperature were in the range of 0.803–
0.998. On the other hand, R2 rates of relationship between
effective salt diffusivities and temperature were something
between 0.796 and 0.994. Table 8 represents the effects of
different salt concentrations on activation energies of water

loss and solids gain reactions. Activation energies of water
loss and solids gain reactions in different salt concentra-
tions of 5, 10 and 15% were 10.251, 9.744 and 6.596 kJ/
mol and 6.203, 5.685 and 4.190 kJ/mol, respectively.
Generally, activation energies of water loss and solid gain
reactions were revealed to be reversely affected by concen-
trations of osmotic solutions. Rezagah et al. (2009)
reported activation energies of 17.53, 4.86 and 5.44 kJ/mol
for water loss in button mushroom in sucrose concentra-
tions of 20, 30 and 40%, respectively; similar to our
results, the highest amount ofactivation energy was needed
for water removal in sucrose concentrations of 20%.

TABLE 5. CONSTANT COEFFICIENTS OF AZUARA MODEL AND ITS STATISTICAL EVALUATION INDICES FOR SOLID GAIN RATES IN DIFFERENT
CONDITIONS OF OD PROCESS ON EGGPLANT SAMPLES

Temperature (C) Salt concentration (%w/w)
Sample to solution ratio
(w/w)

Azuara model

S2 SG∞ R2 RMSE SSE

30 5 1:10 0.061 3.63 0.95 0.30 0.53
1:15 0.059 3.33 0.98 0.14 0.11
1:20 0.362 3.09 0.95 0.24 0.36

30 10 1:10 0.018 6.14 0.94 0.48 1.40
1:15 0.008 7.22 0.96 0.41 0.99
1:20 0.014 7.00 0.94 0.50 1.48

30 15 1:10 0.029 11.59 0.87 1.48 13.09
1:15 0.025 10.83 0.93 0.92 5.07
1:20 0.029 9.47 0.92 0.87 4.57

45 5 1:10 0.422 2.68 0.90 0.32 0.61
1:15 0.210 3.27 0.85 0.49 1.46
1:20 0.42 4.83 0.96 0.37 0.80

45 10 1:10 0.014 9.01 0.89 0.92 5.10
1:15 0.48 8.62 0.97 0.54 1.77
1:20 0.049 8.62 0.93 0.80 3.87

45 15 1:10 0.031 11.87 0.96 0.93 4.14
1:15 0.028 12.29 0.94 0.98 5.74
1:20 0.037 11.37 0.95 0.86 4.47

60 5 1:10 0.0001 19.72 0.83 1.16 8.05
1:15 0.001 19.12 0.98 0.23 0.32
1:20 0.001 18.71 0.67 0.56 1.87

60 10 1:10 0.008 16.25 0.84 1.86 20.83
1:15 0.005 15.74 0.91 0.98 5.73
1:20 0.007 11.26 0.67 1.85 20.62

60 15 1:10 0.012 18.39 0.92 1.50 13.54
1:15 0.020 14.98 0.92 1.40 11.84
1:20 0.018 12.07 0.92 1.08 7.05

TABLE 6. MEAN VALUES OF STATISTICAL
EVALUATION INDICES FOR WATER LOSS AND
SOLIDS GAIN RATES IN DIFFERENT
CONDITIONS OF OD PROCESS ON EGGPLANT
SAMPLES

Type of mass transfer
Sample to solution ratio
(w/w)

Magee model Azuara model

R2 RMSE SSE R2 RMSE SSE

Water loss 1:10 0.91 3.56 78.80 0.97 1.75 22.22
1:15 0.90 3.61 80.30 0.98 1.52 14.54
1:20 0.85 4.29 118.05 0.96 2.07 33.02

Solid gain 1:10 0.83 1.03 8.00 0.90 1.10 7.48
1:15 0.90 0.74 3.54 0.94 0.68 3.67
1:20 0.83 0.89 5.76 0.88 0.79 5.01
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Modeling Mass Transfer Kinetics using ANNs

In this research, different number of neurons were tried to
maximize the network precision of predicting experimental
data in hyperbolic tangent transfer function. The results of
this research demonstrated that ANNs having 25 and 16
neurons in a hidden layer deserved minimal rates of MSE
for weight loss and solids gain data of drying eggplant
samples, respectively (Table 9). After illustrating experimen-
tal and predicted (by neural networks) data of weight loss
and solids gain in three stages of training, evaluation, test
and overall, it was shown that predictions of water loss and
solids gain data by ANNs were maximized in topologies of
4-25-2 and 4-16-2 with R2 rates of 0.9825 and 0.9761,
respectively.

ANNs are among the most applicable softwares for calcu-
lation issues; they imitate biological systems rather simply,
which enables it to model and analyze a high volume of
complicated problems. This technique, contrary to ordinary
techniques like statistical and random methods, represents
an inexpensive solution to solve complex problems through
modeling, analysis and rounding with acceptable limits of
tolerance and is applied widely in recognizing patterns and
categorizing, repairing, controlling, optimizing and estimat-
ing required functions. Levenberg–Marquardt training algo-
rithm, benefited from in this research, is one of the most
frequently used algorithms to update the weights of neural
networks, carries out the network training very rapidly and
minimizes the error levels. In fact, this algorithm is applied
to accelerate the speed of network training. Mokhtarian and
Zenoozian (2011) estimated the rates of water losses and
solids gain during OD in pumpkin by ANNs. To predict

the data, perceptron neural system with Gradient descent
algorithm, and hyperbolic tangent transfer function were
applied. The results revealed that the best topologies among
neural networks with one hidden layer were 1-10-2 and
1-18-2 for solids gain and weight loss, and 1-6-6-2 and
1-22-22-2 for solids gain and weight loss among two hidden
layers ones, respectively. Modeling OD process of mango
samples using ANNs was examined by Zita et al. (2009); the
results specified that 4-7-1 topology had the highest rate of
fitting with in experimental data for water loss with high
correlation coefficient rate of more than 0.967.

CONCLUSION

Overall, the performance ratio of OD tended to increase
during initial 90 min of OD and decrease after that time.
Temperature, salt concentration and the interaction of tem-
perature and salt concentration had significant effects on
process efficiency. Mass transfer kinetics was a function of
changes in salt concentration, temperature and duration.
Increasing salt concentrations from 5 to 10 and 15%, and
temperatures from 30 to 60% decreased moisture content.
Azuara model could describe mass transfer kinetics better
than Magee one; both models deserved the highest fitting
rates in sample to osmotic solution ratio of 1:15 compared
with the ratios of 1:10 and 1:20 with R2 rates of 0.9792 and
0.9386 for water loss and solids gain, respectively. Activation
energies of water loss and solids gain reactions in different
salt concentrations of 5, 10 and 15% were 10.251, 9.744
and 6.596 kJ/mol and 6.203, 5.685 and 4.190 kJ/mol,
respectively.

TABLE 7. EFFECTIVE MOISTURE AND SALT
DIFFUSIVITIES FOR EGGPLANT SLICES IN
DIFFERENT CONDITIONS OF OD PROCESS

Temperature (C)
Concentration
(%w/w)

Effective moisture diffusivity
(×10−10 m2/s)

Effective salt diffusivity
(×10−10 m2/s)

30 7.06 3.76 5
8.83 5.81 10

11.79 9.42 15
45 7.82 4.61 5

10.72 8.07 10
12.60 10.45 15

60 8.82 5.42 5
10.79 1.19 10
13.71 19.31 15

TABLE 8. ACTIVATION ENERGIES OF WATER
LOSS AND SOLIDS GAIN REACTIONS IN
DIFFERENT SALT CONCENTRATIONS OF OD
PROCESS FOR EGGPLANT SAMPLES

Concentration (%w/w)
Activation energy of water
loss (kJ)

Activation energy of solid
gain (kJ)

6.20 10.25 5
5.68 9.74 10
4.19 6.60 15
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