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Abstract

In this paper, pumpkin cubes were dried by a laboratory scale convective hot air dryer. The drying process was carried
out at four different temperatures (65, 75, 85 and 95 °C). After the end of drying process, initially, the experimental
drying data were fitted with three well-known drying models. The results indicated that Newton model gave better
results compared with other models to monitor the moisture ratio (MR) (with average correlation coefficient of
determination, R*=0.993). Also, this study used artificial neural network analysis (ANN) in order to feasibly predict
dried pumpkins MR based on the time and temperature drying inputs. In order to do this project, two main activation
functions including logsig and tanh that widely used in engineering calculations, were applied. Results showed that
logsig activation function with 18 neurons in first hidden layer was selected as the best topology to predict MR.
Comparison of the results obtained by ANN and classical modelling showed that artificial neural approach has a
higher ability compared to classical modelling in predicting MR (R*=0.9991 and 0.993, respectively).
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1. Introduction dehydration. They mentioned that pumpkin shrinkage

was isotropic. Moreover, Guine et al. (2010) worked on

Pumpkin is a seasonal crop that has been used traditionally.
It covers a wide range of species of the Cucurbitaceae family
of which many have potential economic value (Terazowa et
al., 2001). Since pumpkin is available only seasonally, drying
techniques can be used to preserve it. Many studies have
been conducted in field of pumpkin drying. For instance, De
Souza Silva et al. (2011) investigated the effect of osmotic
dehydration for low temperature blanched pumpkin. The
results revealed that blanching changed the pumpkin colour,
whereas osmotic dehydration did not change it significantly.
The impregnation process maintained or even increased
the tissue firmness compared to the blanching method.

Furthermore, Mayor et al. (2011) studied the physical
properties variation of pumpkin undergoing osmotic

pumpkin drying behaviour. Their results illustrated that
increase of drying temperature could strongly accelerate
the drying process, so that the process was taken at 30 °C
for 8 h while the drying was finished at 70 °C after just 2 h.
The experimental data were fitted to different models for
moisture ratio (MR) prediction and they concluded that
the best models were Page and modified Page.

Afterward, Shafafi Zenoozian et al. (2008) studied the
effect of osmotic dehydration as a pre-treatment on hot-air
drying kinetics of pumpkin to evaluate the most excellent
model for hot-air drying of pumpkin. They also apply a
computer vision system to monitor the colour changes
during drying. Results showed that two-term equation
had best performance for modelling sucrose preosmosed
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samples, whereas the modified Henderson and Pabis model
represented tremendous harmonious with samples treated
through the sorbitol solution.

Sacilik (2007) studied the effect of drying methods on
thin-layer drying characteristics of hull-less seed pumpkin
(Cucurbita pepo L.). He explained that the logarithmic
model had the best fit to experimental data with correlation
coefficient (R®) greater than 0.99 for hot air and solar tunnel
drying process.

Recently, neural networks have been enforced as influential
tool for estimating the food properties variation during
drying process. Several studies have been done in the
field of food modelling by use of artificial neural networks
(ANN). Tavakolipour and Mokhtarian (2012) applied the
ANN approach to predict moisture ratio of dried pistachio
nuts. Their results showed that the perceptron neural
network with 7 neurons in the first and second hidden
layer was able to predict the moisture ratio with R?=0.994.
Aghajani et al. (2012), Kashiri ez al. (2012) and Shahabi
Ghahfarrokhi et al. (2013) used ANN in their study to
evaluate the drying process of green malt, modeling of
sorghum soaking and estimation of peroxidase enzyme
activity in vegetables, respectively. In addition, Shafafi
Zenoozian and Devahastin (2009) studied dehydration
behaviour of pumpkin during drying process by use of
wavelet transform coupled with ANN to predict the food
properties. This research exhibited that wavelet coefficients
obtained by decomposition of pumpkin images could be
utilised as input variables for constructing ANN models
to estimate some physicochemical changes of osmotically
dehydrated pumpkin. The best models could predict MR,
Heywood shape factor and colour change with R*>0.9957 in
all cases, except when pumpkin was osmotically dehydrated
by glucose solution, with R?=0.9102 when predicting MR.
Besides, Menlik et al. (2010) explained freeze-drying
behaviour of apple by ANN. They used back-propagation
with learning algorithm of Levenberg-Marquardt and Fermi
transfer function in their study.

The aim of this research was to predict drying kinetics of
pumpkin by mathematical models and select the best model
among three thin layer drying models and also develop a
neural network model using multilayer perception (MLP)
architecture for MR estimation of dried pumpkin.

2. Materials and methods
Raw material preparation

Pumpkin (Cucurbita mixta) were purchased from a local
market and stored at 5 °C until the experiment. At the
beginning of each experiment, pumpkin was washed and cut
into pieces with dimensions of (20x20x5 mm). The initial
moisture content of samples was determined by hot oven

(Memmert, model UNE 400 PA; Scheabach, Germany) at
105 °C for 48 h according to AOAC method 931.04 (AOAC,
1990). Average initial moisture content of pumpkin was
found to be 11.67+0.5 (% dry basis).

Drying equipment

A laboratory convective hot-air dryer (model Of-02G; JEIO
TECH, Seoul, Korea) was applied in the experiment. The
experiment was carried out at four temperatures 65, 75,
85 and 95 °C. The relative humidity of the ambient air
(~30 °C) was around 62-65%. The dryer was adjusted to a
congenial temperature and became constant for 1.5 h before
the experiment. When the fan motor switch was turned
on, inlet air would distribute inside the chamber and then
passed through a hot oven. The weight loss was monitored
by means of a digital balance (FX-300 CT; A&D Co., Ltd,
Tokyo, Japan) by sampling interval of 30 min during the
drying process. The final weight and moisture content
of the pumpkin pieces were measured at the end of each
drying experiment. Drying was finished when the moisture
content of the samples reached to 0.15+0.5 (% dry basis).

Mathematical modelling of drying process

Thin-layer drying models for experimental data of pumpkin
cubes were expressed in the form of MR of samples during
thin-layer drying and it was displayed as Equation 1:

M- M,

Also, the drying rate (DR) of pumpkin cubes under drying
can be computed by Equation 2:

M M

DR = t+dt t (2)

dt

In these equations, M, M, M, M, and M, ,, are the
moisture content at any time, initial moisture content,
equilibrium moisture content, moisture content at time t
and moisture content at time t+dt (kg water/kg dry matter),
respectively, tis drying time (min). Drying experiments were
done in three replications. Functions and mathematical
models were simulated by SigmaPlot, version 11 (London,
UK). The drying curves obtained were fitted with three
different MR models (Table 1) (Togriil and Pehlivan, 2002).

R? was one of the main criteria for selecting the best
equation. In addition to R? the goodness of fit was
determined by various statistical parameters such as
reduced chi square (x*), mean relative deviation modulus
P(%) and root mean square error (RMSE). For quality fit,
R” value should be higher and x?, P(%) and RMSE values
should be lower (Goyal et al., 2008). The above parameters
can be calculated as follows:

192

Quality Assurance and Safety of Crops & Foods 6 (2)



Feasibility investigation of using ANN in monitoring of pumpkin air drying process

Table 1. Drying kinetic models.

Equation Model name

MR = exp(-kt) Newton

MR = a exp(-kt) Henderson and Pabis
MR = a exp(-c(t/L?) Diffusion

A, ¢, L = model constants; k = kinetic constant (1/min); MR = moisture
ratio; t = drying time (min).

N
5 MRy - MRy )" )
X = N-z
N
P(%) = %g'MRpeni -MR, (4)

ol

N
RMSE = [% ié:l(l\/[I{per,i - MReXp,i)] (5)

Where MR, ; is the experimental moisture ratio, MR,
is the predicted moisture ratio, N is the number of

experimental data and z is the number of model parameters.

Computation of effective diffusion coefficient and
activation energy

The experimental drying data were used for determination
of diffusivity coefficients by Fick’s second diffusion equation.
The analytical solution of Fick’s second law is unsteady state
diffusion in an infinite slab by the drying process is shown
in Equation 6 (Van Arsdel and Copley, 1963):

_M-M, _3 ['T[ZDefft] (6)

MR= M, M, e Pl
Where D is the effective diffusion coefficient (m®/s) and
L is the half-thickness of a sample (m). Therefore, D
was obtained by plotting In(MR) versus time (min). From
Equation 6, a plot of In(MR) versus time displayed a straight
line with a slope of a:

oa=—¢f (7)

The temperature dependence of D, was expressed by the
Arrhenius relationship:

Ea
Deff = DO exp(— ﬁ) (8)
Taking the logarithm of the above equation gives:
Ea
In(Dg) = In(Dy) - )

Where D is the pre-exponential constant (m*/s), E_ is the
activation energy (kJ/mol), R is the universal gas constant
(kJ/mol K) and T is the temperature (K). When plotting
In(D_g) versus 1/T, the activation energy (E,) and pre-
exponential constant (D) can be obtained.

Artificial neural network

An ANN composed of simple processing elements called
neurons that are connected to each other by weights. The
neuron is grouped into distinct layers and interconnected
according to a given architecture (Mousavi and Javan, 2009;
Tavakolipour and Mokhtarian, 2012). MLP networks is
one of the most popular and successful neural network
architectures, suited to wide range of engineering
application involved drying (Aghajani et al., 2012; Kashiri
et al., 2012).Mathematically:

Y, = El f(wijxi) + bj (10)
Where y; is the net input of each neuron in hidden and
output layers, x; is the input, n is the number of inputs to
the neuron, w;; is the weight of the connection between
neuron i and neuron j and b is the bias associated with the
j" neuron (Mohebbi et al., 2010). Each neuron consists of
a transfer function expressing its internal activation level.
Output from a neuron is determined by transforming its
input using a suitable transfer function.

Generally, the transfer functions are sigmoidal, Gaussian,
hyperbolic tangent, hyperbolic secant and linear functions.
The sigmoidal (logsig) and hyperbolic tangent (tanh)
functions are used to establish a non-linear relationship
in engineering applications (Picton, 2000):

1

logsig(z) :m (0, +1) (11)
tanh(z) = ej = : (-1, +1) (12)

Figure 1 shows a schematic structure of a perceptron
neural network. In this network, the input layer consists
of two neurons (air temperature and drying time; x; and
X,, respectively)) and the output layer contains one neuron
(moisture ratio; y).

The back propagation algorithm was used in training of
ANN model. This algorithm uses the supervised training
technique where the network weights and biases are
initialised randomly at the beginning of the training
phase (Singh and Pandey, 2011). In order to optimise
ANN, different factors including hidden layer number,
number of neuron per hidden layer, type of activation
function in hidden and output layers, learning rate and
momentum coefficients must be evaluated. In this work,
number of 1-2 hidden layers with 2-23 neurons per hidden
layer, learning rate = 0.4, momentum coefficient = 0.9 and
activation functions of sigmoid logarithms (Equation 11)
and hyperbolic tangent (Equation 12) in each hidden and
output layer were used in order to find the best topology.

In order to model the network, the data were randomly
divided into three groups, including 60% for training, 20%
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Figure 1. Schematic structure of a perceptron neural network.

for cross validation, and 20% for testing of the network.
Data modelling was accomplished by using SPSS statistical
software, version 19 (2011, Armonk, NY, USA). For
determination of the best network arrangement, two criteria
were used: the determination coefficient (R*) and the mean
relative error (MRE), which were calculated as follows:

RP=1- Z;(N[RANNl MRexp 1) (13)
i;(MRANN,i - MR )
1Y I( RANN,i - MRexp,i)l

MRE = (N 5 N ) % 100 (14)

exp,i

Where MR, is the predicted ANN output parameter,
MR, is the experimental data and N is the number of
observations.

3. Results and discussion
Drying kinetics of pumpkin

The three thin-layer drying models were evaluated in terms
of the statistical parameters R?, x?, P(%) and RMSE. The
results of statistical analysis are shown in Table 2 for different
temperatures. As can be seen, in all experiments, the R® values
were greater than 0.9803. On the other hand, the Newton
model displayed a lower P(%), x* and RMSE values. Thus,
based on the R? and P(%), x> and RMSE values, it can be
concluded that the Newton model represented the best results
to illustrate the thin-layer drying characteristics of pumpkin
cubes at 65, 75, 85 and 95 °C compared to other models.

Figure 2 exhibits the comparison between predicted
and experimental data of thin-layer drying of pumpkin
cubes at the temperatures of 65, 75, 85 and 95 °C for the
Newton model. The model represented MR values banded
along a straight line, which demonstrated the fitness of

Table 2. Results of statistical analyses on thin layer drying
of pumpkin.

Model T(°C) R? X P(%) RMSE
Newton 65 0.9965 0.00037 1.525 0.0757
75 0.9837 0.00211 3.73  0.1013
85 0.9936 0.00083 2.21  0.0889
95 0.9988 0.00016 0.87  0.0620
Henderson and Pabis 65 0.9964 0.00037 1.533 0.0836
75 0.9831 0.0022 3.80 0.1196
85 0.9929 0.00092 2.31  0.0990
95 0.9986 0.00019 0.91 0.0662
Diffusion 65 0.9961 0.00041 1.533 0.0836
75 0.9803 0.00255 3.80 0.1197
85 0.9915 0.00110 2.31  0.0990
95 0.9983 0.00023 0.91 0.0662

P(%) = mean relative deviation modulus; R? = coefficient of
determination; RMSE = root mean square error; T = drying
temperature; x? = chi square.

these models for describing the drying characteristics of
pumpkin sample. Similar results have been reported by
other researchers (Hassan-Beygi et al., 2009; Menges and
Ertekin, 2006).

In addition, parameters of various applied models are
presented in Table 3. The kinetic constant (k) increased
as drying temperature increased thus it can be predicted by
Arrhenius relationship (Equation 15). By taking logarithm
from both side of Equation 15 and plot In(k) versus 1/T,
first order regression can fitted data with a high R* (0.9251)
that are shown in Figure 3.
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Figure 2. Correlation between experimental and predicted
moisture ratio (MR) by Newton model during air drying.

Table 3. Parameters of applied models at different temperatures.

Model names T(°C) k(1/min) a c L
Newton 65 0.0293

75 0.0310

85 0.0317

95 0.0323 -
Henderson and Pabis 65 0.0151 1.017

75 0.0168 1.036

85 0.0232 1.016

95 0.0293 1.004 - -
Diffusion 65 - 153 1.78 9.15

75 - 3.09 271 8.32
85 - 139 1.95 7.66
95 - 1.08 1.72 7.22

A, ¢, L = model constants; k = kinetic constant; T = temperature.

E
k =k, exp(ﬁ) (15)

The variation of MR versus drying time for pumpkin
samples at different temperatures is shown in Figure 4.
As can be seen, MR decreases recurrently by increase
of drying time. As expected for these drying curves, the
drying air temperature had much more effect on the MR of
pumpkin cubes. On the other hand, an increase in drying
air temperature lead to decrease of drying time. The drying
time to reach the final moisture content of pumpkin cubes
were 330, 240, 210 and 180 min at drying temperatures
of 65, 75, 85 and 95 °C, respectively. Our results are in
agreement with those found by Ramaswamy and Van
Nieuwenhuijzen (2002) on drying of apple slices.

354
352
35

_ 3481

< 346
344
342 ]

Ink =-0.0031 T-' + 4.5831
R2=0.9251

34 e —
335 340 345 350 355 360 365 370
11T (K

Figure 3. Arrhenius-type relationship between the logarithm of
the kinetic parameter (k) of the Newton model versus inverse
temperature (1/T).

+65°C +75°C x85°C x-95°C

Moisture ratio

250 300 350

Drying time (min)

Figure 4. The variation of moisture ratio of pumpkin samples
against drying time at different temperatures.

At a brief glance, it can be seen that increasing the air
temperature lead to increase of drying rate. Figure 5 reveals
the variation of drying rate versus time in the different
temperature of thin-layer drying of pumpkin cubes. Similar
results were published by Mwithiga and Ochieng Olwal
(2005).
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Drying time (min)

Figure 5. Variation of drying rate versus drying time at different
temperatures.
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The effective moisture diffusivity values of pumpkin samples
are listed in Table 4 for different temperatures. It was found
that effective moisture diffusion ranged from 1.5793x10710
to 1.2829x10" m*/s. Also, the moisture diffusivity showed
the accelerating trend by increase of drying temperature.
According to Table 4, it can be easily concluded that the
effective moisture diffusivity values for dried samples at
95 °C were higher than dried samples at 65 °C. The D
values were given in Table 5 for pumpkin (present study)
and other products.

The activation energy was computed through curving
the In(D_) against the inverse of the temperature (1/(T +
273.15)), and represented in Figure 6.

The activation energy value was acquired to be 68.884 kJ/
mol at present work. This value is greater than the activation
energy of sweet cherry drying (43.05 and 49.17 kJ/mol for
the control and pre-treated samples, respectively; Doymaz
and Ismail, 2011), carrot drying (28.36 kJ/mol; Doymaz,
2004a) and tomato drying (17.4-32.94 k]J/mol; Doymaz,
2007).

Modelling of artificial neural approach

In this research, a combination of different layers and
neurons with different activation functions were used for
modelling Perceptron neural networks. Neural network
with one and two hidden layers, 1 to 22 neurons were

Table 4. Effective diffusion coefficient (D ) for dried pumpkin
at optimum conditions

T(°C) D, (M2s)x10°® (m?/s) R?

65 0.158 0.993
75 0.757 0.930
85 1.019 0.924
95 1.283 0.931

R? = coefficient of determination; T = air temperature.

selected randomly and network power was estimated to
predict pumpkin MR. To obtain suitable training epoch
experimental network was used with variable numbers
of neuron (1 to 22 neurons) and suitable training epoch
number was determined for each activated function. In
order to identify the best training epoch, trial and error
method was used (Applied training epoch number were
as follows: 100, 1000, 1,500, 2,500, 5,000 and 7,000).
Achieving the lowest relative error ratio was the main issue
for optimising the best training epoch in each activated
function. The results showed that the best training epoch
for logsig and tanh activation function were 7,000 and
5,000, respectively. The results of MLP were optimised
with logsig and hyperbolic tanh activation function and
topologies in different cases achieved as indicated by Figure
7 and 8. Figure 7 shows the variation of MRE values versus
neuron numbers to predict MR. Investigating the obtained
results for MLP with logsig activated function with one and
two hidden layer has been shown, topologies 2-18-1 (i.e.
network with 2 inputs, 18 neurons in the first hidden layer
and one output) and 2-16-16-1 (i.e. network with 2 inputs,
16 neurons in the first and second hidden layer and one
output) had the best result to predict MR. In this case, R?
values were calculated to be 0.999 and 0.997, respectively.
On the other hand, the results of MLP with tanh activation

-23
In Dy =-8285.3 T +22977 *
22 | R2=0.8249
5
[m)
= 21
A
_20 J
-19

0.00266 0.00273 0.00280 0.00287 0.00294 0.00301

11T (1K)

Figure 6. The logarithm of the effective diffusion coefficient
(D) versus the inverse of temperature (1/T).

Table 5. Effective diffusion coefficient (D) of pumpkin fruit and other products.

Products Temperature (°C) D4 (m?s) Reference

Organic apple 40 - 60 2.27 - 4.97x10°10 Sacilik and Elicin (2006)

Apricot 55 6.76 - 12.6x10°10 Doymaz (2004b)

Sweet cherry 60 - 75 1.54 - 5.68x10710 Doymaz and Ismail (2011)

Tomato 55 - 70 3.91-6.65x1010 Doymaz (2007)

Carrot 50-70 0.77 - 9.33x10°° Doymaz (2004a)

Pumpkin 65 - 95 0.158 - 1.283x10 Present study
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Figure 7. Variation of the relative error values versus neuron numbers to predict the moisture ratio with different activation
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Figure 8. Variation of correlation coefficient (R?) versus neuron numbers to predict the moisture ratio with different activation

function during drying.

function showed that neural network with topology 2-18-1
had the best result to optimise MR; accordingly, this
network could predict MR with R*=0.998 (in this case,
MRE was calculated to be 0.000966%). Similar results were
reported by Tavakolipour and Mokhtarian (2012) in case
of pistachio nuts.

The results of comparison ANN with different functions
indicated that logsig function with 18 neurons in hidden
layers was the best topology to predict MR of dried
pumpkins. A model sensitivity diagram of predicted
parameters by MLP network with logsig activation function

versus experimental parameters for the best topology (i.e.
structure of 2-18-1) indicated that data were randomly
located around the regression line. This could be a reason
for carefully evaluating the neural networks to predict MR
of pumpkin during convective hot air drying (Figure 9).

4. Conclusions

In this research, ANN trained by back propagation
algorithms was developed to feasibly predict MR based on
the two input variables. Different factors including learning
epochs (100 to 7,000), number of neurons (1 to 22) and type

Quality Assurance and Safety of Crops & Foods 6 (2)

197



M. Mokhtarian et al.

R?=0.9991
0.8 4

0.6 -

Predicted MR

0.4 -

0.2 -

0 " . .
0 0.2 0.4 0.6 0.8 1

Experimental MR

Figure 9. Comparison between experimental and predicted
moisture ratio (MR) value obtained by goodness activation
function of the artificial neural network (logsig).

of activation function in hidden and output layers (logsig
and tanh) were used in order to find the best topology
of ANN for monitoring MR during drying. The results
indicate that, ANN with logsig activation function with
18 neurons in first hidden layer (i.e. 2-18-1 topology) was
able to estimate MR with higher R? value (0.9991), whereas
the Newton model (as the best model) could predict MR
with average R*=0.993. Overall the comparison of obtained
results of ANN and empirical modelling showed that ANN
(as a non-destructive method) had a higher ability than
classical modelling to predict MR.
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