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Thin-layer drying of tea leaves: Mass transfer modeling using semi-empirical
and intelligent models
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Moisture content is a critical factor in quality and shelf-life of foods and agricultural products.
This research dealt with prediction of moisture ratio of tea leaves using intelligent genetic
algorithm-artificial neural networks (multilayer perceptron, MLP; and radial basis function,
RBF) and semi-empirical models during different thin-layer drying processes (i.e. sun, air,
hot air, and microwave drying). Effective diffusivities were found in the range of 7.5×10-7 to
9457.2×10-7m2/h , which the highest Deff value was achieved for microwave drying. Moisture
ratio data were modeled using fourteen semi-empirical equations among which Henderson
and Pabis, Henderson and Pabis- modified, two-term-modified and Wang and Singh models
received highest correlation coefficients. However, the prediction efficiencies of MLP (MSE,
NMSE and MAE of 0.0084, 0.0597 and 0.0722, respectively) and RBF (MSE, NMSE and
MAE of 0.0043, 0.0973 and 0.0564, respectively) networks were found to be more competent
than semi-empirical models and therefore could be applied successfully for predicting moisture
ratio of tea leaves during different drying processes.
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Introduction
Due to its sensory properties, stimulating effects
and potential health benefits, tea (Camellia sinensis
L.) is considered as the most popular beverages after
water all over the world (Weisburger, 1997; Yang and
Landau 2000). The annual global production of tea
was reported to be about 4.51 million tons in 2010
(FAOSTAT, 2010). Tea is used in different types,
e.g. green, black, and oolong tea. However, the most
significant positive effects on human health have
been observed by consumption of green tea (Jain et
al., 2013).
Possessing critical effects on physical, structural,
chemical and nutritional features of the product,
makes drying as one of the main operations in tea
processing. Different drying methods have been
applied for tea; traditionally it is dried using sun or air
drying approaches. In spite of widespread usage and
low initial operation cost, the quality of tea undergoes
significant deterioration (Chan et al., 2009). Oven
and microwave were also used for drying of tea
(Dong et al., 2011a; Hatibaruah et al., 2012). Oven
drying has some disadvantages such as low energy
efficiency and long drying time. Compared to oven
drying, microwave can significantly reduce drying
time of biological materials with minimum quality
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degradation. Therefore, microwave drying has now
gained popularity as an alternative drying method
for a variety of food products (Sellami et al., 2011;
Zielinska et al., 2013; Rahimmalek and Goli 2013).
Moisture content significantly influences the
quality and shelf life of dried tea. During drying
moisture ratio can be estimated applying semiempirical models (Costa and Pereira, 2013).
Although these models give a reasonable fitting of
the experimental data, their application is limited due
to their semi-empirical nature and therefore, they are
only capable of estimating data within the processing
conditions in which they were developed or they
depend on a large number of physical properties of
product (Fathi et al., 2011a).
Artificial neural networks (ANN) are intelligent
modeling systems based on relationship between
dependent and independent variables. This
methodology could be used for modeling linear
and nonlinear phenomena and does not need the
explicit knowledge of the physical meaning of
the system or process under investigation (Fathi
et al., 2011b). ANN have been recently used for
prediction of green tea polyphenols content (Xi et
al., 2013), kiwifruit shrinkage (Fathi et al., 2011c)
and extraction efficiency of manganese (Khajeh
and Barkhordar, 2013). The main drawback of ANN
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is that their parameters such as number of hidden
neurons, learning rate and momentum are chosen
by trial and error. Genetic algorithm (GA) as an
optimization technique can be used for overcoming
this limitation of neural network. GA is inspired by
the natural selection principles and Darwin’s species
evolution theory. GA offers several advantages over
the conventional optimization method such as less
susceptibility to be stuck at local minima, requiring
little knowledge of the process being optimized and
capability to find the optimum conditions when the
search space is very large (Fathi et al., 2011b).
Dong et al. (2011b) compared chemical features
of Eucommia ulmoides flower tea during microwave
and hot air drying and reported that microwave drying
method could maximally maintain the functional
constituents. Effects of different drying methods
(i.e. microwave, oven, sun, air, and freeze-drying)
on antioxidant properties of tea were investigated.
All three thermal drying methods led to decline in
total phenolic content, ascorbic acid equivalent
antioxidant capacity, and ferric-reducing power with
minimal effects on ferrous ion-chelating ability and
lipid peroxidation inhibition activity. High amount
of losses were observed for air dried leaves. While,
freeze-drying did not resulted in significant decrease
in total phenolic content, ascorbic acid equivalent
antioxidant capacity, and ferric-reducing power.
Panchariya et al. (2002) applied different semiempirical models to predict moisture content during
drying of black tea at 80-120ºC and concluded that
Lewis model gave better predictions. Effective
diffusivity varied from 1.14×10−11 to 2.98×10-11 m2/s
over the temperature range.
In spite of numerous works conducted on the
effect of drying methods on chemical compositions
of tea leaves, there was not much attention on
modeling of mass transfer during drying. Therefore
the objective of this research was to model moisture
ratio by semi-empirical and intelligent models during
different drying processes (i.e. sun, air, hot air, and
microwave drying) of tea leaves.
Materials and Methods
Sample collection and thin-layer drying
Whole tea leaves (Chinese hybrid variety)
obtained from a tea farm in Lahijan city in the
Northern regions of Iran in the fall growing season. In
order to inhibit enzymatic browning, the leaves were
immediately blanched using steam at 90ºC for one
minute. The leaves were then thin-layer dried using
following methods: (i) sun drying at about 35ºC; (ii)
air drying in shade at about 25ºC; (iii) hot air drying

at 60ºC; (iv) hot air drying at 80ºC; (v) hot air drying
at 100ºC; and (vi) microwave drying at 800 W.
For sun drying leaves were exposed to direct
sunlight in trays at about 35ºC for 7.5 h in November
in Isfahan, Iran. Air drying was carried out under
natural air flow in shade for 36 h. Oven drying was
conducted in a ventilated oven (Osk, Japan) for 7.5,
5.25 and 4.5 h at 60ºC, 80ºC and 100ºC, respectively.
Microwave drying was performed in a domestic
digital microwave oven (Nikai, NMO-518N, Japan)
with technical features of 230 V, 800 W. The samples
were dried for 240 seconds. The thickness of samples
for all thin-layer drying methods was kept constant in
5 mm. Moisture contents of samples were determined
using moisture meter (Ohaus MB45; Massachusetts,
USA) during drying at appropriate time intervals.
Semi-empirical models
The drying curves were represented in moisture
ratio (MR) (Eq. 1) versus time (t, in h).
							
						
(1)
MC0, MCt and MCe are initial moisture content,
moisture content at time t and equivalent moisture
content.
Moisture ratio values were then fitted using
fourteen semi-empirical models listed in Table 1
applying SlideWrite plus software. In these equations
a, b, c, k, k1, k2, k3 and n model constants.
Artificial neural network
In current research, feedforward network
was used for modeling of moisture ratio of tea
leaves. Two commonly applied feedforward ANN
architectures are multilayer perceptron (MPL) and
radial basis function (RBF) networks. MLP consists
of (i) an input layer with neurons representing
independent variables, (ii) an output layer with
neuron(s) representing the dependent variable(s), and
(iii) one or more hidden layers containing neuron(s)
help to capture the nonlinearity of the system. The
processing in hidden layers consists of collecting the
data from previous layer, multiplying them by their
corresponding weights, summing the values, putting
the results in a nonlinear or linear activation function
(f) and finally adding a constant value called bias,
mathematically:
						
					
(16)
where w, x and y are weight, input and output of
i (sending) and j (receiving) neurons. RBF network,
which consists single radial hidden layer, uses
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Table 1. Semi-empirical mathematical models

Gaussian transfer function. The radial basis neurons
output were calculated based on testing data (Fathi
are special neurons which have a centroid (u) and a
et al., 2011a).
spreading vector (σ). The output of the RBF layer is
determined based on distance between the input vector
Genetic algorithm
and its centroid vector (Eq. 17). Training algorithm
Genetic algorithm, which inspires the principle
for hidden neurons is generally accomplished by an
of a Darwinian-type survival of the fittest in natural
unsupervised fashion. While supervised algorithm
evolution, is essentially an iterative, population
is used for output layer. This configuration tends to
based, parallel global search algorithm that has a high
learn much faster than MLP.
ability to find optimal value of a complex objective
							function, without falling into local optima. The best
					
(17)
chromosomes mate with other chromosomes of
population and survive for the next generation and
In this study, drying method and drying time were
the most excellent chromosome, which is the most
used as input neurons to predict moisture content of
evolved one, is the optimal value. GA optimization
tea leaves as the output of network. A hyperbolic
technique consists of three principle processes
tangent activation function was used in hidden layer,
(i.e. selection, crossover and mutation). The initial
while a linear function was applied for the output
population of chromosomes is randomly generated.
layer. The number of hidden neurons varied from 1
Selection of individuals to produce successive
to 10. For modeling data were first randomized and
generations plays an important role in a GA. In this
then divided into three partitions of training (40%),
step, each chromosome is evaluated by the fitness
validation (30%) and testing (30%). To avoid overfunction. According to the value of the fitness
fitting of the network the training process was carried
function, the chromosomes associated with the fittest
on for 1000 epochs or until the cross-validation
individuals will be selected more often than those
data’s mean-squared error (MSE) did not improve
associated with unfit ones. In crossover step, two
for 100 epochs. Testing was carried out with the best
individuals reproduced into a new individual. The
weights stored during the training step. Calculation
mutation operation randomly alters the value of each
of the performance of the trained network was based
element of the chromosome according to the mutation
on the accuracy of the network in the test partition.
probability. It provides the means for introducing new
Therefore mean-squared error (MSE), normalized
information into the population and therefore avoids
mean-squared error (NMSE), mean absolute error
sticking in local minima. This cycle is repeated until
(MAE) and correlation coefficient (R) for each
desired convergence on optimal or near-optimal of
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Table 2. Semi-empirical model parameters and their corresponding performance efficiencies

the solutions are achieved (Yang and Landau, 2000).
In current work, number of hidden neurons and
training parameters (learning rate and momentum)
were represented by haploid chromosomes consisting
of three genes of binary numbers. The first gene
corresponds to the number of neurons in single hidden

layer and second and third genes represent the learning
rate and momentum of network, respectively. An
initial population of 60 chromosomes was randomly
generated and the termination criterion of 60 was
chosen for generation. The roulette wheel selection
based on ranking algorithm was applied for the

Fathi et al./IFRJ 23(1): 40-46

44

Figure 1. Moisture ratio of tea leaves dried using different drying methods versus time (h)

selection operator. Uniform crossover and mutation
operators with mixing ratio of 0.5 were used and the
probabilities of the crossover and mutation operators
were adjusted at 0.9 and 0.01, respectively. In this
study, the ANN modeling and GA optimization were
performed by Neurosolution release 5.0, produced by
NeuroDimension, Inc.
Statistical analysis
The experiments were conducted in two
replications. Analysis of variance (ANOVA) of
data was performed using a computerized statistical
program called ‘MSTAT’, version C.
Results and Discussion
In this study tea leaves were dried using different
methods and moisture ratio was predicted applying
semi-empirical and intelligent models.
Semi-empirical models
Initial moisture content of tea leaves was
77.1±1.8% which indicated their susceptibility and
necessity of drying process. Fig. 2 depicts the drying
curves (moisture ratio versus time) for different
drying methods. The experimental results indicated
the absence of constant drying period and therefore
drying took place only in the falling rate period.
This illustrates that diffusion was the most likely

physical mechanism governing moisture removal
in the tea leaves. Hence, Fick’s second low could
be used to determine effective diffusivity. General
series solution of Fick’s second law for slabs is given
in Eq. 18. Constant diffusivity, uniform moisture
distribution and Thickness (L) of 0.005 m were
assumed for tea leaves.
					
(18)
Simplifying above equation by considering the
first term of series gives:
							
					
(19)
Values of Deff for sun drying, air drying 25ºC,
hot air drying at 60ºC, 80ºC, 100ºC and microwave
drying were 30.9×10-7, 7.5×10-7, 15.2×10-7, 25.7×107
, 32.4×10-7 and 9457.2×10-7 m2/h, respectively. The
correlation coefficients for these values were found
to be 0.848, 0.935, 0.654, 0.715, 0.744 and 0.964,
respectively. It can be seen that Deff values increased
with increasing temperature during hot air drying.
Microwave drying showed the highest Deff value about
three orders of magnitude higher than other drying
methods. Effective diffusivities of 3146.04×10-7
m2/h for red bell-pepper (Yang and Landau, 2000)
and 1443.24×10-7m2/h for onion slices (Weisburger,
1997) were reported during microwave drying. The
higher obtained Deff value of microwave drying in
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Table 3. Model parameter and performance of developed GA-ANN model

this work could be attributed to the thickness of thin
layer sample.
Drying data were fitted to the semi-empirical
models. Model parameters and performances of
prediction were tabulated in Table 2. The ANOVA test
on determined coefficients for logarithmic, Midilli,
Page, Page- modified, Verma, and Weibull, were not
significant at 95% confidence level and therefore
could not be used for moisture ratio prediction. Their
high values of MSE, NMSE and MAE also confirm
incapability of these models. Apart from above
mentioned models, other mathematical equations
are fairly good, while did not receive acceptable
performance against statistical parameters of
MSE (min acceptable value of 0.01), NMSE (min
acceptable value of 0.05) and MAE (min acceptable
value of 0.05) for all drying methods. Panchariya et
al. (2002) studied mathematical modeling of MR
during thin-layer drying of black tea and reported
that Lewis gave better predication ability.
GA-ANN
MLP and RBF neural networks with one
hidden layer, 1 to 10 neurons and learning rate
and momentum values ranging from 0 to 1 were
trained using GA to achieve the optimal network
configuration and learning parameters. Optimized
MLP and RBF networks had 7 and 6 neurons in
hidden layer, respectively. Model parameters and
prediction errors of developed GA-ANN are showed
in Table 3. Prediction error values indicated much
better estimation capability of MLP as well as RBF in
comparison to semi-empirical models. The matrices
of weights (F matrix of 2×7 between input and
hidden layer, G matrix of 1×7 between hidden layer
and output layer) and bias values (BHidden matrix of
1×7 for first hidden layer and BOut matrix of 1×1 for
output layer) of optimized MLP network are:

Figure 2. Experimental versus GA-ANN predicted MR
values of dried tea leaves for MLP and RBF networks

where the values in the first and second rows
of matrix of F representing the weights of the
connections between hidden neurons and drying
method and drying time neurons in input layer,
respectively.
Weight (W) and bias (B) values for RBF network
between hidden and output layers presented in the
following matrices:
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The performance of optimized GA-ANN models
of MLP and RBF configurations for estimation of
moisture ratio of tea leaves based on test data which
never were seen by networks during training were
studied and the results were plotted in Fig. 2. This
figure shows that the GA-ANN estimated values of
moisture ratio closely fitted with the experimental
data. However, MLP performed better prediction in
comparison than RBF (correlation coefficients values
0.991 and 0.982 for MLP and RBF, respectively) and
could be suggested for prediction of moisture ratio
during drying of tea leaves.
Conclusion
Tea leaves were dried using different methods and
their moisture ratio values were predicted by semiempirical and GA-ANN. Effective diffusivity were
found to be in the range of 7.5×10-7 to 9457.2×10-7
m2/h . Semi-empirical models were not fully able to
predict moisture ratio of tea leaves. The best model
for estimation of MR was found to be MLP genetic
algorithm-artificial neural network with 7 hidden
neurons and R, MSE, NMSE, and MAE values of
0.991, 0.0084, 0.0597 and 0.0722, respectively. The
optimized network could be strongly suggested for
prediction of moisture ratio of tea leaves during
different drying processes.
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