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Abstract: In this research, Artificial Neural Networks (ANNs) used for prediction of Equilibrium Moisture
Content (EMC) of three varieties of paddy (Sadri, Tarom and Khazar) as a new method. Feed forward back
propagation and cascade forward back propagation networks with Levenberg-Marquardt and Bayesian
regularization training algorithms used for traming of mput patterns. Optimized trained network has the ability
of EMC prediction to test patterns at thermal boundary of 20-40°C and relative humidity boundary of 13.5-87%
with R® = 0.9929 and mean absolute error 0.0229. Comparison between optimized ANN result and empirical model
of Henderson showed that artificial neural network not only can simultaneously predict the EMC of samples
of all varieties but also has better coefficient of determination and less mean absolute error.
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INTRODUCTION

Equilibrium Moeisture Content (EMC) is the function
of water activity and environmental air temperature x = f
(aw, T). This variable as durability criterion and quality
changes of food and agricultural products at the duration
of storing and packaging has the special importance
(Veltchev and Menkov, 2000). Sorption isotherms
represent the fundamental relationship between EMC and
relative  humidity of food products. Sorption
characteristics of agricultural products use for designing,
modeling and optimization of some process such as
drying, aeration and storage (Bala, 1997; Palipane and
Driscoll, 1992; Pahlevanzadeh and Yazdani, 2003).

Paddy is a hygroscopic material and at the different
conditions of environmental weather gain or loss
moisture depending on the grain-air interactions that take
place. Aeration that relates the air relative humidity and
grain moisture content is essential to optiunize the grain
quality. Rice 1s a very delicate cereal and because it 1s
consumed as whole kernel and the formation of fissure
and cracking provoked by ventilating with a high relative
humidity awr affects negatively on the final quality
(Siebenmorgen et al., 1998). Rice has the second degree
of main food of world people after wheat. Manual control
of rice processing systems can decrease the ultimate
quality of rice, so the intelligent control of processing
systems can prevent it.

Some investigations related to the moisture
content changes of stored rice with air temperature at

the duration of aeration for different varieties have been
done, so that models with three or more coefficients have
been represented (Jindal and Siebenmorgen, 1994,
Khankari et ai., 1994).

Artificial Neural Networks (ANNs) were used for
some industrial applications such as performance
prediction of an industrial paper dryer (Huang and
Mujumdar, 1993), predictive control of a drying process
(Tay and Oliver, 1996), modeling the moisture content of
thin layer corn drying during process for wet milling
quality at constant air flow rate and absolute humidity and
variable temperature (Trelea et al., 1997), air heater plant
for a dryer (Thyagurajan et al., 1997), sorption isotherm of
black tea (Pancharyia et al., 2002).

The precise prediction of EMC can not only decrease
the storage losses of rice but also can more effect in
processing systems. In this mvestigation, artificial neural
network was used for prediction of water activity of three
varieties of paddy (Sadri, Tarom and Khazar) for
simulation of sorption 1sotherm and EMC at thermal
boundary of 20-40°C and relative humidity of 13.5-87%, in
the other word a three dimensional mapping was created
for prediction of EMC, using variables of temperature,
relative humidity and variety.

MATERIALS AND METHODS

Sorption isotherm model: The most common physical
model for deriving EMC of agrnicultural products 1s
Henderson and Kachru models. Zomorodian (2001) in a
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research, predicted EMC of three Tranian rice varieties of
Sadri, Tarom and Khazar, using empirical models. The best
result derived using Henderson model because the
highest value of R” and the lowest value of error derived
by this model. This model 1s one of the best models, has
the empirical basis and is as below (Henderson, 1952;
Henderson and Perry, 1977):

1— RH = o~ CTHe" ()
Where:
RH = Environmental air relative humidity (decimal)
T = Environmental absolute temperature (K)
Me = Equilibrium moisture content

candn = Constants for different materials that calculate
by experimental method

Supremacy of Henderson model for prediction of
EMC expressed by coefficient of determination (R?) and
Mean Absolute Error (MAE).

Artificial Neural Networks (ANNs): ANN is one of the
artificial intelligence methods. Tt uses simple processing
elements named neuron. ANNs tries to discover the
inherent relationship between parameters through
learning process. It creates a mapping between input
space (input layer) and target space (output layer).
Hidden layer/layers process the mput data from input
layer and produce answer in output layer. Training is a
process that finally results m learming. Each network 1s
trained with presented patterns. During this process, the
connection weights between layers is changed until the
differences between predicted values and the target
(experimental) 13 reduce to be m permissible limit. Weights
mterpret the memory and knowledge of network. With the
aforementioned conditions, learming process took place.
Trained ANN can be used for prediction of outputs of
new unknown patterns (Zhang et al., 2002).

The  Advantage Using of ANN are, high
computation rate, Learning ability through pattern
presentation, Prediction of unknown pattern, Flexibility
affront the noisy pattems. In this research, feed forward
and cascade forward networks were used. In addition,
several learning algorithms utilized.

Feed Forward Back Propagation (FFBP) consists of
one input layer, one or several hidden layers and one
output layer. Usually for learning of this networlk, back
propagation learmng algorithm (BP) 1s used. In the case of
BP algorithm, first output layer weights updated. For each
neuron of output layer, desired value exists. By this value
and learming rules, weight coefficient updated. BP
algorithm for further problems, present suit results but for
some other problems gives an improper result. In some
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Fig. 1: Training process of back propagation networks

cases, because of local mimmurm, the learning process was
upset. It is because of lying of answer at the smooth part
of threshold function. Figure 1 shows the training process
of BP algorithm for updating of weights and biases.

During traimng of this network, calculations were
done from input of network toward output and then
values of error propagated te prior layers. Output
calculations were done layer to layer and output of each
layer will be mput of next layer.

Cascade Forward Back Propagation (CFBP) like FFBP
network uses the BP algorithm for updating of weights,
but the main symptom of this network is that each layer
neurons related to all previous layer neurons.

Two training algorithms used for updating of network
weights. These algorithms are Levenberg-Marquardt and
Bayesian regulation back propagation algorithms.

Levenberg-Marquardt algorithm (LM) 1s a Hessian
based algorithms and allows the networlk to learn features
of a complicated mapping more suitable. Gradient-based
training algorithms, such as back propagation, are most
commonly used by researches. They are not efficient
because the gradient vanishes at the solution. In a
Hessian based algorithm the training process converges
quickly as the solution is approached, because the
Hessian does not vanish at the solution. To benefit from
the advantages of Hessian based training, we use
Levenberg-Marquardt algorithm. The LM algorithm 1s a
non-linear least squares optimization.

Bayesian Regularization Algorithm (BR) initializes
with random distribution of initial weights and biases.
After presentation of mput patterns to networks, updating
of 1mitial weight begins to obtain final distribution using
algorithm. This procedure is robust to high noise level
and has good approximation with arbitrary accuracy for
training and it can improve generalization performance. In
this algorithm, instead of the Sum of Squared Error (SSE)
on the traimng set, a cost fimction, which 1s the SSE
plus a penalty term, 1s automatically adjusted (Girosi ef af .,
1995).

Structural leamning with forgetting 15 the main
technique used for regularization (Girosi et al., 1995;
Kozma et al., 1996). Tt has good approximation with
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Fig. 2: Used ANNSs topology

Table 1: Input parameters for ANNs and their boundaries

Parameters Minirmum Maximum __ No. of levels
Variety - - 3
Air temperature (°C) 20.0 40 3
Relative humidity (%6) 13.5 87 6

arbitrary accuracy for training and it can improve
generalization performance. Sensitivity analysis was
performed order to decrease the chance of being trapped
in a local minimum and to find stable results.

ANNSs design and optimization methods: Considering and
applymg of three inputs n all experiments, the EMC value
derived for different conditioning with these constraints,
Networks with three neurons in input layer (variety,
relative humidity and temperature) and one neuron in
output layer (EMC) were designed Figure 2 shows the
considered neural network topology, Input and output
parameters. Boundaries and levels of input parameters
have been mentioned in Table 1. Neural network toolbox
(ver. 4.1) of MATLAB software used for this research.

For obtaiming of desired answer, FFBP and CFBP
neural networks utilized. Traimng process by these
networks 1s iterative. When the error between desired
value and predicted value became minimum, training
process towards to stability. The increasing method used
for selection layers and neurons for evaluation of various
topologies. By this method, when the network trapped
into the local minimum, new neurons gradually add to the
network. This method has practical potential for detecting
the optimum size of network. advantages of this method
are: network complexity increase gradually with mcreasing
of neurons b) the optimum size of network always obtain
by adjustments ¢) monitoring and evaluation of local
minimum are done during the training process. Various
threshold functions used to obtain the optimized status
(Demuth and Beale, 2003):

1
=" LOGSEIG 2
Y L+ exp(-X,) ( ) @
2

= - TANSIG 3
Y, (1 +exp(-2X;n -1 ( ) 3
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Fig. 3: Distribution of training data

Where:
X, = Sum of weighted mputs for each neuron in jth layer
and computed as below:

X =R WA D, h

Where:
m = Number of output layer neurons
W; = Weight of between ith and jth layers
Y; = Ith neuron output and
b, = Bias of jth neuren for FFBP and CFBP networks
About 75% of all data randomly selected for training
of network with suitable topology and traimng algorithm
(Fig. 3).
The following criterion of mean square error has
defined to minimize the training error (Heristev, 1998)

MSE=3 365, T, (5)

p=l il

Where:
MSE = Mean Square Error

S, = Network output in ith neuron and pth pattern
T, = Target output at ith neuron and pth pattern
N = Number of output neurons

M = Number of traming patterns

For optimizing the selected network from prior stage,
the secondary criteria were used as fallow:

YIS Tl Y,
R’ =13l AT, = (6)
Z[Sk_Tm] T
MAE:%ZT: IS~ T, (7
(8)
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Where:
R’ = Coefficient of determination
MEA = Mean absclute error

SDye. = Standard deviation of mean absolute error

For mcreasing of accuracy and processing velocity
of network, input data normalized at boundary of [0, 1].

RESULTS AND DISCUSSION

For solving of this problem, FFBP and CFBP neural
networks have been used Two strategy utilized for
mvestigation of different threshold functions effects on
network optimization that include of unique threshold
function for all layers (Table 2) and various threshold
functions for layers (Table 3). Both of two strategies used
for FFBP and CFBP networks with learming algorithms of
LM and BR. The best results of used networks and
algorithms for first and second strategies showed in
Table 2 and 3, respectively.

The best results of CFBP network with LM algorithm
in first strategy with TANSIG threshold function is
relate to 3-6-6-1 topology. This composition produce
MSE = 0.0035, R* = 0.9842 and MAE = 0.0405 and
converge in 28 epochs. In addition, the best result of this
network with BR algorithm 13 related to first strategy
with TANSIG threshold function and 3-6-5-1 topology.
This composition has MSE = 0.0075, R = 0.9855 and
MAE = 0.0321 and converged in 21 epochs. Furthermore,
1n this stage, application of BR algorithm has better result
than LM algorithm because it produces less MAE value
and more R’ value. Tt is obvious, in both strategies for
CFBP network, TANSIG threshold function has the better
performance in equal mitial condition for producing of
error and R* values.

The results for FFBP network in first strategy shows
the LM algontlim has the better performance related to BR
algorithm, because the best result for LM algorithm
derived for 3-5-5-1 topology that has MAE = 0.0229 and
R’ = 009875 at 55 ftrainming epochs, but for BR
algorithm, the best results 1s for 3-5-2-1 topology. It
produce MAE = 0.0239, R’ = 0.9840 at epoch of 22. With
respect to results of first strategy, the best result is for
FFBP network with LM algorithm and TANSIG
threshold function and by 3-5-5-1 topology. Tts R’ showed
inFig. 4A and real error depicted in Fig. SA.

The best result for second strategy and CFBP with
LM algonithm 1s for 3-6-6-1 topology and LOGSIG-
TANSIG-TANSIG threshold functions. This composition
has MAE = 0.0324, R? = 0.9802, also for BR algorithm, the
best topology 18 3-5-4-1 with LOGSIG-TANSIG-LOGSIG
thresheld functions. It preduce MAE = 0.0245, R* = 0.9874
i 11 epochs. Furthermore, for CFBP network, BR
algorithm has the better result related to LM algorithm.

FFBP network for second strategy and .M algorithm
for 3-3-2-1 topology and threshold functions of LOGSIG-
TANSIG-LOGSIG with MAE= 0.0229 and R* = 0.9929 has
the suit performance. Tn addition, the BR algorithm
with FFBP network and 3-5-2-1 topology  with
LOGSIG-LOGSIG-TANSIG threshold functions, produce
MAE = 0.0297 and R* = 0.9809.

With attention to results, for second strategy of
FFBP network, LM algorithm has the best performance;
also this result s better than first strategy, because the
MAE and R’ are the better values. The best R’ showed in
Fig. 4B and its MAE for testing patterns depicted n
Fig. 5B. Results show that its MAE is less than that of
Fig. 4A related to first strategies. This network selected
as an optimized network. Results of optimized network
is better than statistical results that presented by

Table 2: Training algorithm for different neurons and hidden layers for several networks at the uniform threshold fimction for layers

Training Threshold No. of layers
Network algorithm function and neurons MSE R? MAE SDpns Epoch
CFBP M TANSIG 3-6-6-1 0.0035 0.9842 0.0405 0.0277 28
LOGSIG 3-3-3-1 0.0069 0.9774 0.0362 0.0214 14
BR TANSIG 3-6-5-1 0.0075 0.9855 0.0321 0.0190 21
LOGSIG 3-4-3-1 0.0046 0.9795 0.0314 0.0203 23
FFBP M TANSIG 3-5-5-1 0.0011 0.9875 0.0229 0.0174 55
LOGSIG 3-4-2-1 0.0011 0.9864 0.0259 0.0181 19
BR TANSIG 3-5-2-1 0.0067 0.9840 0.0239 0.0187 22
LOGSIG 3-5-3-1 0.0085 0.9747 0.0318 0.0206 14
Table 3: Training algorithm for different neurons and hidden layers for several networks at the uniform threshold fimction for layers
Training Threshold No. of layers
Network algorithm  fimction and neurons MSE R? MAE SDEns Epoch
CFBP M TANSIG-TANSIG-LOGSIG 3-6-6-1 0.00093 0.9802 0.0324 0.0208 16
BR LOGSIG-TANSIG-LOGSIG 3-5-4-1 0.00069 0.9874 0.0245 0.0186 11
FFBP M LOGSIG-TANSIG -LOGSIG 3-3-2-1 0.00049 0.9929 0.0229 0.0165 42
BR TANSIG-LOGSIG — LOGSIG 3-5-2-1 0.00075 0.9809 0.0297 0.0160 17
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Table4: MAE and mean R? values of Henderson model and optimized
ANNs

Parameter

Method
Henderson Model
ANN

RZ
0.9923
0.9929

MAE
0.3694
0.0229

0.

0.5
8 0.7
$ 0.6

g

04 05 06 07 08

Predicted values

0 01 02 03 0.9

®}

y =1.027%x
R*=0.9875

04 05 06 07 08 09

Predicted values

02 03

Fig. 4 Predicted values of EMC using ANNs versus
experimental values (a) FFBP network, LM
algorithm, TANSIG threshold function and 3-5-5-1
topology (b) FFBP network, LM algorithm,
LOGSIG-TANSIG-LOGSIG threshold functionand
3-3-2-1 topology

0.08-(a)
0.07
0.061
0.05
= 0.044
2 0.03
0.02
0.01
0.00
1 2 3

4 5 6 7 8 9

No. of data

10 11 12 13 14

0.08+
0.074

E 0.051
0.044
0.034
0.024
0.011
0.00

®)

1 2 3 4 5 6 7 8 9 1011 12 13 14

No. of data

Fig. 5. Real error of paddy EMC predicting by optimized
ANN (a) FFBP network, LM algorithm, TANSIG
threshold function and 3-5-5-1 topology (b) FFBP
network, LM algorithm, LOGSIG-TANSIG-L.OGSIG
threshold function and 3-3-2-1 topology
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Zomorodian (2001). Henderson model and artificial neural
network with optimized topology have not sigmificant
difference in R* value, but the absolute error of ANNs
(0.0229) is less than that of Henderson model (Table 4).
Also Henderson model presented 9 separately models
(for three varieties and three temperatures levels, for
prediction of EMC. The average value of 9 statistical
models was 0.9923 but ANNs presented unique value for
all varieties and temperatures with R* = 0.9929,

CONCLUSION

Artificial neural networks used as a new method
for nonlinear mapping for EMC prediction of three
varieties of paddy by two independent parameters of air
temperature and relative humidity. The best ANN for
data tramming was FFBP with LM algorithm and LOGSIG-
TANSIG-LOGSIG threshold functions, four layers, three
neurons for first hidden layer and two neurons for second
hidden layer. Results showed that the EMC of three
varieties of paddy could be predicted with less mean
absolute error and more coefficient of determination
compared to Henderson model.
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