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Prediction of Paddy Moisture Content during Thin Layer
Drying Using Machine Vision and Artificial Neural Networks
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ABSTRACT

The goal of this study was to predict the moisture content of paddy using machine
vision and artificial neural networks (ANNSs). The grains were dried as thin layer with air
temperatures of 30, 40, 50, 60, 70, and 80°C and air velocities of 0.54, 1.18, 1.56, 2.48 and
3.27 ms’!. Kinetics of L*a*b* were measured. The air temperature, air velocity, and
L*a*b* values were used as ANN inputs. The results showed that with increase in drying
time, L* decreased, but a* and b* increased. The effect of air temperature and air velocity
on the L*a*b* values were significant (P< 0.01) and not significant (P> 0.05), respectively.
Changing of color values at 80°C was more than other temperatures. The optimized ANN
topology was found as 5-7-1 with Logsig transfer function in hidden layer and Tansig in
output layer. Mean square error, coefficient of determination, and mean absolute error of
the optimized ANN were 0.001, 0.9630, and 0.031, respectively.
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INTRODUCTION

In Iran, rice (Oryza sativa L.) is considered
as a strategic product, for its economical and
nutritive values. It is cultivated in the north
of the country extensively. To prevent rice
damage following harvest of a high moisture
content crop, paddy should be dried to such
a level of moisture content that will supply
safe storage by decreasing fissures. The
allowable moisture content of paddy is 11-
13% for safe storage, safe milling and
subsequent safe storage as milled rice. If the
moisture content of paddy is inappropriate
for storage, it will be exposed to fungal
diseases and chemical reactions and
damaged after paddy husking (Mehdizadeh
and Zomorodian, 2009).

Thin-layer drying is the process of
removing water from a porous media by
evaporation, in which drying air is passed

through a thin layer of the material until
equilibrium  moisture content (EMC).
Moisture removal from an agricultural
product depends on drying air temperature,
velocity, relative humidity, variety, and
maturity. Hence, various isolated and
combined methods are involved in moisture
removal from a grain (Couto, 2002).
Mathematical models of thin layer hot air
drying have been studied in drying of fruits,
vegetables, seafood, and some other
agricultural products, such as mushroom and
pollen (Midilli et al., 1999), grape (Yaldiz et
al., 2001), eggplant (Ertekin and Yealdiz,
2004) and apple (Sacilik and Elicin, 2006).
In recent years, image analysis has been
developed to evaluate food quality.
Developed digital camera and related
software proved to be an ideal combination
for rapid, cheap, and accurate color measure
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of wvarious food products (Yam and
Papadakis, 2004).

Determination of color can be carried out
by visual inspection instruments.
Determination of color by human inspection
is extremely varied from observer to
observer. Therefore, standard colors are
often used, measured by L*a*b* units, using
either a colorimeter or specific data
acquisition and image processing systems.
The L*a*b* is an international standard for
color measurements, adopted by the
Commission  Internationale  d’Eclairage
(CIE) in 1976 and widely wused in
agriculture. L* is the luminance or lightness
component, which ranges from 0 to 100, a*
(from green to red) and b* (from blue to
yellow) are the two chromatic components,
which range from —120 to 120 (Mohebbi et
al.,2011; Wan et al., 2011; Afshari-Jouybari
and Farahnaky, 2011). In the L*a*b* space,
the color perception is uniform, which
means that the Euclidean distance between
two colors corresponds approximately to the
color difference perceived by the human eye
(Hunt, 1991).

During drying process of fruits and
vegetables, mathematical modeling could be
a suitable approach to predict the quality
indices of the products (Mohammed, 2011).
For instance, Page model was successfully
used to describe the drying characteristics of
agricultural materials such as red chili and
tomato slices (Gupta et al., 2002; Doymaz,
2007).

Drying of agricultural materials is a
complex and non-linear process with long
time delay. Therefore, it is very difficult to
establish a precise mathematical model for
grain drying control (Cao and Wang, 2002).

Artificial neural network (ANN) is a non-
linear modeling that is generally used to
model complex relationships between inputs
and output parameters. A more realistic and
accurate predictions can be obtained through
ANN analysis (Akin and Akba, 2010).
Artificial neural network was successfully
used to describe the drying characteristics of
agricultural crops such as jackfruit bulbs,
leather, strawberries and grapes (Bala et al.,
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2005; Menli et al., 2009; Kassem et al.,
2010) to model temperature in vacuum
drying (Poonnoy et al., 2007a) and to
estimate moisture ratio of mushroom
undergoing microwave vacuum drying
(Poonnoy et al., 2007b). Bakhshipour et al.
(2012) used several ANN models to predict
the moisture content of raisin during drying.
Results indicated that machine vision and
ANN were appropriate methods to predict
moisture content of raisin with acceptable
precision (R’= 99.84%).

No study has been reported about
prediction of paddy moisture content
prediction by image processing and ANN
method. Also, kinetics of paddy color
change during thin layer drying is not
available. The aim of this study was to
model paddy moisture content during hot air
thin layer drying process using color indices
of paddy grains, image processing, and
neural network approach.

MATERIALS AND METHODS
Sample Preparation

One popular paddy cultivar in Iran is Fajr.
The samples were supplied from Rice
Research Centers of Amol, Iran. The
samples were stored in two layers of plastic
and were placed in a refrigerator at 3+1°C.
A laboratory oven was utilized to determine
the initial moisture content of paddy
samples. The oven was set at 130°C for 24
hours (ASAE, 2000). Measurements were
replicated three times. The average moisture
content of paddy samples was 21.21% (db).
Bulk density of the samples was
751.65+16.4 kg m™.

Drying Process and Imaging System

Drying treatments were implemented in a
laboratory thin layer dryer (Figure 1). The
experiments were performed at six air
temperatures (80, 70, 60, 50, 40, and 30°C)
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Figure 1. Schematic diagram of thin-layer dryer: (1) Fan and electrical motor; (2) Heating elements;(3)
Duct and tunnel; (4) Chamber cap; (5) Drying chamber; ( 6) Mixing chamber; (7) Temperature and moisture
meter; (8) Anemometer, (9) Thermostat and invertor; (10) Digital balance; (11) Input and output air
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temperature recorder; (12) Notebook, and (13) Chassis.

and five air velocities (0.54, 1.18, 1.56, 2.48,
and 3.27 ms™) in three replications.

For each test, 30 g of paddy was dried as
thin layer in the drying chamber. Moisture loss
was intermittently measured by taking out the
drying chamber and weighing on the digital
balance with a precision of 0.01 g on time
steps. Drying continued until a moisture
content of 11-13% db. After each weighing,
the sample images were also taken by a
scanner (Hp scanjet G3110) with 300 dpi
resolution (540x360 pixels). The sample was
placed on the scanner surface covered with a
silky fabric to take image. For each picture, the
L*a*b* values of the images were calculated
and were used for paddy moisture prediction.

Image Preprocessing and Color
Measurement

The body diagram of preprocessing
approaches used in this study is shown in
Figure 2. The entire algorithm for
preprocessing of full images and color
analysis were written in MATLAB R2010a.

In this algorithm, transformation of RGB
(red, green and blue) to L*a*b* in two steps
was performed using "makecform” and
"applycform". In the first step, the
transformation of RGB to XYZ was
conducted and in the next step,
transformation of XYZ was performed to
L*a*b* (Hunt, 1991). Parameter L* refers to
the lightness of the samples, ranging
between black (L= 0) and white (L= 100).
Parameter a* is a chromatic component
ranging between green and magenta
(negative values indicate green while
positive values indicate magenta). Parameter
b* changes from blue to yellow (negative
values indicate blue while positive values
indicate yellow). Values of a* and b* range
from -120 to +120.

Artificial Neural Networks (ANN)
Modeling

A multiple layer back propagation neural
network model was applied to obtain a non-
linear relationship between input variables

Image Noise Centroid of RGB crops Segmentation
acquisition reduction [ each object >  based on —>
detection centroid

Figure 2. Image preprocessing algorithm.
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(air temperature, air velocity, L*, a* and b¥*)
and output variable (final moisture content)
as shown in Figure 3. This network is feed
forward back propagation (FFBP). Input
data were divided into two parts: 70% of the
data for training and the remaining 30% of
the data for testing, which were randomly
selected. The input and output data were
normalized between [0, 1] and [-1, 1].
Neural network toolbox of Matlab 7 was
used to model the data.

Several topologies were tested by
changing the number of neurons in hidden
layer. The artificial neural network (ANN)
was trained with Levenberg-Marquardt
(LM) learning algorithm which is known to
be very efficient (Bakhshipour ef al., 2012).
The network in this study stopped when
target error decreased to less than 0.01.

To find a suitable topology, mean square
error was used to minimize the error
function (Momenzadeh et al., 2012):

M N
MSE :LZZ(SIP -1, )
MN 733 (1)

Where, MSE is mean squares error, S;, is
output ANN for neuron i and pattern p and
T,, is the output of goal in neuron i and
pattern p (moisture content), N is the number
of output layer neuron and M is the number
of test patterns. Moreover, the coefficient of
determination (R?) and mean absolute error
(MAE) were also used to predict the ANN
performance:

Input layer

L*

a*

b*

Air temperature

Air velocity

Hidden layer

2

1 n
MAE==Y|S,-T|
" (3)
Where, n is the number of training pattern
and MAE is the mean absolute error.

Statistical Analysis

Experimental data for the different
parameters were implemented with factorial
statistical design in complete randomized
design by using SAS (ver. 9.1) software, and
the mean values were compared through
LSD at 0.05 and 0.01 levels and ANOVA
table is presented.

RESULTS AND DISCUSSION
Drying Curves

Paddy moisture content variations with
drying time are illustrated at different air
velocities (0.51, 1.18, 1.56, 2.48 and 3.27 m
s™) and air temperatures (30, 40, 50, 60, 70
and 80°C) in Figure 4. According to the

Output layer

Moisture
Content

Figure 3. The ANN structure for prediction of paddy moisture content. L*: lightness, a*: chromatic
component ranging between green and magenta, b*: changes from blue to yellow.
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Figure 4. Drying curves of paddy at different air temperatures [(®) 30°C, -40°C; Q) 50°C; (A) 60°C;

(x) 70°C, and (#) 80°C] and air velocities.

results, drying air temperature played an
important role in drying process. When the
air temperature was increased, the drying
time was reduced. At the initial period of
drying process, moisture content decreased
significantly in the experiments. Also, as can
be seen in Figure 4 for air velocity of 1.18 m
s, the drying time of paddy were 25,920,
11,100, 5,520, 3,000, 1,620 and 1,020
seconds at air temperature of 30, 40, 50, 60,
70, and 80°C, respectively. The lowest
drying time was acquired at air temperature
of 80°C. Similar results were reported by
Ratti et al. (2007) for garlic, Arabhosseini et
al. (2009) for tarragon, Arumuganathan et
al. (2009) for mushroom, and Kaleta and
Gornicki (2010) for red beet drying.
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In general, with increasing air temperature,
final drying time of paddy was decreased,
because at the higher air temperature and air
velocity, temperature difference between the
drying air and paddy raises the surface heat
transfer coefficient, which affects the heat
and mass transfer rate. Some researchers
reported similar results in drying of fruits
and vegetables such as apples and garlic
(Sacilik and Elicin, 2006; Ratti et al., 2007).

Color Analysis

The average measured color indices of the
fresh paddy were 60.6, -7.31 and 14.72 for
L* a* and b*, respectively. Color change
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conditions and the effects of the various air
temperatures, different air velocities, and
L*a*b* values showed that the color
changing characteristics at higher air
temperature were more than on other air
temperatures. As a result, the changing of
color values at 80'C was more than other
temperatures (Figures 5-7) because, with
increasing air temperature, the husk surface
of paddy became darker and the variations
of the sample color increased after drying
process. The average values of L* a* and
b* were obtained in the drying process at
three iterations. The L* values of paddy
during the drying process decreased with
increase in drying time (Figure 35).
Brightness change of the dried samples can
be taken as a measurement of browning (Lee
and Coates, 1999). This result is similar to
that of Wan et al. (2011). Values of a* and
b* increased with increase in drying time
(Figures 6 and 7), so that these results were
similar to those reported by Shafafi
Zenozian et al. (2008). Paddy sample was
darker compared to the original sample after
drying (with the final moisture content about
11-13% db). Color change indices at various
air temperatures are presented in Figures 5-
7. At all air velocities, the lowest L*a*b*
values corresponded to air temperature of
30°C and the highest values were recorded
at air temperature of 80°C. This non-
linearity in color feature changes may be due
the distortion resistance of the paddy crust at
the early period of moisture decline. In other
words, at the initial stages of drying, free
water was removed from capillary tubes
without causing a significant variation in the
color of the paddy. After this stage, the color
features gradually changed. One of the other
reasons of the paddy color changes was
pigment degradation of paddy.

Statistical Analysis

Data acquired from laboratory
experiments and machine vision system
(MVS) were analyzed statistically. Analysis
of variance (ANOVA) revealed that air
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temperature of drying had highly significant
effect on L* a* and b* values as well as on
drying time at probability level of 0.01
(Table 1). Similar results have been reported
by Mohebbi et al. (2009) for shrimp. The air
velocity had no significant effect on drying
time because the air velocity range at high
air temperature was low and limited. Similar
results have been reported for wheat (Sun
and Woods, 1994) and rapeseed (Patak,
1991). Also, interaction of air velocity with
air temperature had no significant effect on
the L*, a* and b* values.

Table 2 shows the mean values for
drying time and color features at various
air temperatures. The highest value of L*
was observed at 30°C (Figure 5).
Temperature had significant effect on
drying time, thus, six different levels were
obtained in the drying process at six
different drying temperatures (Table 2).
These six different temperature levels
created two, three, and five different
significant levels for L* a* and b¥,
respectively. L* was not significant at air
temperatures of 70 and 80°C (Table 2).
The highest value of a* was recorded for
the dried samples at 80°C (Figure 6),
while there was no significant difference
between 70°C and 80°C (P> 0.05) (Table
2). The highest b* value was observed at
80°C (Figure 7) which had a significant
difference with 70°C (P< 0.05). The color
changes may be due to either the non-
enzymatic or enzymatic reactions during
the drying process (Aguilera, 2003). When
food processing 1is heat-processed, a
number of chemical reactions occur. One
of them is the Millard reaction, known to
be responsible for  non-enzymatic
browning. The Millard reaction involves
the reaction of an aldehyde and an amine
(usually a protein or amino acid) and is
highly temperature-dependent. Bingol et
al. (2012) also reported that the L* value
decreased while a* value increased during
grape drying process under the grape’s
different pretreatment conditions.
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Figure 5. Variation of L* (lightness) of paddy samples during drying at different air velocities (0.54; 1.18;
1.56; 2.48, and 3.27 m s™) and air temperatures [(®) 30C, -40C; (=) 50C; (A) 60 C; (x) 70 C, and (+)
80 CJ.

Table 1. Analysis of variance of the effect of air velocity (V) and air temperature (T) on color features and
drying time of paddy.

Source DOF L*¢ ak? b € Drying time (s)
v 4 41.42™ 0.40™ 1.30™ 1398479"
T¢ 5 348.89" 17717 553.91" 1567240

VxT 20 2.36™ 0.45™ 1.30™ 1311869™
Error 60 17.26 0.16 0.85 763556
CV (%) 8.27 9.94 3.7 10.26

“ Lightness,  Chromatic component ranging between green and magenta, © Changes from blue to yellow,
4 Air velocity (m s™); ¢ Air temperature (°C), ns: Non-significant., ** Significant at 1% level.
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Figure 6. Variation of a* (chromatic component ranging between green and magenta) of paddy
samples during drying at different air velocities (0.54; 1.18; 1.56; 2.48, and 3.27 m s’l) and air
temperatures [(®) 30 C, -40 C; (=) S0 C; (A) 60 C; (x) 70 C, and () 80 C].

Table 2. The mean comparison effects of temperature treatment on the color features and moisture

content.
T (°C) Drying time (s) L*4 a*? b* ¢
30 279837 54.86° 2.71 19.48"
40 11217 53.962" 2.99’ 19.85"
50 5837¢ 52.02¢" 3.80" 20.77°
60 3152¢ 51.56" 4.28' 24.77°
70 1816° 45.73' 5.24" 30.58¢
80 1078 42.78' 5.25" 33.87"

“ Lightness, ” Chromatic component ranging between green and magenta,

I Different letters means different clusters.
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Figure 7. Variation of b* (Changes from blue to yellow) of paddy samples during drying at different air
velocities (0.54; 1.18; 1.56; 2.48, and 3.27 m s’l) and air temperatures (030, - 40, =50, A 60, x70, and 480

Moisture Content Prediction by ANN

The artificial neural network with one
hidden layer was utilized to learn and predict
the correlation between input and output
data. In this network, input data were air
temperature, air velocity, L* a* and b* and
output data was moisture content. To
determine the optimum number of neurons
in hidden layer, training was utilized for 5-x-
1 structure, in which the number of input
parameters was five and the number of
output parameters was one. The number of
neurons in the hidden layer x was changed
from 1 to 10. After training and testing the
network, the results indicated that the best
training performance to model moisture
content was obtained with topology 5-7-1
and transfer functions of Logsig and Tansig

°Q).
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in hidden layer and output layers (Table 3).
This optimized structure had the lowest
mean square error (MSE= 0.00105) during
training process. Figure 8 illustrates the
relationship and coefficient of determination
between the experimental and predicted
moisture content of paddy after testing
process using artificial neural network.
Figure 8 proved that the experimental
against predicted values of testing points
were consistently scattered around the y= x
regression line. The optimized network
presented the best result with the maximum
value of coefficient of determination (R’=
0.9630) and the lowest value of mean
absolute error (MAE= 0.031) (Table 3).
Chayjan et al. (2007) predicted the layer
moisture content of paddy with neural
network of feed forward back propagation,
with topology of 3-5-4-1and R’= 0.9949.
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Figure 8. The scatter plot of experimental values vs. predicted values of moisture content using the
optimized ANN for testing data set.

Table 3. Best selected topologies including treshold functions, topologies, for feed forward

back propagation network.

Threshold function Topology Epoch MSE R’ MAE
Logsig-Tansig 5-7-1 18 0.00105 0.9630 0.031
Logsig-Purelin 5-5-1 19 0.00371 0.9567 0.035
Tansig-Purelin 5-6-1 83 0.00530 0.9557 0.035
Tansig-Tansig 5-6-1 14 0.00078 0.9551 0.078
Purelin- Purelin 5-3-1 13 0.00350 0.9337 0.038
Purelin-Ttansig 5-10-1 2 0.00248 0.8710 0.059
Tansig-Logsig 5-8-1 18 0.00204 0.7260 0.077
Purelin-Logsig 5-11-1 4 0.00093 0.7201 0.063
Logsig-Logsig 5-8-1 10 0.00971 0.6586 0.084

CONCLUSIONS Results showed that the optimized network
presented R2= 0.9630 for prediction of
The drying behavior of paddy in a thin layer moisture - content O.f paddy using \mage
dryer and relationship of moisture content of processing | technique and drying
the samples with color features at six air characteristics.
temperatures of 30, 40, 50, 60, 70, and 80°C
and five air velocities of 0.54, 1.18, 1.56, 2.48, ACKNOWLEDGEMENT
and 3.27 m s using machine vision system
s mestged. The e bl T auors il kol
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