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Abstract

Plant disease can cause reduce quality and quantity of agriculture crops. In some countries
farmers spend considerable time to consult with plant protection, while the time is an important
factor to controlling of disease. Due to the fact that Powdery Mildew and Anthracnose fungal
diseases cause the most damage in cucumber greenhouses, in this study, by presenting a non-
destructive method based on image processing technique and artificial neural network, these two
types of fungal diseases have been diagnosed. The steps related to the implementation of the
proposed method are divided into three parts: segmentation, separation of damaged parts from the
leaf and classification of the disease type class. After color and texture features were extracted
from cucumber leaf samples, a multilayer perceptron neural network with error post-diffusion
learning algorithm was used to separate different classes of images. Network input is the average
of the main color components (R, G, B) of the images and the output is zero as a healthy leaf,
number one as Powdery Mildew and number two as Anthracnose. The structure of this network
was 24-3-4-3, which uses the tansig transfer function for the hidden and output layer, and among
the educational functions. So back propagation (BP) algorithm in neural network by using lovenerg
marquart (LM) function training has been successfully to diagnosis and classifies plant diseases in
6 second with 99.95% accuracy.

Keywords: Anthracnose, Artificial Intelligent, Cucumber Disease, Feature Extraction, Powdery

Mildew.

Introduction

Plant disease is a major cause of economic losses in agricultural products worldwide, so
monitoring the health and diagnosis of plants and trees is critical to sustainable agriculture [14].
Due to the high costs and harmful environmental effects of toxins, it is necessary to use a
regulatory, accurate and time-saving method [3]. Nowadays, computer tools based on image
processing knowledge in agriculture have been widely developed to monitor crop growth, and the
diagnosis of pests and plant diseases can have many benefits for those who do not have sufficient
knowledge about crop cultivation [2, 13]. Image processing in agriculture has applications such as
diagnosing leaf, stem and fruit diseases, examining the area damaged by the disease, determining
the color of the affected area, etc. [7, 9]. The amount of area under cultivation, production and
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yield of greenhouse cucumber in the country according to the Jahad-e-Keshavarzi in 2013 is equal
to 22805654 m?, 1702491 tons and 23 kgm, respectively. Among greenhouse crops, fungi cause
the most diseases in cucumber greenhouses. Important fungal diseases that attack cucumber and
mainly its leaves include Anthracnose, Powdery Mildew and internal blight [1]. In fact, the
appearance of the products is affected by many diseases. One of the most common methods used
by scientists is to estimate the extent of plant disease damage using human vision, grading, and
determining the percentage of contamination. Diagnosis and severity of the disease play an
important role in disease control. Although there is a general standard for calculating the severity
of the disease, since the severity of the disease is determined using the naked eye, it is not possible
to accurately and standardly measure the severity of the disease. Among the problems of the ocular
method is the different knowledge and perception of different people, which causes the severity of
the disease in similar samples to be estimated differently by several experts. Thus, the
measurements made are dependent on the individual and are not accurate [12]. In phytosanitary
science, the principles and methods of diagnosing plant diseases are possible by using two methods
of disease symptoms, which are mostly obtained from plant observations, and disease symptoms,
which are based on laboratory observations.

In the last decade, various researchers have used image processing techniques to study disease
in plants. In 2009, they proposed a method based on support vector machines for the diagnosis of
rice disease. In the method proposed by them, the shape and color features of the symptoms were
used to classify the diseases [17]. In [13], a method based on examining the histogram of the image
layer and applying morphological filters, as well as examining the histogram of the images in the
HSV color model to prevent the spread of internal measles in cucumber greenhouses with 90%
accuracy was used. In [6] a novel algorithm for separate the disease area from healthy part in K-
means clustering automatically proposed. In that study, the texture features of grape leaf diseases,
1.e., black measles, black rot, and leaf blight were extracted and SVM classification method was
used. The accuracy of the designed algorithm was 98.71. Also, the proposed method was compared
with two deep learning methods, i.e., CNN and GoogleNet, which achieved classification
accuracies of 86.82% and 94.05%, respectively. In order to diagnose the disease, color features,
morphological features or texture have been used separately, and in neural network classification
and diagnosis, a neural network-based method has not been used.

The aim of this study was to use two factors of color and texture features in order to identify
the damaged parts and classify it by the neural network with higher accuracy to diagnose diseases
of greenhouse crops. It is also possible to design systems with the help of disease diagnostic
algorithms to build a leaf analysis machine as plant medicine equipment. Developing and learning
to use a neural network requires less time and cost than using other classification methods, as well
as higher accuracy.

Materials and Methods

In this study, 150 images of cucumber leaves were used for analysis, which include healthy
and infected leaves by Powdery mildew and Anthracnose disease. Powdery mildew, scientifically
known as Sphaerothecu and Erysiphe Cichoracearum, is one of the most important plant diseases
of the squash family, which is found in relatively dry temperate regions. The symptoms of this
disease are in the form of powdery white spots on the leaves and stems that gradually cover its



81
82
83
84

85
86

87

88
89
90
91
92

93
94

95
96
97
98
99
100
101
102
103

104
105
106
107
108

surface, which is seen in Figure (1-A). Anthracnose disease is common in greenhouses with high
humidity and is one of the destructive diseases of cucumber that appears as brown spots with a
yellowish border and gradually covers the entire leaf surface and will reduce the efficiency of the
product as shown in Figure (1-B).

Figl- Main image of greenhouse cucumber leaf, A: Powdery Mildew fungal disease, B: Anthracnose
fungal disease

The images were captured by the Canon Power Shot SX150 camera at 14 pixels magnification
from a cucumber greenhouse with an area of 9600 square meters in light conditions and stored in
the same format. The image size was 1000x1000 and the vertical distance between the lens and
the sample surface was about 30 cm, which is the best distance for indoor photography [4]. The
processing steps are shown in the block diagram in Figure (2).
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Fig2. Block diagram of image processing steps

Image Preprocessing

In the preprocessing operation in order to separate the leaf from the background, the images
are automatically examined in addition to the RGB color space (the initial images are prepared
from the leaf surface in this color space). The color components in the HSV and 1*a*b* color
spaces are also examined In addition to reducing the diagnostic error of the disease, this will reduce
the image size and increase the image processing speed by removing additional image information.
RGB color space model requires a large storage space, so in image processing we have to process
in three different channels that will take a lot of time, so in order to reduce processing time, RGB
color image to gray color space As shown in Equation (1), [11].

I(x,y) = 0.2989 ** G + 0.1140R + 0.5870 * B (1)

Due to the fact that the dimensions of 1500 x 1000 are very large for image processing and
analysis and require a high computational memory, so a lot of time will be spent on image
processing, so it is necessary to reduce the image size, so by applying the image size reduction
command, The dimensions will be reduced from 1500 x 1000 to 750 x 500 pixels and will increase
the processing speed of the algorithm on the images obtained from the cucumber leaf.



109 Image Segmentation

110 One of the main factors for the success of the thresholding method is the specific shape of the
111 histogram related to the color component, so that if the histogram shape has a peak, it can represent
112 the product and the background, and the image histogram needs to be balanced. Figure (3) shows
113 the balancing effect of the histogram on the main image.
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115 Fig 3 - Histogram balancing; A: Main image, B: Image after histogram balancing, C: Histogram
116 diagram Main image, D: Histogram diagram Image after balancing
117 The most common color space model is the RGB model (Red, Green, and Blue), which is

118  frequently used to work with color images [16]. Figure (4) shows the three main components of
119  Powdery Mildew and Anthracnose of cucumber leaves in the RGB color space.
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121 Fig 4 - RGB color model A: The main color component of Anthracnose disease, B: The main color
122 components of Powdery Mildew disease

123 Since the color space 1*a*b describes all the colors visible to the human eye and is designed

124  almost similar to the human visual system, this color space has been selected for image
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segmentation. To segment the images, after removing the background of the images, the images
were transferred to a color space independent of the Lab device, and then to remove the glow
effect, the a* image component was removed and clustering commands were used only for the | *
.b * components.

The HSV color model describes all the colors visible to the human eye and is designed almost
similar to the human visual system. The HSV color model identifies each color with three
components: color, saturation, and value. In order to examine images in HSV color space, it is
necessary to convert color space in the image processing toolbox, which is shown in Equations (2,
3,4 and 5) Convert RGB color space to HSV.

_ (6 B<G,.
Hue(h)—{360_9 B>¢G (2)
1 _ _
0 = arccos{ (/RUR=6)+(R B)E } 3)
[(R-6)2(R-G)(G-B)] /2
. _ 4 _ 3 ;
Saturation (s) = 1 PV [min(R, G,B)] 4)
Value(v) = 28 (5)

3

As can be seen in Figure 5 of the image components in the HSV color space, it can be
concluded that there is a large difference between disease and background spots in the V
component of the image. While component V can be effective in reducing the penetration, which
is caused by strong light noise. Examining the images prepared in the three color spaces, it was
found that there is a big difference between healthy and infected parts of the leaf surface, so the
average of color components in all three color spaces was used to segment the images.

H Componatt image & Compeeedd mage \ Compont rage

Fig 5 - Image component in the HSV model.

Color Feature Extraction

Since the performance of the algorithm depends on the features extracted from the image of
cucumber leaf, so selecting a relevant and efficient feature from the set of color features extracted,
can increase the performance of the proposed algorithm for classifying cucumber leaf disease. In
data mining issues, there are a variety of techniques for selecting better features, including SFS,
factor analysis, CFS, genetic algorithm, and sensitivity analysis [10]. In this study, the sensitivity
analysis method, which is one of the most widely used methods for selecting superior features and
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has been used in many studies, was used [5], Using this analysis, all 9 color components were
selected (Figure 6).
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Fig.6. Sensitivity index analysis from different color component of cucumber leaves

As can be seen, the color components R, G, B, H, S, V, L *,a * and b * have almost same high
sensitivity values for leaf classes, so by applying a suitable threshold and converting gray images
to binary was calculated the difference between the infected areas from the healthy part of the leaf
to the division and extraction of the infected areas on the leaf surface. For segmentation, using the
appropriate threshold, the damaged points were separated from the healthy points of the leaf
surface, and by converting color images to binary space and differentiating the damaged parts from
the background, the position of the pixels of the damaged parts of the leaf surface was determined.
It can be seen in Figure (7). In order to calculate the percentage of disease damage, the Equation
(6), has been used:

y ==X 100% (6)
t

where, A is the number of cucumber leaf pixels infected with the fungal disease and A is the total
number of leaf pixels.



166
167

168

169
170
171
172
173
174

175
176
177
178
179
180

181

182

183
184
185
186
187
188
189
190

Coler pchuse of Jesion

Fig 7 - Segmentation of affected areas,
A: Anthracnose disease, B: Powdery Mildew

Textural features extraction

In recent years, the use of tissue features in the field of quality assessment of agricultural
products has become common, this feature is used to classify and detect the affected areas of
various agricultural products [8] To analyze the texture of cucumber leaf samples in this study, the
Co-Occurrence Matrix method is used, which is given in Equation (7), [10].

CAx,Ay(m' n) =
iy {1, if(p,q) =nand I(p + Ax,q +Ay) =m o
p=ima=tlo otherwise

where C is the perpendicular matrix, m and n are the values for the light intensity in the gray image,
iand j are the image size, p and q are the spatial coordinates, and finally Ax and Ay are the deviation
parameters [8]. After applying this technique on the images of different classes of cucumber leaf
disease and forming a Co-Occurrence Matrix, the features listed in Table 1 are extracted from this
matrix.

Table 1 - Texture features obtained from the Co-Occurrence Matrix

Equation (8) Mathematical equation co-occurrence matrix
Equation (9) Z i =j1%.p( ) Contrast
ij
Equation (10) Z(p(i,j ))2 Energy
. r(.j)

Equation (11) Homogeneity

— 1+ il
1’]

i

Equation (12) Z Pa(t,j)logPq (i,)) Entropy
i
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Design of artificial neural network model

In this study, the mean values of the main components of RGB, HSV and I*a*b color and
texture features (24 features in total) as network input and network output, zero as healthy leaf,
number 1 as class I disease (Powdery Mildew) and Number two was considered as class II disease
(Anthracnose). The neural network learning method used in this study was Back probagation and
also the sigmoid tangent function (tan-sig) was used in the hidden layer and output of the network.

Trainlm, traingdm, traingd and trainscg training algorithms were used in network training and
in creating each model, a fixed training algorithm is considered. In order to equalize the value of
the data, all data is normalized before neural network training. There are different ways to
normalize data given in Equation (13):

202

— _X~Xmin g é)
Xnorm = {)

Xmax—Xmin
204

where, X is the actual value of the variable, Xy, is the minimum value in the input data, Xpax 1S
the maximum value in the input data, and X;orm is the normal maximum value.

Results and Discussion
Results of segmentation and feature extraction

In order to segment the images and extract the background, the studied images were examined
in three color spaces RGB, 1*a*b and HSV. According to the studied images of greenhouse
cucumber leaves, it was concluded that the intensity level of the gray surfaces of the pixels located
on the Green component arrays has the largest value, which is shown in Figure 8.
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Fig 8- Intensity profile of gray surface values for red, green and blue cucumber leaf arrays

Then, using the gray image histogram, the threshold was determined and the main component
for image segmentation was determined. According to the individual histogram, the main
components of the gray image show the differentiation of the G color component from the other
color components, the histogram of which is shown in Figure 9.
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Fig 9- Histogram related to the color components of the gray image: A: component R, B:
component G, C: component B

As shown in Figure (8), the intensity distribution of the gray surfaces of the image pixels, the
placement of the histogram peaks, and the presence of deep valleys indicate that the gray surface
images of the red, green, and blue components are not suitable for other thresholding methods such
as ATSO. There are several modalities, so the threshold limit method has been used for this
important. To select the most appropriate threshold limit, trial and error method was used. The
threshold value was considered in the frequency range of 180-130 pixels. RGB Binary space was
detected to detect the damaged part of the cucumber leaf surface, which is shown in Figure (6).

Results of selecting the best artificial neural network structure

To design the structure of the artificial neural network, in other words, to model the problem,
a total of 150 images extracted from educational images were divided into three parts: educational
data (70% of images), validation data (20% of images) and finally evaluation data (10% of
images).

The change in the number of latent neurons began with 3 neurons and continued up to a
maximum of 10 neurons. As the number of neurons in these layers increased, the number of
processors in the multilayer perceptron neural network increased, increasing the potential for
processing this neural network. However, increasing the number of hidden layer neurons to more
than a certain amount causes network error. After trial and error and according to 150 samples of
two-layer perceptron neural network with 24-3-4-3 structure (input layer with 24, 2 hidden layers
with 3 and 4 neurons in each layer and one layer Output with 3 neurons) was used. The 2 layers of
the perceptron neural network simulated in MATLAB software are shown in Figure (10).

The training function used was Lunberg Marquat (LM) which was selected as the most
desirable training algorithm. To select the best network structure, the statistical index of mean
square error (MSE) was used, based on which the value of MSE for a network with a hidden layer
and 4 neurons in this layer (topology 3-4-13) was 0.0006, which was Other neural network
structures were more efficient.
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Fig.10. Single-Layer Perceptron Neural Network

Table 2 - The Confusion Matrix obtained from the network

Real Class
Predicted Healthy Disease Number (1) (Powdery Disease Number (2)
Leaf Mildew) (Anthracnose)
Healthy Leaf 17 12 14
Disease Number (1) (Powdery 0 0 1
Mildew)
Disease Number (2) | 0 0

(Anthracnose)

Accuracy 1 1 99.95%

The following is the perturbation matrix obtained from the monolayer neural network model
(Table 2), which is obtained with a structure of 3-4-13 during its 20 times of execution. After
creating the perturbation matrix, the accuracy values for each of the cucumber leaf disease classes
were calculated, as it can be seen that the lowest efficiency is related to powdery mildew fungal
disease.

Conclusion

In this research, using RGB images of three groups of cucumber leaves of greenhouse plants,
including two disease groups of Powdery mildew and Anthracnose and one group of healthy
leaves, in three color spaces RGB, HSV and 1*a*b were studied. For this purpose, based on the
thresholding of the images, the diseased part was separated from the healthy part, and then the
characteristics of the color and texture components were extracted from the images. Also, using
artificial neural network by error propagation method and Lunberg Marquat (LM) training function
with 24-3-4-3 (input layer with 24, 2 hidden layers with 3 and 4 neurons in each layer and one
layer Output with 3 neurons) topology to classify and detect infected parts of leaf surface of every
150 leaf samples (healthy and unhealthy) with Performance accuracy was 99.95% in 6 s.
According to the results of this study, as well as the speed of detection and reduction of economic
costs, the proposed algorithms can be effective for the development and construction of testing
and analysis of leaves in herbal medicine equipment or as control and monitoring systems in
greenhouse units.
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