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Abstract: Tmage segmentation of crops damaged-spots infested by insect pests under natural conditions is very important to
realize the precision spray. Due to the influence of uneven lighting and random noise, the traditional method of image
segmentation is difficult to achieve the ideal results. In order to overcome the complications mentioned above, an image
segmentation algorithm based on OSTU binarization algorithm and improved Gustafson-Kessell (GK) Fuzzy Cluster for the
rice damaged-spots infested by the Rice Leaf Roller (Cnaphalocrocis medinalis Guenee) was proposed in this paper. Firstly,
the ultra-green equation and OSTU was utilized for image preprocessing. Secondly, take the S component of color space HSI
(Hue, Saturation, Intensity) which transferred from the target image, and then the improved Gustafson-Kessell Fuzzy Cluster
algorithm and Morphological Filtering were utilized to obtain the target area which the rice damaged-spots infested by Rice
Leaf Roller. Experimental results showed that the accuracy rate of the proposed segmentation algorithm reached 82.4%. In
order to test the effects of segmentation results in classification and recognition, three features, skewness of color feature B and
R component, average of S component, were selected. The distinguished effect of each features mentioned above were
showed good performance. The classification accuracy rate based on the above three features reached 94%. Efficient results
were achieved by using the mentioned above method for images with the influence of uneven lighting, random noise and

complex background under natural conditions.
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1 Introduction

At present, the utilization rate of pesticides in China is only
about 30%, and the improper use of pesticides has caused pollution
of agricultural environments such as soil and water bodies,
resulting in a vicious circle of agro-ecological chains!. The
rational use of pesticides is of great significance to the sustainable
development of China's resource environment>”. The traditional
method of pesticide spraying is to spray crops evenly in order to
achieve pest control. In order to reduce the use of pesticides and
improve the utilization rate of pesticides, it is necessary to carry out
accurate sprays on crops. Precision spray enables on-demand
drug use, thus eliminating environmental pollution caused to soil,
atmosphere and water bodies due to the excessive application of
pesticides. Pest identification is an important prerequisite for the
precise injection of pesticides™..

With the rapid development of computer technology,
information technology is more and more widely used in
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agriculture. The damaged-spot shape of plants, the fragmentation
of the edges and the holes and texture characteristics of the leaves
are important source of information for pests and diseases. The
same damaged-spot in a plant always has its certain shape
characteristics.  This allows the shape characteristics of the
damaged-spot to identify the type of pest and disease and determine
the degree of harm.
identification by using image processing technology

Chen et al.”! determined the damaged level of cotton pests
based on the hole and edge defects of cotton leaves, the
experimental results showed that the method could effectively
identify the damaged level of cotton pests, and the identification
error was less than 0.05. Ma et al.l' identified the damaged level

Many scholars have studied crop pest
[5-8]

of rice blast based on the size and shape of the disease-spot ,
elliptical model was used to indicate the size and direction of the
disease spot characteristics, the results showed that the average
accuracy rate of this method was over 90%. Qi et al.'" used a
neural network based on color values and genetic algorithms to
identify the disease spot area on the soybean leaves, accuracy of
this algorithm was over 90%. Based on the characteristics of the
color texture image of plant disease, Tian et al.'? proposed a
method of applying the Support Vector Machine and Chromaticity
moment analysis to identify grape disease and corn disease, and the
results showed that the characteristics of the color texture image of
disease were simple, fast and good classification by using
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Chromaticity moment to extract the color texture image of disease.
The support vector machine classification method has better
classification ability and generalization ability when there are fewer
training samples for disease classification. Wang et al.l'*! first
extracted the texture, color, shape and other characteristic vectors
of the disease image, and then used genetic algorithm to optimize
and select four independent, stable, strong classification capacity
feature vectors, such as H-value, color moment, disease spot area,
shape factors, etc to deal with the disease of maize leaves. the
results showed that the accuracy of the recognition rate reached
more than 90%. Zhao et al.l'¥ first used color features to extract
the non-green plant species, such as disease spots and soil, and then
used area threshold segmentation method to exclude some of the
soil and other non-green plant connectivity areas, and finally used
chain code to calculate the shape characteristics of disease spots
and soil and other non-green plant connecting areas, and separated
disease spots based on the width, rectangularity and roundness of
the area and effectively extracted the red rot disease and ringspot
disease of sugarcane, the correct rate of image segmentation to
ringspot disease reached 93%, and red rot disease reached 95%.
Based on the image processing technique and the Bayes
discrimination method ,Guan et al.l'”studied the recognition
method of three kinds of rice diseases ( blast, sheath blight, and
bacterial leaf blight), the results showed that the number of texture
parameters decreased to 35.2% and the highest recognition rates of
four parameter sets was 97.2%, this method could be applied to
recognize diseases of other crops. Sun et al.l'® explored the
detection of rice leaf roller pest by spectral technique, the analysis
results showed that the canopy reflectance of severely damaged
rice was higher than that of the control area, and in the
near-infrared region, the red edge inflection position moved to
direction of blue light with the affection severity increasing. The
NIR-NDVI could be used to identify the damaged region with
contrast region efficiently and the accurate rate of 25 verification
samples selected randomly reached 70%. To use visible images
to detect and estimate Rice Plant-hoppers (RPH) infestation areas
on rice stems, Zhou et al.'” used a handheld camera to collect
visible images of the rice stems and extracted the related image
corner ecigenvalues using a Smallest Univalue Segment
Assimilating Nucleus (SUSAN) algorithm, and developed a linear
regression model based on the corner eigenvalues, the results
showed that the SUSAN corner detection algorithm could also be
used to distinguish the I (infestation) and N (non-infestation) areas
with high accuracy, the correlation coefficient between the number
of RPHs and corners could reach 0.8277 and proposed a
visible-image-based method for quantity estimation of RPH
infestation.

More et a used support vector machine technology based
on a web search tool to identify pomegranate diseases and pests,
with an average accuracy of 84%. Recently, deep learning

l.[18]

technology has developed rapidly. Many researchers have begun
to apply deep learning technology in agriculture. Fuentes et al. !'¥)
proposed a real-time algorithm based on robust deep learning target
detection, which can detect a variety of tomato diseases and pests.
Ding et al. ) developed an algorithm based on convolutional
neural network to automatic identify codling moth from trap
images for pest management.

In order to solve the problems of uneven lighting and random
noise under natural light conditions, and increase the correct rate of
image segmentation to rice damaged-spots infested by the Rice
Leaf Roller (Cnaphalocrocis medinalis Guenee), an image

segmentation algorithm based on OSTU binarization algorithm and
improved Gustafson-Kessell (GK) Fuzzy Cluster for the rice
damaged-spots infested by the Rice Leaf Roller will be proposed in
this paper.

2 Materials and methods

2.1 Instrument and images acquisition method

The images acquisition instrument is a digital camera, which
made in Samsung Ltd., the model is PL10. Damaged rice samples
located in the campus farm of South China Agricultural University,
Guangzhou City, P.R. China. The images acquired during late
rice in the fall.

To reduce the influence of subjective factors, 91 of the 200
images collected were randomly selected as test images. In order
to speed up image processing, the test image was converted to
resolution as 320x240 by bilinear interpolation.

2.2 Image color space selection

The image of rice infested by Rice Leaf Roller under natural
conditions mainly includes green and non-green, the green part
mainly consists of normal leaves and weeds, and the non-green part
is mainly the leaf after damaged by Rice Leaf Roller, which is
yellow or white.

Usually, the color feature is selected on the image
segmentation. Typically, the captured images are RGB color
spaces, which are appropriately combined with different weighting
factors for R, G, and B components to achieve better color
characteristics. When the initial segmentation occurs, selecting
the color feature 2G-R as the segmentation feature can better
highlight the green part and eliminate the effect of the green part on
pest damaged-spot segmentation.

RGB and HSI (Hue, Saturation, Intensity) are commonly used
color spaces at present. Compare with RGB, components of HSI
color space have better independence and color distribution'’.
The S component represents the saturation of the image, proper
processing of S component is a good way to address the effects of
uneven image brightness.

The conversion formula for the S component from RGB is as
follows:

S=1 —é[min(R,G,B)] (1
(R+G+B)

The S component takes a value range of [0,1], adds S plus the
value in (0,1), and subtracts 1 when S>1, to lower the
high-frequency portion of the image by moving the high grayscale
range to the low grayscale range. By using this method, the effect
of uneven lighting on the image can be greatly reduced.

2.3 OSTU binarization algorithm

Threshold segmentation is a common method of image
segmentation, which is divided into two steps: one is to set the
threshold, and the other is to compare the threshold of each pixel to
classify the pixels.

The classical OSTU binarization algorithm is a very practical
method in the threshold segmentation method, its basic principle is
to automatically search for an optimal threshold by seeking the
maximum Between-cluster Variance between target and
background. = Compared with other threshold segmentation
methods, there are great advantages, the optimal threshold can be
calculated automatically, no human intervention. It can also get
better segmentation results for images with obvious gray
differences.

It consists of the following steps:

L as the maximum grayscale level of image, and N as the total
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number of pixels of image, n; as the number of pixels while
grayscale value is i, the probability of each grayscale value:

()= @)

the image is divided into two categories with an integer ¢,
Co={0,1...... Lt}

Ci={t+1,t+2,...... , -1}

Then the probability of C is

13
@y =Y P(i) 3
i=0
the probability of C; is
L-1
lezp(i)zl_wo 4)
i=t+1
the grayscale mean of C is
/40
my = ®)
’ ; Wo
the grayscale mean of C, is
&iP(>i)
m= ) —= (6)
1 i;] W

the grayscale average of the entire image is
m=woymg+wm; o

Thus, maximum between-cluster variance is:

s = wy(my —m)’ +w (my —m)* = wyw (my —m,) (8

When between-cluster variance reach to maximum by using
ergodic method, the 7 is considered as the best threshold 7 for
image segmentation.

2.4 Gustafson-Kessel Fuzzy Clustering Algorithm

The GK algorithm® is a powerful clustering technique that is
widely used in areas such as image processing, classification and
system recognition. It uses membership to determine the extent to
which each pixel belongs to a category .

For the image pixel sample set, X=(x;, x,, L, xy) , the GK
algorithm uses iterative optimization target function to obtain the
target classification, equivalent to seek peak value of objective
function, that is, the minimum value of the objective function:

K N
JWUV A4 =23 ()" (i =) A =) ©)
i=1 k=1
where, 4 =[p, det(F)]""E", p; =| 4, |; py is the membership of
the pixel x; that belongs to i category; v; is the center of category i;
m represents the constant of weight, usually m=2; k is the number
of clusters; N is the total number of samples, and at the same time,
For F;, there are:

Z(ﬂik )" (g = v — Vi)T
E — k=1 m
Z(/Uik )"

2.5 Improved Gustafson-Kessell Fuzzy Clustering Algorithm
The flow diagram of improved Gustafson-Kessell fuzzy
clustering algorithm was shown in Figure 1.  Firstly, the
super-green equation and OSTU binarization algorithm was
to remove the green part when images inputted, and then created

(10)

used

color-coded images, converted the color space to HSI, selected S
component for segementation feature extraction and classifcation.
GK Fuzzy Clustering Algorithm was used for damaged-spots
segmentation after clustering.
segmentation result by Morphological filter and then extracted the
target damaged-spots in the image.

What follows was process the

l Input images ‘ Color space converts to HSI

images and selects S

l component as segmetation feature
l Super-green equation ‘ ‘

l ‘ Gk Fuzzy Clustering |
‘ OSTU binarization algorithm ‘ . =

l Morphological filter

‘ Create a color-coded image }_

Figure 1

‘ Extracting the target image

Flow diagram of improved Gustafson-Kessell fuzzy
clustering algorithm

3 Results and discussion

3.1 Optimization for the number of clusters

As shown in formula 9, k is the number of clusters, the
selection of clustering number k£ has an important impact on the
segmentation results. Unsuitable m value will seriously affect the
segmentation performance of the algorithm. In order to select the
best k value of clustering number, 50 images were segmented.
According to the comparison of the experimental results, it was
found that the segmentation effect was better when clustering

number k>4, and iteration stop condition ¢=10>. As shown in
Figure 2, the results were k=2, k=3 and k=4 respectively. Figure
3 showed the time required for taking different & values, in which,
the time used was shorter and the segmentation effect was better
when k=4.

d. k=4
Figure 2 Segmentation performance of different k values

6

5F

4l

Computation time/s

2 3 4
k value

w
>

Figure 3 Computation time of different k values

3.2 Comparison of image segmentation results of different
algorithm

To distinguish the more obvious color characteristics in the
image, first remove the green information, transform the image by
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using ultra-green equation, and then segment by using OSTU
binarization algorithm, as shown in Figures 4b and Figure 4c.
Mark the original image to get the damaged-spot in the image, as
shown in Figure 4d. Enhance the S component of the image to
improve clarity and reduce the effects of uneven brightness, as
shown in Figure 4e and 4f. Finally, segment the image with the
proposed GK fuzzy clustering algorithm, as shown in Figure 4g.
Segmentation results were processed by morphological filtering.
In the end, the rice damaged-spots infested by Rice Leaf Roller
were accurately extracted from the original image, shown in Figure

e. The S component

d. Mark the damaged- spot f. Enhanced S component

L]

G. Improved GK fuzzy
clustering

h. Morphological
filtering

Figure 4 Comparison of image segmentation results of proposed
algorithm in different step

In order to verify the accuracy of the proposed algorithm,
91 sample images were selected randomly, and segment by the
proposed algorithm of this paper. The results showed that there
were 75 images, which the damaged-spots were segmented
completely. The accuracy rate of the proposed segmentation
algorithm reached 82.4%.

The random sampling test images were also segmented by
using the standard Fuzzy C-Means (FCM) algorithm and OSTU
binarization algorithm, the results were shown in Figure 5. There
was noise in the segmentation result when using FCM, which
cannot give the outline of the damaged-spot. There was also
random noise when using OSTU.

3.3 Feature extraction and classification

In classification, the information of segmented original image
was too large and disorderly, which seriously affected the speed
and efficiency of classification. Compared with the original
image, the information of the feature component is being greatly
reduced, which is more conducive to classification.

Features are the characteristics of one kind of target different
from other targets. Good features can eliminate the interference
of unimportant variables, and make image classification achieve
high accuracy. In order to test the effect of segmentation results
in classification and recognition between infested leaves and
healthy leaves, three features, skewness of color feature B and R
component, average of S component, were selected.  The
distinguish effect between infested leaves and healthy leaves of
each features mentioned above were shown in Figure 6. The

classification accuracy rate based on the above three features
reached 94%.

c. OSTU d. Proposed algorithm of this paper
Figure 5 Comparison of image segmentation results of different
algorithm
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4 Conclusions

(1) Under the condition of natural light, due to the influence of
uneven lighting and random noise, the traditional method of image
segmentation is difficult to achieve the ideal result.  The
feasibility of proposed image segmentation algorithm, which based
on OSTU binarization algorithm and improved GK Fuzzy Cluster
for the rice damaged-spots infested by the Rice Leaf Roller, was
verified. Experimental results showed that the accuracy rate of
the proposed segmentation algorithm reached 82.4%.

(2) The skewness of color feature B and R component, average
of S component were extracted as features of segmentation images,
the classification accuracy rate based on the above three features
reached 94%. Efficient results were achieved by using the
mentioned above method for images with the influence of uneven
lighting, random noise and complex background under natural
conditions.

(3) The proposed algorithm in this paper has achieved good
results in the segmentation of damaged-spots infested by the Rice
Leaf Roller. In the future, the next research will focus on how to
carry out batch classification in-situ, and give the results of damage
level evaluation.
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