TELKOMNIKA Telecommunication, Computing, Electronics and Control

Vol. 18, No. 4, August 2020, pp. 2018~2026

ISSN: 1693-6930, accredited First Grade by Kemenristekdikti, Decree No: 21/E/KPT/2018

DOI: 10.12928/TELKOMNIKA.v18i4.14614 3 2018

Identification of paddy leaf diseases based on texture
analysis of Blobs and color segmentation

Alex Wenda?, Inggih Permana?, Yusmar 2, Nunik Noviana Kurniawati*
L.2Department of Electrical Engineering, Faculty of Science and Technology,
State Islamic University of Sultan Syarif Kasim Riau, Indonesia
3Department of Agrotechnology, Faculty of Agriculture and Animal Science,
State Islamic University of Sultan Syarif Kasim Riau, Indonesia
“4Educational Quality Assurance Institutions of Riau Province, Indonesia

Avrticle Info ABSTRACT

Article history: There are three types of paddy leaf diseases that have similar symptoms,
. making it difficult for farmers to identify them, namely blast, brown-spot,

Received Nov 15, 2019 and narrow brown-spot. This study aims to identification paddy plant

Revised Mar 29, 2020 diseases based on texture analysis of Blobs and color segmentation.

Accepted Apr 9, 2020 Blobs analysis is used to get the number of objects, area and perimeter.

Color segmentation is used to find out some color parameters of paddy leaf

disease such as the color of the lesion boundary, the color of the spot of
Keywords: the lesion, and the color of the paddy leaf lesion. To get the best results, four
methods have been chosen to obtained the threshold value, Otsu threshold

Blast value, variable threshold value, local threshold value and global threshold
Blobs value. The best accuracy of the four methods using threshold variables is
Brown-spot _ 90.7%. The results of this study indicate that the method used has been very
Color segmentation satisfactory in identifying paddy plant disease.

Narrow brown-spot . . .
This is an open access article under the CC BY-SA license.

0

Corresponding Author:

Alex Wenda,

Department of Electrical Engineering, Faculty of Science and Technology,
State Islamic University of Sultan Syarif Kasim Riau,

155 HR. Soebrantas St., Km.15, Pekanbaru-Riau, Indonesia.

Email: alexwenda@uin-suska.ac.id

1. INTRODUCTION

There are various types of pests and diseases in paddy plants, including blast, brown spot, narrow
brown spot, sheath blight, bacterial leaf blight, tungro, white pest, stem borer, rat pest, green ladybug and
stink bug [1, 2]. This study will focus on 3 types of paddy plant diseases, blast, brown spot and narrow brown
spot. Three types of this diseases have characteristics that are almost the same as each other so that this
makes it difficult for farmers to identify the disease and require special expertise to be able to distinguish
the three types of diseases [3, 4]. Apart from that, the three types of diseases are very widespread and can be
found in more than 80 countries [2, 5]. The most important thing of the three types of diseases is the result if
the paddy plant has been infected with this disease, namely a marked decrease in yield, because it causes
the panicle to rot or break, this will inhibit the process of filling the grain, causing the grain to become empty.
This will certainly lead to a decrease in paddy production and if production decreases, it will certainly have
an impact on losses. The disease caused by this fungus is estimated to have caused reduction of a production
in the range of 10-15% in tropical Asia. Reduction are even higher in the East Asia region and some areas
that have higher climate temperatures [2, 6].
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At this time the handling of paddy diseases with conventional methods is to make observations using
direct observation of the naked eye by experts. If this is done in a very large planting area, it certainly requires
a large number of experts and requires a lot of time to monitor and observe it, besides that the level of accuracy
is also low [7, 8]. At the same time farmers do not have good knowledge about plant diseases and if they bring
in experts, of course, require large costs and long time. Under these conditions, the recommended technique
proved useful in monitoring large plant areas is automatic detection of plant diseases by looking at symptoms on
plant leaves by utilizing image processing and computer vision techniques [9, 10].

Several studies related to paddy diseases using image processing techniques, among others, have been
conducted [11], development of rice plant disease system diagnosis, with an accuracy rate of 79.5% [12].
Identification of rice plant disease using back propagation artificial neural network, with an accuracy rate of
93% [13]. Expert system for management of rice plants with levels accuracy of 85%, [12]. Identification of
rice leaf disease using image processing techniques with an accuracy of 88% [14], identification of rice plant
diseases based on texture analysis 85% [15, 16] and diseases identification system in paddy plant using
image processing with levels accuracy of 94.7% [17]. Various methods have been developed in the research
mentioned above, the development of this method to get accurate results with small errors, including using
the rule base expert system, fuzzy expert system and artificial intelligent. Based on the background above,
this study aims to identification of paddy leaf diseases namely blast, brown spot and narrow brown spot using
texture analysis of Blobs and color segmentation. These techniques used to get characteristics of diseased
leaf, this characteristic is then used to identify the type of disease using a rule-based expert system.

2. RESEARCH METHOD
2.1. Data collection

Capturing images of diseased paddy leaf is the first part of this study. To get an image that has
a uniform brightness level, the environment must be controlled, some important parameters are, flash camera
and distance of the object from the camera. The distance between the object and the camera is between
15-30 cm and using the flashlight on the camera. The image was taken during the day and the process of
taking the paddy leaf image must be carried out quickly after the paddy leaf are cut from the tree. Otherwise,
the leaf will immediately roll. Image of paddy leaf is resized into images with a resolution of 105x305 and
stored in bitmap format (*.BMP). Examples of sample images and characteristics of the lesion to diseased
paddy leaf as shown by Figure 1.

@) (b) ©

Figure 1. (a) Blast, (b) Brown spot (c) Narrow brown spot

2.2. Image segmentation

Before doing the image segmentation process, the image is prepared to have dimensions of
105x305 pixels in the RGB color format. This research applies four methods to obtained the threshold value:
global threshold value, Otsu threshold value for automatic threshold value [18], local threshold value and
the variable threshold value. The RGB image as in shown by Figure 2 (a) will be converted to a gray level
image. Furthermore, image segmentation is applied based on gray level threshold segmentation, after which
the image repair process is performed using a median filter and morphological operators are applied to
remove unnecessary spots by using a region filling technique, so that a binary image that is free from noise is
generated as in shown by Figure 2 (b).
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Figure 2. (a) RGB image, (b) Binary image

2.3. Blobs analysis

Blobs analysis is used to extract the features of an object, namely the shape of the object, the object
area, the hole area of the object, the perimeter. Object is a lesion on the paddy leaf. Shape texture analysis
uses Blobs analysis by calculating the ratio of the boundary box, which is height/width. The boundary of
the box is the value of the coordinates of the upper left point, the width and height of the square border of
the object, as shown in Figure 3.

coordinates of the upper left point
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Figure 3. Boundary box

Based on 100 diseased paddy leaf images, consisting of 20 images for each type of disease, analyzed
to obtain height and width values and then obtained rules to determine the type of damage, as shown in
Figure 4. If value of height and width greather-than or equal to 2.8 and less-than 4.1 the type of object shape
is spindle. If value of width less-than or equal to 2.8 the type of object shape is taper. If value of width
greather-than or equal to 2.8 the type of object shape is oval. If value of height and width greather-than or
equal to 2.8 the type of object shape is round and if value of height and width less-than or equal to 2.8
the type of object shape is spot. Usually there is more than one type of lesion on the paddy leaf disease.
Therefore, the number of object form numbers is an important information to determine the symptom of
the major lesion type. Based on Malaysia Agricultural Research and Development Institute (MARDI)
experts, sequence of types of diseased leaf lesion forms as follows: spindle shape, oval shape/round
shape/tapered shape, spot shape.

According to MARDI experts, if there is a form of spindle on a diseased leaf, then the type of
spotting is spindle. When there are oval, round and taper shapes, the clearest and most obvious shapes will be
chosen, as shown in Figure 5. If number of object spindle greather than 0, type of lesion is spindle. If number
of object oval greather-than or equal to number of object round and number of object oval greather-than or
equal to number of object taper the type of lesion is oval. If number of object round greather-than or equal to
number of object taper the type of lesion is round. If number of object oval equal to 0 and number of object
round equal to 0 and number of object taper equal to 0 the type of lesion is spot, othewise the type of lesion is
taper. In diseased rice leaf usually there is more than one type of object that is in the rice leaf. therefore to get
the shape characteristics it is necessary to count the number of objects that appear on the rice leaf using
the 8-connected environment technique, as shown in Figure 6.
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The last part of this process is calculating the area of the object. The area of the object is calculated
based on the binary image as shown in Figure 6 (b). for example | (X, y) = 0 represents the pixel object and
I (x,y) = 1 represents the pixel background. then to calculate the area of an object is:

object = ¥i_1 Yy, 1 (X0, ¥0), )

where n is number of the object. By calculating the percentage of lesion paddy leaf, we get the area as shown
in (2) and (3),

image = width x height, 2)
where image is area of the image with width= 105 and height = 305, and

object

age

Lesion = ( ) x 100%, 3)
To get the height and width of each object shape, measurements were taken of 50 images of various
types of the lesion so that the rules were obtained as follows;
- Spot: width<=34 N height<=34
- Round: ((height: width) <=2.8) N (width <=46)
-~ Oval: ((height: width) <=4.1) N (width<=46)
- Taper: ((height: width)>4.1) and (width<=15.5)
- Spindle: ((width: height > 4.2) N (width > 15.5)) or ((width: height<=4.1) N (width > 46))

F 3
v

A4

(@) (b)
Figure 6. (2) 8-Connected neighbourhood pixels, (b) binary image

2.4. Color segmentation

Color texture is a spatio-chromatic pattern, which can be defined as a "surface color distribution™,
as opposed to a gray-scale texture that focuses only on the brightness of the image [18]. Color and texture
analyzes have been extensively studied [19]. It is used to classify images but the results are not the best.
Some researchers are proposing to combine color and texture analysis to improve classification results.
In a study conducted [20-22], texture characterization was first calculated on a gray scale and then combined
with color histograms and moments values. While [23] classified images into different color spaces
independently or independently using energy parameters to select the space that best rated the classification.

The use of RGB color space to represent image data is very common in image processing studies,
especially since images generated from cameras are in the form of RGB images. But RGB color space
is not a uniform space of perception that can distinguish between colors (for example, Euclidean distance) in
three-dimensionality. RGB color space is not suitable for color differences as per human perception [21, 24].
For this reason, the international commission on colorimetry (Commission internationale de onlyéclairage-
CIE) defines two uniform color spaces of perception, namely L *a *b *and L * u * v * [23]. Uniform color
space perceptions have been widely used in image processing studies [7]. However, no studies have allowed
such use of color space in terms of its effectiveness compared to RGB color space [25]. Color texture
analysis in this study was used to obtain the symptoms of lesion boundary color, lesion spots color and
the lesion leaf color as shown in Figure 7. The color of the lesion boundary is the color of the edge or
the boundary of the lesion spot as shown in Figure 7 (a) and the color of the lesion spot is the color of
the center of the lesion spot as shown in Figure 7 (b). While the color of lesion leaf is the color of diseased
paddy leafe as shown in Figure 7 (c).
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Figure 7. (a) Lesion boundary color, (b) Lesion spot color, (c) Lesion leaf color

Boundary color of the object is obtained by specifying 8 coordinates at different locations of
the boundary object, i.e. left-top, top-left, top-right, right-top, right-bottom, bottom-right, bottom-left,
bottom-left, and top-left as shown in Figure 8 (a). According to experts, for spindle shapes, oval and round
shapes, the boundary color of the lesion leaf should be determined, whereas for the tapered shape and
the spot bondary color the shape is not required. The color of lesion spots is obtained by defining the center
coordinates of the object as shown in Figure 8 (b). While the color of the lesion leaf is obtained by specifying
the coordinates of each pixel on the leaf image except for pixels on the object as shown in Figure 8 (c).

top-left center
left-top
top-right
left-bottom right-top
right-bottom
T S
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Figure 8. (a) Boundary coordinate, (b) Spot coordinate, (c) Leaf coordinate

This study uses CIE color space L * a * b * and Euclidean distance calculations to obtain similar
colors. The following is an algorithm (algorithm 2.1) for converting RGB color space into CIEL *a *b *
color space while the formula for calculating Euclidean distance is shown in (4),

AEL, = [(AL)? + (Aa)? + (Ab)]:, @

where AL* is the difference in brightness between two colors, Aa* and Ab* is the chromatic difference between
the two colors.

Algorithm 2.1. Color model algorithm CIE L*a*b*

Input: color space RGB (Rij, Gyj, Bij)
Output: color space CIE L*a*b*

1: Convert the RGB value (Rij, Gij, Bij) into CIE XYZ
color model (5).

X .4124 .3576 .1805] [R
Y= ].2126 .7152 .0722| (G (5)
Z .0193 .1192 .9505] LB

2: Convert XYZ value into CIE L*a*b* color model by
calculate L*, a* dan b* (6.a) and (6.6b).
The value of L* (luminance) is derived from (6.a):
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116(—) Y > 0.008856

L* Yn n
9033(Y) Y < 0.008856 o
(702\y )y, =
The chroma coordinate a* dan b* are obtained from (6.b):
X Y
o =solr ()= (7]
(6.b)

el () 1(2)

where

a sja a
f(—) = |—, — > 0.008856,

an an

o represents X, Y dan Z
by using the white point Ds (Xn, Y. ,Z,)= (95.0155, 100, 108.8259)

The color difference Ag;, between two colors, in terms of L, a",b" is given by the Euclidean metric in (4).
The smallest distance (4g;,) represents the pixel most closely match to the color marker.

Experts have visually determined the colors involved in determining lesion boundary color, lesion spot
color and lesion leaf color as shown in Figure 9. These colors were obtained from previous researcher [13].
There are three categories for the lesion boundary color, namely brown, orange and yellow as shown in
Figure 9. In the lesion spot color, there are two color categories, namely gray and brown as shown in Figure 10.
While the lesion leaf color, there are four color categories, namely brown, orange, yellow and green as shown in
Figure 11.

om | 1 1 I o | 1 | I |
I I I O

o I ]
Figure 9. Lesion boundary color; Figure 10. Lesion spot color;
(a) brown; (b) orange; (c) yellow (a) gray; (b) brown

@ [ @ EECCEC]

o [T @ |-||-\H| =1 1 |

Figure 11. lesion leaf color (a) brown; (b) orange; (c) yellow; (d) green

2.5. Classification

The final part of the identification of paddy leaf disease is classification. It is an important step after
the segmentation process as well as texture analysis. A rule-based system becomes very useful for classifying
images if the number of classes is fixed and known. Based on interviews with experts, rules have been
developed based on characteristics such as area, number of objects, color, shape, and perimeter.
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3. RESULTS AND ANALYSIS

To get the best results, four methods have been chosen to determine the threshold value, Otsu
threshold value, variable threshold value, local threshold value and global threshold value. The Otsu method
to obtain threshold values automatically by separating univariate data into two groups by considering
variance between classes. The second method applies global threshold values for all images. Threshold
values are set at 95 for all images, this is the average value of the variable threshold value. The third method
uses the variable threshold value. This is chosen manually to get the best results. And the last method is
the local threshold value by making fixed-sized blocks in the image and then each block is looking for
the threshold value.

Seventy-five samples consisting of 26 images of blast, 18 images of brown spot and 31 images of
narrow brown spot were tested using four threshold methods and compared with experts. So that the accuracy
of the four methods is 49.3%, 56%, 60% and 90.7% for the Otsu method, global threshold, local threshold
and variable threshold respectively as shown in Table 1. Because the intensity values are different for each
image, global threshold values, local threshold values and automatic threshold values using the Otsu method
cannot perform segmentation tasks accurately. This is caused by differences in time and distance when
shooting. Shooting depends on the light source. This paper uses sunlight as a light source. That makes
the source of illumination can not be controlled so that it is perfectly centered to the surface of the image
being seen and it affects the intensity value of the image.

The error rate for each different threshold value method is shown in Table 2. Incorrect amounts in
Table 1 have been analyzed to get the error rate. Errors can occur in the process of segmentation, feature
extraction, or classification. Determination of the threshold value is an important step in the segmentation
process. Inaccurate determination of threshold values can result in inaccurate segmentation results and leads
to incorrect classification.

Table 1. Accuracy rates for threshold value

Threshold type Correct Incorrect Accuracy rate (% Correct)
Variable 68 7 90.7%
Global 42 33 56%
Local 46 29 60%
Otsu 37 38 49.3%

Table 2. Error rates for threshold method

Error Variable Global Local Otsu
Segmentation - - - 44.4%
Feature extraction 9.3% 61.5% 62.8% 33.4%
Classification 90.7% 38.5% 37.2% 22.2%

4. CONCLUSION

The image processing techniques were used to establish the identification of paddy leaf diseases
based on texture analysis of blobs and color segmentation. Five characteristics; lesion percentage, lesion
type, boundary lesion color, spot lesion color, and lesion paddy leaf color were tested for the classification
task. The ratio of height and width of the lesion object provided a unique shape characteristic for determine
type of the lesion. Four thresholding methods have been applied to get the best results in identifying
seventy-five images of diseased paddy leaf. The best accuracy of the four methods using threshold variables
is around 90.7%. That's because the intensity values are different for each image, so the global threshold and
automatic threshold values using the Otsu method cannot segment tasks accurately.
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