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ABSTRACT

Agricultural productivity is an important factor in a country's economic development. Therefore, the diagnosis of plant diseases is a field of
research of great importance for the agricultural sector since it allows us to help recommend strategies to prevent the spread of diseases, thus
reducing economic losses. Currently, with the rise of computer systems, computer systems have been developed that allow computer assisted
diagnosis in different fields of research, including the agricultural sector. Since late blight is one of the main diseases due to its high incidence and
severity, this paper proposes a methodology to obtain late blight segmentation in tomato leaf images through image analysis and color analysis
using the HSV color model. The proposed methodology was applied to a set of publicly available PlantVillage images, to which late blight

segmentation was obtained.
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L.INTRODUCTION

According to the Food and Agriculture Organization (FAO), there is a
need to increase global food production by 70 to be able to provide
food for the 9.1 billion people projected for 2050, this will be achieved
by boosting the transformation of food production with the integration
of new technologies. According to FAO data, the surface area of
tomatoes worldwide grew at an average annual rate of 1.4 between
2007 and 2017, to be located in 4.8 million hectares. Of the total area
harvested in 2017, this is concentrated in 5 countries: China with
21.2India with 16.4Nigeria with 12.2Turkey with 3.9 and Egypt with
3.8 [1, 2]. Statistics to the National Institute of Food and Agriculture
(U.S.A.), worldwide crop losses between 40 and 50 due to pests and
different crop diseases, so monitoring and detection of plant diseases is
of utmost importance for sustainable agricultural development [3] The
detection of plant diseases through manual monitoring is a slow work
that requires the preparation of an expert in the agricultural area.
However, with the rise of computer systems development, and mainly
in the development of the field of automatic learning, works have been
developed that allow the detection of diseases in plants in an automatic
way [4, 5, 6]. One of the first tasks of the computer systems that make
use of automatic learning applied to problems involving images, is to
segment the lesions present in the images and that are desired to
classify. Segmentation of lesions in leaf images serves as an important
tool in the evaluation and diagnosis of plant diseases. Segmentation is
the process of isolating the objects that make up an image, that is, the
partitioning of the image into disjointed regions, in such a way that
each region is homogeneous with respect to certain properties, such as
levels of gray, contrast, texture, etc. [7, 8].

One of the main diseases due to its high incidence and severity is late
blight. Late blight is caused by the Oomycete Phytophthora Infestans
(Mont.) de Bary and is considered one of the most devastating diseases
due to the destruction caused to tomato and potato crops, since in
humid environments it can lead to the complete loss of the crop in a few
days [9, 10]. Several works have been developed with different
approaches that allow the detection of late blight in tomato plants from
leaf images. The first task of each of these works is to segment lesions
on the leaves to later classify them. Singh et al. [11] propose a
methodology based on deep learning for the phenotyping of plant
stress, for the part of segmentation of lesions on the leaves of the plants,
they make use of characteristics map and in this way they highlight the
area of the diseased leaf. Sabrol et al [12] use Otsu's method for the
segmentation module from which they extract a total of 24

characteristics such as colour, shape and texture among others to feed
their classification tree. Vianna et al [13] estimate the degree of late
blight infestation in tomato leaves, and for the segmentation of leaf
lesions, they use the color tone of the individual pixels of each of the
leaves by means of the RGB model, to which they add the values of the
HSL model to each pixel in order to later perform the recognition task.
Arakeri et al. [14] analyze the late blight disease in tomato leaves, the
segmentation of the leaves and the lesions are carried out by
thresholding, from which they then feed the k-means classifier.
Sharma et al. [15] manually segment lesions in plants to feed their
convolutional neural network classifier. Singh et al. [16] propose a
methodology that allows early detection of plant diseases, for the
segmentation stage they use the Labellmg tool [17], a tool that allows
the manual creation of delimiting tables around the leaves.

This paper proposes a methodology to segment late blight lesions by
analyzing tomato images. For this purpose, color analysis in the HSV
color model is proposed. The document is organized in the following
way: section 1 shows the introduction, section 2 presents the tools
necessary for the development of the work, section 3 shows the
proposed methodology, section 4 presents the experiments and results,
and section 5 shows the conclusions.

II. MATERIALSAND METHODS
Digital Imaging
A digital image is composed of image elements called pixels. Usually,
the pixels are arranged in an ordered rectangular matrix. The size of an
image is determined by the dimensions of this pixel array. The width of
the image is the number of columns /¥ and the height of the image is the
number of rows H of the matrix. Therefore, the pixel matrix is a matrix
of'size X W . To refer to a specific pixel within the matrix of an image,
we will do so by means of its coordinate(x,y). In addition, each pixel
position (x,) has an associated intensity of color that we will denote as
I(x,y). Figure 1 shows the concept of a digital image.

y

o,W)

7(0.0) [ 7(0.1) | 7(0.2) | J(0.3) 700.W)
[L0) | L) | J0.2) | J(.3) JLALs)

: [0 7@ | J2.2) | [(2.3) JIEAL)
g <u> G0 [[GD /6.5 6.3 ] JIEALY)
[@.0) | J@1) | [(@.2) | [(33) | JIEALD)
I\'.U 1('-.1) 1('- .’7.1\‘7(“ 13,”1

I JCHO) [ JUHA) [ J(H.2) | J(H.3) | [H W)

(H,W)

Fig.1: Digitalimage
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Color models

The handling of color pixels is of utmost importance in image
processing, due to the characteristics it allows to stand out in the image,
such as brightness, chromaticity, intensity of a certain color, etc. There
are different color models, one of the most common is the RGB (Red-
Green-Blue) model. The RGB model is based on the Cartesian
coordinate system and is a tetrahedron-shaped color space, where the
values of each RGB component are found in three vertices: cyan,
magenta and yellow, with black being the color that corresponds to the
origin and white the most alleged of these. On the other hand, the HSV
(Hue-Saturation-Value) model uses a prism to locate the position of
each of the components that make up the image. The H component is
the circular region with values between 0"o y 360”0, the S component
is located on the horizontal axis of the cone and the V component on the
vertical axis. See figure 2.

z

Fig.2: Colour model,in a) RGB, and in b) HSV.

Image Histogram

The histogram of a digital image with gray levels in the range [0, 255]
is a discrete function Histo[k] which represents the number of colors
for each level of gray (k=0,...,255). The graphical representation of
this function for all k provides an overall description of the image's
appearance [18]. Although the histogram does not indicate anything
specific about the image content, it provides us with very useful
information about the possibility of highlighting interesting features of
the image.

Otsu's method

Otsu's method consists of splitting an image into grey levels with N pixels and L
possible different levels. The probability of occurrence of the grey level i in the

picture is given by p; :% with fi the frequency of repetition of the i-th (/
=1,2,...,L) grey level. Consider w; = ¥!_; p; and w, = ¥k ,,, p; Wwhere
1,2,...tand t+1,t+2,...,L, are the grey levels corresponding to the classes C;and
C, (binaryization), then the probability distributions of the classes C;and C,are

: P1 P2 Pt Pt+1 DPt+2 PL .
given by D ® " o ® 9 ® 50 " 2 ® respectively. The averages

for each class respectively are defined as pu; =
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with a variance between classes of a threshold image is given by

and p, =
Lo P
i=t41 5o
02 = w (i1 — ur)? + w, (4 — ur)? The optimal threshold that maximizes
variance is t* = Max,{o%(t)}

Related Components

A related component essentially consists of grouping pixels from the same region
by assigning them the same label. To clarify the definition of a related
component, let us consider 8-connectivity. It is said that a pixel p is connected
by the 8-pixel g connectivity If p is one of its eight neighbors adjacent to q
(Figure 3). A one-pixel p path to a pixel q is a sequence of pixels 7,7y, ..., T
such that 7y = p, 1, = q and the pixel 7; is connected by the 8-pixel connectivity
141 for each 0 < i < k. A region S of an image is a related component if for
each pair of pixels p, q at S. There is a way from p to g where every pixel that
defines the path is also in S.

plp]|ep
plalp
plp|p

Fig. 3: 8-connectivity.
3.Proposed Model

This section presents the proposed methodology that allows the
segmentation of late blight lesions in red tomato leaves by means of
digital images. Let us consider a color image as shown in figure 1. First,
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the RGB color model was considered, and the average over the color
intensity of each of the R, G and B planes was used, obtaining (x,y) =

(R(x,y) + G(x,y) + B(x,¥))/3 for each pixel coordinate to
for each pixel coordinate to obtain the grayscale image. Figure 4 b)
result of obtaining a grayscale image, and on it, the negative operator was applied
Neg(x,y) = 255 — I(x,y). A media filter with a mask of 3 X 3. Figure 4 shows
the result of converting a color image to grayscale, then the negative of the image
and finally the result of applying the media filter.

Fig. 4: Image in a) color, b) grayscale, c¢) negative of the image and
d) with media filter

Once an image like the one shown in Figure 4-d) was obtained, the
Otsu method was used to obtain the optimal binarization threshold, the
threshold at which the image was binarized. Figure 5 shows the result
ofapplying the Otsu method.

.y

Fig. 5: Binarization by Otsu

Once the Otsu method was applied, the segmentation of the sheet was
carried out in the following way: the connected components were
found by means of the 8-connectivity (figure 6-a), and the connected
component of greater area was eliminated, in this case, the component
of greater area is represented by means of the color yellow, to eliminate
the noise, those connected components are eliminated that are not
delimited by means of an area of black pixels, the result is an image like
the one shown in figure 6-c). Figure 6-d) shows the result of the color
sheet segmentation.

AAR

Fig. 6: Segmentation of the tomato leaf

Figure 7-a) shows the result after applying the Otsu method to another
image of tomato leaf. In this case, it can be seen that there is a related
component marked in orange that is present after the larger area related
component has been removed as shown in Figure 7-b) and 7-c).
However, since this related component is not delimited by an area of
black pixels, it is removed as with the noise in figure 6-b), leaving
finally the image of the segmented sheet as shown in figure 7-d).
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Fig.7: Segmentation of the tomato leaf

Once the image is segmented, the color model is changed from RGB to
HSV. The HSV model is designed to align more closely with the way
human vision perceives color creation attributes. HSV ranges from 0'-
360°. A tone of 0" is red, from 120’ is green, from 240”0 is blue, etc. as
shown in Figure 8.

Fig. 8: Colour spectrum HSV.
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The HSV model was used to segment late blight-type leaf lesions. The
color analysis of the pixels in the tomato leaf varies according to the
disease, and in the case of late blight the table shown in Figure 9 shows
the color thresholds at which a plant is damaged by this disease and the
thresholds at which it is healthy, the values shown in the table were
validated by experts in the area of Phytopathology.
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Fig.9: Validated green and yellow colour range.

Using threshold segmentation on the Hue component of the HSV color
model, and making use of the thresholds for which the tomato leaf is
diseased shown in the table in Figure 9, late blight lesions were
segmented on the segmented leaves. Figure 10 shows the final result of
the late blight segmentation of the image in figure 1, to which each step
ofthe methodology was applied.

a) b}

Fig. 10: Segmentation of late blight in tomato leaves.

4.Experiments and Results

In this work we used the PlantVillage image bank [19]. PlantVillage is
an open access repository of more than 70,000 images of different
diseases in different types of plants, of which, it is made up of 1000
images showing late blight disease in tomato leaves. For the most part,
the images were captured by several cell phone cameras in a controlled
environment with a resolution of 0.1 megapixels [20] The
methodology described in section 3 was applied to each of the images.
Given a color image from the PlantVillage repository, the RGB model
was first used, and by averaging the three channels R, G and B, it was
converted to grayscale. 3x3. The image was binary and the associated
negative components of the Otsu-threshold image were calculated.
The largest associated component and those associated components
that were not bounded by an area of black pixels obtained by Otsu
binary were removed. In this way, the segmented leaf area was
obtained. Once the colored leaf was segmented, the HSV color model
was considered, and on the HSV model it was segmented by
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thresholding on the H component, considering the values of the table
shown in figure 9. Figure 11 shows the result of applying the
methodology to four plants in the PlantVillage repository.
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Fig. 11: Segmentation of late blight to different tomato images

I11. CONCLUSIONS

In this work, a methodology was presented that allows the
segmentation of late blight disease present in tomato leaves. Late
blight is one of the main leaf diseases in crops because of its high
incidence and severity with which it attacks the plants. In this work we
used the PlantVillage image bank of free access, which contains 1000
images of tomato leaves affected by late blight. The proposed
methodology was applied to each of the images, which consisted of
first obtaining the grayscale image from the color image, for which it
was converted to grayscale by averaging the three RGB channels.
3x3The image was then converted to the HSV model, where it was
segmented by thresholding from the color analysis of pixels in which
late blight is present as shown in the table in Figure 9, values that were
validated by experts in the area of Phytopathology. Table 11 shows the
result of applying the methodology to 4 images from the PlantVillage
image bank. It can be seen that the methodology manages to segment
the damaged area.
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