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Abstract

The detection of plant leaf is an very important factor to prevent serious outbreak. Automatic detection of plant disease is
essential research topic. Most plant diseases are caused by fungi, bacteria, and viruses. Fungi are identified primarily from
their morphology, with emphasis placed on their reproductive structures. Bacteria are considered more primitive than fungi
and generally have simpler life cycles. With few exceptions, bacteria exist as single cells and increase in numbers by
dividing into two cells during a process called binary fission. Viruses are extremely tiny particles consisting of protein and
genetic material with no associated protein. The term disease is usually used only for the destruction of live plants. The
developed processing scheme consists of four main steps, first a color transformation structure for the input RGB image is
created, this RGB is converted to HSI because RGB is for color generation and his for color descriptor. Then green pixels
are masked and removed using specific threshold value, then the image is segmented and the useful segments are extracted,
finally the texture statistics is computed. from SGDM matrices. Finally the presence of diseases on the plant leaf is
evaluated.
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I INTRODUCTION

Plant diseases are infections that are caused by fungi, bacteria and viruses. Fungi are unable to produce nutrients
on their own and in order to survive must derive their food from other organisms. Fungi attack all parts of a
plant and under hospitable conditions, fungi can damage plant translocation tissues; killing a plant in a relatively
short period of time. Some of the most common fungal diseases include damping off, leaf spot, anthracnose and
rust. Plant diseases caused by bacteria are not as prevalent as those caused by fungi. Damage caused by bacterial
infection results primarily in rotting of the plant tissue Viruses in plants are transmitted most often by sucking
insects such as aphids and whitefiles. Viral diseases typically cause less damage than those vectored by fungi
and bacteria. Infected plants typically become partially damaged and weakened, however they seldom die.The
naked eye observation of experts is the main approach adopted in practice for detection and identification of
plant diseases. But, this requires continuous monitoring of experts which might be prohibitively expensive in
large farms. Further, in some developing countries, farmers may have to go long distances to contact experts,
this makes consulting experts too expensive and time consuming [2] and moreover farmers are unaware of non-
native diseases. Automatic detection of plant diseases in an important research topic as it may prove benefits in
monitoring large fields of crops, and thus automatically detect the diseases from the symptoms that appear on
the plant leaves. This enables machine vision that is to provide image based automatic inspection, process
control and robot guidance. Comparatively, visual identification is labor intensive, less accurate By SGDM The
texture features are calculated and the classification is done using squared distance technique. Grape fruit peel
maybe infected by several diseases [3]. Real time specific weed discrimination technique using multilevel
wavelet decomposition was proposed by Siddigil et.al. In this histogram equalization is used for preprocessing,
features are extracted from wavelet decomposition and finally classified by Euclidean distance method [4].
Automatic classification of leaf diseases is done based on high resolution multispectral and stereo images
[5].Sugar beet leaves are used in this approach. Segmentation is the process that is carried out to extract the
diseased region and the plant diseases are graded by calculating the quotient of disease spot and leaf areas. An
optimal threshold value for segmentation can be obtained using weighted Parzen-window [6].

Il THE PROPOSED APPROACH
Figure 1 the basic procedure of the proposed vision-based detection algorithm in this paper. First, the images of
various leaves are going to acquire using a digital camera. Then image-processing techniques are applied to the
acquired images to extract useful features that are necessary for further analysis.
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Figure 1: The basic procedure of the proposed approach

The step-by-step procedure of the proposed system:

1. RGB image acquisition

. Convert the input image from RGB to HSV format.

. Masking the green-pixels

. Removal of masked green pixels

. Segment the components

. Obtain the useful segments

. Computing the features using color-co-occurrence methodology
. Evaluation of texture statistics

CONO OB WN

Color Transformation Structure: Firstly, different categories of RGB images of leaves are acquired. Then
RGB images are converted into Hue Saturation Value (HSV) color space representation. RGB is an ideal for
color generation. But HSV model is an ideal tool for color perception [7].HSV decouples the brightness from
chrominance. Hue is a color attribute that describes pure color as perceived by an observer. i.e. Hue is nothing
but dominant wavelength of color from mixed light. Saturation refers to the relative purity or the amount of
white light added to hue and Value means amplitude of light.. After the transformation process, the Hue
component is taken for further analysis. Saturation and Value are dropped since it does not give extra
information. Figure 2 shows the H, S and V componenti.

Wi
(d)
Figure 2: a) Input image infected by Fungus b) Hue Component ¢) Saturation Component d) Value

Component
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Masking and Removing green pixels: Masking means setting the pixel value in an image to zero or some other
background value. In this step, we identify the mostly green colored pixels. After that, based on specified
threshold value that is computed for these pixels. The green components of the pixel intensities are set to zero if
it is less than the pre-computed threshold value. Then red, green and blue components of the pixel are assigned
to a value of zero by mapping of RGB components. [3] The green colored pixels mostly represent the healthy
areas of the leaf and they do not add any valuable weight to disease identification.

Segmentation: From the above steps, the infected portion of the leaf is extracted. The leaf region is then
segmented into a number of patches of equal size. The patches are overlapping patches. In this approach patch
size of 32X32 is taken [1].

Obtaining Useful Segments: In this step the useful segments are obtained. The size of the patch is chosen in
such a way that the significant information is not lost. Not all segments contain significant amount of
information. So the patches which are having less than fifty percent of the information are set to zero value and
the patches which are having more than fifty percent of the information are taken into account for the further
analysis[1].finally segmented image is formed.

Color co-occurrence Method: In statistical texture analysis, texture features are computed from the statistical
distribution of observed combinations of intensities at specified positions relative to each other in the image.
Spatial Gray-level Dependence Matrices (SGDM) method is a way of extracting statistical texture features. A
GLCM is a matrix where the number of rows and columns is equal to the number of gray levels, G, in the
image. The matrix element P(i.j | Az, Ay)is the relative frequency with which two pixels, separated by a
pixel distance (Az, Ay)occur within a given neighborhood, one with intensity i and the other with intensity j.
The SGDM’s are represented by the function P(3:7:4,8) where I represent the gray level of the location, and j
represents the gray level of the pixel at a distance d from location at an orientation angle
& of. SGDM’s are generated for Hue image.

Texture Features: Properties of Spatial Gray-level Dependence Matrices (SGDM) like Contrast, Energy, Local
homogeneity, correlation ,cluster shed, cluster prominence are computed for the Hue content of the image as
given in following Egns..

Contrast : Returns a measure of the intensity contrast between a pixel and its neighbor over the whole image.
Range = [0 (size(SGDM,1)-1)"2] Contrast is 0 for a constant image.

N-1
Contrast = Z GpECan
=e (1)
Energy= Returns the sum of squared elements in the SGDM Range = [0 1]Energy is 1 for a constant image.
N-1
Energy = Z C. 2
i=e @

Homogeneity= Returns a value that measures the closeness of the distribution of elements in the SGDM to the
SGDM diagonal. Range = [0 1] Homogeneity is 1 for a diagonal SGDM.

Homogeneity = E,N]':jﬁl:{t,jj,."{l + G -2 3)

Correlation= Returns a measure of how correlated a pixel is to its neighbor over the whole imageRange = [-1 1]
Correlation is 1 or -1 for a perfectly positively or negatively correlated image

GGt 2 % PG — {.ux - !Jy}

Correlation = Z Z
Gy X Gy

i=0 j=0 (4)

Cluster Shade= In the cluster shade equations, it is possible to reduce the number of operations by expressing
this texture feature in terms of the image pixel values contained in a given M xN neighborhood containing G
gray levels from 0 to G—1, where f(m, n)is the intensity at sample m, line n of the neighborhood. Cluster
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3
Cluster Shade = XM X5 {i—i— i—w — Mj} X P(Ljlax,Ay) ()

Cluster Prominence:= Cluster Prominence is the easiest to relate to Cluster Shade.

4
Cluster Prominence = X' B {i +i—n — pj} X P(i,j|d) (5)
I11. Results:
Image 1: sugarcane
(@) Input Image (b) Hue Image (c) Masked Image
3‘/\[ u‘:i‘ : i ( ’nl?;w “ ‘
‘ " L
\ 5 8
| : ] .
i b Jor v U K
v A \ h 3 }J ‘ K . V ’.' '
R E S Y 4 ) L.&-.,‘._._L._i’ M
(d) Removing Of Masking (e) Hue Image (f) Segmented Image

Image 2: sugarcane

(@) Input Image (b) Hue Image (c) Masked Image
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Image 3:Beans

IJETCAS 12-339; © 2013, IJETCAS All Rights Reserved Page 116



Kumbhar et al., International Journal of Emerging Technologies in Computational and Applied Sciences, 3(2), Dec.12-Feb.13, pp. 113-118

(a) Input Image (b) Hue Image (c) Masked Image

"‘: R. Mulrooney

(e) Hue Image (f) Segmented Image

Image 4:Banana

(a) Input Image (b) Hue Image (c) Masked Image

(e) Hue Image (f) Segmented Image

After segmenting of hue image, the co-occurrence features are calculated. The co-occurrence features such as
contrast, energy, local homogeneity, cluster shade and cluster prominence are derived from the Co-occurrence
matrix using the equations from 1-5.

Table 1:Co-occurrence feature for Leaf

Leaf Contrast Energy Homogeneity Cluster shade Cluster
prominence
Sugarcane 0.1209 0.5115 0.9675 -0.5142 1.1055
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Sugarcane 0.0368 0.5418 0.9951 -0.5383 1.1583
Beans 0.0801 0.6830 0.9723 0.6121 1.0686
Banana 0.0725 0.5654 0.9804 0.6689 1.2014

These co-occurrence features when compared to the normal leaf then significant differences occur. Furthermore,
the disease categories can also be easily categorized.

IV. Conclusion

In this paper application of texture statistics for detecting the plant leaf disease has been explained Firstly by

color transformation structure RGB is converted into HSV space because HSV is a good color descriptor.

Masking and removing of green pixels with pre-computed threshold level. Then in the next step segmentation is

performed using 32X32 patch size and obtained useful segments. These segments are used for texture analysis

by color co-occurance matrix. Finally if texture parameters are compared to texture parameters of normal leaf.

The extension of this work will focus on developing algorithms and NN’s in order to increase the recognition

rate of classification process.
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