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Abstract 

Plant disease classification is essential for 
food productivity and disease diagnosis in 
agricultural domain. The probability distribution and 
statistical properties are essential in image 
processing to define the features of typical image. 
The general usage of (Scale Invariant Feature 
Transform) SIFT has local feature extraction and 
global feature extraction (bag-Of-Features 
approach) for classification, and its classification 
result for unknown data also depends on code book 
(global feature) generation. Instead of using bag-Of-
Feature approach, we proposed to apply Beta 
probability distribution model for SIFT to be directly 
represent the image information and then formed 
SIFT-Beta. The color statistics feature is extracted 
from RGB color space and then combines with SIFT-
Beta to produce proposed features. The proposed 
feature is applied in Support Vector Machine 
classifier. The classifier is trained for seven labels of 
tomato with six diseases and healthy.  
 
1. Introduction 

The disease of Fruits and vegetable crop 
disease is an important issue for the damage of fruit 
and vegetable crops. Fruits and vegetables are 
classified from both a botanical and culinary 
standpoint. Fruit and vegetable growing are the 
important and paying branches of horticulture. Well 
maintained and growing offer many economic 
advantages for agriculture development. In 
agriculture domain, computer vision and digital 
image processing are successfully applied to develop 
the farmer life. A good probability distribution model 
can be applied to represent the image information 
effectively in digital image processing. 

 There are many development and advance 
research for plant disease classification based on 
digital image processing. 

  The digital image processing with 
deep learning and population of smart phone are 
combined to support food production. A deep 

convolutional neural network was proposed for 
PlantVillage dataset to classify 26 diseases with 14 
crop species.	  Their classification accuracy reached 
99.35% withheld-out test set. In PlantVillage dataset, 
all of the images are leaves image with diseases and 
healthy for 14 crop species. All of the images are 
taken by smartphones with different resolution and 
different image sizes. PlantVillage images are 
available in their public web site to support 
researchers in image processing and machine 
learning. [2]. 

 H and I3a and I3b color space are introduced 
for preprocessing step of plant disease classification. 
The color conversation from RGB to proposed color 
space is performed at the preprocessing step for 
image enhancement. And feature extraction is 
performed for banana, maize, alfalfa, plantain, cotton 
and soya leaf disease classification. The banana leave 
images in the dataset are obtained from the 
Universities and research institutes from USA. Image 
labeling is provided by International Network for the 
Improvement of Banana and Plantain crops. [1]. 

A set of statistical features was introduced to 
overcome the challenges of agriculture. They applied 
proposed feature for beet leaves cellphone images 
with six diseases called Uromyces betae, Ramularia 
beticola, Cercospora beticola, the bacterium 
Pseudomonas and Phoma betae caused by fungi. 
They used two datasets called FULL and STUDY 
that are consist of cell phone camera images of a beet 
leaf suffering from above these six diseases. STUDY 
dataset consists of 495 leave images with six labels of 
beet diseases. FULL dataset consists of 2957 leave 
images for six types of beet diseases. All of images 
from both datasets are taken by the cellphone camera 
with different resolution and disease region exits at 
the center of the images and no background and noise 
data. The images only contain whole leaf region full 
with camera. The labeling of all images are decisions 
of the German Federal Office for Agriculture and 
Food. [5]. 

Radial Basis Function Neural Network 
(BRBFNN) was proposed to identify a plant disease 
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on a leaf. Bacterial aging optimization is used to 
assign optimal weight of the network for plant 
disease on leaf classification. The dataset consist of 
plant disease on leave images for six different types 
of fungal diseases: late blight, leaf spot, early blight, 
common rust, leaf curl, and cedar apple rust. For a 
validation, they had two set of dataset, one for 
segmentation experiment and other for plant disease 
classification. The first one has 6 images from planet 
natural with six types of fungal diseases and the 
second has 270 images from PlantVillage dataset for 
six types of diseases. [7]. 

The different models of convolutional neural 
network were proposed to use for plant disease 
classification and identification. An open database of 
over 80000 images, with 25 crops for 58 class labels 
for (plant, disease) was used for experimental 
performance. All of the images in database are 
mobile camera images of plant leaf belonging with 
healthy and disease regions. And images have Field 
conditions and Laboratory conditions for training and 
classification. [8]. 

The different types of image processing 
techniques were proposed to solve the problems in 
defining fungal disease symptoms affection on plant 
leave for fruit and vegetable of plants. A framework 
for different type of fruit and vegetable is proposed to 
develop the quality and quantity of food production 
by reducing diseases on plant. They proposed to use 
different type of features and classifiers according to 
the type of crops. The dataset consists of fungal 
diseases images of fruit, vegetables, commercial and 
cereal crops. All of the images are collected from 
University of Horticultural Sciences (UHS) and 
University of Agricultural Sciences (UAS). [6]. 

 The properties of SIFT features rotation 
invariant, scaling invariant and illumination invariant. 
In calculation, the matrix structure of SIFT feature is 
too difficult to handle and has multiple steps for 
global feature representation.  This paper focus on 
probability distribution to be directly address the 
SIFT feature of an image. The main contribution is to 
model SIFT feature using Beta distributions to form 
SIFT-Beta is. Hence, the proposed feature consists of 
color statistics feature and SIFT-Beta feature for 
classifying seven labels in tomato disease 
classification. The proposed feature supports to 
classify the seven labels of tomato (six diseases and 
healthy) from PlantVillage. The organization of the 
paper has 4 main sections: proposed methodology is 

shown in in Section Two. In Section 3 and Section 4, 
the experimental results and conclusion are 
presented. 

 
2. Proposed Methodology 

Our plant disease classification system has 
three main parts 

1. Image preprocessing, 
2. Proposed feature extraction 
3. Training and disease name labeling.  

The proposed feature is applied in SVM 
classifier to classify seven labels with six diseases 
and healthy of tomato leaves shown in Figure 1(a) to 
(g).  

2.1. Image Preprocessing 

The input image is tomato leaf disease of RGB 
color image in jpeg format. The preprocessing stage 
has four steps: green region detection, disease region 
detection, whole leaf region detection and region 
filling. 
a) Green region detection. To extract green region 

from input image, separate the RGB color channel 
of the image into red channel, green channel and 
blue channel. By using all three channels of images 
and conditions, red and blue value must less than 
green value. The output of this stage is presented in 
figure 2 (b). 

b) Disease region detection. To extract disease 
region from input image, separate the RGB color 
channel of the image into red channel, green 
channel and blue channel. By using all three 
channels of images and conditions, the blue and 
green channel value must be less than the red 
value. The output of this stage is presented in 
figure 2 (c). 

c) Whole leaf region detection. To extract whole 
leaf area, bit OR operation is performed on the 
green region and disease region of whole leaf 
image. The output of this stage is presented in 
figure 2 (d). 

d) Region filling. The median filtering and region 
filling are used to remove salt and pepper noise and 
to fill holes in an image. An output is presented in 
figure 2 (e). 
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Figure 1.  Tomato Leave Images (a) Leaf Mold, (b) Two Spotted Spider Mite, (c) 
Septoria Leaf Spot, (d) Bacterial Spot, (e) Late Blight (f) Target Spot and (g) healthy 

 

2.2. Proposed Features Extraction 

The preprocessing is performed on input leave 
images to remove unwanted background information 
and then extract SIFT feature on preprocessed 
images. Beta probability distribution is used to model 
the extracted SIFT feature to form SIFT-Beta. The 
color statistics is also extracted from preprocessed 
image. And then texture feature called SIFT-Beta is 
combined with color feature called color	 statistic to 
form proposed feature. The proposed feature 
considers the significant of texture and color to 
classify tomato disease name. The scheme of 
proposed feature extraction is presented in Figure 3. 

 

Figure 3.Scheme of proposed feature extraction. 

2.2.1. SIFT Texture Feature 

The Scale Invariant Feature Transform (SIFT), 
feature is specially applied in image retrieval and 
image matching. This algorithm has main two parts: 
keypoint detection and feature descriptor building. 
The keypoint detection produces location information 
of keypoint by using scale space Difference-Of-
Gaussian (DOG). And descriptor building produces 
the feature vector value for keypoints using keypoints 
location and Gaussian window. The SIFT algorithm 
produces descriptor and location data for interest 
points of an image. 

2.2.2. Beta Probability Distribution Model 

In Beta Probability Distribution model, 
maximum likelihood estimation algorithm is used to 
estimate parameters of the Beta probability 
distribution of SIFT feature. The Beta distribution has 
the relation with normal distribution. The Beta 
probability distribution function is: 
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where k and s are the lower and upper bounds, 
respectively, k ≤ x ≤ s , a and b are the shape 
parameters greater than 0, and B(a, b) is the beta 
function. The general formula of Beta is: 
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Figure 2.  Visual representation for image 
preprocessing (a) Input Tomato Leaf, (b) healthy 

region extracted image, (c) diseased region 
extracted image, (d)  Performed bit OR operation 
on the green region and disease region , (e) Region 

filled image, (f) Background removed image 
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     B	 x, y = 	 s()*(1 − s)/)*	ds*
1   (2) 

Using the distribution of the maximum order 
statistics, maximum likelihood estimation (MLE) 
algorithm produces the parameters of the Beta 
distribution of SIFT features. If the set {x1, x2… xn} 
(SIFT feature) are independent and identically 
distributed from a Beta distribution, then the log-
likelihood function for a sample of n observations 
{x1, x2… xn} is 

ln[L 𝜃 𝑥 = −𝑛 ln 𝜎 + [ *
;
− 1 ln 𝑦

𝑖
− (𝑦𝑖)* ;]?

@A*   (3) 

where q = (k, σ, µ) and yi= [1-(k/ σ) (x)]. The MLE 
of k and σ can be identified by solving the equation 
(4). 
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 The flow of SIFT-Beta feature extraction on RGB 
and gray scale color spaces is presented in Figure 4. 
 

 
Figure 4. Scheme of SIFT-Bata feature extraction. 

2.2.3. Color Statistics Feature 
 

The color statistics is extracted from 
preprocessed image that represents in numerical 
vector form. Color statistics feature is calculated 
from mean, standard deviation and moments degrees. 
The color statistics feature is calculated on RGB 
color space of the preprocessed image. The moment 
of degree ‘n’ is: 
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where meanch, s are mean and standard deviation of 
ch, and p(ch) the marginal histogram of ch , which h 
been estimated through a 256-bin histogram, N is the 
number of elements in spectral dimension h and ch is 

the value of element in index j which is calculated 
according to the structure of bins. It is also calculated 
the moment order up to five since higher orders are 
not effectively changed the classification accuracy. 
[9]. 
 
2.2.4. Support Vector Machine Classifier 
 

Different types SVM classifiers according to 
kernel functions are linear SVM classifier, quadratic 
SVM classifier, cubic SVM classifier and fine 
Gaussian SVM classifier. The quadratic SVM 
classifier is used to classify seven labels of tomato 
diseases. Multiclass Support Vector Machine 
classifier was used to directly solve the multi-class 
problem in a single	 optimization process. The two 
main parameters of SVM classifier that can affect the 
construction of classifier are Box constraint level and 
Kernel scale. Box constraint level associated with 
margin-violating observations and supports to avoid 
over fitting. Kernel scale parameter associated with 
how spreads out our data point are. 

 
2.2.5. 10-Fold Cross Validation 

 
 10-fold cross classification task was executed to 
assess the benefits of proposed feature in tomato 
plant disease classification. The validations are 
performed ten times in 10-Fold-cross validation. In 
every validation times, the database is divided into 
ten subgroups in which nine subgroups for training 
and one subgroup for testing. The classification 
accuracy is calculated in every validation times. 
Finally prediction speed, training time and average 
classification accuracy are calculated over these ten 
validation times. 
 
3. Experimental Results 
 

We perform state of feature comparison over 10-
fold cross validation with PlantVillage Dataset and 
GOF test for SIFT feature and its distribution models. 
 
3.1. K-Fold Cross Validation 
 

 In k-fold cross validation, the dataset is 
divided into k subsets, and the validation is repeated 
10 times. Each validation time, one subset is used as 
the test set and the other k-1 subsets are put together 
to form a training set. Then the average classification 
accuracy, training time and prediction speed across 
all k Ts are computed. The true positive rate, false 
positive rate, are also calculate over this k-fold cross 
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validation to evaluate the classifier performance. In 
this research, the different values of k are used to 
evaluate the classifier performance. The different 
values of k are 2, 5 and 10.Since k-fold cross 
validation is bias free validation method; our 
evaluation for plant disease classification excludes 
theoretically derived values. The illustration of 10-
fold cross validation for classifier performance 
evaluation is shown in Figure 5. 
 
Test Train Train Train Train Train Train Train Train Train 

Train Test Train Train Train Train Train Train Train Train 

Train Train Test Train Train Train Train Train Train Train 

Train Train Train Test Train Train Train Train Train Train 

Train Train Train Train Test Train Train Train Train Train 

Train Train Train Train Train Test Train Train Train Train 

Train Train Train Train Train Train Test Train Train Train 

Train Train Train Train Train Train Train Test Train Train 

Train Train Train Train Train Train Train Train Test Train 

Train Train Train Train Train Train Train Train Train Test 

 

Figure 5. 10-Fold cross validation.  

3.1. PlantVillage Dataset 
	

TABLE I.TOMATO PLANT DISEASE IMAGES FROM 

PLANTVILLAGE DATASET 

Tomato Disease Name Number 
Healthy 625 

Septoria Leaf Spot 552 
  

Leaf Mold 310 
Late Blight 469 
Target Spot 485 

Bacterial Spot 660 
Two Spotted Spider Mite 373 

Total Images 3474 
 

 PlantVillage is an open database of more 
than 7,000 images for health and crop diseases. In 
this database, several cell phone cameras are used to 
capture the plant disease images. It is originating and 
developing in order to develop the machine learning 
algorithms and digital image processing to classify 
crop diseases on a smartphone [2]. Tomato plant 
disease images are manually downloaded from 
PlantVillage site. The number of images of the seven 
labels is shown in Table 1. 

TABLE II. CLASSIFICATION ACCURACY 

ACCORDING TO DIFFERENT TYPE OF CLASSIFIER 

Classifier Average Classification Accuracy 
LDA 74.3 
KNN 62.5 
SVM 77.1 

 
In Table 2, SVM classifier has the 77.1% of 

average classification accuracy while LDA and KNN 

have 74.3% and 62.5% respectively. The SVM 
classifier is selected to use in this plant disease 
classification according to the classifier analysis 
results as shown in Table 2.  

The important of SVM classifier is kernel 
function. To select kernel function for SVM 
classifier, we also measure average classification 
accuracy of SVM classifier according to different 
type of kernel function in the structure of 10-fold 
cross validation on tomato dataset with proposed 
feature. 

 
TABLE III. Classificaiton accuracy according to 
different kernel funciotns of svm 
SVM (Kernel function) Average Classification Accuracy 
Linear SVM 82.2 
Quadratic SVM 86.7 
Cubic SVM 84.9 
Fine Gaussian 32.5 
Medium Gaussian 82.4 
Coarse Gaussian 83.7 

 
In this plant disease classification system, the 

quadratic SVM classifier is used according to the 
average classification accuracy results in Table 3. 

 
3.2. State of Art Comparison 

The state of art comparison is performed with 
the following color texture feature vectors: 

Average color differences [11]: one of color 
texture feature using average color difference to 
estimate the color difference between pixels. It is 
calculated on Lab color channel and has rotation 
invariance. The length of feature vector is 50. 

Normalize color space representation [10]: 
one of color texture feature using preliminary 
dimensionality reduction of color space. The original 
RGB image was converted into a complex number 
matrix after discarding color channel by using 
rang/avg	parameter. The texture feature is calculated 
by the normalized energy distribution and Gabor 
filter bank. It has rotation invariant property with 
vector length 32. 

Proposed Feature: one of color texture 
feature using the combination of SIFT-Beta and color 
statistics with feature vector length 23.  

In our experiment the comparison of state of 
art feature vectors are performed with following 
setting: 

• the quadratic SVM classifier  
• the box constraint level is one and 
• the kernel scale is auto 
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In this state of art comparison, the proposed 
feature has highest classification accuracy over 
different kind of color texture features. The state of 
art comparison results is presented in Table 4. In 
Table 4, VL is the vector length, CP is the color 
space, CA is the average classification measured in 
percentages (%), TT is the training time measured in 
seconds (secs) and PS is the prediction speed 
measured in (obs/sec) over accuracy over 10-fold 
cross validation. 

TABLE IV. STATE OF ART COMPARISON WITH 3474 

TOMATO DISEASE IMAGES OVER 10-FOLD CROSS 

VALIDATION AND QUADRATIC SVM CLASSIFIER 

 
3.3. Goodness of Fitting Tests 

We measure goodness of fitting test to prove 
that how Beta probability distribution fit with SIFT 
texture feature. Kolmogorov-Smirnov GOF test was 
used to find out the fit probability distribution for 
SIFT texture feature. The value of D depends on the 
maximum vertical difference between the theoretical 
and the empirical cumulative distribution function, 
the Kolmogorov-Smirnov statistic (D) is:  

D = n F xI −
I)*
J

, *
J
− F xI 	≥ i ≥ max  (6) 

Assume that we have a random sample x1... 
xN from some distribution with Fn(x) cumulative 
distribution function. The ECDF is: 

Fn(x) = (1/N). [Observations No: ≤ x]             
(7) 

 
The GOF values of Beta, Johnson SB, 

Generalized Extreme Value and Generalized Pareto 
are calculated because their empirical histogram 
shapes are similar to the SIFT texture descriptor 
histogram shape. Kolmogorov-Smirnov test statistics 
(D) value is between 0 and 1. The best GOF value is 
near to zero and under 0.5 (0.5 ≥ GOF ≥ 0). We 
choose the Beta probability distribution and 
Generalized Pareto because these have minimum 
value of (D) value at rank position one and three. The 

calculation of the GOF values for SIFT descriptors of 
preprocessed image is shown in Table 5. 

TABLE V.KOLMOGOROV-SMIRNOV STATISTIC (D)FOR SIFT 

DESCRIPTORS OF TOMATO IMAGE AND 4 DIFFERENT 
PROBABILITY DISTRIBUTIONS   
No. Distribution D 
1. Beta 0.149 
2. Johnson SB  0.159 
3. Generalized Extreme Value 0.172 
4. Generalize Pareto 0.181 

 
4. Conclusion 

The tomato plant leaf image captured by 
mobile phone’s camera is the input and plant disease 
is the output in our tomato plant disease classification 
system. We proposed a set of statistical feature based 
on color and texture feature. In our proposed 
methodology, we consider whole leaf region to get 
the exact image information for feature extraction. 
The proposed reached 86.7% of classification 
accuracy features with quadratic SVM classifier. We 
also showed that SIFT feature fit with Beta 
distribution by calculating Goodness of fitting (GOF) 
result. Our proposed feature takes more advantages 
for computational cost by calculating training time 
and prediction speed. We compared the proposed 
feature with the modern color texture features to 
highlight its advantage. The experiment in 10-Fold 
cross validation shows the robustness of our proposed 
feature in training and testing. In future, the proposed 
feature with plant disease classification system will 
be applied in agriculture domain to support economy 
and food productivity for farmers. 
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