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Abstract  

 

It is difficult for farmers to monitor their product and control all parameters manually. Image processing technique 

can be used for overcoming this problem. In this paper we proposed a new method for plant diseases detection 

based on image processing technique. Our proposed method is based on combining super-pixel and Rough k-

means clustering. We use the hybrid clustering method in order to obtain segmented image of plant leaf. The 

Pyramid Histogram Oriented Gradient (PHOG) is extracted from segmented image with three level as a part of 

feature vector. In addition to PHOG, Gray Level Co-occurrence Matrix (GLCM) is created from the segmented 

image and useful statistic are extracted as texture features. Finally, we use C-SVM as classifier in order to perform 

final recognition. The proposed algorithm behavior is analyzed by simulation and compared with other state of 

arts in case of validating enhancements.  
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1. Introduction 

Farmers can control almost all the parameters unremarkably except the weather. When a 

pest or disease occurs, rapid diagnosis and treatment should be performed at the appointed 

time, since two or three days can lead to a great deal of harm to the product and loss of a high 

amount of goods. Many diseases in plants are evident from their leaves. 

In traditional farming, farmers usually monitor the leaves during the particular time 

periods and, in the case of observing changes, they approximately add fertilizer or use common 

anti- pest. Ever since farmers typically are not able to diagnose the disease correctly, they use 

unsuitable fertilizers and incorrect anti-pests that have unhelpful effects on the plant and soil. 

The leaves disease generally are categorized into three types; 1.Bacteria 2.Viral. 3. 

Fungal [1].  Fungal diseases are typically identified by morphological structure and by 

observing the consecutive structure of each part. The bacterial diseases are usually 

uncomplicated and can be recognized by developing single points. Viral diseases are tiny 

particles which contain protein. As mentioned before, in order to observe the leaves accurately 

and fast, one of the efficient solutions is using image processing technique.  

One solution for the posed problem is applying an auto-diagnosis process with the help 

of various image-processing techniques. On behalf of investigating the plant disease from their 

leaves, a number of techniques such as edge detection, histogram adaptation, matching the 

image, extracting the tissue properties, etc. have been used [2]. In order to recognize the pest 

in leaves of trees, in [3] a method has been presented by using fuzzy logic. Testing the proposed 

method has been done on pomegranate leaf which its algorithm is initiated by converting the 



image to color space L*a*b, and in next step clustering on pixels is performed by K-means 

algorithm. 

 In [4] the neural network genetic algorithm has been used in order to diagnose the disease 

in plant as well. The input data here is the plant leaf and the steps are as follows; after receiving 

the image, image segmentation is going to be performed by K-means data clustering, the main 

pattern of disease is going to be eliminated by applying global thresholding on green pixe. In 

order to classify three dissimilar classes of disease in this article, the genetic algorithm, neural 

network and the combination these algorithms are employed. In [5] the image processing has 

been used in order to diagnose three kinds of disease; 1- black decay 2- fluffy mildew 2- 

powdery mildew, in grape leaves.  In this work, after the converting RGB color area into HSV 

by applying the Otsu method, the green pixels are removed and then the SGDM matrix is used 

for extracting features of the produced image texture. 

In [6], image processing techniques have been employed to test the spoiling of apple fruit. First, 

different photos of apples have been taken by digital camera. Then, the input images have been 

transmitted to HSV color area. In next step the green pixels are removing from image and the 

image segmentation has been done. Texture properties are extracted from image-segregated 

elements and the texture options are assessed. The extracted attributes in this paper contain a 

Global Color Histogram (GCH), Color Coding Vector (CCV), Local Binary Pattern (LBP), and 

image quality features. 

In [7] a method for distinguishing a healthy leaf has been offered according to 13 types 

of disease based on deep learning. In this paper, 3000 images of online sources have been 

utilized as input images and Caffe framework is employed to train deep Conventional Neural 

Network (CNN). In [8], an automated framework for distinguishing plant leaf disease is 

presented as well. The images consist of two samples of coffee leaf and passion. In this paper, 

by using masking with a fixed threshold, separation of the ill parts of the leaves has been done.  

 In [9], a new method based on Sparse Representation (SR) has been proposed in order 

to diagnose disease in cucumber leaf. Unlike the majority of the works that use all the extracted 

features, it attempts to decrease the size of the problem by using sparse representation. In the 

first step of this article, image segmentation was performed by using the k-means algorithm, 

and then the characteristics of the color and shape of the image are extracted. Finally, by using 

Sparse Representation (SR) classification, seven types of cucumber leaf diseases have been 

acknowledged. The rest of paper is organized as follow. 

In Sect. 2 we explain the proposed method with brief theory of algorithms. In Sect. 3 we 

evaluate our propose method and presenting simulation results. Finally, in Sect. 4 the 



conclusion is represented. 

 

2. The proposed method 

The leaf disease detection is one of the most vital and challenging areas for image 

processing. In this paper, a mixture clustering algorithm based on super pixel clustering and 

Rough K-means clustering are utilized for image segmentation, which raises the accuracy of 

the image segmentation. Furthermore, in the proposed method in order to extract the 

characteristic from the image, the Pyramid Histogram Oriented Gradient (PHOG) will be 

considered. The general proposed framework in this paper is shown in Fig. 1. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1. General proposed framework 
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Image segmentation is one of the most complicated tasks of image processing. The 

accuracy of segmentation determines the ultimate possibility of the success or failure of 

computer analysis methods. Consequently, substantial attention should be paid to escalating 

the probability of valuable segmentation. In circumstances such as industrial inspection 

applications, the environment can be controlled, but in situations such as remote measuring, 

client's control is limited to imaging sensors. 

Segmentation algorithms for monochrome images are derived from one of the two major 

attributes of image intensity values, namely, fracturing and similarity. In the first category, the 

image division method is based on severe alters in intensity values such as image edges. In the 

second method, the image division is based on the division of images into similar regions with 

a predefined set of criteria. The edge detection has been part of the main algorithms for 

segmentation for numerous years. In addition to exposing the edges, lines with linear 

boundaries are revealed by methods based on Hough transformation. Nowadays, in many 

applications, segmentation is done by using clustering methods. In this paper, the method of 

combining super pixels clustering and Rough k-means is applied. 

. 

2.2 Super Pixel Clustering 

Super pixel consist of a set of pixels that has more information than just one single pixel. 

In several applications, Simple Linear Iterative Clustering (SLIC) method is used to extract 

super pixels, which is a simple and efficient method. SLIC method in a 5-dimensional space 

(L * a * b * xy) in which L * a * b is the color space of the CIELAB and x, y is the pixel 

coordinates in the image. Suppose that N is the center of the cluster as 𝐶𝐾 =

(𝐿𝐾 , 𝑎𝑘 , 𝑏𝑘 , 𝑥𝑘, 𝑦𝑘), that k = 1,... ,N, so the SLIC steps are as follows: 

 

Step 1: Initialize the preliminary centers 𝐶𝐾 = (𝐿𝐾 , 𝑎𝑘 , 𝑏𝑘 , 𝑥𝑘 , 𝑦𝑘)by sampling pixels on 

the network S where: 

S = √𝑁/𝑛                                                                                                           (1) 

Step 2: Situate the centers in the 3 × 3 window with the lowest gradient (in order to prevent 

choosing noisy pixels), the image gradient is computed as follows: 

𝐺(𝑥, 𝑦) =  𝐼(𝑥 + 1, 𝑦) − 𝐼(𝑥 − 1, 𝑦) 2 +  𝐼(𝑥, 𝑦 + 1) − 𝐼(𝑥, 𝑦 − 1) 2                              (2) 

 

Where I (x, y), is the vector L * a * b corresponding to the pixel (x, y). 



Step 3: assigning each pixel to the nearest cluster center Ck based on the calculated distance 

from the 2S × 2S neighborhood of the cluster center. 

Step 4: Updating the cluster centers. New centers are obtained by averaging pixels of that 

cluster. 

Step5: Return to step 3 until the changes are not occurred in cluster centers. 

Step6: Situating the pixels in the nearest cluster and applying connections in windows. 

 

2.3 Proposed Method 

As formerly mentioned, in this paper, the Rough k-means and super-pixel clustering will 

be employed to segment the image, the steps of which are discussed below. 

Step 1: Convert the leaf image to the color space L * a * b. 

 Step 2: Divide the image of L * a * b into N super pixels via the SLIC algorithm. 

Step 3: segment each super pixel by Rough k-means clustering algorithm as described below. 

Given that the super pixel is a compact set of pixels and the texture and color 

specifications are identical in nearly all of the pixels in a single super pixel, all the pixels in a 

super pixel can be identified in just two clusters. Furthermore, we initialize the cluster centers 

based on the maximum and minimum values of the color space components L * a * b. In other 

words, suppose that there are m pixels in one super pixel whose pixel i will be shown as follows: 

𝑥𝑖 = (𝐿𝑖, 𝑎𝑖, 𝑏𝑖) 
Then the centers of the two clusters C1 and C2 will be considered as follows: 

𝐶1
0 = (𝐿𝑚𝑎𝑥, 𝑎𝑚𝑎𝑥, 𝑏𝑚𝑎𝑥) 

𝐶2
0 = (𝐿𝑚𝑖𝑛, 𝑎𝑚𝑖𝑛, 𝑏𝑚𝑖𝑛) 

 

After determining the centers of the clusters, the distance between each pixel in the super 

pixel and the cluster centers is calculated by the following equation. 

d(𝒙n,𝒎𝑘
0) =  𝒙n −𝒎𝑘

0   𝑛 = 1,2, … ,𝑚    𝑘 = 1,2                                                                             (3)                                      

Then if d(𝒙n,𝒎1
0) < d(𝒙n, 𝒎2

0), then x n is assigned to C1, otherwise xn belongs to C2. 

A. After assigning the pixels to two clusters C1 and C2, the cluster centers are updated as 

follows: 

 



𝒎k =

{
 

 
wl ×𝒜 +wu × ℬ       𝑓𝑜𝑟Ck

B ≠ ∅ ⋀ Ck ≠ ∅   

𝒜                                 𝑓𝑜𝑟Ck
B = ∅ ⋀ Ck ≠ ∅ 

ℬ                                 𝑓𝑜𝑟Ck
B ≠ ∅ ⋀ Ck = ∅ 

                                                          (4)                                          

 

In which we have: 

𝒜 =
1

|Ck|
 𝒙n
𝐱n∈Ci

         ,        ℬ =
1

 Ck
B 
 𝒙n
𝐱n∈Ck
B

         ,        wl + wu = 1 

 

𝑤𝑙 and 𝑤𝑢, show the relative importance of the lower and upper approximations respectively. 

Expressions |Ck| and |Ck
B| stand for the cardinality of data in the lower approximation and the 

boundary region respectively. 

B. After updating the cluster centers, the distances between each pixel and each cluster 

center are computed from (5), and then according to this distance, the (6) is used for 

reallocation of each pixel to its nearest cluster. 

 

d(𝒙n,𝒎𝑘
𝑡+1) =  𝒙n −𝒎𝑘

𝑡+1 𝑛 = 1,2, … ,𝑚      𝑘 = 1,2                                                         

(5)                                                     

{
𝒙𝑛 ∈ 𝐶1, 𝑖𝑓 d(𝒙n,𝒎1

𝑡+1) < 𝑑(𝒙n,𝒎2
𝑡+1)

𝒙𝑛 ∈ 𝐶2,                                      𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                                                              (6) 

Step 4: Calculating the error rate in step t + 1 

 

𝐸𝑡+1 = ∑ ∑  𝒙n −𝒎𝑘
𝑡+1 𝑥𝑛∈𝐶𝑘

2
𝑘=1                                                                                           (7)  

Step5: Repeat sub-steps A and B from step 3 until | E t + 1-E t | ≤ε, where the threshold value ε 

is adjusted based on experiential performances. 

After completing clustering, the background and healthy parts of the plant leaves are 

initialized to zero, the rest of the pixels are related to the ill parts of the plant. 

In the next phase, Pyramid Histogram Oriented Gradient (PHOG) is employed to extract 

the features from the segmented image. The PHOG method consists of gradient histogram in 

different resolution levels (L). A gradient histogram contains all PHOG vectors computed for 

each sub-region in the pyramid. In this method, the zero level (L = 0) means a histogram with 

K bar, and the level 1 (L = 1) is histogram with 4K bin and in general the dimensions in the 

characteristic vector grows as 𝐾∑ 4𝑙𝑙∈𝐿 . 



Fig. 2 demonstrates a sample of the image with corresponding PHOG for three levels of L = 0 

to L = 2. 
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Fig. 2. An image with a corresponding PHOG in three levels of 0 to 2 

 

Finally, the PHOG vector is extracted from the segmented image as a part of feature 

vector. Moreover, we create Gray Level Co-occurrence Matrix (GLCM) from the segmented 

image and extract useful statistic as texture features.  Then, classification is performed by using 

the support vector machine (SVM). 

3. Simulation results 

We investigate our proposed method with Alternaria, black spot and rust diseases recognition 

in different types of leaf. Our database consist of 50 leaf images for each diseases. In our 

simulation we consider the number of pyramids L=3 in order to decrease the dimension and 

preventing over-fitting. Along with PHOG many statistics such as: mean, variance, entropy, 

correlation, kurtosis and energy are extracted from GLCM. As mentioned before, the 

segmentation is performed by combining Rough k-means and super-pixel clustering. The 

PHOG 



procedure of reaching segmented image for a sample leaf with Alternaria disease is illustrated 

in Fig. 3. Then we extracted PHOG features from each component in L*a*b color space, where 

L=3 and K=8. Furthermore, mentioned texture features are extracted from GLCM and with 

concatenating all five feature vectors the final input data of classifier is obtained.  

 

a) Original image 

 

b) 100 super-pixels 

 
c) Spot 

Fig. 3. An Alternaria diseased leaf segmentation by proposed method 

We use Context-Aware SVM with radial basis kernel from LIBSVM package as classifier. In 

order to evaluate our proposed method, we compare our method with three other state of arts. 

The KSNNC approach has been presented in [10] that is based on k-means clustering and 

neural network classifier. In [11] the scale invariant feature transform (SIFT) is used in order 

to extract dicrimnative feature. Finally, we compare our method with image processing 

technique in [12]. The final averaged recognition rate (after 100 times) is shown in Table. 1 for 

our proposed method and other three mentioned approaches. As it can be seen from Table. 1, 

our proposed method shows the best performance an individual diseases and also the whole 



average scenario. It is important to know that other three method have used many features with 

lots of initial parameters to set.  

Table 1: Recognition rate for our proposed method and other approaches 

Method  

Diseased 

 

KMSNN [10] 

Recognition rate(%) 

SIFT [11]  

Recognition rate(%) 

IRT [12] 

Recognition rate(%) 
Our proposed 

Anthracnose 87.32 85.26 86.37 95.17 

Black Spot 74.03 89.12 82.75 84.95 

Rust 77.61 74.56 83.12 87.13 

Average 79.65 82.98 84.08 89 

 

4. Conclusion  

We proposed a new plant disease detection based on combining super-pixel and Rough k-means 

clustering. After obtaining segmented image, we created feature vector with PHOG and GLCM 

approaches. We compared our proposed algorithm with three other method of plant disease detection 

(e.g. KSNNC, scale invariant feature transform (SIFT) and IRT) through simulations. Simulation 

results have shown better performance of proposed method in sense of providing better recognition rate 

and less complexity. 
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