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Abstract: PaperThe paper presents the implementation of 

various machines learning approach for the diagnosis of leaf 
diseases. For analysis data collection were done towards 
capturing the images of pumpkin leaf affected by different 
diseases. The pumpkin leaf samples were taken.  The samples 
correspond to the blight and fungal problems like Alternaria, 
Powdery Mildew Anthracnose, and Yellow Vine Disease etc. The 
methods for analysis were implemented and tested which are 
based on time, frequency and statistical approach. For 
classification machine learning approaches like neural networks, 
SVM, KNN etc were analyzed. The implementation issues were 
presented for future work. 
 

Keywords : Leaf diseases, blight, yellow vine, neural network, 
wavelet transform, SVM, classifier, denoising. 

I. INTRODUCTION 

Botanists study the plants by recognizing the leaves and 
flowers with various characteristics of comparative tool. This 
comparative tool can recognize the plant species by using 
computer vision in leaf image. The features is represented by 
algorithms like deep learning and hand craft methods . These 
features are crucial component (Cope et al, 2012) [1]. In this 
two methods hand craft features is more dependent than deep 
learning features (Hall et al, 2015) [2]. Some of the 
characteristics are pre defined by botanists and however they 
are used as morphological features. In deep learning 
algorithm, the features can be automatically learning their 
basic end-to-end advantages of an algorithm. Hence the deep 
learning method is carried out more often. In figure 1 shows 
the different size and species and Fig. 1 (a) (b) shows the 
different growth in same species of plant. The Abies Concolor 
leaf is the example of leaf detection which is smaller than 
robur leaf. Some plant leaves has different suitable scale. Juan 
Zhang and Xin-yuan Huang, (2010) [3] analyzed the single 
scale features which can learn deeply based on plant leaf 
recognition method. This is mainly focused for improving the 
accuracy on existing feature.  
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The leaf recognition method is presented with several deep 
learning features.  Timothy et al (2016) [4] presented the 
convolution neural network (CNN) for classifying the leaf 
image to extract some features using support vector machine 
(SVM).  Guillermo et al 2016 [5] presented the UHMT by 
vein pattern to train the CCN on first segment using original 
input images.  Lee et al 2006 [6] used deep leaning algorithms 
to recognize the plant disease from the features of CNN 
model. They used two stream convolution neural network 
(TwoCNN). The whole and patch images are learned as the 
two stream structure. This can process as different scales to 
capture discriminative information. During training progress 
more samples can be collected and the networks are tested. 

 

 
Fig. 1. (a) & (b) Different growth in same species of 

plants. 
 
Rasti et al 2018 [7] demonstrated the multi-scale 

convolutional neural networks (MSCNNs) for different scale 
features for learning branches by different size images. In 
work space, different patches and different inputs are tested. 
The MSCNN is learned as the multi scale features which are 
fused at the layer in step by step process. The segment is done 
by studying the computer graphics and vision that is mainly 
focused on 3D images as reconstruction on plants. 
Photorealistic plant image is the model that appears on leaf 
shape which has the perfect example of this method. Some of 
the image has the multi image features that are captured with 
hand-held camera. This method can produce the 
photorealistic plant image as the data driven synthesis which 
is reconstructed as motion structure as 3D point cloud of 
dense foliage. Li et al, addresses three tasks of leaf SAT which 
is forward and backward analysis using 3D acquisition with 
the specific data for model plant growth. Hence the method is 
validated by the dataset as synthetic all over the specific 
condition to adapt at large scale experiments in computer 
vision works. The leaf segment is aligned, tracked and 
identified without being studied 
on one are two tasks. 
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Leaf Segmentation is classified into two main categories 
such as detached leaf and pixel wise segmentation. The first 
step is to identify the species and color which is used as pixel 
based leaf segments with white background. This process is 
very challenging due to the variation in leafs structure and 
also overlapping under the background. Tsaftaris et al 2016 
[8] investigated a leaf segmentation that is collation of rosette 
plant. This can be evaluated in three methods. The methods 
are based on pixels and watershed transformation segmenting 
methodology. Leaf Alignment is used to find out the structure 
of leaf that is used for processing the leaf segment. This 
structure is useful for fitting the leaf shape template in deform 
polygonal model. This segmentation is tracked automatically. 
It’s measured at some temperature (G. Romay et al, 2014) [9]. 
The leaves without any overlap on an active contour model 
are used. This method is achieved by real world application 
that is presented as the graphical based structure which is 
exploited in certain angle.   Rong et al. (2007) [10] introduced 
the support vector machine (SVM) using hybrid algorithm for 
template matching.  The SVM uses hyper spectral AISA-Dual 
data to overcome the disease sensitivity caused by the leaf rust 
when the data is driven Mewes et al. (2010) [11].    
A. Problem statement 

Diagnosis of leaf diseases were provided mainly based on 
visual observations. Growers guide based on soft computing 
were not available.  Some of the control products are only 
listed. The data and consultancy with experts in certain areas 
are to be included. An online learning and diagnosis system is 
not available. Many, many hours were spent to rectify the 
causes. Sometimes blight can affect the whole farm within 
hours. 
B. Objectives 
 Intention to provide a growers guide based on soft 

computing. 
 Control products are listed as a suggestion through a new 

soft computing based growing methodology with real 
time pictures. 

  Immediate diagnostic steps are to be provided based on 
the machine learning approaches.  

C. Disease of interest in Cucurbita Gourd family 
The following diseases are diagnosed in several leaves. But 
our interest is on the Cucurbita Gourd family. Advanced 
disease progression, Alternaria, Aphids,  Anthracnose, 
Downy Mildew, Excessive Nitrogen,  Gummy Stem Blight, 
Insect damage, K-def.,  Mn defficency , Ozone damage. 
Phytoptora, Powdery mildew, Sunburn, Spray damage, Virus, 
Yellow Vine Disease Verticilum wilt. Fig. 2 shows some of 
the major diseases affecting the cucurbita Gourd family. 
 

 
Fig. 2. Different disease affected leaves of pumpkin 

plant. 

II.  BACKGROUND METHODOLOGY 

Arti N. Rathod et al (2013) [12] in literature reported the 
different types of disease. The methods are used to identify 
the affected area in leaf. The digital camera is used /to take 
images. The taken image is processed by different types of 
image-processing techniques. These methods analyze the 
useful features which are needed to diagnose. Fig. 3 shows 
generalized block diagram for the leaf disease detection. 

 
Fig. 3. Generalized Block Diagram for leaf disease 

detection. 
The input image can be acquired by image acquisition 

technique. The image is taken by digital camera. This will 
help to improve the quality of image and also to remove the 
undesired distortion. Isaac Kofi Nti et al, (2017) [13] explains 
the performance of clipping on leaf image to get the interested 
image region. Then smoothing is is done by smoothing filter. 
By this the contrast can be increased. The pixels are computed 
mostly on green colored pixels that are masked by using a 
threshold value. Hence the green pixels are masked because it 
has intensity of green component which is less than the 
pre-computed threshold value. Then zero value is assigned to 
the red, green and blue components. The leaf disease is 
classified using genetic algorithm. Weihua Gui et al, (2013) 
[14] processed the color co-occurrence for feature extraction. 
The three major processes are taken to process the detection 
function which has both the texture and color of an image. 
The  unique features of the leaf is identified. Vijai Singh and 
A.K.Misra, (2017) [15] represented the RGB image 
conversion in leaves. The leaf image is processed in the HIS 
color space to generate the color co-occurrence in matrix. 
Each of the representation will be processed and compared 
with the phase of leaf that can be stored on the database. 

A. Quality Check 
All submitted paper should be cutting edge, result oriented, 
original paper and under the scope of the journal that should 
belong to the engineering and technology area. In the paper 
title, there should not be word ‘Overview/brief/ Introduction, 

Review, Case study/ Study, Survey, Approach, Comparative, 
Analysis, Comparative Investigation, Investigation’. 

III. PUMPKIN LEAF DISEASE DETECTION 

A. Image Pre-processing 
The pre-processing technique is carried out with different 
ways to remove the noise in image. Image clipping is one of 
the preprocessing techniques used to get the interested image 
region by cropping. Image smoothing is next preprocessing 
done. Image enhancement is used to increase the contrast. The 
corresponding RGB image into the grey images using color 
conversion is given in (1). 
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F (x) =0.2989*R + 0.5870*G + 0.114.*B                     (1) 
The above equation is used to enhance the plant image and 
then the histogram equalization is applied to distribute the 
intensities of the images. P.R. Rothe, and R.V. Kshirsaga, 
(2012) [16] presented the cumulative distribution function 
which is used to distribute intensity values and the 
segmentation can do the partitioning of image into various 
part of same features like otsu’ method, k-means clustering, 
converting RGB image into HIS model etc. 
 K-means clustering: It is the cumulative distribution that 

can process the image by partitioning by using 
classification of object. The classification is based on 
clustering a set of features into K number of classes. 
Sonal P Patel and Arun Kumar Dewangan, (2017) [17] 
uses the classification of object to minimize the sum of 
the squares of the distance between the object and the 
corresponding cluster. The algorithm has the pick center 
of K cluster used randomly on heuristic and also they can 
assign the pixel of minimized image to find out the 
distance between the pixel and cluster. In the algorithm, 
both the process can be averaged with all random clusters 
by repeating the steps to get the desire convergence. 

 Otsu Threshold Algorithm: This algorithm will process 
the threshold value that can create binary images from 
grey-level images by setting all pixels threshold to zero. 
The Otsu algorithm defines the two clusters by separating 
their pixels using threshold and it can find the mean by 
each and every cluster between various square mean and 
also it can multiply the cluster time. Amruta B. Patil and 
J.A.shaikh, (2016) [18] presented the masked image of 
green pixel by calculating the threshold values using otsu 
algorithm. It can be extracted by RGB component which 
are infected leaf that is detected. 

B.  Feature Extraction by GLCM approach 
P. Mohanaiah et al (2013) [19] presented Gray level 

co-occurrence matrix (GLCM) to determine the textural 
relationship between pixels by performing an operation. This 
method is based on the feature extraction that is at the 
second-order statistics in the images. The GLCM will also 
process the frequency combination of pixels pair that is 
usually two pixels to brightness the values. The number of 
rows and columns are with the same gray values in the image 
but the elements can depend on the frequency of the two 
specified pixels. Thus the pixel pairs can vary depending on 
their neighborhood by the second-order statistical probability 
values. These values are depending on the gray value of the 
rows and columns.  
Autocorrelation, contrast, correlation, cluster prominence, 
cluster shade, dissimilarity, energy, entropy, homogeneity, 
maximum probability, sum of squares (variance), sum 
average, sum variance, sum entropy, difference variance, 

difference variance, difference entropy, information measure 
of correlation, inverse difference normalized, inverse 
difference moment normalized are some of the features 
computed by the GLCM approach. 
C. Classification using Multi-SVM approach 

Support Vector machine (SVM) use hyper-plane on 
multiple way of decision boundary between two of the classes 
(Gjorgji Madzarov and Dejan Gjorgjevikj, (2009) [20]. The 
classifier is commonly known as binary classifier. The 
multi-SVM approach solves some of the problems of pattern 
recognition that are mapped of nonlinear input data to the 
linear data. This method provides a classification in high 
dimensional space with the marginal distance which is used to 
maximize between different classes. The hyper plane can uses 
the two classes that are different in kernels. The SVM is uses 
larger number of support vectors related to  training samples 
that can intended for two-class problems. Hence the 
mathematical expression separates more than two classes at 
the same time that can be extended from binary problems to 
multi classification problems ( with k classes where k > 2). 
There are k (k−1)/2 decision functions for the k-class 
problem.   

IV. RESULTS AND DISCUSSIONS 

A. Pre-processing of Pumpkin Leaves 
The preprocessing of different pumpkin leaves is done by 
k-means clustering algorithm, otsu thresholding algorithm. 
The contrast enhanced pumpkin leaf images are shown in Fig. 
(4) - (8). The leaves used for the analysis in this work are of 
five category namely healthy leaf, Downy mildew and 
Powdery mildew. In preprocessing most of the noise elements 
are removed. 

 
Fig. 4. Pumpkin Leaf 1 and its contrast enhanced 

image. 

 
Fig. 5. Pumpkin Leaf 2 and its contrast enhanced 

image. 

 
Fig. 6. Pumpkin Leaf 3 and its contrast enhanced 

image. 

 
Fig. 7. Pumpkin Leaf 4 and its contrast enhanced 

image. 



 
Diagnosis of Leaf Disease in Cucurbita Gourd Family using Machine Learning Algorithms 

6803 

 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number: C5232098319/19©BEIESP 
DOI:10.35940/ijrte.C5232.098319 
Journal Website: www.ijrte.org 
 

 
Fig. 8. Pumpkin Leaf 5 and its contrast enhanced 

image. 

B. Features of Pumpkin Leaves 

In the feature extraction, several features are extracted like 
contrast, energy, homogeneity. The features show the 
characteristics of the various diseases presented in the leaf. 
The features are used to classify the different categories.  

Table- I: Feature Extraction of Pumpkin leaves using 
GLCM 

Features Leaf 1 Leaf 2 Leaf 3 Leaf 4 Leaf 5 

Contrast 2.5599 2.1231 1.68615 1.415 2.548 

Correlation  0.9408 0.94316 0.94787 0.9448 0.956 

Energy 0.5276 0.42944 0.60427 0.8238 0.580 

 Homogeneity 0.9435 0.92691 0.94923 1.0028 0.946 

Mean 52.667 60.0387 37.5518 23.22 55.35 

Standard 
Deviation 

80.695 76.5521 65.5495 58.868 89.18 

Entropy 3.6037 4.33258 3.22383 2.3978 3.474 

RMS 9.5749 11.6751 9.31657 8.0565 10.07 

Variance 5010 6384.27 4548.35 4276.8 8324 

Smoothness 1.0000 1.0000 1.0000 1.0000 1.000 

Kurtosis 3.1089 2.42828 4.45938 10.198 
3.068
2 

Skewness 1.2318 0.84422 1.65472 2.9366 1.275 

IDM 255 255 255 255 255 

 
Table. 1 shows the feature extracted information from 
diseased pumpkin leaves using GLCM method. These 
features may vary according to the time of capturing the 
image, the disease concentration on the leaf and age of the 
plant. So the feature database should contain all the 
information corresponding to these details. Data collection is 
made real time. In this work several images were captured 
using the digital camera with 8mega pixels. The images are 
analyzed using Matlab. The implementation was done and 
testing of the images are carried out. From the several 
observation it is been found that the disease if not diagnosed 
properly it will damage the whole crop or even the whole 
field.   

C. Classification of Features of Pumpkin Leaves 

Table. II. Shows the classification of diseased pumpkin 
leaves. The accuracy of the methods for different diseased 
leaves are presented. 

 

 

 

Table- II: Classification of Pumpkin leaves by multi 
SVM technique. 

Leaf 
Affected Disease 

Affected 
Area (%) 

Accuracy 
(%) 

Leaf 1 Healthy Leaf -- 93.7742 

Leaf 2 Downy Mildew 35.7875 92.7742 

Leaf 3 Healthy Leaf -- 91.3871 

Leaf 4 Powdery Mildew 19.7253 92.3871 

Leaf 5 Powdery Mildew 17.4835 93.7742 

V. CONCLUSION 

The paper presents the implementation of various diseases 
in pumpkin leaves using GLCM methods. The diagnosis of 
leaf diseases helps the farmers to do early detection of crop 
damage. For the image analysis, data collection was done and 
selective diseased pumpkin leaf samples were taken.  The leaf 
categories tested are healthy leaf, downy mildew and powdery 
mildew.   
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