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Abstract: The feature extraction technique plays a very
critical and crucial role in automatic leaf disease diagno-
sis system. Many different feature extraction techniques
are used by the researchers for leaf disease diagnosis
which includes colour, shape, texture, HOG, SURF and
SIFT features. Recently Deep Learning is giving very
promising results in the field of computer vision. In this
manuscript, two feature extraction techniques are discussed
and compared. In first approach, the Gray Level Covariance
Matrix(GLCM) is used which extracts 12 texture features
for diagnosis purpose. In second appraoch, the pretrained
deep learning model, Alexnet is used for feature extraction
purpose. There are 1000 features extracted automatically
with the help of this pretrained model. Here Backpropaga-
tion neural network (BPNN) is used for the classification
purpose. It is observed that the deep learning features are
more dominant as compared to the texture features. It gives
93.85% accuracy which is much better than the texture fea-
ture extraction technique used here.

AMS subject classification:
Keywords: Leaf disease, Deep learning, Alexnet, Texture
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INTRODUCTION

The agriculture is the main occupation in India which suf-
fers with low yield. The main cause of the low yield is the
late diagnosis of the plant diseases. Many times the expert
advice is reached to the farmer very late which generates

need of accurate and fast automatic plant disease detection
system. Many researchers have taken efforts to implement
automatic leaf disease detection system [1], [2], [4], [3], [5].
In automatic plant disease detection system, the infected
leaf images are provided as input to the system and accurate
diagnosis of the disease is the outcome of the system. The
success of this system is dependent on the feature extrac-
tion techniques used in it. There are two types of feature
extraction techniques: 1) The image processing algorithms
are used to extract features from the infected leaf images
input to the system. Colour, Shape, Texture, HOG, SURF
and many more such kinds of features are extracted using
image processing algorithm [6], [7], [8]. 2) The automatic
feature extraction techniques are used which will automat-
ically detect features from the input image. Deep Learning
is the recent and most advanced technology, which auto-
matically extract the features from the given input image
[9], [10].

In this manuscript, the automatic leaf disease diagnosis
system is implemented using the above mentioned feature
extraction techniques. In the first approach the image pro-
cessing based feature extraction technique is used, which
extracts the texture features from the input image. The tex-
ture features are extracted using Gray Level Covariance
Matrix. In second approach, the pretrained model of deep
learning, Alexnet is used to extract features from the input
images. The Alexnet model will automatically extract the
features from the given infected leaf image. As Alexnet
is the pretrained model, it requires very less amount of
time to extract the features from the given image. Here
the performance analysis of these two feature extraction
techniques is done further. In both the approaches, the
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extracted features are input to the Backpropagation neural
network (BPNN) algorithm. The BPNN suffers with the
problem of the slow convergence. But it is observed here
that the BPNN converges faster with deep learning features
as compared to the texture features.The BPNN requires less
number of epochs and its accuracy is also higher, when
it is used with deep learning features. In section 2, the
different feature extraction and classification techniques
used in leaf disease diagnosis system are reviewed. In sec-
tion 3, the stepwise implementation of the automatic leaf
disease detection system with the above mentioned two dif-
ferent feature extraction techniques is explained. Section 4,
compares the performance of these two feature extraction
techniques. Finally section 5 concludes the paper.

LITERATURE REVIEW ON FEATURE
EXTRACTION TECHNIUQES USED IN
AUTOMATIC LEAF DISEASE DETECTION
SYSTEM

Precision agriculture is the field in which recent technology
is used to improve the productivity of the agriculre field.
Many automatic leaf disease detection systems are devel-
oped using image processing, computer vision and machine
learning algorithms. In this section the brief survey of the
feature extraction techniques and classification algorithms
used in automatic leaf disease detection system, are car-
ried out. In [1] Vijai Singh and A K Mishra present the
algorithm for image segmentation using genetic algorithm.
In [11] Zhang Chuanlei et. al. implemented apple disease
detection system by using 38 features of colour, texture
and shape. The most valuable features are identified using
Genetic algorithm technique alongwith correlational based
feature selection method. Finally, Support Vector Machine
(SVM) algorithm is used as a classifier. In [12], Sukhvir
Kaur and Shreelekha Pandey studied and implemented
Soyabean disease detection system. They used PlantVil-
lage database and combined colour and texture features
to identify healthy and unhelthy leaves of Soyabean crop.
In [13], Shi Yun et. al. used statistical features of colour,
texture and shape along with the optimal metrological fea-
tures with the highest accuracy rate. They used Probability
based Neural Network(PNN) for the classification pur-
pose. In [14] author proposed the method in which the
colour and shape features are used together. They also pro-
posed new features, mean and peak indices of histogram
of shape as a disease propoerty. Total 260 colour based

attributes and 163 shapes based features are searched to
find the best potential features based on differnt aspects
such as probability of feature error, correlation and targeted
class relevency. Experimental results shows that combin-
ing colour and shape features together gives better results
rather than using them individually. In [15] authors have
implemented cotton leaf disease detection system using
12 texture features and applied on Backpropagation neural
network. In [16] different feature selection techniques are
evaluated on turmeric crop dataset. Here PCA, Informa-
tion gain and Relief-f attribute methods were investigated
and author claimed that feature selection with Information
gain method with SVM gives better results. In [17] the
author used Gabor wavelet transform for feature extraction
and used SVM classifier in leaf disease detection system.
They claimed 89% accuracy. In [18] Histogram of gra-
dient (HOG) features are used for leaf disease detection
system. In [19], the combination of texture and gradient
features are used for plant disease detection purpose. In
[20], Zhihua Diao et al. introduced invariant memory the-
ory for shape feature extraction and seven Hu invariant
moment parameters were defined as shape features. In [21]
author proposed graph cut based approach for the segmen-
tation of the cotton disease infected leaves. Recently many
researchers have proved that deep learning gives a very
prominent results on crop disease identification problem.
In [22] S.P. Mohanty used deep learning for plant disease
recognition. He used Alexnet and Googlenet deep learn-
ing model for leaf disease detection. In [23] the maize leaf
disease are identified using deep Convolutional Neural Net-
work (CNN). In [10] Lenet deep learning model is applied
for Banana leaf disease detection. In [24] real time deep
learning model is used to implement robust real time tomato
disease. In [4] transfer learning concept of deep learning
is used for leaf disease identification. Instead of training
model from scratch, in transfer learning the knowledge of
the pretrained deep learning model is used. which saves
the time of the network. Here the summary of the litera-
ture survey states that the majorly colour, shape and texture
features are used for leaf disease detection. Recently deep
learning and transfer learning are used in identification of
leaf diseases. In this article the comparative analysis of
the traditional feature extraction with recent deep learning
based system is done.

METHODOLOGY

In this manuscript, the analysis of two feature extraction
techniques are done. Here in the first approach the Leaf
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Disease Diagnosis system is implemented using the texture
features. In the second approach the features are extracted
using pretrained deep learning model, Alexnet. In both the
approaches the Backpropagation neural network algorithm
is used as a classifier. Both theses models are applied on
common small size dataset. Here the pomogranate leaf
image dataset is used [25] which has total 73 color images.
There are total 5 classes present in database

1. Alternari Alternata
2. Anthracnose
3. Bacterial Blight
4. Cercospora Leaf Spot
5. Healthy Leaves

Further the following two appraoches are discussed.

• Leaf Disease Diagnosis system using texture fea-
ture extraction technique and Backpropagation neural
network

• Leaf Disease Diagnosis system using Deep learning
features and Backpropgation neural network

Leaf Disease Diagnosis system using texture feature
extraction technique and Backpropagation neural
network

In this method, 12 texture features are extracted using the
gray level covariance matrix (GLCM). These 12 features
are Contrast, Correlation, Energy, Homogeneity, Mean,
Standard Deviation, Entropy, RMS, Variance, Smoothness,
Kurtosis and Skew. Below the stepwise algorithm is given
which describes the approach 1 in depth.

In this algorithm, Image preprocessing is done by step 2
and 3. Image segmentation is done using K-means cluster-
ing algorithm. From infected segment the texture features
are calculated using the GLCM. Futher these features are
input to the backpropagation algorithm and its accuracy is
calculated.

0.1. Leaf Disease Diagnosis using Deep Learning
features and BPNN

In the second approach, the automatic feature extraction
technique is used in leaf disease diagnosis system. Here
the deep learning pretrained model, Alexnet [26] is used
to extract the features from the infected RGB leaf image.
In Alexnet 5 convolution layers, 3 fully connected layers

along with dropout is implemented. Below table 1 shows
detail layout of layers used in Alexnet.

Table 1. Alexnet Layers Layout

Sr No Label Layer Description

1 ’ data’ Image Input 227x227x3 images with’zerocenter normalization

2 ’conv1’ Convolution 96 11x11x3 convolutions with stride [4 4] and padding [0 0]

3 ’relu1’ ReLU ReLU

4 ’norm1’ Cross Channel Normalization cross channel normalization with 5 channels per element

5 ’pool1’ Max Pooling 3x3 max pooling with stride [2 2] and padding [0 0]

6 ’conv2’ Convolution 256 5x5x48 convolutions with stride [1 1] and padding [2 2]

7 ’relu2’ ReLU ReLU

8 ’norm2’ Cross Channel Normalization cross channel normalization with 5 channels per element

9 ’pool2’ Max Pooling 3x3 max pooling with stride [2 2] and padding [0 0]

10 ’conv3’ Convolution 384 3x3x256 convolutions with stride [1 1] and padding [1 1]

11 ’relu3’ ReLU ReLU

12 ’conv4’ Convolution 384 3x3x192 convolutions with stride [1 1] and padding [1 1]

13 ’relu4’ ReLU ReLU

14 ’conv5’ Convolution 256 3x3x192 convolutions with stride [1 1] and padding [1 1]

15 ’relu5’ ReLU ReLU

16 ’pool5’ Max Pooling 3x3 max pooling with stride [2 2] and padding [0 0]

17 ’fc6’ Fully Connected 4096 fully connected layer

18 ’relu6’ ReLU ReLU

19 ’drop6’ Dropout 50% dropout

20 ’fc7’ Fully Connected 4096 fully connected layer

21 ’relu7’ ReLU ReLU

22 ’drop7’ Dropout 50% dropout

23 ’fc8’ Fully Connected 1000 fully connected layer

24 ’prob’ Softmax softmax

25 ’output’ Classification Output crossentropyex with ’tench’, ’goldfish’, and 998 other classes

The features are extracted using this pretrained deep
neural network, Alexnet. The output of ’fc8’ layer (Layer
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No 23 in Table 1) is stored as a feature vector. The back-
propagation algorithm is used as a classifier. Here, the same
leaf disease dataset is used for the experimentation purpose.
As the input given to the Alexnet model is 227X227X3
image, all the leaf images are reshaped to size 227X227.
Below algorithm 2 describes stepwise implementation of
the leaf disease diagnosis system using deep learning fea-
tures and BPNN. In this system the Alexnet is used for the
feature extraction purpose. As Alexnet is pretrained model,
it requires less amount of time to extract the features. Then
these extratced features are given as a input to the back-
propagation neural network algorithm. Finally the results
are observed and compared with the first approach.

RESULT ANALYSIS

In this manuscript, leaf disease dignosis system is imple-
mented using two different feature extraction methods and
Backpropagation neural network algorithm. Here the com-
parative analysis of these two feature extraction techniques
is done. In approach 1, the texture feature extraction tech-
nique is implemented using GLCM, whereas in approach
2 the features are extracted using the Alexnet, pretrained
deep learning model. Both these approaches have used the
BPNN as a classifier. Here the performance of the back-
propagation is evaluated on these two different feature
extraction techniques. The major drawback of the BPNN
is its slow convergence rate. Hence the first parameter used

FIGURE 1. Comparative analysis of Average Epochs of 10
fold validation.

FIGURE 2. Comparative analysis of Average accuracy of
10 fold validation.

for the evalution of these two approaches is BPNN conver-
gence time and epochs. In both the approaches, the 10 fold
validation is used. Hence the second evaluation parame-
ter is the average validation accuracy. The performance of
the BPNN is very sensitive to the initial weight conditions.
Hence here the performance parameters are calculated by
running BPNN 30 times and results are calculated using the
average epochs required for the convergence and the aver-
age of validation accuracy calculated in each of the 30 runs.
Figure 1 represents the graph which compares the average
number of epochs required by BPNN for convergence pur-
pose by using approach 1 and approach 2. In approach 1,
the backpropagation algorithm could not converge to its
MSE i.e. 0.001. The BPNN terminates when the number
of epochs reaches to 5000. The graph clearly shows that the
approach 2 requires less number of epochs as compared to
the approach 1.

Figure 2 shows the graph of the average accuracy in
10 fold validation, achieved by BPNN, when applied with
approach 1 and approach 2. Below the confusion matrix
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FIGURE 3. Comparative analysis of Average accuracy of
10 fold validation.

FIGURE 4. Comparative analysis of Average accuracy of
10 fold validation.

created in approaach 1 and approach 2 is displayed in figure
3 and 4 respectively.

These results have also proved that the approach 2 is
more outperforming as compared to the approach 1. Based
on the above results, it can be stated that deep learning
features used in approach 2 gives very prominent features
and works much better than the traditional features used in

approach 1. Due to the pretrained model of deep learning,
the less amount of convergence time is required for the
backpropagation. The parameters used in backpropagation
are given in table 2.

Table 2. Initial value of parameters used in BPNN

Sr No Parameter Inital value Description

1 P 73 Total number of Input Images

2 I 12 in approach 1 Total numbers of nodes in Input layer

1000 in approach 2

3 J 10 Total numbers of nodes in Hidden Layer

4 K 5 Total numbers of nodes in Output Layer

5 η 0.1 Learning Rate

6 MSE 0.001 Mean Squared Error

7 MaxEpochs 5000 Stopping criteria for BPNN

1. Conclusion

In this paper a leaf disease diagnosis system is tested using
two different feature extraction techniques on common
small size dataset. The texture features and deep learning
features are extracted from leaf image dataset and applied
to the Backpropagation neural network for leaf disease
detection. Deep learning features when applied to the back-
porpagtion algorithm gives an average 10 fold validation
accuracy 93.85%. In case of texture features when applied
to BPNN gives an average 10 fold validation accuracy
74.83%. Also backpropagation converges to MSE 0.001
within MaxEpochs i.e 5000, when applied deep learning
features whereas it does not converge to MSE 0.001 within
5000 epochs when applied to the BPNN. Hence it is stated
that the deep learning features are better than the texture
features. In future the performance of these feature extratc-
tion techniques can be evaluated on huge dataset of leaf
images available on plantvillage.
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