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Abstract --- Computers have been used for streamlining and automation in different applications of
agriculture. This paper is mainly developed to find the blast disease and reduce the crop loss and hence
growth paddy agriculture production in an active manner. One of the areas painstaking in the present
work is the processing of images of rice disease affecting agriculture crops. Image classification by the
use of convolutional neural networks of training and organization used the facilitate a quick and easy
system implementation. Collecting images from Image Net Dataset. The results show that we can
effectively detect and recognize the rice diseases and pests including healthy plant class using a
convolutional neural network(CNN)with best accuracy of 97.20%. The suggestively high success rate
makes the model a really useful advisory or early cautioning tool, and an approach that would be
further expanded to support an integrated plant disease identification system to work in real agronomy

conditions.

Keywords: Crops, Disease, Image classification, Disease Identification, Convolutional Neural

Network, Image Net Dataset.

1. Introduction
Rice is deliberate as a major source of food among the rural population and also it is considered and
the second most cereal crop cultivated over the world. Rice belongs to the family of Poaceae and
correspond to two main subspecies i.e. Japonica and Indica. Rice is the most widely recognized low
cost and effective nutrient food available in Asia. Rice crop is cultivated in five regions of the world
I.e. Asia, Africa, America, Europe, and Oceania. As indicated by the Food and Agriculture
Organization of the United Nations (FAOSTAT) overview, 91.05% of the world's rice is deliver and
devour by Asian Countries [1]. The rest of the rice generation is partition between different locales of
the world, for example, 2.95% by Africa, 5.19% by America, 0.67%byEurope and 0.15% by
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Oceania.ccording to World Bank, the projected demand of rice consumption will increase by 51% by
the year. 2025, which is much more than the growth rate of population.

According to World Bank, the projected demand of rice consumption will increase by 51%
by the year 2025, which is much more than the growth rate of population. Fig. 2 shows the projection
of rice consumption in major countries in Asia, 1995-2015.The aim of our work is to classify the
paddy pest, disease and weed by developing an intelligence system using deep learning techniques.
Deep learning techniques can be applied to help the farmer in identification of paddy pest, disease and
weed at an early stage and remedial measure, which may help in avoiding loss of production[2].
Generally the main objective is to classify the images as identification of paddy pest; disease and weed
improve the classification accuracy [3]. In this work, machine learning algorithms Convolutional
Neural Network (CNN) is chosen. These algorithms are developed in MATLAB (Matrix Laboratory)
tool. It is used to detect the defects and to classify the defects [4]. The feature extraction is the
necessary step involved before classifying the images; it will improve the performance of the
classifier. In our work the ImageNet Large Scale Visual Recognition Challenge (ILSVRC2012) from
ImageNet dataset is used. The datasets consists of several agricultural paddy pest, disease and weed
images[5]. The image features are (i)shape (ii)color (iii)size (iv)location (v)length (vi)area
(vii)perimeter (viii)contrast (ix)texture and (x)locus.

In our research work different phases are used, the first phase is image acquisition, the
second phase is image preprocessing, third one is image segmentation; fourth phase is feature

extraction, finally image classification using various approaches.

2. Related Work

Paddy plant disease recognition system has the potential to be a natural and powerful
tool supporting many farmers and agriculture based industry. This recognition system helps in
applying required fertilizer at an early stage to minimize production. This has motivated many
researchers in developing image based recognition system of paddy plant diseases as a very active
research area. A work based on pattern recognition systems is proposed for identification and
classification of three cotton leaf diseases, namely Bacterial Blight, Myrothecium, Alternaria. Image

Segmentation is done using active contour models. Adaptive Neuro-fuzzy inference system used Hu’s
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moments as features for the training method. The classification accuracy is 85 percent [6]. A work has
addressed the problem of diagnosis of diseases on cotton leaves using Principal Component Analysis
and Nearest Neighborhood Classifier. It involves diseases like Blight, Leaf Narcosis, Gray Mildew,
Alternaria and Magnesium Deficiency. The classification accuracy is 95 percent [7]. A novel method
was presented for robust and early Cercospora leaf spot detection in sugar beet using hybrid
algorithms of template matching and support vector machine. This method is robust and feasible for
early detection and continuous quantization under natural daylight conditions. In some cases the
detection becomes complex due to the complex changes of external environment [8]. A paper has
incorporated the digital image processing techniques to eliminate the manual inspection of diseases in
rice plant that usually occur in Philippine’s farmlands namely Bacterial leaf blight, Brown spot and
Rice blast. The disease identification accuracy is 100 percent around 134 sample images [9]. This
work has attempted to identify the four major paddy diseases in the Indonesia, namely leaf blast,
brown spot, bacterial leaf blight and tungro. Fractal descriptors are used to analyze the texture of the
lesions. The disease identification accuracy is 83 percent [10]. A mobile application for paddy plant
disease identification system was developed using fuzzy entropy and Probabilistic neural network
classifier that runs on Android mobile’s operating system. It involves four types of diseases, namely
brown spot, leaf blast, tungro and bacterial leaf blight.

The accuracy of paddy disease identification is 91.46 percent [11]. A prototype system was
developed for diagnosing paddy diseases, namely blast disease, brown spot and narrow brown spot
disease. RGB images are converted into binary images using automatic thresholding based on local
entropy threshold and Ostu method. The paddy diseases are recognized with 94.7 percent accuracy
[12]. A diagnostic system was developed to recognize the paddy diseases, namely blast disease, brown
spot and narrow brown spot. RGB images are converted into binary images using variable, global and
automatic threshold based on Ostu method. The paddy diseases are recognized with 87.5 percent
accuracy [13]. An image recognition system was developed to recognize paddy diseases commonly
found in Sri Lanka, namely rice blast, rice sheath blight and brown spot. The classification accuracy is
70 percent around 50 sample images [14]. A software prototype system which involves both image
processing and soft computing technique was described for rice disease detection based on the infected
images of various rice plants. The diseased images are classified using Self Organizing Map (SOM)
neural network. The transformed image does not yield a better classification compared to the original
image[ 15].
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3.Proposed system

In our research work different phases are used, the first phase is image acquisition, the
second phase is image preprocessing, third one is image segmentation; fourth phase is feature
extraction, finally image classification using various approaches.
3.1 Image Acquisition

This approach is to capture the sample from the digital camera and extract the features. The
sample is captured from the digital camera and the features are then stored in the ImageNet dataset.

3.2 Image Pre-Processing

Image processing is a procedure to change an input image onto digital frame and performed a couple
of process, with the true objective to get a redesigned picture or to separate some significant data from
it. It is a sort of signal dispensation which input is image, like video edge or photo and result may be
picture or characteristics related with that image [16,17]. The image pre-processing include filtering,
color conversion and detail enhancement of image [18-30].
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3.3 Image Segmentation

Image segmentation in general is defined as a process of partitioning an image into
homogenous groups such that each region is homogenous but the union of no two adjacent regions is
homogenous. Image segmentation is performed to separate the different regions with special
significance in the image.These regions do not intersect each other. Blob detection helps to obtain
Regions of Interest for further processing. It is applied for the presence of same type of objects in
multiples. Segment the objects of interest from the complex background. The pixels are separated into
two classes CO and C1(background and object), using a threshold at level K. After then class means
(n0,ul) class variances(c0,01) are calculated. Then a threshold K is searched, that maximizes one of

the object functions (I,k, n) (a)lnp

3.4 Feature Extraction
Image features usually include color, shape and texture features. Feature extraction is
performed related to the Majority Based VVoting method There are 3steps involved:
1) Histogram Oriented Gradient (HOG),
2) Gaussian Mixture Model (GMM),
3) Gabor Feature.

3.4.1 Histogram Oriented Gradient (HOG) Features

The Histogram of Oriented Gradient (HOG) is a feature descriptor used in computer vision and
image processing for the purpose of object detection[31]. The procedure includes events of angle
introduction confined bits of a picture. This technique is like a scale-invariant element change
descriptors, however, vary in that it is processed on a thick framework of consistently divided cells
and utilizations covering nearby different standard for enhanced precision.

3.4.2 Gradient Computation

In order to find the gradient, the gray scale image is filtered to get the x and y derivatives of
filters The most common method is to apply the 1-D centered, point discrete derivative masking.
Specifically, this method requires filtering the color or intensity data of the image with the following
filter kernels:

Dx= [-1 0 +1] and Dy= [-1 0 +1] T After finding x and y derivatives (Ix and ly), the

magnitude and orientation of the gradient are calculated:

30



IJISET - International Journal of Innovative Science, Engineering & Technology, Volume 9, Special Issue, May 2022
ISSN (Online) 2348 — 7968 | Impact Factor — 6.72 | www.ijiset.com
NCISCT-2022

IGl= L +1,° andl}=arctan%—
: |

The orientation calculation method returns values between [-180°, 180°]. Since unsigned

orientations are desired for this implementation, the values which are less than 0 is summed up with

180-.

3.4.3 Orientation Binning

The next step is to calculate the cell histogram for descriptor blocks. The 8x8 pixel size cells
are computed with 9 orientation bins for [0°,180°] interval. For each pixel’s orientation, the
corresponding orientation bin is found and the orientation's magnitude |G| is voted to this bin.

3.4.4 Descriptor Blocks
To normalize the cells’ orientation histograms, they should be combined into blocks. From the two
main blocks, geometric, the implementation uses R-HOG geometry. Each R-HOG block has 2x2 cells
and adjacent R-HOGs are overlapping each other for a magnitude of half-size of a block.

3.4.5 Block Normalilization

Although there are three different methods for block normalization, L2-Norm normalization is

implemented using norm (vec) method:

i
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3.4.6 Detection Window Each R-HOG
block has 2x2 cells in which each cell is 8x8 pixels, which also has 1x9 histogram vector each. So the
overall size of R-HOG descriptor of a window is given by 144 values. Final vector size= 2 blocks
horizontally x 2 blocks vertically x 4 cells per block x 9 bins per histogram = 144 values.
3.5 Data Classification

Convolutional neural network models Artificial neural networks are mathematical models
that mimic the general principles of brain function with their neurons and synapses that interconnect
them. Their main characteristic is their ability to be trained through the process of supervised learning.
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During that process, neural networks are “trained” to model some system with the use of
existing data that contain specific matchings of inputs and outputs of the system to be modelled. CNNs
(LeCun et al., 1998) are an evolution of traditional artificial neural networks, focused mainly on
applications with repeating patterns in different areas of the modeling space, especially image
recognition.

Their main characteristic is that, with the methodology used in their layering, they
drastically reduce the required number of structural elements (number of artificial neurons) in
comparison to traditional feedforward neural networks. For image recognition applications, several
baseline architectures of CNNs have been developed, which have been successfully applied to
complicated tasks of visual imagery.

The basic CNN architectures AlexNet were tested in the problem investigated in this work
concerning the identification of plant diseases from images of their leaves.The Convolutional Neural
Network consists of different stages image acquisition, preprocessing, image segmentation, feature
extraction these are similar type of previous approaches. Convolutional Neural Network is used to
classify the 1.2 million high resolution images in the ImageNet Large Scale Visual Recognition
Challenges (ILSVRC2012) contest into the 1000 different classes. Our dataset has 4511 images for 16
classes, 8 class paddy pests, and 4 class paddy diseases and 3 class paddy weeds and one background
image. All the images collected from the ImageNet dataset. After collecting, all the images separated
into 2 parts, train set and test set, classify them into 16 classes available based on visual features on the
picture. For paddy pests, the features are the size, color, and shape of the pests. For paddy diseases can
be recognized from the leaf color, shape. For paddy weeds can be identified the leaf size and texture or
other characteristics and also add an extra one class for the background image to get more accurate
classification because deep learning model should understand to classify pests, diseases and weeds.
Data augmentation is needed to prevent overfit problem that caused by small dataset to train deep
learning model and also to increase dataset size and introduce some variation of distortion in the
image. To use pre-trained Convolutional Architecture for Fast Feature Embedding Network AlexNet
model is used.

4. Experimental results
In the training phase, Histogram Oriented Gradient features are extracted to identify three

classes of diseases brown spot, bacterial blight and leaf blast disease. 144 HOG features are extracted
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from the diseased region and they are invariant to geometric and photometric transformations. While
testing the disease, the same 144 features are extracted. Using SVM the test features compare with
train features and it recognizes the accurate disease based on maximum distance value. Total number

of diseases affected images (3 classes) = 120 images. Total number of training images = 90 images

(each class contains 30 images) A total number of testing images = 30 images (each class contains 10

images).
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Table I: Confusion Matrix for HOG using CNN
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Table I1: Performance Table for HOG using CNN
5.Conclusion and Future work

The image processing techniques were used to establish the classification system. In this work
HOG feature is used to extract features from the disease affected images. Then these features are used
to recognize and classify the images using CNN. This work mainly concentrates on three main
diseases of paddy plant, namely Brown spot, Leaf blast and Bacterial blight. It is valuable for ranchers
and farming related inquires about. Result demonstrated that the model is skilled to anticipate the
sickness with precision of 98.73% utilizing CNN. For future work, some option strategies can be
utilized to concentrate highlights and some different classifiers can be utilized to enhance the outcome

exactness.
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