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Abstract:

Cotton is one of the financially significant agricultural items in India, but it is exposed to different
constraints in the leaf area. Mostly, these constraints are identified as diseases that are hard to detect with
bare eyes. This study focused to develop a model to boost the detection of cotton leaf disease and pests
using the deep learning technique. Basically here we did comparative study of own defined convolution
neural network architecture and popular state of art CNN architecture. This study centered to foster a
model to classify diseased and fresh Cotton plant and leaf using Deep Learning techniques.. For this
exploration, almost 2400 examples (600 pictures in each class) were gotten to for the purpose of preparing.
This created model is carried out utilizing python form 3.7.3 and the model is prepared on the profound
learning bundle called Keras, TensorFlow supported, and Jupyter which are utilized as the formative
climate. This model accomplished 96.4% accuracy of recognizing diseased and fresh cotton plant and leaf
using transfer learning techniques.
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l. INTRODUCTION

India is the largest producer of cotton in the world. The United States Department of Agriculture (USDA)
pegs India’s cotton production at 29 million bales in the 2019-20 seasons as against 26 million bales the
previous year. The latest figures mean that India is all set to surpass China, which has a projection of 27.75
million bales for the same season. However, despite these impressive numbers, the productivity per hectare is
starkly low. The production of cotton in India reducing gradually over year because of major cotton diseases
which impact their production very much some common diseases like insect attack charcol rot and many are
making heavy impact over their plantation. Due to this many cotton cultivators farmer get a huge drop down
in their production and income. The problem will be solved if the farmer get to know about the plants which
are infected and diseased in early stages of their growth so that farmers can use pesticides and different
medicinal equipments to sprinkles medicines over plants and save their crops from diseases in early stages of
production. As this project will help the farmers to recognize the cotton plants which are Fresh and Diseased
by simply uploading the pictures of the cotton plants on the web app. On further Production level this web app
can be deployed as a android app which can make the farmers to click and upload their cotton plant picture
and get results on the spot instantly.

Il. LITERATURE SURVEY
This work is formulated on Convolutional Neural Network to identify cotton plant leaf diseases. It
provides more capable means to identify infection created by Bacteria and environmental consequences.
Disease detection at a primary stage on crop is a challenging task for farmers where bodily presence is a
must. Disease recognition on the crop are very important. There are numerous image processing
algorithms available for disease identification based on image classification like KNN, SVM, Random
Forest, Artificial Neural Network and CNN. Earlier image classification algorithms like face recognition
essential to pay attention at where the face is situated in an image this key difficult is overcome by CNN
and the features of an image are intensely processed at each layer. Each disease on crop has diverse
structures which are removed at each layer of the convolution network.
Some of the references that have been considered while developing this work are mentioned
T.Shamyuktha Banu, & Dr.V.R.S.Manititled, “Cotton Crop Monitoring System Using Cnn”, Xi'an Jianzhu
Keji Daxue Xuebao/Journal of Xi'an University of Architecture & Technology. A deep learning approach
by means of diverse convolution neural network model is engaged to categorize cotton leaf disease, cotton
stages as well as weed in cotton with high accuracy. In this work VGG16 CNN, RESNET50 model is
trained on 3000 samples.
In this work, a multi-layered VGG16 CNN model is used. It has 16-19 hidden layers. It is an uncomplicated
network possessing only3x3 convolutional layers stacked on top of each other in expanding depth. Reducing
volume size is handled by max pooling. Two fully-connected layers, individually with 4,096 nodes are then
tracked by a softback classifier. Alternative model RESNET-50 is used to categorize the cotton crop images.
Ignore connection named as remaining block are adopted in the model. It is used to evade vanishing gradient
difficulties and dead neurons. Remaining block is used to surge the number of hidden layers from earlier
models without worrying about vanishing gradient problems. RESNET-50 has 23 million parameters to learn.

Problem Statement and Hypothesis:

We divided cotton images into four classes/targets:
1. diseased cotton leaf

2. diseased cotton plant

3. fresh cotton leaf

4. fresh cotton plant

Deep Learning based model will predict/classify any one of target on given input Images. As we considered

as pure classification problem, we evaluate model performance based on accuracy, f1- score. Here we want to
prove How Transfer Learning Technique Boost the model performance as compare to training from scratch.

© 2022, 13CSMC All Rights Reserved 137



Abhishek P. Nachankar et al, International Journal of Computer Science and Mobile Computing, Vol.11 Issue.2, February- 2022, pg. 136-142

Data Collection and Sampling Technique:

We Divided Data into Train-Validation-Test Split, Model training perform on Training set and check the
performance on validation set, will check model performance on test set once we finalize the model based on
validation performance. We have collected cotton leaf images on various open source Gitub repositories, and
randomly split images into respective folders.

Below is the Data Statistics of each class:
Training Data Statistics:

« diseased cotton leaf - 288 Images

« diseased cotton plant - 815 Images

o fresh cotton leaf — 427 Images

o  fresh cotton plant — 421 Images

Validation Data Statistics:

« diseased cotton leaf - 48 Images
« diseased cotton plant - 96 Images
« fresh cotton leaf — 75 Images

« fresh cotton plant — 83 Images

Test Data Statistics:

« diseased cotton leaf - 10 Images
» diseased cotton plant - 10 Images
« fresh cotton leaf — 10 Images

o fresh cotton plant — 10 Images

Presentation of Models:
In this section we presents important Building Blocks which are used in our projects and added brief
introduction of activation function, optimizers, loss functions, overfiting/underfiting:

Convolutional Neural Network (CNN):

Convolutional Neural Network is similar to the ordinary neural network. It is made of firing neurons,
learnable weights and biases. Each neuron receives some input and pass to intermediates layers and finally
provides the output. The structure of CNN is given below

Figure 4. Architecture of CNN

Acrchitecture of CNN consist of following layers as,

1. Input: It holds the raw image value. In this case image may be in any size (example: 150 x 150) with 3
channels i.e. RGB.

2. Convolutional layer: Output of input is fed to the convolutional layer and it extracts the feature using
convolution operation.

3. Pooling layer: Output of convolutional layers given to the pooling layer. Objective of this layer is to
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reduce the spatial size of the convolved features which reduce the computation power for processing the
data.

4. Hidden layer: Objective of the hidden layer is to add the complexity in the model for better learning. Each
hidden layer consists of activation functions

5. Flatten: Once final convolved features have been obtained then it is converted into 1-D array and fed to the
fully connected layer for learning.

6. Fully connected layer: It is a simple kind of feed forward network which accept the input and pass
through the different hidden layer.[9]

Activation Function:

An activation function in a neural network defines how the weighted sum of the input is transformed into
an output from a node or nodes in a layer of the network. Many activation functions are nonlinear and may
be referred to as the “nonlinearity” in the layer or the network design. The rectified linear activation
function, or ReLU activation function, is perhaps the most common function used for hidden layers. The
ReLU function is calculated as max(0, x). This means that if the input value (x) is negative, then a value
0.0 is returned, otherwise, the value is returned. Sigmoid function is one of the most widely used non-linear
activation function. Sigmoid transforms the values between the range 0 and 1

The softmax function is used as the activation function in the output layer of neural network models that
predict a multinomial probability distribution. That is, softmax is used as the activation function for multi-
class classification problems where class membership is required on more than two class labels

Loss Functions:

As part of the optimization algorithm, the error for the current state of the model must be estimated
repeatedly. This requires the choice of an error function, conventionally called a loss function that can be
used to estimate the loss of the model so that the weights can be updated to reduce the loss on the next
evaluation.

Binary cross entropy compares each of the predicted probabilities to actual class output which can be either
0 or 1. It then calculates the score that penalizes the probabilities based on the distance from the expected
value. That means how close or far from the actual value. Categorical cross-entropy is a loss function that
is used in multi- class classification tasks. These are tasks where an example can only belong to one out of
many possible categories, and the model must decide which one.

Overfiting/Underfiting:

Model is underfitting if the accuracy on the validation set is higher than the accuracy on the training set.
For example, using a linear model for image recognition will generally result in an underfitting model.
Alternatively, when experiencing underfitting in your deep neural network this is probably caused by
dropout. Dropout randomly sets activations to zero during the training process to avoid overfitting. This
does not happen during prediction on the validation/test set. If this is the case you can remove dropout. If
the model is now massively overfitting you can start adding dropout in small pieces. Additionally, if the
whole model performs bad this is also called underfitting.

Overfitting happens when your model fits too well to the training set. It then becomes difficult for the model
to generalize to new examples that were not in the training set. For example, your model recognizes specific
images in your training set instead of general patterns. Your training accuracy will be higher than the
accuracy on the validation/test set. We can reduce overfitting by adding more data, data augmentation,
adding regularization i.e dropout.

I1l. PROPOSED METHOD
3.1 MOBILENET ARCHITECTURE
Mobile Nets is a model constructed mainly from depthwise separable convolutions originally announced in
and afterward used in Inception models to decrease the volume of computation constraints in the first few
layers. Flattened networks construct a network out of fully factorized convolutions and presented the
potential of exceptionally factorized networks. Factorized Networks presents a similar factorized
convolution in addition to use of topological networks. Successively, the Xception network established how
to scale up depthwise separable filters to perform better than Inception V3 networks. Another small network

© 2022, 1JCSMC All Rights Reserved 139



Abhishek P. Nachankar et al, International Journal of Computer Science and Mobile Computing, Vol.11 Issue.2, February- 2022, pg. 136-142

is Squeezenet which uses a bottleneck method to design a very small Efficient mobilenet architecture as
image recognition on Mobile and embedded devices network. Other decreased computation networks
include arranged transform networks and deep fried convents. This section will describe the principal layers
that MobileNet is built on which are depthwise separable filters.

Mobilenet classification report:

precision recall fi-score suppert

2 1.82 1.88 1.22 43

1 8.9%8 2.98 a.38 28

2 @.99 @.99 8.99 75

3 8.98 2.99 a.98 83

accuracy 8.99 82
mMacro avg @.99 @.99 8.99 382
weighted avg 8.93 2.39 8,93 382

Mobilenet confusion matrix:

true value

predicted value

3.2 Data Augmentation in CNN
Data augmentation is a technique to artificially create new training data from existing training data. This is
done by applying domain- specific techniques to examples from the training data that create new and
different training examples.
Using some data augmentation technique for more data and better result
1. Sharing of Images 2. Random Zoom 3. Horrizontal Flip
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Methodology:

The input test image is acquired and pre-processed in the next stage and then it is converted into array form
for comparison. The selected database is properly segregated and pre-processed and then renamed into
proper folders. The model is appropriately trained by CNN and then organization takes place. The
correlation of the test image and the trained model take place superseded by the display of the outcomes. If
there is an imperfection or disease in the plant the software displays the disease along with the remedy.

Pre-processing and Training the model (CNN):

The database is Pre-processed such as Image reshaping, re-sizing and conversion to an array form.
Analogous processing is done on the test image. A database includes nearly 10,500 distinctive plant
species is collected, out of which any copy can be used as a test image for the software. The trained
database is used for train the model (CNN)to identify the test image as well as the disease it has. CNN has
distinctive layers that are Dense, Dropout, Activation, Flatten, Convolution2D, MaxPooling2D. Once the
model is trained effectively, the software can recognize the disease if the plant species is available in the
database. After effective training as well as pre-processing, based on comparison of test image and trained
model predicts the disease.

RESULT:

Model Accuracy has been increased by increasing number of epochs. In this work 100 epochs adopted
based on which could achieve 96.6% accuracy

Here it shows that prediction result when the model is predicted from scratch.

In the below figure, results verify that the model initialized with the pretrained weights shows
higher accuracy with 99% than the model trained from the scratch.
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CONCLUSION:

An application of detecting the plant diseases and providing the necessary suggestions for the disease has been
implemented. Hence the proposed objective was implemented on the cotton plant. The diseases specific to
cotton plant were considered for testing of the algorithm. The experimental results specify the projected
approach can distinguish the diseases with a nominal computational effort. With this technique, the plant
diseases can be recognized at the initial stage and by using the pest control tools problems can be solved
while minimizing risks to people as well as to the environment. In order to enhance disease identification rate
at several stages, the training samples can be improved with the optimum features given as input condition for
disease recognition and fertilization management of the crops. As a part of Future Enhancement the complete
process described in this work can be automated so that the result can be delivered in a very short time.
Further enhancements can include upgrading user interface and the accuracy to detect specific diseases along
with product recommendations
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