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Abstract

In the era of artificial intelligence, automation is becoming popular in every sector. The primary sector includes the agriculture
sector. Farmers are facing problems such as the identification of diseases in their plants, lack of proper treatment for the disease,
climatic changes that affect their yield, and low price for their crops. In this paper, we are mainly focusing on the disease
identification of bell pepper plants using deep learning architectures such as Alex Net, google net, ResNet (18,50,101), and Vgg
(16,19). We also focus on the detailed study of different pre-trained CNN architectures to analyze their performance and identify
which architecture is more suitable for disease classification in bell pepper. This paper also helps bell pepper farmers to identify
the disease with high accuracy compared to the traditional methods of disease identification. The new automation concept helps
bell pepper framers to identify diseases with less time and effort, which makes their work easier. The identification of disease at
an early stage with less effort will help the farmer to increase their yield. The paper will help to understand the performance of
different pre-trained convolutional neural network architectures with and without augmentation of images and also compare the
performance of the architectures. Based on these comparisons, it could find out that google net is more suitable for the
classification of images in bell pepper as compared to other architectures with augmentation, and vggl9 was observed to be best
for the classification of images without augmentation.
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Vggl9.

unsupervised, and semi-supervised. In Supervised learning,
I. INTRODUCTION there are two types of techniques, one is regression and other
is classification. In the case of regression, the values are
continuous and in the case of classification, the values are
discrete. In Unsupervised machine learning, the main tasks
include clustering, segmentation, dimension reduction, etc. In
semi-supervised machine learning, we have labeled data, then
we train the model and use the model for testing data. While
interacting with the model, it analyses the data and then gives

Artificial intelligence can serve to perform several practical
applications with automation. Machine learning is the subset
of artificial intelligence. In Machine learning, the most
important part is data. It acts as a statistical tool for analyzing
the data and prediction. There are different techniques
available in machine learning such as supervised,
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the output. Deep learning is a subset of machine learning. In
deep learning the main component is a neural network. The
emergence of deep learning is based on the concept of the
human brain. According to the researcher, Humans learn
things based on the thinking capacity of the brain. So, the
researcher uses this concept in deep learning and defining the
main aim of deep learning is to mimic the human brain, which
means machine should learn as similar way as that of human
brain. In deep learning there are different techniques such as
Artificial neural network, convolutional neural network, and
recurrent neural network. In this paper we focus on the CNN
concept in which input is either video or image. Application of
CNN include image classification, object detection, object
segmentation, tracking, so on [4,7]. This paper explains about
the transfer learning concept of CNN architecture and also
explains the Application of the CNN mainly the image
classification. The paper explains about the usage of CNN
architecture in diseases classification in bell pepper based on
different architecture of convolutional neural network such as
ResNet, Vgg, google net, and Alex net. The Paper explains
about the performance of different architecture in the noise
environment.

Paper is divided into different section as follows, first section
explains about the introduction of Deep learning, and its
different techniques. Second section explains about the
previous study which explains about the importance of our
work in the current time. Third section explains about the
Pretrained deep neural network. The fourth section explains
about the Main components of the CNN architecture. The fifth
section explains about the Pretrained CNN Architecture such
as ResNet and its different version, Vgg google net and Alex
net. Sixth section deals with the noise of an image, explains
about different type of noise in an image such as salt and
pepper noise, gaussian noise and speckle noise. The seventh
section explains about the methodology of the work and the
results obtained and finally last section mentions about the
conclusion

II. LITERATURE REVIEW

To understand more about the concept of deep learning and
its techniques, first we have to understand the basis of the
deep learning and its application. Since we are focusing on
classification of diseases in bell pepper using pretrained CNN
architecture, our literature review mainly focuses on CNN
architecture and the application of CNN architecture such as
object classification. The paper [1] explains about deep
learning concept in a detail way. Paper explains about the
basic concept of deep learning and its different techniques.
Analyzing of paper [1] make us to under the beginning of the
convolutional neural network. The main achievement of deep
learning is the feature extraction. In Deep learning the feature
extraction is done automatically, so the human effort is
reduced compare to machine learning. It also explains about
the architecture of deep learning. The architecture of deep
learning consists of multi-layer structure in which first layer
extract the lower features and the last layer extract the higher
features. Main technology in the deep learning network is the
convolutional neural network. Paper [2],[3] mentions the

convolutional neural network and its application. In this paper
the author tries to give the detail explanations about the CNN
structure. The deep learning concept was most popular only
because of the CNN model. The Main advantage of the CNN
model is that the features are extracted automatically. This
paper will give more detail analysis of the CNN architecture
and its different architectures such as Alex net, Resnet, Google
Net and so on. Our Paper focus more on the CNN
architecture and the image classification, so, our literature part
is pointed toward this area. Since the aims of the research
work is to identify the diseases detection in bell pepper. Paper
[4],[5] explains about the importance of computer vision in
agriculture. This paper provides the ideas of the image
processing and the machine learning in diseases classification.
The papers show the importance of large amount of image for
diseases classification. Paper [6],[7] mentions about the
diseases identification in plant using artificial neural network
and machine learning algorithm. Paper [6] mentions about the
disease’s classification with the help of segmentation, means
the background image and diseases part of the leaves are
separated, forming a variable parameter. With the help of
GLCM the features of diseases are evaluated. The diseases are
classified using tricolor mean values. Paper mentions about
the usage of back Propagation for classification of different
type of disease. Paper [7] mentions about the classification of
disease using machine learning algorithm. Disease is
identified in the leaves based on the color changes and shape.
Paper [8],[9],[10] gives the detail ideas about the classification
of diseases using ANN. In paper [8],[9] the input image is
converted into HIS color space. After this conversion, paper
[8] mentions about the clustering of image using squared
Euclidean distance, thus the images are clustered into different
group and evaluate the color and features of the image. Then it
is statically evaluated and best features are obtained. Using the
neural network, the image is classified. Paper [9] mention the
usage of threshold method for feature extraction of the image.
Classification of image is done by using self-organizing
mapping, the author mentions that the purposed work is
simple and giving average classification result but the
purposed work does not provide a better result from the
original image when the image is converted into frequency
domain. Paper [10] deals with the classification of disease
image, the image is classified using multi-layer perception.
Here the color features are extracted and calculate its region of
interest. The purposed model shows better result for some
images but not for all. Paper [11], [12] mentions about the
Navie based classification, here the author extracted the color
features using normalized histogram and shape of the image
using SURF and SIFT algorithm. The image is classified
based on KNN, Navie base and SVM. The paper conclude that
the Navie based classification shows better classification
results as compare to other classification algorithm. This
Navie based classification algorithm is used in the
construction of google Net CNN architecture. Paper [13]
mentions about the usage of fuzzy logic in disease
classification. The mean and standard deviation of the image
are identified and based on the fizzy rule the image is



classified as disease or not. Paper [14] mentions the
importance of combined classifier for diseases identification,
here the author uses three different types of SVM classifier
and threshold method is used for segmentation of the image.
The color, shape and texture of the image are extracted and
used as input for training. Three SVM are used in different
stage of the work, first SVM is used in the low-level features
and followed by the midlevel features and the last the high-
level features. This method shows high success rate as
compare to previous method. Paper [15],[16] mentions about
the CNN and its applications of image detection. Paper
mentions about the importance of CNN in plant disease
detection and conclude that deep learning algorithm shows
better prediction as compare to machine learning algorithm.
Paper [17],[18] uses different CNN architecture for the
disease’s classification in plant leaves. Paper [18] compare the
disease identification in Apple using multi-layer perception
and Alex net and found out that Alex Net shows better
performance as compare to another model. Same way the
paper [17] uses Lenet CNN architecture and conclude that the
LeNet shows better performance. While we analyzing this
paper, we can conclude that the CNN architecture performs
better as compare to Machine learning algorithm also while
comparing Lenet with Alex Net we conclude that Alex Net
has better performance. Paper [19] explains about the
pretrained architecture of CNN such as Alex Net and Vggl6.
It explains the importance of pretrained model and also
compare the performance of pretrained model with large
amount of image. Paper concludes that model with large
number of images have high accuracy and perform well as
compare to small number of images. Paper [20] explains about
the different architectures of CNN and also mentions about the
emergence of deep learning and its application.

III. PRETRAINED DEEP LEARNING
NETWORK

[21,22] explains about the usage of transfer learning. Pre
trained network in deep learning is defined as the networks
that are trained to extract most powerful features from the
images and use these features to learn new tasks. In most of
the cases, the network is trained with ImageNet database
which is used in ImageNet Large-Scale Visual Recognition
Challenge (ILSVRC) [23]. The networks is trained with large
amount of images having a class of thousand. Emerging trends
of pretrained models helps to make the process faster and
easier as compared to the model that are created from the
scratch. The pretrained networks are generally used for
classification, feature extraction and transfer learning. In
classification problems pretrained network are directly used
for classification of an image. Each pretrained network has
different characteristics. The most important characteristics of
pretrained models are network accuracy, size, and speed. The
network is selected on these characteristics. A network is
considered to be good if it has high accuracy and speed. The
accuracy of the model is measured based on the classification
accuracy. A network with good classification accuracy will
function properly on a new task because of its learning

capability. Feature extraction is done when we are using a
low-cost system, means if we have no GPU facilities. In
feature extraction, there is need for training all networks. The
features of the image are extracted using pretrained model and
the extracted features are given to train the Machine learning
classifier. The feature extraction is used when we have small
data set which are similar to pretrained network. Last purpose
of pretrained deep neural network is the transfer learning.
Transfer learning is the process in which a trained network
which is used for one task can be used for another task. By the
concept of transfer learning, training process in deep learning
become faster and easier as compared to the architecture that
is developed from scratch. Transfer learning concept is mainly
used for object detection, image classification, video and
audio detection and classification. Choose of transfer learning
model is basically depend on the size, efficiency and simple
nature. Selection of pretrained model includes the selection of
simple model such as google net, Alex net and so on. To
Classify the new task, some layers in the transfer learning
model are replaced. This means that for new purpose, the fully
connected layer and out classifier layer of the CNN
architecture are replaced in the new task. This replacement
means number of classes in the new task. Optically freezing
the weight include the freezing the weight of previous layer,
this is done by assigning the learning rate to zero. Freezing of
the weight also helps to prevent overfitting issue that are
caused due to small amount of data set. Retrained model
includes the updated model with new features of the image. In
most of the cases, the retrained model requires less amount of
data than training a model from scratch. Final stage of work
flow includes the predict and asses the new network accuracy.
It includes the performance of network with new image.
Figure 1 shows the work flow of transfer learning model.
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Fig 1. Work flow of transfer learning, taken from MATLAB

IV.MAIN COMPONENTS OF CNN
ARCHITECTURE

Paper [20,23,25] mentions about the important componence in
CNN architecture. It includes convolutional layer, pooling
layer, activation layer, fully connected layer and loss function.
In addition to this it also consists of filters, stride,
optimization, padding and hyper parameter tuning. In this
section we will explain about these CNN components. Before
we begin with CNN, let us take the example of human brain.
Human brain is divided into three different parts such as mid
brain, hind brain, forebrain. Fore brain consist of cerebral
cortex which consists of visual cortex, the visual cortex
consists of different layer such as V1, V2, V3, V4 and V5. V1
layer is responsible for finding the edges of the images. V2
layer responsible for gather additional information than V1.
Similarly, V3, V4 and V5 also gather some information and
perform operation and thus we classify the image. In the case
of convolutional neural network, filters are used to perform
these operations.



A. Convolutional

Image is generally represented as pixel. Suppose an image is
6*6 pixel, if the image is grey scale, then values of the pixels
range from O to 255. In the case of color image, image is
represented as three channels and is denoted as 6¥6*3. Values
of pixels in the color images are between O to 255. To
normalize the pixel, we use min-max scaler and thus the pixel
values of the image is reduced. Consider an image which is
represented as 6*6 matrix as follows

[

Here O denotes white and 1 denotes black. Then there is a
filter, which perform the function similar to the different
layers of visual cortex of the human brain. 3*3 filters are
represented as follows

+1 0 -1
+3 0 -3
+1 0 -1

The above mention filter is a vertical edge filter. When we
apply convolution operation to above matrix, we will get a
matrix with 4 *4. In convolutional operation, filter is placed
above image and multiplication operation is performed. Here
we use a stride of one, which means after one multiplication
operation we move one step right and this process is repeated
until the operation is completed. Here the result is express as
following matrix.

0-9-90
0-9-90
0-9-90
0-9-90

From the above operation, we can generate a formula for the
pixel value of an output. Formula is

O =N-F+1 (1)
Were
O = output size
N= pixel value of an image
F= filter size
Here, we can see that for 6*%6 image size we get an output of
4*4, means there is a loss of information, to avoid this we can
use padding [24] . Padding is the process of adding a layer to
the image. For example, in 6*6 image if we use padding of
size one, then there occurs an addition of one row upward and
one row downward, one column left and one column right.
Now the image pixel size is changes to 8*8. Then applying a
filter, we get an output of size 6*6. Equation (1) is changed to

O = N+2P-F+1 )

Were

O = output size

P=Padding

N= pixel value of an image

F= filter size

In CNN architecture, there are many filters used with
different size, it can be either vertical filter or horizontal filter,
and also, in CNN values of filters are updated based on the

back propagation. Initially the values of the filters are selected
based on random ways. Activation function is applied to each
value of the output. The generated result is the output of the
convolutional layers.

B. Pooling Layer

Paper [25] mentions about the pooling layers. In CNN
architecture the pooling layer is place after the convolutional
layer, which helps to down sample the output of the
convolutional layer. It is done by sliding the filter and
calculate its average or maximum. There are different types of
pooling, such as Max-pooling, Min Pooling, and average
pooling. Max Pooling and average pooling concept can be
explained with an example. Suppose if we have an output
feature of 3*3 and filter of size 2*2, when we place filter to
output feature of convolution operation, in Max-pooling for
every operation we take the maximum value. Output feature of
convolution operation can be represented as

NN
co Ul N
O N W

Here, we take stride of two, in Max-pooling during the first
operation we take the maximum value from the feature map,
here it is 5. Since we choose the stride as two, so it shifts to
two position, same previous operation is done and maximum

value is found out. final output is as follows
5 6
8 9

Thus, in Max pooling operation will take maximum intensity
value from the output of the convolutional layer. So, in case of
images, after Max pooling, features of the image is detected
properly. In the case of Min pooling and average pooling only
change is that the final value will be minimum value for min
pooling and average value for average pooling. The value of
the filter will be updated after the back propagation and this
process will continues until we get the correct result.

C. Fully connected layer

The output of the convolutional layer or in some case pooling
layer will be connected to the fully connected layer or dense
layer. Here every input vector influences every output vector
by learnable weight. In CNN architecture there are one or
more fully connected layer. Final fully connected layer in the
CNN architecture consists of nodes which is equal to the
number of classes.

D.Optimizers

Paper [26] mentions about the optimizers in deep learning.
The Optimizer is defined as the algorithm or a method that is
used to change the neural network attributes such as weight
and learning parameter so that loss in the network can be
reduced and provides accurate result. Different optimizers
used in CNN includes Gradient descent, Stochastic gradient
descent, Mini batch, Momentum, Adagard, Adadelta, and
Adam. Gradient descent is the basic optimizer in deep learning
and it is used in classification and problem regression. It
depends on first order derivate of loss function. Here the
weight is adjusted to minimized the loss. Main advantage of



gradient descent is its implantation, computational easy and
simple nature. At the same time, it also faces some drawback
such as it requires more memory and takes long time.
Stochastics gradient is a variant of gradient descent and the
parameter of the models are changed after computing the loss
at each training. As the parameters are updated frequently it
converges in less time. Also, this optimizer requires less
amount of memory. Stochastic optimizer faces some issues
such as high variance in model parameter. In Mini batch the
parameter is updated at every batch so the model has less
variations. In this optimization algorithm dataset is dived into
batches. When the learning rate is too small it takes lot of time
to converge. Momentum optimizer was developed to solve the
problem of high variance and soften the convergence.
Momentum optimizer accelerate towards relevant direction
and reduces fluctuation toward irrelevant direction. Adam
Optimizer combine momentum and RMS PROP. RMS Prop
helps to change learning rate in an efficient manner. The
Adam optimizer will converge rapidly and thus solve the issue
of vanishing learning rate

E. Activation Function

Paper [27,28,29,30,31] mentions about different activation
functions used in deep learning architecture. It defines as the
function that is used to transform the input signal to output
signal and is used as an input for next layer. A Neural network
consist of input layer, hidden layer and output layer. All these
layers have nodes and each nodes have weight and these are
used when processing a network. Suppose, while processing a
neural network, an activation function is not used, then the
output will be a linear equation which is either a simple or
complicated. This liner equation does not have the capability
of learning a complex mapping from the image or data. A
neural network without an Activation function will perform as
a linear regression network or model with limited
performance. While designing a neural network, the main aim
of the developer is to develop a network which can able to
perform complex task with help of activation function.
Activation function can be divided into two class, linear and
nonlinear. In the CNN architecture we use the nonlinear
activation functions . There are different type of activation
function such as sigmoid, tanh, Sigmoid-Weighted Linear
Units, Derivative of Sigmoid-Weighted Linear Units (dSiLU),
Rectified Linear Unit (ReLu) Function, SoftMax function.
Here we will discuss more about ReLu and SoftMax. Paper
[30] mention about the ReLu activation function. It was
invented in the year 2010, and widely used in CNN
architecture as the activation function. It performs better as
compare to other activation function, shows a linear function,
faster computation and sparsity in hidden unit. Thus, ReLu
activation function is easy to optimize with gradient decent
method. The Activation function ReLu is given as

F(Y) =max. (0, Y) 3)

The activation function also faces some issues such as
overfitting issue. In training, the ReLu become fragile and thus
neuron will not be active as a result there will not be any
weight updating in future data. To solve this problem the leaky
ReLu was introduced. In the case of leaky ReLu a small
negative slope is introduced to the ReLu structure such a way
that the weight updating is active throughout the training

process [31]. The alpha parameter was introduced in the ReLu
activation function to overcome the issue of dead neuron. The
function of Leaky Relu is given as

f(y)=0.0ly, y<0

f(y) =y, y>=0 “4)

where ais the alpha, which is constant value.

Parametric Rectified Linear Units (PReLU) is another type of
ReLu activation function. Here negative slop is not fixed and
varies with respect to y equation of PReLLU and is given as
f(y) = ay y<0

fx)=y y>=0 ®)

This activation function will overcome the problem of
gradient of ReLu equal to zero in case of negative values. The
alpha value is learnable while training with back propagation.
Exponential Linear Unit (ELU) is a type of ReLu. In ELU a
parameter slope for the negative values of x is introduced and
uses a log curve for showing negative value. The
mathematical expression for ELU is given as

fy)=y y>=0

fx)=oa(e"-1), y<0 (6)

Soft max function is another type of activation function. It is
the combination of sigmoid activation function and used in
multi classification problem. It is generally used when the
classes are mutually exclusive. The formula for soft max is
given as

2z

— evi‘
]
@)

Table 1 shows the Activation function that are used in
different CNN architecture

Table 1. Activation function

CNN Activation Function
Architecture

Vggl6 ReLu

Vgg 19 ReLu

Resnet 18 ReLu

Resnet50 ReLu

Resnet 101 ReLu

Alex Net RelLu

Google Net  ReLu

F. Loss Function

It is used to check the performance of algorithm on the data
that we choose. In Mathematical terms the loss function is
defined as the difference between predicted value and the true
value. It is mainly used in training process to check the fitting
of training data. The output of the loss function is used as a
feedback signal for weight adjustment. This makes the loss
function more important for the optimization process. While
modelling an architecture it is very important to choose a
proper loss function for the better performance of the model.
There is different type of loss functions available based on the
problem that we choose. In Regression type problem loss
functions are Mean square error, Mean absolute error, Huber
loss. In classification type problem, loss function used here is



Binary cross entropy, categorical cross entropy, hinge loss.
Similarly for Auto encoder we choose KL divergence as the
loss function and lastly for the object detection we choose
focal loss and triple loss. Our work is to classify diseases
presented in the bell pepper plant,paper explains about some
of the loss function that are used in the classification problem.
Binary cross entropy loss function is used in binary
classification problem where the main aim of the loss function
is to predict two possibilities of outcome. It calculates the
difference between predicted probability and true labels.
Mathematical expression for binary cross entropy is given as
L(Y predicteds Y true ) =-Y true * IOg(Y predicted) - (1‘ Y true )
*IOg(l- Y predicted) (8)
Binary cross entropy is differentiable and easy to interpret. It
also faces some drawback which include, cannot be used for
multi class classification problem and highly dependent on
outliers. In the case of Binary cross entropy loss function,
activation function should be sigmoid. Categorical cross
entropy loss function is mainly used in multi classification
problem. It measures the difference between predicted class
probability and true labels. Mathematical expression of
Categorical cross entropy loss function is given as
L (Y predicted, Y true ) =

sum over all class (Y ue * 10g (Y predictea)) (9)
Here the targeted vector is represented as one hot encoded
vector. Each class is represented as binary, in case of correct
class it is represented as 1 and for other it is represented as O
Hinge loss function is another type of loss function that is used
in the classification problem where SVM model is used. It is
used in binary classification problem.

V.PRETRAINED CNN ARCHITECTURE

This section explains about the pretrained CNN architecture
such as Alex Net, Google Net, Resnet 18, Resnet 50, Resnet
101, Vggl6, and Vggl19

A.Alex Net

[32-36] mentions about the Alex Net architecture. It consists
of five convolutional layer and three fully connected layer.
Alex Net architecture mark a significant way to the
convolutional neural network as it introduces ReLu activation
function in CNN architecture. Introduction of ReLu activation
function helps to make CNN architecture faster. It also gives
solution to overfitting issues in the CNN architecture, by
introducing the dropout layer. Figure 2 shows the general
architecture of Alex Net
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Fig.2 Alex Net Architecture
Alex Net uses an input image of size 227. Input image pass
through the convolutional layer plus ReLu and produce an
output, which is pass through Max pooling layer and moves to
another convolutional layers plus ReLu. Each convolutional

layer used in the Alex Net is of different filter size. Max pool
layer has a stride of two. From the above process we can say
that, as the filter number increases the feature extraction capa-
bility also increases and vice versa. Drop out layer used in the
Alex Net activate fifty percentage of neurons. Depend on the
size of the image the fully connected layer extract the features.
Main advantage of Alex Net architecture over other convolu-
tional network is the feature extraction. The convolutional
layers extract the edge of the image or data and fully connect-
ed layer will learn the image or data. Same way the Alex Net
also faces limitations such as depth issue, use of large CNN
filters. Compare to other architecture depth of Alex Net is less.

B.Vgg 16

[ 32,35-37] explains about the Vgg 16. Vgg 16 consist of 13
convolutional layer and 3 fully connected layer, followed by
Maxpooling layer and a SoftMax layer. Vgg 16 has large size
of architecture (515 MB) and has large number (138 M) of
learnable parameter. Vgg 16 provides a stable and high
accuracy result in classification problems. Figure 3 shows the
general architecture of Vgg 16.
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Fig 3. Vgg 16 Architecture

In Vgg 16 architecture input is of size 224%244 and the filter
used here is of fixed size 3*3. The output of the convolutional
layer will pass through a max pool layer having a stride of
two. There are two set of filters with size 512, output of these
convolutional layer will pass through a Maxpooling layer of
stride two, fully connected layer will extract the feature and
last it will classify the image. The main draw backs include,
slow training time and large network size of Vgg 16 is large so
it requires large amount of space.

C. Vggl9

[38,39] mentions about the Vgg 19 architecture. Vgg 19
architecture is similar to Vgg 16 architecture with addition of
three CNN layers. Figure 4 shows the architecture of Vgg 19.
Image size used in Vgg 19 is of 224%224. The convolutional
layer used here is of same size of 3*3. Each output from the
convolutional layer will go to the Maxpooling layer and
finally go to fully connected layers. The additional part of this
convolutional layer made the architecture bigger in size and
increases the learning parameters as compare to Vgg 16.
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Fig.4 Vgg 19 architecture
Compare to Vgg 16, Vgg 19 increase the depth but still faces
the issue of large network size and slow training time.



D.Resnet 18

[40-43] gives a detail idea about the Resnet 18 architecture. It
consists of 17 convolutional layer and one soft max layer,
which is shown in figure 5. Similar to Vgg 19, Resnet 18 uses
the filter one of size 3*3. The down sampling process in the
Resnet 18 is done by the convolutional layer of stride two.
Pooling layer used in CNN structure is average pooling and a
fully connected SoftMax layer is also present. There are two
connection presents in the architecture. One connection is used
when input dimensions is equal to output dimensions similarly
the other connection is used when the dimensions of the image
is increased [42].
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Fig. 5 Resnet 18 architecture

E. Resnet 50

Resnet 50 is another version of residual network, [44,45]
which consist of 50 layers. It uses convolutional layers of 1
*1, 3*3 and 1*1. It has five convolution stages which includes
stage 1 consists of single block of layer followed by stage 2
consist of block of size three, stage 3 consist of block of four,
stage 4 consist of block of six and stage 5 consist of block of
three. Block of each stage consist of convolutional layers of
size conv (1*1), conv (3*3), and conv (1*1). This architecture
uses average pooling. With Average pooling and down
sampling, size of the feature map is reduced. In addition to
above layer there is a fully connected layer which helps to
classify the image. Including these fully connected layers,
total of 50 layers is present which is called as ResNet 50.
Figure 6 shows the general architecture of Resnet 50
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Fig.6 Resnet 50 Architecture

F. Resnet 101

[46-48] mentions about the detail study of ResNet 101
architecture. Resnet 101 consist of 99 convolution layers and
average pooling layer. For the development of building block
convolutional of size 1*1 is added. It has five convolution
stages, stage one consists of single block of layer followed by
stage two consist of block of size three, stage three consists of
block of four, stage four consist of block of twenty-three and
stage five consist of block of three. Block of each
convolutional stage consist of convolutional layers of size
conv (1*1), conv (3*3), and conv (1*1). Figure 7 shows the
general architecture of ResNet 101
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Fig.7 Resnet 101 Architecture

When we compare the architecture of Resnet 101 and Resnet
50, the only difference is the conv 4 block where it consists of
23 convolutional layers in 101 ResNet, where as in case of
ResNet 50 it consists of only six convolutional layers. Resnet
101 has a depth of 101 whereas the Resnet 50 has a depth of
50.

G.Google Net

[49-53] mentions about the google Net architecture, which
was developed by the researcher of google. It consists of depth
22, having a pooling layer of twenty-seven along with
inception module of nine. These modules are connected with
average pooling layers. Max pooling layers are also used here.
Activation function used here is ReLu and the architecture
consist of forty percentage of dropout. Figure 8 shows the
general structure of google Net. Initial convolutional layer is
used for resizing an input image, followed by the second
convolutional layer which is wused for dimensionality
reduction. The inception module contains the max pooling
layer which down sample the image. Average pooling layer
presented in the architecture calculate the mean average from
the output of the last inception module. The drop out layer
helps the architecture to prevent from overfitting.
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Fig.8 Google Net architecture

VI. NOISE IN IMAGE

Noise in an image is defined as the variation in the color or
pixel value of an image. It is caused due to the external factors
of the system or the environment. The noise can be added to
the image due to several factors such as transferring of image
to electronics device, some factors of heat while capturing an
image, and the variation in specification of camara. There is
different type of noise such as gaussian noise, Salt and pepper
noise, Poisson noise and speckle noise. Our Model mainly
focus on Gaussian, salt and pepper and speckle noise.

A. Gaussian Noise

It is also known as electrical noise and is defined as the noise
having the probability density function which is similar or
equal to normal distribution. Noise is implemented in the
image by using random gaussian function. Figure 9 shows the
gaussian noise in an image



(a) (b)
Fig.9 (a) Original image (b) gaussian noise

B. Salt and pepper Noise

It is a type of impulse noise, which is added to the image by
the addition of random dark and bright values to the image. It
also is known as data drop noise. Fig 10 shows the salt and
pepper noise along with original image

(a) (b)
Fig.10 (a) Original image (b) salt & pepper noise

C.Speckle Noise

It is a granular noise that affect the quality of the image. It is
generated in an image by multiple random value of pixel with
different pixels. Figure 11 shows the speckle noise in an
image.

(a) (b)
Fig.11 (a) Original image (b) speckle noise

VII. PROCEDURE OF THE WORK

The Procedure of the work is explained in Figure 12. It
includes the collection of images, preprocessing, training with
different CNN architecture, addition of noise to testing image,
testing of CNN architecture based on noise and without noise
and finally analyzing the performance of different CNN
architecture based on the performance, while testing and
training.

Training with
different CNN
Architecture

Image

Input image Preprocessing

Trained
architecturc of
CNN

Testing Image

!

Classification of
leaves as Healthy
or diseases

Noise Addition

Fig.12 Block diagram of purposed model

A. Input image or data set collection.

The major challenge that we face while doing the project is the
collection of images. Collection of large amounts of image
from the farm with camara is a time-consuming task. So, we
consider secondary data set which is also known as bench
mark dataset which is available in plant village on Kaggle site.
Figure 13 shows the sample of the dataset which are used for
training.

Bl e

Fig. 13 Sample image for Training CNN Architecture
B. Image Preprocessing

In Image preprocessing, collected images are analyzed and
changes are made if needed. Image that we collected from
plant village data set is of size 256%256.In our project work
we use folder wise labelling. We create two folder and name it
as bacterial spot and healthy and fill this folder with bacterial
spot diseases and healthy leaves images. Also, we make sure
that the data set is balanced. Table 2 shows the class number
that are used for classification of diseases. The data set is
divided into training and validation, for our work we choose
75% of data for training and 25 % for validation

Table 2. Classes used in the Project work
Class No Class Name
0 Bacterial spot
1 Healthy




C.Training of Model

We done our project work on MATLAB 2022b version in
single core CPU hardware and single core GPU hardware. The
Project work was done on two different phases, one is training
of image without augmented and other is with augmented. To
identify which architecture is more suitable for the
classification of disease in bell pepper plant, we trained the
dataset with different CNN model such as google net, Alex
net, ResNet 18, 50,101 and Vgg 16, vggl9 with above
mention phases. For training of different architecture, we
choose the hyperparameter as follows.

e Choose the optimizer as stochastic gradient

e Set minibatch size as 9

e  Make the verbose false

e Make validation frequency as 30 for without

augmentation and 206 for augmented.
e Make initial learning rate as 0.01 for without
augmented and le* 10" for augmented

o  Training data is shuffle at each epoch
Training process is done with above parameters and also with
augmented data and without augmented data and the
performance of different CNN architecture is analyzed. Based
on the analysis we found out that the Vgg 19 and google Net
are the best architecture for the classification of diseases in
bell pepper. Figure 14 shows the training process of the best
architecture without augmentation.
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Fig.14 Training process of (a) Vgg 19 (b) Google Net
architecture without augmented

Table 3 shows the validation accuracy and time for training
different CNN architecture without Augmentation. Here we
use maximum iteration of 41200 along with iteration per

epoch 206 and constant learning rate schedule. Hardware is
single core CPU

Table 3. validation accuracy of different pretrained model

CNN Arec. Vali  Train. Hardw Max. Iteration/ep

Acc. Time are Iterati  och
(min) on

Alex Net 914  40.57 CPU 41200 206
2

Google Net  89.4  40.37 CPU 41200 206
8

Resnet 18 91.1 39.38 CPU 41200 206
0

Resnet 50 91.2  36.51 CPU 41200 206
6

Resnet 101 91.1  36.51 CPU 41200 206
0

Vgg 16 90.1 37.40 CPU 41200 206
3

Vggl9 94.6 3832 CPU 41200 206
6

Similarly, figurel5 shows the training process of google net
and Vgg 19 architecture with augmentation. In augmented
training process we use hardware of single core GPU.
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Fig.15 Training process of (a) google net (b) Vgg 19
architecture with augmented

Table 4 shows the validation accuracy and time for training
different CNN architecture with Augmentation. Here we use
maximum iteration of 41200 along with iteration per epoch
206 and constant learning rate schedule. Hardware is single
core GPU



Table 4. validation accuracy of different pretrained model

Bacterial spot

229
371%

healthy

Output Class

20
3.2%

Confusion Matrix

13

2.1%

356
57.6%

94.7%
5.3%

CNN Arec. Vali  Train. Hardw Max. Iteration/ep

Acc. Time are Iterati  och
(min) on

Alex Net 99.8  83.57 GPU 41200 206
4

Google Net  99.6  118.30 GPU 41200 206
8

Resnet 18 100 106.17 GPU 41200 206

Resnet 50 99.8 29141 GPU 41200 206
4

Resnet 101 100 559.32 GPU 41200 206

**Vgg 16 99.8 14434 GPU 41200 206
4

**Vggl9 99.8  372.26 GPU 41200 206
4

** Comparing with other network Vgg 16, 19 takes large time
to finish. Here we manually stop the training process. In case
of Vgg 16 the training process is stopped at the epoch of 138
and performance is evaluated. Similarly, the Vgg 19 the
training process is stopped at the epoch of 77. In both the
cases the architecture reaches the saturation level.

D.Testing of CNN Architecture and Result analysis

To know the performance of the architecture in identifying the
disease, testing is important. We have taken the images which
is available in google images for testing the CNN architecture.
Firstly, we select images for testing, after that we change the
size of the image based on the requirement of the CNN
architecture. After resize, the image we evaluated the image
using different CNN architecture and the performance is
noted. It was done for both augmented and without
augmented. Performance of the CNN architecture is evaluated
by plotting the confusion matrix and classification capability.
Figure 16 shows the confusion matrix of google Net and Vgg
19 architecture that are used for classification of diseases
without augmentation.

Confusion Matrix
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Figl16 Confusion matrix of (a) Google Net (b) Vgg 19 without
augmentation

Figure 17 shows the confusion matrix of google Net and Vgg
19 architecture that are used for classification of diseases with
augmentation.
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Fig17 Confusion matrix of (a) Google Net (b) Vgg 19 with
augmentation

From the confusion Matrix we can calculate the accuracy,
precision, recall, specificity and F1 score of different CNN



architecture. This can be calculated by the following
mathematical equation.

Accuracy = (TP+TN)/ TP+TN+FP+FN (10)
Recall = TP / (TP+FN) (11)
Specificity =TN/(FP+TN) 12)
Precision =TP/(TP+FP) (13)
F1 score = 2*TP/(2*TP+FP+FN) (14)

Were
TP = True Positive
TN = True Negative
FP = False positive
FN = False Negative

Figure 18 shows the accuracy, precision, recall, specificity, F1
score of different CNN architecture, without augmentation.
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Fig 18. Performance evaluation of different CNN architectures
without augmented

Figure 19 shows the accuracy, precision, recall, specificity, F1
score of different CNN architecture with augmentation.
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Fig 19. Performance evaluation of different CNN architecture
with augmented

When we evaluated the architecture with augmentation, we
found out that Resnet network undergoes the fitting issues and
the images are classified wrongly but the accuracy and the
other parameter of the ResNet architecture is very high as
compare to other architecture. Performance of the architecture
are in the range of 99 to 100 percentage and the difference is
the classification capability of the CNN architecture. Based on
our study we found out that the google Net and Vgg 19 shows
the better performance, still these architectures also face some
problems. Main problem associated with the Vgg 19 is the
training time. In case of augmented data the training time is
very large which is mentions in the table4 and the size of the
architecture is very high. This problem should be considered
in the future for the development of the CNN architecture. In
case of google Net the training time is less as compared to
Vgg 19. Google Net architecture is lightweight, so it requires
less amount of space for the implementation and the
computational cost is also less. But it faces the issues of
accuracy, recall, precision, specificity and F1 score. Compare
with Vgg 19 it has less performance which should be consider
in future. Figure 20 shows the tested image result that we get
in the augmented image. Here images are taken in random
way and the gaussian, salt and pepper and speckle noise is
added and evaluated the classification capability of the CNN
architecture is evaluated.
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Fig. 20 Tested result that we obtained in google Net
architecture

(a), (f) is the image tested in a normal condition, (b) is the
image with low quality and (c), (d) and (e) is the tested image
in noise condition. Similarly, the images are also tested
without augmented condition. In low quality and in Gaussian
noise condition capability of the Vgg 19 and google Net for
classification is low which means the architecture was
classified wrongly. In this case the performance evaluation

parameter is also low. Among this architecture we analyzed,
we came to a conclusion that the Vgg 19 and Google Net
performs well as compare to other CNN architecture. Even
though Vgg 19 and Google Net architecture performs well, but
their performance evaluation parameter such as accuracy
precision, recall, and specificity is low and it should be
addressed in future.

VIII. CONCLUSION

In this project, we analyzed different pre-trained CNN
architectures such as Vgg 16, Vgg 19, Resnet 18 Resnet 50,
Resnet 101, Google Net, and Alex Net in different conditions
such as augmented condition, without augmented condition,
Noise condition, and low-resolution condition. Based on our
study, we concluded that Google Net and Vgg 19 show better
performance. Thus, we concluded that Google Net and Vgg 19
are better for the classification of diseases in bell pepper. The
purposed work will help the bell pepper farmers to identify
diseases at an early stage and will help the farmers to provide
solutions to the diseases. The identification of diseases at an
early stage will help the framers to provide proper treatment
and thereby reduce the further spreading of the diseases. The
model provides a pathway for automation, which will help the
bell pepper farmers and agriculture departments which are
related to bell pepper and make their work easy. This project
will help the researcher to analyze the different pre-trained
models and identify the issues related to each pre-trained
architecture and develop an architecture that can overcome the
issue that is presented in the existing pre-trained architecture.
The future development of the work includes the development
of an architecture that has high accuracy, precision, recall,
specificity and F1 score as compare to the Vgg 19 and Google
Net in both augmented data and without augmented data and
have high classification capability and should be lightweight.
The development of an application for diseases identification
will make a huge impact on the life of bell pepper farmers.
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