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ABSTRACT

Potato is one of the essential foods and root vegetables in the world and is also the staple
food in some different nations. Globally It is the fourth-largest food and now the seventh-
largest growing food in Bangladesh. Most of the time, the fungus infects potatoes. Our
farmers' profit, food demand, and food security majorly depend on Identifying proper
diseases and giving solutions. At present, Image processing technology mostly performing
the detection of identifying diseases. So, we used six different architectures of
convolutional neural networks (CNN) in the deep learning field. The architectures are
MobileNet, Xecption, Inception V3, VGG16, ResNet50, VGG19. From these
architectures, one of the most popular CNN architecture is MobileNet that found the best
result in our observation. For this approach, we used the potato image dataset. Here
classified our dataset into three different classes where infected potatoes are two classes
and a fresh potato class. This work can help to detect the disease of potatoes. This system
will make it easier for farmers and researchers to find out potato diseases. It is much easier
to Identify potato diseases in this method than to detect and classify the potato diseases
manually, and it is possible to Identify potato diseases in a short time. This will be helpful

for those who will be working with CNN.
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CHAPTER 1
INTRODUCTION

1.1 Introduction

The demand for the rising of potatoes is increasing day by day around the world. As a
result, people take fresh potatoes as food in their daily life. In the last year 2019, the
production of potatoes was 423 million metric tons. Potatoes provide essential nutrients,
and it gives the calories to the human body. It has many different diseases, such as fungus
and bacteria. Potato production is reduced due to fungal diseases. Fungal diseases are
mainly occurred due to Fungal infection. Potato production seriously decreases when
Fungal infection on potatoes increases a lot. It damages the skin of the potatoes and
decreases the growth of the potato, and the beginning of this infection is from the infected
soil, weeds. As a result, the farmers have to face many losses. For these diseases, the
production of potatoes is decreasing day by day. Due to this reason, there is a huge
possibility of a deficit of potatoes and an increase in the price of potato cost. If the machine
can initially detect this disease, people will quickly get rid of this potato shortage. In that
case, farmers will also get benefit from it. We collected image samples of the inside and
outside of the potatoes to detect the diseases and then divide the samples into different
categories based on fresh and infected potatoes. In this case, here research has worked on
two diseases of potato, one Blackheart and the other Common scab. When potatoes are
infected with Common Scab, brown blisters appear on their skin. When black heart disease
occurs in potatoes, then inside on the body show black spots and holes. As a result, the
machine can easily identify the samples of potato images accurately. As a result, the
machine can make a difference between healthy and sick potatoes correctly. If researchers
collect potatoes directly from the field and detect the disease, the time will increase, and
accuracy will decrease, and also the researchers do research from our observation, then
their working time will reduce, and the accuracy of the working process will increase. For
detecting potato diseases, here used a deep learning approach that is part of computer vision
technology. We collected the image data, divided it into three different classes, then trained

85% of the image data from our data set, 10% of data is used for validation, and tested 5%
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of the data from our dataset. Then applied this data set into CNN algorithms for getting the
expected outcome. Then the system has shown different types of charts for the visualization
of the expected outcome. From the CNN algorithm, which model achieves the high

accuracy, took that accuracy as the final result.

1.2 Motivation

Potato diseases are a vital issue for growing potatoes. Lots of potatoes have been wasted
for different types of diseases. Potato collectors face problems finding out about the
diseases. Sometimes they do not know the type of diseases of potatoes. For this reason,
they cannot take the initial step to reduce the diseases. That is why we want to create a
system that identifies diseases by taking pictures. After finding diseases, the system will
give some solutions to reduce diseases. Increase the production of potatoes that will impact

our national economy.

When we were thinking about our final year project, we deeply observed that deep
learning-related work had been much less in Bangladesh. But compared to that, a lot of
machine learning-related work has been done in Bangladesh. In Bangladesh, there was no
work to detect potato diseases digitally. Then we decided to create a system that can easily
find out the potato disease digitally. The farmers and researchers from agricultural
universities can quickly identify potato diseases. Both farmers and researchers will easily
take the step to protect the potatoes by finding the potato diseases digitally. At the same
time, the nutritional value of potatoes and the quality of potatoes will be easily increased.
When potato diseases find out easily, the possibility of loss to the farmer will be reduced
and increase potatoes production. As a result, the rate of export of potatoes in Bangladesh

will increase manifold.
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1.3 Problem Statement

To detect the potato diseases manually, the farmers face many problems, and many times,
they cannot easily detect potato diseases correctly. Digital identification of potatoes is an
accurate and effective method to overcome this problem, and this method is much less
costly than manual detection. Through the digital method, the rate of accurate identification
of potato diseases is much higher than the manual method. That is why we have chosen the

deep learning (Convolutional Neural Network) method for identifying potato diseases.

1.4 Working Procedure

e Topic selection

e Topic analysis

e Go to the field to collect data

e Take interviews from potato cultivators

e Dataset Collection

e Google Colab as implementation tools

e Data preprocessing for reshaping image.

e Apply algorithm CNN

e Apply models are MobileNet, Xecption, Inception V3, VGG16, ResNet50,
VGG19

e Reach the final Result

e Result in visualization as the confusion matrix

1.5 Objective

We are going to detect potato diseases using deep learning. First of all, we have to collect
data. Then, we will use a convolutional neural network (CNN) algorithm in the deep
learning field. CNN algorithm helps to detect the images of potato diseases that we will

collect. As a tool and language, we will use Python.

e Interact our dataset to the program for identifying diseases.

©Daffodil International University 3



e To help cultivators for finding disease potatoes.
e To know about the importance of fresh potatoes.
e To know about the importance of deep learning.

e To know how to implement image data in the CNN algorithm.

1.6 Expected Outcome

Digital methods help diagnose potato diseases in a very short time. Our main target is
Increasing the accuracy rate than the previous potato disease detection of other researchers.
Now we want to complete our work perfectly with high accuracy. That is why we apply
the best deep learning algorithm, the Convolutional neural network. In this CNN algorithm,

we will apply the six best architecture:

e MobileNet

e Xecption

e Inception V3
e VGGI16

e ResNet50

e VGGI19

After training the dataset over MobileNet, Xecption, Inception V3, VGG16, ResNet50,
VGG19. From these six different architectures, our expected accuracy will be up 99%.
From the compression of six different architectures, we expect that the best architecture
will be MobileNet. By the CNN algorithm, cultivators can identify potatoes that are

infected by the disease.
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CHAPTER 2
RELATED WORK

2.1 Related Work

For a long time, the Convolutional neural network (CNN) is a popular algorithm for
detecting diseases and classifying image data. So, there are lots of researchers who use
CNN to identify the image data. Wenxue Tan et al. in [1] proposed a method to identify
the disease of fruit-melon by a video sensor using CNN. After using CNN, the accuracy
was up to 97.5%.

Other researchers by Inkyu Sa et al. in [2] proposed a method to detect different kinds of
fruit images by using the R-CNN Algorithm. A pre-trained ImageNet model is used to fit
the dataset, and the image color method was RGB and NIR.

By using the ANN algorithm, in 2016, a group of researchers Cubero, S. et al. in [3]
proposed a way to detect the citrus fruits and get the expected result around 98% accuracy.

In LSVRC2010, a group of researchers, Alex Krizhevsky et al. in [4] won the contest to
classify a large number of data by using the CNN model with an error rate of 37.5% for
the top 1 and 17% for the top 5. On that paper, researchers used 1000 classes, including
high-resolution images, to classify the images.

In 2019 Dor Oppenheim et al. [5] used the convolutional neural network to classify four
types of potato diseases from 2465 images, and the accuracy is 97.1%.

Monzurul Islam, Anh Dinh, Khan Wahid, Pankaj Bhowmik [7] worked with the support
vector machine (SVM) to detect potato leaf diseases. The types of diseases are Late blight,
early blight, and the accuracy was 95%. From 300 images, 60% of images were selected
for training purposes, and 40% of images were chosen for testing purposes.

To detect the different types of potato diseases, in 2017, D. Oppenheim et al. [8] offered a
method to detect the five types of potato diseases by using the CNN algorithm. In that
research, they got an accuracy between 90% to 95%.

Priyadarshini Patil, Nagaratna Yaligar, Meena S M [9], in their research paper, proposed a
method to identify the potato leaf diseases by using ANN with an accuracy of 92%, SVM
with an accuracy of 84%, RF with the accuracy of 79%. From 892 images where 462
images were fresh, and infected images were 430 images were infected.

©Daffodil International University 5



Tianmei Guo, Jiwen Dong, Henjian LiYunxing Gao, in their research paper they applied
Convolution Neural Network(CNN) Algorithm on image classification to classify their
dataset with the architecture of CNN, such as LeNet-5, Alexnet, VGGNet, ZFNet, and
GoogleNet [10].

©Daffodil International University 6



CHAPTER 3
BACKGROUND STUDY

3.1 Introduction

We had to learn many topics to complete our research which we have described here. Here we will
present some important topics required for image processing, such as Convolutional Neural
Network Rainforest and Deep Learning. Here we will also discuss the various Architectures of the

Convolutional Neural Network.

3.2 Computer Vision

Computer Vision is a major part of Artificial Intelligence. With computer vision, the
computer can easily collect information from any digital pictures or videos and give the
right solution from the collected information. Like the human brain can solve a problem
by looking at pictures or videos, a computer can do that with computer vision. When we
classify the images using a machine or computer, the image classification is done by

computer vision.

3.3 Machine Learning

Donald Hebb established machine learning in 1949. machine learning is one of the most
important applications of artificial intelligence, and It is supervised learning. For working
machine learning, it takes the inputs, then analyses the data and shows the output it is the
fifth-generation application. The main vision of machine learning is to learn and improve
the experience and develop the computer brain. It can train the computer program
automatically. By machine learning, a machine can think similarly to a human brain. We
can improve social services, customer support, detect email spam, specific malware
filtering, and Image processing by machine learning techniques. Currently, robots rely on

machine learning to run their activities.
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3.4 Deep learning

In 1986 Rina Dechter was introduced deep learning to us. Deep learning is also a part of
artificial intelligence and machine learning. Deep learning is mostly working with images.
In this field, image classification is variously applied. Our potato disease detection is a part
of Deep Learning. It is the Algorithm of machine learning. In the deep learning field, there
are lots of algorithms applied. The algorithms are the artificial neural network,
convolutional neural network, random forest support vector machine. In these algorithms,
there is much architecture applied. We have applied the Algorithm convolutional neural

network for our project, which is part of the deep learning algorithm.

3.5 Image Classification

Image classifications are applied by artificial intelligence. With the help of artificial
intelligence and machine learning, a machine can classify images. With image
classification, we can diagnose different diseases, classify different fruits, face detection,
identify gender, increase office security and identify thieves. Image classification is a part

of computer vision. We can classified images by using different types of processes.

3.6 Artificial neural network(ANN)

Work on the first artificial neural network(ANN) model began in 1943. The names of the
inventors of Artificial Neural Networks are Warren Mcculloch and Walter Pitts. Artificial
Neural Network is a subpart of Deep Learning. Artificial neural networks are connected by
neurons that act as processing units and that indicated by the node. One neuron is connected
to another neuron, and thus many neurons are connected to make a neural network. The
artificial neural network has three types of layers. The first layer is the input layer, where
it receives input, and the second is the hidden layer and output layer. It works like the
biological brain, where input is given outside, and it calculates the accurate result. An
artificial neural network is one of the best algorithms for image classification, speech

recognition, text classification, Natural language processing, binary classification.
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3.7 Random Forest

Random forest is a supervised learning algorithm, and Breiman first proposed this Algorithm in
2001, and Breiman discovered the regression tree in 1984. This Algorithm is a part of Deep
Learning. Currently, a random forest algorithm is mostly used in image classification. This
Algorithm is very easy to use. Also, with this Algorithm, we can achieve good results.

Random forest works in four steps:

e At first, need to the selected given dataset from a random forest sample.
o then have to make a decision tree one by one for each sample,

o then have to make each predicted result for a vote and

then select the layer that has the best results

3.8 Support vector machine(SVM)

Support vector machine used for data classification or detection. However, support vector machines
are mostly used in image classification. It is a supervised learning method, and in 1963 it was
invented by Vladimir N. Vapnik and Alexey Ya. Chervonenkis. SVMs have a unique method for
machine learning algorithms. The kernel is one where the kernel has a trick to take low dimensional
input and create a high dimensional space. It represents different classes in hyperplane and finds
the highest marginal hyperplane. Support VVectors, Hyperplane, Margin, are the important concepts

in Support vector machine.

3.9 Convolutional neural network (CNN)

The convolutional neural network is an algorithm that is based on Deep learning. This
Algorithm is a part of a neural network. This is the best Algorithm for image detection. It
comes from the artificial neural network. This album is mostly used for image detection.
We use this Algorithm for our project. Because CNN has a lot of popular architecture, the

image can be detected accurately by that architecture.
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Fully Connected

Input Convolution

I

—

Feature Extraction Classification

Figure 3.1: Basic CNN architecture

3.9.1 CNN Architectures

CNN comes for overcoming the limitations of the image section in ANN. In CNN, it has some
layers like Input Layer, Convo Layer, Pooling Layer, Fully Connected Layer, Softmax Layer,
Output Layer. It has some best pre-trained architectures that help generate the best accuracy.
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CHAPTER 4
RESEARCH METHODOLOGY

Research Methodology

[ Dataset description

\a

-
[ Data preprocessing

p.

-
Data Augmentation J

&

Model Generation

.

Model Visualization

Figure 4.1: Diagram of data dataset preparation

4.1 Dataset description

In our dataset, we have taken a total of 5781 images of data. There are 2639 pictures of
diseased potatoes and another 3142 pictures of non-diseases. These pictures are captured
from various distances and angles. We have taken all images from our devices. We do not
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collect our images from different mediums and sites. Some devices like Samsung,
Symphony, and One plus capture almost all photos. The whole dataset is divided into three
different types. These are Common scab disease that consists of 1763 images, Blackheart
disease that consists of 340 photos, and Fresh Potatoes consists of 3142 pictures.

4.2 Data preprocessing

Before applying the dataset to the CNN model, the images are converted into standard shapes
resized by 224 x 224 for applying in the CNN model. Image pixels are divided by 255 for rescaling
the image where images are scaled between 0 to 1. Here RGB color images are used for data
processing. We have used data augmentation for only blackheart disease.

4.3 Data Processing

Some images of Blackheart are converted into a different shape by data augmentation. All
data are separated into three categories test set, validation set, and training set. Each set has
three different classes, which are Common scab, Blackheart, and Fresh Potatoes. 85% of
the data is stored in the training set. In the validation set, 10% of the data is stored, and 5%
of the data is stored in the test set. By using the Image Data Generator class of Keras, we
loaded all data from the directory. For the 5781 images dataset, we applied batch size 32
for step-by-step training, where the first 32 images are trained to step by step. After
completing the first 32 images, it started training the second 32 images. This process
continued to the last stage of the batch size. Batch size one is applied for the testing dataset.
Since we have more than two classes of our dataset, therefore categorical class mode we

have used.

4.4 Data Augmentation

For preparing the dataset, we have augmented some data. For Blackheart disease, we have
augmented pictures. It increases our data in different shapes. By one picture, it creates lots

of different pictures.
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4.5 Model Visualization

When we get the output from our dataset, the output can be shown at different angles. This
is the visualization of the model. For our model, we have shown the accuracy of our training
and testing output. We have also shown the test data loss, training data loss, training
accuracy, and testing accuracy by graphically. For deep visualization, We have shown the

confusion matrix that shows the accuracy and error of data.

4.6 Algorithm

For detecting two types of diseases, common scab, Blackheart, and healthy potatoes, we
applied the most useful Algorithm named Convolutional neural network (CNN). Generally,
a Convolutional neural network (CNN) is commonly used in image classification, and it is
also used in image segmentation. In the CNN algorithm, it has single layers as well as two
or more layers. For the image classification of these diseases, we have applied multiple
layers of CNN.

4.7 CNN Model

We have used six different CNN models for training our dataset. These models are given
below :

e VGGI6

e Inception V3
e ResNet50

e VGGI19

e MobileNet
e Xecption

©Daffodil International University 13



4.7.1VGG16

It is one of the best architectures of the Convolutional neural network. K. Simonyan and
A. Zisserman developed this Convolutional neural network. VVgg 16 model won ILSVRC-
2014 competition In 2014. This model accrued 92.7% for the top 5 test accuracy. It has
3*3 multiple kernel sizes. Fifteen million data were taken for analyzing VVgg 16. Multiple
layers were used for the VGG16 model. It has 16 layers, and the layers are convolution
layer and relu, max pooling layer, fully connected layer, softmax activation layer. For the
convl layer, the size of the image always will be 224*224.

224 x724x3 224 x 224 x B4

Figure 4.2: Vgg 16 Architecture

56 x 56 x 256 @ convolution + Rell

B 50, T :
l’l’l.',";,“.;ﬁ;? Ixixigs @@ max pooling
iy =-——"-
I I I i |x|x|[][][].-’ fully Connected + ReLU
i softmax

4.7.2 Inception v3

It is another architecture of the Convolutional neural network (CNN). This model is used
for image classification and so on. It comes to overcome the previous version of the
inception model. It has 24 million parameters. Some layers are applied In this model. It has
48 layers, and the layers are Convolution, AvgPooling, MaxPooling, Concat, Fully
connected, Softmax, and Dropout. The image size of the image is 299*299*3. Inception
v3 was trained by 1 million images and 1000 classes with the ImageNet dataset. By this

model can strongly predict the images with high accuracy and gives a better output.
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Figure 4.3: Inception V3 Architecture

4.7.3 Resnet 50

This model is a part of deep learning, and it is the architecture of the Convolutional neural
network (CNN) algorithm. The model is the best and popular among all the architectures
of the CNN algorithm. Till now, this model has given high accuracy. It has 50 layers. The
model is proposed by the researchers in 2015 and won the competition of ImageNet in
2015. The image size of this model is 224*224*3. The model has about 23 million trainable
parameters. It works with RGB images. By this model, images are perfectly detected and
give high accuracy among all architectures.
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4.7.4 MobileNet

MobileNet was developed by Andrew G. Howard in 2017, but it was proposed before
publishing Xception in 2016. It is a CNN model. It uses deeply separable evolutional
neural networks by choice of standard convolutions to reduce computation and model size.
It can be used to create light deep neural networks for mobile, smartphone, and embedded

applications. It is popular for its model and calculation speed. For this reason, this is

suitable for deployment.

3

image

Figure 4.4: Resnet 50 Architecture
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4.7.5VGG 19

VGG-19 is an updated model of VGG-16. It is one of the best architectures of CNN. From
the University of Oxford, VGG-19 was published in 2014 by a group of Visual Geometry
Group. This model achieved second place from the competition of the ImageNet
Classification challenge. It has 19 layers, and the layers contain sixteen convolution layers,
three fully connected layers, five max-pooling layers, and one softmax layer. The image
size of this model is 224*224 for RGB.

4.7.6 Xception

Xception architecture was proposed by Francois Chollet. This model is a part of deep
learning, and It is the architecture of the Convolutional neural network (CNN) algorithm.
With the help of this architecture, we achieved outstanding results. Xception architecture
is an extension of the other architecture of Inception v3. This model is used for image

classification. It has 71 layers. The Image size of Xception architecture is 299*299.
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CHAPTER 5
RESULT ANALYSIS AND DISCUSSION

5.1 Introduction

In this section, we will describe the result of each CNN model. For detecting the potato
disease correctly, we applied five CNN models. In each model, we applied a total of 5781
images. We have classified three classes for our dataset, which are fresh potato, common
scab, Blackheart. We captured 3678 fresh potato images and 1763 images for common
scab disease, and 340 images for blackheart disease. For the training model, we stored 85%
of the data in the training classes. The rest 10% of image data are stored in the validation
classes, and 5% data are stored in the test classes.

In each CNN model, we have applied batch size 32 for the training data set, and one batch
size is applied for the test data set. Hence our classes are multiple, so we have applied the
categorical class mode for each model. For the five CNN architectures, a maximum of 20
epochs is applied to generate the accuracy and loss for the dataset. To show the results
subtly and accurately, we have shown the test accuracy, confusion matrix, and diagram of
training accuracy, training loss, validation accuracy, and validation loss of each CNN

model.

5.2 Dataset summary

Table 5.1: Data summary

Train Validation Test Total

4,931 566 284 5781

©Daffodil International University 18



Table 5.2: Dataset of fresh Photo

Potato Train Validation Test total Data view
disease

Fresh 3,142 356 80 3,678

potato

Table 5.3: Dataset of Common Scab Photo disease
Potato Train Validation Test total Data view
disease
Common 1,500 176 87 1,763
Scab

©Daffodil International University
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Table 5.4: Dataset of Black Heart Photo disease

Potato Train Validation Test total Data view
disease
Black 289 34 17 340

—
T
& mﬁ
9 o
\‘L -

bf{,
)

5.3 Result analysis for VGG-19 model

In the VGG-19 model, 85% of image data is used for training purposes. 10% data is used
for validation purposes which are 356 images. 5% of data is used for testing purposes. In
total, 5781 images are used where 4,931 images are used for training, 566 images are used

for validation, and 284 images are used for testing.

In the training set, we have uses three classes for our dataset. The name of the classes are
fresh potato, common scab, Blackheart. In the validation set, we have uses three classes for
our dataset. The name of the classes are fresh potato, Common Scab, Blackheart. In the test
set, we have uses three classes for our dataset. The name of the classes are fresh potato,
Common Scab, Blackheart. We have used 3,142 fresh potato images for the training, 1500
images are for Common Scab, 289 images are used for Blackheart. For validation, we have
used 256 fresh potato images, 176 images are used for common scab, and 34 images are
used for Blackheart. For testing, we have used 180 fresh potato images, 87 images are used

for common scab, and 17 images are used for Blackheart.

In this model, total parameters are 20,552,771 and trainable parameters are 528,387 and

Non-trainable parameters are 20,024,384.
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5.3.1 Training and validation Accuracy for VGG-19

We run the program for 20 epochs. Per epoch shows the training loss, validation loss,

training accuracy, validation accuracy. Each epoch shows the different accuracy of training

and testing, which are shown in the figure.
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5.3.2 Test Accuracy for VGG-19
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Figure 5.1: Training and validation accuracy of VGG-19
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After completing our training dataset training, we have applied our test dataset to get the

actual accuracy. We got the 98% test accuracy that shows in the figure.

test loss, test acc = model.evaluate(test set, verbose=2)
print( \nTest accuracy:’, test acc)

284/284 - 675 - loss: 8.8498 - accuracy: 8.9824

Test accuracy: ©.95238433765411338

Figure 5.2: Test accuracy of VGG-19
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5.3.3 Confusion Matrix for VGG-19

Here is accurately identified Blackheart and fresh potatoes. There are no error data in these

two classes. The common scab data of the test set predicted 82 images out of 87.

- 180

- 160
17 0 0

- 144

- 120

blackheart

Actual

freshPotato commonScab
[}
[}

blackheart commonScab freshPotato
Predicted

test accuracy : 98.23943661971832

Figure 5.3: Confusion Matrix of VGG-19

5.3.4 Diagram of training and validation accuracy for VGG-19

In twenty epochs for our dataset, each epoch shows the training accuracy and validation
accuracy shown in the given diagram. Sky blue line shows the training accuracy, and the

orange line shows the validation accuracy.
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Figure 5.4: Diagram of training and validation accuracy for VGG-19

5.3.5 Diagram of training and validation Loss for VGG-19

In twenty epochs for our dataset, each epoch shows the training loss and validation loss
shown in the given diagram. Sky blue line shows the training loss, and the orange line
shows the validation loss.
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Figure 5.5: Diagram of training and validation loss for VGG-19

©Daffodil International University 24



5.4 Result analysis for MobileNet model

In the MobileNet model, 85% of image data is used for training purposes. 10% data is

used for validation purposes which are 356 images. 5% of data is used for testing

purposes. In total, 5781 images are used where 4,931 images are used for training, 566

images are used for validation, and 284 images are used for testing.

In this model, total parameters are 4,281,539 and trainable parameters are 1,052,675 and

Non-trainable parameters are 3,228,864.

5.4.1 Training and validation Accuracy for MobileNet:

We run the program for 20 epochs. Per epoch shows the training loss, validation loss,

training accuracy, validation accuracy. Each epoch shows the different accuracy of training

and testing, which are shown in the figure.

Epach leG
155/155 [ === s=====

Epoch 2/28
185/155 | === S

Epach 3/28

155/155 | - —
Epoch 4/26
155/155 [ === -

Epoch 5/28
155/155 [ === S

Epoch 6/28

155/155 [ === s=====
Epoch 7/28
185/155 | === S

Epach 8/28
155/155 [ --- —

Epach 9/28

155/155 [ === S
Epoch 18/28
155/155 [ === S

- 6715 ds/step -
- 6775 4s/step -
- 674s ds/step -
- 673s 4s/step -
- 6725 ds/step -
- 6725 4s/step -
- 6695 ds/step -

- 6715 ds/step -

©Daffodil International University

loss

loss

loss

loss

loss

loss

loss

loss

- 6755 ds/step - loss: 8.8355

; 8.8228

: 0.09138

: 9.8460

: 0.8078

. B.8045

: B.0088

: 9.8021

» 9.8145

- accuracy: ©.9833 -
- accuracy: ©.992% -
- accuracy: 8.9957 -
- accuracy: 8.9838
- accuracy: 8.9974 -
- accuracy: ©.9901 -
- accuracy: 8.9974 -
- accuracy: 8.9996 -

- accuracy: 8.9943 -

val loss

val loss

val loss:

- val_loss

val_loss
val loss
val loss

val loss

val_loss:

- 23725 15s/step - loss: 8.3423 - accuracy: @.8912 - val_loss: .8238 - val_accuracy: 1.8080

: 9.8814 - val accuracy: 1.8088

: 8.8811 - val accuracy: 1.8088

: B.6585 - val_accuracy: @.9444
: 8.8987 - val_accuracy: @.9444
: 9.8839 - val accuracy: 1.8088
: 8.08188 - val accuracy: 1.808

: 8.8833 - val accuracy: 1.0080

6.85060-04 - val accuracy: 1.8688

5.4584e-86 - val_accuracy: 1.9080

25



Epoch 11/28
155/155 |

Epoch 12/28
1557155 [

Epoch 13/28

1557155 [
Epoch 14/28
1557155 [

Epoch 15/28
155/155 [

Epoch 16/28

155/155 [
Epoch 17/28
155/155 [

Epoch 18/28
155/155 |

Epoch 19/28

155155 [
Epoch 20/28
155/155 |

]

- 6815 ds/step -
- 6785 4s/step -
- 6765 4s/step -
- 6745 ds/step -
- 6725 4s/step -
- 6735 45/step -
- 671s 4s/step -
- 6755 ds/step -

- 673z ds/step -

loss

loss

loss

loss

loss

loss

loss

loss

loss

: 0.9144 -

1 0.0186 -

. 6.0831 -

1 0.0832 -

. 6.0815 -

 0.0825 -

1 8.6132 -

. 0.0068 -

1 0.0646 -

accuracy: 0.9939 -
accuracy: 0.9953 -
accuracy: 0.9999 -
accuracy: 0.9993 -
accuracy: 0.9997 -
accuracy: 0.9993 -
accuracy: 9.9961 -
accuracy: 0.9976 -

accuracy: 0.9839 -

val_loss
val loss
val_loss
val loss
val_loss
val loss
val_loss
val_loss

val loss

© 8.8829 - val_accuracy: 1.8880
: B.1482 - val accuracy: 8.9444
: 6.86992-85 - val_accuracy: 1.8088
: B.8018 - val accuracy: 1.8680
: 2.24512-86 - val_accuracy: 1.8088
© 8.8816 - val_accuracy: 1.8880
t 7.75542-85 - val accuracy: 1.008@
© 8.8475 - val_accuracy: 8.9444

: B.9187 - val accuracy: 1.0680

- 6765 4s/step - loss: 8.8176 - accuracy: 9.9954 - val_loss: 5.1878e-85 - val _accuracy: 1.8809

Figure 5.6: Training and validation accuracy for MobileNet

5.4.2 Test Accuracy for MobileNet

After completing our training dataset training, we have applied our test dataset for getting

the test accuracy. We got the average of 99% test accuracy that shows in the figure.

test loss, test acc = model.evaluate(test set, verbose=2)
print("\nTest accuracy:’, test acc)

284/284 - 625 - loss: B.8265 - accuracy: 8.9938

Test accuracy: ©.9920577708244324

Figure 5.7: Test accuracy for MobileNet

5.4.3 Confusion Matrix of MobileNet

Here is accurately identified Blackheart and fresh potatoes. There are no error data in these

two classes. The common scab data of the test set predicted 86 images out of 87.
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5.4.4 Diagram of training and validation accuracy for MobileNet

Figure 5.8: Confusion Matrix of MobileNet

In twenty epochs for our dataset, each epoch shows the training accuracy and validation

accuracy shown in the given diagram. Sky blue line shows the training accuracy, and the

orange line shows the validation accuracy.
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Figure 5.9: Diagram of training and validation accuracy for MobileNet
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5.4.5 Diagram of training and validation Loss for MobileNet:

In twenty epochs for our dataset, each epoch shows the training loss and validation loss
that are shown in the given diagram. Sky blue line shows the training loss, and the orange

line shows the validation loss.
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Figure 5.10: Diagram of training and validation loss for MobileNet

5.5 Result analysis for InceptionVV3 Model:

In the InceptionVV3 model, a total of 85% of image data is used for training, and 15% data
is used for validation purposes. For testing, 5% of data is used. In total, 5781 images are
used where 4,931 images are used for training, 566 images are used for validation, and 284

images are used for testing.

In InceptionVV3 model, total parameters are 23,904,035 and trainable parameters are
2,101,251 and Non-trainable parameters are 21,802,784.
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5.5.1 Training and validation Accuracy
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Figure 5.11: Training and validation accuracy of Inception V3
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5.5.2 Test Accuracy for Inception V3

After completing the training for training dataset then we have applied our test dataset for

getting the actual accuracy. We got the 97% test accuracy that shows in the figure.

284/284 - 63s - loss: 0.1287 - accuracy: 0.9718

Test accuracy: 9.9718309640834399

Figure 5.12: Test accuracy of Inception V3

5.5.3 Confusion Matrix for Inception V3

Here is accurately identified Blackheart and fresh potatoes. There are no error data in fresh
potato classes. The test set is blackheart data, it predicted 14 images in total 17, and the
common scab data of the test set predicted 81 images out of 87.

14 3 1
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freshPotato commonScab
[ -
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Predicted

test accuracy @ 96.338985915409296

Figure 5.13: Confusion Matrix of Inception V3
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5.5.4 Diagram of training and validation accuracy for Inception V3

In twenty epochs for our dataset, each epoch shows the training accuracy and validation
accuracy shown in the given diagram. Sky blue line shows the training accuracy, and the

orange line shows the validation accuracy.
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Figure 5.14: Diagram of training and validation accuracy for Inception V3

5.5.5 Diagram of training and validation Loss for Inception V3

In twenty epochs for our dataset, each epoch shows the training loss and validation loss
shown in the given diagram. Sky blue line shows the training loss, and the orange line

shows the validation loss.
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Figure 5.15: Diagram of training and validation loss for Inception V3
5.6 Result analysis for ResNet50 model

In the ResNet50 model, 85% of image data is used for training purposes. 10% data is used
for validation purposes which are 356 images. 5% of data is used for testing purposes. In
total, 5781 images are used where 4,931 images are used for training, 566 images are used

for validation, and 284 images are used for testing.

In this model, total parameters are 25,688,963and trainable parameters are 2,101,251and

Non-trainable parameters are 23,587,71

5.6.1 Training and validation Accuracy for ResNet50

We run the program for 20 epochs. Per epoch shows the training loss, validation loss,
training accuracy, validation accuracy. Each epoch shows the different accuracy of training

and testing, which are shown in the figure.
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Figure 5.16: Training and validation accuracy for ResNet50
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5.6.2 Test Accuracy for ResNet50

After completing our training dataset training, we have applied our test dataset for getting

the test accuracy. We got the average of 84% test accuracy that shows in the figure.

284/284 - 59s - loss: @.5315 - accuracy: 8.8451

Test accuracy: 9.3458784216957892

Figure 5.17: Test accuracy for ResNet50

5.6.3 Confusion Matrix of ResNet50

The confusion matrix shows some errors of fresh potato, common scab, Blackheart. The
blackheart data of the test set predicted four images out of 17. The common scab data of
the test set predicted 68 images out of 87. The fresh potato data of the test set predicted
159 images out of 180.
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Figure 5.18: Confusion Matrix of ResNet50
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5.6.4 Diagram of training and validation accuracy for ResNet50

In twenty epochs for our dataset, each epoch shows the training accuracy and validation
accuracy shown in the given diagram. Sky blue line shows the training, and the orange line

shows the validation accuracy.
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Figure 5.19: Diagram of training and validation accuracy for ResNet50

5.6.5 Diagram of training and validation Loss for ResNet50

In twenty epochs for our dataset, each epoch shows the training loss and validation loss
shown in the given diagram. Sky blue line shows the training loss, and the orange line

shows the validation loss.
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Figure 5.20: Diagram of training and validation loss for ResNet50

5.7 Result analysis for Xception model

In the Xception model, 85% of image data is used for training purposes. 10% data is used
for validation purposes which are 356 images. 5% of data is used testing purposes. In
total, 5781 images are used where 4,931 images are used for training, 566 images are
used for validation, and 284 images are used for testing.

In this model, total parameters are 22,962,731 and trainable parameters are 2,101,251 and

Non-trainable parameters are 20,861,480

5.7.1 Training and validation Accuracy for Xception

We run the program for 15 epochs. Per epoch shows the training loss, validation loss,
training accuracy, validation accuracy. Each epoch shows the different accuracy of training

and testing, which are shown in the figure.
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Epoch 1/15
155/155 |

] - 22885 14s/step - loss: 8.4087 - accuracy: @.8781 - val_loss: @.8288 - val accuracy: 1.0000

Epoch 2/15

155/155 [
Epoch 3/15
155/155 [

] - 6955 4s/step - loss: 8.8462 - accuracy: 8.9831 - val_loss: 8.8198 - val_accuracy: 1.0660

Epoch 4/15
155/155 [

] - 693s 4s/step - loss: B.8724 - accuracy: 8.9771 - val_loss: 8.8897 - val_accuracy: 1.8080

Epoch 5/15

] - 6985 5s/step - loss: B.8389 - accuracy: 8.9907 - val_loss: 8.8234 - val_accuracy: 1.0060

155/155 |
Epach 6/15
155/155 [
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Epoch 7/15
155/155 |

] - 6935 4s/step - loss: B.8267 - accuracy: 8.9368 - val_loss: 8.8824 - val_accuracy: 1.8689
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] - 6925 4s/step - loss: 8.8245 - accuracy: 8.9914 - val_loss: 8.1758 - val_accuracy: 9.8889

155/155 [
Epoch 9/15
155/155 [

] - 6935 4s/step - loss: 8.8132 - accuracy: 8.9947 - val_loss: 0.8811 - val_accuracy: 1.0008

Epoch 18/15
155/155 [

] - 6925 4s/step - loss: 8.8131 - accuracy: 8.9955 - val loss: 8.8265 - val_accuracy: 1.0660

Epoch 11:’15

] - 693s 4s/step - loss: B.8383 - accuracy: 8.9986 - val_loss: 2.1501e-84 - val_accuracy: 10008

155/155 |
Epoch 12/15

] - 8985 4s/step - loss: 8.8195 - accuracy: 0.992% - val loss: @.4455 - val accuracy: 8.9444
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Epoch 13/15
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] - 693s 4s/step - loss: 8.8132 - accuracy: 0.9958 - val _loss: 8.8851 - val_accuracy: 1.8080

Epach 14/15

] - 698s 4s/step - loss: 8.8148 - accuracy: 9.9941 - val loss: 9.5977e-@5 - val_accuracy: 1.8968

155/155 |
Epoch 15/15

] - 898s 4s/step - loss: 8.8896 - accuracy: 8.9973 - val loss: 1.3755e-85 - val accuracy: 1.6068
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] - 6895 ds/step - loss: 8.8898 - accuracy: .998% - val_loss: @.9684 - val_accuracy: 1.008@

Figure 5.21: Training and validation accuracy for Xception

5.7.2 Test Accuracy for Xception

After completing our training dataset training, we have applied our test dataset for getting

the test accuracy. We got the average of 99% test accuracy that shows in the figure.

284/284 - 40s - loss: ©.0111 - accuracy: 0.993@

Test accuracy: ©.9929577708244324

Figure 5.22: Test accuracy for Xception
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5.7.3 Confusion Matrix of Xception

Here is accurately identified Blackheart and fresh potatoes. There are no error data in these

two classes. In the common scab data of the test set, It predicted 85 images out of 87.
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Figure 5.23: Confusion Matrix of Xception
5.7.4 Diagram of training and validation accuracy for Xception

In twenty epochs for our dataset, each epoch shows the training accuracy and validation
accuracy shown in the given diagram. Sky blue line shows the training, and the orange line

shows the validation accuracy.
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Figure 5.24: Diagram of training and validation accuracy for Xception

5.7.5 Diagram of training and validation Loss for Xception

In twenty epochs for our dataset, each epoch shows the training loss and validation loss
shown in the given diagram. Sky blue line shows the training loss, and the orange line

shows the validation loss.
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Figure 5.25: Diagram of training and validation loss for Xception
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5.8 Result analysis for VGG-16 model

In the VGG-16 model, 85% of image data is used for training purposes. 10% data is used
for validation purposes which are 356 images. 5% of data is used testing purposes. In total,
5781 images are used where 4,931 images are used for training, 566 images are used for

validation, and 284 images are used for testing.

In this model, total parameters are 15,243,075 and trainable parameters are 528,387 and

Non-trainable parameters are 14,714,688

5.8.1 Training and validation Accuracy for VGG-16

We run the program for 15 epochs. Per epoch shows the training loss, validation loss,
training accuracy, validation accuracy. Each epoch shows the different accuracy of training

and testing which are shown in the figure.

Epoch 1/15

155/155 [ ] - 21525 14s/step - loss: 8.6435 - accuracy: 8.749 - val_loss: @.2282 - val accuracy: @.9444
Epach 2/15

155/155 [ ] - 69s 4s/step - loss: 8.2724 - accuracy: 0.8992 - val loss: 8.1984 - val accuracy: 8.9444
Epoch 3/15

155/155 [ ] - 6915 ds/step - loss: 8.1883 - accuracy: 8.9383 - val_loss: 8.1542 - val_accuracy: 8.8389
Epoch 4/15

155/155 [ ] - 6865 4s/step - loss: 8.1552 - accuracy: 0.9485 - val loss: 8.0485 - val accuracy: 1.8000
Epoch 5/15

155/155 [ ] - 684s 4s/step - loss: 8.1345 - accuracy: 0.9525 - val loss: 8.1834 - val accuracy: 0.9444
Epoch 6/15

155/155 [ ] - 6835 ds/step - loss: 8.1858 - accuracy: 8.9664 - val loss: 8.8754 - val_accuracy: 8.9444
Epoch 7/15

155/155 | ] - 683s 4s/step - loss: 8.1113 - accuracy: 8.9566 - val loss: 8.0213 - val_accuracy: 1.8608
Epoch 8/15

155/155 [ ] - 683s 4s/step - loss: 8.8738 - accuracy: 0.9781 - val loss: 8.0046 - val _accuracy: 1.8608
Epoch 9/15

155/155 [ ] - 6855 ds/step - loss: 8.8852 - accuracy: 0.9782 - val loss: 8.2271 - val_accuracy: 8.8389
Epoch 18/15

155/155 [ ] - 684s ds/step - loss: B.8778 - accuracy: 8.9715 - val loss: 8.8365 - val accuracy: 1.8000
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Epoch 15/15

155/155 |

5.8.2 Test Accuracy for VGG-16
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Figure 5.26: Training and validation accuracy for VGG-16

val lpss: B.1561 -
val loss: 8,812 -
val loss: 9.0471 -

val lpss: 8.8163 -

val accuracy: 8.9444
val_accuracy: 1.0688
val accuracy: 1.0608
val accuracy: 1.0008

val accuracy: 1.0098

After completing our training dataset training, we have applied our test dataset for getting

the test accuracy. We got the average of 98% test accuracy that shows in the figure.

5.8.3 Confusion Matrix of VGG-16

284/284 - 68z - loss: 8.8591 - accuracy: @.9850

Test accuracy: 2.955915428284422

Figure 5.27: Test accuracy for VGG-16

The confusion matrix shows some errors of fresh potato, common scab, Blackheart. The

blackheart data of the test set predicted 16 images out of 17. The common scab data of the

test set predicted 86 images out of 87. The fresh potato data of the test set predicted 177

images out of 180.
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Figure 5.28: Confusion Matrix of VGG-16

5.8.4 Diagram of training and validation accuracy for VGG-16

In twenty epochs for our dataset, each epoch shows the training accuracy and validation
accuracy shown in the given diagram. Sky blue line shows the training, and the orange line

shows the validation accuracy.
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Figure 5.29: Diagram of training and validation accuracy for VGG-16
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5.8.5 Diagram of training and validation Loss for VGG-16

In twenty epochs for our dataset, each epoch shows the training loss and validation loss
shown in the given diagram. Sky blue line shows the training loss, and the orange line

shows the validation loss.
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Figure 5.30: Diagram of training and validation loss for VGG-16
5.9 Discussion
We observed the results and obtained that after increasing the epochs in the model, we
gained more training and validation accuracy. We have applied 20th epochs VGG19,

Resnet 50, Mobilenet, Inception v3 models and applied 15th epochs VGG19 and Xception

models.

From analyzing the six models, the MobileNet has predicted most of the images. Here find
the fewer error data from all of the other models. We find the lowest accuracy from the
Resnet 50 model. The accuracy from the Resnet 50 model is 84%. We get the best accuracy

from the MobileNet model. It achieved an accuracy average of 99%.
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5.10 Performance Comparison

Performance comparison of six CNN models is given below. In our dataset, MobileNet

architecture gives the best accuracy. MobileNet achieved 99% accuracy.

Table 5.5: Accuracy of our CNN models

SI. No | Model Name Epochs | Accuracy | Training | Test Validation | Total Images
(%) Image Image | Image

1 VGG-19 20 0.98 85% 5% 10% 5781

2 MobileNet 20 0.99 85% 5% 10% 5781

3 Inception V3 20 0.97 85% 5% 10% 5781

4 ResNet50 20 0.84 85% 5% 10% 5781

5 Xception 15 0.99 85% 5% 10% 5781

6 VGG16 15 0.98 85% 5% 10% 5781
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CHAPTER 6
CONCLUSION, RECOMMENDATION AND FUTURE WORK

6.1 Conclusion

There is a shortage of food day by day, and we can overcome this problem of food shortages
by using modern technology. We can use the machine to detect problems of foods. We can
use the artificial brain of a computer here. Machine learning is one such medium. Today
machine learning is an important part of computer science, and Convulsive neural networks

are a part of machine learning.

Following this, we have set up a Convolutional Neural Network model to predict the
diagnose of potatoes. Where using six several models and got our desired results, for this
process, we created the necessary dataset of potatoes. We have described details about them

inside this paper. Among them, Mobile Net was the best.

We hoped that this work would further encourage researchers. This type of work will help

in overcome the upcoming food shortage.

6.2 Recommendation

we discussed six architecture in our Research paper. MobileNet architecture has made the
best predictions among these six architectures because MobileNet architecture has
predicted all the images except one image. Of this architecture test accuracy quantity 99.29

% out of 100 % on our dataset. So we recommend MobileNet architectures.

6.3 Future work

Now we have captured the two types of diseases and a fresh potato which is why there are
three classes in our dataset. In the future, we can increase more than three classes of the

dataset by taking more diseases of the potatoes. We can get more accuracy for using more
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classes. We can increase the pictures without augmentation and without taking images from
any website. We can apply our dataset to more than five algorithms and compare the
accuracy among five algorithms. We can apply this deep learning process to other datasets

to classify the images.
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