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1 Introduction

The Configuration Manual gives a detailed explanation of all the processes and techno-
logies used during the research project. It is important to have a detailed manual that
gives information about the project as this gives in information about the background of
the research and an insight about how the technology works. It also gives intricate details
that cannot be found in the report as the configuration manual is purely technical. It
gives a step by step walkthrough of the project and also consists of the results obtained
during this project.

2 Environment Specifications

This section gives information about the environment necessary for the successful run of
the project.

2.1 Hardware Specifications

The hardware specifications that were used during the research are given below:
e Operating System: Windows 10
e Processor: AMD Ryzen 5 5500U with Radeon Graphics 2.10 GHz
e RAM: 8GB

2.2 Software Specifications

The software specifications required during the course of this research is given below:
e Python 3.9.7E]
e Anaconda Navigator 2.3.27

e Jupyter Notebook|

thttps://www.python.org/
Zhttps:/ /www.anaconda.com/
3https://jupyter.org/



3 Libraries and Packages

Various packages and Libraries used for the research are seen in Figure 1. The use of the
libraries are given below.

import tensorflow

from tensorflow.keras.layers import Input, Lambda, Dense, Flatten, Conv2D, MaxPooling2D, BatchMormalization, Drepout
from tensorflow.keras.models import Model

from tensorflow.keras.applications.vgglé import VGG16

from tensorflow.keras.applications.densenet import Densehet121

from tensorftlow.keras.preprocessing import image

import matplotlib.pyplot as plt

from tensorflow.keras.preprocessing.image import ImageDataGenerator,load img

from tensorflow.keras.models import Sequential

import cv2

import keras

from skimage.transform import rotate

from skimage.util import random_noise

from skimage.exposure import adjust_gamma

from skimage.filters import gaussian

import numpy as np

import glob, os

from sklearn.metrics import f1 score, confusion matrix, accuracy score, classification report
from tensorflow.python.framework.ops import tensor id

Figure 1: Libraries code snippet

. tensorﬂowﬁ: This library is used for data modeling and model building. All layers
can be called using this package.

. matplotlibﬂ: This library is used for visualizations and data insight. The line
graphs in this research are made using this library.

° cvﬂ This library resolves all problems regarding computer vision problems.
. keraﬂ: Keras is an API that helps easily call the tensorflow functions.

. skimageﬁ: This library helps make edits on images and change the outline of them.
It was used for image augmentation in this research.

° numpyﬂ This library is used to work with arrays. Apart from arrays it also works
with matrices.

4 Dataset Description

The dataset used for the research is a cotton plant disease dataset{”} The images are taken
from a field in Asia with a growth of cotton crops. This dataset consists of four classes
that are, Healthy plants, Diseased plants, Healthy leaves and Diseased leaves. There are
a total of 2310 images in this dataset. The dataset is split into three groups that are,
train, test and val. This split is made prior to the download of data and does not need
to be done during implementation.

4https:/ /www.tensorflow.org/

Shttps://matplotlib.org/

Shttps://pypi.org/project /opencv-python/

Thttps://keras.io/
8https://scikit-image.org/docs/stable/api/skimage.html
9https://numpy.org/

Ohttps:/ /www.kaggle.com/datasets/janmejaybhoi/cotton-disease-dataset
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Figure 2: Data Directory

5 Data Augmentation

Since the number of images are low, the problem of overfitting could arise. Augmentation
is done to avoid this problem. The code snippet is given in Figure 3.

#Augmentation.
for filename in glob.glob( 'train/*/aug*'):
os.remove(filename)
#creates 5 more images for each image and writes the image to the respective folders.
#TF transforms was not used.
files = glob.glob( ' train/*/*.jpg’,recursive=True)
for i in files:
aug = cv2.imread(1i)
augl = adjust gamma(aug, gamma=@.5,gain=1).astype(np.uintsg)
cv2.imwrite( train/' + i.split('/')[1] + 'faugl " + i.split('/')[2], augl)

augl = adjust gamma(aug, gamma=2, gain=1).astype(np.uints)
cv2.imwrite('train/" + i.split('/")[1] + "Jfaug2 ' + i.split('/')[2], augl)

augl = np.fliplr(aug)
cv2.imwrite('train/' + i.split('/')[1] + '/faug3 " + i.split('/')[2], augl)

augl = np.flipud(aug)
cv2.imwrite( train/' + i.split('/')[1] + 'faugd " + i.split('/')[2], augl)

augl = (random_noise(aug)*255).astype(np.uints)

cv2.imwrite('train/" + i.split('/')[1] + "/faugs " + i.split('/')[2], augl)
#HHTILL HERE IS AUGMENTATION
#Run only once if possible

Figure 3: Augmentation code snippet

The 5 types of augmentation techniques like ‘random _noise’, ‘fliplr’; etc. that are used
can be seen in Figure 1.

6 Implementation

The work done for the implementation of this research is given in this section.



6.1 Defining image size

# re-size all the images to this
length = 256

height = 256

IMAGE SIZE = [length, height]

Figure 4: Size Definition code snippet

6.2 Model Definition

#Select from custom, vgglé and densenetl21
model name = ‘custom’

Figure 5: Model Definition code snippet

6.3 Data Loading

train_path = '/train'
valid path = "/val’
classes = glob.gleb( 'train/*")

#Data Loader
train datagen = ImageDataGenerator()
val datagen = ImageDataGenerator()
training_set = train_datagen.flow from directory('train’,
target size = (length, height),
batch size = 32,
class mode = 'categorical')
val set = val datagen.flow from directory('val’,
target size = (length, height),
batch_size = 32,
class _mode = 'categorical’)

Figure 6: Data Loading code snippet

7 Model Building

This section provides the code and outputs of the models that were used during the
research.

7.1 VGGI16

Figure 7 highlights the code used to build the VGG16 model. The weights from the
‘imagenet’ dataset is used for this research. The output of the was then flattened and
put in an fully connected output layer.



if model_name == "vggl6":
" ovggle

model = VGG16(input_shape=IMAGE SIZE + [3], weights='imagenet', include top=False)
for layer in model.layers:
layer.trainable = False
x = Flatten()(model.output)
prediction = Dense(len(classes), activation='softmax')(x)
model = Model(inputs=model.input, outputs=prediction)
model.compile(
loss="categorical_crossentropy’,
optimizer="Adam’,
metrics=["accuracy']

)

check_point = tensorflow.keras.callbacks.ModelCheckpoint(f'model {model name}.h5', monitor='accuracy’,save best only=True)

Figure 7: VGG16 code snippet

Accuracy:0.9683794466403162
Fl1 Score:0.9683794466403162
Confusion Matrix:

[[41 @ 2 @]

[@75 @ 3]

[1 @65 @]

[@ 1 164]]
Classification Report:

precision recall fl-score support

2} 9.98 9.95 9.96 43

1 @.99 0.96 @.97 78

2 2.96 0.98 @.97 66

3 9.96 9.97 2.96 66

accuracy e.97 253
macro avg 6.97 0.97 @.97 253
weighted avg 0.97 0.97 2.97 253

Figure 8: VGG16 Confusion Matrix snippet

Figure 8 shows the scores of the VGG16 model. The accuracy, precision, recall and
F1 score can be seen that the VGG16 model produced.
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Figure 9: VGG16 Plots snippet

Figure 9 shows the Plot history of the VGG16 model. The accuracy and model loss
over the course of 30 epochs can be seen.

7.2 DenseNetl121

The code snippet can be seen in figure 10 that was used for the DenseNet121 model.
Similar to the VGG16 model, the output is first flattened and then put through a fully
connected dense layer with Softmax activation function.

Figure 11 shows the Scores and confusion matrix by the DenseNet121 model.



elif model name == "densenet121”
""" Densenet121

model = DenseMNet121(input shape=IMAGE SIZE + [3], weights='imagenet', include top=False)
for layer in model.layers:
layer.trainable = False
x = Flatten()(model.output)
prediction = Dense(len(classes), activation='softmax')(x)
model = Model(inputs=model.input, outputs=prediction)
model.compile(
loss="categorical crossentropy’,
optimizer="Adam',
metrics=["accuracy']

check point = tensorflow.keras.callbacks.ModelCheckpoint(f'model {model name}.h5', monitor="accuracy’, save best only=True)

Figure 10: DenseNet121 code snippet

Accuracy:0.80663241186719368
Fl 5core:8.8063241106719368
Confusion Matrix:

[[39 2 2 @8]

[e78 & 8]

[ 4 350 8]

[ @38 e 28]]
Classification Report:

precision recall fl-score  support

a 8.91 8.91 e.91 43

1 8.64 1.80 8.78 78

2 8.97 B8.89 8.93 66

3 1.80 8.42 .68 66

accuracy 8.81 253
macro avg 8.88 8.81 .88 253
weighted avg 8.87 8.81 e.79 253

Figure 11: DenseNet121 Confusion Matrix snippet
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Figure 12: DenseNet121 Plots snippet



Figure 12 shows the history plots of the accuracy and model loss of the DenseNet121

model.

7.3 Custom CNN model

elif medel_pame == “custom®:
" custom CHN
model = tensorflow.keras.models.Sequential()
& convolutional Layer

medel. add(Conv2D(32, kernel_size = (3, 3), activation="relu’, input_shape=(256,256, 3)))

# Pooling Layer

model . add(MaxPooling2D({pool _size=(2,2)))
# Batch Normalization

model. add(Batchiormalization())

model. add(Conv2D(564, kernel_size=(3,3), activation='relu’))

model. add(MaxPooling2D(pool_size=(2,2)))
model ., add(Batchiormalization())

model.add(Conv2D{64, kernel_size=(32,3), activation='relu"))

model . add(MaxPooling2D({pool _size=(2,2)))
model . add(Batchnormalization())

model. add(Conv2D(96, kernel_size=(3,3), activation='relu’})

model. add(MaxPooling2D{pool_size=(2,2}))
model. add(BatchNormalization())

model . add(Conv2D(32, kernel_size=(3,3), activation='relu’})

model . add(MaxPooling2D(pool_size=(2,2)))
medel . add(Batchiormalization())

model. add(Dropout(@.2))
model. add(Flatten())
model.add(Dense(128, activation="relu’})

model. add(Dropout(2.3))
model . compile(
loss="categorical crossentropy’,
optimizers="Adam’',
metrics=[ "accuracy”]

check_point = tensorflow.keras.callbacks.Modelcheckpoint(f model {model name}.hs', monitors='accuracy’, save_best_only=True]

Figure 13: CNN code snippet

Figure 13 shows all the layers used in the custom CNN model with the parameters

and activations used throughout the model.

Accuracy:9.9604743083003953
F1 Score:@.9604743083003953
Confusion Matrix:

[[43 @ e o]

[e74 a 4]

[2 163 0]

[1 2 @63]]
Classification Report:

precision
7] 9.93
1 09.96
2 1.00
3 9.94
accuracy
macro avg 0.96
weighted avg 0.96

Figure 14: CNN Confusion Matrix snippet

Figure 14 gives the scores and confusion matrix of the custom CNN model.
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Figure 15: CNN Plots snippet

Figure 15 gives the history plots of the accuracy and model loss of the custom CNN
model through the course of 30 epochs.
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