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1 Introduction

This document provides all the necessary information to replicate this research and the
results of this research in a personal environment The report also mentions the hardware
and software requirements along with the screenshots of importing necessary libraries
with the Exploratory Data Analysis of the dataset. All the preprocessing steps that are
performed on the dataset, and model performance on every step, when applied to before
and after applying preprocessing.

The next step gives the information about the environment that is used for this
research, The Data collection process is mentioned in section 3 of this report. The fourth
section is about Data Exportation. The final section explains Model Execution.

2 Enviormental Setup

The requirements related to the software and hardware are mentioned in this section

2.1 Hardware Requirements

This research is conducted on Intel core m3, the laptop is of 7th generation CPU with
the RAM of 8GB . The installed window on the system is Windows 10 Home

View basic information about your computer

Windows edition

Windows 10 Home

ol |,/
© Microsoft Corporation. All rights reserved. .. WI n d OWS 1 O

System
Processor: Intel(R) Core(TM) m3-7Y30 CPU @ 1.00GHz 1.61 GHz
Installed memory (RAM):  2.00 GB
System type: 64-bit Operating System, x84-based processor
Pen and Touch: Touch Support with 10 Touch Points

Computer name, domain, and workgroup settings
Computer name: DESKTOP-CLS27FO @Change settings
Full computer name: DESKTOP-CL927FO
Computer description:

Workgroup: WORKGROUP

Windows activation

Windows is not activated. Read the Microsoft Software License Terms

Product [D: 00326-30000-00001-AA300 ) Activate Windows

Figure 1: Hardware Requirements



2.2 Software Requirements

e Anaconda Jupyter Notebook

B Anaconda Prompt

ahrukh>conda --version

Figure 2: Anaconda Version

e Python version 3.11.4

e Keras Version 3.4.1

3 Data Collection

The data set is available on the open-source repository Kaggle. The dataset contains 6392
fundus images of different eye disorders. The diseases are divided into 8 different categor-
ies. The Normal class and the Diabetes class are more prominent class in the dataset .
The link of the dataset is https://www.kaggle.com/datasets/andrewmvd/ocular-disease-
recognition-odirbK

4 Data Exportation

4.1 Importing Necessary Libraries

In this section necessary libraries that are used to perform several tasks are imported in
Jupyter Notebook.

import zipfile

import pandas as pd

import matplotlib.pyplet as plt

import matplotlib.image as mpimg

import os

import numpy as np

import random

import tensorflow as tf

from tensorflow.keras.models import Seguential

from tensorflow.keras.layers: Conv2D, MaxPocoling2pk, Flatten, Dense, Dropout
from sklearn.metrics import classification_report, confusion_matrix
import seaborn as sns

from sklearn.model_selection import train_test_split

from tensorflow.keras.utils import to_categorical

from collections import Counter

import shutil

from PIL import Image

import cwv2

from tensorflow.keras.preprocessing.image import ImageDataGenerator
from tensorflow.keras.cptimizers: Adam

from matpletlib import pyplot as plt

from tensorflow.keras.preprocessing.image: img_to_array, load_img
import pickle

Figure 3: Imported Libraries



4.2 Extracting files from dataset

The dataset was present in zip form so all the files in the dataset are imported into the
current directory

import zipfile
with zipfile.ZipFile( archive (8).zip', 'r') as zip_ref
zip_ref.extractall() # Extroct all files to the current directory

Figure 4: Extracting files into current repository

The dataset contains .csv file of the data frame where all the information of the
patients along with the label of images, image names, image path, and the diagnosis
keyword is store is extracted and stored in df

import pandas as pd

df = pd.read_csv('full df.csv')
print{df.head())

Figure 5: Dataframe

Now the next step is to perfrom the exploratory data analysis on the dataset

4.3 Exploratory Data Analysis

In this step different columns of the data frame are explored, moreover, the count of the
images of each class is also done in this stage.

4.3.1 Check for Missing Values Indentification

import pandas as pd
df = pd.read_csw('full_df.csv')

# Check for missing volues

print{df.isnull().sum{}}|
Figure 6: Code to Identify Missing Values

No missing value is identified in the data frame

4.3.2 Check for Gender Distribution

M | # Count the number of male and femole patients
atient_counts = df['Patient Sex'].value counts(}
- - )

# create a bar chart
patient_counts.plot{kind="bar', colormap="Set1')
plt.xlabel('Patient Sex')

plt.ylabel({'count'})

plt.title('pistribution of Patients by Gender')
plt.xticks(rotaticn=a)

# (1 the plot further|
plt yout ()

plt.show()

Figure 7: Gender Distribution Code



4.3.3 Check number of Images in Each Class

The dataset was highly imbalanced because the number of images in N class and the D
class are much higher as compare to the other classes

M | label_counts - Counter()

labels']:
for label in eval(labels): # use eval to convert string representation of List to octual List
1:

for labels in df['1
3 Y #U
abel_counts[label] += 1

=

unts. items():
)

Figure 8: Code for Counting Images

The results of the above code indicates that two classes have high number of images
as compare to other classes

umber of inages in each class:
2873
: 1608
1 708
232
0128
1293
266
| 284

=0 o= =

oo e T

Figure 9: Output

4.4 Data Preprocessing

Data preprocessing is done to increase the number of images of M, C, A, and G classes
through data augmentation. In the data augmentation, these class images were first given
a horizontal flip and then a vertical flip. The process followed for this purpose is to take
the image of the class give it a flip and then store it in the new directory. Moreover,
operations on images, labels, and keywords are also performed

4.4.1 Horizontal Flip

Classes that are selected for the horizontal flip are M, C, A , G , for performing this
operation these specific names will be searched in the label column, and after it images
all the images are selected from each class of the data frame. A horizontal flip to the
images will be given and results will be then saved into the augmentation directory



| |# Lood the DataFrame
df = pd.read_csv('full df.csv')
# Define the file path to the octuol images directory
actual_image dir = ‘preprocessed_images’
gugmentation_dir = ‘new_augmentation/'

# pelete the augmentation directory if it alreody exists
if os.path.exists(augmentation_dir):
shutil.rmtree(augmentation_dir)|

# Create the augmentation directory
os.makedirs{susmentation_dir)

# Create @ new potaFrome for ougmented images
gugmented_data = []

# Imitialize a counter for augmented images by class
class_counts = Counter()

# Filter the DatoFrame for the specified classes
specified classes = {'M", "C', "A', "G'}
filtered df = df[df['labels"].apply(lambda x: any(label in specified_classes for label im eval{x)}}]

# Perform horizontal Flip ond save the images
for index, row in filtered df.iterrows():
filename = row['filename"]

# Lood the image
image_path = os.path.join{actual_image dir, filename)
if os.path.exists{image_path):

image = Image.cpen(image path)

# Perform horizontal flip
flipped_image - image.transpose(Image.FLIP_LEFT_RIGHT)

# Save the flipped image with the new noming convention
flipped_image_filename = f"4-Flip_{filemame}"
flipped_image_path = os.path.join{augmentation_dir, flipped_image_filename)
flipped_image.save(flipped_image_path)
# Append the original row dota with updoted filenmame to the new DotaFrome
augmented row = row.copy{)
augmented_row[ ‘filename"] = flipped_image_filename
ausmented data.append(zusmented_row)
# Count the classes in the Labels
for label in eval(row['labels"]):
if label in specified_classes:
class_counts[label] += 1

# Create a new DotaFrome from the ougmented datao
agugmented_df = pd.DataFrame(augmented_data)

# Save the ougmented DaotaFrame to g new CSV file
augmented_df.to_csv({'new_sugmented data.csv', index=False)

Figure 10: Code for Horizontal Flip

4.4.2 Vertical Flip

The next step is to perform the vertical flip, in the vertical flip same classes for this
purpose images are selected from these classes and then after giving the vertical flip to
them, images are saved into the same directory



[ Load the existing ugmented DotaFrame
gugmented df = pd.read_csv('new_augmented_data.csw')

# Define the file path to the actual imeges directory
actual_image_dir = "preprocessed_images'
augmentation_dir = "new_augmentation/'

# Inmitiolize g counter for gugmented imoges by class
class_counts = Counter()

# Filter the Datarrame for the specified closses
specified_classes = {'W", 'C', "A', "G'}
filtered_df = df[df['labels'].apply(lambda x: any(label in specified classes for label in eval{x)}}]

# List to store new rows for the agugmented DotaFrame
new_rows = []

# Perform verticol flip and sove the imoges
for index, row im filtered_df.iterrows():
filename = row['filename']

# Lood the imoge
image_path = os.path.jein({actual_image_dir, filename)
if os.path.exists{image path):

image = Image.open(image_path)

# Perform vertical flip
flipped_image = image.transpose(Image.FLIP_TOP_BOTTOM)

# Save the flipped imoge with the new noming convention

flipped image_filename = f"V-Flip_{filename}"

flipped_image_path = os.path.join{augmentation_dir, flipped_image_filename)
flipped_image.save(flipped_image_path)

# Prepare the gugmented row
augmented row = row.copy()
augmented row[ "filename'] = flipped_image filename
new_rows . append{augmented_row)
# count the classes in the Labels
for label in eval(row['labels']):
if label in specified classes:
class_counts[label] += 1

# Print status
# print{f"Processed and saved: {flipped image filenamef”)

# Convert new rows to o DotaFrame
new_rows_df = pd.DataFrame(new_rows)

# Concatenate the new rows to the existing DotoFrame
agugmented df = pd.concat{[augmented_df, new rows_df], ignore_index=True}

# Sove the updated Datorrome back to the same Csv file
gugmented df.to csw('new_sugmented data.csv', index=False)
# Print class counts agfter qugmentotion
print{"\nClass counts after wertical augmentation:™)
for label, count in class counts.items():

print(f"{label}: {count}")

primt{"\nvertical data sugmentation complete and appended to "new_augmented_data.csv'.")

Figure 11: Code for Vertical Flip

4.4.3 Image Rotation

O class is added in the rotation of images with the other classes that were used in the
vertical and horizontal flip ts, images are rotated to 10 degrees and then saved the images
into same directory



# Load the originol DataFrame
df = pd.read_csv('full_df.csv')

# Load the existing cugmented DatarFrame
augmented df = pd.read_csv('new_augmented data.csv")

# Define the file path to the octuol imoges directory
actual_image dir = "preprocessed_images'
new_augmentation_dir = "new_augmentation/’

# Initialize a counter for augmented images by class
class_counts_before = Courter()
class_counts_after = Counter()

# Filter the DatarFrame for the specified closses
specified classes = {'0", 'M', 'C', "A', 'G"}
filtered_df = df[df['labels’].apply(lambda x: any(label in specified_classes for label in eval{x}})]

# Count classes before agugmentation
for labels in filtered_df['labels']:
for label in eval(labels):
if label in specified_classes:
class_counts_before[label] += 1

# Print class counts before augmentaiion

primt{"Class counts before augmentation:™)

for label, count in class counts before.items():
print(f"{label}: {count}")

# List to store new rows for the ougmented DotaFrame
new_rows = []

# Perform slight rotation and save the images

rotation_angle = 18 # Rotation by 18 degrees

for index, row in filtered df.iterrows():
filename = row['filename']

# Lood the imaoge
image path = os.path.join{actual_image dir, filename)
if os.path.exists(image_path):

image = Image.cpen(image_path)

# Perform rotaotion
rotated_image = image.rctate{rotation_angle)

# save the rototed image with the new noming convention

rotated_image_filename = f"Rot{rotation_angle} {filename}"

rotated image_path = os.path.join{new_augmentation dir, rotated image filename)
rotated_image.save(rotated image_path)

# Prepare the ougmenied row

augmented row = row.copy()

augmented_row[ "filename'] = rotated_image_filename
new_rows. append{ augmented_row)

# Count the classes im the labels

for label in eval(row['labels®]):

if label in specified_classes:
class_counts_after[label] += 1

# Convert new rows to o DataFrome
new_rows_df = pd.DataFrame(new_rows)

# Concatenate the new rows to the existing DotaFrame
gugmented_df = pd.concat([augmented_df, new_rows_df], ignore_index=True)

# Save the updated Datafrome bock to the same CSV file
augmented df.to csv{'new ausmented_data.csv', index=False)

# Print class counts after augmentation

print{"\nClass counts after rotation augmentaticn:")

for label, count in class_counts_after.items():
print(f"{label}: {count}"™)

Figure 12: Image Rotation

4.4.4 Defining Image Size and Normalizing the Image pixels values

As the image sizes of 150x150 and 224,224 are used in the preprocessing step how to
perform the normalization and how to select the image size the following code is utilized.

4.4.5 Operation on Label

Labels are converted into one hot-encoded labels by this code



# Define image size and categories

image_size = (158, 15@)

categories = ['N', 'D', "G', 'C', 'A', 'M', '0'] # Exclude 'H’
# Create a mapping from category to index

category_to _index = {category: index for index, category in enumerste(categories)}

# Prepare Lists to store images and Labels
images = []
labels [1

# Iterate through the filtered DataFrame
for index, row in filtered df.iterrows():
label_list = row['labels'].strip("[]').replace(""", "").split{", ")
image_path = row['filepath']
image = load_img(image_path, target_size-image_size)
image = img_to_array({image) / 255.8

# Handle multi-lobel cases
for label in label list:
if label in category to_index:
images.append(image)
labels.append(category_to_index[label])

Figure 13: Image Normalization and Resizing

vert Lists to numpy arrdys
images = np.array(images)
labels = np.array(labels)

# One-hot encode the Labels
labels = to_categorical({labels, num_classes=len{categories))

Figure 14: Encoded Label

4.4.6 Down Sampling of Diabetic, Normal class

While training the model the Diabetic and Normal classes were down sampled after the
horizontal and vertical flip operation. Figure 16 demonstrates this step

# DEF ne the criteria
class_counts = {
C': original df X
M': original df —
‘A" original_df[original_df

[original_df
[
[
'G's original_dfforiginal_df
[
[

original_df

*].apply(lambda x: 'C' i

'N': original_dfforiginal df
'D': original_df[original_df

apply(lambda x: 'N' in eval{x))].sample(frac=1/3, random state=1),

)]
)]
s
.apply(lambda x: 'G' in eval(x))],
)]
J.apply(lambda x: ‘D' in eval(x))].sample(frac=8.5, random state=1)

[
[
[
[
[
[

"labels”®

Figure 15: Down Sampling N,D after Flips

Down sampling is also performed later on after the rotation operation of the N class.
That number of images after this operation are used in the final model

unts = {
original_df

[original_df['la
*: eriginal_df[eriginal_df['ls
‘A': original_dfforiginal_df['la
'6': original éf[original df[ ls
[ la

[ 1a

[

X ='].apply(lambda x: 'C in eval(x))
_df[original_df|

¢ * in eval(x))
.apply(lambda x: 'A' in eval(x))
.apply(lambda x: 'G'
(lambda x: 'N*
(
(

o
k]
k)

i
&

=}

o

3

g

g

by

®

sample(frac=2/3, random_state=1),
'D': original_df
‘0': original_df

1.
1.
1.
1.
1
1
1

[
original_df[’
[

. )]s
original_df[ 'lsbels'].apply(lambda x: '0° in eval(x))] # ALL of O

Figure 16: Down Sampling N for final execution

5 Model Execution

5.1 200 Images Each Class (All diseases)

Firstly 200 images are taken to analyze the results on all classes. How the sample size is
taken from all the classes is mentioned in Figure 17. As the H class contains less number



of images the total number of images of this class will be included is 128 images

class_counts = 208 # Number of samples per class

# Dictionary containing full Label names

label_names = {
"N': “"Normal®,
"Diabetes",
“Glaucoma”,
"Cataract”,

"Age-related Macular Degeneration',
“Hypertension®,

"Pathological Myopia®,

"Other Diseases'

ZIFrNnGoo

(=)

¥

sampled_dfs = []

for label in label_names.keys():
class_df = df[df[*labels’'].apply(lambda x: label in x)]
sampled class_df = class_df.sample{n=min(class_counts, len{class_df)), random_state=42}
sampled_dfs.append(sampled_class_df)

# Concatenagte sampled dataframes
sampled_df = pd.concat(sampled_dfs, ignore_index=True)

# Verify the sample
print(sampled df.head())
print{sampled_df.shape)

Figure 17: Taking a sample of 200 Images

Data is then split into 60, 20, and 20 ratios for training, evaluation, and testing
purposes. The CNN model defined in Figure 18 is then trained on the dataset

# Define the CNN model
def create model(input_shape, num_classes):
model = Sequential([
ConvaD(32, (3, 3), activation='relu’, input_shape=input_shape),
MaxPooling2D((2, 2)),
Conv2D(64, (3, 3), activation='relu’),
MaxPooling2D( (2, 2)),
Conv2D(128, (3, 3), activation="relu’),
MaxPooling2D((2, 2)),
Flatten(),
Dense(128, activation='relu'),
Dropout(8.5),
Dense(num_classes, activation='softmax’)
D
model .compile(optimizer='adan’, loss-'categorical crossentropy’, metrics=['accuracy’])
return model

Figure 18: CNN model

The model is then compiled

# Compile the model
model.compile(optimizer="adam', loss="categorical_crossentropy', metrics=['accuracy'])

# Print the model summary
model. summary ()

Figure 19: Model Compilation

The accuracy value for the testing is printed

# Train the model
history - model.fit(X_train, y_train, epochs-160, batch_size-32, validation_data-(X_test, y_test))
# Evaluate the model on the test set

test_loss, test_accuracy = model.evaluate(X_test, y_test)
print(f"Test Accuracy: {test_accuracy * 160:.2F}%")

Figure 20: Accuracy

The graphs for visualization of training and validation accuracy and training and
validation loss is then created



# Plot training & validation accuracy values
plt.subplot(l, 2, 1)

plt.plot(history.history[ "accuracy’])
plt.plot(history.history[ 'val_accuracy”])
plt.title( 'Model Accuracy')

plt.xlabel( Epoch')

plt.ylabel( Accuracy”)

plt.legend([ 'Train®, "Test'], loc="upper left')

# Plot training & validation loss values
plt.subplot(1l, 2, 2)
plt.plot(history.history[ "loss'])
plt.plot(history.history[ ‘val loss"])
plt.title( 'Model Loss")

plt.xlabel( Epoch')

plt.ylabel('Loss")

plt.legend([ 'Train®, "Test'], loc="upper left')

plt.tight_layout()
plt.show()

Figure 21: Graphically showing Model accuracy,Loss

Now the confusion matrix is created by using the below code and the results of the
confusion matrix are also shown in Figure 23

y_pred = model.predict(X_test)
y_pred_clesses = np.argmax(y_pred, axis=1)
y_true = np.argmax(y_test, axis=1)

# Compute the confusion matrix
cm = confusion matrix(y_true, y pred classes)

# visualize the confusion matrix

plt.figure(figsize=(10, 8))

sns.heatmap(cm, annot=True, fmt='d’, cmap='Blues’, xticklabels=categories, yticklabels-categories)
plt.xlabel('Predicted Labels')

plt.ylabel('True Labels')

plt.title('Confusion Matrix')

plt.shou()

Figure 22: Confusion Matix code

Confusion Matrix
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Figure 23: Confusion Matrix Result

5.2 200 Images without H

For doing this process most parts of the code will remain the same as above only from
the data frame label H class will be omitted, so that when the images are extracted from
the sample of 200 images of each class it will skip the H class.Figure 24,25 is demonstrate
how the class H will be filtered from sample dataframe

10



Skpping the H class

M import pandas as pd

# Load your DataFrame
df = pd.read_csv('campled 260 images.csv')

# Filter out rows where 'labels’ column contgins 'H®
filtered df = df[~df['labels'].str.contains('H')]

# Verify the filtered DataFrame
print(filtered_df['labels'].value_counts())

Figure 24: Skipping Hypertension Class

', '0'] # Exclude H'

# Create a mapping from category to index
category_to_index = {category: index for index, category in enumerate(categories)}

# Prepare Lists to store images and Labels
images = []
labels = []

# Tterate through the filtered DataFrame
for index, row in filtered_df.iterrows():
label list = row['labels'].strip(*[]').replace(" ", *").split(’, ")
image_path - row[ 'filepath']
image - load_img(image path, target size-image size)
image = img_to_array(image) / 255.8

# Handle multi-label cases
for label in label list:
if label in category to_index:
images.append(image)
labels.zppend(category_to_index[label])
# Convert Lists to numpy arrays
images = np.array(images)

labels = np.array(labels)

# One-hot encode the Labels
labels = to_categorical(labels, num classes=len(categories))

Figure 25: Skipping Hypertension Class

The same model will then be executed on the rest of the classes the results in the
form of confusion matrix are mentioned in Figure 26

Confusion Matrix
30
z- 4 ] 4 5 9 (] 4
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-10
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5
o - 6 4 4 5 1 1 11
| | ' | ' ' 0 -0
N D G C A M o
Predicted Labels

Figure 26: Confusion Matrix

5.3 200 Images without H, O Classes
The model is trained by skipping both of these classes
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# Define image size and categories
image size = (158, 150)
categories = ['N', ‘D', 'G', 'C’, 'A’, 'M'] # Exclude 'H’ and 0"

# Create a mapping from category to index
category_to_index - {category: index for index, category in enumerate(categories)}

# Prepare Li
images = []
labels = []

ts to store images and labels

# Iterate through the fi ed DataFrame
for index, row in filtered_df.iterrows():
label_list - row['labels'].strip('[]').replace(™"", "").split(', ')
image path - row['filepath']
image - load_img(image_path, target_size-image_size)
image = img_to_array(image) / 255.8

# Handle multi-Llabel cases
for label in label list:
if label in category_to_index:
images. append(image)
labels. append(category_to_index[label])

# Convert Lists to numpy arrays

images = np.array(images)
labels = np.array(labels)

Figure 27: Skipping H, O Class

the rest of the logic in the code will remain the same

5.4 Considering whole dataset

The model that is used in this process is described in Figure 18 the criteria used is to first
take one-third of images of N class and half of the images of D class Figure 15 and Figure
16 demonstrate this step how these classes are downsampled. In Figure 16 in the final
run where all the classes are included, downsampling is only performed on the Normal

class.

# Load the filtered dataset
filtered_df = pd.read_csv('new_filtered images.csv')

# Define directories
ORIGINAL_IMAGE_DIR = 'preprocessed_images'
AUGMENTATION_DIR = ‘new_sugmentation/

# Define the desired image size
IMG SIZE = (224, 224)

# Prepare -images and Labels

images
labels

1
[1

# Lood images from the directories specified in the filtered dai'cse'.‘:i

for

>

row in filtered df.iterrows():

Emg_path = os.path.join(ORIGINAL_IMAGE_DIR, row['filename®])

if not os.path.exists(img_path):
img_path = os.path.join(AUGMENTATION DIR, row['filename']})

if os.path.exists(img_path):
img = Image.open{img_path).resize(IMG_SIZE)
images.append(np.array(img))
labels.append(eval(row[ ‘'labels"]))

Convert to numpy arrays

np.array(images)
np.array(labels)

Figure 28: Without O Class

12



# One-hot encode the Labels

unique_labels = sorted(set(label for sublist in y for label in sublist))
label_to_index = {label: index for index, label in enumerate{unique_labels)}
y_encoded = np.array([[label_to_index[label] for label in labels] for labels in y])
y_categorical = to_categorical(y_encoded, num_classes=len(unique_labels))

# Split the dataset
train_df, temp_df = train_test_split(filtered_df, test_size=0.4, random_state=42)
val _df, test df = train_test split(temp_df, test_size=8.5, random_state=42)

# Print the total number of images for training, validation, and testing
print(f'Total images for training: {len(X_train)}’)

print(f’'Total images for validation: {len(X wval)}')

print(f’'Total images for testing: {len(X_test)}')

# Verify the counts of images in each class for each set
def count_classes(y_data, unique_labels):
counts = {label: @ for label in unique_labels}
for one_hot in y_data:
for i, value in enumerate(one_hot):
if value == 1:
label = unique_labels[i]
counts[label] += 1
return counts

train_counts = count_classes(y train, unique_labels)
val _counts = count_classes(y val, unique_labels)
test_counts = count_classes(y_test, unique_labels)

Figure 29: Without O Class

# Set random seed for reproducibility
SEED = 42

np.random.seed(SEED)
tf.random.set_seed(SEED)

random. seed(SEED)

# Normalize the data
X_train = X_train / 255.8
X val = X_val / 255.@
X_test = X_test / 255.8

# Build the model
model = Sequential([
Conv2D(32, (3, 3), activation="relu', input_shape=(224, 224, 3)),
MaxPooling2D(pool_size=(2, 2)),
Conv2D(64, (3, 3), activation="relu'),
MaxPooling2D(pool_size=(2, 2)),
Flatten(),
Dense(128, activation='relu'),
Dropout(@.5),
Dense(len(unique_labels), activation='softmax’) |

n

model.compile(optimizer=Adam(), loss="categorical_ crossentropy’, metrics=['accuracy'])

# Create ImageDataGenerators without agugmentation
train_datagen = ImageDataGenerator()
val_datagen = ImageDataGenerator()

# Create data generators
train_generator = train_datagen.flow(X_train, y_train, batch_size=32)
val_generator = val_datagen.flow(X_val, y_val, batch_size=32)

Figure 30: CNN without O

# Fit the model

history = model.fit(
train_generator,
steps_per_epoch=len(X_train) // 32,
validation_data-val_generator,
validation steps=len(X val) // 32,
epochs=3@

)

# Evaluate the model on the test set

test_generator = val datagen.flow(X_test, y_test, batch size=32)

test_loss, test_acc = model.evaluate(test_generator, steps=len(X_test) // 32)
print(f'Test accuracy: {test_acc}')

Figure 31: CNN without O
Figure 32 represents results on 30 epochs
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Figure 32: Test accuracy

If the O class is added in the same code then the test accuracy reaches 59% the results
of the added O class are in the confusion matrix of Figure 33

Confusion Matrix
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Figure 33: Confusion Matrix with O

For executing the model on keywords first conditions would be matched on the dia-
gnosis keywords column and then images are extracted based on the conditions present
in the keyword column.

def contains_keyword(keyword, phrase):
# Return 1 1f the keyword is in the phrase, otherwise return @
return 1 if keyword in phrase else @

def check_condition(keywords tion):
# Check 1f a specific condition is present in the diagnostic keywords
return keywords.apply(lambda x: contains_keyword(condition, x))

def extract_image_ids(dsta, condition_flag, eye, label, sample_size-none):
# Extract imoge IDs based on the condition and Label
if sample_

a.loc[ (data.C == label) & (data[f'{eye}-Diagnostic Keyw
return data.loc[(data.C == label) & (conditicn_flag -- 1)]['{eye}-Fu

- condition_flag)][F' {eye}-Fundus']
alues

def merge_images(*arrays)
# Concatenate multiple arrays of imoge I0s
return np.concatenate (arrays, axis=a)

def process_dstaset(data)
# Define conditions and corresponding column nomes
conditions

( s

14 "left_npr", "right_npr"),
« ht_glaucona"),

( ia"),

("macular degenera ght_na"),

1

# Create columns to indicate the presence of each condition in the Left ond right eyes
for cond, left_col, right_col in conditions:
data[left_col] = check_condition(data[f"Left-Diagnostic Key
data[right_col] = check_condition(dsta[f"Right-Disgnostic

51, cond)
rds"], cond)

# Extract image IDs for various conditions
left_cataract_ids - extract_insge_ids(dats, dats.left cataract, "

- 1
right_cataract_ids - extract_image_ids(data, data.right_cataract, "sight”, 1)

Figure 34: Processing on keywords
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1eft_disbetes_ids = extract_image_ids(data, data.left_npr, "Left", @)
right_disbetes_ids - extract_image_ids(data, data.right_npr, "Right", )

left_glaucoma_ids = extract_inage_ids(data, data.left_glaucoma, "Left", o)

right_glaucoma_ids - extract_image_ids(data, data.right_glaucoma, "Right”, )

left_myopia_ids = extract_image_ids(data, data.left_myopia, "Left”, @)
right_myopia_ids = extract_inage_ids{(data, data.right myopia, "Right”, @)

left_md_ids = extract_image_ids(dsta, data.left_md, "Left”, @)
right_md_ids = extract_image ids(dats, data.rightmd, "Right”, @)

1eft_drusen_ids
right_drusen_ids

extract_imsge_ids{data, data.left_drusen, "Left", e)
extract_inage_ids{date, data.right drusen, "Right”, 2)

# Concatenate image IDs for the Left and right eyes for each condition
normal_imsges = merge_images(left normal_ids, right_normal_ids)
cataract_inages - merge_images{left_cataract_ids, right_cataract_ids)
dizbetes_inages - merge_images{left_diabetes_ids, right_disbetes_ids)
glaucoma_images - merge_images{left_glaucoma_ids, right_glaucoma_ids)
myopia_images = merge_images(left_myopia_ids, right_myopia_ids)
md_inages - merge_images(left_nd_ids, right_md_ids)

drusen_images = merge_images(left_drusen_ids, right_drusen_ids)

Figure 35: Processing on keywords

combined_dataset = []

# Process each category of images and oppend to the combined dataset
print("Generating datasets for each category...”)

normal_dataset - generate_dataset{normal_images, @)
combined_dataset += normal_dataset

cataract_dataset = generate_dataset{cataract_images, 1)
combined_dataset +- cataract_dataset

diabetes_dataset = generate_dataset{diabetes_images, 2)
combined_dataset +- diabetes_dataset

glaucoma_dataset = generate_dataset{glaucoma_images, 3)
combined_dataset +- glaucoma_dataset

myopia_dataset = generate_dataset(myopia_images, 4)
combined_dataset += myopia dataset

macular_degeneration_dataset = generate_dataset{md_images, 5)
combined_dataset += macular_degeneration dataset

drusen_dataset - generate_dataset(drusen_images, &)
combined_dataset += drusen_dataset

Figure 36: Processing on keywords

# Define inage size
image_size = 224

# Convert the combined dataset into predictors (images) and targets (Label
predictor_images = np.array([iten[e] for item in combined_dataset]).reshape(-1, image_size, image_size, 3
target_labels = np.array([item[1] for item in combined_datasct])

# SpLit the dotaset into traim

9, temporary (testing + validation), and then into testing and validation sets
x_train, x_temp, y_train, y_temp = train_test_split(predictor_inages, target_labels, test_size=a.3, random_state=:
x_val, x_test, y_val, y_test - train_test_split(x_temp, y_temp, test_size-e.5, random_state-22)

Convert target Labels to categorical format
train_categorical - to_categorical(y_train, num_classes-
val_categorical = to_categorical(y_val, nun_classes=7)

test_categorical - to_categorical(y_test, num_classe:

shapes of the datasets to verify the splits
_train shape: {x_train.shape}, y_train_categorical shape: {y_train_categorical.shape}”)
val shape: {x_val.shape}, y_\ tegorical shape: {y_val categorical.shape}”)

est_categorical shap

: {y_test_categorical.shape}")

Figure 37: Training, Testing, Validation

# Define the CNN model
def create_cnn_model(input_shape, num_classes):
model - Sequential([

Conv2p(32, (3, 3), activatio u', input_shape-input_shape),
MaxPooling2D((2, 2)},
convan(é<, (3, 3), activatior 1u'),

maxpooling2n((2, 2))
convap(128, (3, 3), activation='relu'),
maxPoolingzo((2, 2)),

Flatten(),

Dense(123, activation='relu'),
oropout(e.s),
Dense(num_classes, activatio

softmax’)
return model

# Create the model

input_shape = (imsge_size, image_size, 3)

num_classes = 7

model = create_cnn_model{input_shape, num_classes)

# Conpile the model

mode1. conpile(optinizer=

dam', loss='categorical_crossentropy’, metricss[ sccura

# Train the model
history = model.fit(
X_train, y_train_categorical,
epochs=28,
validation_data=(x_val, y_val_categorical)

Figure 38: Training CNN Model
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Figure 39: Test Accuracy (20 Epochs)
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