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Introduction
This report provides a detailed step-by-step guide to the configuration and implementation of
the project.

1 Environment

This section details about the environment setup and the system requirements necessary for
implementing the project, in this case, the code is executed on Google Colab.

1.1 System configuration

Requirement Specification
Programming Language Python Version 3
Tools Google Collaboratory, WORD
Google Drive Access to Google Drive for data
Operating System Windows 11
Table 1: Software Configuration
Requirement Specification
Processor 11th Gen Intel(R) Core(TM) i5-
11400H @ 2.70GHz
RAM 16GB
Computational resources Google Colab's TPU v2, 300 GB
RAM

Table 2: Hardware Configuration

1.2 Dataset
The data was taken from Kaggle which consisted of 1986 images already split into train and
test. The data was downloaded from Kaggle and then uploaded on Google drive.
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PCOS_Cleaned_and_Splitted E
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Figure 1: Data Source
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1.3 Google Colab Setup

The images are stored in Google Drive folder, so that these images are accessible via Google
Colab as represented by Figure 2.

My Drive > Dataset ~ v= 8 0
Type ~ People ~ Modified ~

Name Owner Lastmodified b.. v 4 Filesize
B Test me Jul 26, 2024 & & 2 0h

. M Train ne Jul 26, 2024

Figure 2: Dataset in Google Drive

Once the images are stored, Google Colab tries to build a connection with the Google drive
folder where the images are stored using the ‘mount’ function as observed in Figure 3.

Q Mounting the google Drive

o
18s ° |
o from google.colab import drive
drive.mount(’/content/drive")
D —Z'v Mounted at /content/drive

Figure 3: Google Colab Mount

Change runtime type

Runtime type

Python 3 A

Hardware accelerator ()

O cpru (O TaGPU
@ TPUV2

Want access to premium GPUs? Purchase additional compute units

Cancel Save

Figure 4: TPU v2 configuration

Figure 4 shows the hardware accelerator options in Google Colab, highlighting the TPU v2,
which provides 300GB of RAM, as the chosen GPU for the project to ensure powerful
configurational capabilities.



1.4 Importing Libraries
Here, the libraries for both SRGAN and CNN are imported.

© import os
import numpy as np
import matplotlib.pyplot as plt
import tensorflow as tf
from tensorflow.keras.preprocessing.image import load _img, img to_array
from tensorflow.keras.layers import Dense, Reshape, Flatten, Conv2D, LeakyRelLU, BatchMormalization, PRelLU, Add, Input, UpSampling2D
from tensorflow.keras.models import Model
from tensorflow.keras.optimizers import Adam
from tensorflow.keras.applications import VGG19
from tensorflow.keras.losses import MeanSquaredError
from tensorflow.keras.optimizers.schedules import ExponentialDecay

° import os
import numpy as np
from PIL import Image
from sklearn.preprocessing import LabelEncoder
from sklearn.model_selection import train_test split
from tensorflow.keras.preprocessing.image import ImageDataGenerator
from tensorflow.keras.models import Model
from tensorflow.keras.layers import Dense, Dropout, GlobalAveragePooling2D, Input
from tensorflow.keras.optimizers import Adam
from tensorflow.keras.applications import NASNetMobile, ResNet152, Xception
import tensorflow as tf
import random
from google.colab import drive
import matplotlib.pyplot as plt
import cv2
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.metrics import confusion matrix, classification_report, accuracy score, roc_curve, auc
[from catboost import catBoostClassifier

Figure 5: Libraries

2 Data Preprocessing

2.1 Exploratory Data Analysis (EDA)
Before preprocessing, basic EDA is performed to know the data distribution for each class on
the combined dataset after generating images as shown in Figure 6.

@ import matplotlib.pyplot as plt
import seaborn as sns

train_count = len(normalized_train_images)
val_count = len(normalized_val_images)
test_count = len(normalized test_images)
generated_count = len(equalized_generated_images)

print(f"Number of samples in the training set: {train_count}")
print(f"Number of samples in the validation set: {val_count}")
print(f"Number of samples in the test set: {test_count}")
print(f"Number of samples in the generated set: {generated_count}")

train_class_distribution = np.unique(combined_train_labels, return_counts=True)
val_class_distribution = np.unique(original_val_labels, return_counts=True)
test_class_distribution = np.unique(test_labels, return_counts=True) 3500
generated_class_distribution = np.unique(generated_labels, return_counts=True)

Class Distribution in Training Set

def plot_class_distribution(class_distribution, set_name):
classes, count: class_distribution
plt.figure(figsize=(18, 6))
sns.barplot(x=classes, y=counts, palette='viridis')
plt.title(f'Class Distribution in {set_name} Set') 2000
plt.xlabel('Classes')
plt.ylabel('Counts'}
plt.show() 1500

2500

Counts

plot_class_distribution(train_class_distribution, 'Training')
plot_class_distribution{val_class_distribution, 'Validation')
plot_class_distribution(test_class_distribution, 'Test')
plot_class_distribution(generated_class_distribution, 'Generatec')

1000

500

fumber of samples in the training set: 6834
Number of samples in the validation set: 318 NORMAL
Number of samples in the test set: 398 Classes
Number of samples in the generated set: 4764 S S P,

Figu redé? EDA

k)

2.2 Data Pre-processing
Here, the preprocessing is divided into two parts: Pre-processing for SRGAN and pre-
processing for CNN classification.



SRGAN Pre-processing: The pre-processing here is applied on the original training dataset
before feeding the images into the generator.

o #resizing to 128x128
img_height, img width = 128, 128

#loading the images
def load images from folder(folder):
images = []
for filename in os.listdir(folder):
img_path = os.path.join(folder, filename)
if os.path.isfile(img_path):
img = load_img(img_path, target_size=(img_height, img_width), color_mode='grayscale")
img_array = img_to_array(img).astype(np.float32)
images.append(img_array)
return np.array(images)

normal_images = load images from folder('/content/drive/MyDrive/Dataset/Train/NORMAL")
pcos_images = load_images from folder('/content/drive/MyDrive/Dataset/Train/pcos’)

#normalising
normal_images_norm = (normal_images / 127.5) - 1.0
pcos_images_norm = (pcos_images / 127.5) - 1.0

Figure 7: Pre-processing for SRGAN

CNN & Hybrid CNN pre-processing: Pre-processing here is applied to the combined
dataset (SRGAN-generated images + original training images) and testing images.

riginal data

content/d Dataset/Train"
Jfcontent/dr /Dataset
train_images, train_labels - load_data(train_dir
test_images, test_labels - load_data(test_dir)

#loading the generated data
generated data dir = '/content/drive/MyDrive/AllGenerated2’
generated images, generated labels = load data(generated data dir)

Figure 8: Data Directories

[ ] def load data(directory, target size=(224, 224))
images = []
labels = []
class_names = sorted(os.listdir(directory))
for class_name in class_names:
class_dir = os.path.join(directory, class_name)
for image_name in os.listdir(class_dir):
image_path = os.path.join(class_dir, image_name)
image = Image.open(image_path).convert('L")
image = image.resize(target_size)
image = np.stack((image,)*3, axis=-1)
images.append(np.array(image))
labels.append(class_name)
return np.array(images), np.array(labels)

#histogram equalisation

def apply histogram equalization(image):
image yuv = cv2.cvtColor(image, cv2.COLOR_RGB2YUV)
image yuv[:,:,0] = cv2.equalizeHist(image yuv[:,:,@8])
image_equalized = cv2.cvtColor(image_yuv, cv2.COLOR_YUV2RGB)
return image_equalized

#normalising
def normalize_images(image_list):
normalized images = []
for image in image list:
normalized image = image.astype('float32') / 255.@
normalized images.append(normalized image)
return np.array(normalized_images)

normalized_train_images = normalize_ images(combined_train_images)
normalized_val_images = normalize_images(original_val_ images)
normalized test images = normalize images(equalized test images)

Figure 9: Pre-processing for CNN & Hybrid models

After pre-processing, the images are label encoded since it’s a binary classification problem
where PCOS is 1 (positive class) and NORMAL is 0 (negative class).



‘, class_labels = dict(zip(le.classes_, le.transform(le.classes_ )))
print(“Classes and their corresponding labels:")
for label, encoded in class_labels.items():
print(f"{label}: {encoded}")

1
4

Classes and their corresponding labels:
NORMAL: ©
PCOS: 1

Figure 10: Label encoding

3 SRGAN Data Generation?!

3.1 Variation 1

SRGAN-Variation 1

same’, activations’tash')(x!

optimizer_gen_v1 = Adam(learning_rate=6.0601, beta_1-0.5)
optimizer_disc_vl = Adam(learning_rate=0.3601, beta_1=0.5)

ssentropy’, optimizer-optimizer_dise_vi, metrics=['accuracy’])

img_height // 2, img_width // 2, 1))
v

Ban_¢ x _vi(ger i
gan_vl = Medel(gan_input_vl, gan_output_vi)
gan_v1.compile(loss="binary_crossentropy’, optimizer=optimizer_gen v1)

Figure 11: SRGAN Variation 1 Architecture

This configuration uses basic upsampling and convolutional layers utilizing ‘Conv2D’ to
enhance the image resolution.

optimizer_gen_vl = Adam(learning_rate=0.8e81, beta_1=8.5)
optimizer_disc_vl = Adam(learning_rate=8.08081, beta_1=8.5)

discriminator_vl = build_discriminator_wvi()
discriminator_vl.compile(loss="binary_crossentropy’, optimizer=optimizer disc_v1, metrics=['accuracy'])

Figure 12: Learning Rate for Variation 1

1

https://medium.com/analytics-vidhya/super-resolution-gan-srgan-5e10438aecOc
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© -cpochs_vi = 100
batch_size vl = 32
save_interval vl = 18

#creating directories to save images
generated_images_path_normal vl = '/content/drive/MyDrive/variationlimages/Normal’
generated_images_path_pcos_vl = '/content/drive/MyDrive/variationlimages/PCOS’
generated_grid_path_normal vl = '/content/drive/MyDrive/variationlimages/Grid Normel
generated_grid_path_pcos_vl = '/content/drive/MyDrive/variationlimages/Grid_PCos’
os.makedirs(generated_images_path_normal_vl, exist_ok=True)

os.makedirs(generated images_path_pcos_vl, exist_ok=True)
os.makedirs(generated_grid_path_normal vl, exist_ok=True)
os.makedirs(generated_grid_path_pcos_v1, exist_ok=True)

#saving images in a grid of 5x5
def save_grid_images_v1(epoch, generator, examples=25, class_label='NORMAL'):
if class_label == 'HORMAL':
data = normal_images_norm
save_path = generated_grid_path_normal_vl
else:
data = pcos_images_norm
save_path = generated_grid_path_pcos_vl

idx = np.random.randint(@, data.shape[@], examples)
low_res_imgs = data[idx]

low_res_imgs = tf.imsge.resize(low_res_imgs, [img_height // 2, img_width // 2])
gen_imgs = generator.predict(low_res_imgs)

gen_imgs = denormalize(gen_imgs)

plt.figure(figsize=(18, 10))
for i in range(examples):
plt.subplot(s, 5, i+1)
plt.imshow(gen_imgs[i, :, i, @], cmap='gray')
plt.axis('off')
plt.savefig(os.path.join(save_path, f"{class_label}_grid_epoch_{epoch}.png"))
plt.close()

Figure 13: Saving of images

The images are saved in a grid of 5x5 after 10" epoch with save interval_vl = 10, to
visualize the image quality.

[ ] ieport pandas as pd

Binitialising 1ists te stare
d losses =

o losses =

atraining loop
For epoch In range(spochs vl

, nornal_inages_norm.shape(a], batch_Size v1)
rt_to_tensor (normal_insges_nors| idx])
‘es_ings = Lf.inage.resize(high res_ings, [img_heignt // 2, ig width /7 2])
Fake_high res_ings = generator vi.predict(low res_ings)

-ain_on_batch(high_res_ings, np.ones ((batch_size vi, 1)))
-2in_on_batcn(fake_high_res_ings, np.zerss((batch_size vi, 1))}
, 4 loss_fake)

d_loss_real = discriminator_vi.

_loss_take = discrininator_vi.
 loss = 8.5 * np.add(d_loss,

valld_y = np.enes (bateh_size 1, 1))
g 1055 = gan_v1.train_on bateh(lo_res_ings, valid y)

d_losses.append(d_loss[9])
g_losses append(g_loss)

print(#"(epoch} [0 loss: {d_loss(8]} | D accuracy: {108 + d_loss(1]}X] [G less: {g loss}]")

5 spoch X save_interval vi == 8:
. generator_vi, class_label="NORHAL')

0, batch_size v1)
convert_to_tensor (pcos_irage: iax])

low res_ings = LF.image.resize(high res_lngs, [ing height // 2, img width // 2])
Fake_high res_ings = generator_vipredict(low res_imgs)

pees_inages_norm . shape(a],

‘ain_on_batch(high_res_ings, np.ones ((batch_size vi, 1

d_loss_real = discriminator_v1. )
‘ain_on_batch(fake_high res ings, np.zercs((batch_size vl, 1)})

 loss_fake = discriminator vi.
less = .5 * np.add(d_loss_real, d_loss fake)

walld_y = np.ones (batch_size v1, 1})
g_less = gan_va.train_on_bateh(low_res_ings, valid y)

d_losses.append(d_loss[9])
g_losses append(g_loss)

print(f"{epoch} (D loss: {d_loss[e]} | D accuracy: {188 * d loss[1]}%] [G loss: {g loss}]")
5 epoch X save_interval vl == 8:

save_iags_vi(epoch, generator_vl, class_label-"PCOS’
save grid_ineges vi(epoch, generator_vi, tlass label="PCCS’)

Low/tralner.py:75: Userierning: The model does ok have any trainsble welghts.

lostil), array(@.686399, diype-flostdD), L dtype=Flostiz)]]

array(8.31;

array(2.6383833, diype

on_iterator ot BX739302863b8> triggered LF. Funct o
“or_iterator ot Bx735381b5ea8s triggered LF. funct
2y(8.69587356, atype=Flostd2), array(8.38375,

5 calls to <function Tensorf lowTrainer. nck
ARNTHG: tensor 6 calls to <fu train_t
@ [D loss: ©.69755817B1768799 | D accuracy: 33.33333134651184%] (G loss: [array(8.69687356, diype=Float32),

Figure 14: Training Loop for Variation 1

fle

TensorT lowTrainer s in_func tion, <lacalss one.




Displaying images for last epoch

© def display last epoch_images vi(generstor, examples-18):

=

d:

def display_images(class_label):
if class label == 'NORMAL':
data = normal_images_norm
else:
data = pcos_images norm

idx = np.random.randint(e, data.shape[@], examples)

low_res_imgs = data[idx]

low_res_imgs = tf.image.resize(low_res_imgs, [img_height // 2, img width // 2])
gen_imgs = generator.predict(low_res_imgs)

gen_imgs = denormalize(gen imgs)

low_res_imgs = denormalize(low_res_imgs)

plt.figure(figsize=(20, 8))

for i in range(examples):
plt.subplot(2, examples, i+1)
plt.imshow(low_res_imgs[i, :, :, @], cmap="gray')
plt.axis('off')
plt.title(f'{class_label} Low-Res')

plt.subplot(2, examples, i+l+examples)
plt.imshow(gen_imgs[i, :, :, @], cmap="gray')
plt.axis('off')
plt.title(f'{class_label}')
plt.shou()
display_images (" NORMAL")

display_images('PCOS')

isplay_last_epoch_images vl{generator_v1)

Ly i3 saivwasaesp

NORMAL Low-Res NORMAL Low-Res NORMAL Low-Res NORMAL Low-Res NORMAL Low-R

ok o o -~ e

Figure 15: Display generated images for last epoch

3.2 Variation 2

Variation 2 (addition of residual blocks)

© #residual blocks
def residual_block_v2(input_layer, filters):

X

X
X
X
X

Conv2D(filters, kernel_size=3, strides=1, padding='same’)(input_layer)
BatchNormalization(momentum=8.8)(x)

PReLU(shared_axes=[1, 2])(x)

Conv2D(filters, kernel_size=3, strides=1, padding='same’)(x)
BatchNormalization(momentum=8.8)(x)

return Add()([input_layer, x])

Figure 16: Residual blocks

For variation 2, the architecture for generator and discriminator remains the same as variation
1, residual blocks are added for variation 2 generator. For discriminator, the structure is the
same as variation 1, but more convolutional layers along with Spectral Normalisation is
added. This is demonstrated in Figure 17.



#discriminator with spectral normalisation
def build_discriminator_w2()
input_layer = Input(shape=(img_height, img width, 1))

¥ = Spectrallormalization(Conv2D(64, kernel size=3, strides=1, padding='same'))(input_layer)
x = LeakyRelLU(alpha=8.2)(x)

x = SpectralMormalization(Conv2D(64, kernel size=3, strides=2, padding='same'))(x)
X = BatchNormalization(momentum=8.8)(x)
¥ = LeakyRelU({alpha=8.2)}(x)

¥ = Spectrallormalization(Conv2D(128, kernel size=3, strides=1, padding="same'))(x)
x = BatchNormalization(momentum=8.8)(x)
X = LeakyRelLU({alpha=8.2}(x)

X = SpectralNormalization(Conv2D(128, kernel_size=3, strides=2, padding="same'))(x)
¥ = BatchNormalization(momentum=8.8)(x)
X = LeakyRelLU(alpha=8.2}(x)

x = Spectrallormalization(Conv2D(256, kernel_size=3, strides=1, padding="same'))(x)
X = BatchNormalization(momentum=8.8)(x)
¥ = LeakyRelU{alpha=8.2)}(x)

¥ = SpectralMormalization(Conv2D(256, kernel size=3, strides=2, padding="same'))(x)
x = BatchNormalization(momentum=8.8)(x)
X = LeakyRelU({alpha=8.2}(x)

X = Spectrallormalizatien(Conv2D(512, kernel size=3, strides=1, padding="same'))(x)
¥ = BatchNormalization(momentum=8.8)(x)
X = LeakyRelLU({alpha=8.2}(x)

x = SpectralNormalization(Conv2D(512, kernel_size=3, strides=2, padding="same')){(x)
¥ = BatchNormalization(momentum=8.8)(x)
x = LeakyRelLU(alpha=8.2)(x)

¥ = Flatten()(x)
X = Dense(1824)(x)
X = LeakyRelLU({alpha=8.2)}(x)
output_layer = Dense(1l, activation='sigmoid")(x)
return Model(input_layer, output_layer)
Figure 17: Discriminator with Spectral Normalisation

The learning rate is increased to 0.0002 from 0.001. Training loop and saving structure for
Variation 2 will be same as Variation 1.

optimizer_gen_v2 = Adam(learning_rate=8.88082, beta_1=0.5)
optimizer_disc_v2 = Adam(learning_rate=6.8082, beta_1=8.5)

discriminator_v2 = build_discriminator_v2()
discriminator_v2.compile(loss="binary_crossentropy’, optimizer=optimizer disc_v2, metrics=["accuracy'])

Figure 18: Learning Rate for Variation 2



3.3 Variation 3?
The variation 3 architecture is modified by introducing VGG19-based feature extractor to
calculate the perpetual loss.

Variation 3

° #defining VGG19 model for perpetual loss
vgg_v3 = VGGE19(weights="imagenet’, include_top=False, input_shape=(img_height, img_width, 3))
vgg_v3.trainable = False
vgg_model_v3 = Model(inputs=vgg_v3.input, outputs=vgg_v3.get_layer('block5_conv4').output)
mse_loss_v3 = MeanSquaredError()

def perceptual_loss_v3(y_true, y_pr‘ed):l
y_true_rgb = tf.image.grayscale to_rgb(y_true)
y_pred_rgb = tf.image.grayscale_to_rgb(y_pred)
y_true_vgg = vgg_model_w3(y_true_rgb)
y_pred_vgg = vgg model v3(y_pred_rgh)
return mse_loss_v3(y_true_vgg, y_pred_vgg)

Figure 19: VGG19-feature extractor

As compared to variation 2, residual blocks are increased to 15 to in variation 3.

#generator

def build generator v3():
input_layer = Input(shape=(img_height // 2, img_width // 2, 1))
x = Conv2D(64, kernel size=9, strides=1, padding='same')(input_layer)
x = PReLU(shared_axes=[1, 2])(x)

r = residual block v3(x, 64)
for _ in range(15): #increasing to 15 residual blocks as compared to variation 2
r = residual block v3(r, 64)

Figure 20: Residual blocks for Variation 3

The rest of the architecture remains the same as variation 2, including the learning rate.
The saving images mechanism for Variation 2 and 3 is same as Variation 1, just the folder
names vary.

2 https://manishdhakal.medium.com/super-resolution-with-gan-and-keras-srgan-4bd810d214b6
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[ 1 < _losses_epoch = []

g _losses_epoch = [[]

perceptual_losses_epoch = []

For epoch in rangelepochs_wvi):
d_loss_acc = []
g_loss_acc = []
perceptual_loss_ace = []

rm.shape[8], batch_size w3)
ges_norm( id=])
[Emg_height ff 2. Emg_width ff 2])

fake high res_imgs = Uf.conwert_to_tensor(fake high res_imgs)

d_loss_real = discriminator_w3.train_on batchihigh res_imgs, np.ones((batch size w3, 1333
d_loss_fake = discriminator_wi.train_on_batch{fake_high_res_imgs, np.zeros({batch_size_w3. 1})}
d_loss = @.5 * np.add(d_loss_real, d_Loss_fake)

d_loss_acc.append{d_loss[&])

walid ¥ = np.ones{(batch_size w3, 1))}
g_loss = gan_w3_train_on_batchilow_res_imgs, wvalid_y}

perceptual_loss_walue = perceptual_loss_vi(high_res_imgs, fake_high_res_imgs)
g_loss_total = g_loss + perceptual_loss_value

g _loss_acc.append{g_loss)
perceptual_loss_acc . append(perceptual_loss_valoe nuspyd )}

print(F"{epoch} [0 loss: {d_less[@]} | D accuracy: {168 * d_less[1]}%] [G loss: {g loss_total}]™)

if epoch ® save_interval w3 == @:
save_imgs_w3lepoch, genecator_v3, class_label='NORMAL®)
save_grid_images wvi{epoch, generator w3, class label="HNORMAL )

@). batch_sire w3}
[idx])

. [Gmg_height /¢ 2, img_width 5/ 2])
C(low res imgs)

_res_imgs = tf.conwert_to tensor(feke_high_res_imgs)

d_loss_real = discriminator_wi.train_on_batchihigh_res_imgs, np.ones({batch_size vi. 1))}
_batchifake_high_res_imgs, np_zeros((batch_size w3, L))}

ss_fake)

d_loss = B.5 * np.add({d_loss_real, d
d_loss_acc.append(d_loss[&])

g_loss = gan_v3_train_on_batchilow_res_imgs, wvalid_y}
perceptual_loss_walue = perceplual_loss_wvi(high_res_imgs, fake_high_res_isgs)
g loss_total = g _loss + perceptual loss_value

g loss_acc.append{g_loss)
perceptual_loss,

print(f {epoch} [0 loss: {d_less[@]} | D accuracy: {188 * a_loss[1]}%] [G loss: {g loss_total}]~)

if epoch % save fnterval w3 == @:
save_imgs_w3(epoch, generator_w3, class_label="PCOS')
save_grid_images_vi{epoch, generator_w3l, class_label="PCOS" )

d_losses_epoch. append(ng.mean(d_loss_ascch)

E_losses_epoch.append (np.mean(g_loss_acc))
perceptual_losses_spoch. append (np. mean perceptual_loss_acc))

: ®.1543557137799987a]

D accuracw: ]l (G loss: 1.4317163228088647 |

Figure 21: Training Loop for Variation 3
As observed in Figure 21, the Training Loop for Variation 4 has perceptual loss included.

3.4 Variation 4

The architecture for variation 4 is same as Variation 3 but certain modifications are made.
The residual blocks are increased to 16 from 15.

#generator

def build generator v5():
input layer = Input(shape=(img height // 2, img width // 2, 1))
X = Conv2D(64, kernel size=9, strides=1, padding='same')(input_layer)
X = PRelLU(shared_axes=[1, 2])(x)

r = residual_block v5(x, 64)
for _ in range(16): #increasing the residual blocks to 16 in this case
r = residual block v5(r, 64)

r = Conv2D(64, kernel size=3, strides=1, padding="same')(r)
r = BatchnNormalization(momentum=0.8)(r)
X = Add()([x, r])

Figure 22: Residual blocks for Variation 4

The learning rate for Variation 4 is optimized using exponential delay. Figure 23
demonstrates the same.
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#learning rate

learning_rate_gen_v5 = ExponentialDecay(9.8001, decay_steps=100008, decay_rate=0.96, staircase=True)
learning_rate_disc_v5 = ExponentialDecay(@.00005, decay steps=100000, decay rate=0.96, staircase=True)
#optimizers with learning rates and gradient clipping

optimizer_gen v5 = Adam(learning rate=learning_rate gen v5, beta 1=6.5, beta 2=6.999, clipvalue=1.8)
optimizer_disc_v5 = Adam(learning_rate=learning_rate_disc_v5, beta 1=0.5, beta 2=0.999, clipvalue=1.0)

discriminator_v5 = build_discriminator_v5()
discriminator_v5.compile(loss="binary crossentropy’, optimizer-optimizer disc_v5, metrics=['accuracy’])

Figure 23: Learning rate for Variation 4

Since this variation is considered to be the final variation, along with saving images in a grid
like the other variations, all the images from epochs 80 to epochs 90 will be stored as these
epochs were giving the best images. The saving code remains the same and the below
condition is added.

epochs_v5 = 100
batch_size_v§ = 32
save_interval_vs = 1

generated_images_path_normal w5 = '/content/drive/MyDrive/variationaimages/allnormal’
generated_images _path_pcos v5 = '/content/drive/MyDrive/variation4images/allpcos’
generated_grid_path_normal vs = '/content/drive/MyDrive/variationsimages/gridallnormal’

generated_grid_path_pcos_v5 = '/content/drive/MyDrive/variationdimages/gridallpcos”
o5.makedirs(generated_images_path_normal_vs, exist_ok=Trus)
os.makedirs(generated_images_path_pcos v, exist_ok=True)
os.makedirs(generated_grid_path_normal_vS, exist_ok=True)
os.makedirs{generated_grid_path_pcos_vs, exist_ok=True)

def save_imgs_vS(epoch, generator, class_label='NORMAL'):
if class_label == 'MORMAL':
data = normal_images_norm
save_path = genersted images path_normal vs
else:
data = pcos_images_norm
save_path = generated_images path_pcos v5

low_res_imgs = data
low_res_imgs = tf.image.resize(low_res_imgs, [img_height // 2, img width // 2])
gen_imgs = generator.predict(low_res_imgs)
gen_imgs = denormalize(gen_imgs)
low_res_imgs = denormalize(low_res_imgs}
os.makedirs (os.path. join(save_path, f"epach {epoch}"), exist_ok=True)
for i in range(data.shape[e])
plt.imsave(os.path. join(save_path, f'epoch_{epoch}”, f"{class_label]_epoch {epoch} {i}.png"}, gen_imgs[i].squeeze(}, cmap='gray')
def save_grid_images_vS(epoch, generator, examples=25, class_label="NORMAL'}):

if class_label == "NORMAL":

data = normal_images_norm

save_path = generated_grid_path_normal_v5
else:

data = pcos_images_norm

save_path = generated_grid_path_pcos_vS

idx = np.random.randint(@, data.shape[@], examples)

low_res_imgs = data[idx]

low_res_imgs = tf.image.resize(low_res_imgs, [img_height // 2, img_width // 2])
gen_imgs = generator.predict(low_res_imgs)

gen_imgs = denormalize(gen_imgs)

plt.figure(figsize=(1@, 1@))
for i in range(examples):

plt.subplot(5, 5, i+1)

plt.imshow(gen_imgs[i, :, :, @], cmap='gray')

plt.axis('off")
os.makedirs(os.path.join(save_path, f"epoch_{epoch}"), exist_ok=True)
plt.savefig(os.path.join(save_path, f"epoch_{epoch}”, f"{class_label} grid_epoch_{epoch}.png"})
plt.close()

it epoch % save interval v5 == B:
save_grid_images_v5(epoch, generator v5, class_label="NORMAL')
save_grid_images_v5(epoch, generator v5, class_label='PC0OS')

if (88 <= epoch <= 98) or (98 < epoch <= 188):
save_imgs_v5S(epoch, generator_v5, class_label="NORMAL')
save_imgs v5(epoch, generator v5, class label="PC05")

Figure 24: Saving images for Variation 4
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Figure 25 shows the training loss for Variation 4 by introducing label smoothing. The
structure is same as shown in Figure 21, but the feedback mechanism of the discriminator is
optimized. Figure 27 demonstrates the addition in the training loop in variation 4, rest of the
training remains the same like training loop for Variation 3.

if epoch % 5 == a:
d_loss_real = discriminator_v5.train_on_batch(high_res_imgs, np.ones((batch_size_v5, 1)) * @.9) #label smoothing
d_loss fake = discriminator vS.train on_batch(fake high res imgs, np.zeros((batch_size v5, 1)))
d_loss = @.5 * np.add(d_loss_real, d_loss_fake)
d_loss_acc.append(d_loss[@])
else:
d_loss_acc.append{d_loss_acc[-1] if d_loss_acc else @)

valid_y = np.ones((batch_size_v5, 1))
g_loss = gan_w5.train_on_batch(low_res_imgs, valid y) + perceptual_loss v5(high_res_imgs, tf.convert_to_tensor(fake_high_res_imgs))
g_loss_acc.append(g_loss)

d_losses.append(np.mean(d_loss_acc))
g_losses.append(np.mean(g_loss_acc))

print(f"{epoch} [D loss: {d_losses[-1]} | D accuracy: {188 * d loss[1] if epoch % 5 == @ else 'NA'}%] [G loss: {g losses[-1]}]")

if epoch % sawve_interval_v5 ==
save_grid_images_v5(epoch, generator_v5, class_label="NORMAL')
save grid_images v5(epoch, generator v5, class label='PCOS')

if (8@ <= epoch <= 9@) or (9@ < epoch <= 10@):
save_imgs_v5(epoch, generator_v5, class_label="NORMAL')
save_imgs_v5(epoch, gemerator v5, class_label='PC0OS')

Ly ] - @s soamssslep
3T 11 [ 1 - 1s 99@ms/step
1/1 [ ] - 1s 1s/step
17 [D loss: ©.@ | D accuracy: NA%] [G loss: ©.5903947949409485]
1T 1 - @s 456ms/step

Figure 25: Modification in training loop — Variation 4

[ ] plt.figure(figsize=(18, 5))
plt.plot(range(epochs_v5), d_losses, label='Discriminator Loss')
plt.plot(range(epochs_v5), g_losses, label='Generator Loss')
plt.xlabel('Epoch’)
plt.ylabel('Loss')
plt.legend()
plt.title('Discriminator vs Generator Loss')

plt.show()
= Discriminator vs Generator Loss
1.0 —— Discriminator Loss
Generator Loss
0.8
0.6
o
2
3
0.4
0.2 ‘ I
0.0
0 20 40 60 80 100

Epoch

Figure 26: Generator vs Discriminator Loss Graph- Variation 4
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Calculating SSIM for epochs 80 -90

© def load images_from_directory(path, target_size=(256, 256)):
images = []
for reot, dirs, files in os.walk(path):
for file in files:
if file.endswith(('png’, 'jeg’, 'jeeg’)):

img = imread(os.path.join(root, file), as_gray=True)
img_resized = resize(img, target_size, anti_aliasing=True)
images . append(ing_resized)

return images

def calculate_ssim_pair(gen_img, real img, data_range=1.0):
return ssim(gen_img, real_img, data_range=data_range)
#average SSIM for real and generated images
def calculate_average ssim(real_images, generated _images, data_range=1.0, sample size=10):
ssim_scores = []
with ThreadPoolExecutor() as executor:
futures = []
for gen_img in generated_images:
sampled_real images = random.sample(real images, min(len(real images), sample size))
for real_img in sampled_real images:

futures.append(executor.submit(calculate_ssim pair, gen_img, real_img, data_range))

for future in as_completed(futures):
ssim_scores. append (future.result())

return np.mean(ssim_scores) if ssim_scores else None

Figure 27: SSIM Score

4  CNN Classification?®

4.1 Data Splitting

The original data was already split into train and test. After the generation of images, the
SRGAN-generated data was combined with the original train data. The original train data was
split into validation set with the ratio 80:20 as shown in Figure 28.

[ 1 #splitting original training data into a new training set and validation set
original train images, original val images, original train labels, original val labels = train test split(
equalized_train_images, train_labels, test_size=0.2, random_state=42

)

Figure 28: Data split into train and val

3 https://medium.com/towards-data-science/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-
way-3bd2b1164a53
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4.2 Modelling
1. NasNetMobile

nasnet-mobile

©

base_model_nasnet _mobile = NASNetMobile(weights="imagenet’, include_top=False, input_tensor=Input(shape=(224, 224, 3

for layer in base_model nasnet_mobile.layers:
layer.trainable = False

= base_model_nasnet_mobile.output

= GlobalAveragePooling2D()(x)

= Dense(512, activation="relu')(x)

= Dropout(®.5)(x)

predictions = Dense(len(le.classes_), activation='softmax")(x)

X
X
X
X

model_nasnet_mobile = Model(inputs=base_model_nasnet_mobile.input, outputs=predictions)
model_nasnet_mobile.compile(optimizer="adam’, loss='sparse_categorical_crossentropy', metrics=['accuracy'])
model_nasnet_mobile. summary()

0

Downloading data from https://storage.googleapis.com/tensorflow/keras-applications/nasnet/NASNet-mobile-no-top.hs
19993432/19993432 [ 1 - es eus/step
Model: "model™

Figure 29: NasNetMobile Architecture

© #train the model with the new training set and validate on the validation set
history_nasnet_mobile = model_nasnet_mobile.Fit(
train_generator,
steps_per_epoch=len(normalized_train_images) // 32,
epachs=1@,
validation_data-val_generator,
validation_steps=len(normalized val_images) // 32

)

3% Epoch 1/18
188/188 [ - 545 219ms/step - loss: @.8965 - accuracy: ©.9638 - val loss: ©.8642 - val accuracy: 1.0
Epoch 2/1@
188/188 [ - 335 174ms/step - loss: 0.6879 - accuracy: 8.9993 - val _loss: 6.6293e-84 - val_accuracy: 1.800@
Epoch 3/16
188/188 [ - 34s 181ms/step - loss: @.8058 - accuracy: ©.9988 - val loss: 7.6827e-84 - val_accuracy: 1.80@0
Epoch 4/16
188/188 [ - 335 176ms/step - loss: 0.6851 - accuracy: 8.9983 - val_loss: 6.8819 - val_accuracy: 1.886@
Epoch 5/18
188/188 [ - 345 18@ms/step - loss: ©.8849 - accuracy: ©.9988 - val loss: ©.8135 - val accuracy: 9.9931
Epoch 6/10
188/188 [ - 335 173ms/step - loss: 0.8836 - accuracy: 6.0993 - val _loss: 5.8362e-85 - val_accuracy: 1.8008
Epoch 7/16
188/188 [ - 335 175ms/step - loss: 7.1834e-84 - accuracy: ©.9998 - val loss: 2.9991e-85 - val_accuracy: 1.9800
Epoch 8/18
188/188 [ - 335 173ms/step - loss: 0.6029 - accuracy: 8.9993 - val_loss: 6.8885 - val _accuracy: 8.0865
Epoch 9/16
188/188 [ - 335 176ms/step - loss: ©.8254 - accuracy: ©.9932 - val loss: ©.8022 - val accuracy: 1.eeee
Epoch 10/10
188/188 [ - 34s 179ms/step - loss: 0.0187 - accuracy: 6.0957 - val_loss: 8.8875 - val_accuracy: 8.0865

Figure 30: Training for NasNetMobile

2. ResNet152

resnet-152

° from tensorflow.keras.applications import ResNet152
base_model resnet152 = ResMet152(weights="imagenet’, include top=False, input_tensor=Input(shape=(224, 224, 3)))

for layer in base_model_resnet152.layers:
layer.trainable = False

= base_model_resnetl152.output

= GlobalAveragePooling2D()(x)

= Dense (512, activation="relu’)(x)

= Dropout(8.5)(x)

predictions = Dense(len(le.classes_), activation='softmax')(x)

X
X
X
X

model_resnet152 = Model (inputs=base_model_resnet152.input, outputs=predictions)
model_resnet152. compile(optimizer="adam’, loss='sparse_categorical_crossentropy’, metrics=['accuracy'])
model_resnet152. summary ()

5% Downloading data from https://storage.googleapis.com/tensorflow/keras-applications/resnet/resnet152_weights_tf_dim_ordering_tf_kernels_notop.hs
234698864/234698864 [ 1 - 1s Bus/step
Model: "model 1"

Layer (type) Output Shape Param #  Connected to
input_2 (InputLayer) [(None, 224, 224, 3)] [} [1

convl_pad (ZeroPadding2D) (None, 23@, 238, 3) ) ["input_2[e@][@]"]
convl_conv (Conv2D) (None, 112, 112, 6&4) 9472 ["convl_pad[@][e]"]
convl_bn (BatchNermalizati (NWone, 112, 112, &4) 256 ["convi_conv[e][e]"]
on})

Figure 31: ResNet152 Architecture
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° history_resnet152 = model_resnet152.fit|(
train_generator,
steps_per_epoch=len(normalized_train_images) // 32,
epochs=1a,
validation_data=val_generator,
validation_steps=len(normalized val images) // 32

)

3 Epoch 1/1@
188/188 [ 1 - 219s 1s/step - loss: ©.1899 - accuracy: 8.9245 - val loss: ©.3859 - val_accuracy: @.8403
Epoch 2/10
188/188 [ 1 - 213s 1s/step - loss: 9.8560 - accuracy: 8.9818 - val loss: ©.2339 - val_accuracy: @.8715
Epoch 3/18
188/188 [ ] - 212s 1s/step - loss: 0.8425 - accuracy: 8.9873 - val_loss: ©8.8222 - val_accuracy: @.9931
Epoch 4/18
188/188 [ ] - 2@5s 1s/step - loss: ©.0255 - accuracy: 8.9917 - val_loss: ©8.8137 - val_accuracy: @.9965
Epoch 5/18
188/188 [ 1 - 214s 1s/step - loss: 8.8192 - accuracy: 8.9948 - val_loss: 8.8159 - val_accuracy: 8.9965
Epoch 6/10
188/188 [ 1 - 2085 1s/step - loss: 9.8148 - accuracy: 8.996@ - val_loss: 8.8872 - val_accuracy: 1.0000
Epoch 7/1@
188/188 [ ] - 2125 1s/step - loss: ©.8219 - accuracy: 8.9927 - val loss: 8.8738 - val_accuracy: 8.9688
Epoch 8/10
188/188 [ ] - 207s 1s/step - loss: 0.0283 - accuracy: 8.9932 - val_loss: ©.8862 - val_accuracy: 1.8000
Epoch 9/18
188/188 [ ] - 199s 1s/step - loss: 0.8251 - accuracy: 8.9912 - val_loss: ©.8108 - val_accuracy: 1.8000
Epoch 10/18
188/188 [ 1 - 1985 1s/step - loss: 9.8162 - accuracy: 8.9943 - val loss: 8.0@61 - val_accuracy: 1.0000

Figure 32: Training for ResNet152

3. Xception
The Xception model requires an image input size of 229x229. Preprocessing steps mentioned
in Figure 8 are same applied for Xception model but the input size is 229x229.

° from tensorflow.keras.applications import Xception

base_model_xception = Xception(weights="imagenet', include_top=False, input_tensor=Input(shape=(29%9, 299, 3)))

for layer in base_model_xception.layers:
layer.trainable = False

x_xception = base_model_xception.output

x_xception = GlobalAveragePooling2D()(x_xception)

x_xception = Dense(512, activation='relu")(x_xception)

¥_xception = Dropout(8.5)(x_xception)

predictions_xception = Dense(len(le_xception.classes_), activation='softmax’)(x_xception)

model xception = Model(inputs=base_model xceptien.input, ocutputs=predictions_xception)
model_xception.compile(optimizer="adam', loss="sparse_categorical_crossentropy', metrics=['accuracy'])
model_xception.summary()

b]

Downloading data from https://storage.googleapis.com/tensorflow/keras-applications/xception/xception_weights tf dim_ordering_tf kernels_notop.hS
83683744/83683744 [ 1 - @s Bus/step
Model: "model_2"

Layer (type) Output Shape Param # Connected to
input_3 (InputLayer) [(None, 299, 299, 3)] ] [1
blockl_convl {Conv2D) (None, 149, 149, 32) 864 ["input_3[@][e]"]

Figure 33: Xception Architecture
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history_xception =

model_xception.fit(

train_generator_xception,
steps_per_epoch=1len(normalized_train_images_xception) // 32,|

epochs=18,

validation_data=val_generator_ xception,
validation_steps=len(normalized_val_images_xception) // 32

D

3% Epoch 1/18
188/188 [ ] - 18@s 942ms/step - loss: ©.8943 - accuracy: ©.9658 - val loss: 1
Epoch 2/1@
188/188 [ 1 - 1775 942ms/step - loss: 9.8146 - accuracy: ©.9957 - val_loss: 4
Epoch 3/1@
188/188 [ ] - 18@s 956ms/step - loss: ©.8899 - accuracy: 8.997@ - val loss: 3
Epoch 4/1@
188/188 [ ] - 1675 B9@ms/step - loss: ©.8@54 - accuracy: B.9983 - val loss: 1
Epoch 5/18
188/188 [ ] - 1665 885ms/step - loss: ©.8@91 - accuracy: 8.9968 - val loss: 1
Epoch 6/18
188/188 [ ] - 171s 91ims/step - loss: ©.8@38 - accuracy: 8.9988 - val_loss: 1
Epoch 7/18
188/188 [ ] - 1695 897ms/step - loss: ©.8020 - accuracy: ©.9993 - val_loss: 9
Epoch 8/1@
188/188 [ ] - 18@s 955ms/step - loss: ©.9144 - accuracy: 8.9953 - val _loss: @
Epoch 9/1@
188/188 [ ] - 18@s 956ms/step - loss: ©.8121 - accuracy: ©.9957 - val_loss: 8
Epoch 1@/18
188/188 [ ] - 164s B71ms/step - loss: ©.8@99 - accuracy: B.9965 - val loss: 1

Figure 34: Training for Xception

4. NasNetMobile + CatBoost*
NasNetMobile is used a feature extractor here as demonstrated below.

NasNetMobile + catboost

o from tensorflow.keras.applications import MASNetMobile
from sklearn.metrics import accuracy_score, confusion_matrix, classification_report

-3661e-04

.1230e-04

.9436e-04

.7451e-05

.3231e-85

-7416e-85

-4124e-87

-5262e-89

.2784e-19

.4873e-038

val_accuracy:
val_accuracy:
val accuracy:
val_accuracy:
val _accuracy:
val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:

val_accuracy:

hybrid_model_nasnet_mobile = NASNetMobile(weights='imagenet', include_top=False, input_tensor=Input(shape=(224, 224, 3)))

for layer in hybrid_model_nasnet_mobile.layers:
layer.trainable = False

#NasNetMobile model for feature extraction
feature_extractor_nasnet_mobile = Model(inputs=hybrid_model_nasnet_mobile.input, outputs=hybrid_model_nasnet mobile.output)

train_features_nasnet_mobile = feature_extractor_nasnet_mobile.predict(normalized_train_images, batch_size=32)
train_features_nasnet_mobile = train_features_nasnet_mobile.reshape(train_features_nasnet_mobile.shapel[@], -1}

val_features_nasnet_mobile = feature_extractor_nasnet_mobile.predict(normalized_val_images, batch_size=32)

val_features_nasnet_mobile

val_features_nasnet_mobile.reshape(val_features_nasnet_mobile.shape[@], -1)

test_features_nasnet_mobile = feature_extractor_nasnet_mobile.predict(normalized_test_images, batch_size=32)
test_features_nasnet_mobile = test_features_nasnet_mobile.reshape(test_features_nasnet_mobile.shape[8], -1)

3% 189/189 [

] - 34s 162ms/step

10/10 [
13/13 [

] - 25 153ms/step

] - 25 147ms/step

Figure 35: Feature Extraction using NasNetMobile

4 https://forecastegy.com/posts/catboost-binary-classification-python/
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https://forecastegy.com/posts/catboost-binary-classification-python/

° Ipip install catboost
from catboost import CatBoostClassifier

catboost_classifier = CatBoostClassifier(iterations=188, learning_rate=8.1, depth=4, verbose=18)
catboost_classifier.fit(train_features_nasnet_mobile, encoded_train_labels, eval_set=(val_features_nasnet_mobile, encoded_val_labels))

#predicting probabilities using the CatBoost classifier
catboost probabilities = catboost_classifier.predict proba(test features_nasnet mobile)[:, 1]

catboost_predictions = catboost_classifier.predict(test features_nasnet_mobile)

# Evaluate the CatBoost classifier

catboost_accuracy = accuracy_score(encoded_test_labels, catboost_predictions)

print(f"CatBoost Accuracy: {catboost_accuracy}")

catboost _confusion_matrix = confusion_matrix(encoded test labels, catboost predictions)

print("Confusion Matrix for CatBoost:™)

print(catboost_confusion_matrix)

catboost_classification_report = classification_report(encoded_test_labels, catboost_predictions, target_names=le.classes )

print("Classification Report for CatBoost:")
print({catboost_classification_report)

Figure 36: Classification using CatBoost for NasNetMobile

5. ResNet152 + CatBoost

resnet152 + catboost
° #FesNet:lSZ model for feature extraction
hybrid_model resnetl52 = ResNetl152(weights="imagenet’, include_top=False, input_tensor=Input(shape=(224, 224, 3)))

for layer in hybrid_model_resnet152.layers:
layer.trainable = False

feature_extractor_resnetl52 = Model({inputs=hybrid_model_resnetl52.input, outputs=hybrid_model_resnetl52.output)
train_features_resnetl52 = feature_extractor_resnetl52.predict(normalized train_images, batch_size=32)
train_features_resnetl52 = train_features_resnetl52.reshape(train_features_resnetl52.shape[e], -1)

val features_resnetl52 = feature_extractor_resnet152.predict(normalized val_images, batch_size=32)
val_features resnetl52 = val features_resnetl52.reshape(val features resnetl32.shape[8], -1)

test_features_resnetl52 = feature_extractor_resnetl52.predict(normalized_test_images, batch_size=32)
test_features_resnet152 = test_features_resnetl152.reshape(test_features_resnet152.shape[@], -1)

5% 189/189 [ ] - 284s 1s/step
1e/1@ [ ] - 11s 1s/step
13713 [ ] - 135 1s/step

Figure 37: Feature Extraction using ResNet152
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catboost_classifier.fit(train_features_resnetl152, encoded_train_labels, eval set=(val features resnet152, encoded_val labels))
catboost_probabilities_resnet = catboost_classifier.predict_proba(test_features_resnet152)[:, 1]
catboost_predictions_resnet = catboost_classifier.predict(test_features_resnet152)

catboost_accuracy_resnet = accuracy_score(encoded test_labels, catboost_predictions_resnet)
print(f"CatBoost Accuracy (ResNet152): {catboost accuracy_resnet}")

catboost_confusion_matrix_resnet = confusion_matrix(encoded_test_labels, catboost_predictions_resnet)
print("Confusion Matrix for CatBoost (ResNet152):")
print(catboost_confusion_matrix_resnet)

catboost_classification_report_resnet = classification_report(encoded_test labels, catboost_predictions_resnet, target_names=le.classes_)
print(“Classification Report for CatBoost (ResNet152):")
print(catboost_classification_report_resnet)

S5+ 8 learn: @.5147385 test: ©.5395814 best: 8.5395814 (@) total: 135ms remaining: 13.4s
10: learn: @.0563950 test: ©.9990836 best: 0.89900306 (10) total: 1.43s remaining: 11.5s
20: learn: ©.8212558 test: ©.0448185 best: 0.8448185 (20) total: 2.71s remaining: 18.2s
3e: learn: €.0128519 test: ©.83@3845 best: 0.8383845 (30) total: 3.98s remaining: 8.86s
48: learn: ©.8@889255 test: ©.0226259 best: 0.8226259 (48) total: 5.26s remaining: 7.57s
58: learn: @.0@58349 test: ©.915581% best: 0.8155819 (50) total: ©.55s remaining: 6.29s
68: learn: ©.0848686 test: ©.0115472 best: 0.8115472 (68) total: 7.84s remaining: 5.81s
70: learn: @.0@32941 test: ©.9895827 best: 0.88952920 (68) total: 9.14s remaining: 3.73s
36: learn: @.6838153 test: @.8888571 best: 0.8838567 (75) total: 18.4s remaining: 2.45s
08 learn: @.0@27203 test: ©.0078476 best: 0.8878475 (87) total: 11.7s remaining: 1.16s
95: learn: @.0827202 test: ©.8873488 best: 0.8878475 (87) total: 12.9s remaining: Bus

bestTest = ©.88784747985
bestIteration = 87

Shrink model to first 88 iterations.

Figure 38: Classification using CatBoost for ResNet152

6. Xception + CatBoost

Xception + catboost

" #Xception model for feature extraction
hybrid_model xception = Xception(weights="imagenet', include_top=False, input_tensor=Input(shape=(292, 299, 3))})

for layer in hybrid_model_xception.layers:
layer.trainable = False

feature_extractor_xception = Model(inputs=hybrid_model_xception.input, outputs=hybrid_model_xception.output)

train_features_xception = feature_extractor_xception.predict(normalized_train_images_xception, batch_size=32)
train_features_xception = train_features_xception.reshape(train_features_xception.shape[@], -1)

val_features_xception = feature_extractor_xception.predict(normalized_wal_images_xception, batch_size=32)
val_features_xception = val_features_xception.reshape(val_features_xception.shape[g], -1)

test_features_xception = feature_extractor_xception.predict(normalized_test_images_xception, batch_size=32)
test_features_xception = test_features_xception.reshape(test_features_xception.shape[g], -1)

S 189/189 [ 1 - 188s 994ms/step
1e/1e [ ] - 1@s 986ms/step
13/13 [ ] - 11s 831ms/step

Figure 39: Feature Extraction using Xception
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catboost_classifier = CatBoostClassifier(iterations=16@, learning_rate=8.1, depth=4, verbose=18)
catboost_classifier.fit(train_features_xception, encoded_train_labels xception, eval_set=(val_features_xception, encoded_val_labels xception))

catboost_probabilities_xception = cathoost_classifier.predict_proba(test_features_xception)[:, 1]

catboost_predictions_xception = catboest_classifier.predict(test_features_xception)

catboost_accuracy xception = accuracy_score(encoded_test_labels_xception, catboost_predictions_xception)

print(f"CatBoost Accuracy: {catboost_accuracy xception}")

catboost_confusion_matrix_xception = confusion_matrix(encoded_test_labels_xception, catboost_predictions_xception)

print("Confusien Matrix for CatBoost:")

print(catboost_confusion_matrix_xception)

catboost_classification_report_xception = classification_report(encoded_test_labels_xception, catboost_predictions_xception, target_names=le_xception.classes_)

print("Classification Report for CatBoost:")
print({catboost_classification_report_xception)

Figure 40: Classification using CatBoost for Xception
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