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HYS JiS 4 JIS Ly,
import kagglehub

# Download latest version
path = kagglehub.dataset_download("andrewmvd/lung-and-colon-cancer-histopathological-images")

print("Path to dataset files:", path)

Using Colab cache for faster access to the 'lung-and-colon-cancer-histopathological-images' dataset.
Path to dataset files: /kaggle/input/lung-and-colon-cancer-histopathological-images

J
~

# Al sl il

import os

import cv2

import numpy as np

import matplotlib.pyplot as plt

# ) CliSe gugmentation <aldl syl

from tensorflow.keras.preprocessing.image import ImageDataGenerator, load_img, img_to_array
J
~

# 0 Cow Ul syl Ll
dataset_path = "/kaggle/input/lung-and-colon-cancer-histopathological-images/lung_colon_image_set"

# el saaly 3)pa lial

img_path = os.path.join(
dataset_path,
"colon_image_sets",
"colon_aca",
"coloncal. jpeg"

print("sosall Jlue:", img_path)

print("ssm s 3ysall Ja" ) os.path.exists(img_path))

sysall Jlue: /kaggle/input/lung-and-colon-cancer-histopathological-images/lung_colon_image_set/colon_image_s
3393 90 ) guall Ja True

J
N

# o Adiily ) sall el 8

image = cv2.imread(img_path)

# e IS0 Gl sl o <l

if image is None:

raise ValueError(" jludl e U 5)pall s @ a3")

# (e sysall Bissd BGR ) RGB

image_rgb = cv2.cvtColor(image, cv2.COLOR_BGR2RGB)

# sl pae

plt.figure(figsize=(5, 5))

plt.imshow(image_rgb)

plt.title("Loaded Image")

plt.axis('off")

plt.show()
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# G sosall dissi Grayscale
gray_image = cv2.cvtColor(image, cv2.COLOR_BGR2GRAY)

# sosall Gae
plt.figure(figsize=(5, 5))
plt.imshow(gray_image, cmap="gray")
plt.title("Grayscale Image")
plt.axis("off")

plt.show()

# 5 Al 3)sall w4l Grayscale
plt.figure(figsize=(10, 4))

plt.subplot(1, 2, 1)
plt.imshow(image_rgb)
plt.title("Original™)
plt.axis("off")

plt.subplot(1, 2, 2)
plt.imshow(gray_image, cmap="gray")
plt.title("Grayscale")
plt.axis("off")
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plt.tight_layout()
plt.show()

Grayscale

ir:

# 3)}4]‘ el 8
image_color = cv2.imread(img_path, cv2.IMREAD_COLOR)

# sosall pae
image_color_rgb = cv2.cvtColor(image_color, cv2.COLOR_BGR2RGB)

plt.figure(figsize=(5, 5))
plt.imshow(image_color_rgb)
plt.title("Original Image")
plt.axis("off")

plt.show()

#oaas Gile 35 eall lais
saved_path = "/kaggle/working/saved_image.jpg"

cv2.imwrite(saved_path, image_color)

print (" sosall Lis :" ) saved_path)

Original Imag

il '

& bysall Lis ai: /kaggle/working/saved image.jpg

# o sosall sl gzl A
height, width, channels = image.shape

https://colab.research.google.com/drive/1afzZ99Sk2uybjFWwO05pQs_be60jc-a_SX#scrollTo=3PyEeWeaYCLM&printMode=true
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print(f"Width: {width}, Height: {height}, Channels: {channels}")

Width: 768, Height: 768, Channels: 3

# s e Wlall B sall (el Al augmented
def display_augmented_images(img_path, datagen, num_augmented=3):

Haldilly Aaes s B30 pe AlaY) 5 pall m e ImageDataGenerator

# iosall asms e @i

if not os.path.exists(img_path):
raise FileNotFoundError(f"sismse & sosall: {img_path}")

# Aghas S Lhiads 3)sall Jeas

img = load_img(img_path)

img_array = img_to_array(img)

# flal 2 Al
img_array = np.expand_dims(img_array, axis=0)

# Aol Hgall g
augmented_images = datagen.flow(img_array, batch_size=1)

# oaje MU oL
plt.figure(figsize=(4 * (num_augmented + 1), 5))

# lall 5ypall (ae

plt.subplot(1l, num_augmented + 1, 1)
plt.title("Original™)
plt.imshow(img)

plt.axis("off")

# sl sl Gae

for i in range(num_augmented):
batch = next(augmented_images)
aug_img = batch[@].astype("uint8")

plt.subplot(1l, num_augmented + 1, i + 2)
plt.title(f"Augmented {i+1}")
plt.imshow(aug_img)

plt.axis("off")

plt.tight_layout()
plt.show()

# B Gm el i
datagen = ImageDataGenerator(horizontal flip=True)
display_augmented_images(img_path, datagen, num_augmented=4)

# sl (el 4 jas
datagen = ImageDataGenerator(vertical flip=True)
display_augmented_images(img_path, datagen, num_augmented=4)

https://colab.research.google.com/drive/1afzZ99Sk2uybjFWwO05pQs_be60jc-a_SX#scrollTo=3PyEeWeaYCLM&printMode=true
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# o stal) ol A
datagen = ImageDataGenerator(rotation_range=40)
display_augmented_images(img_path, datagen, num_augmented=4)

#ooselaY) s A s
datagen = ImageDataGenerator(brightness_range=[0.5, 1.5])
display augmented_images(img_path, datagen, num_augmented=4)

B sl a3l A
datagen = ImageDataGenerator(zoom_range=0.6)
display _augmented_images(img_path, datagen, num_augmented=4)

# ‘G...ﬂlj anadlll i
import shutil
from sklearn.model_selection import train_test_split

# ol g G ol IS pens

# JAh aas alae it working aals alae ad GLOSH e (g siag
source_base = dataset_path

combined_dir = "/kaggle/working/all_classes"

os.makedirs(combined_dir, exist_ok=True)

# o B JA1 At ) Glaladl lasd
top_level_dirs = ["colon_image_sets", "lung_ image_sets"]
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# e dlae ) bl by,
for top_dir in top_level dirs:
top_path = os.path.join(source_base, top_dir)

for class_name in os.listdir(top_path):
class_path = os.path.join(top_path, class_name)

if os.path.isdir(class_path):
target_class_path = os.path.join(combined_dir, class_name)
os.makedirs(target_class_path, exist_ok=True)

for file_name in os.listdir(class_path):
src_file = os.path.join(class_path, file_name)
dst_file = os.path.join(target_class_path, file_name)

#oonsall dadl L)) clldl s
if os.path.isfile(src_file) and not os.path.exists(dst_file):
shutil.copy2(src_file, dst_file)

print (" @bl asse alae i &8t combined_dir)
print("ssssel Sl ") os.listdir(combined_dir))

& ol aage alae e 3 /kaggle/working/all classes
sagagall Sall: ['lung_scc', 'lung_aca', 'colon_n', 'lung_n', 'colon_aca']

# o amdll Clalae L)
original_dataset_dir = combined_dir
base_dir = "/kaggle/working/dataset”

train_dir = os.path.join(base_dir, "train")
validation_dir = os.path.join(base_dir, "validation")
test_dir = os.path.join(base_dir, "test")

for folder in [train_dir, validation_dir, test_dir]:
os.makedirs(folder, exist_ok=True)

#oardll

train_ratio = 0.7
validation_ratio = 0.1
test_ratio = 0.2

print("amsll Glalaa el M)

r:.\...ns.\j\ Glalaa oL &

#0048 U jsall aws
def split_and_copy_files(class_dir, dest_base_dir):
# o) Jah Hsal ges gen
all images = [
os.path.join(class_dir, f)
for f in os.listdir(class_dir)
if os.path.isfile(os.path.join(class_dir, f))
1

# S5 ad: train 5 temp

train_images, temp_images = train_test_split(
all_images,
test_size=(1 - train_ratio),
random_state=42

# ~ndl temp I validation s test

validation_images, test_images = train_test_split(
temp_images,
test_size=test_ratio / (validation_ratio + test_ratio),
random_state=42

# ldhlae ) Hpall &l
for images, folder_name in zip(
[train_images, validation_images, test_images],

https://colab.research.google.com/drive/1afzZ99Sk2uybjFWwO05pQs_be60jc-a_SX#scrollTo=3PyEeWeaYCLM&printMode=true
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["train", "validation", "test"]

dest_dir = os.path.join(dest_base_dir, folder_name, os.path.basename(class_dir))
os.makedirs(dest_dir, exist_ok=True)

for file in images:
shutil.copy2(file, dest_dir)

# bl pes o ol ada
for class_dir in os.listdir(original_dataset_dir):
full class_dir = os.path.join(original_dataset_dir, class_dir)

if os.path.isdir(full_class_dir):
split_and_copy files(full_class_dir, base_dir)

print ("clak W i 57

clay L) and

# o S G osall e G Gl

for split_name in ["train", "validation", "test"]:
split_path = os.path.join(base_dir, split_name)
print(f"\n===== {split_name.upper()} =====")

for class_name in os.listdir(split_path):
class_path = os.path.join(split_path, class_name)
if os.path.isdir(class_path):
print(class_name, ":", len(os.listdir(class_path)))

===== TRAIN =====
lung_scc : 3499
lung_aca : 3499
colon_n : 3499
lung_n : 3499
colon_aca : 3499

===== VALIDATION =====
lung_scc : 500
lung_aca : 500

colon_n : 500

lung_n : 500

colon_aca : 500

===== TEST =====
lung_scc : 1e01
lung_aca : 1001
colon_n : 1001
lung_n : 1001
colon_aca : 1001

# Al o

import os

import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns

from sklearn.metrics import (
confusion_matrix,
accuracy_score,
precision_score,
recall_score,
f1_score,
classification_report

import tensorflow as tf
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import (

Conv2D,

MaxPooling2D,

https://colab.research.google.com/drive/1afzZ99Sk2uybjFWwO05pQs_be60jc-a_SX#scrollTo=3PyEeWeaYCLM&printMode=true
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Flatten,

Dense,

Dropout,
GlobalAveragePooling2D

)

from tensorflow.keras.applications import ResNet50, EfficientNetBO®, InceptionV3

from tensorflow.keras.preprocessing.image import ImageDataGenerator

# ol 2y GUL Gl e a3

train_dir = "/kaggle/working/dataset/train"
val_dir = "/kaggle/working/dataset/validation"
test_dir = "/kaggle/working/dataset/test"

print("Train path:", train_dir)
print("Vvalidation path:", val_dir)
print("Test path:", test_dir)

print("\nClasses in train folder:")
print(os.listdir(train_dir))

Train path: /kaggle/working/dataset/train
Validation path: /kaggle/working/dataset/validation
Test path: /kaggle/working/dataset/test

Classes in train folder:
["lung_scc', 'lung_aca', 'colon_n', 'lung_n', 'colon_aca']

# J 3xad Al Data Generators

def create_data_generators(train_dir, val_dir, test_dir, img_size=(240, 240), batch_size=64):

# Augmentation

train_datagen = ImageDataGenerator(
rescale=1./255,
rotation_range=20,
horizontal flip=True,
vertical_flip=False,
width_shift_range=0.05,
height_shift_range=0.05

# U validation Js test Jex L8 & pormalization
val_test_datagen = ImageDataGenerator(rescale=1./255)

train_generator = train_datagen.flow_from_directory(
train_dir,
target_size=img_size,
batch_size=batch_size,
class_mode="categorical"',
shuffle=True

val_generator = val_test_datagen.flow_from_directory(
val_dir,
target_size=img_size,
batch_size=batch_size,
class_mode='categorical',
shuffle=False

test_generator = val_test_datagen.flow_from_directory(
test_dir,
target_size=img_size,
batch_size=batch_size,
class_mode="categorical"’,
shuffle=False

return train_generator, val_generator, test_generator

C
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# generators

train_gen, val_gen, test_gen = create_data_generators(
train_dir,
val_dir,
test_dir,
img_size=(240, 2490),
batch_size=64

# zosall Aa sl 3
input_shape = (240, 240, 3)

# lewti Ul e cliall aae
num_classes = len(train_gen.class_indices)

print("«ldl se:" ) num_classes)
print("<Wll:" ) train_gen.class_indices)

Found 17495 images belonging to 5 classes.

Found 2500 images belonging to 5 classes.

Found 5005 images belonging to 5 classes.

5 ol sae

olall; {*colon_aca': @, 'colon_n': 1, 'lung_aca': 2, 'lung_n': 3, 'lung_scc': 4}

# il aui Wl

def evaluate_model(model_name, y_true, y_pred_classes, labels):
accuracy = accuracy_score(y_true, y_pred_classes)
precision = precision_score(y_true, y pred_classes, average='weighted")
recall = recall score(y_true, y pred_classes, average='weighted')
f1l = f1_score(y_true, y_pred_classes, average='weighted')
cm = confusion_matrix(y_true, y_pred_classes)

print(f"===== {model_name} =====")
print("Accuracy:", accuracy)
print("Precision:", precision)
print("Recall:", recall)
print("Fl-score:", f1)

print("\nClassification Report:")
print(classification_report(y_true, y_pred_classes, target_names=labels))

plt.figure(figsize=(8, 6))
sns.heatmap(

cm,
annot=True,
fmt="'d",

cmap="Blues"',

xticklabels=1labels,

yticklabels=1abels
)
plt.xlabel("Predicted Label™)
plt.ylabel("True Label")
plt.title(f"Confusion Matrix - {model_name}")
plt.show()

# cooull FE any Al

def plot_training_history(history, title="Training History"):
plt.figure(figsize=(12, 5))

# J as) Accuracy

plt.subplot(1, 2, 1)

plt.plot(history.history['accuracy'], label='Train Accuracy')
plt.plot(history.history['val_accuracy'], label='Validation Accuracy')
plt.title(f'{title} - Accuracy')

plt.xlabel('Epoch')

plt.ylabel('Accuracy"')

plt.legend()

https://colab.research.google.com/drive/1afzZ99Sk2uybjFWwO05pQs_be60jc-a_SX#scrollTo=3PyEeWeaYCLM&printMode=true
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# )~y Loss

plt.subplot(1, 2, 2)

plt.plot(history.history['loss'], label='Train Loss")
plt.plot(history.history['val_loss'], label='Validation Loss"')
plt.title(f'{title} - Loss"')

plt.xlabel('Epoch")

plt.ylabel('Loss")

plt.legend()

plt.tight_layout()

plt.show()
J
N
print("cwull jsa 2e:") train_gen.samples)
print("Batch size:", train_gen.batch_size)
print("dS & <ishill 2e epoch:", len(train_gen))
17495 il Hea 2
Batch size: 64
S & aighill »e epoch: 274
J
~
# s sl CNN
def build_cnn_model(input_shape, num_classes):
model = Sequential([
Conv2D(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(@.5),
Dense(num_classes, activation='softmax')
D
model.compile(
optimizer="adam',
loss="categorical_crossentropy’,
metrics=["'accuracy']
)
return model
J

# CS}_A_': (SN} CNN
cnn_model = build_cnn_model(input_shape, num_classes)

history_cnn = cnn_model.fit(
train_gen,
epochs=4, Hi ezl oy Joddid Lelo i’ a5
validation_data=val_gen

)

/usr/local/lib/python3.12/dist-packages/keras/src/layers/convolutional/base_conv.py:113: UserWarning: Do
super().__init__ (activity_regularizer=activity_regularizer, **kwargs)

/usr/local/lib/python3.12/dist-packages/keras/src/trainers/data_adapters/py_dataset_adapter.py:121: Userhj
self._warn_if_super_not_called()

Epoch 1/4
274/274 269s 947ms/step - accuracy: 0.5600 - loss: 1.1627 - val_accuracy: 0.8404 - v
Epoch 2/4
274/274 256s 933ms/step - accuracy: 0.8074 - loss: 0.4498 - val_accuracy: 0.8040 - v
Epoch 3/4
274/274 252s 918ms/step - accuracy: 0.8579 - loss: ©0.3467 - val_accuracy: 0.9056 - v
Epoch 4/4
274/274 257s 938ms/step - accuracy: 0.9092 - loss: 0.2358 - val_accuracy: 0.9352 - v

https://colab.research.google.com/drive/1afzZ99Sk2uybjFWwO05pQs_be60jc-a_SX#scrollTo=3PyEeWeaYCLM&printMode=true
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C )

N
# cu)x i awy CNN
plot_training_history(history_cnn, title="CNN")
CNN - Accuracy CNN - Loss
—— Train Accuracy — —— Train Loss
—— Validation Accuracy ,‘____/_/f 0.7 —— Validation Loss
0.90 -
0.6
0.85 -
g, 0.5
8 %
3 0.80 - 5
£ 0.4 -
0.75
0.3+
0.70 -
0.2 4
0.0 05 10 L5 2.0 25 30 0.0 05 10 L5 20 25 30
Epoch Epoch
- J

# zisad auli CNN

y_pred = cnn_model.predict(test_gen)
y_true = test_gen.classes

y_pred_classes = np.argmax(y_pred, axis=1)

labels = list(test_gen.class_indices.keys())

evaluate_model("CNN", y true, y pred_classes, labels)
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79/79 21s 255ms/step
===== CNN =====

Accuracy: 0.9330669330669331

Precision: ©.9353034813196605

Recall: ©.9330669330669331

Fl-score: ©.9329979461595891

Classification Report:

precision recall fl-score support

colon_aca 0.98 0.88 0.93 le01
colon_n 0.89 0.99 0.94 1001
lung_aca 0.91 0.89 0.90 1001
lung_n 0.99 0.98 0.99 1le01
lung_scc 0.90 0.93 0.91 1001
accuracy 0.93 5005
macro avg 0.94 0.93 0.93 5005
weighted avg 0.94 0.93 0.93 5005

Confusion Matrix - CNN

m
(%)
®
c 2 2 2
=
8
800
5
= _
o
8
600
LR
| :," 6
2 5
': =
- 400
5
o - 0
=
=2
-200
(%)
b
e 0
=
=
1 | | | -0
colon_aca colon_n lung aca lung n lung_scc

Predicted Label

# zisa ¢ ResNet50

def build_resnet50_model(input_shape, num_classes):
base_model = ResNet50(
weights="imagenet',
include_top=False,
input_shape=input_shape

# Freeze the base model
base_model.trainable = False

model = Sequential([
base_model,
GlobalAveragePooling2D(),
Dense(128, activation='relu'),
Dropout(@.5),
Dense(num_classes, activation='softmax")

D

model.compile(
optimizer="adam',

https://colab.research.google.com/drive/1afzZ99Sk2uybjFWwO05pQs_be60jc-a_SX#scrollTo=3PyEeWeaYCLM&printMode=true
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loss="categorical_crossentropy’,
metrics=["'accuracy']

return model

# zisi «u)Y ResNet50
resnet50_model = build_resnet50 _model(input_shape, num_classes)

history_resnet50 = resnet50 _model.fit(
train_gen,
epochs=2, #leall iy il Lellss o3
validation_data=val_gen

)

Downloading data from https://storage.googleapis.com/tensorflow/keras-applications/resnet/resnet50_weightj

94765736/94765736 1s Qus/step

Epoch 1/2

274/274 285s 984ms/step - accuracy: 0.2090 - loss: 1.6375 - val_accuracy: 0.2000 - v;

Epoch 2/2

274/274 253s 925ms/step - accuracy: 0.2023 - loss: 1.6094 - val_accuracy: 0.2000 - v;
- J

N

# cu,d W aw) ResNet50

plot_training_history(history_resnet50, title="ResNet50")

ResMet50 - Accuracy ResMet50 - Loss
1.616 o
0.2005 —— Train Accuracy —— Train Loss
\ —— Validation Accuracy —— Validation Loss
0.2000 1.615 4
0.1995 1614 4
0.1990
= 1.613 A
z @
J 0.1983 + g
£ 1612 A
0.1980
01975 4 16114
0.1570 1.610
0.1965 = T T T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 10 0.0 0.2 0.4 0.6 0.8 10
Epoch Epoch
- J

# 23505 pu i35 ResNet50

y_pred = resnet50_model.predict(test_gen)
y_true = test_gen.classes

y_pred_classes = np.argmax(y_pred, axis=1)

labels = list(test_gen.class_indices.keys())

evaluate_model("ResNet50", y_true, y pred_classes, labels)
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29s 321ms/step

ResNet50
Accuracy: 0.2

Precision: 0.04000799360511591
Recall: 0.2

Fl-score: 0.06667776852622814

Classification Report:

precision recall fl-score support

colon_aca 0.00 0.00 0.00 le01
colon_n 0.00 0.00 0.00 1001
lung_aca 0.00 0.00 0.00 1001
lung_n 0.00 0.00 0.00 1le01
lung_scc 0.20 1.00 0.33 1001
accuracy 0.20 5005
macro avg 0.04 0.20 0.07 5005
weighted avg 0.04 0.20 0.07 5005

/usr/local/lib/python3.12/dist-packages/sklearn/metrics/_classification.py:1565:
_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
/usr/local/lib/python3.12/dist-packages/sklearn/metrics/_classification.py:1565:
_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
/usr/local/lib/python3.12/dist-packages/sklearn/metrics/_classification.py:1565:
_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
/usr/local/lib/python3.12/dist-packages/sklearn/metrics/_classification.py:1565:
_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))

Confusion Matrix - ResNet50

Predicted Label

UndefinedMetricWarning:
UndefinedMetricWarning:
UndefinedMetricWarning:

UndefinedMetricWarning:
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# zisa W EfficientNetBo

def build_efficientnetb®_model(input_shape, num_classes):
base_model = EfficientNetBo(
weights="imagenet',
include_top=False,
input_shape=input_shape

# Freeze the base model

base_model.trainable = False

model = Sequential([
base_model,

https://colab.research.google.com/drive/1afzZ99Sk2uybjFWwO05pQs_be60jc-a_SX#scrollTo=3PyEeWeaYCLM&printMode=true
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GlobalAveragePooling2D(),

Dense (128, activation='relu'),
Dropout(@.5),

Dense(num_classes, activation='softmax")

D)

model.compile(
optimizer="adam',
loss="categorical crossentropy’,
metrics=["'accuracy']

return model

# zis cux EfficientNetBo
efficientnet_model = build_efficientnetb®_model(input_shape, num_classes)

history_efficientnet = efficientnet_model.fit(
train_gen,
epochs=2, el iy Jlal (oLl 5
validation_data=val_gen

)

Downloading data from https://storage.googleapis.com/keras-applications/efficientnetb@ notop.h5
16705208/16705208 @s OQus/step

Epoch 1/2

274/274 346s 1s/step - accuracy: 0.2089 - loss: 1.6271 - val_accuracy: 0.2000 - val |
Epoch 2/2

274/274 253s 925ms/step - accuracy: 0.2017 - loss: 1.6102 - val_accuracy: 0.2000 - v;

# )X # aw) EfficientNetBo

plot_training_history(history_efficientnet, title="EfficientNetBo")

EfficientNetB0 - Accuracy EfficientNetBO - Loss
0.2020 —— Train Accuracy —— Train Loss
—— walidation Accuracy 16151 —— validation Loss
0.2015 - Zaa
0.2010 4 1.613
-
8 %
c 3
% 0.2005 4 1612 4
0,2000 L5417
1.610
0.1995 -
00 02 0.4 06 08 10 00 02 04 06 08 10
Epoch Epoch

# zisa a8l EfficientNetBeO

y_pred = efficientnet_model.predict(test_gen)
y_true = test_gen.classes

y_pred_classes = np.argmax(y_pred, axis=1)

labels = list(test_gen.class_indices.keys())

evaluate_model ("EfficientNetBo", y_true, y pred_classes, labels)

https://colab.research.google.com/drive/1afzZ99Sk2uybjFWwO05pQs_be60jc-a_SX#scrollTo=3PyEeWeaYCLM&printMode=true
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79/79 47s 519ms/step
===== EfficientNetBO =====

Accuracy: 0.2

Precision: 0.04

Recall: 0.2

Fl-score: 0.06666666666666667

Classification Report:

precision recall fl-score support

colon_aca 0.00 0.00 0.00 le01
colon_n 0.20 1.00 0.33 1001
lung_aca 0.00 0.00 0.00 1001
lung_ n 0.00 0.00 0.00 1le01
lung_scc 0.00 0.00 0.00 1001
accuracy 0.20 5005
macro avg 0.04 0.20 0.07 5005
weighted avg 0.04 0.20 0.07 5005

/usr/local/lib/python3.12/dist-packages/sklearn/metrics/_classification.py:1565:
_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
/usr/local/lib/python3.12/dist-packages/sklearn/metrics/_classification.py:1565:
_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
/usr/local/lib/python3.12/dist-packages/sklearn/metrics/_classification.py:1565:
_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
/usr/local/lib/python3.12/dist-packages/sklearn/metrics/_classification.py:1565:
_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))

Confusion Matrix - EfficientNetB0
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UndefinedMetricWarning:
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# zisa W Inceptionv3

def build_inceptionv3_model(num_classes):
base_model = InceptionV3(
weights="imagenet',
include_top=False,
input_shape=(240, 240, 3)

# Freeze the base model

base_model.trainable = False

model = Sequential([
base_model,

https://colab.research.google.com/drive/1afzZ99Sk2uybjFWwO05pQs_be60jc-a_SX#scrollTo=3PyEeWeaYCLM&printMode=true
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GlobalAveragePooling2D(),

Dense (128, activation='relu'),
Dropout(@.5),

Dense(num_classes, activation='softmax")

D)

model.compile(
optimizer="adam',
loss="categorical crossentropy’,
metrics=["'accuracy']

return model

# zisi «w)¥ InceptionVv3
inceptionv3_model = build_inceptionv3_model(num_classes)

history_inceptionv3 = inceptionv3_model.fit(
train_gen,
epochs=2, el iy Jlal (oLl 5
validation_data=val_gen

)

Downloading data from https://storage.googleapis.com/tensorflow/keras-applications/inception_v3/inception|
87910968/87910968 @s OQus/step

Epoch 1/2
274/274 292s 1s/step - accuracy: 0.8095 - loss: ©.5102 - val_accuracy: 0.9580 - val |
Epoch 2/2
274/274 254s 925ms/step - accuracy: ©0.9381 - loss: 0.1669 - val_accuracy: 0.9636 - vi

# ¥ # awy InceptionV3

plot_training_history(history_inceptionv3, title="InceptionVv3")

InceptionV3 - Accuracy InceptionV3 - Loss
0.300 4 —— Train Loss
0.96 / —— Validation Loss
0.275 4
0.95 -
0.250
0.94
0.225 4
Z 093
c " % 0.200
<
§ —
0927 0.175
0.914 0.150
0.90 01254 TT——
—— Train Accuracy —‘—__‘\'_\‘———_
0.89 —— Validation Accuracy 0.100 —h—__________‘____‘—____
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Epoch Epoch

# zisi a8l InceptionVi

y_pred = inceptionv3_model.predict(test_gen)
y_true = test_gen.classes

y_pred_classes = np.argmax(y_pred, axis=1)

labels = list(test_gen.class_indices.keys())

evaluate_model("InceptionVv3", y true, y_pred_classes, labels)

https://colab.research.google.com/drive/1afzZ99Sk2uybjFWwO05pQs_be60jc-a_SX#scrollTo=3PyEeWeaYCLM&printMode=true
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79/79 34s 355ms/step
===== InceptionV3 =====

Accuracy: 0.9644355644355644

Precision: ©.9652934033789096

Recall: ©.9644355644355644

Fl-score: 0.9645425608232837

Classification Report:

precision recall fl-score support

colon_aca 0.99 0.98 0.99 le01
colon_n 1.00 0.99 1.00 1001
lung_aca 0.94 0.90 0.92 1001
lung_ n 1.00 1.00 1.00 1le01
lung_scc 0.89 0.95 0.92 1001
accuracy 0.96 5005
macro avg 0.97 0.96 0.96 5005
weighted avg 0.97 0.96 0.96 5005

Confusion Matrix - InceptionVv3
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# zolall a8 i

models_accuracy = {
"CNN": max(history_cnn.history["val_accuracy"]),
"ResNet50": max(history_resnet5@.history["val_accuracy"]),
"EfficientNetBo": max(history_efficientnet.history["val_accuracy"]),
"InceptionV3": max(history_inceptionv3.history["val_accuracy"])

print("d=d Validation Accuracy dase J<I:™)
for model name, acc in models_accuracy.items():
print(f"{model_name}: {acc:.4f}")

Jwail Validation Accuracy dJeise JSU:
CNN: ©.9352

ResNet50: 0.2000
EfficientNetBo: 0.2000
InceptionV3: 0.9636

# oo el Al clakal ol il PyTorch

import os

https://colab.research.google.com/drive/1afzZ99Sk2uybjFWwO05pQs_be60jc-a_SX#scrollTo=3PyEeWeaYCLM&printMode=true
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import time

import copy

import warnings
warnings.filterwarnings("ignore")

import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns

import torch
from torch import nn, optim
from torch.utils.data import Dataloader

from torchvision import datasets, transforms as T, models

from sklearn.metrics import (
confusion_matrix,
accuracy_score,
precision_score,
recall_score,
f1_score,
classification_report

from tqdm import tqdm

# Oe soaladl Gl Gads aladsal
dataset_path = "/kaggle/working/dataset”

train_dir = os.path.join(dataset_path, "train")
val _dir = os.path.join(dataset_path, "validation")
test_dir = os.path.join(dataset_path, "test")

print("Train path:", train_dir)
print("validation path:", val _dir)
print("Test path:", test_dir)

print("\nClasses:")
print(sorted(os.listdir(train_dir)))

Train path: /kaggle/working/dataset/train
Validation path: /kaggle/working/dataset/validation
Test path: /kaggle/working/dataset/test

Classes:
['colon_aca', 'colon_n', 'lung aca', 'lung_n', 'lung_scc']

#ocuoull alae e il laud 36l

def get_classes(data_dir):
all data = datasets.ImageFolder(data_dir)
return all_data.classes

classes = get_classes(train_dir)
num_classes = len(classes)

print("Classes:", classes)
print("Number of classes:", num_classes)

Classes: ['colon_aca', 'colon_n', 'lung_aca', 'lung_n', 'lung_scc']
Number of classes: 5

# >3 Dataloaders

def get_data_loaders(data_dir, batch_size, train=False):
if train:
# Augmentation <y xll cll
transform = T.Compose([
T.RandomHorizontalFlip(),
T.RandomVerticalFlip(),

https://colab.research.google.com/drive/1afzZ99Sk2uybjFWwO05pQs_be60jc-a_SX#scrollTo=3PyEeWeaYCLM&printMode=true
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T.RandomRotation(19),
T.Resize((224, 224)), # <, mwdl 224 L) 299 (e laluid
T.ToTensor(),
T.Normalize(
mean=[0.485, 0.456, 0.406],
std=[0.229, 0.224, 0.225]

D

train_data = datasets.ImageFolder(
os.path.join(data_dir, "train"),
transform=transform

train_loader = DatalLoader(
train_data,
batch_size=batch_size,
shuffle=True,
num_workers=2

return train_loader, len(train_data)

else:
# %> validation s test s augmentation
transform = T.Compose([
T.Resize((224, 224)), # <wdd L L
T.ToTensor(),
T.Normalize(
mean=[0.485, 0.456, 0.406],
std=[0.229, 0.224, 0.225]

D)

val _data = datasets.ImageFolder(
os.path.join(data_dir, "validation"),
transform=transform

test_data = datasets.ImageFolder(
os.path.join(data_dir, "test"),
transform=transform

val_loader = DatalLoader(
val_data,
batch_size=batch_size,
shuffle=False,
num_workers=2

test_loader = Dataloader(
test_data,
batch_size=batch_size,
shuffle=False,
num_workers=2

return val_loader, test_loader, len(val_data), len(test_data)

# J J=is Dataloaders
batch_size = 64

train_loader, train_data_len = get_data_loaders(dataset_path, batch_size, train=True)

dataloaders = {
"train": train_loader,
"val": val_loader

}
https://colab.research.google.com/drive/1afzZ99Sk2uybjFWwO05pQs_be60jc-a_SX#scrollTo=3PyEeWeaYCLM&printMode=true
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dataset_sizes = {
"train": train_data_len,
"val": valid_data_len

print("Train images:", train_data_len)
print("validation images:", valid_data_len)
print("Test images:", test_data_len)
print("Batch size:", batch_size)
print("Train steps:", len(train_loader))

Train images: 17495
Validation images: 2500
Test images: 5005

Batch size: 64

Train steps: 274

# il GPU

device = torch.device("cuda" if torch.cuda.is_available() else "cpu")
print("Using device:", device)

Using device: cuda

# zise Jwesi EfficientNet-BoO

model = models.efficientnet_be@(pretrained=True)

# Alall cldll s 3 5AY) Andall Jlaial

model.classifier[1] = nn.Linear(
model.classifier[1].in_features,
num_classes

model = model.to(device)

print(model.classifier)

Downloading: "https://download.pytorch.org/models/efficientnet_b@_rwightman-7f5810bc.pth" to /root/.cache,
100% | NI 20.5M/20.5M [00:00<00:00, 144MB/s]
Sequential(

(0): Dropout(p=0.2, inplace=True)

(1): Linear(in_features=1280, out_features=5, bias=True)

)

# Ay = scheduler
criterion = nn.CrossEntropylLoss().to(device)
optimizer = optim.AdamW(model.parameters(), 1lr=0.001)
scheduler = optim.lr_scheduler.StepLR(

optimizer,

step_size=3,
gamma=0.97

# zisall oy Al
# e 2l daus Jeadl kst val accuracy

def train_model(model, criterion, optimizer, scheduler, num_epochs=3):
best_model_wts = copy.deepcopy(model.state_dict())
best_val_acc = 0.0

for epoch in range(num_epochs):
print(f"\nEpoch {epoch + 1}/{num_epochs}")
print("-" * 30)

for phase in ["train", "val"]:

https://colab.research.google.com/drive/1afzZ99Sk2uybjFWwO05pQs_be60jc-a_SX#scrollTo=3PyEeWeaYCLM&printMode=true 21/35
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if phase == "train":
model.train()
else:
model.eval()

running_loss = 0.0
running_corrects = 0

for inputs, labels in tqdm(dataloaders[phase]):
inputs = inputs.to(device)
labels = labels.to(device)

optimizer.zero_grad()

with torch.set_grad_enabled(phase == "train"):
outputs = model(inputs)
loss = criterion(outputs, labels)
_, preds = torch.max(outputs, 1)

if phase == "train":
loss.backward()
optimizer.step()

running_loss += loss.item() * inputs.size(®)
running_corrects += torch.sum(preds == labels.data)

if phase == "train":
scheduler.step()

epoch_loss = running_loss / dataset_sizes[phase]
epoch_acc = running_corrects.double() / dataset_sizes[phase]

print(f"{phase} Loss: {epoch loss:.4f} | {phase} Acc: {epoch_acc:.4f}")
# e 2l Jose dundl his val accuracy
if phase == "val" and epoch_acc > best_val acc:

best_val_acc = epoch_acc

best_model_wts = copy.deepcopy(model.state dict())

print(f"\nBest val Acc: {best_val acc:.4f}")

model.load_state_dict(best_model_wts)
return model

e N

# dasall
model = train_model(

model,

criterion,

optimizer,

scheduler,

num_epochs=3  #<d gl Jidal
)
Epoch 1/3
100% || 274/274 [01:36<00:00, 2.83it/s]
train Loss: 0.0930 | train Acc: 0.9702
100%| NI 2e0/40 [00:10<00:00, 3.76it/s]
val Loss: 0.0465 | val Acc: 0.9812
Epoch 2/3
100%| NI 274/274 [01:33<00:00, 2.92it/s]
train Loss: 0.0299 | train Acc: ©.9905
100%| NI Ze¢/40 [00:10<00:00, 3.82it/s]
val Loss: ©0.0068 | val Acc: 0.9984
Epoch 3/3
100% | NI 274/274 [01:36<00:00, 2.83it/s]
train Loss: 0.0264 | train Acc: ©.9913

https://colab.research.google.com/drive/1afzZ99Sk2uybjFWwO05pQs_be60jc-a_SX#scrollTo=3PyEeWeaYCLM&printMode=true 22/35
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100% | NI 20/40 [00:10<00:00, 3.73it/s]val Loss: 0.0029 | val Acc: 0.9996

Best val Acc: 0.9996

def evaluate_model(model_name, y_true, y pred, y proba, labels):
accuracy = accuracy_score(y_true, y_pred)
precision = precision_score(y_true, y_pred, average='weighted')
recall = recall_score(y_true, y pred, average='weighted")
fl = f1_score(y_true, y_pred, average='weighted")
cm = confusion_matrix(y_true, y_pred)

print(f"\n===== {model_name} =====")
print("Accuracy:", accuracy)
print("Precision:", precision)
print("Recall:", recall)
print("F1-score:", f1)

print("\nClassification Report:")
print(classification_report(y_true, y_pred, target_names=labels))

plt.figure(figsize=(8, 6))
sns.heatmap(

cm,
annot=True,
fmt="d",

cmap="Blues",

xticklabels=1labels,

yticklabels=1abels
)
plt.xlabel("Predicted Label")
plt.ylabel("True Label")
plt.title(f"Confusion Matrix - {model_name}")
plt.show()

# WY bl Je al) 4w

y_true = []
y_proba = []
y_pred = []

model.eval()

with torch.no_grad():
for x, y in tqdm(test_loader):
x = X.to(device)

output = model(x)

# Aaaall sl 5388
y_true.extend(y.numpy())

# Ylaa¥l #) At
probabilities = torch.softmax(output, dim=1)
y_proba.extend(probabilities.cpu().numpy())

# dadgidl Wl gl A
pred = torch.argmax(probabilities, axis=1).cpu().numpy()
y_pred.extend(pred)

# & Al diss3 numpy arrays
y_true = np.array(y_true)
y_proba = np.array(y_proba)
y_pred = np.array(y_pred)

evaluate_model ("EfficientNet-Bo (PyTorch)", y_true, y pred, y_proba, classes)

https://colab.research.google.com/drive/1afzZ99Sk2uybjFWwO05pQs_be60jc-a_SX#scrollTo=3PyEeWeaYCLM&printMode=true
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100% || 79/79 [00:21<00:00, 3.72it/s]

===== EfficientNet-BO (PyTorch) =====
Accuracy: 0.9994005994005994
Precision: 0.9994007984031936

Recall: 0.9994005994005994

Fl-score: 0.9994005992510485

Classification Report:

precision recall fl-score support

colon_aca 1.00 1.00 1.00 1001
colon_n 1.00 1.00 1.00 1001
lung_aca 1.00 1.00 1.00 1001
lung_n 1.00 1.00 1.00 1001
lung_scc 1.00 1.00 1.00 1001
accuracy 1.00 5005
macro avg 1.00 1.00 1.00 5005
weighted avg 1.00 1.00 1.00 5005

Confusion Matrix - EfficientNet-B0 (PyTorch)
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e N\
# Kl ol
import numpy as np
import matplotlib.pyplot as plt
import cv2
import os
from tensorflow.keras.preprocessing import image
N\
e N
# ool zisall) Laa
import tensorflow as tf
model_path = "/kaggle/working/cancer_classifier_model.h5"

cnn_model.save(model_path)

print("Model saved to:", model_path)

WARNING:absl:You are saving your model as an HDF5 file via "model.save()” or "keras.saving.save_model(mods
Model saved to: /kaggle/working/cancer_classifier_model.h5

¢ hl
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# Lgiadl z3sall Jhess

from tensorflow.keras.models import load_model
loaded_model = load_model(model_path)

print("Model loaded successfully")

WARNING:absl:Compiled the loaded model, but the compiled metrics have yet to be built. “model.compile_met
Model loaded successfully

J
~
# il claw
class_names = list(train_gen.class_indices.keys())
print("Classes:", class_names)
Classes: ['colon_aca', 'colon_n', 'lung_aca', 'lung_n', 'lung_scc']
\ Y,
<
# sl 5ysa el
def preprocess_image(img_path, img_size=(240,240)):
img = image.load_img(img_path, target_size=img_size)
img_array = image.img_to_array(img)
img_array = img_array / 255.0
img_array = np.expand_dims(img_array, axis=0)
return img_array
-
# oo Lilsde 5,5 Ul test
test_folder = "/kaggle/working/dataset/test"
random_class = os.listdir(test_folder)[0]
random_image = os.listdir(os.path.join(test_folder, random_class))[0]
img_path = os.path.join(test_folder, random_class, random_image)
print("Image path:", img_path)
Image path: /kaggle/working/dataset/test/lung_scc/lungscc2217.jpeg
J
e A

# bysall ae

img = cv2.imread(img_path)

img_rgb = cv2.cvtColor(img, cv2.COLOR_BGR2RGB)
plt.imshow(img_rgb)

plt.title("Test Image")

plt.axis("off")
plt.show()

https://colab.research.google.com/drive/1afzZ99Sk2uybjFWwO05pQs_be60jc-a_SX#scrollTo=3PyEeWeaYCLM&printMode=true 25/35
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Test Image

# bypall sl

img_array = preprocess_image(img_path)
predictions = loaded_model.predict(img_array)
predicted_class = np.argmax(predictions)
confidence = np.max(predictions)

print("Predicted Class:", class_names[predicted_class])
print("Confidence:", confidence)

1/1 1s 575ms/step
Predicted Class: lung_scc
Confidence: 0.9896616

# ool < elaa) ga e

for i, prob in enumerate(predictions[0]):

print(class_names[i], ":", round(prob,4))

colon_aca : 0.0
colon_n : 0.0
lung_aca : 0.0103
lung_n : 0.0
lung_scc : 0.9897

# sl OVlaial aw )
plt.figure(figsize=(8,4))
plt.bar(class_names, predictions[0])
plt.title("Prediction Probabilities")
plt.xticks(rotation=45)

plt.show()

https://colab.research.google.com/drive/1afzZ99Sk2uybjFWwO05pQs_be60jc-a_SX#scrollTo=3PyEeWeaYCLM&printMode=true
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Prediction Probabilities
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# ol ) i

import torch

from torch import nn

import torch.optim as optim

from torchvision.models import vit_b_32

Ipip -q install timm

import timm
from timm.loss import LabelSmoothingCrossEntropy

# Glsidl e gaaill

required_vars = [
"classes",
"device",
"train_model",
"train_loader",
"val_loader",
"test_loader"

for var in required_vars:
print(var, "=>", var in globals())

classes => True
device => True
train_model => True
train_loader => True
val loader => True
test_loader => True

# gis< ¢l Vision Transformer (ViT)
model = vit_b_32(pretrained=True)

# canaill ) ddlal jailladll sae
n_inputs = model.heads.head.in_features

model.heads.head = nn.Sequential(
nn.Linear(n_inputs, 512),
nn.ReLU(),
nn.Dropout(0.3),
nn.Linear(512, len(classes))

)
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# ) Jdasadl J8 GPU sl CPU
model = model.to(device)

print(model.heads.head)

Downloading: "https://download.pytorch.org/models/vit_b_32-d86f8d99.pth" to /root/.cache/torch/hub/checkpq
100% | NI 337M/337M [00:02<00:00, 122MB/s]
Sequential(

(0): Linear(in_features=768, out_features=512, bias=True)

(1): ReLU()

(2): Dropout(p=0.3, inplace=False)

(3): Linear(in_features=512, out_features=5, bias=True)

)

# b Al yyall wllae) Transformer

# Loss function
criterion = LabelSmoothingCrossEntropy()

# Optimizer
optimizer = optim.AdamW(model.parameters(), 1lr=0.001)

# Learning rate scheduler

scheduler = optim.lr_scheduler.StepLR(
optimizer,
step_size=3,
gamma=0.97

print("Transformer settings :jala")

Transformer settings 3»l

# ozised cuoX VIT

ViT_model = train_model(
model,
criterion,
optimizer,
scheduler,
num_epochs=3  #cddll (sl

Epoch 1/3

100% | NI 274/274 [01:36<00:00, 2.85it/s]
train Loss: 0.9366 | train Acc: 0.6812

100%| NI 2e0/40 [00:10<00:00, 3.81it/s]
val Loss: 0.7309 | val Acc: 0.7976

Epoch 2/3

100% | NI 274/274 [01:35<00:00, 2.86it/s]
train Loss: 0.7125 | train Acc: 0.8269

100% || 20/40 [00:10<00:00, 3.89it/s]
val Loss: ©.6389 | val Acc: 0.8716

Epoch 3/3

100% | NI 274/274 [01:34<00:00, 2.90it/s]
train Loss: 0.6280 | train Acc: 0.8750
100%| NI 20/40 [00:10<00:00, 3.83it/s]val Loss: 0.6590 | val Acc: 0.8672

Best val Acc: 0.8716

# gised mu@ Ay PyTorch

import numpy as np
import matplotlib.pyplot as plt
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import seaborn as sns

def evaluate_pytorch_model(model, test_loader, class_names, device):
y_true = []

y_pred = []
model.eval()

with torch.no_grad():
for inputs, labels in test_loader:
inputs = inputs.to(device)

outputs = model(inputs)
preds = torch.argmax(outputs, dim=1).cpu().numpy()

y_pred.extend(preds)
y_true.extend(labels.numpy())

y_true = np.array(y_true)
y_pred = np.array(y_pred)

accuracy = accuracy_score(y_true, y_pred)

precision = precision_score(y_true, y_pred, average="weighted", zero_division=0)
recall = recall_score(y_true, y_pred, average="weighted", zero_division=0)

f1l = f1_score(y_true, y _pred, average="weighted", zero_division=0)

print("Accuracy:", accuracy)
print("Precision:", precision)
print("Recall:", recall)
print("Fl-score:", f1)
print("\nClassification Report:")

cm = confusion_matrix(y_true, y_pred)

plt.figure(figsize=(8, 6))
sns.heatmap(

cm,
annot=True,
fmt="d",

cmap="Blues",
xticklabels=class_names,
yticklabels=class_names
)
plt.xlabel("Predicted Label™)
plt.ylabel("True Label")
plt.title("Confusion Matrix - ViT")
plt.show()

from sklearn.metrics import classification_report, confusion_matrix, accuracy_score, precision_score, re

print(classification_report(y_true, y_pred, target_names=class_names, zero_division=e))

# 23p0 paais VAT

evaluate_pytorch_model(
ViT_model,
test_loader,
classes,
device
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Accuracy: 0.8595404595404595
Precision: 0.8638946921949106
Recall: ©.8595404595404595
Fl-score: ©.8597708707130488

Classification Report:

precision recall fl-score support

colon_aca 0.77 0.86 0.81 1001
colon_n 0.83 0.74 0.78 1lo01
lung_aca 0.89 0.82 0.86 1001
lung_n 1.00 0.94 0.97 1001
lung_scc 0.83 0.92 0.88 1001
accuracy 0.86 5005
macro avg 0.86 0.86 0.86 5005
weighted avg 0.86 0.86 0.86 5005

Confusion Matrix - ViT

]
(=]
[}
CI
2
S 800
c
::l
L)
R 600
T
2 u
A
2 g
e
o - 400
=I
g
=
-200
(=)
L
2
g
=
-0

I I
lung_aca lung_n lung_scc
Predicted Label

i |
colon_aca colon_n

# il gen ol i

import pandas as pd
import matplotlib.pyplot as plt

# il & Al

results = {
"CNN": max(history_cnn.history["val_accuracy"]),
"ResNet50": max(history_resnet5@.history["val_accuracy"]),
"EfficientNetBO": max(history_efficientnet.history["val_accuracy"]),
"InceptionV3": max(history_inceptionv3.history["val_accuracy"])

# I Lls~i DataFrame
results_df = pd.DataFrame(list(results.items()), columns=["Model", "Validation Accuracy"])

#1s3 Jd) e il s i
results_df = results_df.sort_values(by="Validation Accuracy", ascending=False)

print("Model Comparison")
print(results_df)

# A A,
plt.figure(figsize=(8,5))
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plt.bar(results_df["Model"], results_df["Validation Accuracy"])
plt.title("Model Accuracy Comparison™)

plt.xlabel("Model")

plt.ylabel("Validation Accuracy")

plt.show()

Model Comparison
Model Validation Accuracy

3 InceptionVv3 0.9636
] CNN 0.9352
1 ResNet50 0.2000
2 EfficientNetBo 0.2000
Model Accuracy Comparison
1.0 A
0.8
=
©
5 0.6
]
<
=
2
—
1]
Z 0.4+
S
0.2 1
0.0 -
InceptionV3 CNN ResMNet50 EfficientNetB0
Model

best_model = results_df.iloc[@]["Model"]
print("\ns gzisi Juadl:" ) best_model)

s giss Jmil: Inceptionv3

# ROC Curve + AUC Score

import numpy as np
import matplotlib.pyplot as plt

from sklearn.preprocessing import label_binarize
from sklearn.metrics import roc_curve, auc
from itertools import cycle

def plot_multiclass_roc_auc(model, test_gen, model_name="Model"):
test_gen.reset()

#ozisall Ge Adlaay) cilad gl
y_score = model.predict(test_gen, verbose=1)

# Aadsll a8l
y_true = test_gen.classes

# ol cla
class_names = list(test_gen.class_indices.keys())
n_classes = len(class_names)

# Jissi y_true J one-hot / binarized
y_true_bin = label binarize(y_true, classes=np.arange(n_classes))
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# ol Lay Lol s 401wl 1)
if n_classes == 2 and y_true_bin.shape[1] == 1:
y_true_bin = np.hstack([1 - y_true_bin, y_true_bin])

# <lea ROC 5 AUC 4@ Jd
fpr = {}

tpr = {}

roc_auc = {}

for i in range(n_classes):
fpr[i], tpr[i], _ = roc_curve(y_true_bin[:, i], y_score[:, i])
roc_auc[i] = auc(fpr[i], tpr[i])

# <l Micro-average ROC
fpr["micro"], tpr["micro"], _ = roc_curve(y_true_bin.ravel(), y_score.ravel())
roc_auc["micro"] = auc(fpr["micro"], tpr["micro"])

# Clisidl o)
plt.figure(figsize=(10, 8))

colors = cycle(["blue", "red", "green", "orange", "purple", "brown", "pink"])

for i, color in zip(range(n_classes), colors):
plt.plot(
fprlil,
tpr[il,
color=color,
1w=2,
label=f"{class_names[i]} (AUC = {roc_auc[i]:.4f})"

# =) micro-average

plt.plot(
fpr["micro"],
tpr["micro"],
color="black",

linestyle="--",

1w=2,

label=f"micro-average (AUC = {roc_auc[ 'micro']:.4f})"
)
# Sgde b

plt.plot([@, 1], [0, 1], "k--", lw=1)

plt.xlim([0.0, 1.0])

plt.ylim([©.0, 1.05])
plt.xlabel("False Positive Rate")
plt.ylabel("True Positive Rate")
plt.title(f"ROC Curve - {model_name}")
plt.legend(loc="lower right")
plt.grid(True)

plt.show()

# il dels
print(f"===== ROC AUC Results for {model_name} =====")
for i in range(n_classes):

print(f"{class_names[i]}: AUC = {roc_auc[i]:.4f}")
print(f"micro-average: AUC = {roc_auc['micro']:.4f}")

return roc_auc

#EfficientNetBO
roc_auc_efficientnet = plot_multiclass_roc_auc(

efficientnet_model,
test_gen,
model_name="EfficientNetBo"
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ROC Curve - EfficientNetB0
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===== ROC AUC Results for EfficientNetB@ =====
colon_aca: AUC = 0.5000
colon_n: AUC = 0.5000
lung_aca: AUC = 0.5000
lung_n: AUC = 0.5000
lung_scc: AUC = 0.5000
micro-average: AUC = 0.5000
e N
#ResNet50
roc_auc_resnet = plot_multiclass_roc_auc(
resnet50_model,
test_gen,
model_name="ResNet50"
)
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ROC Curve - ResNet50
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micro-average: AUC = 0.5000
J
e ~
#CNN
roc_auc_cnn = plot_multiclass_roc_auc(
cnn_model,
test_gen,
model_name="CNN"
)
https://colab.research.google.com/drive/1afzZ99Sk2uybjFWwO05pQs_be60jc-a_SX#scrollTo=3PyEeWeaYCLM&printMode=true 34/35



= 5:15 2026/3/9

Image.ipynb - Colab

https://colab.research.google.com/drive/1afzZ99Sk2uybjFWwO05pQs_be60jc-a_SX#scrollTo=3PyEeWeaYCLM&printMode=true

79/79

20s 251ms/step

ROC Curve - CNN

1.0

0.8

0.6

True Positive Rate

0.4

35/35



