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Configuration Manual: Brain Tumor
Classification Using Deep Learning &
Explainable AI (LIME)

1. Introduction

Brain tumor classification using MRI imaging has become a crucial area in medical Al due to
the increasing need for accurate, fast, and reliable diagnostic support. Manual inspection of
MRI scans can be time-consuming and prone to errors because tumor appearance varies
widely in shape, size, and intensity.

This project utilizes the Brain Tumor Classification MRI dataset from Kaggle and applies
multiple deep learning models—including CNN, InceptionV3, Xception, EfficientNet-B6,
and an advanced hybrid model (EFT-SA-Net)—to automatically classify tumor types.

Explainable Al (XAI) using LIME is integrated to highlight important image regions
influencing predictions, improving clinicians' trust and interpretability.

This project supports:

* Clinical decision support

* Early tumor identification

* Al-assisted radiology

* Cloud-based medical diagnostic platforms

2. Research Question

Primary Research Question:

How effectively can deep learning models classify brain tumors from MRI images, and what
advantages do attention-based models (such as EFT-SA-Net) offer compared to conventional
CNN architectures?

Key Components Investigated:



(A) Spatial Understanding
Does the model detect tumor-relevant regions such as:
* Tumor boundaries

* Abnormal intensity patterns
* Location-specific structural deviations

(B) Feature Understanding
Can attention-based models prioritize:
* Tumor texture

* Shape irregularities
* Size variations
* MRI contrast behavior

3. Research Objectives

Primary Objective

To develop an efficient and interpretable deep learning—based system capable of accurately
classifying brain tumors from MRI images using multiple neural network architectures and
Explainable Al (LIME).

Secondary Objectives

1.

To preprocess and standardize MRI images using resizing, normalization,
augmentation, and labeling techniques to ensure high-quality input for deep learning
models.

To train and evaluate multiple deep learning architectures including CNN,
Xception, InceptionV3, EfficientNet-B6, and EFT-SA-Net to compare their
classification accuracy and robustness.

To integrate Explainable Al (LIME) for visualizing and interpreting which MRI
regions influence classification decisions, enhancing trust and transparency in medical
Al

To measure model performance using metrics such as accuracy, precision, recall,
Fl-score, sensitivity, specificity, and confusion matrix.

To develop a user-friendly GUI (Flask-based web application) that enables
clinicians to upload MRI images and receive tumor predictions with explanatory
heatmaps.

To analyze the impact of advanced attention-based models (such as EFT-SA-Net)
on feature extraction quality, tumor localization, and classification reliability.



3. Environment Setup
Correct environment setup ensures reproducibility and proper model training.

3.1 Recommended Hardware

Component Recommended

GPU NVIDIA RTX 3060/ T4/ A100
RAM 16 GB minimum

CPU Quad-core

Storage 10-15 GB

3.2 Software Requirements

Supported OS:

* Windows 10/11
* macOS

» Ubuntu Linux

3.3 Python Version
Python 3.9-3.11 recommended.
3.4 Required Libraries

Core Libraries:
* numpy, pandas, matplotlib, seaborn

Deep Learning:

« tensorflow, keras

* EfficientNet / pretrained models
* scikit-learn

Explainable Al:
* lime

Imaging:
* opencv-python

3.5 Installation Commands

pip install numpy pandas matplotlib seaborn opencv-python
pip install tensorflow keras scikit-learn
pip install efficientnet



pip install lime
For GPU acceleration:

pip install tensorflow-gpu

4. Dataset Description

Dataset: Brain Tumor MRI Classification (Kaggle)
Classes include:

* Glioma

* Meningioma

* Pituitary

* No Tumor

Data characteristics:

* 7,000+ MRI images

* Multiple patient scans

* Varying contrast levels and orientations

https://www.kaggle.com/datasets/sartajbhuvaji/brain-
tumor-classification-mri

5. Data Preprocessing

Preprocessing steps include:
* Image loading via OpenCV


https://www.kaggle.com/datasets/sartajbhuvaji/brain-tumor-classification-mri
https://www.kaggle.com/datasets/sartajbhuvaji/brain-tumor-classification-mri

image_list, label_list = [], []

try: 3 1
print("[INFO] Loading images ..."

root_dir = [d for d in listdir(directory_root) if d != ".DS_Store"]

image_classes_folder_list = listdir("/kaggle/input/brain-tumor-classification-mri/Training")
image_classes_folder_list [d for d in image_classes_folder_list if d != ".DS_Store"]

for dataset in listdir('/kaggle/input/brain-tumor-classification-mri'):
for tumor_class in image_classes_folder_list: t g

print(f"[INFO] Processing {tumor_class} ...")

class_path = f"{directory_root}/{dataset}/{tumor_class}/" 2 2 cla
image_files = [img for img in listdir(class_path) if img != ".DS_Store"]

for img_name in image_files:
img_path = f"{class_path}{img_name}"

if img_path.lower().endswith((".jpg", ".jpeg", ".png")):
image_list.append(image_array(img_path))

label_list.append(tumor_class)

print("[INFO] Image loading completed")

* Label encoding using LabelBinarizer

print("[INFO] Encoding labels with LabelBinarizer..."
class_labels = LabelBinarizer() initializing
Y = class_labels.fit_transform(Y)

pickle.dump(class_labels, open('/kaggle/working/label_transform.pkl', 'wb'))

cls = len(class_labels.classes_)

print(f"[INFO] Label encoding complete. Total classes: {cls}")

* Image resizing (e.g., 128x128)

image_size = 128 # image

default_image_size = tuple((128 128)) i

labels = os.listdir('/kaggle/input/brain-tumor-classification- mrl/Tralnmg )
directory_root = '/kaggle/input/brain-tumor-classification-mri’ t t
classes len(labels) er Ses

BATCHZ_SIZE = 32

* Pixel normalization

image_array(dir):
try:
img = cv2.imread(dir)
if img is not None : # chec
img = cv2.resize(img, default_image_size)
return img_to_array(img) # convert to
else : # if image is empt
return np.array([])
except Exception as e:
print(f"Error : {e}")
return

* Train/Validation/Test split (80:10:10)




x_train, x_test, y_train, y_test = train_test_split(
X, Y, test_size=0.1, stratify=Y, random_state=1)

x_train, x_val, y_train, y_val = train_test_split(
x_train, y_train, test_size=0.1, stratify=y_train, random_state=1)

6. Exploratory Data Analysis

These help in understanding dataset balance and visual tumor patterns.

import matplotlib.image as mpimg
plt.figure(figsize=(12, 8))

BASE_URL = '/kaggle/input/brain-tumor-classification-mri/Training/"'
image_count = 1 # counter for subplot

for folder in os.listdir(BASE_URL):
if folder.startswith('.'):
continue

folder_path = os.path.join(BASE_URL, folder)

for idx, filename in enumerate(os.listdir(folder_path)):

if idx ==
break

plt.subplot(2, 2, image_count)

image_count += 1

img = mpimg.imread(os.path.join(folder_path, filename))
plt.imshow(img) ]
.title(folder.upper(), fontsize=12, fontweight='bold")
.axis('off"')

spine in plt.gca().spines.values():
spine.set_edgecolor('white")
cenina cat Tineawidth()

7. Model Architectures
Models implemented:

1. Custom CNN — baseline model



depth=3 # ver of cha
model = Sequential() # initialize sequenti
inputShape = (image_size,image_size, depth)
chanDim = -1 o]l dimensi
if K.image_data_format() == "channels_first":
inputShape = (depth,image_size,image_size)
chanDim = 1 date annel dimensic
model.add(Conv2D(16, (3, 3), padding="same",input_shape=inputShape))
model.add(Activation("relu")) # apply Re activatior
model.add(BatchNormalization(axis=chanDim))

model.add(MaxPooling2D(pool_size=(3, 3)))
model.add(Dropout(@©.25)) # regularizati

model.add(Conv2D(16, (3, 3), padding="same"))

model.add(Activation("relu")) :
model.add(BatchNormalization(axis=chanDim))
model.add(Conv2D(16, (3, 3), padding="same"))
model.add(Activation("relu")) # apply Rell
model.add(BatchNormalization(axis=chanDim))
model.add(MaxPooling2D(pool_size=(2, 2)))
model.add(Dropout(@.25)) # d out layer
model.add(Conv2D(32, (3, 3), padding="same"))
model.add(Activation("relu")) RelLU z
model.add(BatchNormalization(axis=chanDim))
model.add(Conv2D(32, (3, 3), padding="same"))
model.add(Activation("relu")) ly Rel
model.add(BatchNormalization(axis=chanDim))

2. Xception — deep feature extractor

base_model = Xception(weights="i include_top= , input_shape=(128,128,3))
for layer in base_model.layers
layer.trainable =

() (base_model.output)
(64, activation 1u')(x)
.5)(x)
8, activation
(.5)(x)

(cls, activation

model = Mc (inputs = base_model.input, outputs = x)
model. summary ()

fror keras.applications.inception v3 i ~t Inceptionv3
base_model = InceptionV3(weights=' et', include_top=False, input_shape=(128,128,3))
for layer in base_model.layers:

layer.trainable = T

() (base_model.output)

(64, activation = 'relu')(x)
(8.5)(x)

28, activation ‘relu’)(x)
(e.5)(x)

(cls, activation = 's ax')(x)

model Model(inputs = base_model.input, outputs = x)
model. summary()

4. EfficientNet-B6 — high-performance transfer learning



base_model = EfficientNetB6(weights="i *, include_top=F , input_shape=(image_size, image_size,
model base_model.output

model 2 r 0ling2D()(model)

model = D ut(0.3)(model)

model = (128, activation='relu')(model)

model ropout(@.5)(model)

model (cls, activation='softmax')(model)

model lodel(inputs = base_model.input, outputs=model)

model. summary()

¥ a import ( B ad laye
Input; Dense, GlobélAveragePoolingZD, Conv2D, Add, Multiply,
Reshape, Layer, n, Lambda, Concatenate)
from tensorflow.keras.applications import EfficientNetB6

import K

from tensorflow.keras.optimizers

def spectral_attention(x, reduction_ratio=8):
channels = int(x.shape[-1])

avg_pool tf.keras.layers.GlobalAveragePooling2D()(x) 1
avg_pool tf.keras.layers.Reshape((1, 1, channels))(avg_pool)

max_pool tf.keras.layers.GlobalMaxPooling2D()(x)
max_pool tf.keras.layers.Reshape((1, 1, channels))(max_pool)

shared_dense_one = Dense(channels // reduction_ratio, activation='relu', kernel_initializer='he_normal')
shared_dense_two = Dense(channels, activation='sigmoid', kernel_initializer='he_normal')

avg_out shared_dense_two(shared_dense_one(avg_pool))
max_out shared_dense_two(shared_dense_one(max_pool))

The advanced model enhances tumor-feature detection via multiple attention layers.

8. Training Pipeline

Training steps:
* Initialize models with chosen hyperparameters

Total params: (166.33 MB)

Trainable params: (165.47 MB)

Non-trainable params: (876.72 KB)

* Batch size, epochs, learning rate configurable



Epoch 12/5@

48/48 ©@s 463ms/step - accuracy: ©.9961 - loss: ©.0185

Epoch 12: ReducelLROnPlateau reducing learning rate to ©.0005000000237487257.

48/48 23s 477ms/step - accuracy: ©.9961 - loss: ©.0187 - val_accuracy: ©.9379 - val_loss: ©.2580 - learning_rate: ©.8e1@

Epoch 22/5@

48/48 23s 476ms/step - accuracy: ©.9997 - loss: 8.2317e-84 - val_accuracy: ©.9675 - val_loss: ©.1742 - learning_rate:
Epoch 22: early stopping
Restoring model weights from the end of the best epoch: 17.

Output is truncated. View as a L or open ina editor. Adjust cell output ngs..

* Callbacks: ModelCheckpoint, EarlyStopping, ReduceLROnPlateau

from tensorflow.keras.callbacks import ReducelLROnPlateau, EarlyStopping

1r_scheduler = ReducelROnPlateau(
monitor='val_accuracy’,
factor=0.5,
patience=3,
min_lr=le-6,
verbose=1

early_stopping = EarlyStopping(
monitor='val_accuracy’,

patience=5, crai
restore_best_weights=Tr
verbose=1

* Validation monitoring during training
* Save best performing weights

9. Evaluation Metrics

Metrics computed:

* Accuracy

* Precision, Recall, F1-Score
* Confusion Matrix

Model Accuracy | Macro Macro Macro Macro
Precision | Sensitivity | Specificity Fl1
(Recall)

CNN (.84 (.84 (.84 0.82 0.83
Exception Net 0.87 0.89 0.87 0.87 0.87
Inception 0.95 0.96 0.95 0.95 0.95
EfficientNet-B6 0.97 0.97 0.97 0.97 0.97
EFT-SA-Net — 0.98 0.98 0.98 0.98 0.98
EfficientNetB6 +
Spectral + Temporal +
Self-Attention




* Sensitivity & Specificity

class sensitivity specificity

0 0.989362 0.956989
1 0.985765 0.957447
pA 1.000000 1.000000
3 0.992883 0.989362

Visualization:
* Training vs Validation Accuracy

Accuracy

accuracy

* Training vs Validation Loss



model| loss

10. Model Testing

The best saved model is tested on unseen MRI images to measure real-world performance.
Predictions include:
* Tumor class

import tensorflow as
from tensorflow.keras.models import lo
image = '/ i rain-tumor-classification-mri/Testin o_tumor/image(101).jpg"’

try:
img = cv2.imread(image)
if img is not None :
img = cv2.resize(img, default_image_size)
img_to_array(img)
img = np.expand_dims(img, axis=0)

print('error')
except Exception as e:

print(f"Error : {e}")

prediction = model.predict(img)
ans = np.argmax(prediction)
classes = class_labels.classes_
print(classes[ans])




11. Explainable AI (LIME)

LIME is integrated to explain individual model predictions by highlighting influential image
regions.

Benefits:

* Identifies tumor-focused areas

* Improves interpretability for clinicians

* Provides transparency for medical Al applications

import numpy as np
from PIL import
import matplotlib.pyplot as plt

from skimage.segmentation import mark_boundaries

def preprocess_image(img_path, t E (128,128)):
img = cv2.imread(img_path)  re
img = cv2.resize(img, default_image_size)
return img_to_array(img)

image_path = "/kaggle/input/brain-tumor-classification-mri/Testing/glioma_tumor/image(16).J
X_test = preprocess_image(image_path)

X_test = np.expand_dims(X_test, axis=0)

pred = model.predict(X_test)




