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RESEARCH ARTICLE

Weighted Average Ensemble Learning Model
for Improving Brain Tumor Classification

Laith H. Alhasnawy® *, Hasanain Ali Al Essa®™, Tahseen A. Wotaifi®,
Abbas F. Hommadi®, Ameer K. AL-Mashaniji

Presidency of University of Babylon, University of Babylon, Babylon, Iraq

ABSTRACT

The detection of Brain Tumors (BTs) is of great benefit in identifying the growth of dangerous cells in the brain that
pose a threat to the patient’s life. Early detection of BTs remains a significant challenge due to subtle differences among
tumor types and the complexity of brain anatomy. Manual diagnosis by radiologists is often time-consuming and subject
to variations, which may delay treatment. Among available imaging techniques, Magnetic Resonance Imaging (MRI) is
widely used because of its high-resolution capabilities. Deep Learning (DL) has achieved remarkable success in image
classification tasks through Transfer Learning (TL), which utilizes pre-trained models. Therefore, this study proposes
a new model, namely Weighted Average Ensemble Learning (WAEL), based on TL for BT classification. Convolutional
Neural Network (CNN) architectures, including Visual Geometry Group (VGG16), Visual Geometry Group (VGG19), and
Inception_v3, were employed as classifiers within the WAEL model for automatic BT prediction. The model was trained
using the Figshare BT dataset, containing 3,064 images from three tumor classes (meningioma, glioma, and pituitary
tumors). To enhance generalizability, benign (no-tumor) images were incorporated into the dataset. Experimental results
demonstrated superior performance, with the WAEL model achieving an accuracy of 0.9908, compared to 0.9809,
0.9786, and 0.9832 for VGG16, VGG19, and Inception_v3, respectively. Furthermore, the proposed model achieved
strong precision, recall, and F1-score values, confirming its robustness. The WAEL model also outperformed previous
studies using the same dataset. Thus, the WAEL model can be a secondary tool for radiologists to discover tumors from
brain MRI images.

Keywords: BTs, CNN, DL, Inception_v3, MRI, ML, TL, VGG16, VGG19, WAEL

Introduction were used to analyze the medical images, and the

most important ones are MRI images, which play a vi-
tal role in BT classification due to their high accuracy
in providing comprehensive information about BTs

BTs are the spread of abnormal cells in or around
the brain, and these cells affect brain functions and
cause damage to healthy cells. BTs are classified

into three types: meningioma, glioma, and pituitary
tumors. These tumors are usually either benign or ma-
lignant. Early detection of these tumors is important
to increase the chances of a patient being cured. There
are several challenges that medical experts face in
trying to identify BTs cells, as they occur in different
locations and are of different dimensions and sizes. 1>

Medical image technology has contributed a lot
to facing these challenges because many techniques

characteristics. They are rather suitable for analysis
using artificial intelligence techniques. The strengths
of MRI images reflect their ability to provide not only
a medical image but also a reliable, rich, and flexible
feature set for building automated BTs classification
models. These advantages make it ideal for Al appli-
cations that depend on DL and TL for improving the
performance and accuracy of classification in distin-
guishing between BTs types. >~
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Over the past several years, CNNs have emerged
as a powerful approach in analyzing medical images.
These networks are typified by their capabilities for
extracting salient features from the images using ML
without human intervention. These networks have
realized exceptional performances in classification,
pattern recognition, and other tasks. >’

DL is a branch of Machine Learning (ML) that
is capable of learning through self-learning without
human intervention, based on unlabeled and unstruc-
tured data, by extracting the hierarchical features
from the data. DL techniques were used in various
applications such as speech recognition, object de-
tection, pattern classification, and performing other
decision tasks. DL techniques have been used to
solve a lot of complex problems and give meaning-
ful results.?® In the healthcare field, when training
DL models, there is difficulty in obtaining medical
data that can be shared publicly due to the secu-
rity and privacy of the data. To address the lack of
that data, TL has been mainly used in the medical
field. >*8

In TL, a DL model that has been previously trained
and developed for a particular task is used as a start-
ing point for a learning procedure for another task. %’
TL is characterized by the speed of learning, as the
training time is reduced when using the model that
has been previously trained, and it gives accurate
results using little data because it uses the model
that was previously trained with much data, and it
also provides better performance through adding new
fully connected layers to the model that was previ-
ously trained :'°

In this study, a TL-based model, WAEL, has been
proposed for BTs classification. In this proposal,
CNNs represented by VGG16, VGG19, and Incep-
tion_v3 were used to classify BTs from MRI images
into meningioma, glioma, and pituitary tumors. This
model was trained and tested on a publicly avail-
able Kaggle dataset. The proposed model achieved
better performance in terms of precision, accuracy,
F1-score, and recall, reaching 99%. The main contri-
butions of this study are as follows:

+ A new WAEL model is proposed, making its deci-
sion based on three pre-trained models (VGG16,
VGG19, and Inception_v3) to improve the predic-
tion accuracy of BTs types from MRI images.

» The study conducts a comparative performance
evaluation with pre-trained CNN models for each
model individually, and the proposed model
yields better results in key metrics such as accu-
racy, precision, recall, and F1-score.

« The WAEL model attains state-of-the-art results on
a widely used MRI-based BTs dataset, emphasiz-
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ing its potential as a dependable computer-aided
diagnostic tool to support radiologists in clinical
decision-making.

Related works

Several models for BTs detection and classification
have been presented in related works.

Srinivas et al.! presented a performance analysis
comparison between CNN architectures that lever-
age pre-trained TL models. These architectures are
VGG16, ResNet_50, and Inception_v3. The upper lay-
ers of these architectures were fine-tuned using MRI
images to improve their performance in classify-
ing BTs. However, this work relied exclusively on
independent model evaluation without any fusion
strategy. Consequently, their framework lacks robust-
ness across heterogeneous MRI datasets. In contrast,
the proposed WAEL model in this research mitigates
such instability by aggregating multiple models’ out-
puts to enhance consistency.

Ahmmed et al.? presented an approach using two
TL models, Inception_v3 and ResNet 50, to classify
BTs images using three optimization tools: Stochas-
tic Gradient Descent, Nesterov Accelerated Gradient,
and Root Mean Squared Propagation. This approach
shows that the combination of ResNet 50 together
with the Adam optimizer provides superior per-
formance in regard to the measures followed in
this approach. However, this approach focused on
combining the improvement level rather than aggre-
gating the prediction level, making it less adaptive to
changing data distributions. Also, this approach used
internal integration at the optimization level rather
than external integration at the output level, which
made it less flexible compared to models that use
weighted ensemble techniques for prediction, as in
the proposed model.

Malakouti et al.® presented a study based on
ML techniques and TL using a modified Google
Net model. In this study, MRI images and digital
data were used to classify individuals as healthy or
diseased. These results indicate the potential of com-
bining ML techniques with TL for the classification
of BTs. The proposed TL model outperformed the
other traditional ML techniques in terms of accuracy.
This work illustrates the advantage of combining fea-
tures from ML and DL based on a single underlying
network. In contrast, the proposed WAEL model com-
bines the outputs of multiple TL networks through a
weighted combination strategy that statistically tends
to reduce overfitting and generalizes better across
MRI images.

Amarnath et al.* presented a method for the
classification of BTs by TL techniques using MRI
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images. The techniques used consisted of CNNs:
X _ception, VGG16, ResNet_50, EfficientNet_V2-S, and
ResNet_152V2. Among all the networks used in this
methodology, X ception achieved the highest F1-
score performance. A single technique was chosen
in this methodology because it performed best, and
a combination of techniques was not employed.
Therefore, it did not have an ensemble mechanism
in a structured way to take advantage of different
techniques’ complementary strengths, as achieved
through the WAEL model.

Albalawi et al.® proposed a DL-based model for the
BTS discrimination by MRI. In this work, a multi-layer
CNN was designed to model intricate image patterns.
This is that the MRI image features are abstracted
by their images, then learned automatically to aid
classification. This network resulted in accurate clas-
sification and generalization for several kinds of BTs.
However, this model was based on one architecture
only, while the WAEL model uses a systematic, com-
plete set of various DL techniques that benefit more
to improve not only accuracy but also generalization
for the MRI images.

Alam et al.° proposed a study based on
Swin_TransformerV2 to classify BTs from MRI
images. Two main architectures were adopted in
the study: the first is a Dual_Branch_Down_Sampling
unit for image feature extraction and reducing their
dimensions, and the second is an improved attention
mechanism that enables the model to access the most
important locations in MRI images. The results of this
study show the improvement in performance metrics
achieved by the proposed model. While this model
has shown better feature localization, it involves
intensive computational resources. In contrast,
the WAEL model, which is more computationally
balanced, integrates both CNN and TL models for
comparable accuracy with less complexity.

Khoramipour et al.” introduced DL with Winter-
tight multi-path CNN and SVM for better BTs classi-
fication in MRI images. This model is based on two
CNN paths with three convolutional layers, which
use 4, 8, and 16 filters to detect different features
and forward them to an SVM classifier to classify
the BTs. Even though the fusion of CNN and SVM
introduces diversity, they lack probabilistic weight-
ing techniques that can better composite multiple
deep models, like the WAEL model, which pro-
vides a mathematical combination of outputs from
multiple deep models with higher accuracy and
stability.

Nassar et al.® proposed a study on BTs classifi-
cation in two approaches. The first approach used
three TL models: SERes_Net, Conv_NeXtBase, and
Res_Net101V2. In the second approach, a Vision
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Transformer was utilized based on the AdamW opti-
mizer. SERes_Net achieved higher accuracy compared
to the other models used in this study. However, this
study’s analysis did not explore hybrid or ensemble
combinations among these approaches. Therefore,
while they achieved strong individual performance,
these approaches lack the multi-model synergy pro-
vided by the proposed WAEL model.

Ullah et al.? used nine pre-trained TL clas-
sifiers to classify BTs: Inceptionresnet v2, Xcep-
tion, Inception_v3, Resnet_18, Shufflenet, Resnet_50,
Densenet_ 201, Resnet_ 101, and Mobilenet v2. The
experimental outcomes showed that the Inceptionres-
net_v2 algorithm is superior to other TL algorithms in
the measures used in this method. Despite the breadth
of comparison, their work still treated each model
in isolation. The absence of a mechanism for model
output integration or weighting leaves the potential
of ensemble improvement unexplored. Although the
comparison is extensive, this work treats each model
separately due to the absence of a mechanism for
merging model outputs, which is avoided in the pro-
posed WAEL model.

Disci et al.'® presented an approach to clas-
sify BTs in MRI images. TL was performed with
the CNNs: Xception, Inception_v3, MobileNet V2,
VGG16, ResNet_50andDenseNet121. But in the ap-
proach, Xception was the best performing among
the networks applied. The observations from this
line of investigation support that CNNs differ over
the dataset statistics, indicating the necessity for an
ensemble integration, which is exactly what the pro-
posed WAEL model improves.

Most related work focuses on the detection of BTs
and DL and TL approaches. Many have been made
to accomplish this task. There are some limitations
in these works; they primarily depend on a single
CNN architecture for classification. These architec-
tures are strong on their own but weak at generalizing
across heterogeneous MRI datasets. The majority of
them do not have a systemic ensemble strategy uti-
lizing the complementary properties among different
models, which will decrease robustness and predic-
tive performance. In this study, we fill the gap by
proposing the WAEL model that combines VGG16,
VGG19 and Inception_v3 according to performance-
related weighting. Experimental results show that the
WAEL model outperforms both individual models and
previous methods and offers a trustworthy decision-
making supplement for radiologists to assist in the
diagnosis of BTs. It can be seen from Table 1 that
the proposed model is the only one using the WAEL
model for multiple pre-trained TL networks with bet-
ter performance, and this difference sets it apart from
other related works.
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Table 1. Comparison of the proposed model with other related works.

BAGHDAD SCIENCE JOURNAL 2026;23(6):2323-2335

Study (References) TL Models Used Optimization Strategy Approach

Proposed Model VGG16, VGG19, Inception_v3 Adam WAEL Model

Srinivas et al.! VGG16, ResNet_50, and SGD Single Model Evaluation
Inception_v3

Ahmmed et al. 2 Inception_v3, ResNet_50 SGD, RMSprop, NAG, Adam Comparative Optimizer

Malakouti et al. 3
Amarnath et al.*

Modified GoogLe_Net
X_ception, VGG16, ResNet_50,
etc.

Multi-layer CNN
Swin_TransformerV2
Multi-path CNN + SVM
SERes_Net, Conv_NeXtBase,
Res_Net101V2
Inceptionresnet_v2, Xception,
Inception_v3, etc.

Xception, Inception_v3,
MobileNet_V2, etc.

Albalawi et al.®
Alam et al.®
Khoramipour et al.”
Nassar et al. 8

Ullah et al.®

Disci et al. 10

Not specified
Not specified

Not specified

Cust:

Not specified

Evaluation
Hybrid ML + TL
Single Model Evaluation

Single Deep CNN Architecture
Not applicable
Hybrid CNN + SVM

om attention mechanism

AdamW Comparison with Vision
Transformer

Adam Single Model Evaluation

Not specified Single Model Evaluation

Materials and methods

This section describes the main ingredients that
were used to design and test the approach. It starts
with the MRI image dataset used, followed by details
on how we augment the images to better serve the
trained models. Next, we describe the use of TL to
leverage pre-trained DL models. Finally, we present
the proposed methodology, detailing the architec-
tural design and implementation strategy.

Dataset

The Figshare BTs Dataset is a publicly available
dataset containing a collection of preprocessed (MRI)
scans. The dataset includes a total of 3,064 MRIs clas-
sified into three tumor types: meningioma, glioma,
and pituitary tumor.'! Images in the given dataset
have dimensions of 512x512, and the dataset con-
tains images from multiple datasets, which can be
useful for multi-class classification. More details are
shown in Fig. 1.

Image augmentation

Generally, image augmentation is a critical process
in the preparation of image data to enhance its us-
ability in tasks such as ML. This concerns a number
of methods that are used on the raw images in order
to enhance them, eliminate noise, and gain essential
features from the input images to optimize the re-
quired model.'? In the practice of categorizing BTs
utilizing the MRI images, some of the filtrations or
pre-processing techniques are employed as follows:

Resizing: For all the images in the dataset to be
of the same dimension, resizing of these images is

Fig. 1. Classification of the Dataset: (A) Glioma, (B) Meningioma,
(C) Pituitary, and (D) No Tumor.

essential. The benefit of this technique is to approach
and reduce computational operations, and to ensure
that a model accepts inputs of equal dimensions. '

Normalization: This is done to place the pixel in-
tensities in the range between 0 and 1 so as to boost
the length, which is taken when training the model,
as well as boost the efficiency of the model. It also
has a positive effect insofar as it helps to get rid of
the effects that result from within-screen pixel density
differences. '

Noise Reduction: This technique is utilized on
images to enhance the features extracted from the im-
ages. Some of the common denoising methods include
median filtering, Gaussian smoothing, and denoising
methods such as the bilateral filter. '°

Contrast Enhancement: By using this technique,
the visibility of the structures and the features of the
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image important in classification is enhanced. His-
togram equalization and adaptive histogram equal-
ization are the techniques employed for contrast
enhancement. ¢

Intensity Normalization: This technique helps stan-
dardize brightness and contrast levels to facilitate
the process of identifying and classifying images with
high accuracy for the model.'”

Data Augmentation: This technique helps to gen-
erate more training data by applying rotation, flip,
and crop augmentations in terms of strength and
dimensions. This technique also helps in improving
the training set diversity to avoid overfitting in the
model. '®

Registration: This technique is instrumental in
enhancing the degree of homogeneity in extracted
features, whereby images of different patients are
aligned to a common reference frame, which is bene-
ficial to the classification model. '°

Rotation: This technique is used to change the ori-
entation of an image by rotating it by a specific angle
around a specific point to generate new images from
the original image. The purpose of this technique is
to enable the learning model to recognize a specific
part of the image, even if it is at an unfamiliar angle,
increasing the model’s generalization power. ?°

Zoom Range: This technique is used to determine
the amount of zoom in or zoom out of the image
during the data training process, thus enabling the
learning model to recognize patterns in the image
even if they are larger or smaller than usual, thus
increasing the model’s ability to generalize to new
images. 2°

Transfer learning

TL is one of the approaches for DL based on CNN
networks, and it has been used recently in many fields
of study due to its high accuracy. This approach is
beneficial in reusing a model trained for a specific
task on a new dataset, hence requiring less data and
computations.?! It has been repeatedly used in ana-
lyzing and classifying images using the CNN network,
where the features required for image classification
are extracted in order to enhance the accuracy and
efficiency of classification without the need to specify
additional features.??> The CNN network consists of
five main layers: the convolutional layer, the nonlin-
ear layer, the pooling layer, the flattening layer, and
the fully connected layer. CNN can recognize objects
through certain features, such as corners, color spots,
edges, etc. CNN uses filters to detect those edges
and corners to interpret the images. In the convolu-
tional layer, features such as corners and edges are
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extracted from the input image. The images are com-
bined with filters to find feature maps. These feature
maps are then transferred to the next convolutional
layer to extract other features of the image. Eq. (1)
below shows the structure of the two-dimensional
convolution. ®

S(x.y) = U*K) (x,y)

:Z(m)Z(n)I(x,y)K(x—m,y—n)

The second layer in this network is the non-linear
layer, also called the activation layer. This layer is
used to convert the network into a non-linear struc-
ture so that the network can learn faster. Then a
pooling layer is used, and the main goal of this layer is
to shrink the input size to preserve the most important
features in the feature maps. Then a Flattening layer
converts the data from the convolution and pool-
ing layers into one-dimensional data to prepare that
data for the fully connected layer. In the last fully
connected layer, the input image is recognized and
classified.

Various CNN architectures have achieved great suc-
cess in improving image classification performance
and have outperformed traditional ML methods in the
past. In the proposed approach, three powerful CNN
architectures are used to classify and identify the type
of BTs using MRI images, namely VGG16, VGG19,
and Inception_v3.

1)

VGG16

VGG16 is the abbreviation for (Visual Geometry
Group) and is widely applied in many fields due to
its relatively simple structure and generalizability.
This network achieves 92.7% top-5 test accuracy on
the ImageNet dataset, which includes more than 14
million images belonging to 1000 categories. This
network is named VGG16 because it contains 16 lay-
ers, 13 of which are convolutional layers, and 3 of
which are fully connected layers. This network filters
224x224 RGB input images. This network uses 3x3
filters in the convolution layers in step 1. In step 2,
a maximum of five pooling operations are performed
with a window size of 2x 2. In the last portion of this
network, there are three connected layers containing
4096, 4096, and 1000 neurons, respectively, and the
last layer in this network consists of a Softmax layer
to determine the class to which the network outputs
belong by producing a probability value between 0
and 1, and in all hidden layers in this network, the
rectified linear unit (ReLU) is used as the activation
function. The number of trainable parameters in the
VGG16 network is approximately 138 million. %23
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VGG19

VGG19 is another model of a CNN. This network is
similar to VGG16 in terms of architecture, except that
it contains 19 layers. Thus, there are three additional
convolutional layers in this network, of which sixteen
are convolutional layers and three are fully connected
layers. This network uses 3 x 3 filters in the convolu-
tion layers in step 1, as in the VGG16 network, and in
step 2, pooling operations are performed with a maxi-
mum window size of 2 x 2. The three fully connected
layers in this network consist of 4096, 4096, and 1000
neurons, respectively. The last layer in this network
consists of a Softmax. ReLU is used as the activation
function in all hidden layers. The number of trainable
parameters in this network is about 143 million. %23

Inception_v3

Inception_v3 is another model of a CNN for image
classification tasks. This network represents the third
version of the Inception model. It was pre-trained
on the ImageNet dataset, making suitable for use
in multiple applications with a reasonable degree of
accuracy.?* This network is a deep network consist-
ing of a set of primitive units interconnected with
each other. Each inception module merges different

BAGHDAD SCIENCE JOURNAL 2026;23(6):2323-2335

types of convolutional and pooling layers to extract
features of the image. This network also applies a
combination of 1 x 1,3 x 3, and 5 x 5 convolutional
filters to extract features of the image. When using
1 x 1 convolutional filters, the input dimensions are
reduced, while when using 3 x 3 and 5 x 5 convolu-
tional filters, more detailed features of the image are
extracted. The initial layer in this network consists
of three standard convolutional layers, followed by
a max-pooling layer, two convolutional layers, and a
max-pooling layer, then the last fully connected layer.
The initial convolution of the network, by using a dif-
ferent filter size for each convolution, convolves the
input at the same time to further merge or stack the
results together and pass them through the network.
Then, it executes a learning stop layer to randomly
drop the weights to make the filter value equal to zero
to prevent overfitting. >°

Proposed methodology

This section explains the mechanism and pre-
trained models utilized to build the proposed model.
Since the research community has paid great atten-
tion to areas related to human health, this study
proposes an effective method for detecting and clas-
sifying BTs. As shown in Fig. 2, the proposed model is

Multi-Class Brain Tumor

Dataset
VGG16 with Modified VGG19 with Modified InceptionV3 with
Architecture Architecture Modified Architecture

Assigning Weight to each Model Based on its Performance

Multiply the Probability of Unseen
Example for each Model by its Weight |

The Expected Value

The Decision

Fig. 2. The proposed system steps.
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Original Rotation (45°)
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Translation (50,30)

Scaling (1.3x)

S

Fig. 3. Image augmentation.

achieved through three stages: image preprocessing,
BTs classification, and model evaluation to obtain a
decision.

Original images have been collected at (512 x
512) pixels; thus, in the preprocessing stage, these
images were resized to (224 x 224) pixels, the size
represented by the pre-trained model. Then, differ-
ent transformations have been applied to the existing
data to increase the size of a training dataset. These
transformations include rotation, translation, scal-
ing, cropping, and changing brightness and contrast.
There are two main goals behind this step: 1) Enhance
the brightness and contrast of the original image.
2) Train the proposed model on the largest number
of images of different shapes. For more details, see
Fig. 3.

The stage of classification and prediction for pa-
tients (cases) with BTs is the most important in
this study. The proposed model is based on collect-
ing the opinions of three important and effective
models in TL in each case: VGG16, VGG19, and In-
ception_v3. The weight matrix of these pre-trained
networks is used in their architecture. These weights
were assigned to each model based on its individual
predictive ability. Accuracy was used as the metric for
assigning a weight or rank to the model. Therefore,
the weighted ratio for each model was calculated by
dividing its accuracy by the total (the accuracy of the
model and the accuracy of the other two models).
After that, each model was run individually on the
dataset used in this study, which contains four cate-
gories: no tumor, meningioma, glioma, and pituitary
tumor. Three layers were added to each pre-trained
model in order to classify the input cases (input
images), as follows: 1) dense layer (fully connected
layer) with the ReLU activation function; 2) dropout
layer to avoid overfitting problems; 3) classification

layer with softmax activation function to classify each
case. Fig. 4 shows the details of the proposed model.

The proposed model focuses on individual training
for each model and weights these models based on
their performance in classifiable tasks. The VGG16
model has achieved the best performance in classify-
ing patients, followed by the VGG19 model and then
the Inception_v3 model. Thus, the VGG16 model was
weighted with a higher rank to have a greater role in
the proposed model. On the other hand, Inception_v3
was given a lower rank compared to the rest because
it achieved a lower performance in classification.

Evaluation metrics

The WAEL model was assessed using a confusion
matrix. This matrix is defined as a table that is utilized
to describe the performance of the model. A relative
explanation of the evaluation metric steps is carried
out, as shown in Egs. (2) to (5). Through the confusion
matrix, accuracy, precision, recall, and F1-score can
be calculated. Accuracy indicates how many predic-
tions were correct (e.g., True Positive (TP) and True
Negative (TN)) compared to the overall number of
instances. Precision is the ratio of TP to the total
number of samples predicted as positive. Recall, or
sensitivity, is the ratio of TP to the total number of
actual positive samples. Finally, the Fl-score is the
harmonic mean of precision and recall.'

TP TN
Accuracy = + (@))
TP + FP+FN+ TN
TP
Recall = ——— 3)
TN + FN
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TP
Precision = ——— @)
TP + FP
2 x TP
F1 — score = (5)

2TP + FP + FN

Result and discussion

The section discusses the performance of the WAEL
model in BTs classification by conducting experi-
ments on MR images. At first, the code is written in
Python using TensorFlow and Keras, and experiments
are performed on a Core i7 processor with 16 GB of
RAM. The imaging dataset is utilized to measure the
quality of the WAEL model. To enhance the diver-
sity and representativeness of the dataset, additional

preprocessing and expansion steps were applied be-
fore model training. The original Figshare BTs dataset
lacked benign (no-tumor) MRI images; therefore, we
supplemented it with publicly available benign cases
from compatible MRI sources to balance the class
distribution. This expansion increased the dataset to
4,022 images, categorized into glioma, meningioma,
pituitary tumor, and no-tumor classes. The number of
these categories in the dataset is shown in Fig. 5.

All images are pre-processed by rescaling them to
224*224. As shown in Fig. 6, the data were aug-
mented using rotation, translation, scaling, cropping
and alterations in brightness and contrast. These aug-
mentations allow for enriching the training data with
realistic transformations of existing samples, thereby
avoiding the necessity to acquire additional measure-
ments. The rotation and transformation operations
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make the model invariant to object orientation and lo-
cation, while scaling and shearing allow the system to
deal with size variations and partial visibility. Bright-
ness and contrast normalization leads to increased
robustness to varying lighting conditions and sensors.
Overall, these optimizations not only reduce overfit-
ting and improve feature learning capability but also
allow the model to be more practical, working well
in various realistic scenarios. Finally, the dataset was
split into 70% for training and 30% for testing to
ensure that the model had enough data to learn the
underlying patterns while maintaining an adequate
portion for evaluating unbiased performance on un-
seen samples.

Hyperparameters play an important role in model
training convergence and non-fall into local minima.
As such, the batch size is set as 32, and the learning
rate is set as (0.0001). Finally, the number of epochs
was determined by trial and error to be 20, whereas
the dropout probability is 0.25.

To classify the patients with BTs, VGG16, VGG19,
and Inception_v3 are applied. These pre-trained mod-
els were tested with the Adam optimizer to extract the
relevant features. After the feature extraction, three
layers have been added to the end of these models to
classify the cases. The first layer is a fully connected
layer (dense layer) with a ReLU activation function.
The second layer is the dropout layer to avoid overfit-
ting. The last layer is the output layer (classification
layer), which is adapted to the softmax activation
function for classification.

The classification is achieved by utilizing a WAEL
model of the three aforementioned models. From
those three models, three diverse feature spaces are
extracted, which are then ensembled to improve
the feature space. Three different weights, namely
weight_1, weight 2 and weight 3, are assigned to

three different models by dividing the accuracy of
a model by the sum of the accuracies for all these
models. This normalization ensures that the weights
add up to 1, facilitating an easy interpretation of
how much a given model contributes to the ensemble
predictions. For example, if the validation accuracies
of the three models are 0.75, 0.80, and 0.85, respec-
tively, the corresponding weights would be 0.75 /
(0.75 + 0.80 + 0.85) = 0.31 for the first model, 0.80
/(0.75 + 0.80 + 0.85) = 0.33 for the second model,
and 0.85 / (0.75 + 0.80 + 0.85) = 0.35 for the third
model. This weight distribution reflects the relative
performance of the individual models, enabling the
ensemble to leverage the strengths of each component
model effectively. Thus, the proposed method is dis-
tinguished from other traditional ensemble methods
(e.g., voting) in that it assigns a weight to each model
based on its predictive ability on the testing set. This
means that the model that performs better is given a
higher ranking.

To prove the effectiveness of the WAEL model,
it has been necessary to compare this model with
individual CNN models (VGG16, VGG19, and Incep-
tion_v3). In addition, much work has been done on
the MRI dataset. However, it is found that, compared
to other works that utilized the same dataset, the
proposed model is better in terms of all evaluation
metrics, as shown in Table 2 and Figs. 7 and 8.

Table 2. Performance evaluation of the proposed model on the
MRI dataset.

Model Accuracy Precision Recall F1-score
VGG16 0.9809 0.9819 0.9809  0.9809
VGG19 0.9786 0.9799 0.9786 0.9786
Inception_v3 0.9832 0.9836 0.9832  0.9832
Aamir et al. ! 98.95 - - -
Proposed model 0.9908 0.9910 0.9908 0.9908
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The confusion matrix of the WAEL model, as il-
lustrated in Fig. 8, demonstrates the performance
of the classifier via four categories: pituitary tumor,
no tumor, meningioma, and glioma. The proposed
model shows strong overall classification ability,
particularly in detecting meningioma (405 correct
classifications) and glioma (299 correct classifica-
tions), both with zero false positives. However, some
minor errors in classification were noted. For exam-
ple, three pituitary tumor samples were misclassified
as no tumor, and one as meningioma, while two no-
tumor samples were misclassified as pituitary and five
as glioma. These small mistakes are the result of some
tumor tissue partially overlapping healthy tissue, a
general problem in medical imaging. However, the

WAEL model has great reliability in distinguishing
different classes of BTs.

Recent advances in deep learning-based BTs classi-
fication have focused on hybrid transformer architec-
tures, multimodal fusion, and lightweight CNNs for
real-time diagnosis. For instance, Alam et al.® and
Nassar et al.® have demonstrated that transformer-
based networks can obtain high precision; however,
in practical clinical applications, such models often
require remarkable computational power and large
annotated datasets. Contrary to this, the proposed
WAEL model framework provides a balance between
computational efficiency and diagnostic performance
by employing weighted ensembles of several CNN
models. Such a design enhances robustness to data
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variance and promotes consistent tumor delineation
on any MRI modality. Being a reliable and in-
terpretable ensemble system, it can be used as a
second-opinion tool in a clinical setting to assist
radiologists, which may decrease the workload of
clinicians or improve early detection abilities. As a
result, the WAEL model provides an attractive bridge
between high-performance computational methods
and practical tools suitable for routine clinical
radiology.

Limitations

Even though the WAEL model achieved high perfor-
mance and outperformed the single CNN classifiers
as well as other related works, there are limitations
to consider. First, the model was only trained and ex-
ternally tested with one publicly available database,
which may narrow its generalizability in different
scenarios (other databases) or clinical settings. Sec-
ond, the processed and balanced datasets do not
express complete real-world situations such as imbal-
anced/noisy data. Finally, it is to be noted that while
the model demonstrated encouraging accuracy in the
classification of three tumor types (and differentiat-
ing these from benign pathologies), rare and atypical
BTs are not accounted for by this model and may limit
its clinical utility within a broader diagnostic context.

Conclusion

This study presented the WAEL model, a power-
ful TL-based model for automatic classification of
BTs from MRI images. This model was realized by
employing three popular CNN architectures. The ex-
perimental results presented in the study support and
demonstrate the potential of such a model to classify
BT types, using this data set as training and test-
ing sets. In the AWEL, three models were used for
decision making, namely VGG16, VGG19 and Incep-
tion_v3. Subsequently, models were weighted based
on classification accuracy. The precision, accuracy,
F1-score, and recall of the proposed model reached as
high as 99.08%. The model’s performance was com-
pared with that of previous studies, which employed
this data and achieved better accuracy in classifica-
tion. These results suggested the promising use of the
WAEL model as an adjunctive and reliable decision-
assisting tool for radiologists, providing more prompt
interventions.

In future work, we can design a novel model using
powerful deep CNNs to classify BTs and further pro-
mote the field of MRI image analysis to support more
efficient and accurate BT diagnosis. Another direction
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for future work would be to incorporate interpreta-
tion techniques such as (LIME or SHAP) in order to
provide medical professionals with more transparent
and interpretable predictions of the WAEL model.
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