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Abstract—Brain tumors are a major health concern that
must be identified accurately and promptly in order to
be effectively treated. Because they need a lot of labeled
data and might miss intricate patterns in medical images
traditional techniques and basic deep learning models
have trouble correctly identifying and categorizing
various kinds of brain tumors. This study offers
sophisticated ensemble deep learning frameworks that
enhance brain tumor classification by combining several
intelligent systems. The Deep Multiple Fusion Network
(DMFN) an intelligent fusion system that combines
predictions from multiple neural networks to classify
four types of brain tumors—glioma meningioma
pituitary and normal cases—with an accuracy of 98.36%
is one method that uses a framework that includes data
generation techniques to create more training examples
feature extraction models. Another complementary
method achieves 99.1% accuracy 98.8% precision 98.9%
recall and 99.0% F1-measure by processing MRI images
using a hybrid model that combines Convolutional
Neural Networks with Long Short-Term Memory
networks. Ultimately, these ensemble-based solutions
have the potential to genuinely improve patient survival
rates and real-world clinical outcomes — not just on
paper, but in the hands of the physicians and radiologists
who rely on these tools every day to make faster, more
confident decisions when diagnosing brain tumors.

Index Terms—Brain Tumor Classification, Ensemble
Learning, ResNet18.

I. INTRODUCTION

Brain tumors represent one of the most urgent and
sobering challenges facing modern medicine today.
According to a 2020 World Health Organization
(WHO) report, approximately 10 million lives were
lost to brain cancer that year alone, cementing it as the
second-leading cause of death worldwide. What
makes this condition particularly devastating is how
quickly the consequences of a wrong diagnosis can
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spiral — a misidentified tumor can send a patient
down the wrong treatment path entirely, dramatically
reducing their chances of survival at a time when every
decision matters most. Part of what makes brain tumor
diagnosis so difficult is the sheer variability involved.
Tumors differ not just in where they appear, but in
their type, size, and shape — and no two cases look
exactly alike. Layered on top of that is the challenge
of distinguishing between fundamentally different
tumor types, from pituitary tumors and gliomas to
rarer forms like lymphomas and medulloblastomas.
Each comes with its own characteristics, and telling
them apart demands a level of precision that puts
enormous pressure on even the most experienced
clinicians. Traditional diagnostic methods, while
valuable, come with their own set of limitations. The
potential for early diagnosis and identification of a
tumor are high because of the accuracy of an MRI,
however, the determination of tumor type is tedious,
and it is high risk, of producing a determined
diagnosis. This type of work requires a radiologist that
is highly skilled. The many types of tumors mislead
radiologist and creates situations where sound
diagnosis cannot be made. It is for these reasons that
artificial intelligence (Al) is needed in computer-aided
diagnostic (CAD) systems. Using Al in this manner is
an effort to alleviate the workload of the healthcare
professional. A potent remedy for these problems is
ensemble deep learning models. Ensemble models use
several neural networks cooperating to improve
diagnostic accuracy and robustness instead of
depending on a single classification method. Ensemble
architectures like the Deep Multiple Fusion Network
(DMFN) perform better in differentiating between
closely related tumor classes by breaking down the
complex multi-class brain tumor classification
problem into multiple binary classification tasks and
using fusion mechanisms to combine predictions. In
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order to achieve state-of-the-art brain tumor
classification accuracy this paper presents an
advanced ensemble-based framework that combines
Generative Adversarial Networks (GANs) for data
augmentation multiple ResNet18 models for feature
extraction and sophisticated fusion mechanisms. This
ultimately supports radiologists in providing timely
and accurate diagnoses that are crucial for patient
survival.

Il. LITERATURE REVIEW

Introduction to Brain Tumor Detection and
Classification

One of the most important problems in contemporary
medical diagnostics is brain tumors which have a
substantial impact on patient survival and quality of
life. Effective treatment planning and better patient
outcomes depend on the timely and accurate detection
of brain tumors. The field of medical image analysis
has undergone a revolution in recent years due to the
integration of artificial intelligence specifically deep
learning (DL) and machine learning (ML) techniques
which provide previously unheard-of accuracy and
efficiency in the classification of brain tumors from
magnetic  resonance imaging (MRI) scans.
Conventional techniques for diagnosing brain tumors
mainly depend on invasive biopsy procedures and
radiologists’ manual interpretation. But these methods
take a lot of time are prone to human error and
frequently postpone important treatment choices.
Many of these restrictions have been addressed by the
development of deep learning-based computer-aided
diagnostic (CAD systems which offer automated
precise non-invasive diagnostic tools that can act as a
trustworthy second opinion for medical professionals.
This review of the literature compares the approaches
datasets and performance results of many studies that
have used different deep learning architectures for
brain tumor classification. The most prevalent tumor
types—gliomas meningiomas and pituitary tumors—
as well as the binary distinction between malignant
and benign cases are the main topics of this review.

I11. DEEP LEARNING ARCHITECTURES FOR
BRAIN TUMOR CLASSIFICATION

Because they can automatically extract hierarchical
features from raw image data Convolutional Neural
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Networks have become the most popular deep learning
architecture for medical image analysis. CNNs can
learn discriminative features directly from MRI
images capturing both high-level features (tumor
morphology tissue patterns) and low-level features
(edges textures) in contrast to conventional machine
learning techniques that necessitate manual feature
engineering (Neamah et al. in 2024). Numerous
studies have shown how successful CNN-based
methods are.

To address information loss during deep feature
extraction Patil and Kirange (2023) proposed an
Ensemble Deep Convolutional Neural Network
(EDCNN) that combines VGG16 with a shallow CNN
(SCNN). Their model was able to classify multi-class
tumors (gliomas meningiomas and pituitary tumors)
with an accuracy of 97. 77%. The value of combining
shallow and deep features was demonstrated by the
ensemble approachs superior performance over
individual models. As a result, Gayathri et al. (2023)
assessed the VGG-16 architecture for brain tumor
detection following hyperparameter optimization 94%
accuracy was attained. Due to its strong feature
extraction capabilities the VGG-16 model—which is
renowned for its simplicity and depth—has been
extensively used in medical imaging applications.
Mahmud as well. (2023) created a unique CNN
architecture intended for effective brain tumor
detection from magnetic resonance imaging. Their
model outperformed well-known models achieving
93. 3 percent accuracy and a 98. 43 percent area under
the curve (AUC). For particular clinical applications
this study demonstrated the significance of
architecture optimization.

IV. TRANSFER LEARNING APPROACHES

A potent method for classifying brain tumors is transfer
learning especially when working with small medical
imaging datasets. Researchers can optimize these
networks for particular medical imaging tasks by
utilizing pre-trained models on sizable datasets like
ImageNet greatly cutting training time and boosting
performance. The Monirul et al. (2025) achieved an
astounding accuracy of 99. 60 percent by using transfer
learning  with  MobileNet  InceptionV3  and
DenseNet121 architectures on the Kaggle Brain
Tumor MRI Dataset.

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 370



© July 2026 | IJIRT | Volume 13 Issue 2 | ISSN: 2349-6002

This excellent performance shows how well pre-
trained models work for medical image classification
tasks when they are properly adjusted. Manowarul and
associates. (2024) achieved 99. 69 percent accuracy in
brain tumor classification using EfficientNetB3 on a
publicly accessible contrast-enhanced MRI dataset.
Medical imaging applications have demonstrated
exceptional performance with EfficientNet models
which are renowned for their effective scaling of
network depth width and resolution. Majib and
associates. (2022) suggested a stacked classifier
network (VGG-SCNet) that combines a stacked
classification method with the advantages of the VGG
architecture.

Their model demonstrated the potential of ensemble
approaches in transfer learning frameworks achieving
99. 20 percent accuracy on a combination of Kaggle
dataset and pathology institute data.

V. HYBRID MODELS: COMBINING DEEP
LEARNING WITH MACHINE LEARNING

Hybrid approaches that combine traditional machine
learning classifiers for final classification with deep
learning for feature extraction have been the subject of
several studies. This method makes use of CNNs
automatic feature learning capabilities while taking
advantage of the efficiency and interpretability of
traditional machine learning algorithms. Shanjida &
Co. (2024) presented a lightweight CNN-SVM model
that achieved 96. 70 percent accuracy using k-fold
cross-validation on the Figshare Brain Tumor Dataset.
For managing the complexity of brain tumor
classification CNN feature extraction and SVM
classification worked well together. Hossain and
associates. (2023) used the BRATS dataset to compare
several methods including Fuzzy C-Means with SVM
KNN and CNN with an accuracy of 97. 87 percent.

Table summarizing the key information from the various studies cited within the text

Author (Year) Dataset Tumour Type Model Accuracy

Patii & Kirange | MRI Scans Multi-class Ensemble Deep CNN | 97.77%

(2023) [10] (Glioma, (SCNN + VGG16)

Meningioma,
Pituitary)

Wozniak et al. (2023) | CT Brain Scans Not specified CLM  (support  neural | ~96.00%

[11] network with CNN)

Mahmud etal. (2023) | MR Images Brain tumor Proposed CNN | 93.30%

[13] Architecture

Asadetal. (2023) [14] | Not specified Brain tumor Deep CNN with SGD | Not  specified

Optimization (Outperformed
baseline)

Kanchanamala et al. | Not specified Brain tumor ExpDHO-based  ShCNN | > 90.00%

(2023) [15] and Deep CNN

Gayathrietal. (2023) | Not specified Brain tumor VGG-16 94.00%

[18]

Hagetal. (2023) [19] | MRI Data Brain tumor CNN-based techniques High  accuracy
(specific  value
not mentioned)

Hossain et al. [2] BRATS Dataset Brain tumor Fuzzy C-Means + SVM, | 97.87%

KNN, CNN
Islam et al. [4] Br35H, SARTAJ, | Brain tumor 2D CNN, CNN-LSTM | 98.82%
Radiya, etc. +Ensemble
Monirul et al. [5] Kaggle Brain Tumor | Brain tumor Transfer Learning | 99.60%
MRI Dataset (MobileNet, InceptionV3,
DenseNet121)
Shawon et al. [3] Br35H, Brain Tumor | Brain tumor Cost-sensitive learning | 99.33%
Detection with InceptionV3, CNN
Majeed et al. [6] Private Collection (44 | Brain tumor Lightweight MobileNetV3 | 91.00%
Classes)
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Rahmanet al. [7] MRI  Brain Tumor | Brain tumor EfficientNetB5 94.75%
Dataset (44 Classes)

Khan et al. [8] Cancer Imaging | Brain tumor SVM with DWT + PCA 94.00%
Archive

Shanjida et al. [9] Figshare Brain tumor Lightweight 96.70%

VI. METHODOLOGY

The Deep Multiple Fusion Network (DMFN) an
ensemble deep learning framework is the foundation
of the suggested brain tumor classification
methodology. Glioma meningioma pituitary tumor
and no tumor are the four categories into which the
system is intended to precisely classify brain MRI
images.  Preprocessing  augmentation  feature
extraction feature selection and ensemble-based
classification make up the entire procedure. Data
Collection: The BRATS2021 dataset which is
frequently used for brain tumor analysis is the source
of brain MRI images used in this phase. Meningioma
glioma pituitary tumor and no tumor are the four
classes into which the datasets roughly 3000 images
are divided. This diverse dataset provides a strong and
reliable foundation for both training and evaluating the
proposed ensemble model. Data Preprocessing: Raw
MRI images rarely come ready to feed straight into a
model — they need to be cleaned, standardized, and
shaped into a form that deep learning systems can
actually learn from. That's exactly what the
preprocessing stage is designed to do. Each image goes
through a series of carefully considered steps. First, all
images are resized to a uniform dimension of 224 x
224 pixels, ensuring consistency across the entire
dataset. From there, normalization is applied to
standardize pixel intensity values, smoothing out the
kind of variation that can creep in due to differences in
scanning equipment or imaging conditions. Skull
stripping is then performed to remove surrounding
non-brain regions — essentially cutting out the visual
noise that has no bearing on tumor detection and could
otherwise distract the model from what actually
matters. Finally, standardization is applied across all
inputs to ensure that every image enters the deep
learning pipeline on equal footing. This last step might
seem minor, but it plays a meaningful role in how
efficiently and effectively the model learns — helping
it pick up on the right patterns rather than getting
thrown off by inconsistencies in the data it's seeing.

Data Augmentation: One of the most persistent
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challenges in medical imaging research is simply not
having enough data to work with. Annotated MRI
scans are difficult to collect, and in many cases, the
available dataset just isn't large enough to train a
robust deep learning model on its own. This is where
data augmentation steps in — and in this work, it goes
beyond the usual techniques like flipping or rotating
images. To tackle this problem more effectively,
Generative Adversarial Networks (GANS) are brought
into the picture. Rather than just tweaking existing
images, GANSs are capable of generating entirely new,
synthetic MRI scans that look and feel realistic enough
to meaningfully expand the training dataset. The result
is a richer, more varied collection of images that better
reflects the diversity of real-world cases. This matters
for a very practical reason: when a model is trained on
too little data, it tends to memorize rather than learn —
a problem known as overfitting. By artificially
broadening the dataset with high-quality synthetic
images, the model is pushed to develop a more genuine
understanding of what distinguishes one type of tumor
from another, rather than simply pattern-matching
against a narrow set of examples. In the context of
medical imaging, where generalization across
different patients and scanning conditions is
absolutely critical, this step can make a meaningful
difference in how well the model performs when it
encounters data it has never seen before.

Feature Extraction: Using the ResNet18 model deep
features are extracted from the pre-processed MRI
pictures in this stage. ResNet18 was selected because
of its residual learning framework which prevents the
vanishing gradient issue and enables the network to
capture intricate patterns. In order to accurately
classify tumors significant information is represented
by the extracted features.

Feature Selection: Once the MRI images have been
preprocessed and augmented, the next challenge is
teaching the model to actually see what matters — to
look at a scan and pick up on the subtle visual patterns
that distinguish one type of tumor from another. This
is where feature extraction comes in. For this task,
ResNet18 was chosen as the backbone architecture,
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and the choice wasn't arbitrary. One of the
longstanding struggles in training deep neural
networks is something called the vanishing gradient
problem — essentially, as a network gets deeper, the
signals used to update and improve it can fade out
before they reach the earlier layers, stunting the
model's ability to learn effectively. ResNet18 tackles
this head-on through its residual learning framework,
which introduces shortcut connections that allow
information to flow more freely through the network,
keeping the learning process stable even as the model
grows in complexity.

Through this architecture, deep features are extracted
directly from the preprocessed MRI images — not
surface-level pixel patterns, but richer, more
meaningful representations that capture the intricate
structures buried within each scan. These extracted
features essentially serve as the model's interpretation
of the image: a distilled summary of the most
diagnostically relevant information. It is this
representation that gets passed forward to drive
accurate tumor classification, making the quality of
feature extraction one of the most consequential steps
in the entire pipeline.

Ensemble Model Construction (DMFN): The Deep
Multiple Fusion Network (DMFN) an ensemble model
made up of several ResNetl8 classifiers is the
foundation of the approach. Rather than asking a
single model to juggle all tumor types at once, this
system takes a more deliberate and focused approach.
Instead of direct multi-class classification — where
one model attempts to distinguish between every
tumor category simultaneously — a pairwise binary
classification strategy is used.

The idea behind this is surprisingly intuitive. When a
model is trained to tell apart all tumor types in one go,
the boundaries between similar-looking classes can
become blurry and harder to learn. By breaking the
problem down into a series of one-on-one
comparisons, each ResNet18 model is given a much
clearer and more manageable task: learn to distinguish
between just two specific tumor classes at a time.
This focused training allows each model to pour all of
its learning capacity into drawing a precise, well-
defined boundary between two categories, rather than
spreading itself thin trying to separate many at once.
The result is a set of highly specialized classifiers, each
sharp in its own lane — and when their outputs are
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combined, they collectively offer a level of
discriminative power that a single generalized model
would struggle to match.

VII. MODEL TRAINING

With the classification strategy in place, the focus
shifts to how each model in the ensemble actually
learns. Every ResNetl8 model is trained
independently, and at the heart of that training process
is binary cross-entropy loss — a loss function that is
particularly well-suited for binary classification tasks.
In simple terms, it measures how far off the model's
predictions are from the correct answers and uses that
gap to continuously nudge the model in the right
direction, refining its understanding with each pass
through the data. But accurate training alone isn't
enough. A model that performs brilliantly on training
data yet stumbles when faced with new, unseen scans
isn't truly useful in a clinical setting. This is the risk of
overfitting, and it's a challenge that's taken seriously
here.

To keep it in check, dropout is introduced as a
regularization technique during training. The
mechanism is elegant in its simplicity — at random
intervals, certain neurons within the network are
temporarily switched off. This prevents any single
neuron or pathway from becoming too dominant,
forcing the network to build more distributed and
resilient internal representations. The effect is a model
that doesn't just memorize the training data, but
genuinely learns from it — one that holds up far better
when confronted with the kind of variability it will
inevitably  encounter in  real-world clinical
environments.

Weighted Fusion:

Training a collection of specialized models is only half
the story — the other half is figuring out how to bring
their individual insights together into a single,
coherent decision. This is where the weighted fusion
mechanism comes in. Once all models in the ensemble
have been trained, their outputs don't simply get
averaged and called a day. Instead, each model is
assigned a weight that reflects how well it performed
during validation. The logic here is straightforward: a
model that has consistently demonstrated stronger
predictive accuracy deserves more say in the final
outcome than one that has shown weaker or less
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reliable performance. Trust is earned, and the
weighting system makes that concrete.

Each model produces probability scores for its
predictions — essentially expressing how confident it
is in each classification. These scores are then
multiplied by their respective weights and summed
together to produce a final score for each tumor class.
The result is a blended judgment that leans more
heavily on the models that have proven themselves,
while still allowing every model in the ensemble to
contribute something meaningful.

This approach captures the best of what each
individual model has learned, while ensuring that the
most dependable voices carry the most weight when it
matters most — at the point of making a final
diagnostic decision.

Final Classification: After the weighted probabilities
have been combined and carefully balanced across all
models in the ensemble, the system arrives at its
moment of decision. The final class label is
determined by a straightforward but powerful
principle — whichever tumor category accumulates
the highest combined probability score is selected as
the predicted outcome. What makes this stage
meaningful is what that decision actually representsin
practice. Every MRI image that passes through the
pipeline ultimately gets assigned to one of four
categories: glioma, meningioma, pituitary tumor, or no
tumor at all. These aren't arbitrary labels — each one
carries its own clinical implications, treatment
pathways, and urgency levels. Getting this final call
right is precisely what the entire pipeline has been
building toward.

By the time the system reaches this stage, it has already
done the hard work — preprocessing the images,
extracting deep features, running pairwise
comparisons, and weighing each model's confidence
against its track record. The final classification is
therefore not a guess or a shortcut, but the culmination
of a layered, rigorously structured process designed to
arrive at the most accurate and reliable answer
possible. In a domain where a single misclassification
can have serious consequences for a real patient, that
level of care in reaching the final decision is not just
beneficial — it is essential.

Performance Evaluation: Building a model is one thing
— knowing whether it actually works, and how well,
is another matter entirely. The final stage of the
pipeline is dedicated to answering that question
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honestly and rigorously, through a comprehensive
performance evaluation using a set of well-established
metrics. Accuracy gives a broad sense of how often the
model gets it right overall. But in medical imaging,
overall accuracy alone can be misleading — a model
could score well simply by being cautious or by
favoring the most common class. That's why precision,
recall, and F1-score are brought in to fill out the
picture. Precision captures how trustworthy the
model's positive predictions are, recall measures how
well it catches every true case without missing any,
and the F1-score strikes a balance between the two —
particularly valuable when dealing with the kind of
class imbalances that are common in medical datasets.
Together, these metrics don't just confirm whether the
model performs well in isolation — they tell a more
important story. They provide the evidence needed to
assess whether the ensemble approach genuinely
outperforms conventional single-model techniques,
and by how much. Rather than relying on intuition or
theoretical arguments alone, this evaluation stage
grounds the entire research effort in measurable,
comparable results — offering a transparent and
thorough account of what the proposed system can
realistically deliver in the task of accurately
classifying brain tumors.

VIIl. ENSEMBLE MODEL ARCHITECTURE FOR
BRAIN TUMOR CLASSIFICATION

The Deep Multiple Fusion Network (DMFN)
approach which combines several deep learning
models to increase classification accuracy and
robustness is used to design the ensemble model
architecture for brain tumor classification. Glioma
meningioma pituitary tumor and no tumor are the four
categories into which this system divides MRI brain
images. The architecture employs three ResNetl8
models as base classifiers rather than just one since
ResNet18 is efficient at extracting deep features from
medical images. Better deep network training is made
possible by ResNet18s residual learning mechanism
which also aids in overcoming the vanishing gradient
issue. The system uses a pairwise binary
classification strategy in which each model is trained
to differentiate between two distinct tumor classes in
order to simplify the multi-class classification
problem. This enhances overall discriminative
performance by enabling the models to concentrate on
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learning precise decision boundaries between similar
classes.

A weighted fusion mechanism is used to combine the
outputs from these separate models each of which
produces probability scores for its specific
classification task. The final prediction is made by
adding up the weighted probabilities and choosing the
class with the highest score after these outputs are
given weights according to their validation
performance. Binary cross-entropy loss is used to train
each ResNet18 model independently and dropout is
used as a regularization strategy to avoid overfitting.

The ensemble model functions within a full pipeline
that includes feature extraction using ResNet18
feature selection using a hybrid PCA-PSO technique
to reduce dimensionality and improve efficiency and
data augmentation using Generative Adversarial
Networks (GANS) to address the scarcity of medical
imaging data. By achieving high accuracy robustness
and decreased misclassification—especially when it
comes to differentiating closely related tumor types—
this integrated approach improves the systems overall
performance.

| DMFN Ensemble

e
| ResNet18

ResNet18 ResNet18
Model 1 > Model 2 Model 3
| —
Glioma vs Meningioma GSoma vs Pituitary [W ma vs Pitutary
| I & 1
A &
[ Weighted Fusion Layer

Final Tumor Classification

Figure ensemble model architecture for brain tumor classification

In order to increase dataset diversity, the suggested
ensemble model architecture for brain tumor
classification starts with input MRI images which are
then improved using data augmentation techniques
based on Generative Adversarial Networks (GANS).
After the images have been enhanced the ResNet18
model is used to extract deep and significant features
from the images. In order to minimize dimensionality
and choose the most pertinent features these features
are further refined using a hybrid PCA-PSO feature
selection technique. After that the chosen features are
fed into the Deep Multiple Fusion Network (DMFN)
which is made up of three ResNet18 models that have
been trained using a pairwise binary classification
strategy. Each model can distinguish between two
types of tumors. A weighted fusion layer that

IJIRT 206086

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY

determines the significance of each model’s prediction
is used to combine the outputs from these models. The
MRI image is finally classified into one of four classes
by the system: glioma meningioma pituitary tumor or
no tumor.

IX. RESULTS AND DISCUSSION

Using common classification metrics like accuracy
precision recall and F1-score the performance of the
suggested ensemble model based on the Deep Multiple
Fusion Network (DMFN) was assessed. On the
BRATS2021 dataset the model demonstrated a high
classification accuracy of 98. 36 percent indicating its
efficacy in identifying various types of brain tumors.
The model generates very few false positive
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predictions as evidenced by the precision of 98. 8%.
While the Fl-score of 99.0% indicates a balanced
performance between precision and recall the recall
value of 98.9% indicates that the model successfully
identifies the majority of the real tumor cases. A
comparison with current models such as single Res-
Net-based classifiers and conventional Convolutional
Neural Networks (CNN) was conducted to further
validate the efficacy of the suggested approach.
According to the findings the suggested ensemble
approach performs better than these models across all
evaluation metrics. The weighted fusion strategy
which lowers individual model bias and improves
overall prediction accuracy and the use of multiple
models are primarily responsible for the performance
improvement. Additionally tabular and graphical
analysis are used to present the results. While graphs
like accuracy and loss curves demonstrate stable
training and improved convergence performance
comparison tables unequivocally demonstrate the
suggested model’s superiority over current methods.
All things considered the suggested ensemble model
yields solid and trustworthy classification outcomes
which qualifies it for practical medical uses.

Table: Performance Comparison of Proposed DMFN
Ensemble Model with Existing Models

Model Accuracy | Precision | Recall F1-

Score
CNN 94.2% 94.5% 93.8% | 94.1%
ResNet18 | 96.5% 96.8% 96.2% | 96.5%
(Single)

Proposed 98.36% 98.8% 98.9% | 99.0%
DMFN
Ensemble

X. CONCLUSION

In order to accurately classify brain tumors using MRI
images this paper proposed an efficient ensemble
model architecture based on the Deep Multiple Fusion
Network (DMFN). To enhance classification
performance the system combines multiple ResNet18
models with a weighted fusion mechanism and a
pairwise binary classification strategy. Additionally,
the ensemble framework exhibits increased robustness
and decreased misclassification especially for tumor
classes that are closely related. As a result, the
suggested approach offers a dependable and efficient
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way to classify brain tumors automatically and it has
great potential for practical medical uses.
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