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Abstract

Accurate classification of brain tumounrs from magnetic resonance imaging (MRI) plays a crucial role in early diagnosis, treatment
Planning, and clinical decision-making. Although deep learning approaches have advanced automated tumounr analysis, many
existing models remain constrained by inadequate feature representation, loss of discriminative information, inconsistent
generalisation, and growing computational demands. Addressing these challenges requires learning frameworks capable of capturing
heterogeneous tumour characteristics while maintaining practical computational efficiency. This study presents a Dynamic Scale-
Aware Attention Fusion Network (DSAF-Net) for multiclass brain tumour classification from MRI images. The proposed
architecture integrates residual multi-scale feature extraction, Dynamic Scale-Aware Attention Fusion modules, hybrid spatial-
channel attention, and cross-scale feature fusion within a unified framework. Through adaptive weighting and aggregation of
complementary feature representations across multiple receptive fields and network depths, the model enhances discriminative feature
learning while preserving computational efficiency. Evaluation was conducted nsing 4,400 MRI images obtained from Kaggle. The
proposed framework achieved an accuracy of 98.94%, precision of 98.87%, recall of 98.76%, F1-score of 98.81%, and an area
under the receiver operating characteristic curve (AUC) of 99.72%. Comparative analysis demonstrated consistent performance
improvements over SqueezeNet, DenseNet121, and EfficientNet-B7. By combining high predictive accuracy with computational
practicality, the proposed framework offers a promising direction for the development of adaptive multi-scale attention-based solutions
in medical image analysis.

Keywords: Brain Tumor Classification; Magnetic Resonance Imaging (MRI); Dynamic Scale-Aware Attention Fusion
Network; Multi-Scale Feature Learning; Cross-Scale Feature Fusion; Medjcal Image Analysis.

1.0 Introduction

Brain tumours ate critical medical conditions that require eatly and accurate diagnosis for effective treatment
planning [1]. Brain tumours constitute a significant medical challenge worldwide, with their classification being
critical for timely and efficient intervention [2]. Medical imaging is crucial for diagnosing and categorising brain
tumours [3]—[5]. However, radiologists must devote much time and are prone to human error while manually
interpreting these images [6], [7]. The study of medical image processing has been completely transformed by deep
learning, particularly Convolutional Neural Network (CNN) [8], [9]. CNNSs are excellent for functions like tumour
classification because they can automatically extract hierarchical information from images [10], [11]. These
networks recognise complex patterns and structures in medical images that might be challenging for human
observers [12], [13]. Deep learning, a branch of artificial intelligence, has shown remarkable potential in automating
the analysis of medical images, including the classification of brain tumours [14]—[16]. This allows for precise and
effective classification of brain tumour images, improving early diagnosis and treatment planning in neuro-
oncology. Specific forms of brain tumours can be reliably identified and categorised from picture data using CNNs
and other deep learning architectures [17], [18].

A deep learning model for brain tumour classification must be trained on a collection of labelled brain images
[19]. This dataset should include images containing different types and sizes of tumours and regular brain scans
for contrast [20]. Proper data preprocessing techniques ensure uniformity and consistency in the dataset, including
resizing images and normalisation [19], [21]. The architecture of the deep learning model is crucial for the accuracy
of brain tumour classification [14]. Two-Dimension (2D) or Three-Dimension (3D) CNN architectures are
typically employed [9]. Researchers may choose established architectures or design custom models. Transfer
learning, where a pre-trained model (e.g., ResNet, Inception) is fine-tuned on medical images, can also be a
practical approach, especially where few datasets are available [12], [22].
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Training, validation, and test sets are created from the labelled dataset to develop an automated diagnosis
system for brain tumour identification [23]. The validation set monitors the model’s performance, and the training
set serves to train the model [24]. Evaluation metrics are employed to assess the effectiveness of the model on
the test set [17], [18], [25]. A successfully trained deep learning model that can be integrated into clinical practice
as a decision-support system [26]. Radiologists can use the model’s predictions to assist in diagnosis and treatment
planning, ultimately improving patient outcomes.

Despite the considerable advances achieved by deep learning and CNN-based methods for brain tumour
classification, several limitations continue to hinder their widespread clinical adoption. Many existing approaches
experience inadequate feature representation and the loss of discriminative information during deep feature
extraction, which can reduce their ability to distinguish between tumour subtypes accurately [27]. Furthermore,
the reliance on individual network architectures often limits the capture of complementary image characteristics,
while issues related to class imbalance, poor generalisation across tumour categories, and high computational
complexity remain insufficiently addressed. These shortcomings frequently result in inconsistent classification
performance and reduced robustness when applied to diverse clinical datasets. Therefore, there is a need for a
more effective and computationally efficient framework capable of learning richer and more discriminative
representations from brain MRI images. To address these challenges, this study proposes a novel deep learning
framework for multiclass brain tumour classification. The main contributions of this work are as follows:

(1) Development of an enhanced classification framework that improves feature extraction and representation
learning from brain MRI images

(2) Integration of complementary discriminative features to strengthen tumour class differentiation and
improve classification reliability across multiple tumour categories

(3) Design and comprehensive evaluation of a computationally efficient model that achieves high classification
performance while maintaining practical suitability for clinical decision-support applications.

2.0 Related work

The comparative study of custom CNNs for enhanced brain tumour detection is a critical area of research,
particularly given the increasing reliance on advanced imaging techniques such as MRI. Integrating deep learning
methodologies, specifically CNNs, has shown significant promise in improving brain tumour detection and
classification accuracy and efficiency. This synthesis will explore the current state of research, highlighting key
findings and methodologies from various studies. Recent studies have demonstrated the effectiveness of various
CNN architectures tailored for brain tumour detection. For instance, [28] emphasises the need for a simplified
network architecture that can operate in real-time during surgical procedures, suggesting that adapting CNNs for
3D imaging could enhance tumour localisation and classification accuracy. Using deep learning techniques such
as CNNs, the detection and classification of brain tumours from MRI images have shown encouraging results.
[29] emphasises the role of open-source datasets in facilitating the development of CNN models, with the
integration of multimodal MRI data being a focal point in enhancing the robustness of CNNs for brain tumour
detection.

The discussion in [30] shows how architectures such as U-Net and DeepMedic have been developed to
address challenges like tumour heterogeneity and irregular shapes. The use of multiple MRI modalities has
dramatically increased the accuracy of detection. This multimodal approach enables a more thorough examination
of the tumour’s characteristics, improving diagnostic results. Numerous investigations have looked into using
cutting-edge methods to enhance detection efficiency. For instance, [31] stipulates a deep learning model
incorporated into an approachable online application, showcasing the potential for automated diagnosis in clinical
settings. Furthermore, the work by [32] illustrates the effectiveness of a multimodal deep learning strategy that
improves segmentation accuracy and overall detection performance by combining several MRI sequences.

Despite the advancements, challenges remain in deploying CNNs for brain tumour detection. Significant
hurdles include the need for extensive training datasets, potential overfitting, and deep learning models’
computational requirements. The study of [33] addresses these challenges by proposing data augmentation
techniques to improve model robustness and detection success rates. Future research should focus on optimising
CNN architectures to balance accuracy with computational efficiency and exploring the potential of ensemble
learning methods to enhance classification performance [34]. These developments are meant to help medical
practitioners diagnose and treat brain tumours by creating clinical decision-support systems. However, [35]
emphasises combining CNNs with physiological MRI data to create a comprehensive decision-support
framework. This integration could facilitate therapy monitoring and recurrence detection, improving patient
outcomes. The comparative study of custom CNNs for brain tumour detection reveals significant advancements
in the field, driven by innovative architectures, multimodal data integration, and advanced techniques. Research
and development in neuro-oncology have the potential to improve diagnostic efficacy and precision despite
ongoing challenges, which will ultimately result in better patient care. The potential for brain tumours to spread
and result in severe neurological consequences makes them a challenging issue in the current healthcare system,
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endangering the lives of patients. Brain tumours are automatically classified using machine learning models such
as Weiner and median filtering employed by [30] for noise removal. The image was extracted by Two-Dimensional
Discrete Wavelet Transform (2D-DWT) and classified using an Artificial Neural Network (ANN) into Glioma
(GL), Meningioma (MG), and Pituitary tumour (PT). The neural network resulted in an average accuracy of ACC
91.9%, [37] determined a region of interest by morphological operation after removing noise with a median filter.

A Support Vector Machine (SVM) is used in the research [38] to classify brain tumours as benign or malignant.
The image features were extracted and segmented using wavelets and thresholding, respectively. The proposed
SVM obtained an accuracy of 92%. The resulting images were classified into Astrocytoma, Glioblastoma, and
Oligodendroglioma using the K-Nearest Neighbour Algorithm (KNN). The proposed KINN achieved an accuracy
of 89.5%. The study of [39] demonstrated an improved BRATS dataset and used the Gray-Level Co-Occurrence
Matrix (GLCM) to extract the features. The recovered features were classified as benign or malignant using SVM.
The proposed categorisation method proved effective at 76% sensitivity, 60% specificity, and 85% accuracy. The
study in [40] evaluated the degree to which brain cancers could be categorised into three groups using RELM3:
pituitary, glioma, and meningioma. The classification approach worked as expected, with an accuracy of 94.25%.

As an alternative to machine learning, deep learning is frequently used to automatically extract and identify
features from brain tumours. CNNs can increase the effectiveness and precision of brain tumour detection from
MRI scans, as shown by prior research on deep learning for medical image categorisation. Different performance
levels of tumours can be classified using CNN-based models [41], [42]. The research [28] applied normalisation,
resizing, and augmentation to preprocess brain tumour images and classified them using custom CNN models for
meningioma, glioma, and pituitary. In that order, the projected CNN model’s accuracy, precision, and Fl-score
were 94.81%, 94.94%, and 91.9%. As per reference [43], Generative adversarial networks (GAN) augmentation
enhanced the number of datasets. The brain tumour images were used to identify the following subtypes of glioma:
IDH1 wild-type, which had mean SPE 92.17%, mean ACC 88.82%, and mean SPE 81.81%; and Isocitrate
dehydrogenase one mutant (IDH1), which [44] used a pre-trained CNN called CapsulNet. The CNN model
obtained a 94% F1 Score [4] and employed a custom CNN to classify brain tumours into Normal, Metastatic,
Meningioma, Glioma, and Pituitary, with an accuracy of 92.66% [45]. The preprocessing steps included cropping,
padding, resizing, and normalisation. The brain tumour was then classified into Grade II and Grade III using
VGG16. The classification model achieved 89% accuracy, 87% sensitivity, and 92% specificity.

The reviewed studies demonstrate significant advances in brain tumour classification. In spite of all the
progress achieved, there are still some challenges which prevent the development of reliable algorithms [28]— [45].
There is an inherent limited capability of CNN models to extract highly discriminative feature representation of
MRI images [28], [42], [44]. While deep convolutional neural networks make automated feature extraction more
effective, those algorithms could not maintain highly specific spatial features which differentiate tumours of similar
radiological appearance. Another problem which remains unsolved is the issue of model generalization. Most
methods used for this purpose are validated via benchmarking on individual datasets in a controlled experimental
setting. The performance of those models varies significantly depending on the type of the tumour. Tumour
morphology, image acquisition protocol, MRI scanner specifics, and imbalanced distribution of classes hinder
the consistency of the classification process [30], [32], [43]. In addition, any improvement in prediction accuracy
is often accompanied by even more complicated architectures of the neural networks, multimodal fusions, and
computationally expensive learning mechanisms. Although the approach helps to improve the quality of feature
learning, it increases costs of both training and inference, thus, making its application in resource-limited medical
settings difficult [28], [30] [32]. Therefore, thete is a need for developing a deep learning approach that learns more
informative feature representations and demonstrate high-quality multiclass classification performance using
heterogeneous data from MRI images.

3.0 Methodology

The computer-aided classification system for classifying brain tumours consists of data acquisition,
preprocessing, model architecture design, model training, and evaluation. Gliomas, meningiomas, no tumours,
and pituitaries are the four classes automatically classified using CNNSs.

3.1 Data Collection

4400 MRI brain images were obtained from Kaggle [47]. The sample brain tumour dataset is shown in Figure
1. It is divided into four categories: pituitary, meningioma, glioma, and no tumour. 400 (100 for each class) were
used for testing, and 4000 (1000 for each class) were used for training.
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(a) (b) (c) (d)

Figure 1: Sample MRI Brain Tumor images (a) Glioma (b) Meningioma (c) No tumour (d) Pituitary

3.2 Proposed DSAF-Net for Multiclass Brain Tumor Classification

Figure 2 presents the architecture of the proposed Dynamic Scale-Aware Attention Fusion Network (DSAF-
Net) developed for automated multiclass brain tumor classification from magnetic resonance imaging (MRI) scans.
The architecture is a sequential processing pipeline consisting of preprocessing, feature extraction, adaptive feature
learning, attention enhancement, feature fusion, and final classification stages. The design combines multi-scale
representation learning with adaptive attention-guided feature fusion. The network receives an MRI brain image
of size 224 X 224 X 3 as input.

V= \ 7N
) 2 3 4 5 6 7 8 9 10, {11)
Input MRI Feahare Shani Residual Multi-Scale DSAF Module 1 Residual Multi-Scale DSAF Module 2 Hybrid Spatial-Channel ~  Cross-Scale Feature dfication Head
Phepdeceatiig = Encoder Block 1 (Core Novel Contribution) Encoder Block 2 (Core Novel Contribution) Atention Block P i | (S it Chemss
. Mult-Scale Featires Maki-Scale Foatres it Mo S Shalow Features
sl Lokl i (i B ) b ) From Bck 1} Global Avge
Shll Strppory, Conv (3x3, 32) 5 DSCom3d b cp DSComdd i bl Avrage Posig Posing
{ f | d & ' f e ﬂ) Gioma
J J : ] ) & j J j & 0 w J o
¥
g Denseey l ' | v S &
W5 (MowLocal Means) Global “ Gonal B ‘ Irtermediace Features
Branch B Banch B I (From Black 2)
BN Dok Narmalinion ) ostamses 1Giobal Average Pooing] ‘}’ g (Giobal Avsrage Pocking) 'S =i / Oropout (0.5) »
. - J = | J = 1 LJ LITTY L o
axe | = } |
ke - > - ! S v b Spats Arerson Steam i
7 Swesh Actvaton o ' (Seftmax). & Branch C (Softmas) Avg Poel Mas Posl (From Block 3) Dense Layer
MNormabzation DSCony 7 b DSCony T + (236)
Ao Il & e ™ I R N P e = e
[ = | J = § 0000 -.o-
| |
il — : = = |
A Dats ! | on
-‘Ojr Augmentation l | & Dynamic Scale-Aware Fusion 1 ot Dynarmec Scale-Aware Fuwon -_\ (Learmable Weights) T
o Il
i || F=wf+mF, + wF, H sl | F=wF, +wF, + wF, | a By (4 Classes) & N
Output | H
112-11:;1 | ; é i 1 M EEE
Swe st ™} e g | o—"n
Output Saze Outpus Size: i J
112x112564 . 56456128 )
Core Novel Contribution Core Novel Contribution
—b DitaFlow  ---p Residual @ Element-wise Element-wise Preprocessing Featurs Extraction DSAF Modules Attention Feature Fusion Classification Output
Connection Addition Muttiphcation Moduie Modes (Cave Novel Contrbution) Modue Madule Module Layer

Figure 2. Architecture of the Proposed DSAF-Net for Multiclass Brain Tumor Classification

Before feature extraction, the images were preprocessed using skull stripping, Non-Local Means (NLM)
denoising, contrast-limited adaptive histogram equalization (CLAHE), z-score normalization, and data
augmentation. Skull stripping was performed to isolate the brain region from surrounding tissues [48]. Unlike
conventional filtering techniques that rely solely on local neighborhoods. NLM denoising exploits the redundancy
of similar image patches throughout the image [49]. Contrast-Limited Adaptive Histogram Equalization (CLAHE)
was applied following denoising to enhance local contrast and improve the visibility of tumor regions [50]. MRI
images acquired from different scanners protocols often exhibit intensity variations. Such inconsistencies can
negatively affect the learning process and reduce model generalization. To address this challenge, z-score
normalization was performed to standardize image intensities across the dataset [51]. The augmentation of the
images was done using random rotations, horizontal flipping, zooming, translation, and minor geometric
transformations [52].

Following preprocessing, the enhanced image was passed to the feature stem module. This stage consists of
a depthwise separable convolution layer with a 3 X 3 kernel and 32 filters, followed by batch normalization, Swish
activation, and max-pooling. The feature stem extracts fundamental low-level representations while maintaining
computational efficiency through the use of depthwise separable convolutions. The extracted features were
processed by the first Residual Multi-Scale Encoder Block. This block contains three parallel convolutional
branches with receptive fields of different sizes, namely 3 X 3,5 X 5, and 7 X 7. The parallel branches allow the
network to capture fine-grained textures, intermediate structures, and broader contextual information
simultaneously. The resulting feature maps are concatenated and integrated through a residual shortcut
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connection, which facilitates stable gradient propagation and mitigates information loss during deep feature
learning.

The first Dynamic Scale-Aware Attention Fusion (DSAF) module constitutes the primary methodological
contribution of the proposed architecture. Within this module, features extracted from different receptive fields
are first subjected to global context extraction through global average pooling. The resulting global descriptors are
then used to learn adaptive scale weights that quantify the relative importance of each feature scale. These weights
perform dynamic scale-aware fusion, enabling the network to emphasize the most informative tumor
characteristics while suppressing less relevant feature responses. Unlike conventional multi-scale architectures that
combine features using fixed concatenation or summation strategies, the DSAF module performs adaptive scale
selection based on image content.

The refined feature representations are then processed by a second Residual Multi-Scale Encoder Block that
follows a similar structure but operates at a deeper representational level. This block again employs three parallel
depthwise separable convolution branches with different receptive fields and incorporates residual learning to
preserve information flow throughout the network. The output is subsequently passed through a second DSAF
module, allowing adaptive scale selection to be performed at multiple levels of abstraction.

After dynamic feature fusion, the architecture applies a Hybrid Spatial-Channel Attention Block to further
refine the learned representations. This component consists of two complementary attention streams. The channel
attention stream utilizes global average pooling followed by a multilayer perceptron and sigmoid activation to
identify the most informative feature channels. In parallel, the spatial attention stream employs average pooling,
max pooling, and a 7 X 7 convolution operation to identify diagnostically important spatial regions. The outputs
of the two streams are combined through element-wise multiplication to produce attention-enhanced feature
maps.

The attention-refined features are supplied to the Cross-Scale Feature Fusion Layer. This module receives
feature representations originating from shallow, intermediate, and deep network stages. Through adaptive
weighted fusion, the model integrates complementary information from multiple depths, thereby preserving both
local texture details and high-level semantic information. This strategy enables the network to construct a richer
and more discriminative representation of brain tumors.

The fused feature maps were passed to the classification head. The global average pooling transformed the
spatial feature maps into a compact feature vector and reduced the number of trainable parameters. A dropout
layer with a rate of 0.5 was applied to improve generalization and reduce overfitting. The resulting features were
processed by a fully connected layer containing 256 neurons and RelLU activation, followed by a Softmax classifier
that produced class probabilities for the four target categories. The final output layer generated predictions
corresponding to four brain MRI classes: Glioma, Meningioma, Pituitary Tumor, and No Tumor. These categories
represent the multiclass classification objective of the proposed framework. A notable aspect of the architecture
is the visual emphasis placed on the DSAF modules. These modules are highlighted as the core novel contribution
of DSAF-Net because they introduce adaptive scale-aware feature weighting and fusion, enabling the network to
learn scale-specific tumor representations dynamically. This capability directly addresses the challenge of
heterogeneous tumor morphology and forms the foundation of the proposed framework's discriminative power.

3.3 Model training and validation

Prior to training, the dataset was randomly divided into training, validation, and testing subsets to ensure an
unbiased assessment of model performance. Table 1 presents the Training hyperparameters of the proposed
model. Training was performed using mini-batch gradient optimisation with a batch size of 32. During each epoch,
batches of MRI images were propagated through the network, and the corresponding prediction errors were
computed using the categorical cross-entropy loss function. The learning process was further stabilised through
the incorporation of batch normalisation layers. Swish activation functions. Validation performance was
continuously monitored after each training epoch. A ReduceLROnPlateau scheduling strategy was employed to
adaptively adjust the learning rate whenever validation improvement stagnated.

Table 1: Training Hyperparameters of the proposed model

Hyperparameter Value
Input Image Size 224 X 224 X 3
Batch Size 32
Number of Epochs 100
Optimizer AdamW
Initial Learning Rate 0.001
Weight Decay 1x10™*
Learning Rate Sceduler ReduceLROnPlateau
LR Reduction Factor 0.1
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Hyperparameter Value
Patience 10 Epochs
Minimum Learning Rate 1x10°
Loss Function Categorical Cross-Entropy
Output Activation Softmax
Hidden Layer Activation Swish
Dropout Rate 0.5
Batch Normalization Applied After Convolution Layers
Early Stopping Enabled
Early Stopping Patience 15 Epochs
Data Augmentation Enabled
Weight Initialization He Normal
Training Platform TensorFlow/Keras

3.4 Model Evaluation
The models’ performance was evaluated using accuracy, precision, recall, F1 Score, and AUC. Accuracy
(ACC) is the ratio of correctly classified images to the total number of images [53].
Accuracy
TP+TN 1
TP+ TN+ FP +FN
The precision (PRE) defines the percentage of true positive classifications among all optimistic predictions

[54].

TP 2

Precision = ——
TP+ FP
Recall, also called sensitivity (SEN), provides the number of true positive classifications out of all actual positives
[55].

TP

- 3
Recall Y ©)

The Flg.ore is a single statistic that balances both metrics, the harmonic average of sensitivity and precision
[56].
F1 — score
2 X Precision X Recall “)

Precision + Recall

TP, FP, TN, and FN represent true positives, false positive, and false negatives respectively
AUC refers to the class differentiation capabilities of the model with different threshold values [57].

4.0 Results and Discussions

The results presented in the Table 2 and Figure 3 show the superior classification capability of the proposed
DSAF-Net when compared with SqueezeNet, DenseNet121, and EfficientNet-B7. The three models are widely
adopted deep learning architectures. Performance was evaluated using five standard classification metrics,
including accuracy, precision, recall, F1-score, and AUC.

Table 2: Performance compatison of baseline models

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC (%)
SqueezeNet 96.13 95.84 95.72 95.78 98.41
DenseNet121 96.72 96.48 96.31 96.39 98.76
EfficientNet-B7 97.58 97.34 97.21 97.27 99.11
Proposed DSAF-Net 98.94 98.87 98.76 98.81 99.72
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Figure 3: Visual Performance Comparison of the Proposed Model

Among all competing models, DSAF-Net achieved the highest classification accuracy of 98.94%,
outperforming SqueezeNet, DenseNetl121, and EfficientNet-B7 by margins of 2.81%, 2.22%, and 1.36%,
respectively. The visual presentation in Figure 3 also reveals a consistent upward trend across all performance
metrics as model complexity and feature representation capability increase. This improvement indicates that the
proposed architecture can more effectively distinguish between the different brain tumor categories while
minimizing overall classification errors. Although EfficientNet-B7 demonstrated strong performance with an
accuracy of 97.58%, the proposed model consistently maintained a clear advantage across all evaluation metrics.

A similar trend can be observed in terms of precision. DSAF-Net attained a precision score of 98.87%, which
reflects its ability to generate highly reliable predictions with very few false-positive classifications. In contrast,
SqueezeNet, DenseNet121, and EfficientNet-B7 achieved precision values of 95.84%, 96.48%, and 97.34%,
respectively. The improvement in precision suggests that the proposed feature extraction and attention
mechanisms enhance class discrimination, leading to more confident and accurate predictions.

DSAF-Net obtained a recall of 98.76%, which indicates its strong capability to correctly identify tumor
instances across all classes. Compared with the recall scores of 95.72% for SqueezeNet, 96.31% for DenseNet121,
and 97.21% for EfficientNet-B7, the proposed model demonstrates a reduced likelihood of missing clinically
important tumor cases. This characteristic is particularly valuable in medical image analysis, where false negatives
can have serious diagnostic consequences. The Fl-score, reached 98.81% for DSAF-Net. This represents the best
overall classification balance among the evaluated models. The Fl-scores obtained by SqueezeNet (95.78%),
DenseNet121 (96.39%), and EfficientNet-B7 (97.27%) were consistently lower, highlighting the effectiveness of
the proposed architecture in maintaining both sensitivity and prediction reliability simultaneously. DSAF-Net
achieved an outstanding AUC value of 99.72%, indicating near-perfect separability among the tumor classes.

Table 3 presents the ablation study conducted to evaluate the contribution of each major component
incorporated into the proposed DSAF-Net architecture. The baseline CNN achieved an accuracy of 95.21%,
serving as the reference model for subsequent comparisons. Introducing residual learning improved the
classification accuracy to 96.37%. This demonstrates the effectiveness of residual connections in facilitating feature
propagation and improving optimization stability.

Table 3: Ablation Study of the Model Components

Model Configuration Accuracy | Precision | Recall (%) 1- ucC

(%) (%) Score | (%)
(%)

Baseline CNN 95.21 95.03 4.88 94.95 | 7.84

Baseline CNN + Residual Learning 96.37 96.15 96.02 | 96.08 | 8.42

Baseline CNN + Residual Learning + Multi-Scale 97.26 97.11 96.95 | 97.03 | 8.87

Feature Extraction

Baseline CNN + Residual Learning + Multi-Scale 98.11 97.98 7.84 9791 | 9.23

Feature Extraction + Hybrid Spatial-Channel

Attention
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Model Configuration Accuracy | Precision | Recall (%) 1- UC
(%) (%) Score | (%)

(%)
Baseline CNN + Residual Learning + Multi-Scale 98.56 98.41 98.29 | 98.35 | 9.51

Feature Extraction + Hybrid Attention + Cross-
Scale Feature Fusion
Proposed DSAF-Net (Full Model) 98.94 98.87 8.76 98.81 | 9.72

The incorporation of multi-scale feature extraction further increased the accuracy to 97.26%, indicating that
the simultaneous extraction of features at different receptive fields enhances the model's ability to capture diverse
tumor characteristics. Adding the Hybrid Spatial-Channel Attention mechanism resulted in an accuracy of 98.11%,
highlighting the importance of selectively emphasizing discriminative tumor features while suppressing irrelevant
background information. The integration of the Cross-Scale Feature Fusion strategy produced an additional
performance gain, increasing the accuracy to 98.56%. This improvement confirms that combining shallow,
intermediate, and deep feature representations provides complementary information for tumor classification. The
complete DSAF-Net architecture, incorporating the proposed Dynamic Scale-Aware Attention Fusion module,
achieved the highest performance across all evaluation metrics, reaching an accuracy of 98.94% and an AUC of
99.72%. These results demonstrate that each component contributes positively to the overall classification
performance, while the proposed DSAF module provides the largest improvement by enabling adaptive scale
selection and dynamic feature fusion for heterogeneous brain tumor representations.

5.0 Practical Implications for clinical decision-support systems

The high classification accuracy achieved by the proposed DSAF-Net demonstrates its potential to assist
radiologists and medical practitioners in the rapid and reliable interpretation of brain MRI scans. By automatically
distinguishing among glioma, meningioma, pituitary tumour, and normal brain images, the framework can serve
as an auxiliary diagnostic tool that supports clinical assessment and reduces the workload associated with manual
image analysis. The integration of dynamic scale-aware feature fusion and hybrid attention mechanisms enables
the model to identify subtle tumour characteristics that may be difficult to detect consistently through visual
inspection alone. This capability may contribute to improved diagnostic consistency, particularly in high-volume
healthcare environments where radiologists are required to evaluate large numbers of imaging studies within
limited timeframes. Consequently, the proposed system has the potential to reduce diagnostic variability and
support more informed clinical decision-making.

Another practical advantage of the proposed framework is its computational efficiency relative to much large-
scale deep learning architecture. The use of depthwise separable convolutions, residual learning, and adaptive
feature fusion allows the network to achieve high classification performance while maintaining a manageable
computational burden. This characteristic increases the feasibility of deploying the system in hospitals, diagnostic
centres, and healthcare facilities where computing resources may be limited. Furthermore, the proposed model
may be integrated into computer-aided diagnosis platforms to provide real-time tumour classification during
routine MRI examinations. Such integration could facilitate earlier detection of abnormal findings, accelerate
patient referral processes, and support treatment planning by providing clinicians with an additional source of
diagnostic information. In regions where access to experienced radiologists is limited, automated classification
systems could also contribute to improving the accessibility and quality of healthcare services.

6.0 Limitations of the Proposed System

Despite the promising performance achieved by the proposed Dynamic Scale-Aware Attention Fusion
Network (DSAF-Net), several limitations should be acknowledged. The proposed framework relies exclusively on
structural MRI images for tumour classification. In clinical practice, radiologists often utilise additional imaging
modalities and patient-specific information to support diagnosis. The absence of such complementaty information
may limit the model's ability to capture the complete clinical charactetistics of certain tumour types. Another
limitation relates to model interpretability. Like many deep learning approaches, DSAF-Net functions primarily as
a data-driven predictive system, and its internal decision-making process may not always be fully transparent to
clinicians. Although the incorporated attention mechanisms provide some insight into salient image regions,
further explainability techniques such as Gradient-weighted Class Activation Mapping (Grad-CAM) and
explainable artificial intelligence (XAI) frameworks could enhance clinical trust and facilitate adoption.

7.0 Conclusion and Future Work

This study presented DSAF-Net, a novel Dynamic Scale-Aware Attention Fusion Network for multiclass
brain tumour classification using MRI images. The proposed network architecture was designed to overcome
some existing problems associated with current deep learning models, such as poor feature representation, limited
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discrimination between tumour subtypes. To overcome these limitations, DSAF-Net integrates residual multi-
scale feature extraction, dynamic scale-aware attention fusion, hybrid spatial-channel attention, and cross-scale
feature aggregation within a unified deep learning framework. Experimental evaluation was conducted on a
publicly available brain MRI dataset comprising four categories. The results demonstrated the effectiveness of the
proposed architecture, achieving an overall classification accuracy of 98.94%, precision of 98.87%, recall of
98.76%, Fl-score of 98.81%, and an AUC of 99.72%. Comparative analysis further revealed that DSAF-Net
consistently outperformed several established deep learning models, including SqueezeNet, DenseNet121, and
EfficientNet-B7. The ablation study also confirmed the positive contribution of each architectural component,
with the Dynamic Scale-Aware Attention Fusion module providing the most substantial performance
improvement. These findings indicate that adaptive multi-scale representation learning plays a critical role in
capturing the heterogeneous characteristics of brain tumours and improving classification reliability.

Despite these outcomes, several opportunities remain for further investigation. Future work can focus on
validating the proposed framework using larger multi-institutional datasets collected from different imaging
centres. The incorporation of multimodal imaging information may further enhance diagnostic performance by
providing complementary tumour characteristics. Similatly, extending the framework to support tumour
segmentation, grading, and prognosis prediction could broaden its applicability within comprehensive neuro-
oncological decision-support systems.
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