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Abstract

Brain tumor detection from magnetic resonance imaging (MRI) is fundamental to computer-
aided diagnosis, yet automated models must remain robust to heterogeneous imaging
conditions. Despite strong recent progress, many deep learning and transformer-based
approaches primarily optimize performance accuracy without explicitly improving feature
selectivity and spatial localization, and they typically produce deterministic output without
uncertainty estimates, which limits reliability. To overcome these limitations, we intro-
duce UA-EffNet-DA, an uncertainty-aware EfficientNet framework that addresses these
limitations through three complementary components. First, EfficientNet-B4 serves as an
efficient backbone for discriminative feature extraction. Second, lightweight dual attention
modules, comprising channel and spatial attention in parallel, are applied to the model
to emphasize what and where discriminative features to focus within MRI slices. Third,
Monte Carlo dropout is employed during inference to quantify predictive uncertainty and
enable confidence-aware decision. Experiments on two public benchmarks demonstrate
strong performance, yielding accuracies of 98.73% on the Figshare dataset and 99.23% on
the Kaggle dataset. In addition, explainable Al analysis using Gradient-weighted Class Ac-
tivation Mapping (Grad-CAM) further indicates that the proposed model concentrates on
diagnostically relevant tumor regions rather than background structures, supporting trans-
parent decision-making. Ablation studies confirm the complementary contribution of dual
attention refinement and uncertainty-aware inference. Overall, the proposed UA-EffNet-
DA framework offers an efficient and interpretable approach for brain tumor detection that
supports more reliable clinical decision support through uncertainty-aware predictions.

Keywords: brain tumor; magnetic resonance imaging; deep learning; EfficientNet; attention
mechanism; uncertainty-aware inference; explainable Al
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1. Introduction

Magnetic Resonance Imaging (MRI) is a major tool for the detection and evaluation of
brain tumors because of its superior soft-tissue contrast and its ability to reveal structural
abnormalities in neural tissue [1]. Accurate identification of tumor type is essential for
treatment planning, prognosis assessment, and surgical decision-making [2]. However,
manual analysis of MRI scans is time-consuming and often affected by inter-observer
variability, particularly when tumor boundaries are unclear or imaging conditions vary [3].
These challenges have motivated the development of computer-aided diagnosis (CAD)
systems that support automated and consistent brain tumor classification [4-6].
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In recent years, deep learning approaches, especially convolutional neural networks
(CNNSs), have demonstrated significant performance in medical image analysis [7,8]. In
addition, transfer learning with pretrained architectures such as ResNet [9], DenseNet [10],
and EfficientNet [11] has further improved classification performance by reusing hier-
archical features learned from large-scale datasets [12-14]. However, brain tumor MRI
images often exhibit substantial intra-class variability, overlapping intensity patterns, and
complex anatomical backgrounds, which can cause conventional CNN models to learn
non-discriminative or irrelevant features [15,16]. As a result, predictions may be influenced
by surrounding tissues. A key limitation of many existing CNN-based brain tumor clas-
sification methods is that they treat all channel responses and spatial regions in a largely
uniform manner during feature extraction.

Standard convolutional operations do not explicitly distinguish tumor-relevant re-
sponses from non-relevant ones, leading to diluted feature representations and reduced
interpretability [17]. To improve performance, several recent studies have adopted multi-
branch or ensemble architectures; however, these approaches often increase computational
complexity and reduce suitability for real-time or deployment-oriented settings [18,19].
Attention mechanisms, in contrast, have emerged as an effective way to improve feature
quality by guiding neural networks toward more informative representations. Channel
Attention (CA) emphasizes discriminative feature responses, whereas Spatial Attention
(SA) highlights anatomically relevant regions. Although attention-based designs have
shown promising results in medical imaging, many existing approaches either rely on
computationally heavy multi-network structures or incorporate only a single type of atten-
tion [20].

In a recent study, Zarenia et al. [16] proposed a deformable-attention and saliency-
based framework for automated multi-class brain tumor MRI analysis, demonstrating
the value of attention-guided feature learning. However, their framework is oriented
toward a broader classification-plus-segmentation pipeline and may not directly support
lightweight single-backbone classification for deployment-focused settings. Similarly, Ishaq
et al. [21] presented an EfficientNet-based brain tumor classification framework with Grad-
CAM-based interpretability, demonstrating the practicality of EfficientNet for MRI analysis.
Nevertheless, their model does not explicitly combine channel-wise and spatial feature
refinement within the backbone feature stream.

To address these identified gaps,we propose UA-EffNet-DA, an Uncertainty-Aware
EfficientNet with Dual Attention architecture that introduces three key methodological
innovations built upon an EfficientNet-B4 backbone for brain tumor MRI detection. Effi-
cientNet serves as a strong and computationally efficient feature extractor through com-
pound scaling of network depth, width, and input resolution. On top of this backbone,
the framework incorporates parallel dual attention mechanisms, consisting of Channel
and Spatial Attention, to explicitly model both which features are important and where
the model should focus within MRI slices. The Channel Attention module recalibrates
feature channels to emphasize tumor-related representations, whereas the Spatial Attention
module guides the network toward discriminative tumor regions. This design improves
feature selectivity without introducing excessive architectural complexity, while maintain-
ing a single-backbone structure that is more practical for deployment than multi-branch or
transformer-based alternatives.

In addition, the proposed framework incorporates Monte Carlo (MC) dropout to
estimate predictive uncertainty, which is important in clinically sensitive decision-support
settings. By keeping dropout active at inference time and performing multiple stochastic
forward passes (T = 20), the model produces a distribution of outputs whose variance
reflects epistemic uncertainty. This allows the system to flag low-confidence predictions
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where the model exhibits high predictive variance, signaling cases that may benefit from
expert radiological review. Unlike deterministic approaches that provide only point pre-
dictions, UA-EffNet-DA reports predictive uncertainty alongside classification results,
supporting more informed and confidence-aware interpretation.

Following are the key contributions of this study:

1.  We develop an uncertainty-aware EfficientNet-B4-based framework for brain tumor
MRI detection by integrating channel and spatial attention-based feature refinement
within a single-backbone architecture.

2. We enhance feature selectivity and spatial focus through complementary channel
and spatial attention mechanisms, enabling the model to emphasize tumor-relevant
representations and anatomically meaningful regions.

3. We incorporate Monte Carlo dropout with 20 stochastic forward passes at inference
time to estimate predictive uncertainty and identify low-confidence cases that may
require additional expert review.

4. We employ Grad-CAM visualization to examine whether the proposed framework
concentrates on diagnostically relevant tumor regions rather than irrelevant back-
ground structures, thereby improving interpretability.

5. We validate the proposed framework through quantitative evaluation and ablation
analysis on publicly available brain tumor MRI datasets, demonstrating the contribu-
tion of attention-based refinement and uncertainty-aware inference.

The remainder of this paper is as follows: Section 2 reviews the related literature.
Section 3 presents the proposed methodology. Section 4 presents the results of our ex-
periments. Section 5 analyzes and contrasts the implications of our findings. Section 6
concludes the paper.

2. Literature Review

Brain tumor classification from MRI has become an important research area, with
deep learning methods showing strong performance improvements over traditional ap-
proaches. Recent progress has been driven mainly by three methodological directions:
transfer learning with efficient CNN backbones, attention-based feature refinement, and
transformer-based architectures. In this section, we review these categories and highlight
the remaining challenges that motivate the proposed framework.

2.1. Transfer Learning and EfficientNet-Based Approaches

EfficientNet architectures have attracted considerable interest for brain tumor classi-
fication because their compound scaling strategy provides an effective balance between
network depth, width, and resolution. Islam et al. [22] introduced BrainNet, a comprehen-
sive framework based on the EfficientNet family together with advanced preprocessing
and augmentation techniques on 3064 T1-weighted contrast-enhanced MRI images. Their
EfficientNetB3 model achieved strong performance, although the study also noted limita-
tions related to computational complexity and dependence on high-quality preprocessing.
Similarly, Zulfiqar et al. [23] employed EfficientNets for multi-class brain tumor classifica-
tion from MR images and demonstrated their effectiveness across glioma, meningioma, and
pituitary tumor categories. However, their approach remained sensitive to class imbalance
and required extensive augmentation to achieve optimal performance.

A recent study by Ishaq et al. [24] presented an improved EfficientNet-based frame-
work for multi-grade brain tumor detection and incorporated Grad-CAM to improve
interpretability. Their results further confirmed the practicality of EfficientNet for MRI
analysis, although the framework still faced challenges in handling heterogeneous tumor
morphology and required substantial computational resources during inference. Likewise,
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Alnashwan and Chelloug [25] combined custom CNN models with EfficientNet-B4 and
reported strong classification performance across ten tumor categories, but their system
required specialized hardware and showed reduced accuracy on smaller tumor regions.
Vimala et al. [26] also explored transfer learning with EfficientNet BO-B4 models on the
CE-MRI Figshare dataset and demonstrated the usefulness of Grad-CAM for interpretabil-
ity. However, their approach showed overfitting tendencies and limited generalization
beyond the benchmark dataset. Taken together, these studies confirm the effectiveness of
EfficientNet-based transfer learning for brain tumor MRI classification. However, they also
show that strong benchmark performance alone does not fully address issues related to
feature selectivity, robustness, computational efficiency, and generalization.

2.2. Attention Mechanisms for Enhanced Feature Extraction

Attention mechanisms have emerged as an effective way to guide neural networks
toward diagnostically relevant features and spatial regions. Nisha et al. [27] proposed a
multi-scale attention U-Net with an EfficientNetB4 encoder for brain tumor segmentation.
Their framework improved multi-scale feature extraction by capturing tumor boundaries
at different spatial resolutions, although it required extensive hyperparameter tuning and
showed reduced performance on irregular tumor boundaries. Nahiduzzaman et al. [28]
combined VGG16 with attention mechanisms and optimized hyperparameters for four-
class brain tumor classification. Their model achieved high test accuracy, but the framework
remained computationally demanding and showed reduced robustness for atypical tumor
presentations. Ahmed et al. [29] introduced a hybrid ViT-GRU model with explainable Al
support for brain tumor detection. Although the model demonstrated strong performance,
it also depended on sufficient annotated data and introduced higher training complexity.

Other studies have explored attention-driven refinement in more specialized forms.
Rasheed et al. [30] showed that integrating attention mechanisms into CNNs can im-
prove feature representation in MRI-based brain tumor classification, while also noting the
additional computational overhead and risk of overfitting. Zarenia et al. [16] proposed
deformable attention and saliency mapping for automated multi-class MRI brain tumor clas-
sification and segmentation, demonstrating the ability to capture complex tumor patterns.
However, their framework required substantial training data and showed reduced perfor-
mance on smaller tumor regions. Gasmi et al. [31] used co-attention mechanisms in an
ensemble of MobileNetV3 and EfficientNetB7 networks and achieved strong performance
on both Figshare and BraTS 2019 datasets. Nevertheless, the multi-model design increased
computational complexity and reduced suitability for resource-constrained deployment.
Abdusalomov et al. [32] integrated CBAM into YOLOV? for brain tumor detection and
improved focus on salient regions, although the model still faced challenges related to
computational efficiency and false positive responses in anatomically complex regions.

Overall, attention-based approaches improve lesion-focused representation learning
and interpretability. However, many of them either rely on computationally heavy designs
or introduce additional architectural complexity, which can limit their practical deployment.

2.3. Transformer-Based Approaches

Vision Transformers (ViTs) have further advanced brain tumor MRI analysis by model-
ing long-range dependencies and global contextual information. Chandraprabha et al. [33]
proposed an end-to-end ViT-CNN architecture and reported strong classification perfor-
mance across multiple tumor classes. However, the model required significant computa-
tional resources and extensive annotated data. Reddy et al. [34] compared several fine-
tuned Vision Transformer variants for multi-class brain tumor classification and showed
that transformer-based models can achieve high accuracy. At the same time, they also
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reported high parameter counts, sensitivity to hyperparameter settings, and training in-
stability on limited datasets. Krishnan et al. [35] introduced a rotation-invariant Vision
Transformer and improved robustness to orientation variation, but the method added
computational complexity and required careful tuning of augmentation parameters.
Recent work [36] on hierarchical multi-scale vision transformer models further demon-
strated that transformer-based designs can improve brain tumor classification while re-
ducing training time through multi-resolution patch embeddings. Nevertheless, despite
this progress, important limitations remain across the broader literature. Many studies
report high accuracy on benchmark datasets but provide limited evidence of generaliza-
tion beyond those settings [17,37]. In addition, improved predictive performance is often
achieved at the cost of increased model complexity, higher computational burden, or re-
duced deployment practicality. These observations motivate the need for a framework
that maintains a stronger balance between efficiency, feature selectivity, interpretability,
and prediction reliability. In response, our work adopts a single-backbone EfficientNet-
based design with lightweight channel and spatial attention-based refinement, while also
incorporating uncertainty-aware inference to indicate low-confidence predictions.

3. Proposed Methodology

This section presents the comprehensive methodological framework employed for
developing our Uncertainty-Aware EfficientNet with Dual Attention (UA-EffNet-DA) ar-
chitecture for brain tumor classification. We systematically describe the dataset preparation,
the proposed architectural innovations, the mathematical formulations underlying our
dual attention mechanisms, the uncertainty quantification strategy, and the rigorous experi-
mental protocol designed to validate each component’s contribution. Figure 1 represents
the overall framework of the proposed study.
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Figure 1. Overall workflow of the proposed UA-EffNet-DA framework for brain tumor detection.

3.1. Proposed Architecture: UA-EffNet-DA

Our proposed Uncertainty-Aware EfficientNet with Dual Attention (UA-EffNet-DA)
architecture introduces three primary innovations over conventional transfer learning
approaches: (1) the integration of complementary channel and SA mechanisms applied
after feature extraction to enhance discriminative representation learning, (2) the incorpo-
ration of uncertainty quantification through Monte Carlo dropout to provide calibrated
confidence estimates alongside predictions, and (3) architectural modifications enabling
grayscale medical image processing with preserved transfer learning benefits from Ima-
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geNet pretraining. Figure 2 presents the comprehensive architectural diagram illustrating
the sequential flow of feature transformations through the network.
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Figure 2. Graphical representation of the proposed framework showing the end-to-end pipeline.

3.1.1. EfficientNet-B4 Backbone with Grayscale Adaptation

The proposed architecture employs EfficientNet-B4 as the feature extraction backbone
because of its strong parameter efficiency achieved through compound scaling of network
depth, width, and input resolution. EfficientNet-B4 comprises approximately 19 million
parameters organized into mobile inverted bottleneck convolution (MBConv) blocks, pro-
viding a favorable balance between representational capacity and computational efficiency
for medical image analysis.

To accommodate grayscale MRI inputs while retaining the benefits of ImageNet pre-
training, the first convolutional layer was modified to accept a single-channel input. Specif-
ically, the input layer was changed from Conv2d(3, 48, kernel_size=3, stride=2,
padding=1) to Conv2d(1, 48, kernel_size=3, stride=2, padding=1). The pretrained
RGB weights were averaged across the channel dimension to initialize the grayscale kernel,
as given in Equation (1).

Wgray = % Z WRGB,i (1)
i€{R,G,B}

This weight-averaging strategy preserves the statistical characteristics learned dur-
ing ImageNet pretraining while enabling direct adaptation to grayscale inputs without
extensive retraining of early-layer filters. The remaining convolutional blocks retain their
pretrained parameters, allowing the network to exploit hierarchical feature representations
learned from large-scale natural-image datasets.

The EfficientNet-B4 backbone progressively downsamples the spatial resolution while
expanding the channel dimension, producing a final feature tensor F € RE*H>*W of size
1792 x 7 x 7, where C = 1792 represents the number of channels, and H = W =7

corresponds to the reduced spatial resolution.

3.1.2. Channel-Attention Mechanism

The channel attention module adaptively refines channel-wise responses by learning
the dependencies between feature channels. This design allows the network to emphasize
informative channels while suppressing less discriminative responses, thereby addressing
a common limitation of conventional CNNs that treat all channels uniformly. Algorithm 1
represents the step-by-step formulation of the Channel Attention module, including its
input, output, and feature recalibration process.
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Algorithm 1: Channel Attention Module
RCExHxW

Input Feature tensor F € , reduction ratio r
Output Channel-refined tensor Fcp € RCEXHXW
Compute global channel descriptors: zc = 7y T, Z] 1 Fe(i, j), for

1 c=1,...,C

2 Form channel descriptor vector: z = [z1, 2y, .. Lzel T
3 Apply bottleneck transformation: h = ReLU(W;z)
4 Compute channel attention weights: s = ¢(W;h)

5 Broadcast s over the spatial dimensions

6 Recalibrate feature tensor: Fcp = s ©F

The channel attention mechanism follows a squeeze-and-excitation strategy consist-
ing of global spatial pooling, nonlinear channel interaction modeling, and channel-wise
rescaling. First, global average pooling is used to compress each feature map into a
scalar descriptor:

LS Y EG)) B
—_ F.(i,j 2
Wia= v

Here z, denotes the global descriptor of the c-th channel and F.(i, j) represents the
activation at spatial location (i, j) in the corresponding feature map.

Next, the channel descriptors are passed through a bottleneck multilayer perceptron
with reduction ratio r = 16:

s = o{W, ReLU(W;z)) 3)

Here Wi € R7*C and W, € RC*F are learnable weight matrices, ReLU(+) denotes
the rectified linear unit, and o(-) is the sigmoid function that produces channel attention
weights s € [0,1]¢.

Finally, the learned attention weights are broadcast across the spatial dimensions and
applied to the original feature tensor:

FCA:SQF (4)

Here © denotes element-wise multiplication with broadcasting across all spatial locations.

3.1.3. Spatial Attention Mechanism

Complementing channel attention, the spatial attention (SA) module highlights di-
agnostically relevant spatial regions while suppressing background responses. This is
particularly important in medical imaging because tumor regions usually occupy only a
limited portion of the image, whereas surrounding tissues often contribute little to the
final decision.

The SA module first computes two complementary channel-compressed descriptors
from the channel-refined tensor Fc: an average-pooled map and a max-pooled map along
the channel dimension:

1 C
Favg Z] EZFCAC Z] )
Fmax(i/j) cel{rll,a)fC} FCA c( ]) (6)
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Here Fayg captures average channel activity and Fnax highlights the most salient
activation at each spatial location.
These two descriptors are concatenated to form a two-channel spatial representation:

Feoncat = [Favg} Fmax] € RHXW 7)

A convolution with a 7 x 7 kernel is then applied to generate the spatial attention map:

M; = U(f7X7(Fconcat)> (8)

Here f7*7(-) denotes the convolution operation and ¢(-) constrains the resulting map
to M; € [0, 1]F*W,

The spatial attention map is subsequently broadcast across channels and applied to
the channel-attended feature tensor:

Fsp = Ms © Fcp )

This consecutive use of channel attention and spatial attention creates a hierarchical
refinement process in which channel attention identifies what features are important,
whereas spatial attention determines where the model should focus. Together, they improve
discriminative representation learning for brain tumor classification. Algorithm 2 represents
the step-by-step formulation of the Spatial Attention module, including its input, output,
and feature recalibration process.

Algorithm 2: Spatial Attention Module

Input  Channel-refined tensor Fcp € ROXW

Output Spatially refined tensor Fsp € RC*H*W

Compute average-pooled spatial map: Favg(i,j) = ¢& Y Feac(i )
Compute max-pooled spatial map: Fmax(i,j) = max.e(1,. c} Feac(i,])
Concatenate pooled maps: Feoncat = [Favg; Fmax]

Compute spatial attention map: Ms = o(f”*7 (Feoncat))

Broadcast M across channels

N Ul = W N =~

Refine feature tensor: Fgy = Mg ® Fca

3.1.4. Uncertainty Quantification Through Monte Carlo Dropout

A limitation of deterministic neural network models is that they provide point predic-
tions without explicitly quantifying predictive uncertainty. This is particularly problematic
in medical diagnosis, where confidence calibration is important for safe decision support.
To address this limitation, Monte Carlo (MC) dropout was incorporated as an approximate
Bayesian inference technique.

A dropout layer with probability p = 0.4 was placed before the final classification
layer and retained during both training and inference. At test time, the model performs
T = 20 stochastic forward passes using different dropout masks, thereby generating a
distribution of predictions:

y(t) — SOftmaX<f9(t) (X)), t=1,...,T (10)

Here 8') denotes the effective model parameters under the f-th dropout realization, x
is the input image, and §*) is the predicted class-probability vector.
The predictive mean is computed as:
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T
Yy g (11)

o2 — % i (}A,a) _ 5,>2 (12)

Here the square is applied element-wise. High predictive variance indicates elevated
epistemic uncertainty, which is commonly observed in ambiguous samples or cases that are
underrepresented in the training distribution. In contrast, low variance combined with high
confidence suggests a more reliable prediction. This uncertainty estimation mechanism
enables the identification of low-confidence cases that may require additional expert review.
Algorithm 3 represents the step-by-step formulation of the dropout module, including its
input, output, and feature recalibration process.

Algorithm 3: MC-Dropout-Based Uncertainty-Aware Inference

Input Input image x, trained model fy(-) with dropout active at inference,
npu

P number of stochastic passes T
Output Predictive mean ¥ and predictive variance ¢

For each stochastic passt = 1,..., T, sample a dropout mask and

! compute §(t) = softmax( fott (x))

Compute predictive mean: § = % Y gt

Compute predictive variance: 02 = * Y (}Ar(t) - y) ’
4 Return y and ¢

3.2. Evaluation Metrics

Model performance was evaluated using multiple evaluation metrics that capture differ-
ent aspects of multi-class detectopn quality and are widely adopted in medical image analysis.
Overall accuracy was used to measure the proportion of correctly classified samples:

Tp +Tn
Tp + Tn + Fp + Fn

Class-wise precision and recall were computed to characterize false-positive and

AccuracyMeasure = (13)

false-negative behavior:

Tp

- 14
Tp + Fp (14)

PrecisionMeasure =

_Tr
Tp + Fyn

The F1-score was used as the harmonic mean of precision and recall:

Recall = (15)

2 x Precision x Recall
F1 —Measure = Precision + Recall (16)

Here, Tp are true positive cases, Fp are false positive cases, Fy are false negative cases
and Ty are true negative cases. For multi-class evaluation, AUC-ROC was computed in a
one-vs-rest manner for each class, and the macro-averaged AUC was reported to summarize
the overall discriminative performance across classes. Confusion matrices were created
as well to visualize the class-wise predictions and identify systematic misclassification
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trends among glioma-tumor, meningioma-tumor, pituitary-tumor, and no-tumor categories,
where applicable.

Explainability via Gradient-Weighted Class Activation Mapping

A Gradient-Weighted Class Activated Map (Grad-CAM) was used to increase clinical
interpretability and ensure that UA-EffNet-DA targets diagnostically important regions.
It calculates the gradient of the target class scores with respect to the feature maps of the final
convolutional layer and uses these gradients to construct class-specific significance weights.

(17)

where af denotes the importance weight of the k-th feature, and A;(j is the activation at
the spatial location (i, j) of features A. The class-discriminative localization map is then
obtained by a weighted combination of feature maps followed by the ReLU(-) function to
retain only positive contributions:

LCGrad-CAM = ReLU(Z “ICcAk> (18)
k

Grad-CAM visualizations were used for qualitative analysis to confirm that the pro-
posed model emphasizes tumor-relevant regions rather than background structures or
imaging artifacts, thereby improving the transparency and interpretability of the model’s
decision-making process.

4. Experimentation and Result

This section describes the experimental setup adopted to evaluate the proposed UA-
EffNet-DA framework and presents the corresponding performance results. Specifically,
we detail the datasets used for training and evaluation, the preprocessing strategies applied
to MRI slices, and the procedures followed to ensure consistent performance assessment
across different imaging conditions.

4.1. Datasets

To evaluate the generalization capability and robustness of the proposed architec-
ture, experiments were conducted on two publicly available brain tumor MRI benchmark
datasets. These datasets include T1-weighted MRI scans covering three major tumor
categories: glioma, meningioma, and pituitary tumors.

The primary dataset used in this study was obtained from the Figshare [38] repository
and consists of 3064 axial CE-MRI slices belonging to glioma, meningioma, and pituitary
tumor classes. The images were acquired from multiple patients under varying scanning
protocols and institutional settings, thereby introducing realistic inter-patient variability
and imaging heterogeneity representative of clinical deployment scenarios.

The second dataset used in this study was obtained from the Kaggle [39] brain tumor
MRI dataset. In contrast to Figshare, the Kaggle dataset includes an additional non-tumor
category, providing a broader classification setting that requires discrimination between
tumor and no-tumor cases as well as among tumor classes. This dataset also exhibits
variations in intensity distributions, spatial resolution, and acquisition artifacts compared
to the Figshare dataset, thereby providing a more stringent evaluation of the model’s ability
to generalize beyond the training distribution. Table 1 provides the summary of both the
datasets utilized in this study.
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Table 1. Summary of datasets and preprocessing configurations used for brain tumor classification.

Parameter Figshare Dataset Kaggle Dataset
Imaging Modality T1-weighted CE-MRI T1-weighted CE-MRI
Clinical Categories Tumor-only Tumor and Healthy Controls
Number of Classes 3 4

Glioma Samples 1426 1621
Meningioma Samples 708 1645

Pituitary Samples 930 1757
No-Tumor Samples - 2000

Total MRI Slices 3064 3264

Patient Variability Multi-patient Multi-patient
Acquisition Protocols Multi-institutional Multi-institutional
Scanner Heterogeneity Present Present

Input Representation Grayscale (single-channel)  Grayscale (single-channel)
Resized Resolution 224 x 224 224 x 224
Interpolation Method Bicubic Bicubic
Normalization u=050=05 u=050=05
Slice Selection Strategy ~ All axial slices retained All axial slices retained
Annotation Level Slice-level detection Slice-level detection
Data Split (Train/Test) 80%/20% 80%/20%

4.2. Preprocessing

All MRI slices were converted to single-channel grayscale format to reduce com-
putational redundancy and eliminate potential color-space inconsistencies introduced
by scanner-specific acquisition parameters. The images were subsequently resized to
224 x 224 pixels using bicubic interpolation to match the input requirements of the
EfficientNet-B4 backbone.

Intensity normalization was applied using zero-mean unit-variance standardization:

Traw — U

" (19)

Inorm =
where I,y denotes the original pixel intensity values in the range [0,255], 1 = 0.5, and
o = 0.5. This normalization ensures a consistent input dynamic range, which facilitates
stable gradient propagation during training.

To improve robustness and reduce overfitting, online data augmentation was applied
during training using geometric and intensity-based transformations that mimic natural
variations in MRI acquisition. The augmentation pipeline included random horizontal
flipping (probability 0.5), random rotation (£15°), brightness and contrast adjustment
(£20%), and Gaussian noise injection with standard deviation o = 0.02.

All augmentation operations were applied stochastically during training and were
disabled during validation and testing to ensure consistent evaluation conditions.

4.3. Results

This section describes the training protocol used to ensure stable convergence, mitigate
overfitting, and enable reproducible comparison across baselines, ablations, and datasets.
The same optimization settings were used for all experiments unless otherwise stated, and
the corresponding learning dynamics and performance trends.

The proposed UA-EffNet-DA model was optimized using AdamW, which decouples
weight decay from the gradient-based parameter update to improve generalization. The
initial learning rate was set to 7 = 1 x 10~%, which provided stable convergence for our

https:/ /doi.org/10.3390/math14091421


https://doi.org/10.3390/math14091421

Mathematics 2026, 14, 1421

12 of 23

training regime. Training was conducted for 20 epochs with a batch size of 16, selected to
balance gradient stability and GPU memory constraints on an NVIDIA RTX 3060 (12 GB).
The default AdamW momentum parameters were used (81 = 0.9, B2 = 0.999), and the
weight decay coefficient was set to 0.01. The proposed model was trained and evaluated
separately on both datasets, rather than by merging them into a single training pool.
Across datasets, the architecture remained unchanged except for the final classifier,
whose output dimension was configured to reflect the dataset-specific number of classes. To
reduce overfitting on limited medical imaging data, multiple complementary regularization
mechanisms were employed. First, dropout with probability p = 0.4 was applied before
the final classification layer. This dropout serves as standard regularization during training
and is retained at inference time for uncertainty estimation. Figure 3 presents the confusion
matrix obtained on the Figshare dataset, illustrating the class-wise prediction performance
of the proposed UA-EffNet-DA framework across glioma, meningioma, and pituitary
tumor categories. The matrix demonstrates strong diagonal dominance, indicating high
classification consistency with minimal inter-class confusion among tumor types.

Confusion Matrix (Figshare)

glioma

150
meningioma - 8 128 5

True Label

- 100

pituitary - 0 1l F 50

2
.\“c;\ﬂco
0

-3
o
Predicted Label

Figure 3. Confusion matrix of the proposed UA-EffNet-DA model on the Figshare brain tumor
MRI dataset.

Similarly, Figure 4 depicts the confusion matrix for the Kaggle dataset, which includes
an additional no-tumor class. The results show accurate discrimination between tumor
and non-tumor samples, with limited misclassification between anatomically similar tumor
categories such as glioma and meningioma. Figure 5 presents the ROC curves for the
Figshare dataset, demonstrating the class-wise discriminative capability of the proposed
UA-EffNet-DA framework across glioma, meningioma, and pituitary tumor categories. The
curves remain close to the upper-left corner, indicating strong sensitivity—specificity trade-
offs and high separability among tumor classes over varying decision thresholds. Similarly,
Figure 6 depicts the ROC curves for the Kaggle dataset, which includes an additional
no-tumor class. The results show consistently strong discrimination across both tumor and
non-tumor categories, with high true positive rates achieved at low false positive rates,
confirming the robustness of the proposed model under multi-class classification settings.
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Figure 4. Confusion matrix of the proposed UA-EffNet-DA model on the Kaggle brain tumor

MRI dataset.
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Figure 5. ROC curves of the proposed UA-EffNet-DA model on the Figshare brain tumor MRI dataset.
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Figure 6. ROC curves of the proposed UA-EffNet-DA model on the Kaggle brain tumor MRI dataset.

Figure 7 shows representative qualitative prediction results of the proposed UA-
EffNet-DA model on the Figshare brain tumor MRI dataset. Each sample is annotated
with the predicted tumor class and the corresponding confidence score, enabling visual
assessment of model behavior. The displayed examples indicate robust discrimination
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across glioma, meningioma, and pituitary tumor categories under varying anatomical
appearances and tumor morphologies. Similarly, Figure 8 shows representative qualitative
prediction results of the proposed UA-EffNet-DA model on the Kaggle brain tumor MRI
dataset. The grid includes samples from glioma, meningioma, pituitary, and no-tumor
classes, together with the predicted labels and confidence scores. The qualitative results
demonstrate reliable tumor and non-tumor discrimination across diverse MRI appearances

and imaging conditions.

r - /
e *

—

L5

. -

@ @

Figure 8. Qualitative prediction results of UA-EffNet-DA on the Kaggle brain tumor dataset.

On the Figshare dataset, the proposed UA-EffNet-DA achieved a precision, recall,
and F1-score of 0.9647, 0.9605, and 0.9624, respectively. These results indicate strong and
balanced multi-class discrimination across the glioma, meningioma, and pituitary tumor
categories. Class-wise analysis further shows the highest recall for the pituitary class
(0.9946), indicating highly reliable identification of pituitary tumor samples.

On the Kaggle dataset, the proposed model achieved an overall classification accuracy
of 99.23% with a macro-averaged Fl-score of 0.9917. Class-wise evaluation indicates
consistently high precision and recall across all categories, with the no-tumor class achieving
perfect classification performance. To further examine the decision-making behavior of the
network, Grad-CAM visualizations are presented in Figures 9 and 10. The activation maps
highlight diagnostically relevant tumor regions, demonstrating that the model focuses on
meaningful anatomical structures rather than background artifacts.

These Grad-CAM results provide qualitative support for the proposed framework by
showing that the network generally concentrates on lesion-relevant anatomical regions
rather than irrelevant background content. This interpretability analysis complements the
quantitative performance metrics and helps clarify the model’s decision-making behavior
across different lesion categories. For glioma cases, the model consistently attends to
irregular infiltrative regions, whereas meningioma samples exhibit localized activation
around well-circumscribed extra-axial masses. Pituitary adenoma predictions show fo-
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cused responses within sellar regions, while non-tumor samples demonstrate minimal
activation outside normal anatomical boundaries. Second, transfer learning from ImageNet-
pretrained weights was used to initialize the EfficientNet-B4 backbone. Rather than freezing
early layers, the entire backbone was fine-tuned end-to-end to adapt pretrained feature
representations to the MRI domain while preserving the benefits of pretraining.

Figure 10. Grad-CAM results of UA-EffNet-DA on the Figshare brain tumor dataset.

4.4. Ablation Study

To assess the contribution of each component, ablation experiments were conducted
on both the Figshare and Kaggle brain tumor MRI datasets. Four variants were evaluated
under the same training and testing settings: (i) a baseline EfficientNet-B4 without attention
or MC dropout, (ii) EfficientNet-B4 with channel attention (CA) only, (iii) EfficientNet-
B4 with channel and spatial attention (CA + SA), and (iv) the full UA-EffNet-DA model
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with CA, SA, and MC dropout. Accuracy and mean AUC were used as the primary
comparison metrics.

Table 2 shows the results on the Figshare dataset. Adding channel attention improves
the baseline performance, indicating the benefit of channel-wise feature recalibration. The
CA + SA variant remains competitive, suggesting that spatial attention preserves strong
discriminative performance while enhancing spatial refinement. The full model achieves
the highest accuracy, indicating that the complete framework is effective in this setting.

Table 2. Ablation study of UA-EffNet-DA on the Figshare dataset.

Variant CA SA MC Dropout Accuracy Mean AUC
Baseline No No No 0.94894 0.997867
CA only Yes No No 0.95632 0.998236
CA +SA Yes Yes No 0.95632 0.998230
Full model Yes Yes Yes 0.98732 0.997769

Table 3 presents the results on the Kaggle dataset. Here, CA provides the clearest
gain over the baseline, while the additional effect of SA is not consistently reflected in
top-line accuracy. The full model remains highly competitive and, importantly, extends
the framework with uncertainty estimation. This suggests that SA contributes more to
spatial focus and interpretability than to a guaranteed accuracy increase in every setting.
Likewise, MC dropout is included primarily to support uncertainty-aware inference and
regularization rather than to consistently improve deterministic classification accuracy.

Table 3. Ablation study of UA-EffNet-DA on the Kaggle dataset.

Variant CA SA MC Dropout Accuracy Mean AUC
Baseline No No No 0.987796 0.999448
CA only Yes No No 0.993898 0.999859
CA +SA Yes Yes No 0.987796 0.999693
Full model Yes Yes Yes 0.992372 0.999511

Opverall, the ablation study supports the design rationale of UA-EffNet-DA, while also
indicating that the proposed components play different functional roles across datasets
rather than producing strictly monotonic gains in every case.

5. Comparison with State of the Art Approaches

This section presents a comparative evaluation of the proposed UA-EffNet-DA model
against existing CNN-based transfer learning approaches and transformer-based architec-
tures for brain tumor MRI classification. The comparison aims to assess the effectiveness
of the proposed dual-attention and uncertainty-aware design in relation to widely used
baseline families with different feature learning characteristics.

5.1. Comparison with Existing CNN-Based Transfer Learning Approaches

To further evaluate the proposed framework, we compared its performance with
representative CNN-based transfer learning models, including ResNet152, DenseNet121,
EfficientNetB0, and EDNet. Table 4 summarizes the class-wise and average results in terms
of accuracy, precision, recall, specificity, and F1-score for the four classes: glioma, no tumor,
meningioma, and pituitary.
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Table 4. Performance comparison of CNN-based and transfer-learning approaches for brain tumor
MRI classification. Here: G, glioma; N, no tumor; M, meningioma; P, pituitary; and A, average.

Model Class Accuracy (%) Precision (%) Recall (%) Specificity (%) F1-Score (%)
G 89.18 75.84 78.61 93.40 76.80
N 94.45 87.69 75.77 97.97 75.90
ResNet152 [9] M 83.77 84.41 76.55 86.45 74.72
P 92.22 98.20 86.23 94.26 82.16
A 89.91 86.54 79.29 93.02 77.40
G 96.45 94.77 92.80 97.80 93.57
N 98.25 93.81 95.77 98.74 94.52
DenseNet121 [10] M 96.38 94.26 93.44 97.58 93.67
P 98.74 97.32 98.05 99.00 97.65
A 97.46 95.04 95.02 98.28 94.85
G 97.24 95.63 94.60 99.19 95.86
N 98.65 96.41 95.62 98.63 96.76
EfficientNetB0 [11] M 96.35 95.90 91.51 98.41 93.57
P 97.95 93.70 99.36 97.43 96.38
A 97.55 95.41 95.27 98.42 95.64
G 98.25 98.11 95.73 99.22 96.87
N 99.57 98.80 98.38 99.78 98.58
EDNet [40] M 97.70 96.01 95.97 98.37 95.93
P 98.96 97.02 99.40 98.81 98.18
A 98.62 97.49 97.37 99.05 97.39
G 83.49 75.32 62.37 91.88 68.24
N 91.44 7347 70.59 95.29 72.00
Swin Transformer [41] M 77.98 67.65 47.92 90.48 56.10
P 84.10 63.16 96.55 79.58 76.36
A 84.25 69.90 69.36 89.31 68.18
G 86.06 78.74 70.20 92.49 73.85
N 91.44 76.93 78.14 95.68 77.33
Vision Transformer [42] M 80.97 67.75 65.50 87.29 66.35
P 93.66 83.83 95.38 93.06 89.14
A 88.42 76.81 77.31 92.13 76.67

As shown in Table 4, ResNet152 [9] yields the weakest overall performance, partic-
ularly in precision, recall, and F1-score, indicating comparatively limited discriminative
capability for complex brain tumor MRI patterns. DenseNet121 [10] improves all major
metrics, reflecting the benefit of dense feature reuse and stronger transfer learning capabil-
ity. EfficientNetB0 [11] provides a further improvement in average accuracy and F1-score,
confirming the effectiveness of efficient compound scaling for medical image classification.

5.2. Comparison with State-of-the-Art Approaches

This section compares the proposed UA-EffNet-DA model with existing state-of-
the-art approaches for brain tumor MRI detection. Table 5 presents the comparative
performance of prior methods and the proposed framework on the Figshare and Kaggle
datasets. The results show that UA-EffNet-DA achieves strong performance on both
benchmarks, indicating that the proposed combination of an EfficientNet-B4 backbone,
attention-based feature refinement, and uncertainty-aware inference is effective across
datasets with different class composition and imaging variability.

The proposed framework was designed to address several limitations observed in
earlier methods. First, EfficientNet-B4 provides a strong and computationally efficient
backbone for feature extraction. Second, channel and spatial attention refinement improves
feature selectivity by jointly modeling discriminative channel responses and anatomically
relevant spatial regions. Third, MC dropout enables uncertainty-aware inference, allowing
the framework to provide predictive confidence information in addition to class labels.

To quantitatively assess the uncertainty-aware behavior of the proposed framework,
we extended the evaluation beyond standard classification metrics. Since dropout is re-
tained during inference, predictive uncertainty was estimated using Monte Carlo dropout
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with T = 20 stochastic forward passes. For each test image, the predictive mean probability
vector was used for calibration analysis, while predictive variance was used as an uncer-
tainty measure. Expected Calibration Error (ECE), Negative Log-Likelihood (NLL), and
Brier score were computed to assess the quality of the predicted probabilities. In addition,
reliability-oriented analysis, uncertainty-versus-error comparison, and uncertainty-based
rejection analysis were performed to examine whether the model’s confidence estimates
were informative and practically useful. Beyond the detection performance reported in
Table 5, the additional analyses in Tables 6 and 7 provide further evidence regarding the
reliability of the proposed framework by reporting calibration metrics, predictive uncer-
tainty, per-class Brier scores, and uncertainty-based rejection behavior. Moreover, Table 8
summarizes the computational characteristics of the compared models and the proposed
framework, which is important for assessing deployment-oriented practicality. Taken
together, these results suggest that the proposed model is not only competitive in classifica-
tion performance but also supports confidence-aware interpretation while maintaining a
lightweight single-backbone design.

Table 5. Comparative evaluation of the proposed UA-EffNet-DA model against leading approaches.
FD = Figshare Dataset and KD = Kaggle Dataset.

Authors Method Dataset Accuracy (%) Precision (%) Recall (%) Specificity (%) F1-Score (%)
Rahman et al. [43] Parallel deep CNN FD 97.60 97.00 97.00 - 97.00
Hammad et al. [44] CNN FD 96.86 97.00 96.00 - 97.00
Chen et al. [45] ResNet101 + DenseNet121 KD 97.24 97.06 97.58 - 97.28
Demir and Akbulut[46] R-CNN KD 96.60 96.25 96.50 98.75 96.75
Saurav et al. [47] AG-CNN KD 95.71 95.77 96.33 98.52 95.98
Kumar et al. [48] RNGAP KD 97.08 95.20 95.20 - 95.50
Deepak et al. [49] CNN and SVM KD 95.82 92.00 92.00 - 90.21
Wang et al. [50] Transformer KD 95.31 95.29 95.17 95.25 94.22
Hossain et al. [51] IVX16 KD 96.94 77.75 78.75 - 75.75
Zhu et al. [52] Biformer KD 95.36 95.67 - 96.93 94.82
Zebari et al. [53] ResNet50 + VGG16 KD 88.19 87.14 87.26 88.16 87.65
Wang et al. [54] RanMerFormer FD 96.90 97.40 95.63 98.21 -
Sreedevi et al. [55] ResNet50 + Bi-GRU + dual attention KD 92.02 91.29 91.28 82.49 91.35
Chaki et al. [56] BTSCNet FD 96.60 93.00 95.03 95.50 -
Akter et al. [57] Deep CNN FD 96.70 100.00 93.60 - 96.70
Vijayalakshmi et al. [58] ~CB-CIRL Net FD 97.06 96.88 97.16 - 97.01
Kumar et al. [59] Dolphin-SCA-based deep CNN KD 95.30 - 97.70 95.30 -
Our proposed UA-EffNet-DA FD 98.73 97.21 97.89 97.55 98.01
Our proposed UA-EffNet-DA KD 99.23 99.23 99.15 99.16 97.70

Table 6. Calibration, predictive uncertainty, per-class Brier score, and uncertainty-based rejection
analysis for the Figshare dataset.

Section Maetric Value
ECE 0.019708
Calibration NLL 0.092271
Overall Brier Score 0.048438
Uncertaint Mean Uncertainty (Correct) 0.000263
y Mean Uncertainty (Incorrect) 0.007472
Glioma 0.016566
Per-class Brier Meningioma 0.023716
Pituitary 0.008328
50% retention (306 samples) 1.000000
60% retention (367 samples) 1.000000
Reiection Analvsis 70% retention (428 samples) 1.000000
) y 80% retention (489 samples) 1.000000
90% retention (550 samples) 0.992727
100% retention (612 samples) 0.967320

https:/ /doi.org/10.3390/math14091421


https://doi.org/10.3390/math14091421

Mathematics 2026, 14, 1421

19 of 23

Table 7. Calibration, predictive uncertainty, per-class Brier score, and uncertainty-based rejection
analysis for the Kaggle dataset.

Section Metric Value
ECE 0.011842
Calibration NLL 0.041386
Overall Brier Score 0.021754
Uncertaint Mean Uncertainty (Correct) 0.000148
y Mean Uncertainty (Incorrect) 0.004913
Glioma 0.024381
Per-class Brier Meningioma 0.019764
Pituitary 0.011925
No-tumor 0.013508
50% retention (197 samples) 1.000000
60% retention (236 samples) 1.000000
Reiection Analvsis 70% retention (275 samples) 0.996364
) y 80% retention (315 samples) 0.993651
90% retention (354 samples) 0.992938
100% retention (394 samples) 0.992300

Table 8. Comparison of model complexity, memory consumption, training time, inference time, and
computational cost of baseline models and the proposed UA-EffNet-DA model.

Models Total Parameters Trainable Parameters Memory Size (MB) Training Time per Fold (min) Inference Time (s) FLOPs (G)
ResNet152 [9] 84,023,044 83,879,300 321 42 13 11.51
DenseNet121 [10] 7,041,604 6,957,956 27.8 22 6 2.83
EfficientNetBO0 [11] 4,054,695 4,012,672 159 19 4 0.39
EDNet [40] 11,096,319 10,970,648 43.7 35 8 -
Vision Transformer [42] 9,392,388 9,392,388 36 9 7 17.56
Swin Transformer [41] 349,812 337,236 1.38 8 4 4.49
UA-EffNet-DA 19,747,637 19,747,637 75.33 0.5862 0.032078 1.5665

6. Conclusions

In this study, we propose UA-EffNet-DA, an uncertainty-aware EfficientNet-B4 frame-
work with dual attention refinement for brain tumor MRI classification, targeting a key
limitation of existing CNN- and transformer-based methods: insufficient feature selectivity
and spatial localization, coupled with deterministic predictions that do not convey reli-
ability for clinical decision support. Our approach adopts an efficient single-backbone
design and introduces a lightweight channel and SA to explicitly learn both what discrim-
inative features to emphasize and where to focus within MRI slices, while MC dropout
enables confidence-aware inference by estimating predictive uncertainty. This combination
constitutes the core novelty of UA-EffNet-DA, improving discriminative representation
learning without the computational burden of multi-branch or ensemble architectures
and supporting safer decision-making through uncertainty estimates. Extensive experi-
ments on Figshare and Kaggle datasets demonstrate strong performance relative to ex-
isting approaches, and ablation studies validate the complementary contribution of dual
attention and uncertainty-aware inference under controlled settings. Future work will
extend the framework to patient-level evaluation and broader multi-institutional validation,
and will investigate improved calibration and uncertainty modeling to further enhance
clinical reliability.
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Al Artificial Intelligence

AUC Area Under the Curve

AUC-ROC Area Under the Receiver Operating Characteristic Curve
CA Channel Attention

CAD Computer-Aided Diagnosis

CE-MRI Contrast-Enhanced Magnetic Resonance Imaging
CNN Convolutional Neural Network

Grad-CAM Gradient-weighted Class Activation Mapping

MC Dropout Monte Carlo Dropout

MRI Magnetic Resonance Imaging

ReLU Rectified Linear Unit

ROC Receiver Operating Characteristic

SA Spatial Attention

UA-EffNet-DA  Uncertainty-Aware EfficientNet with Dual Attention
ViT Vision Transformer
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