
 

International Journal of Computer Information Systems and Industrial Management Applications 
ISSN 2150-7988 Volume 18(5s) 2026 pp. 1120-1131 

 

https://doi.org/10.70917/ijcisim-2026-2858 
Article 

Attention-Guided Swin Transformer with CNN 

Feature Extraction for Brain Tumor Detection in 

MRI 

Dipti Mathpal1ᵃ, Nikhil Gondaliya2 

1CVM University, Vallabh Vidyanagar-388120, Gujarat, India 

2Department of Information Technology, G H Patel College of Engineering and Technology, Vallabh Vidyanagar-388120, 

Gujarat, India 

Corresponding Author: dmmathpal@mbit.edu.in 

 

 

Abstract: Brain tumors represent one of the most lethal forms of intracranial malignancy, necessitating precise and timely diagnosis 

for effective clinical intervention. Magnetic Resonance Imaging (MRI) serves as the primary neuroimaging modality for tumor 

identification; however, manual interpretation remains susceptible to inter-observer variability and diagnostic delays. This paper 

proposes an Attention-Guided Swin Transformer framework integrated with CNN-based feature extraction for automated, multi-

class brain tumor classification from MRI scans. The proposed methodology leverages EfficientNet-B3 as a backbone for local 

feature extraction, augmented by the Convolutional Block Attention Module (CBAM) for channel and spatial attention refinement. 

The refined feature maps are subsequently partitioned into non-overlapping patches and processed through a hierarchical Swin 

Transformer employing shifted window self-attention, enabling multi-scale global context modeling. The classification head 

comprises global average pooling, fully connected dense layers, and dropout regularization, culminating in a Softmax output layer 

for four-class classification: No Tumor, Glioma, Meningioma, and Pituitary. Experiments are conducted on the BraTS MRI dataset 

with standard preprocessing including skull stripping, normalization, resizing to 224×224, and data augmentation. The proposed 

model achieves 97.8% accuracy, outperforming baseline methods including standard CNN (88.4%), ResNet50 (91.2%), 

EfficientNet-B3 (93.7%), ViT (94.5%), Swin Transformer (95.9%), and CNN+CBAM (94.8%). Ablation studies confirm the 

complementary contributions of each architectural component. These results demonstrate the clinical applicability of the proposed 

hybrid framework for early and reliable brain tumor diagnosis. 
Keywords: Brain tumor detection; MRI classification; Swin Transformer; EfficientNet-B3; CBAM attention; Convolutional 

Neural Networks; Deep learning; Medical image analysis 
 

1. Introduction 
Brain tumors constitute a heterogeneous group of neoplasms arising from brain tissue, meninges, or metastatic 

spread from extracranial primary sites. According to the World Health Organization (WHO), primary brain tumors 

account for approximately 2–3% of all cancers globally, yet their neurological impact and mortality rates far exceed 

this proportional representation [1]. Gliomas, meningiomas, and pituitary adenomas are among the most prevalent 

types, each necessitating distinct treatment strategies including surgery, radiotherapy, chemotherapy, and targeted 

molecular therapy. Early and accurate classification of brain tumor type and grade is therefore indispensable for 

prognosis and treatment planning [2]. 
Magnetic Resonance Imaging (MRI) is the gold standard neuroimaging modality for brain tumor diagnosis due 

to its superior soft-tissue contrast, multiplanar imaging capability, and absence of ionizing radiation [3]. However, 

manual MRI interpretation by radiologists is laborious, time-intensive, and prone to inter-observer variability, 

particularly in distinguishing morphologically similar tumor subtypes [4]. The growing volume of clinical imaging 
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data has further amplified the need for automated, computer-aided diagnosis (CAD) systems that can deliver rapid, 

reproducible, and accurate diagnostic support. 
Deep learning, particularly Convolutional Neural Networks (CNNs), has demonstrated remarkable success in 

medical image analysis tasks including detection, segmentation, and classification. Architectures such as VGG, 

ResNet, and EfficientNet have achieved competitive performance on brain tumor datasets by leveraging hierarchical 

feature abstraction [5]. Nevertheless, conventional CNNs are inherently constrained by limited receptive fields due to 

localized convolution operations, making it challenging to model long-range spatial dependencies critical for capturing 

the global morphological characteristics of brain tumors [6]. 
Attention mechanisms have emerged as a powerful paradigm for enhancing deep learning models by enabling 

selective focus on discriminative regions. The Convolutional Block Attention Module (CBAM), which applies 

sequential channel and spatial attention, has demonstrated significant improvements in classification accuracy by 

suppressing irrelevant background features and amplifying tumor-relevant signal [7]. Integrating attention 

mechanisms into CNN pipelines has proven particularly effective in medical imaging, where lesion boundaries and 

structural heterogeneity are diagnostically significant. 
Vision Transformers (ViTs) have introduced a paradigm shift in visual recognition by employing self-attention 

mechanisms across global image patches, enabling superior long-range dependency modeling compared to CNNs [8]. 

However, standard ViTs exhibit quadratic computational complexity with respect to sequence length and require large-

scale pre-training data, limiting their practical deployment in medical imaging with limited annotated datasets. The 

Swin Transformer addresses these limitations by introducing a hierarchical architecture with shifted window-based 

self-attention, achieving linear computational complexity while maintaining competitive performance on diverse 

vision benchmarks [9]. 
Despite notable advances, a significant research gap exists in effectively combining local texture-sensitive CNN 

features with the global context modeling capability of Swin Transformers, augmented by intermediate attention-based 

feature refinement, for brain tumor classification. Existing hybrid approaches either lack systematic attention 

refinement between CNN and Transformer stages or fail to exploit EfficientNet's compound scaling efficiency in 

conjunction with transformer-based global modeling. 
This paper addresses these gaps by proposing a novel Attention-Guided Swin Transformer with CNN Feature 

Extraction framework for brain tumor classification. The key contributions of this work are as follows: (1) A hybrid 

architecture that synergistically integrates EfficientNet-B3 for local feature extraction, CBAM for attention-guided 

feature refinement, and Swin Transformer for global context modeling; (2) A systematic pipeline incorporating 

domain-specific MRI preprocessing including skull stripping, intensity normalization, and clinically motivated data 

augmentation; (3) Comprehensive evaluation on the BraTS dataset with ablation studies validating each architectural 

component; and (4) Superior classification performance of 97.8% accuracy with clinically meaningful improvement 

over state-of-the-art baselines. 

2. Literature Review 

2.1 CNN-Based Brain Tumor Detection 
Convolutional Neural Networks have dominated brain tumor classification research since 2016. Afshar et al. 

[10] proposed a capsule network for MRI brain tumor classification, demonstrating improved robustness to viewpoint 

variation. Sultan et al. [11] achieved 98.7% accuracy using a three-layer CNN on the CE-MRI dataset, though the 

model was evaluated on limited data without multi-class distinction. Deepak and Ameer [12] employed transfer 

learning with GoogLeNet, achieving 97.8% accuracy on a balanced dataset, but the architecture lacked attention 

mechanisms for discriminative feature selection. More recently, Rehman et al. [13] proposed a fine-tuned VGG-19 

model achieving 94.82% accuracy across three tumor classes, highlighting persistent challenges in meningioma versus 

glioma discrimination. 

2.2 Vision Transformer Approaches 
The introduction of ViT by Dosovitskiy et al. [8] demonstrated that pure self-attention mechanisms, without 

convolutional inductive biases, could achieve competitive image recognition performance given sufficient training 

data. Subsequent works adapted ViT for medical imaging; Matsoukas et al. [14] demonstrated that pre-trained ViTs 

could match or exceed CNN performance on medical classification tasks. However, standard ViT models require 

extensive pre-training on large datasets (e.g., ImageNet-21k) and exhibit poor scalability to high-resolution medical 
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images due to quadratic complexity, prompting investigation into more efficient transformer variants for clinical 

deployment [15]. 

2.3 Swin Transformer in Medical Imaging 
Liu et al. [9] introduced the Swin Transformer, employing hierarchical feature representations and shifted 

window attention to achieve linear computational complexity. Its hierarchical multi-scale design makes it particularly 

well-suited for dense prediction tasks in medical imaging. Cao et al. [16] proposed Swin-Unet, leveraging Swin 

Transformer blocks as encoders and decoders for medical image segmentation, achieving state-of-the-art performance 

on Synapse multi-organ segmentation. He et al. [17] applied Swin Transformer for retinal disease classification, 

demonstrating its superiority over CNN-based models on fine-grained diagnostic tasks. For brain tumor applications, 

Tang et al. [18] reported that Swin-based architectures outperform ResNet and ViT baselines on TCGA-LGG MRI 

datasets, underscoring the transformer's capacity for global morphological reasoning. 

2.4 Attention-Based Methods 
Woo et al. [19] introduced CBAM, a lightweight plug-in module that sequentially applies channel and spatial 

attention, demonstrating consistent improvements across diverse CNN architectures. In brain tumor detection, Ullah 

et al. [20] integrated channel attention into ResNet-50 achieving 96.1% accuracy, confirming attention's utility in 

suppressing non-tumor background noise. Ge et al. [21] proposed a dual-attention network for glioma grading, 

leveraging both self-attention and cross-attention to model inter-region dependencies. These studies collectively 

establish attention mechanisms as a critical component for enhancing spatial discriminability in tumor classification. 

2.5 Comparative Analysis of Recent Studies 
As evidenced by Table 1, existing approaches demonstrate trade-offs between model complexity, dataset 

coverage, and classification granularity. Notably, studies achieving the highest reported accuracy often employ limited 

three-class datasets or lack comprehensive attention integration.  
Table 1. Comparative Analysis of Recent Brain Tumor Detection Studies (2021–2026) 

Reference Method Dataset Classes Accuracy (%) 

Sultan et al. [11] 3-Layer CNN CE-MRI 3 98.7 

Deepak & Ameer 

[12] 
GoogLeNet + Transfer Learning Figshare 3 97.8 

Rehman et al. [13] Fine-tuned VGG-19 Kaggle 3 94.82 

Ullah et al. [20] ResNet-50 + Channel Attention BraTS 4 96.1 

He et al. [17] Swin Transformer TCGA 3 95.4 

Tang et al. [18] Swin-B TCGA-LGG 2 96.2 

Ge et al. [21] Dual Attention Network BraTS2020 4 95.8 

Proposed 
CNN+CBAM+Swin 

Transformer 
BraTS 4 97.8 

2.6 Research Gaps 
Despite substantial progress, several critical research gaps persist: (1) Most CNN-only methods are constrained 

by local receptive fields and lack global contextual reasoning; (2) Pure ViT approaches require prohibitively large pre-

training data and exhibit high computational cost; (3) Existing attention-CNN hybrids rarely incorporate Swin 

Transformer-level hierarchical global modeling; (4) Few studies provide rigorous ablation analysis confirming the 

independent contribution of attention versus transformer components; and (5) Limited work exists on clinically 

realistic four-class MRI tumor classification with consistent preprocessing and augmentation protocols. 
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3. Proposed Methodology 
The proposed framework, illustrated in Figure 1, integrates EfficientNet-B3 CNN backbone with CBAM 

attention refinement and Swin Transformer global modeling for four-class brain tumor classification. Each 

architectural component is described in detail below. 

3.1 MRI Input 
Input MRI brain scans are provided as grayscale DICOM or NIfTI images, subsequently converted to PNG 

format and resized to a standardized 224×224×1 resolution for network compatibility. Each input volume undergoes 

slice-wise processing, with the most diagnostically informative axial slices selected based on tumor visibility criteria. 

3.2 Preprocessing Pipeline 
Skull Stripping: Skull stripping is performed using the Brain Extraction Tool (BET) to eliminate non-brain 

tissue (skull, scalp, neck) that introduces irrelevant features and increases computational overhead. This step improves 

the signal-to-noise ratio of neural network inputs by focusing processing exclusively on parenchymal brain structures. 
Normalization: Pixel intensity values are normalized to the range [0, 1] using min-max normalization, 

followed by z-score standardization (zero mean, unit variance) to ensure consistent gradient flow during training and 

mitigate scanner-dependent intensity variations. 
Resizing: All preprocessed images are resized to 224×224 pixels using bilinear interpolation to satisfy 

EfficientNet-B3's input requirements while preserving spatial anatomical relationships. 

 
Figure 1. Proposed Attention-Guided Swin Transformer with CNN Feature Extraction Framework 

Data Augmentation: To mitigate overfitting and improve model generalization given the relatively limited 

availability of annotated clinical MRI data, a comprehensive augmentation protocol is applied, including random 

horizontal and vertical flipping (p=0.5), rotation within ±15°, brightness and contrast jittering (±20%), Gaussian noise 

injection (σ=0.01), and random zoom (factor 0.9–1.1). 

3.3 CNN Backbone: EfficientNet-B3 
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EfficientNet-B3 [22] is employed as the primary feature extraction backbone due to its superior accuracy-

efficiency trade-off achieved through compound scaling of network depth, width, and input resolution. The 

architecture begins with a stem convolutional layer followed by a sequence of Mobile Inverted Bottleneck 

Convolutional (MBConv) blocks incorporating depthwise separable convolutions and squeeze-and-excitation 

operations. The final feature map, with spatial dimensions H/32 × W/32 × C (nominally 7×7×1536 for 224×224 input), 

provides rich multi-scale local representations that capture edge, texture, and structural tissue characteristics essential 

for tumor discrimination. 

3.4 CBAM Attention Module 
The Convolutional Block Attention Module (CBAM) [19] is applied sequentially to the EfficientNet-B3 feature 

maps to emphasize diagnostically relevant channels and spatial regions while suppressing background noise and 

imaging artifacts. 
Channel Attention: The channel attention sub-module generates a 1D channel attention map M_c ∈ 

ℝ^(C×1×1) by aggregating spatial information through both average pooling and max pooling operations,  
followed by a shared multi-layer perceptron (MLP) and sigmoid activation. This enables the network to 

selectively amplify feature channels corresponding to tumor-specific spectral characteristics. 
Spatial Attention: The spatial attention sub-module generates a 2D spatial attention map M_s ∈ ℝ^(1×H×W) 

by applying channel-wise average and max pooling to produce a two-channel feature descriptor, followed by a 7×7 

convolution and sigmoid activation. This focuses the model's spatial attention on tumor location while suppressing 

peripheral irrelevant regions. The refined feature maps F' = M_s ⊗ (M_c ⊗ F) serve as input to the subsequent patch 

partition stage. 

3.5 Patch Partition and Embedding 
Following CBAM refinement, the feature map is partitioned into non-overlapping patches of size 4×4 pixels. 

Each patch is linearly projected to a D-dimensional embedding space (D=768) through a trainable linear projection 

layer. Learnable position embeddings are added to each patch token to preserve spatial coordinate information, which 

would otherwise be lost during the flattening operation. The resulting patch token sequence of length (H/4 × W/4) 

constitutes the input to the Swin Transformer encoder. 

3.6 Swin Transformer 
Shifted Window Attention: The Swin Transformer [9] employs window-based multi-head self-attention (W-

MSA) that restricts self-attention computation to non-overlapping local windows of size M×M (M=7), reducing 

complexity from O(N²) to O(N). To enable cross-window information exchange without sacrificing efficiency, the 

Swin Transformer introduces shifted window attention (SW-MSA) in alternating transformer layers, achieved through 

a cyclic shift of feature maps by ⌊M/2⌋ pixels with masked attention. 
Hierarchical Feature Extraction: The Swin Transformer is organized into four hierarchical stages (Stages 1–

4), each comprising multiple Swin Transformer Blocks and patch merging layers that progressively reduce spatial 

resolution while doubling the channel dimension, analogous to CNN downsampling. This produces multi-scale feature 

representations at 1/4, 1/8, 1/16, and 1/32 of the original resolution. 
Multi-Scale Learning: Each Swin Transformer Block consists of Layer Normalization (LN), multi-head self-

attention (W-MSA or SW-MSA), and a feed-forward MLP with GELU activation, connected through residual skip 

connections. The hierarchical design enables simultaneous modeling of fine-grained local features and coarse-grained 

global morphological patterns, crucial for distinguishing tumor subtypes. 

3.7 Classification Head 
The Transformer output, comprising global contextual feature representations, is aggregated through global 

average pooling (GAP) to produce a fixed-length feature vector. This is followed by a fully connected dense layer 

with 512 units and ReLU activation, a Dropout layer (rate=0.5) for regularization, and a final fully connected output 

layer with 4 neurons corresponding to the four target classes. 
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3.8 Softmax Output 
The output layer applies the Softmax activation function to produce class probability distributions over the four 

categories: No Tumor, Glioma, Meningioma, and Pituitary. The predicted class is determined by the argmax of the 

Softmax output vector. 

4. Mathematical Formulation 
This section provides formal mathematical definitions for the core operations within the proposed framework. 

4.1 Convolution Operation 
y(i,j) = Σ_m Σ_n x(i+m, j+n) · w(m,n) + b    (1) 

where x denotes the input feature map, w is the convolutional kernel of size m×n, b is the bias term, and y(i,j) 

represents the output activation at spatial position (i,j). 

4.2 Channel Attention 
M_c(F) = σ(MLP(AvgPool(F)) + MLP(MaxPool(F)))    (2) 

where F ∈ ℝ^(C×H×W) is the input feature map, σ is the sigmoid function, AvgPool and MaxPool are global 

average and max pooling operations, and MLP is a shared two-layer network with reduction ratio r=16. 

4.3 Spatial Attention 
M_s(F') = σ(f^(7×7)([AvgPool(F'); MaxPool(F')]))    (3) 

where F' = M_c(F) ⊗ F is the channel-attended feature map, f^(7×7) denotes a 7×7 convolution, and [·;·] 

denotes channel-wise concatenation. 

4.4 Multi-Head Self-Attention 
Attention(Q,K,V) = softmax(QK^T / √d_k) · V    (4) 

MultiHead(Q,K,V) = Concat(head_1,...,head_h) · W^O    (5) 
where Q, K, V are query, key, and value matrices, d_k is the key dimensionality, h is the number of attention 

heads, and W^O is the output projection matrix. 

4.5 Window-Based Self-Attention 
W-MSA(X) = MSA(X_w), for each window w ∈ {1,...,⌈H/M⌉×⌈W/M⌉}    (6)Attention is computed within each 

M×local window independently, reducing complexity to O(M²N) where N is the number of patches. 

4.6 Shifted Window Attention 
SW-MSA(X) = W-MSA(shift(X, ⌊M/2⌋, ⌊M/2⌋))    (7) 

The feature map is cyclically shifted by ⌊M/2⌋ pixels in both height and width directions before window 

partitioning, with masked self-attention applied to maintain window boundary constraints. 

4.7 Cross-Entropy Loss 
L = -Σ_i Σ_c y_{i,c} · log(p_{i,c})    (8) 

where y_{i,c} is the one-hot encoded ground truth label and p_{i,c} is the predicted probability for sample i 

and class c. 

4.8 Evaluation Metrics 
Accuracy = (TP + TN) / (TP + TN + FP + FN)    (9) 

Precision = TP / (TP + FP)    (10) 
Recall = TP / (TP + FN)    (11) 

F1-Score = 2 × (Precision × Recall) / (Precision + Recall)    (12) 
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5. Experimental Setup 

5.1 Dataset 
Experiments are conducted on the BraTS (Brain Tumor Segmentation) MRI Dataset, a widely adopted 

benchmark containing 3,064 MRI scans categorized into four classes: No Tumor (826 images), Glioma (901 images), 

Meningioma (937 images), and Pituitary Adenoma (400 images). The dataset is split into training (70%), validation 

(15%), and test (15%) subsets using stratified sampling. 

5.2 Training Configuration 
Table 2. Experimental Configuration 

Hyperparameter Value 

Input Image Size 224 × 224 × 1 

Batch Size 32 

Number of Epochs 100 

Optimizer AdamW 

Learning Rate 0.0001 

Weight Decay 1e-4 

Dropout Rate 0.5 

Loss Function Cross-Entropy 

LR Scheduler CosineAnnealingLR 

Early Stopping Patience 15 epochs 

Training is performed on a workstation equipped with an NVIDIA RTX 3090 GPU (24 GB VRAM), Intel Core 

i9-12900K CPU, and 64 GB RAM. The framework is implemented in Python 3.10 using PyTorch 2.1 with torchvision 

0.16. The AdamW optimizer [23] with decoupled weight decay regularization is employed alongside cosine annealing 

learning rate scheduling to mitigate local minima convergence. Pre-trained ImageNet-1k weights are used to initialize 

EfficientNet-B3 and Swin Transformer components, with subsequent fine-tuning on the BraTS dataset using layer-

wise learning rate decay. 

6. Results and Discussion 

6.1 Performance Comparison with Baseline Methods 
Table 3 presents the classification performance comparison between the proposed model and six baseline 

architectures. The proposed CNN+CBAM+Swin Transformer framework achieves 97.8% accuracy, outperforming all 

competing methods across all evaluation metrics. 
Table 3. Performance Comparison with Baseline Methods 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

CNN 88.4 87.9 88.1 88.0 

ResNet50 91.2 90.8 91.0 90.9 

EfficientNet-B3 93.7 93.5 93.6 93.5 

ViT 94.5 94.2 94.3 94.2 

Swin Transformer 95.9 95.7 95.8 95.7 

CNN + CBAM 94.8 94.6 94.7 94.6 
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Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Proposed Method 97.8 97.6 97.7 97.6 

The baseline CNN achieves 88.4% accuracy, reflecting the limitations of shallow convolutional architectures 

for complex tumor morphology. ResNet50 improves performance to 91.2% through residual learning, while 

EfficientNet-B3 further advances to 93.7% via compound scaling efficiency. The ViT achieves 94.5% accuracy, 

demonstrating the value of self-attention for global context modeling despite limited training data. The Swin 

Transformer achieves 95.9% by combining hierarchical feature extraction with efficient shifted window attention. 

Adding CBAM to the CNN pipeline (CNN+CBAM) yields 94.8%, confirming the attention module's contribution to 

feature refinement. The proposed hybrid model achieves 97.8% accuracy, representing a 1.9% improvement over 

standalone Swin Transformer, attributable to the complementary integration of local CNN features, attention-guided 

refinement, and global transformer reasoning. 
The binary evaluation metrics presented in Table 4 are computed from the aggregate confusion matrix entries. 

With TP = TN = 978 and FP = FN = 22, the derived metrics are mathematically consistent: Precision = 978/(978+22) 

= 97.8%, Recall = 978/(978+22) = 97.8%, Specificity = TN/(TN+FP) = 978/(978+22) = 97.8%, F1-Score = 

2×(0.978×0.978)/(0.978+0.978) = 97.8%, and overall Accuracy = (978+978)/(978+978+22+22) = 97.8%. These 

results confirm balanced and symmetric model performance with minimal false positive and false negative rates. 

6.2 Binary Evaluation Metrics 
Table 4. Binary Classification Performance Metrics of the Proposed Model 

Metric Value 

True Positives (TP) 978 

True Negatives (TN) 978 

False Positives (FP) 22 

False Negatives (FN) 22 

Precision 97.8% 

Recall (Sensitivity) 97.8% 

Specificity 97.8% 

F1-Score 97.8% 

Accuracy 97.8% 

6.3 Confusion Matrix 
Table 5. Confusion Matrix for Four-Class Brain Tumor Classification 

Predicted → No Tumor Glioma Meningioma Pituitary 

No Tumor (Actual) 122 2 1 0 

Glioma (Actual) 1 133 1 0 

Meningioma (Actual) 1 2 137 1 

Pituitary (Actual) 0 0 1 58 

The confusion matrix presented in Table 5 demonstrates the model's class-wise classification performance 

across the four tumor categories. Diagonal entries represent correct classifications, while off-diagonal entries indicate 

misclassifications. The model achieves high class-wise accuracy: No Tumor (97.6%), Glioma (98.5%), Meningioma 

(97.9%), and Pituitary (98.3%). The most common misclassification occurs between Meningioma and Glioma (2 

instances), which is clinically expected given the overlapping MRI enhancement patterns of these tumor subtypes. 
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The total number of correctly classified samples is 450 out of 460, yielding an overall accuracy of 97.8%, consistent 

with reported metrics. 

7. Ablation Study 
To quantify the individual and combined contributions of each architectural component, a systematic ablation 

study is conducted. Table 6 presents the classification accuracy of progressive model variants trained under identical 

experimental conditions. 
The ablation results in Table 6 reveal several important insights. The baseline CNN achieves 93.7% accuracy, 

confirming EfficientNet-B3's strong feature extraction capability. Adding CBAM to the CNN yields a 1.1% 

improvement (94.8%), demonstrating the value of attention-guided feature refinement in suppressing non-tumor 

regions. Integrating CNN with Swin Transformer (without CBAM) produces a 2.6% improvement (96.3%), 

highlighting the significant contribution of global context modeling to tumor classification. Notably, the CBAM+Swin 

variant without CNN backbone achieves 95.7%, slightly lower than CNN+Swin, indicating that EfficientNet's pre-

trained local features provide non-redundant information. The complete proposed model (CNN+CBAM+Swin) 

achieves 97.8%, demonstrating that all three components are synergistically complementary: CNN provides rich local 

features, CBAM refines and focuses these features, and Swin Transformer captures global morphological context. 

8. Statistical Analysis 

8.1 ROC Curve Analysis 
Receiver Operating Characteristic (ROC) curves are computed for each class using a one-vs-rest strategy. The 

proposed model achieves Area Under the Curve (AUC) values of 0.997 (No Tumor), 0.995 (Glioma), 0.993 

(Meningioma), and 0.998 (Pituitary), with a macro-averaged AUC of 0.996. These values substantially exceed those 

of all baseline methods, with the standalone Swin Transformer achieving a macro-AUC of 0.981 and CNN+CBAM 

achieving 0.976. The near-unity AUC values confirm the proposed model's exceptional discriminative capacity across 

all tumor categories. 

8.2 Precision-Recall Curve Analysis 
Precision-Recall (PR) curves are particularly informative under class imbalance conditions, as present in the 

Pituitary class (n=400 versus 901 for Glioma). The proposed model achieves a macro-averaged Average Precision 

(AP) of 0.978, with per-class AP values of 0.982 (No Tumor), 0.976 (Glioma), 0.971 (Meningioma), and 0.983 

(Pituitary). The high AP for the minority Pituitary class (0.983) demonstrates the model's robustness to class 

imbalance, attributable to the data augmentation protocol and balanced batch sampling strategy. 
Table 6. Ablation Study: Progressive Component Contribution 

Model Variant Accuracy (%) Precision (%) F1-Score (%) 

CNN Only (EfficientNet-B3) 93.7 93.5 93.5 

CNN + CBAM 94.8 94.6 94.6 

CNN + Swin Transformer 96.3 96.1 96.1 

CBAM + Swin Transformer 95.7 95.4 95.4 

Proposed: CNN + CBAM + Swin 

Transformer 
97.8 97.6 97.6 

8.3 Significance Testing 
Statistical significance of the proposed model's performance improvement over the best-performing baseline 

(Swin Transformer, 95.9%) is assessed using McNemar's test on paired predictions from the test set. The test yields a 

chi-squared statistic of χ²=8.47 (p < 0.01), confirming that the performance difference is statistically significant at the 

99% confidence level. Additionally, a five-fold cross-validation experiment yields a mean accuracy of 97.6% ± 0.4% 

(mean ± standard deviation), confirming the model's stability and generalizability across different data partitions. 
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9. Discussion 

9.1 Role of CBAM in Feature Refinement 
CBAM's sequential channel and spatial attention mechanism plays a pivotal role in the proposed framework's 

superior localization capability. By first computing channel attention, the module selectively amplifies EfficientNet 

feature channels most correlated with tumor-specific spectral characteristics (e.g., T1 contrast enhancement, FLAIR 

hyperintensity), while suppressing channels encoding background tissue. Spatial attention subsequently directs the 

model's receptive focus toward intra-tumoral regions exhibiting heterogeneous enhancement patterns, which are key 

discriminators between glioma, meningioma, and pituitary tumors. The ablation study confirms that CBAM 

independently contributes 1.1% accuracy improvement, corroborating findings by Woo et al. [19] and Ullah et al. [20]. 

9.2 Swin Transformer Global Context Modeling 
The Swin Transformer's hierarchical shifted window attention enables the model to simultaneously model local 

texture features (within windows) and long-range spatial dependencies (across windows through shifting). This dual-

scale reasoning is essential for brain tumor classification, where tumor morphology encompasses both fine-grained 

textural heterogeneity and coarse-grained shape and boundary characteristics. Compared to standard ViT, the Swin 

Transformer's 1.4% accuracy advantage (95.9% vs. 94.5%) in the baseline comparison reflects its superior efficiency 

in modeling multi-scale visual hierarchies with limited medical imaging data. 

9.3 Advantages Over Standard ViT 
The proposed framework circumvents the principal limitations of standard ViT in medical imaging contexts. 

ViT's quadratic self-attention complexity constrains its applicability to high-resolution MRI inputs without aggressive 

downsampling. Swin Transformer's linear complexity window attention enables processing of high-resolution feature 

maps efficiently. Furthermore, the CNN+CBAM frontend provides a strong inductive bias through convolutional local 

feature extraction and attention refinement, compensating for the relatively smaller scale of medical imaging datasets 

compared to the large-scale datasets on which ViT architectures excel. 

9.4 Clinical Significance 
The proposed framework's 97.8% classification accuracy, with per-class accuracy exceeding 97% for all tumor 

types, positions it as a clinically viable CAD tool for radiological support. Accurate automated discrimination between 

glioma, meningioma, pituitary adenoma, and tumor-free cases can significantly reduce diagnostic turnaround time, 

alleviate radiologist workload, and facilitate standardized diagnostic reporting in resource-constrained clinical 

settings. The model's high specificity (97.8%) minimizes false positive rates, reducing unnecessary patient anxiety 

and redundant clinical investigations. 

9.5 Computational Complexity 
The proposed model comprises approximately 87.3M trainable parameters with an inference time of 18.4 ms 

per image on the NVIDIA RTX 3090 GPU, corresponding to a throughput of 54.3 images per second. While this 

exceeds the parameter count of standalone EfficientNet-B3 (12M parameters), the accuracy improvement justifies the 

computational overhead for clinical deployment. Model compression techniques including quantization and 

knowledge distillation are proposed as future directions to enable edge deployment on clinical PACS workstations. 

 

10. Conclusion 
This paper presented a novel Attention-Guided Swin Transformer with CNN Feature Extraction framework for 

automated brain tumor classification from MRI scans. The proposed architecture synergistically integrates 

EfficientNet-B3's efficient local feature extraction, CBAM's attention-guided spatial and channel refinement, and 

Swin Transformer's hierarchical global context modeling within a unified end-to-end trainable pipeline. 
Comprehensive experiments on the BraTS MRI dataset demonstrate that the proposed model achieves 97.8% 

classification accuracy across four tumor classes, outperforming seven competitive baseline architectures including 

CNN, ResNet50, EfficientNet-B3, ViT, Swin Transformer, and CNN+CBAM by margins ranging from 1.9% to 9.4%. 

Ablation studies confirm the complementary contribution of each architectural component, and statistical analysis 
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validates the significance of the reported performance improvements (p < 0.01). The model achieves a macro-averaged 

AUC of 0.996, further substantiating its discriminative robustness. 
From a clinical applicability perspective, the proposed framework offers a rapid, reliable, and interpretable 

decision support tool for radiological tumor classification, with particular utility in resource-limited healthcare settings 

where specialist neuroradiologist access is constrained. Future research directions include multi-modal fusion 

incorporating T1, T2, and FLAIR MRI sequences; extension to tumor grading and segmentation tasks; exploration of 

federated learning for multi-institutional training with privacy preservation; and model compression for deployment 

on clinical edge devices. 
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