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1. INTRODUCTION 

Brain tumors represent one of the most challenging 

medical conditions, with significant implications 

for patient survival and quality of life. According 

to the World Health Organization (WHO), primary 

brain tumors account for approximately 2% of all 

cancers, with an estimated 308,000 new cases 

diagnosed globally each year [2]. Among these, 

gliomas, meningiomas, and pituitary tumors are the 

most prevalent types, each requiring distinct 

therapeutic approaches [3]. Early and accurate 

diagnosis is critical for treatment planning and 

patient prognosis [5]. 

Magnetic Resonance Imaging (MRI) has emerged 

as the gold standard for brain tumor detection due 

to its superior soft tissue contrast [6]. However, 

manual interpretation is time-consuming and 

subject to inter-observer variability, with 

diagnostic accuracy varying between 85-95% 

depending on radiologist experience [8]. The 

increasing volume of medical imaging data has 

created an urgent need for automated diagnostic 

tools [9]. 

Deep learning, particularly Convolutional Neural 

Networks (CNNs), has revolutionized medical 

image analysis [10]. However, standard CNN 

architectures often treat all features equally, 

potentially overlooking diagnostically critical 

patterns [17]. Attention mechanisms address this 

limitation by enabling networks to selectively 

focus on informative regions and features [18].  

Various attention modules have been proposed, 

including Squeeze-and-Excitation (SE) blocks 

[14], Convolutional Block Attention Module 
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Abstract 

Accurate brain tumor classification from MRI scans is essential for treatment planning and patient outcomes. This study 

proposes BAM-CNN, a custom convolutional neural network enhanced with Bottleneck Attention Module for automated 

multi-class brain tumor classification. The architecture integrates spatial and channel attention mechanisms to selectively 

emphasize diagnostically relevant features while suppressing irrelevant information. The model comprises four 

convolutional blocks with BAM modules providing dual-pathway attention refinement. We evaluated the model on a publicly 

available MRI dataset containing glioma, meningioma, and pituitary tumors. Comprehensive ablation studies compared 

BAM against five alternative attention mechanisms (PSA, GCT, and ECA), while benchmark performance was evaluated 

against eight established architectures: ResNet-18, ResNet-32, ResNet-50, DenseNet121, MobileNet, EfficientNet-B0, VGG-

16, and VGG-19. The proposed BAM-CNN achieved 99.56% classification accuracy, significantly outperforming all 

benchmark models and alternative attention mechanisms. The ablation study confirmed BAM’s optimal balance between 

accuracy and computational efficiency, with robust performance across all tumor categories. These results establish BAM-

CNN as an effective solution for automated brain tumor diagnosis, suitable for clinical decision support systems. 
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(CBAM) [16], and Bottleneck Attention Module 

(BAM), which provides efficient dual-pathway 

attention through parallel processing.  

Despite promising results, systematic comparisons 

of attention mechanisms for brain tumor 

classification remain limited. Most studies either 

fine-tune pre-trained models or focus on binary 

classification [17, 19], leaving gaps in 

understanding optimal attention design for multi-

class medical image classification. Recent 

approaches have achieved 90-98% accuracy [22, 

23, 24], but there remains room for improvement in 

developing efficient architectures suitable for 

clinical deployment. 

1.1. Contributions 

This paper presents BAM-CNN, a custom 

convolutional neural network enhanced with 

Bottleneck Attention Module for automated brain 

tumor classification. Our main contributions are: 

 Custom Architecture: A CNN specifically 

designed for brain tumor classification, 

incorporating BAM modules for dual-pathway 

spatial and channel attention. 

 Comprehensive Ablation Study: Systematic 

comparison of BAM with five attention 

mechanisms to evaluate their impact on 

classification performance. 

 Rigorous Benchmarking: Fair comparison 

against six architectures (ResNet-18, ResNet-

32, ResNet-50, DenseNet121, MobileNet, 

EfficientNet-B0, VGG-16, and VGG-19) 

trained from scratch under identical conditions. 

The remainder of this paper is organized as 

follows: Section 2 reviews related work. Section 3 

describes the proposed methodology. Section 4 

presents experimental results and Discussion. 

Section 5 concludes the paper. 

2. RELATED WORK 

This section reviews relevant literature on brain 

tumor classification using deep learning and 

attention mechanisms, organized into three 

categories: traditional approaches, deep learning 

methods, and attention mechanisms. 

2.1. Traditional Machine Learning for Brain 

Tumor Classification 

Early approaches to automated brain tumor 

classification relied on hand-crafted features 

combined with traditional machine learning 

classifiers. Cheng et al. [19] proposed tumor region 

augmentation with support vector machines 

(SVM), while Ismael and Abdel-Qader [26] 

employed discrete wavelet transform (DWT) 

features with k-nearest neighbors (k-NN) 

classification. Statistical texture features such as 

gray-level co-occurrence matrices (GLCM) and 

local binary patterns (LBP) were widely used [27]. 

However, these approaches were limited by the 

quality of hand-engineered features and inability to 

capture complex hierarchical patterns. The labor-

intensive nature of feature extraction and limited 

representational capacity of shallow classifiers 

motivated the shift toward deep learning 

approaches [25]. 

2.2. Deep Learning Approaches for Brain 

Tumor Classification 

Deep learning has revolutionized brain tumor 

classification, with CNNs demonstrating superior 

performance over traditional methods [10, 11]. 

Transfer learning, where models pre-trained on 

ImageNet are fine-tuned for medical imaging, has 

been widely adopted. Deepak and Ameer [23]  

utilized GoogleNet achieving 97.1% accuracy, 

while Swati et al. [17]  employed VGG-19 

reporting 94.82% accuracy. Rehman et al. [24]  

modified VGG-19 achieving 98.7% accuracy 

through data augmentation. Badža and 

Barjaktarović [18] compared multiple architectures 

finding ResNet-50 performed best with 96.56% 

accuracy. However, recent studies question 

whether features from natural images optimally 

transfer to medical domains [28]. 

Custom architectures designed specifically for 

brain tumors have also emerged. Afshar et al. [22] 

proposed capsule networks achieving 90.89% 

accuracy by modeling spatial relationships. Sajjad 

et al. [20] developed multi-grade CNNs with 

extensive augmentation reporting 87.38% 

accuracy. Sultan et al. [32] introduced multi-

channel CNNs processing different MRI 

modalities simultaneously, achieving 96.13% 

accuracy. Despite these advances, most 

architectures lack explicit attention mechanisms to 

focus on diagnostically relevant features. 

2.3. Attention Mechanisms in Medical Imaging 

Attention mechanisms enable networks to 

selectively focus on informative features while 
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suppressing irrelevant information [21]. Initially 

popularized by Vaswani et al. [13] for natural 

language processing, attention has been 

successfully adapted for computer vision tasks. 

Squeeze-and-Excitation (SE) blocks [14] 

introduced channel-wise attention by modeling 

interdependencies between feature channels 

through global average pooling and bottleneck 

layers, demonstrating consistent improvements 

with minimal computational overhead. Spatial 

attention mechanisms have been developed to identify 

important spatial locations, complementing channel- 

wise approaches. 

Recognizing that channel and spatial attention 

provide complementary information, combined 

mechanisms have emerged. Convolutional Block 

Attention Module (CBAM) [15] sequentially 

applies channel and spatial attention, achieving 

strong results on ImageNet and object detection. In 

contrast, the Bottleneck Attention Module (BAM) 

[16] processes both in parallel rather than 

sequentially, reducing computational overhead 

while maintaining effectiveness. This module is 

particularly suitable for medical imaging where 

efficiency is crucial. 

BAM has shown promising results in natural image 

classification but has not been extensively 

evaluated for medical imaging. Its parallel 

attention processing makes it well-suited for 

capturing complex, multi-scale features in brain 

tumor MRI. However, systematic comparisons of 

BAM against other attention mechanisms 

specifically for brain tumor classification remain 

lacking, motivating our rigorous evaluation under 

identical experimental conditions. 

3. METHODOLOGY 

This section describes the proposed BAM-CNN 

architecture, the characteristics of the dataset used 

in this study, and the preprocessing techniques 

employed. 

3.1. Dataset Description and Preprocessing 

We evaluated our approach on a publicly available 

brain tumor MRI dataset comprising T1-weighted 

contrast-enhanced images with 5,023 images 

across three tumor categories: 4,117 training 

images (82%) and 906 testing images (18%). The 

training set includes Glioma (1,321 images, 

32.1%), Meningioma (1,339 images, 32.5%), and 

Pituitary tumors (1,457 images, 35.4%). The 

testing set maintains similar distribution with 

Glioma (300 images), Meningioma (306 images), 

and Pituitary (300 images). This naturally balanced 

distribution eliminates the need for class balancing 

techniques. 

Figure 1 illustrates representative samples from 

each category. Gliomas exhibit irregular 

boundaries and heterogeneous enhancement. 

Meningiomas display well-defined masses with 

homogeneous enhancement and sharp boundaries. 

Pituitary tumors present as well-circumscribed 

masses in the sella turcica with suprasellar 

extension. Images were acquired using standard 

clinical protocols across multiple centers, 

introducing natural variability. All images were 

verified by experienced radiologists for diagnostic 

quality and label accuracy. 

3.2. Data Augmentation 

To prevent overfitting, we applied data 

augmentation exclusively during training: random 

horizontal flipping (p=0.5), random rotation ( ± 15), 

color jittering (brightness=0.2, contrast=0.2, 

saturation =0.2), and random affine transformations 

(translation=± 10%). These augmentations simulate 

variations in patient positioning and scanner 

characteristics. No augmentation was applied to the 

test set. 

3.3. Proposed BAM-CNN Architecture 

The proposed BAM-CNN architecture integrates 

Bottleneck Attention Modules within a custom 

CNN designed for brain tumor classification. As 

illustrated in Figure 2, the architecture consists of 

four sequential convolutional blocks with 

progressively increasing channels (64, 128, 256, 

512), each followed by a BAM module for feature 

refinement. 

Representative MRI samples from each tumor 

category showing characteristic imaging features: 

Glioma (irregular boundaries), Meningioma (well-

defined masses), and Pituitary (sellar location). 

The input image (224× 224× 3) passes through 

four convolutional blocks with systematic channel 

expansion. Each block comprises 3× 3 

convolutional layers with batch normalization and 

ReLU activation, followed by 2× 2 max pooling. 

Blocks 1 and 2 contain two convolutional layers (

× 2), while Blocks 3 and 4 contain three layers (×

3), enabling progressively deeper feature 
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abstraction from low-level textures to high-level 

semantic features. 

Following each convolutional block, a BAM 

module refines features through parallel channel 

and spatial attention. The channel attention branch 

applies global average pooling followed by a two-

layer MLP with reduction ratio 16=r .  

The spatial attention branch uses dilated 

convolutions with dilation rate 4 for larger 

receptive fields. These components are fused 

through element-wise addition and sigmoid 

activation. 

The residual connection MF+F=F′  ensures 

stable gradient flow, where F  represents input 

features, M  is the attention map, and ′F  is the refined 

output.

 

Figure 1. Representative MRI samples from each tumor category showing characteristic imaging features: Glioma 

(irregular boundaries), Meningioma (well-defined masses), and Pituitary (sellar location). 

The input image (224× 224× 3) passes through 

four convolutional blocks with systematic 

channel expansion.  

Each block comprises 3× 3 convolutional layers 

with batch normalization and ReLU activation, 

followed by 2× 2 max pooling. Blocks 1 and 2 

contain two convolutional layers (× 2), while 

Blocks 3 and 4 contain three layers (× 3), 

enabling progressively deeper feature abstraction 

from low-level textures to high-level semantic 

features. 

Following each convolutional block, a BAM 

module refines features through parallel channel 

and spatial attention. The channel attention branch 

applies global average pooling followed by a two-

layer MLP with reduction ratio 16=r . The spatial 

attention branch uses dilated convolutions with 

dilation rate 4 for larger receptive fields. These 

components are fused through element-wise addition 

and sigmoid activation. The residual connection 

MF+F=F′  ensures stable gradient flow, where 

F  represents input features, M  is the attention map, 

and ′F  is the refined output. 

3.1.1. Bottleneck Attention Module (BAM) 

The BAM module [16] processes attention through 

two parallel branches. Given feature map 
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W×H×CRF∈ , BAM generates a 3D attention 

map   W×H×CRFM ∈ . 

The channel attention branch is computed as: 

       FGAPWδWσ=FMc 01    (1) 

Where G AP denotes global average pooling, 
C×rCRW /

0 ∈  and 
rC×CRW /

1∈  are MLP weights 

with reduction ratior = 16 , δ  is ReLU, and σ  is 

sigmoid. 

The spatial attention branch employs dilated 

convolutions: 

        Ffδfδfσ=FM ×

d

×

d

×

s

333311    (2) 

Where 
33×

df  represents dilated convolution with 

dilation rate 4=d . 

The final attention map combines both branches: 

      FM+FMσ=FM sc     (3) 

The refined feature map is computed with residual 

connection: 

 FMF+F=F  ′           (4) 

Where   denotes element-wise multiplication. 

 

Figure 2. Architecture of the Proposed BAM-CNN Model with Bottleneck Attention Modules. 

3.4.  Classification Head 

After the fourth BAM module, feature maps (14

× 14× 512) undergo adaptive average pooling to 

7× 7, then flatten to a 25,088-dimensional vector.  

The classifier consists of three fully connected 

layers with progressive reduction: 25,088→2,048 

(dropout=0.5), 2,048→1,024 (dropout=0.25), and 

1,024→3 output classes. ReLU activations follow 

the first two layers, while the final layer outputs logits 

converted to probabilities via softmax: 


3

1=j

jz

iz

i

e

e
=p                       (5) 

Where iz  is the logit for classi . The complete 

architecture contains approximately 26.8 million 

trainable parameters. 
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4. EXPERIMENTAL SETUP AND RESULTS 

4.1. Experimental Setup 

4.1.1 Training Configuration 

All models were implemented using PyTorch 2.0 

and trained on NVIDIA GPU with CUDA 11.8. 

Training configuration was consistent across 

experiments for fair comparison.  

We employed cross-entropy loss with Adam 

optimizer (η= 0.001,β1= 0.9 ,β2= 0.999, 

weight decayλ= 1× 10
− 4

). A Reduce LR On 

Plateau scheduler monitored validation accuracy 

(patience=7, reduction factor=0.5, minimum lr=
6101× ). Training ran for maximum 100 epochs 

with batch size 32. Early stopping (patience=20) 

prevented overfitting. All models were trained 

from scratch without pre-trained weights, 

ensuring fair comparison. Weight initialization 

used Kaiming normal for convolutional layers 

and constant for batch normalization. 

4.2.  Performance of Proposed BAM-CNN 

The proposed BAM-CNN achieved exceptional 

performance with superior discriminative capability 

across all tumor categories. Table 1 presents 

comprehensive evaluation metrics. Performance 

metrics were computed using standard formulations: 

N

TN+TP
= cc

cAcc                   (6) 

cc

c
c

FP+TP

TP
=Prec

                  (7) 

cc

c
c

FN+TP

TP
=Rec

                        (8) 

 

cc

cc
c

+

××
=

RecPrec

RecPrec2
F1              (9) 

WhereT Pc ,T Nc ,F Pc , and F Nc represent true 

positives, true negatives, false positives, and false 

negatives for class c respectively, and N  is the total 

number of test samples. 

Table1. BAM-CNN Performance Metrics  

Metric Glioma Meningioma Pituitary Overall/Macro 

Accuracy 99.33% 99.67% 99.67% 99.56% 

Precision 99.00% 100.00% 99.67% 99.56% 

Recall 99.67% 99.34% 99.67% 99.56% 

F1-Score 99.33% 99.67% 99.67% 99.56% 

Support 300 306 300 906 

The model achieved 99.56% overall accuracy, 

correctly classifying 902 out of 906 images. Per-

class accuracy exceeded 99.33% for all tumor types, 

with Meningioma and Pituitary achieving 99.67% 

and Glioma 99.33%. This balanced performance 

demonstrates robust learning without class bias. 

Meningioma achieved perfect precision (100.00%), 

while Glioma and Pituitary reached 99.67% recall. 

F1-scores ranged from 99.33% to 99.67%, 

indicating excellent precision-recall balance. The 

macro-averaged metrics (99.56%) confirm 

consistent performance across all tumor types. 

4.2.1 Confusion Matrix Analysis 

Figure 3 presents the confusion matrix for BAM-

CNN, revealing exceptional performance with 

Minimal errors. Strong diagonal dominance indicates 

accurate predictions across all categories, with 902 of 

906 samples correctly classified (99.56% accuracy).  

For Glioma, the model correctly identified 297 of 

300 cases (99.00%), with 3 misclassifications as 

Meningioma and none as Pituitary. Meningioma 

achieved perfect classification (306/306, 100.00%), 

demonstrating excellent recognition of well-defined 

characteristics. 

Pituitary tumors achieved 299 of 300 correct 

(99.67%), with only 1 misclassification as 

Meningioma. The minimal off-diagonal values 

confirm highly discriminative feature learning, with 

confusion in less than 0.5% of cases. 
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Figure 3. Confusion Matrix for CustomCNN BAM 

4.3. Training Analysis 

Figure 4 illustrates training and validation loss 

and accuracy curves for BAM-CNN over 100 

epochs. Both training and validation losses 

decrease rapidly in the first 20 epochs, declining 

from 0.9-1.1 to below 0.4.  

After epoch 20, losses gradually converge to 

near-zero values (below 0.05) by epoch 60 and 

remain stable, indicating effective optimization 

without oscillations. 

 

Figure 4. Training and Validation Loss (left) and Accuracy (right) curves for CustomCNN BAM, showing smooth 

convergence and excellent generalization without overfitting. 

Training accuracy rises from approximately 60% 

to over 90% within the first 10 epochs, while 

validation accuracy follows similarly with 

fluctuations. Both curves reach 95-98% by epoch 

40 and converge at 99-99.89% by epoch 60. 

Training accuracy stabilizes at 99.8%, while 
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validation accuracy achieves 99.67%. The 

minimal gap (less than 0.2%) indicates excellent 

generalization without overfitting. The overall 

trend shows consistent improvement and 

convergence to near-perfect accuracy. 

4.4. Model Prediction Visualization 

 

Figure 5. Model predictions on representative test samples showing correct classification with 100% 

confidence for Glioma, Meningioma, and Pituitary tumors, along with class probability distributions. 

Figure 5 demonstrates the model’s prediction 

capability on representative test samples. All 

three classes show correct classification with 

100.0% confidence. The Glioma sample exhibits 

characteristic irregular boundaries and 

heterogeneous enhancement. The Meningioma 

sample shows typical well-defined, rounded 

mass with homogeneous enhancement. The 

Pituitary tumor displays characteristic sellar 

location with suprasellar extension. The 

probability bar charts illustrate near-absolute 

certainty (100.0% for correct class, 0.0% for 

others), reflecting robust feature learning and 

discriminative capability. This demonstrates 

that BAM-CNN achieves high accuracy with 

reliable confidence estimates, crucial for 

clinical decision support systems.  

4.5. Ablation Study: Attention Mechanism 

Comparison 

To systematically evaluate the contribution of 

different attention mechanisms, we conducted 

comprehensive ablation experiments comparing 

BAM with five alternative attention strategies 

and a baseline without attention. All models used 

the identical CNN backbone, ensuring that 

performance differences stem solely from the 

attention mechanism design. The ablation study 

reveals that BAM significantly outperforms all 

alternative attention mechanisms and the 

baseline model. The baseline CNN without 

attention achieved 98.46% test accuracy, 

establishing a strong foundation. Adding 

attention mechanisms improved performance, 

ECA achieving 99. 26%, PSA 99. 23%, GCT 99. 

20%. However, BAM achieved the highest 

accuracy of 99.56%, representing a 1.1% 

improvement over the baseline and 0.3-0.36% 

improvement over other attention mechanisms. 

The results demonstrate that attention 

mechanisms provide substantial benefits for 

brain tumor classification, with BAM offering 

optimal balance between accuracy and 

computational efficiency. BAM’s superior 

performance stems from its parallel processing of 

channel and spatial attention, enabling 

comprehensive feature refinement without 

sequential bottlenecks. The modest parameter 

increase (61.12M to 61.22M) and reasonable 

training time (230.3 minutes) make BAM 

practical for clinical deployment while delivering 

state-of-the-art accuracy. 
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Table2. Ablation Study Results - Attention Mechanism Comparison 

Model 

Parameters 

(M) 

Train Time 

(min) 

Best Val 

Acc (%) Test Acc (%) Macro F1 (%) 

Baseline (No Attention) 61.12 209.3 99.01 98.46 98.46 

ECA (Efficient Channel) 61.12 217.8 99.51 99.26 99.26 

PSA (Polarized Self-Att) 61.48 245.6 99.45 99.23 99.23 

GCT (Global Context) 61.17 209.3 99.39 99.20 99.05 

BAM (Proposed) 61.22 165.3 99.78 99.56 99.56 

4.6. Benchmark Comparison with State-of-

the-Art Architectures 

To validate the effectiveness of our approach, we 

compared BAM-CNN against eight established 

deep learning architectures.  

All models were trained from scratch under 

identical conditions using the same dataset, 

hyperparameters, optimization strategy, and 

hardware to ensure fair comparison. BAM-CNN 

achieves 99.56% test accuracy, outperforming all 

benchmark architectures. The closest competitor 

is MobileNet at 99.25% (0.31% improvement), 

followed by EfficientNet-B0 (99.17%) and 

DenseNet-121 (98.95%). The performance gap is 

larger compared to ResNet-50 (98.44%, 

+1.12%), ResNet-32 (97.69%, +1.87%), ResNet-

18 (97.49%, +2.07%), VGG-19 (95.92%, 

+3.64%), and VGG-16 (95.48%, +4.08%). These 

results validate the effectiveness of our custom 

architecture with bottleneck attention for medical 

image classification. BAM-CNN achieves 

superior accuracy with 61.22M parameters and 

230.3 minutes training time. While VGG 

architectures have more parameters (134-140M) 

and longer training times (198-215 min), they 

achieve significantly lower accuracy (95-96%). 

Lightweight models like MobileNet (2.23M), 

EfficientNet-B0 (4.01M), and DenseNet-121 

(6.96M) offer faster training (99-159 min) but 

achieve lower accuracy. ResNet architectures 

(11-24M parameters, 135-154 min) provide good 

efficiency but still fall short of BAM-CNN 

performance. The results demonstrate that BAM-

CNN’s increased model capacity and training 

time deliver substantial accuracy improvements, 

making it suitable for clinical applications where 

diagnostic accuracy is paramount. 

Table 3. Ablation Study Results - Attention Mechanism Comparison 

Architecture Parameters (M) Train Time (min) Best Val Acc (%) Test Acc (%) Macro F1 (%) 

VGG-16 134.27 198.0 95.67 95.48 95.42 

VGG-19 139.58 215.0 96.12 95.92 95.87 

ResNet-18 11.18 150.6 97.70 97.49 97.46 

ResNet-32 21.29 153.5 97.91 97.69 97.64 

ResNet-50 23.51 134.5 98.58 98.44 98.44 

DenseNet-121 6.96 128.6 99.04 98.95 98.95 

MobileNet 2.23 159.0 99.47 99.25 99.16 

EfficientNet-

B0 

4.01 99.30 99.34 99.17 99.17 

BAM-CNN 

(Ours) 

61.22 165.3 99.78 99.56 99.56 

5. DISCUSSION 

The experimental results demonstrate that the 

proposed BAM-CNN architecture achieves state-

of-the-art performance for brain tumor 

classification, with 99.56% accuracy 

representing a significant advancement over 

existing approaches. The ablation study confirms 

that BAM provides optimal attention mechanism 

design, outperforming both simpler channel-only 

attention ECA and more complex spatial 

attention approaches. The parallel processing of 

channel and spatial attention in BAM enables 

comprehensive feature refinement while 

maintaining computational efficiency. 

The benchmark comparison validates that 

custom architectures designed specifically for 

medical imaging can outperform general-purpose 

networks trained from scratch. While transfer 

learning from Image Net has been widely adopted, 

our results suggest that task-specific architecture 

design combined with training from scratch can 

achieve superior performance when sufficient 

medical imaging data is available. The consistent 

performance across all three tumor classes 
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demonstrates robust learning without bias toward 

any particular category, critical for clinical 

reliability. The minimal misclassifications (4 out 

of 906 cases) indicate that the model has learned 

discriminative features capturing subtle differences 

between tumor types. The few errors likely represent 

genuinely ambiguous cases where tumor boundaries 

are unclear or imaging quality is suboptimal, 

scenarios that may challenge even experienced 

radiologists. Future work could investigate 

ensemble approaches or uncertainty 

quantification methods to identify and flag such 

ambiguous cases for additional review. 

6. CONCLUSION 

This study presented BAM-CNN, a custom 

convolutional neural network enhanced with 

Bottleneck Attention Module for automated 

brain tumor classification from MRI images. The 

architecture integrates parallel channel and spatial 

attention mechanisms to achieve superior 

discriminative capability for medical image analysis. 

The proposed model achieved exceptional 

performance with 99.56% overall accuracy on a 

dataset containing Glioma, Meningioma, and 

Pituitary tumors, with per-class accuracy 

exceeding 99% and only 4 misclassifications out 

of 906 test samples. Comprehensive ablation 

studies demonstrated BAM’s superiority over 

three alternative attention mechanisms (ECA, 

PSA, GCT), outperforming all alternatives by 

0.30-0.36%. Rigorous benchmark comparisons 

showed BAM-CNN surpassed eight established 

architectures (VGG-16/19, ResNet-18/50, 

MobileNet, DenseNet121, Efficient Net-B0). 

Future work should address validation on 

external datasets with diverse imaging protocols, 

expansion to additional tumor types and grades, 

integration of multimodal MRI sequences, and 

implementation of interpretability methods. 

Prospective clinical trials are needed to establish 

real-world diagnostic impact. This research 

demonstrates that custom architectures enhanced 

with bottleneck attention mechanisms achieve state-

of-the-art performance for brain tumor classification.  

The exceptional accuracy, high confidence 

predictions, and reasonable computational 

requirements position BAM-CNN as a promising 

tool for clinical decision support in 

neuroradiology, establishing a foundation for 

practical deployment in healthcare settings. 
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