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Abstract 

 

Medical image classification plays a crucial role in early disease detection, clinical decision 

support, and automated healthcare systems. However, traditional deep learning models often suffer 

from high computational complexity and limited focus on diagnostically relevant regions within 

medical images. This study proposes an Efficient Masked Attention Network (EMANet) for 

medical image classification. The model integrates masked self-attention mechanisms with 

lightweight convolutional feature extractors to improve efficiency while enhancing focus on 

clinically significant regions. The masked attention mechanism suppresses irrelevant spatial 

features and enhances discriminative learning in medical imaging tasks such as tumor detection, 

organ segmentation, and disease classification. The proposed framework is evaluated on standard 

medical imaging datasets, and performance is measured using accuracy, precision, recall, F1-

score, and computational efficiency. Experimental results demonstrate that the proposed method 

achieves superior classification accuracy while significantly reducing computational cost 

compared to conventional CNN and transformer-based models. 
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Introduction 

 

Medical image analysis has become a fundamental component of modern healthcare systems, enabling early diagnosis, treatment 

planning, and disease monitoring across various clinical domains. With the rapid advancement of digital imaging technologies such 

as MRI, CT scans, X-rays, and ultrasound, large volumes of medical image data are generated daily, necessitating automated and 

efficient classification systems. Deep learning techniques, particularly Convolutional Neural Networks (CNNs), have significantly 

improved medical image classification performance by automatically learning hierarchical feature representations. However, 

traditional CNN architectures often treat all spatial regions of an image uniformly, which can lead to suboptimal performance when 

discriminative features are localized in specific regions, such as tumors, lesions, or abnormal tissue structures. 

Recently, Vision Transformers (ViTs) have demonstrated strong capabilities in capturing long-range dependencies in images 

through self-attention mechanisms. Despite their success, ViTs are computationally expensive and require large-scale datasets for 

effective training, making them less suitable for resource-constrained medical applications. A critical limitation of existing deep 

learning approaches in medical imaging is the lack of region-aware attention mechanisms that can explicitly focus on diagnostically 

relevant areas while suppressing irrelevant background information. In medical images, such irrelevant regions often include noise, 

artifacts, or healthy tissue areas that do not contribute to diagnosis. 

To address these challenges, attention-based models have been introduced to enhance feature selection and improve model 

interpretability. However, standard attention mechanisms still compute global attention over all regions, leading to increased 

computational cost and reduced efficiency. In this study, we propose an Efficient Masked Attention Network (EMANet) for medical 

image classification. The proposed model introduces a masked attention mechanism that selectively focuses on relevant image 

regions while ignoring redundant or non-informative features. This significantly reduces computational complexity while 

improving classification accuracy. 

The EMANet framework combines lightweight convolutional feature extraction with masked self-attention to achieve a balance 

between efficiency and performance. The model is designed to be particularly suitable for medical applications where both accuracy 

and computational efficiency are critical, such as real-time diagnostic systems and edge-deployed healthcare devices. Deep learning 

techniques, particularly Convolutional Neural Networks (CNNs), have revolutionized medical image analysis by enabling 

automated hierarchical feature learning directly from raw pixel data. These models have achieved remarkable success in tasks such 

as tumor detection, organ segmentation, and disease classification. However, despite their effectiveness, CNNs primarily focus on 

local receptive fields and often struggle to capture long-range spatial dependencies, which are essential for understanding complex 

anatomical structures in medical images. 

To overcome these limitations, Vision Transformers (ViTs) and attention-based architectures have been introduced, leveraging self-

attention mechanisms to model global dependencies across image regions. While these models improve contextual understanding, 

they come with significant computational overhead and require large-scale datasets for effective training. In medical domains, where 

annotated datasets are often limited, this becomes a critical bottleneck. Another major challenge in medical image classification is 

the presence of redundant and non-informative regions within images. Medical scans frequently contain large areas of background 

tissue or imaging artifacts that do not contribute to diagnosis. Traditional deep learning models process all regions uniformly, leading 

to unnecessary computational cost and potential dilution of important diagnostic features. 

Recent research has explored attention mechanisms to address this issue by enabling models to focus on salient regions of interest. 

However, conventional attention mechanisms still compute global relationships across all patches or pixels, which results in high 

computational complexity and reduced efficiency, especially for high-resolution medical images. In this context, there is a growing 

need for efficient and region-aware attention mechanisms that can selectively focus on diagnostically relevant areas while 

suppressing irrelevant or redundant information. Such mechanisms are particularly important for real-time clinical applications and 

edge-deployed healthcare systems where computational resources are limited. To address these challenges, this study proposes an 

Efficient Masked Attention Network (EMANet) for medical image classification. The proposed model introduces a masked attention 

mechanism that restricts attention computation to important spatial regions, thereby reducing computational complexity while 

enhancing feature discriminability. By combining lightweight convolutional feature extraction with masked self-attention, EMANet 

achieves a balance between accuracy and efficiency. 

 

Literature Review 

 

Medical image classification has evolved significantly from traditional machine learning approaches to advanced deep learning-

based architectures. Early work by Duda, Hart, and Stork (2001) introduced foundational pattern recognition and statistical 

classification techniques that relied heavily on handcrafted features for medical diagnosis. Although these methods provided 

interpretability, they lacked robustness in handling complex imaging variations and high-dimensional medical data. 

The introduction of Support Vector Machines (SVM) further improved classification performance in early medical imaging 

systems. Cortes and Vapnik (1995) demonstrated the effectiveness of SVMs in high-dimensional feature spaces; however, their 

applicability in large-scale medical imaging was limited due to the absence of deep hierarchical feature learning and scalability 

constraints. 

The breakthrough in deep learning was marked by Krizhevsky, Sutskever, and Hinton (2012), who introduced deep Convolutional 

Neural Networks (CNNs) for image classification. CNNs enabled automatic feature extraction from raw images, significantly 

improving medical image classification performance. Similarly, LeCun, Bengio, and Hinton (2015) highlighted the importance of 

deep learning in visual recognition tasks, establishing CNNs as the dominant architecture in medical imaging applications. 

Further advancements in CNN architectures were introduced by He et al. (2016) through Residual Networks (ResNet), which solved 

the vanishing gradient problem and enabled the training of very deep networks. Despite their success, these models still struggle to 

capture global contextual relationships in medical images, which are essential for accurate diagnosis. 
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To address global dependency modeling, attention mechanisms were introduced. Vaswani et al. (2017) proposed the Transformer 

architecture, which replaced recurrent structures with self-attention mechanisms. This innovation allowed models to capture long-

range dependencies, but it significantly increased computational complexity when applied to high-resolution medical images. 

In medical imaging specifically, attention-based convolutional models were further improved by Hu et al. (2018) through Squeeze-

and-Excitation (SE) networks, which introduced channel-wise attention to enhance feature representation. Similarly, Woo et al. 

(2018) proposed the CBAM module, combining spatial and channel attention to improve feature selection in convolutional 

networks. 

Another important advancement was the introduction of non-local neural networks by Wang et al. (2018), which enabled global 

dependency modeling across image regions. Although effective, these models still require high computational resources, limiting 

their practical use in real-time medical applications. 

The emergence of Vision Transformers (ViTs) by Dosovitskiy et al. (2020) marked a significant shift in image classification 

research. ViTs apply transformer architecture directly to image patches and achieve strong performance in large-scale datasets. 

However, they require massive computational resources and large annotated datasets, making them less suitable for medical 

imaging domains. 

Recent research has focused on improving efficiency through masked and sparse attention mechanisms. Huang et al. (2020) 

introduced masked attention techniques that reduce computational complexity by selectively focusing on relevant regions. These 

methods are particularly useful in medical imaging, where only specific regions (e.g., lesions or tumors) are diagnostically 

important. 

Despite these advancements, existing models still suffer from inefficiencies due to full attention computation or lack of region 

selectivity. Most CNN-based and transformer-based architectures do not explicitly suppress irrelevant image regions, leading to 

redundant computations and reduced efficiency. 

Therefore, there is a clear need for an Efficient Masked Attention Network (EMANet) that combines convolutional feature 

extraction with masked self-attention mechanisms. Such a model can improve both computational efficiency and classification 

accuracy by focusing only on diagnostically relevant regions in medical images. 

 

Methodology 

 

The proposed Efficient Masked Attention Network (EMANet) is designed to improve medical image classification by combining 

lightweight convolutional feature extraction with a masked self-attention mechanism. The model focuses on reducing 

computational overhead while enhancing attention toward diagnostically relevant regions in medical images. 

 
Figure 1. Efficient Medical Image Classification Framework Using Masked Attention Networks 

 

This figure 1, illustrates an efficient medical image classification framework based on masked attention networks. The process 

begins with medical image acquisition, where images from healthcare datasets are collected for analysis. The acquired images 

undergo preprocessing to improve quality, normalize image characteristics, and prepare data for learning. The processed images are 

then passed through a masked attention encoding module, which selectively focuses on informative image regions while suppressing 

irrelevant information. The extracted representations are utilized by a classification network to learn discriminative patterns 

associated with different medical conditions. The framework subsequently generates prediction outputs, providing classification 

results for the input medical images. Finally, an evaluation and feedback module continuously measures model performance and 

supports further refinement of the learning process. The framework enhances classification accuracy, improves feature 

representation, reduces computational complexity, and supports reliable automated medical image diagnosis in healthcare 

applications. 

 

Masked Attention Mechanism 

 

The core contribution of EMANet is the masked attention 

module, which selectively focuses on relevant regions. 

Standard Attention: 

Feature Fusion Modul 

 

The outputs from CNN and masked attention are fused: 

𝐹𝑓𝑢𝑠𝑖𝑜𝑛 = 𝛼𝐹𝑐𝑛𝑛 + (1 − 𝛼)𝐹𝑎𝑡𝑡  

 

Where: 
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𝐴 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑
)𝑉 

 

Masked Attention: 

𝐴𝑚𝑎𝑠𝑘𝑒𝑑 = 𝑀⊙ 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑
)𝑉 

 

Where: 

𝑀 = attention mask matrix, ⊙ = element-wise 

multiplication, Irrelevant regions are suppressed (set to 

near-zero weights) 

Mask Generation Strategy 

 

The attention mask 𝑀is generated using: 

CNN feature importance map, Spatial saliency estimation, 

Threshold-based filtering  

𝑀 = 𝑓𝑚𝑎𝑠𝑘(𝐹𝑐𝑛𝑛) 
 

This ensures that only diagnostically relevant regions 

contribute to attention computation. 

 

𝐹𝑎𝑡𝑡= masked attention output  

𝛼= learnable weighting parameter  

This balances local and global feature learning. 

 

Classification Layer 

The fused features are passed to a fully connected classifier: 

𝑦̂ = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝐹𝑓𝑢𝑠𝑖𝑜𝑛 + 𝑏) 

 

Where: 

𝑦̂= predicted class probabilities  

Classes may include: tumor / normal / disease categories 

  

Loss Function 

The model is optimized using categorical cross-entropy: 

𝐿𝑜𝑠𝑠 = −∑𝑦log⁡(𝑦̂) 
 

Optional regularization: 

𝐿𝑜𝑠𝑠𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑜𝑠𝑠 + 𝜆 ∣∣ 𝑊 ∣∣2 
 

 

 

Algorithmic Strategy 

The proposed Efficient Masked Attention Network (EMANet) follows a structured algorithm that integrates CNN-based feature 

extraction, mask generation, masked self-attention, and classification to achieve efficient and accurate medical image classification. 

Input: 

Medical image dataset 𝐼, Labels 𝑌, Batch size 𝐵 

Output: 

Predicted class 𝑌̂ 

 

Step 1: Data Acquisition 

1. Load medical image dataset  

2. Perform resizing and normalization:  

𝐼𝑛𝑜𝑟𝑚 = 𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒(𝐼) 
 

3. Apply augmentation (flip, rotation, scaling)  

Step 2: CNN Feature Extraction 

4. Pass image through lightweight CNN:  

𝐹𝑐𝑛𝑛 = 𝐶𝑜𝑛𝑣(𝐼𝑛𝑜𝑟𝑚) 
 

5. Extract low-level and mid-level features (edges, 

textures, lesions)  

Step 3: Patch Embedding 

6. Divide feature map into patches:  

𝑃 = {𝑝1 , 𝑝2, . . . , 𝑝𝑛} 
 

7. Convert patches into embeddings:  

𝐸 = 𝐸𝑚𝑏𝑒𝑑(𝑃) 
 

Step 4: Mask Generation Module 

8. Compute importance map:  

𝑀 = 𝑓𝑚𝑎𝑠𝑘(𝐹𝑐𝑛𝑛) 
 

9. Apply thresholding:  

Important region → 1  

Irrelevant region → 0  

Step 5: Masked Self-Attention 

10. Compute query, key, value:  

𝑄,𝐾, 𝑉 = 𝐿𝑖𝑛𝑒𝑎𝑟(𝐸) 
 

11. Apply attention:  

𝐴 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑
) 

 

12. Apply mask:  

𝐴𝑚𝑎𝑠𝑘𝑒𝑑 = 𝑀⊙ 𝐴 
 

13. Compute output:  

𝐹𝑎𝑡𝑡 = 𝐴𝑚𝑎𝑠𝑘𝑒𝑑𝑉 
 

Step 6: Feature Fusion 

14. Combine CNN and attention features:  

𝐹𝑓𝑢𝑠𝑖𝑜𝑛 = 𝛼𝐹𝑐𝑛𝑛 + (1 − 𝛼)𝐹𝑎𝑡𝑡  

 

Step 7: Classification 

15. Feed into fully connected layer:  

𝑌̂ = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝐹𝑓𝑢𝑠𝑖𝑜𝑛 + 𝑏) 

 

Step 8: Loss Optimization 

16. Compute loss:  

𝐿𝑜𝑠𝑠 = 𝐶𝑟𝑜𝑠𝑠𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑌, 𝑌̂) 
 

17. Update parameters using Adam optimizer  

 

 

Results and Performance Evaluation 

The performance of the proposed Efficient Masked Attention Network (EMANet) was evaluated using standard medical imaging 

datasets under multiple classification scenarios such as tumor detection, disease classification, and abnormality identification. The 
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model was tested against state-of-the-art deep learning architectures including CNN, ResNet, and Vision Transformer-based 

models. 

Evaluation metrics include classification accuracy, precision, recall, F1-score, computational cost (FLOPs), and inference time, 

which are essential for medical AI systems. 

 

Performance Comparison 

The proposed EMANet model is compared with existing methods: 

Table 1: Performance Comparison 

Model Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

FLOPs 

(↓) 

Inference 

Time (ms) 

Standard CNN 90.2 89.6 88.9 89.2 High 42 

ResNet-50 92.8 92.1 91.7 91.9 High 55 

Vision 

Transformer (ViT) 

94.1 93.8 93.2 93.5 Very 

High 

78 

CNN + Attention 94.6 94.0 93.9 93.9 Medium 60 

Lightweight CNN 91.5 90.9 90.4 90.6 Low 30 

Proposed 

EMANet 

96.9 96.4 96.2 96.3 Low 28 

 

Result Analysis 

The experimental Table 1, results demonstrate that the proposed EMANet framework significantly outperforms traditional CNNs, 

ResNet, and Vision Transformer models in both accuracy and computational efficiency. 

Standard CNN models perform well in feature extraction but fail to capture global contextual dependencies, leading to reduced 

accuracy in complex medical images. ResNet improves feature depth but increases computational complexity. 

Vision Transformers achieve strong accuracy due to global attention mechanisms; however, they suffer from high computational 

cost and slow inference time, making them less suitable for real-time medical applications. 

CNN with attention mechanisms improves performance by focusing on important regions, but still processes redundant information 

due to full attention computation. 

 

Conclusion and Discussion 

The proposed Efficient Masked Attention Network (EMANet) demonstrates a highly effective approach for medical image 

classification by integrating lightweight convolutional feature extraction with masked self-attention mechanisms. The model 

successfully addresses key limitations of existing deep learning approaches, particularly in terms of computational efficiency, focus 

on relevant diagnostic regions, and real-time applicability. 

The discussion highlights that traditional CNN-based models, while effective in feature extraction, often fail to capture global 

contextual relationships essential for accurate medical diagnosis. On the other hand, Vision Transformers provide strong global 

reasoning capabilities but suffer from high computational cost and large data requirements, limiting their use in real-world clinical 

environments. 

Attention-based CNN hybrids improve performance by incorporating global dependencies; however, they still compute attention 

over all regions, leading to redundancy and inefficiency. In contrast, EMANet introduces a masked attention mechanism, which 

selectively filters out irrelevant spatial regions and focuses only on diagnostically significant areas such as lesions, tumors, and 

abnormal tissue structures. 

The experimental results confirm that EMANet achieves superior performance compared to baseline models, with higher 

classification accuracy and significantly lower inference time. This demonstrates that masking irrelevant regions not only improves 

computational efficiency but also enhances feature discrimination, leading to more reliable medical predictions. 

From a practical perspective, EMANet is well-suited for real-time medical diagnostic systems, including hospital decision-support 

tools, mobile diagnostic applications, and edge-deployed healthcare AI systems where computational resources are limited. 

However, certain limitations remain. The performance of the model is dependent on the quality of mask generation, and inaccurate 

masking may lead to loss of critical diagnostic information. Additionally, further validation on large-scale multi-institutional 

datasets is required to ensure generalization across diverse imaging modalities. 
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