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Chest radiography is currently one of the most widely used diagnostic techniques in the 
medical field. However, rapid and accurate retrieval of clinically correct cases from large-
sized image databases is still a major challenge. The existing Content-Based Medical 
Image Retrieval (CBMIR) methods are mainly based on handcrafted features or hybrid 
optimization approaches. They face problems such as being weak in generalization, 
having high computational cost, and not being able to correctly identify important 
anatomical structures. To overcome these challenges, this study introduces a new 
framework called Geometry-Aware Self-Supervised Transformer (GAST). The 
recommended approach is based on a Vision Transformer backbone that is first trained 
using self-supervised methods such as masked autoencoding and contrastive learning. In 
addition, a geometry-aware attention module is introduced to guide the model toward 
important anatomical regions, particularly the lungs and heart. The proposed procedure 
was tested on a chest X-ray dataset available to the public. As per the results, GAST 
showed better performance compared to conventional deep learning models and achieved 
98.85% accuracy. Also, there has been a significant improvement in retrieval criteria like 
Recall@K and Mean Average Precision. Faster response time was also achieved by using 
FAISS-based indexing. Overall, the research demonstrated that both interpretability and 
efficiency of the model were improved by the combination of geometry-aware attention 
and sparse feature learning. The proposed system will provide a reliable and beneficial 
solution in medical image retrieval and is likely to help in real-life clinical decision-
making in the future. 
  

Contribution/Originality: This study contributes to the existing literature by introducing a geometry-aware 

transformer framework for medical image retrieval. The study integrates a dual-head architecture that jointly 

supports medical image classification and retrieval within a unified framework. 

 

1. INTRODUCTION 

Medical Imaging is a cornerstone of modern medical diagnosis. Chest Radiography is the most widely used test. 

It is increasingly performed worldwide due to its accessibility and high efficacy [1-3]. The rapidly growing digital 

imaging data has further increased the need for advanced computational methods to assist physicians. This will help 

reduce errors in diagnosis and improve workflow efficiency. In this context, Content-Based Medical Image Retrieval 

(CBMIR) has emerged as a key technology [4, 5]. It can query a database based on a patient image and retrieve 

visually and pathologically similar cases with their diagnoses and treatment outcomes. This increases the confidence 

of physicians and provides a strong basis for treatment planning and radiology education. The development of the 
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field of Content-Based Image Retrieval (CBIR) has been mainly driven by the advancement of Deep Learning. It 

overcomes the limitations of traditional handcrafted descriptors and provides semantic understanding [6, 7]. A 

survey by Dubey [6] highlighted the importance of deep learning in CBIR. However, the difficulties have been 

compounded by the complexity and heterogeneity of clinical images used in medical imaging [4, 5]. For chest X-

rays, methods based on handcrafted feature descriptors such as GLCM and PCA [8] or query expansion methods [9, 

10] were initially popular in CBMIR. Later, hybrid meta-heuristic optimization [11] or hybrid feature engineering 

[5] based on deep learning was used, but these methods still rely on handcrafted descriptors and have limited 

generalization on large-scale heterogeneous datasets [12]. 

Recently, the advent of CNNs [13-15] and Vision Transformers (ViTs) [16, 17] has made it possible to learn 

automated representations. Self-Supervised Learning (SSL)-based pretrained models on large natural image datasets 

[18] have yielded robust and semantic features. However, they have some limitations for direct application in the 

medical field: (i) computationally expensive non-end-to-end feature selection [19]. (ii) failure to model anatomical 

structural information (lung fields, heart silhouette) [13, 20]. (iii) inability to effectively address the class imbalance 

problem [21, 22]. These limitations indicate the need for an end-to-end, self-supervised, geometry-aware framework. 

To this end, we propose a new approach called Geometry-Aware Self-Supervised Transformer (GAST). 

Despite the development of deep learning and Vision Transformer-based approaches in recent times, there still 

remain some challenges in medical image retrieval. Most CBMIR systems cannot effectively use anatomical 

information and, therefore, have limitations in correctly identifying vital components such as the lungs and heart. In 

addition, the use of non-differentiable feature selection methods increases computational cost and reduces efficiency. 

To address these issues, a framework called Geometry-Aware Self-Supervised Transformer (GAST) was 

proposed in this research. This model combines attentional anatomical information and self-supervised learning into 

a single structure with differentiable feature selection. This improves interpretability, efficiency, and overall retrieval 

performance. 

The main contributions of this work are summarized as follows: 

1. Integration of Self-Supervised Learning and Feature Selection 

This framework combines self-supervised pretraining with differentiable feature selection, providing an end-to-

end approach to ensure that the model learns meaningful features and automatically selects the essential features 

needed. 

2. Improved Retrieval Performance with Practical Efficiency 

The proposed approach also retains real-time efficiency while showing improved performance in classification 

and image retrieval tasks. Therefore, it is suitable for clinical decision support systems. 

3. End-to-End Self-Supervised Transformer Backbone 

This research pretrained the Vision Transformer (ViTS/MAE) with masked image modelling and contrastive 

learning. It eliminates the need for handcrafted descriptors and learns semantic and frequency-aware representations. 

The remainder of this paper is organized as follows. Section 2 reviews related work. Section 3 presents the 

proposed methodology. Section 4 discusses experimental results and analysis. Section 5 outlines the paper and future 

research directions. 

 

2. RELATED WORK 

Rapid evolution in deep learning techniques has revolutionized the field of medical imaging analysis, particularly 

in the domain of Content-Based Image Retrieval. A CBIR system finds an image that is similar to a query image from 

a large database [6, 7]. This is helpful for medical training, computer-aided diagnosis, and physician decision-making. 

The related work section reviews the relevant literature on medical image analysis, retrieval optimization methods, 

and their applications in X-ray image interpretation. 
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2.1. Deep Learning for Medical Image Analysis and Public Datasets 

The progress of deep learning models is closely tied to the availability of large-scale and well-annotated datasets. 

Several publicly available datasets have enabled significant research progress, particularly in the field of chest X-ray 

imaging analysis. Popularly used benchmarks include the Chest X-ray Pneumonia dataset [1]. Datasets 

incorporating COVID-19 cases, such as the collection presented in  Patel [2], have supported pandemic-related 

diagnostic studies. The NIH Chest X-ray dataset [3], which contains metadata for multiple pathologies, is one of the 

largest data resources. A survey conducted by Çallı et al. [23] comprehensively reviewed the use of deep learning 

techniques for chest X-ray image analysis. In this, the development from traditional approaches to modern deep neural 

network structures is clearly explained. Currently, deep learning with CNN constructs has become a standard in 

medical image analysis. They are widely used to detect pneumonia from chest X-ray images [13] and to detect 

COVID-19 from X-ray images [14]. 

 

2.2. Feature Extraction and Representation Learning 

Extracting relevant features from images is a fundamental step in CBIR architectures. Early-stage CBIR systems 

relied on handcrafted features to describe the information in the image. Texture analysis by Gray-Level Co-

occurrence Matrix (GLCM) [8] has been used primarily. An extensive review of the use of deep learning for feature 

extraction was provided in a survey conducted by Dubey [6]. The survey explains that deep learning approaches are 

replacing handcrafted descriptors by learning image representations directly from the data itself. Convolutional 

Neural Networks (CNN) models that are pre-trained on large datasets such as ImageNet are widely used as powerful 

feature extractors [12]. Recently, transformers, which gained prominence in NLP, have been adapted to computer 

vision tasks. Their application in medical imaging has demonstrated significant potential, which is highlighted by 

Shamshad et al. [16]. Models like Med-Former [17] exemplify the adaptation of transformers to medical image 

analysis and signify their ability to represent long-range interactions in visual data. 

With recent standard architectures, researchers are investigating methods to enhance the quality and 

Interpretability of learned representations. Lee et al. [18] proposed a new approach, area-based contrastive 

pretraining, to improve retrieval performance in anatomical queries. Also, studies have suggested that binary 

encoding of high-dimensional features can provide an effective solution to large-scale image retrieval [24, 25]. 

 

2.3. Optimization and Hybrid Technologies in CBIR 

In recent research, hybrid models combining deep learning with heuristic optimization algorithms have been 

examined to improve retrieval accuracy and efficiency. Shetty et al. [4] proposed a hybrid model that uses meta-

heuristic optimization for feature selection, which led to improved retrieval results. Similarly, a study conducted by 

Issaoui et al. [11] also described the effect of similar hybrid approaches. The Archimedes optimization algorithm was 

incorporated into a deep learning framework for the healthcare sector CBIR. Other nature-inspired techniques, 

including Artificial Rabbits Optimization [19] and Harris Hawks Optimization [26, 27], have demonstrated notable 

improvement in retrieval outcomes. Query expansion is another strategy to improve retrieval performance that 

refines the query based on knowledge extracted from top results. Methods such as RbQE [9] and those relying on 

top-ranked images [10] have achieved promising outcomes between low-level features and higher-level clinical 

concepts. 

 

2.4. Application to Chest X-ray and Multi-Label Classification  

Given their widespread availability and diagnostic utility, Chest x-ray has attracted significant attention in 

medical CBIR research. Agrawal et al. [13] conducted a study and proposed a CBIS system for lung diseases using a 

deep convolutional neural network. A key challenge in this domain is that chest x-ray frequently exhibits multiple 

co-occurring comorbidities requiring systems that extend beyond single disease classification. This challenge is 



Review of Computer Engineering Research, 2026, 13(4): 49-64 

 

 
52 

© 2026 Conscientia Beam. All Rights Reserved. 

addressed by Chakravarty et al. [28] and Chen et al. [29] using a graph-based neural network combined with deep 

hierarchical architectures for multi-label classification of chest X-rays, ensuring retrievals align with a patient’s full 

clinical profile. 

 

2.5. Comparison with Existing CBMIR Methods 

Although existing research has made significant strides, several unsolved challenges persist. Many systems 

concentrated on performance optimization but failed to address privacy issues, as highlighted by Sadik et al. [30]. 

Hybrid models indicate potential, yet there is a need for more advanced architectures that integrate multiple deep 

learning paradigms (CNNs, LSTMs, Transformers) to handle both spatial and sequential context modelling, as 

demonstrated in CNN – LSTM models for COVID-19 [14] and croup cough detection [15].  

 

Table 1. Comparative analysis of existing CBMIR methods and proposed GAST. 

Ref. Method / Study Position Relative to GAST Limitation 

Issaoui, et 

al. [11]  

Archimedes optimization 

with deep learning 

GAST avoids separate optimization 

and learns features directly during 

training 

The optimization stage 

adds overhead and limits 

scalability 

Agrawal, et 

al. [13]  

CNN-based CBMIR GAST uses transformer-based global 

modelling with anatomical guidance 

Limited ability to capture 

long-range dependencies 

and a lack of anatomical 

awareness 

Mahbod, et 

al. [12]  

Pretrained CNN feature 

extractors 

GAST introduces geometry-aware 

attention for clinically relevant focus 

Generic features do not 

incorporate anatomical 

priors 

Shamshad, 

et al. [16] 

Transformer-based medical 

imaging approaches 

GAST integrates anatomical priors 

into the attention mechanism 

Standard transformers do 

not explicitly model 

anatomical structures 

Lee, et al. 

[18] 

Region-based contrastive 

pretraining 

GAST integrates self-supervised 

learning with a unified retrieval 

framework 

Focus is limited to region-

based learning, not full 

retrieval optimization 

Proposed GAST Provides an end-to-end, geometry-

aware, and efficient CBMIR 

framework 

         - 

 

Table 1 shows the Comparative analysis of existing CBMIR Methods and the proposed GAST Framework. 

Extending prior research studies, our research introduces a novel framework for content-based chest x-ray retrieval, 

integrating a hybrid deep learning technique with a nature-inspired optimization strategy. The proposed framework 

focuses on multi-label chest X-ray retrieval while embedding efficient hashing and privacy-preserving measures to 

mitigate the gaps in accuracy and real-world applicability. 

 

3. METHODOLOGY 

The proposed GAST framework is designed to improve the retrieval of chest X-ray images. It combines self-

supervised learning, geometry-aware attention, and differentiable feature selection into a single unified architecture. 

The entire process includes image preprocessing, transformer-based feature extraction, geometry-aware attention 

enhancement, feature selection, and dual-head classification and retrieval modules. 
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Figure 1. Proposed framework of the geometry-Aware transformer with dual-head design for classification and retrieval. 

 

To address the challenges of efficient and accurate chest X-ray retrieval and classification, we propose the novel 

framework termed Geometry-Aware Self-Supervised Transformer (GAST). The overall workflow of the architecture 

is shown in Figure 1, combines a transformer backbone (ViT-S/MAE), geometry-aware attention, and differentiable 

feature selection into a dual-head architecture. This pipeline starts with standard preprocessing actions like resizing, 

normalization, and contrast enhancement to retain uniformity in the image quality. The processed images are 

subsequently fed into the transformer backbone for feature extraction, which are then enhanced by a geometry-aware 

attention mechanism to capture spatial dependencies within anatomical structures. Differentiable feature selection is 

applied to reduce redundancy and promote sparsity ahead of the dual-head design. 

One head focuses on disease category classification, whereas the other incorporates a FAISS-based retrieval index 

for efficient similarity search. The model is optimized by integrating supervised, self-supervised, and regularization-

based multi-task losses, ensuring robust representation learning for diagnostic classification as well as clinically 

meaningful case retrieval. Table 2 shows the notations used in the GAST Framework. 

 

Table 2. Notations used in the proposed GAST framework. 

Symbol Meaning 

I Input image 
I’ Preprocessed image 
H, W, C Height, Width, Channels 
p Patch size 
d Feature dimension 
N Number of patches 

 

3.1. Image Preprocessing 

Medical images undergo a preprocessing pipeline to ensure uniform resolution, stability, and improved visibility 

of diagnostic details before feature extraction. Let the raw medical image be denoted as I. A preprocessing function 

P(⋅) is applied to obtain a normalized and enhanced input I′. 
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𝐼′ =  𝑃(𝐼), 𝐼′ ∈  ℝ^(𝐻 ×𝑊 × 𝐶)           (1) 

Where H, W, and C represent the standardized height, width and number of channels, respectively. The pre-

processing phase consists of three main steps: 

A. Resizing: To provide uniformity to the transformer backbone, all images are scaled to a fixed resolution (for 

example, 224 × 224). 

𝐼𝑟𝑒𝑠𝑖𝑧𝑒𝑑 =  𝑅𝑒𝑠𝑖𝑧𝑒(𝐼, 𝐻,𝑊)                         (2) 

B. Normalization: Mapping or standardizing pixel intensity values to the same general range is done in this 

way: 

𝐼′_𝑛𝑜𝑟𝑚 =  (𝐼 −  𝜇) / 𝜎                      (3) 

Where μ and σ are the dataset mean and standard deviation. These help in stable training convergence. 

C. Contrast Enhancement: local histogram equalization (e.g., CLAHE) is applied to highlight subtle anatomical 

regions such as lung boundaries and lesions. 

𝐼′ =  𝐶𝐿𝐴𝐻𝐸(𝐼_𝑛𝑜𝑟𝑚)                          (4) 

The resulting 𝐼′ is then fed into the transformer backbone for feature extraction, ensuring consistent quality and 

enhanced visibility of clinically relevant regions. Preprocessing is performed to ensure consistent input quality and 

improve model performance. Resizing is done so that all the images have the same size, which is compatible with the 

transformer backbone. Normalization standardizes the pixel intensity values and keeps the training process 

consistent. Also, contrast enhancement using CLAHE helps in better feature extraction, making important 

anatomical components such as lungs and lesions clearly visible. 

 

3.2. Transformer Backbone 

Once preprocessing is complete, I' is given as input to the transformer backbone for feature extraction. Now, 

image I′ ∈ ℝ^(H×W×C) is split into a sequence of fixed-size non-overlapping patches. Each patch of a p×p image is 

converted to a flattened and linearly embedded d-dimensional feature vector. 

𝑥ᵢ =  𝑊ₚ ⋅  𝐹𝑙𝑎𝑡𝑡𝑒𝑛(𝐼ᵢ′)  +  𝑏ₚ ,   𝑖 =  1, … , 𝑁                                  (5) 

Where Wₚ ∈ ℝ^((p²⋅C) ×d) is the learnable projection matrix, bₚ is the bias term, and N = (H⋅W) / p² is the total 

number of patches. The patch embeddings are then enriched with positional encodings to retain spatial structure. 

𝑧₀ =  [𝑥₁ +  𝑒₁, 𝑥₂ +  𝑒₂, … , 𝑥ₙ +  𝑒ₙ]                                           (6) 

Where xi are the patch embeddings, and ei are the corresponding positional encodings. These embeddings are 

processed by multi-head self-attention (MHSA) layers; they are also able to understand and model distal relationships 

between different patches in the image. 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉)  =  𝑆𝑜𝑓𝑡𝑚𝑎𝑥((𝑄𝐾ᵀ) / √𝑑ₖ) 𝑉                          (7) 

With  

𝑄 =  𝑧𝑊_𝑄 , 𝐾 =  𝑧𝑊_𝐾 , 𝑉 =  𝑧𝑊_𝑉                                          (8) 

Where W_Q, W_K, W_V are learnable projection matrices. 

The output from successive MHSA and feed-forward layers forms a hierarchical feature representation. 

𝑧ˡ =  𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟𝐵𝑙𝑜𝑐𝑘(𝑧ˡ⁻¹),   ℓ =  1, 2, … , 𝐿                                (9) 

Where L is the number of transformer layers. 

Because traditional CNN backbones rely on local receptive fields, they limit their ability to capture comprehensive 

(Global) information in the image. In contrast, the MHSA method in the proposed Geometry-Aware Transformer 

(GAT) backbone effectively detects the interactions of local and global space boundaries. Moreover, its geometry-

aware attention enables it to be more sensitive to architecture-related cues, such as anatomical boundaries. Existing 

CNN-based pipelines require deep convolution layers or handcrafted features. But our backbone learns hierarchical 

representations directly from the enhanced images. This approach provides better generalization over different 

datasets. 
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3.3. Differentiable Feature Selection (DFS) 

The embeddings produced by transformer backbones are high-dimensional, where redundant or weakly salient 

features limit efficiency and clarity in representation. The transformer backbone produces a high-dimensional 

embedding matrix. 

𝑍 =  [𝑧₁, 𝑧₂, … , 𝑧ₙ],   𝑍 ∈  ℝ^(𝑁 × 𝑑)                       (10) 

Where N is the number of patches and d is the embedding dimension. 

To overcome the limitation mentioned above, it needs a mechanism that selectively highlights informative 

features while suppressing redundancies, facilitating compact and robust representations. For this, a differentiable 

feature selection (DFS) layer is applied. Each feature dimension is assigned a learnable gating weight wⱼ. 

𝑧 ᵢ =  [𝑤₁𝑧ᵢ₁, 𝑤₂𝑧ᵢ₂, … , 𝑤𝑑𝑧ᵢ𝑑],   𝑤ⱼ ∈  [0,1]                 (11) 

Where the weights wⱼ are optimized during training. To restrict sparsity, the L1-regularization term is 

introduced. 

𝐿_𝐷𝐹𝑆 =  𝜆 𝛴ⱼ |𝑤ⱼ|                                                  (12) 

With λ controlling the degree of sparsity. The output is a compact embedding matrix. 

𝑧  =  [𝑧 ₁, 𝑧 ₂, … , 𝑧 ₙ],   𝑧  ∈  ℝ^(𝑁 × 𝑑′) 𝑤𝑖𝑡ℎ 𝑑′ <  𝑑     (13) 

Conventional pipelines typically use manual feature selection or dimensionality reduction (e.g., PCA, t-SNE). 

They are suitable for specific tasks and are not differentiable. In contrast, the proposed DFS is a fully end-to-end 

trainable approach. This allows the network to function on its own and retain the features that are most useful for 

classification and retrieval. This approach improves computational efficiency, reduces unnecessary features, and 

provides more robust performance compared to current CNN + human-directed feature pipelines. 

 

3.4. Geometry-Aware Attention Module (GAA) 

While the transformer backbone efficiently captures local and global dependencies by self-attention, it remains 

agnostic to explicit structural cues such as shape, orientation, and anatomical boundaries. In medical imaging, these 

geometric attributes are critical for distinguishing subtle variations across regions of interest. To bridge this gap, we 

introduce the Geometry-Aware Attention (GAA) module, which integrates spatial priors into the attention 

mechanism, thereby enhancing the model’s sensitivity to structural context. Let the feature embeddings from the 

transformer backbone be. 

𝑍 =  [𝑧₁, 𝑧₂, … , 𝑧ₙ],   𝑍 ∈  ℝ^(𝑁 × 𝑑)                  (14) 

Where N denotes the number of image patches, and d is the feature dimension. Standard self-attention computes 

contextual weights between patches using query–key similarity. 

𝛼ᵢⱼ =  𝑒𝑥𝑝((𝑞ᵢᵀ𝑘ⱼ)/√𝑑) / 𝛴ⱼ′ 𝑒𝑥𝑝((𝑞ᵢᵀ𝑘ⱼ′)/√𝑑)    (15) 

with qᵢ = W_q zᵢ and kⱼ = W_k zⱼ. 

However, in medical images, purely content-based similarity may overlook anatomical priors such as lung 

boundaries or heart regions. GAA integrates the geometric attitude term βᵢⱼ, obtained from the relative spatial 

positions. 

α̃ᵢⱼ =  exp((qᵢᵀkⱼ)/√d +  βᵢⱼ) / Σⱼ′ exp((qᵢᵀkⱼ′)/√d +  βᵢⱼ′)      (16) 

Where βᵢⱼ encodes spatial relationships (e.g., patch distance, anatomical alignment). The attended representation 

is then. 

𝑧ᵢ′ =  𝛴ⱼ 𝛼̃ᵢⱼ 𝑣ⱼ ,   𝑣ⱼ =  𝑊_𝑣 𝑧ⱼ                          (17) 

Thus, attention weights are both content-aware and geometry-aware, ensuring focus on clinically relevant 

regions. Conventional attention in ViT or CNN relies solely on appearance similarity, which can cause spurious focus 

(e.g., noise, artifacts). Existing methods may use post-hoc region masks, but they are non-trainable and dataset-

dependent. The proposed GAA is differentiable and trainable, directly integrating anatomical priors into the attention 
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mechanism. This will help make the model easier to understand, reduce incorrect activations, and increase trust in 

clinical use. 

 

3.5. Dual-Head Architecture 

The compact embedding matrix produced by the differentiable feature selection (DFS) serves as a distilled 

representation of the input data. To maximize the utility of the compact embeddings, we propose a Dual-Head 

Architecture. This architecture has two specialized heads: one is for classification, and the other is for retrieval and 

similarity search. The output of the Differentiable Feature Selection (DFS) layer is the compact embedding matrix. 

𝑍̂  =  [𝑧 ₁, 𝑧 ₂, … , 𝑧 ₙ],   𝑍̂  ∈  ℝ^(𝑁 × 𝑑′)            (18) 

This embedding is fed into a dual-head design consisting of. 

1. Classification Head 

The classification branch applies a fully connected layer followed by a softmax activation to predict class 

probabilities. 

𝑦𝑖̂ = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝑐𝑍𝑖̂ + 𝑏𝑐)                                 (19) 

Where Wc ∈ ℝ^(C×d′) is the learnable weight matrix, bc is the bias, and C is the number of classes. The 

classification loss is defined using focal loss to handle class imbalance. 

𝐿𝑐𝑙𝑠 = −∝𝑡  (1 − 𝑦𝑡̂)^𝛾  𝑙𝑜𝑔(𝑦𝑡̂)                     (20) 

Where ∝𝑡 balances class frequencies and γ emphasizes hard-to-classify samples. 

2. Retrieval Head 

The retrieval head generates embeddings for similarity-based image retrieval using FAISS. Given a query 

embedding q ∈ ℝ^(d′) and a stored database embedding x ∈ ℝ^(d′), similarity is measured by. 

𝑆(𝑞, 𝑥)  =  (𝑞 ⋅ 𝑥)/(||𝑞||||𝑥||)   (𝑐𝑜𝑠𝑖𝑛𝑒 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦)     (21) 

𝐷(𝑞, 𝑥) = ||𝑞 −  𝑥||²          (𝐿2 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒)                         (22) 

The retrieval loss is computed using contrastive learning. 

𝐿_𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑎𝑙 =  −𝑙𝑜𝑔 [ 𝑒𝑥𝑝(𝑆(𝑞, 𝑥⁺)/𝜏) / 𝛴ₓ −  𝑒𝑥𝑝(𝑆(𝑞, 𝑥⁻)/𝜏) ]     (23) 

where x⁺ is a positive sample, x⁻ is a negative sample, and τ is a temperature parameter. This ensures embeddings 

of similar images are close in latent space. Existing methods rely on handcrafted features and predefined similarity 

measures for both classification and retrieval. The proposed dual-head architecture is end-to-end trainable, allowing 

the network to learn both retrieval and classification simultaneously from the same feature embeddings. FAISS-based 

embedding retrieval enables queries to be retrieved in real-time (< 100 ms). At the same time, the classification head 

utilizes spars and geometry-aware features, providing higher accuracy and better reliability compared to conventional 

pipelines. 

 

3.6. Comparison with Existing Methods 

Compared to traditional CNN-based and simple transformer approaches, the proposed GAST framework 

identifies anatomical structures more efficiently using geometry-aware attention. In addition, it effectively manages 

end-to-end learning by using differentiable feature selection in place of traditional optimization methods. Moreover, 

the dual-head design further improves the overall performance by optimizing the classification and retrieval tasks 

together in a single structure. 

 

4. RESULTS AND DISCUSSIONS 

The proposed GAST framework provides two major improvements over existing deep learning methods, such 

as RNN, CNN, Bi-LSTM, and DenseNet, for X-ray image analysis. These improvements were systematically 

examined using the COVID-19 Chest X-ray dataset available to the public. 
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Figure 2. Sample visualizations from the COVID-19 Chest X-ray image dataset. 

 

Table 3. Sample counts for training and testing in the COVID-19 Chest X-ray dataset. 

 

4.1. Description of the Dataset 

We used the COVID-19 chest X-ray image dataset for experimental validation. This dataset is organized into 

two main folders: train and test. Each folder has three sub-folders, which are related to the following clinical 

categories: COVID-19, Pneumonia, and Normal. This dataset contains 6,432 chest X-ray images in total. Amongst 

these, 80% are for training. 20% is reserved for testing. The distribution of samples in the three categories is shown 

in Table 3. This balanced dataset structure enables the model to be evaluated under actual clinical conditions. It 

covers both binary and multi-class disease classifications. Disease variation in the dataset to the GAST framework, 

Geometry-based attention patterns, Intuitive features’ ability to learn effectively. In addition, the retrieval head 

provides case reference and clinical decision support by performing content-based image retrieval. Representative 

examples of sample images in the dataset are shown in Figure 2. Table 4 shows Hyperparameter details used in the 

proposed model. 

 

Table 4. Hyperparameter details used in the proposed model. 

Hyperparameter Value 

Model Vision Transformer (ViT-Base- Patch16-224-in21k) with GAA + DFS 
Learning rate 2e-5 
Epochs 20 
Batch size 16 
Loss function Cross-Entropy Loss 
Optimizer AdamW 
Training data 80% 
Testing data 20% 

 

4.2. Classification Head 

The classification head effectively increases the confirmation accuracy by utilizing Geometry-Aware Attention 

and Dynamic Feature Sparsity. Compared to traditional models, this framework shows significantly better 

performance in terms of Accuracy, Precision, Recall, and F1-score, indicating its ability to accurately differentiate 

disease categories. As indicated in Table 5, the proposed approach provides better results compared to older methods. 

 

 

 

Dataset: COVID-19 Chest X-ray 

Class Training Samples Testing Samples Total 

Normal 1266 317 1583 
Pneumonia 3418 855 4273 
COVID-19 460 116 576 
Overall 5144 1288 6432 
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Table 5. Classification performance (%) of the proposed framework compared with existing methods on the chest X-ray image dataset. 

Model Accuracy Precision Recall F1-Score 

Bi-LSTM 92.93 91.18 91.07 91.13 
RNN 93.71 92.61 92.37 92.47 
GRU 93.17 93.18 90.63 91.85 
CNN 95.65 95.84 95.55 95.68 
ViT 97.75 97.94 97.69 97.82 
Proposed 98.85 98.94 98.69 98.91 

 

As shown in Figure 3, the proposed GAST framework demonstrates better performance than traditional models 

such as Bi-LSTM, RNN, GRU, CNN, and ViT, especially in terms of accuracy and precision. This improvement is 

even more apparent compared to the recurrent-based models (Bi-LSTM, RNN, GRU). This ensures that the model 

can more effectively capture the subtle confirmation signals in the chest X-ray by using approaches such as Geometry-

Aware Attention and Sparse Feature Learning. In addition, the increased precision score shows that this framework 

reduces false positive conclusions, which is the most important thing. Mistakenly identifying a patient who does not 

have COVID-19 in clinical conditions can lead to unnecessary treatments and panic attacks. 

 

 
Figure 3. Assessment of the proposed model’s performance through accuracy and precision metrics. 

 

The recall and F1-score in Figure 4 also reinforce this advantage. The high recall achieved by the GAST 

framework shows the ability to correctly identify COVID-19 and pneumonia cases, thereby reducing the number of 

false negatives. This is the most crucial of medical diagnoses - because leaving a patient undiagnosed can lead to 

serious consequences. An improved F1-score indicates a balanced benefit to both precision and recall. At the same 

time, it indicates that the model performs strongly despite the category mismatch in the dataset. Overall, Figure 3 

and Figure 4 clearly demonstrate that the proposed GAST framework provides not only linear accuracy but also a 

comprehensive improvement in all key performance parameters. So, it can be said that it is a reliably usable approach 

in the resolution of clinical decisions. 
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Figure 4. Visualization of model performance with respect to Recall and F1-score. 

 

 
Figure 5. Recall@K comparison between the proposed GAST framework and the ViT baseline. 

 

4.3. Retrieval Head 

Since the retrieval head in the proposed GAST framework is integrated with the FAISS indexing, the 

content-based medical image shows significant improvement in the retrieval performance. As shown in Figure 

5, the proposed model achieved a Recall@K score consistently higher than the ViT baseline at all K values. 

This indicates that the correct confirmation category is more often found in top-K similar images. This allows 

clinicians to access relevant patient records in a shorter time. The progress achieved, especially at low K values, 

demonstrates that the GAST model provides clinically meaningful cases. 
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Figure 6. NDCG@K comparison of the proposed GAST framework with ViT and CNN baselines. 

 

The NDCG@K comparison between the models in Figure 6 shows the ability of GAST not only to identify pure 

cases but also to rank them in the correct order of priority. The proposed approach achieved the best possible ranking 

relative scores, surpassing the ViT and CNN baselines. This suggests that geometry-aware attention and sparse 

feature learning play a key role in placing clinically relevant images in order of priority - which is highly beneficial 

for case-based analysis in the diagnostic process. Finally, the mAP comparison is shown at cut-off values 5 and 10 in 

Figure 7. The GAST framework achieves the best mAP values: mAP@5 = 91.2%, mAP@10 = 93.0%. These are 

clearly better than the Bi-LSTM, RNN, GRU, CNN, and ViT models. These results ensure that the retrieval head 

maintains precision and stability even on large sets. 

In Figures 5 to 7, retrieval is not only the function of head classification, but it has also been confirmed to provide 

robust, accurate, and clinically valuable case retrieval. This makes it an extremely useful tool in real-world medical 

diagnosis environments. 

 

 
Figure 7. Mean average precision (mAP) comparison of GAST and baseline models. 

 



Review of Computer Engineering Research, 2026, 13(4): 49-64 

 

 
61 

© 2026 Conscientia Beam. All Rights Reserved. 

4.4. Ablation Study 

Table 6 shows the ablation analysis of the proposed GAST framework. As per the results, the performance 

decreases when the geometry-aware attention module or the differentiable feature selection module is removed. The 

full GAST model confirms the importance of these two components by achieving the highest accuracy. 

 

 
Figure 8. Performance comparison of GAST ablation variants. 

 

The ablation analysis in Figure 8 illustrates the effect on classification accuracy when GAA and DFS are removed. 

By the appearance of a significant performance decrease when these two components are removed simultaneously, 

their combined importance in the proposed framework becomes clear. 

 

Table 6. Ablation analysis of the proposed GAST framework. 

Model variant Accuracy (%) Precision (%) Recall (%) F1-score (%) 

ViT baseline 97.75 97.94 97.69 97.82 
GAST without GAA 98.10 98.21 98.03 98.11 
GAST without DFS 98.32 98.40 98.25 98.31 
GAST without GAA & DFS 97.95 98.05 97.88 97.96 
Full GAST 98.85 98.94 98.69 98.91 

 

4.5. Sensitivity Analysis 

Sensitivity analysis was conducted to evaluate the effect of λ parameter on the differentiable feature selection 

module. Higher values of λ tend to cause more sparsity and reduce unnecessary features, but placing too high a value 

can also remove useful information. The moderate λ value provided the best balance between compactness and 

performance. In addition, the geometry-aware attention module has further improved performance by increasing 

focus on areas of anatomical importance. 

 

4.6. Error Analysis and Discussion 

Many errors have been seen between COVID-19 and pneumonia images, especially in cases of low contrast, 

because they look similar. These results are consistent with the latest studies on anatomy-aware retrieval and 

powerful pretrained feature extractors. However, many existing methods still rely on generic representations or 

hybrid optimization, making the use of explicit geometry-aware modeling less visible. 
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5. CONCLUSION AND FUTURE WORK 

The proposed Geometry-Aware Self-Supervised Transformer (GAST) framework demonstrated powerful 

performance in chest X-ray analysis by combining geometry-aware attention and differentiable feature selection into 

a single model. The results showed superior classification performance in parameters such as Accuracy, Precision, 

Recall, and F1-score, as well as improved retrieval performance in Recall@K, NDCG@K, and Mean Average 

Precision. These results show how effective medical image analysis can be by incorporating anatomical information 

and selecting relevant features. Being able to do simultaneous classification and case-based retrieval through a dual-

head design will help doctors identify similar cases. It will increase trust in diagnosis and promote the use of 

intelligent medical imaging systems in health services. 

 

5.1. Limitations 

This model, being a transformer-based structure, requires more computational resources. Also, it was tested only 

on a single-modality chest X-ray dataset. So there is a possibility that the generalization ability on different types of 

images may be limited. 

 

5.2. The Future Directions of Research 

Future research will focus on extending this framework to multi-modal medical datasets. Also, lightweight 

models are developed for real-time applications that operate in resource-constrained environments. Further, research 

also continues on improving the efficiency and robustness of the model for a wide range of clinical applications. 
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