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Abstract: Pterygium is an extremely common disease of the surface of the eye which, if not diagnosed 

and treated early enough, can cause impaired vision. Correct detection, lesion segmentation and severity 

grading are crucial for proper clinical management. This paper introduces a hybrid CNN–Transformer 

model called EyePterNet-X for automated analysis of pterygium in anterior segment eye images. To 

enhance the global contextual representation of the Swin Transformer and the local feature extraction 

ability of EfficientNetV2, a novel Cross-Attention Guided Feature Fusion Module (CAFFM) is introduced 

to the proposed model. A unified multi-task learning framework learns a shared feature representation 

for pterygium detection, lesion segmentation and severity grading. The proposed approach is 

experimentally evaluated on 5,120 clinically annotated images, which proves the efficacy of the 

proposed approach. Based on the test results, EyePterNet-X achieves the highest detection accuracy of 

96.2% (AUC of 98.5%), highest Dice coefficient of 87.5% for lesion segmentation, and the highest 

accuracy of 86.0% for grading of existing CNN-, Transformer-, and conventional hybrid-based methods. 

The findings show the validity, efficiency and reliability of the EyePterNet-X along with its ability to make 

a computer-aided pterygium diagnosis and large-scale ophthalmic screening. 
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1.​ Introduction 

 

Pterygium is a fairly common fibrovascular disease of the ocular surface which may encroach into the 

cornea and cause vision impairment when it is not treated [1]. It is very common in areas with long 

periods of exposure to ultraviolet radiation, where there is a need to have reliable automatic screening 

systems [2]. The diagnosis of anterior segment diseases has significantly improved with computer-aided 

diagnosis (CAD), but traditional CNN-based approaches have limited ability to model the global 

anatomical context, which is crucial for accurate pterygium assessment [3] and [4]. This is mitigated by 

the use of the self-attention mechanism in Vision Transformers and the hierarchical feature learning in 

the Swin Transformer with increased computational efficiency [5, 6]. Transformer-based models, 

however, may be losing out on capturing the nuance of the boundaries that are crucial to precisely 

segmenting lesions.To solve these problems, this paper presents a hybrid CNN–Transformer architecture, 

namely EyePterNet-X, which combines the advantages of local feature extraction from EfficientNetV2 

and the global contextual representation from Swin Transformer [7]. A novel Cross-Attention Guided 

Feature Fusion Module (CAFFM) has been proposed to effectively develop the interaction between local 
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and global features, and a multi-task learning strategy is used to simultaneously detect pterygium, 

segment the lesions and grade their severity with a shared backbone [8], [9].The proposed framework 

makes three significant contributions: First, it introduces a cross-attention based feature fusion 

mechanism to enhance the representation learning. Second, it proposes a unified multi-task architecture 

for simultaneous detection, segmentation, and grading of anterior segment images. Third, it achieves 

better performance than existing CNN, Transformer, and traditional hybrid models on anterior segment 

image datasets. The rest of the paper discusses the related work, proposed methodology, experimental 

evaluation, discussion and conclusions. 

2.​ Related work 

The first computer-aided diagnosis (CAD) systems for detecting pterygium used handcrafted texture and 

color features, together with traditional machine learning classifiers, with a performance that depended 

upon the image quality and illumination variations. The development of deep learning has led to the 

development of convolutional neural networks (CNNs) for classification and U-Net-based architecture for 

lesion segmentation, making automated pterygium analysis a much more accurate process [4, 11]. 

However, CNNs mainly identify local features and are not good to model the global anatomical context 

that is needed for severity assessment.Self-attention mechanisms enable Vision Transformers to learn 

long-range spatial dependencies, bypassing the need for filters and making them a better choice for 

certain tasks [12]. To further enhance medical image analysis, hybrid CNN–Transformer models have 

been developed, such as TransUNet [13] and CoAtNet [8], which combine the local and global feature 

representations. However, current approaches typically use shallow feature concatenation/adding 

between CNN and Transformer features that do not allow for good interaction between CNN and 

Transformer features. Furthermore, the studies conducted on pterygium are usually carried out on 

detection and differentiation of pterygium without the integration of segmentation and 

grading.Multi-task learning has shown to be highly effective in ophthalmic image analysis where multiple 

related tasks are able to share the same feature representations, both in terms of accuracy and 

computational efficiency [9], [14], [15]. Given these developments, the proposed EyePterNet-X leverages 

EfficientNetV2 and Swin Transformer via a novel Cross-Attention Guided Feature Fusion Module 

(CAFFM), and is designed to perform pterygium detection, segmentation and severity grading in a single 

end-to-end multi-task framework. 

 

3.​ Method, Experiments and Results 

 

EyePterNet-X: Hybrid Architecture for Multi-Task Pterygium Analysis 

We now describe the technical details of EyePterNet-X. The architecture is multi-branch, multi-task with 

an input anterior segment image  and three complementary outputs: a binary detection 𝐼 ∈ 𝑅𝐻×𝑊×3

score   segmentation mask   and a severity grade  The 𝑦
𝑑𝑒𝑡

∈ 0, 1( ), 𝑀 ∈ 0, 1𝐻×𝑊( ), 𝑦
𝑔𝑟𝑎𝑑𝑒

∈ 0, 1, 2( ).

essence of the system is a dual-branch hybrid backbone, with the first branch being an EfficientNetV2 

encoder and the second a Swin Transformer encoder. The two branches are run in parallel, with the input 

image being processed to create feature hierarchies at multiple scales. The features extracted from all 

the L fusion stages are then passed to the proposed Cross-Attention Guided Feature Fusion Module 

(CAFFM). The CAFFM generates a fused feature map which then cascades to the next layer in both 
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branches, thus creating a bidirectional interaction throughout the network. The final multi-scale 

representations after the deepest fusion stage enter the detection head, segmentation head, and 

grading head to achieve the detection, segmentation, and grading tasks, respectively. 

3.1 Dual-Branch Hybrid Backbone 

The CNN branch is implemented as a pre-activated EfficientNetV2 backbone [7], denoted as . At ϕ
𝐶𝑁𝑁

each stage , this branch processes its input feature map  and produces a local 𝑙∈{1, 2, …, 𝐿} 𝐹
𝐶𝑁𝑁
𝑙−1( )

texture-rich feature map . The Swin Transformer branch, denoted as , processes 𝐹
𝐶𝑁𝑁
𝑙( ) ∈ 𝑅

𝐶
𝑙
×𝐻

𝑙
×𝑊

𝑙 ϕ
𝑇𝑟𝑎𝑛𝑠

its input  using shifted window-based multi-head self-attention (MSA) and feed-forward networks 𝐹
𝑇𝑟𝑎𝑛𝑠
𝑙−1( )

(FFN) [6], yielding a global context-rich feature map . The spatial dimensions  and  𝐹
𝑇𝑟𝑎𝑛𝑠
𝑙( ) ∈ 𝑅

𝐶
𝑙
×𝐻

𝑙
×𝑊

𝑙 𝐻
𝑙

𝑊
𝑙

are progressively downsampled by a factor of 2 at each stage, while the channel dimension  increases 𝐶
𝑙

accordingly. The two branches are initialized independently using pre-trained weights on ImageNet, but 

their parameters are jointly fine-tuned during the pterygium-specific training. 

3.2 Cross-Attention Guided Feature Fusion Module 

The CAFFM is the central innovation that distinguishes our approach from simple concatenation or 

additive fusion. As shown in Figure 1, this module receives the two feature maps  and  from 𝐹
𝐶𝑁𝑁
𝑙( ) 𝐹

𝑇𝑟𝑎𝑛𝑠
𝑙( )

the same stage . First, each feature map is projected into a common embedding space using two 𝑙

independent  convolutional layers: , , 1 × 1 𝑄
𝐶𝑁𝑁

= 𝑊
𝑄
𝐶𝑁𝑁 * 𝐹

𝐶𝑁𝑁
𝑙( ) 𝐾

𝐶𝑁𝑁
= 𝑊

𝐾
𝐶𝑁𝑁 * 𝐹

𝐶𝑁𝑁
𝑙( )

, and similarly for the Transformer branch using . The 𝑉
𝐶𝑁𝑁

= 𝑊
𝑉
𝐶𝑁𝑁 * 𝐹

𝐶𝑁𝑁
𝑙( ) 𝑊

𝑄
𝑇𝑟𝑎𝑛𝑠, 𝑊

𝐾
𝑇𝑟𝑎𝑛𝑠, 𝑊

𝑉
𝑇𝑟𝑎𝑛𝑠

module then computes two cross-attention maps. 
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Figure 1. Internal Mechanism of Cross-Attention Guided Feature Fusion Module 

In the first attention direction, the CNN features serve as the query to attend to the Transformer 

features. The cross-attention output is computed as: 

 𝐹
𝐶𝑁𝑁→𝑇𝑟𝑎𝑛𝑠
𝑙( ) = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥

𝑄
𝐶𝑁𝑁

𝐾
𝑇𝑟𝑎𝑛𝑠
𝑇

𝑑( )𝑉
𝑇𝑟𝑎𝑛𝑠

                                                            (1)

where  is the feature dimension per head. This allows the local texture details from the CNN branch to 𝑑
query the global context from the Transformer branch, effectively enriching local features with 

long-range spatial information about the pterygium’s extent relative to the limbus. Conversely, in the 

second attention direction, the Transformer features serve as the query to attend to the CNN features: 

 𝐹
𝑇𝑟𝑎𝑛𝑠→𝐶𝑁𝑁
𝑙( ) = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥

𝑄
𝑇𝑟𝑎𝑛𝑠

𝐾
𝐶𝑁𝑁
𝑇

𝑑( )𝑉
𝐶𝑁𝑁

                                                               (2)

This operation allows the global semantic features to refine and sharpen the fine-grained boundary 

details from the CNN branch, which is critical for precise segmentation of the pterygium’s leading edge 

on the cornea. 

These two bidirectional attention outputs are then concatenated along the channel dimension and 

passed through an adaptive gating mechanism that dynamically balances their contributions. We define 

a gate  as: 𝐺

 𝐺 = σ 𝑊
𝑔

𝐹
𝐶𝑁𝑁→𝑇𝑟𝑎𝑛𝑠
𝑙( ) ; 𝐹

𝑇𝑟𝑎𝑛𝑠→𝐶𝑁𝑁
𝑙( )⎡⎢⎣

⎤⎥⎦ + 𝑏
𝑔( )                                                          (3)

where  is the sigmoid activation function,  is a learnable weight matrix, and  is the bias term. The σ 𝑊
𝑔

𝑏
𝑔

final fused feature map for stage  is then computed via a gated summation with a residual connection: 𝑙
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 𝐹
𝑓𝑢𝑠𝑒𝑑
𝑙( ) = 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚 𝐹

𝐶𝑁𝑁
𝑙( ) + 𝐹

𝑇𝑟𝑎𝑛𝑠
𝑙( ) + 𝐺 ⊙ 𝐹

𝐶𝑁𝑁→𝑇𝑟𝑎𝑛𝑠
𝑙( ) + 𝐹

𝑇𝑟𝑎𝑛𝑠→𝐶𝑁𝑁
𝑙( )( )( )           (4)

where  denotes element-wise multiplication. This formulation ensures that the network can adaptively ⊙
emphasize either local or global cues depending on the image content, while the residual path preserves 

the original features from both branches. The fused feature  is then passed to the next stage of 𝐹
𝑓𝑢𝑠𝑒𝑑
𝑙( )

both the CNN and Transformer branches as  and  respectively, establishing a recurrent 𝐹
𝐶𝑁𝑁
𝑙( ) 𝐹

𝑇𝑟𝑎𝑛𝑠
𝑙( )

refinement process. 

3.3 Multi-Task Learning Heads and Composite Loss 

After the deepest fusion stage , we obtain a final fused feature map . This 𝐿 𝐹
𝑓𝑢𝑠𝑒𝑑
𝐿( ) ∈ 𝑅

𝐶
𝐿
×𝐻

𝐿
×𝑊

𝐿

representation is then processed by three distinct task heads. The detection head consists of a global 

average pooling layer followed by a fully connected layer with a sigmoid activation, producing a scalar 

 indicating the probability of pterygium presence. The segmentation head is a lightweight 𝑦
𝑑𝑒𝑡

∈ 0, 1[ ]

decoder comprising two transposed convolutional layers that upsample  back to the input 𝐹
𝑓𝑢𝑠𝑒𝑑
𝐿( )

resolution , followed by a  convolution with softmax activation to produce the pixel-wise 𝐻 × 𝑊 1 × 1

probability map . The grading head applies a global average pooling layer followed by a 𝑀 ∈ 0, 1[ ]𝐻×𝑊

fully connected layer with a softmax activation over three classes (normal, mild, and severe), outputting 

. 𝑦
𝑔𝑟𝑎𝑑𝑒

∈ 𝑅3

The entire network is optimized using a composite loss function that balances the three tasks: 

 𝐿
𝑡𝑜𝑡𝑎𝑙

= λ
1
𝐿

𝑑𝑒𝑡
+ λ

2
𝐿

𝑠𝑒𝑔
+ λ

3
𝐿

𝑔𝑟𝑎𝑑𝑒
                                                                                  (5)

For the detection and grading tasks, we use weighted cross-entropy loss to address class imbalance, 

particularly the underrepresentation of severe pterygium cases. Let  be the class-specific weight, 𝑤
𝑖

which is inversely proportional to the class frequency in the training set. The detection loss is: 

 𝐿
𝑑𝑒𝑡

=−
𝑖∈{0,1}

∑ 𝑤
𝑖

· 𝑦
𝑑𝑒𝑡
𝑖( ) 𝑙𝑜𝑔 𝑦

^

𝑑𝑒𝑡

𝑖( )( )                                                                                        (6)

where  and  are the ground truth and predicted probabilities for class , respectively. The grading 𝑦
𝑑𝑒𝑡
𝑖( ) 𝑦

^

𝑑𝑒𝑡

𝑖( )
𝑖

loss is similarly defined over the three severity classes. For the segmentation task, we use the Dice loss 

to maximize the overlap between the predicted segmentation mask  and the ground truth mask : 𝑀
^

𝑀

 𝐿
𝑠𝑒𝑔

= 1 −
2

𝑝
∑𝑀

𝑝
·𝑀

^

𝑝

𝑝
∑𝑀

𝑝
+

𝑝
∑𝑀

^

𝑝

                                                                                                   (7)

where  indexes over all pixels. The hyperparameters  and  are set empirically to balance the 𝑝 λ
1
, λ

2
, λ

3

magnitudes of the individual losses, ensuring that no single task dominates the optimization. In our 

experiments, we set  and , which provided the best performance on the λ
1

= 1. 0, λ
2

= 2. 0, λ
3

= 1. 0

validation set. 

4. Experiments and Results 
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For the evaluation of EyePterNet-X, a comprehensive set of experiments were carried out to validate the 

performance of the system in the three clinical tasks of detection, segmentation and severity grading. 

This section summarizes the experimental set-up, comparative baselines, quantification and qualitative 

results. 

4.1 Experimental Setup and Dataset 

These experiments were performed on a carefully selected set of eye images obtained from the anterior 

segment of eyes from a multi-center cohort. This consists of 5120 slit-lamp and smartphone images that 

have been independently annotated by 2 ophthalmologists as ground-truth labels. The annotations 

consist of a binary label indicating the presence of pterygium, a segmentation mask indicating the 

fibrovascular tissue area and a severity grade (normal, mild and severe) depending on the degree of 

corneal invasion. The severe class is a minority class -- about 15% of positive cases -- as it is by definition. 

The data set was divided into 5 folds, training, validation, and test, each containing 80%, 10%, and 10% 

of the data, respectively, with the same distribution of the classes in all folds. Averaged over 5 test folds 

all reported metrics. 

All input images were resized to  pixels and normalized using the mean and standard 512 × 512
deviation of the ImageNet dataset. Data augmentation was applied during training, including random 

horizontal flipping, random rotation ( ), color jittering, and random affine transformations. The ± 15◦

models were trained using the AdamW optimizer [16] with an initial learning rate of  and a 1 × 10−4

cosine annealing schedule. The batch size was set to 16, and training proceeded for 100 epochs. For the 

composite loss in Equation 5, the task weights were fixed at , , and , as λ
1

= 1. 0 λ
2

= 2. 0 λ
3

= 1. 0

determined by a grid search on the validation set. 

For evaluation, we employed standard metrics: accuracy, sensitivity, specificity, and the area under the 

receiver operating characteristic curve (AUC) for detection; the Dice similarity coefficient and 

intersection over union (IoU) for segmentation; and accuracy and Cohen’s kappa score for severity 

grading. We compared EyePterNet-X against a range of competitive baselines, including single-task 

architectures such as ResNet-50 [17] for detection, U-Net [18] for segmentation, and EfficientNet-B4 [19] 

for grading. We also implemented two hybrid multi-task baselines: a simple concatenation-based fusion 

of EfficientNetV2 and Swin Transformer features, and a CoAtNet-inspired interleaved architecture [8] 

adapted for multi-task learning. 

4.2 Comparison with State-of-the-Art Methods 

The quantitative results for all three tasks are presented in Table 1, Table 2, and Table 3. EyePterNet-X 

consistently outperforms all competing methods, demonstrating the efficacy of the cross-attention 

guided fusion mechanism. 

 

Table 1. Pterygium Detection Performance Comparison 

Method Accuracy (%) Sensitivity 

(%) 

Specificity (%) AUC (%) 

ResNet-50 [17] 93.8 92.1 95.2 96.1 

EfficientNet-B4 [19] 94.2 92.5 95.6 96.5 

ViT-Base [5] 93.5 91.8 94.9 95.8 
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Concatenation Fusion (Multi-Task) 94.8 93.1 96.0 97.0 

CoAtNet-Multi [8] 95.1 93.6 96.3 97.3 

EyePterNet-X (Ours) 96.2 95.8 96.8 98.5 

For the detection task, EyePterNet-X shows an accuracy of 96.2%, and an AUC of 98.5%, outperforming 

the best baseline, CoAtNet-Multi, by 1.1% and 1.2%, respectively. The improvement in sensitivity (93.6% 

to 95.8%) is interesting, especially with regards to our model's ability to detect true positive cases of 

pterygium. The ability to include global context and help differentiate pterygium from other benign 

conjunctival growths is attributed to this. 

Table 2. Pterygium Segmentation Performance 

Method Dice Coefficient (%) IoU (%) 

U-Net [18] 82.5 70.2 

TransUNet [13] 84.1 72.5 

Concatenation Fusion (Multi-Task) 84.8 73.6 

CoAtNet-Multi [8] 85.2 74.1 

EyePterNet-X (Ours) 87.5 77.8 

Table 2 shows the results of segmentation. EyePterNet-X outperforms the second best model by 2.3% in 

Dice with a score of 87.5% and 77.8% in IoU. The CAFFM's bidirectional cross-attention is used to 

enhance the segmentation mask's boundary details, which is crucial for accurately defining the leading 

edge of the pterygium. This is especially crucial for accurately quantifying corneal invasion (which is 

directly related to reliable severity grading). 

Table 3. Pterygium Severity Grading Performance Comparison 

Method Accuracy (%) Cohen's Kappa 

EfficientNet-B4 [19] 81.5 0.72 

ViT-Base [5] 80.8 0.71 

Concatenation Fusion (Multi-Task) 82.8 0.74 

CoAtNet-Multi [8] 83.2 0.75 

EyePterNet-X (Ours) 86.0 0.79 

For the multi-class severity grading task, EyePterNet-X achieves an accuracy of 86.0% and a Cohen’s 

kappa of 0.79, as shown in Table 3. The strong performance on this task, which relies on understanding 

the global spatial relationship between the pterygium, the limbus, and the pupil, underscores the value 

of the Swin Transformer branch’s global context modeling. The joint multi-task learning further enables 

the model to leverage shared features from detection and segmentation, which correlate highly with the 

severity grade. 

4.3 Ablation Study 

To isolate the contribution of each key component in EyePterNet-X, we conducted a thorough ablation 

study. The baseline model is a straightforward multi-task network with a shared CNN backbone 

(EfficientNetV2) and independent task heads. We incrementally added the Swin Transformer branch, the 

cross-attention fusion, and the adaptive gating mechanism. The results, averaged across all tasks, are 

presented in Table 4. 

Table 4. Ablation Study on Key Components of EyePterNet-X 

SGS Initiative, VOL.1 NO.9 (2026): LGPR 



  

Model Variant Detection 

AUC (%) 

Segmentation 

Dice (%) 

Grading 

Accuracy (%) 

Baseline (EfficientNetV2-Multi) 96.5 83.0 81.5 

+ Swin Transformer (Concatenation Fusion) 97.0 84.8 82.8 

+ Cross-Attention (without Adaptive Gating) 98.0 86.6 84.5 

+ Adaptive Gating (Full CAFFM / EyePterNet-X) 98.5 87.5 86.0 

The baseline model (CNN backbone only) already offers a solid baseline. Global context benefits are 

observed when the Swin Transformer branch is added with simple concatenation fusion as shown in the 

above table for all the metrics. With the bidirectional cross-attention mechanism without the adaptive 

gating, a more significant performance improvement is seen. It confirms our hypothesis that there is 

greater value in making the explicit interaction of local and global features than in simply concatenating 

them passively. Lastly, by incorporating the adaptive gating mechanism to create the entire CAFFM, it 

also enhances performance especially on segmentation and grading tasks. The gate enables a dynamic 

suppression of irrelevant or noisy feature interactions resulting in a more robust and refined fused 

representation of the features. This ablation study clearly shows that each of the proposed architecture 

components is beneficial to the overall performance of the system. 

5. Discussion and Future Work 

5.1 Interpretability of Cross-Attention Mechanisms in Clinical Context 

EyePterNet-X superior performance was further evaluated by cross attention map analysis from 

Cross-Attention Guided Feature Fusion Module (CAFFM). Clinically meaningful feature learning was seen 

in the attention patterns. In mild pterygium cases, the model highlighted global contextual information 

of the Swin Transformer branch to precisely locate the initial invasion of the cornea. However, for more 

severe cases the CNN branch received more time to be able to correctly identify the local texture, 

vascular pattern and boundaries of the lesions. The adaptive feature fusion allows the network to 

adaptively learn the relative contribution of the global anatomical context and the local structural details 

according to the gravity of the disease in order to improve the prediction accuracy and interpretability of 

the model. 

5.2 Limitations Regarding Domain Generalization and Data Diversity 

Although EyePterNet-X is successful, there are a number of restrictions associated with it. The data 

primarily have been collected in the highest exposure ultraviolet areas which may limit the 

generalizability of the data to other populations and geographic areas [1]. Furthermore, the system relies 

on color photographs of the anterior segment only and fails to incorporate the complementary imaging 

modalities such as anterior segment optical coherence tomography (AS-OCT) which may include 

additional useful information about the depth to be included in severity assessment [20]. 

Another constraint is that of the acquisition devices for images. The model did not perform quite as well 

with the images taken using a smartphone, indicating sensitivity to variations in image quality and 

illumination, as the images were mostly slit-lamp images. Future work will involve building a more 

extensive multi-center database, multimodal imaging, and including domain adaptation techniques to 

enhance robustness and generalization to other clinical settings and imaging devices [21, 22]. 

6. Conclusion 
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In this paper, authors presented EyePterNet-X, a novel hybrid CNN-Transformer framework for 

automated analysis of pterygium, from anterior segment eye images. The proposed architecture 

effectively leverages the fine-grained textural details and the long-range spatial dependencies by 

synergistically integrating an EfficientNetV2 backbone with a Swin Transformer branch. The 

Cross-Attention Guided Feature Fusion Module (CAFFM) is the main technical contribution, which uses 

bidirectional cross-attention and adaptive gating mechanism to dynamically adjust the local and global 

features. This enables network to focus on local details for accurate segmentation while also tapping into 

the global context for accurate grading of severity. Moreover, unified detection, segmentation and 

grading within a single end-to-end model is provided by multi-task learning heads that are optimized 

with a composite loss function. 

It was validated on an extensive dataset on a large clinical study, with all three clinical tasks, with the 

experts' annotations, and it was shown that EyePterNet-X always outperforms the state-of-the-art 

single-task baseline and naive hybrid baseline. The attention maps show a dynamic gate behavior, 

switching between global geometry and local texture depending on the level of severity of the disease, 

with clinically interpretable insights. The model is well performing and has some limitations in terms of 

the ability of domain generalization for a variety of imaging devices and populations. Moving forward, 

clinical validation with prospective data sets, incorporation of temporal analysis for progression 

monitoring, and investigation of privacy-preserving federated learning paradigms to explore and 

facilitate real-world deployment in telemedicine settings will be explored. 
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