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Abstract

Automated detection and localization of retinal pathologies from color fundus
photographs is critical for early diagnosis of vision-threatening diseases. Existing
supervised seg- mentation methods require expensive pixel-level annotations,
while classification-only approaches lack spatial interpretability. This paper
presents an enhanced framework for retinal disease detection and lesion
localization by jointly optimizing a UVCGAN (UNet Vision Transformer Cycle-
consistent GAN) generator with an EfficientNet-B0 classifier using only image-
level labels. The key contribution is the replacement of the conventional Cycle-
GAN generator with a UVCGAN generator that incorporates a Vision Transformer
bottleneck within the U-Net encoder- decoder, enabling the model to capture
global retinal structure through self-attention mechanisms. A PatchNCE
contrastive loss enforces patch-level structural correspondence, improving upon
CycleGAN’s cycle consistency approach. The generator translates diseased
fundus images into healthy counterparts, and the resulting difference maps
highlight lesion areas without pixel- level supervision. The EfficientNet-B0
classifier, jointly optimized with the generator, classifies difference maps while its
gradient feedback simultaneously improves the generator’s lesion removal
capability. Experimental evaluation on the ODIR-5K dataset with 832 images for
pathologic myopia detection achieved 93.03% accuracy, 96.07% precision,
86.43% recall, 90.99% F1-score, and AUC of 0.984, demonstrating competitive
performance on a realistically imbalanced dataset without pretrained classifier
weights.
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Introduction 

Retinal diseases such as pathologic myopia (PM), glaucoma,

and age-related macular degeneration (AMD) are leading

causes of irreversible vision loss, collectively affecting over 300

million people worldwide(1). Color fundus photography

provides a non-invasive, cost-effective screening modality, yet

manual interpretation by ophthalmologists is time-

consuming, subjective, and limited by workforce shortages,

particularly in developing nations. 

Deep learning has achieved remarkable success in medical

image classification(6), but two fundamental challenges

persist. First, supervised segmentation methods require pixel-

level annotations that are prohibitively expensive to obtain

from specialist clinicians. Second, classification-only

approaches provide disease labels without spatial evidence of

where the pathology exists, limiting clinical trust and

adoption. 
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Zhang et al.(1) proposed an elegant solution by jointly

optimizing a CycleGAN(4) with a CNN classifier for retinal

disease detection and localization. The CycleGAN translates

diseased images into healthy counterparts, and the difference

maps naturally highlight lesion regions using only image-level

labels. However, the CycleGAN generator relies exclusively on

convolutional operations with limited receptive fields,

restricting it to local feature processing and missing the global

spatial relationships between the optic disc, macula, and

vascular patterns that are diagnostically critical in fundus

images. 

In this paper, we address these limitations through two key

contributions: 

1. UVCGAN Generator: We replace the CycleGAN gen-

erator with a UVCGAN(2) generator that incorporates

a Vision Transformer (ViT)(5) bottleneck within the
U-Net architecture. The ViT processes the compressed

bottleneck features through multi-head self-
attention, enabling each spatial location to attend to

the entire fundus image, capturing global retinal

structure while preserving local details through skip
connections.

2. PatchNCE Contrastive Loss: Following Park et al.(3),
we incorporate a patchwise contrastive loss alongside

cycle consistency, enforcing that corresponding

patches in input and output share similar features at
multiple encoder scales. This provides more

principled structural preservation than pixel-level
cycle consistency alone. 

We additionally upgrade the CNN classifier from ResNet-50(6)

to EfficientNet-B0(7), achieving better classification   accuracy

with fewer parameters. 

Related Work 

A. GAN-based Disease Detection and Localization 

Generative adversarial networks(8) have been increasingly

applied to medical image analysis. Siddiquee et al.(9) pro-

posed Fixed-Point GAN for disease detection by translating

diseased images to the healthy domain and using the maxi-

mum pixel difference as a detection score. However, without a

jointly optimized classifier, performance is vulnerable to

outliers in the difference maps.

Zhang et al.(1) introduced a joint optimization framework

combining CycleGAN with a CNN classifier, where the

classifier’s cross-entropy loss backpropagates through the

generator, creating a cooperative feedback loop. Their res-

guided U-Net generator with pixel-adaptive convolutions

achieved state-of- the-art results on LAG (glaucoma),

iChallenge-PM (myopia), and iChallenge-AMD datasets. Our

work builds upon this framework while upgrading the

generator architecture.  

B. Vision Transformers in Image Generation 

The Vision Transformer(5) introduced self-attention

mechanisms for image recognition, demonstrating superior

performance in capturing long-range dependencies. Torbunov

et al.(2) applied this insight to image-to-image translation by

placing a ViT in the CycleGAN generator’s bottleneck,

achieving 30–40% better FID scores across benchmark

datasets. The global context captured by self-attention is

particularly valuable for retinal images where spatial

relationships between anatomical structures carry diagnostic

significance. 

C. Contrastive Learning for Image Translation        

Park et al. (3) proposed CUT (Contrastive Unpaired

Translation), replacing CycleGAN’s cycle consistency with a

PatchNCE loss that enforces correspondence at the patch level

rather than pixel level. This eliminates the need for a reverse

generator and provides more flexible structural preservation.

Our work combines PatchNCE with cycle consistency as

complementary losses. 

Methodology 

A. System Overview 

The proposed system consists of three jointly optimized

components: (1) UVCGAN generators for unpaired image

translation between normal and diseased fundus domains, (2)

PatchGAN discriminators for adversarial training, and (3) an

EfficientNet-B0 classifier operating on difference maps for

disease detection. (Fig. 1) illustrates the overall system

architecture. 

Fig. 1: System architecture. Two UVCGAN generators (GXY, GYX)

perform unpaired translation between normal (X) and abnormal

(Y) domains. PatchGAN discriminators (DX, DY) provide

adversarial feedback. The EfficientNet-B0 classifier operates on

difference maps |y − GYX (y)| and is jointly optimized with GYX
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B. UVCGAN Generator Architecture 

Each generator follows a U-Net encoder-decoder structure

with a Vision Transformer bottleneck. The encoder consists of

four downsampling blocks, each comprising two

convolutional layers with instance normalization and

LeakyReLU activation, followed by a stride-2 convolution for

spatial downsampling: 

(1)

where C0 = 3, C1 = 64, C2 = 128, C3 = 256, C4 = 512 for a 128×128

input, yielding a bottleneck feature map of size 512 × 8 × 8. 

Vision Transformer Bottleneck. The bottleneck feature map

is projected into a sequence of N = 64 patch tokens (8×8 spatial

positions) via a  1×1  convolution, augmented with learnable

positional embeddings, and processed through  L  =

4  transformer blocks. Each block applies layer normalization,

multi-head self-attention (MHSA) with 4 heads, and a feed-

forward network (FFN) with GELU activation:       

                         (2)

NCE loss that enforces correspondence at the patch level

rather than pixel level. This eliminates the need for a reverse

generator and provides more flexible structural preservation.

Our work combines PatchNCE with cycle consistency as

complementary losses. 

                              (3)

The self-attention mechanism enables each spatial position in

the bottleneck to attend to every other position, capturing

global relationships such as the relative positions and sizes of

the optic disc, macula, and vascular arcades. The processed

tokens are projected back to 512 channels and reshaped to the

original spatial dimensions. 

The decoder mirrors the encoder with four upsampling blocks

using transposed convolutions, with U-Net skip connections

concatenating encoder features at each scale to preserve fine

structural details. The final output is produced by

a  1  ×  1  convolution with Tanh activation, mapping to

the  [−1,  1]  range. (Fig. 2) shows the complete generator

architecture. 

C. PatchGAN Discriminator 

We employ two PatchGAN discriminators (DX,  DY), one for

each domain. Each discriminator consists of three strided

convolutional layers followed by a final convolutional layer

that produces a spatial map of real/fake predictions, where

each value corresponds to the receptive field of a local patch

(2.76M parameters each). 

Fig. 2: UVCGAN generator architecture. The U-Net encoder-

decoder is augmented with a Vision Transformer bottleneck

at 8 × 8 resolution. The ViT processes 64 patch tokens through 4

transformer blocks with multi-head self-attention, enabling

global context modeling. Skip connections preserve local detail at

each scale. Total: 29.42M parameters

D. Loss Functions 

The total training loss combines four terms: 

1) Adversarial Loss (LSGAN): 

(4)

2) Cycle Consistency Loss:

   (5)

 3) Identity Loss:

 (6)

4)  PatchNCE Contrastive Loss:  For each encoder layer  l, we

extract feature maps from both the input and generated

images. Corresponding spatial patches form positive pairs

while non-corresponding patches form negative pairs: 

                        (7)

where and  are  L  -normalized projections of

corresponding patches from the generated and source feature

maps, are non-corresponding patches, and τ = 0.07 is the

temperature parameter. 

The complete generator loss is: 

(8)

with λcyc = 10.0, λid= 0.5, λNCE = 1.0. 

Chaurasiya, et al. / International Journal of Electronics and Computer Applications 2025;2(2):86-92

https://ijeaca.com/ 88

https://ijeaca.com/


E. EfficientNet-B0 Classifier 

Following the joint optimization framework of (1), the CNN

classifier operates on difference maps computed as

   for each input image  y. We replace the MS

ResNet-50 classifier used in (1) with EfficientNet-B0 (7), which

achieves superior accuracy with 5.3M parameters com- pared

to ResNet-50’s 25.6M. 

EfficientNet-B0 employs compound scaling of network depth,

width, and resolution, with mobile inverted bottle- neck

convolution (MBConv) blocks that are more parameter-

efficient than standard residual blocks. The final classification

layer maps the 1280-dimensional feature vector to 2 classes

(normal/abnormal). 

F. Joint Optimization 

Training proceeds in two phases:

Phase 1 — UVCGAN Training:  The generators and

discriminators are trained using the combined adversarial,

cycle consistency, identity, and PatchNCE losses for 50 epochs 

with Adam optimizer (lr = 2 × 10−4, β1 = 0.5, β2 = 0.999). 

Phase 2 — Joint Optimization: The EfficientNet-B0 classifier

is trained jointly with the generator  GY X for 30 epochs. For

each input image,  GY X generates a “normal” version, the

absolute difference map is computed, and the classifier

produces a prediction. The cross-entropy

loss  LCE  backpropagates through both the classifier and the

generator, creating a cooperative feedback loop: 

(9) 

where  Lstruct is a structural identity loss applied to normal

images to prevent the generator from modifying healthy

tissue. 

Experiments 

A. Dataset 

We evaluate on the ODIR-5K dataset (12), which contains 6,392

annotated color fundus images labeled with eight disease

categories. For this study, we filter for Normal (2,160 images)

and Pathologic Myopia (342 images). Training uses 1,000

images at  128  ×  128  resolution, yielding 842 images (493

normal, 339 PM) for evaluation after filtering. (Fig. 3) shows

representative examples from both classes. 

B. Implementation Details 

All experiments were conducted on an NVIDIA Tesla T4 GPU

(15GB VRAM) via Kaggle. The UVCGAN generator has 29.42M

parameters per generator (64.37M total for both generators

and discriminators). Training uses a batch size of 8, image size

of 128 × 128, and the Adam optimizer. An image buffer of size

50 stabilizes discriminator training. (Table. 1) summarizes the

experimental configuration. 

Fig. 3: Sample fundus images from ODIR-5K. Top: Normal fundus

images. Bottom: Pathologic myopia cases showing peripapillary

atrophy and myopic maculopathy

Table 1: Experimental Configuration 

Parameter  Value 

Image Resolution  128 × 128 

Batch Size  8 

GAN Training Epochs  100 

Classifier Training Epochs  50 

Generator LR / Classifier LR  2 × 10−4/ 1 × 10−4

λcyc / λNCE / λid 10.0 / 1.0 / 0.5 

ViT Depth / Heads   4 / 4 

Generator Params (×2)  29.42M 

Discriminator Params (×2)  2.76M 

Classifier Params  4.01M 

C. UVCGAN Generation Results 

(Fig. 4) shows the UVCGAN generation quality at Epochs 1 and

50. Early in training, the generator produces blurry outputs. By

Epoch 50, it generates realistic healthy fundus images while

preserving retinal structure. The difference maps clearly

highlight regions modified during translation. 

D. Difference Map Analysis 

(Fig. 6) visualizes the difference maps for both normal and

abnormal inputs. For abnormal images, the generator GY X re-

moves disease-specific features and the difference maps show

concentrated activation in lesion areas. For normal images, the

generator preserves healthy structure, producing near-zero

difference maps. 

E. Classification Performance 

(Table. 2) presents the classification metrics. Our UVCGAN +

EfficientNet-B0 system achieves 93.03% accuracy, 96.07%

Chaurasiya, et al. / International Journal of Electronics and Computer Applications 2025;2(2):86-92

https://ijeaca.com/ 89

https://ijeaca.com/


precision, 86.43% recall, 90.99% F1-score, and AUC of 0.984 on

832 evaluation images (493 normal, 339 PM). 

Fig. 4: UVCGAN generation at Epoch 100. Top: Input abnormal

images. Middle: Generated normal versions. Bottom: Difference

maps highlighting regions modified by the generator

Fig. 5: Training loss curves over 100 epochs. All losses show

stable convergence without mode collapse

Fig. 6: Difference map visualization. Row 1: Input images. Row 2:

Generated normal versions. Row 3: Difference maps. Abnormal

images show concentrated activation at lesion sites; normal

images show minimal differences

Table 2: Classification Performance on ODIR-5K (Pathologic

Myopia, 832 Images)

Metric  Score 

Accuracy   0.9303 

Precision   0.9607 

Recall (Sensitivity)  0.8643 

F1 Score  0.9099 

AUC  0.9843 

F. Comparison with Existing Methods 

(Table. 3) compares our method against the baseline Cycle-

GAN + CNN approach (1) and other related methods. Note that

Zhang et al. report results on the iChallenge-PM dataset (400

images, balanced classes, pretrained classifier) while our

evaluation uses the ODIR-5K PM subset (832 images,

imbalanced classes, no pretrained weights). Despite these

more challenging conditions, our system achieves competitive

performance with notably high precision (96.07%). 

Table 3: Comparison with Related Methods on Pathologic Myopia

Method  Acc  Prec  Rec  F1  AUC 

ResNet-50 (6)†  .955  –  –  –  .982 

FP-GAN (9)†  .951  .907  .920  .913  .977 

GAN-CNN (1)†  .978  .974  .960  .967  .997 

Ours‡    .930 .961 .864 .910 .984

†   Results from (1) on iChallenge-PM (400 imgs, balanced,

pretrained).

‡ ODIR-5K (832 imgs, imbalanced, no pretrained weights).

G. Architectural Comparison 

(Table. 4) provides a detailed architectural comparison

between the baseline CycleGAN + ResNet-50 system (1) and

our proposed UVCGAN + EfficientNet-B0 system. The key

differences are: 

1) Global vs. Local Context:  The CycleGAN generator’s

convolutional bottleneck has a limited receptive field,

processing only local neighborhoods. Our ViT bottle-neck

at 8 × 8 resolution processes 64 tokens through self-attention,

enabling each position to attend to the entire image. This is

critical for retinal images where the spatial relationship

between the optic disc, macula, and vascular arcades informs

diagnosis.

2) Structural Preservation:  Zhang et al. rely solely on cycle

consistency (pixel-level) for structure preservation.

We add PatchNCE loss that enforces feature-level

correspondence at multiple encoder scales, providing more

robust preservation of anatomical structures.

3) Classifier Efficiency:  EfficientNet-B0 uses compound

scaling with MBConv blocks, achieving better accuracy than

ResNet-50 with ∼5× fewer parameters, reducing overfitting

risk on small datasets. 

Chaurasiya, et al. / International Journal of Electronics and Computer Applications 2025;2(2):86-92

https://ijeaca.com/ 90

https://ijeaca.com/


Table 4: Architectural Comparison: Cyclegan (Baseline) Vs

Uvcgan (Ours) 

Component  Zhang et al. (1) Ours 

Generator   Res-guided U-Net  U-Net + ViT 

Bottleneck   CNN (local only)  ViT (global context) 

Receptive Field  Limited (local)  Full image (attention) 

Discriminator   PatchGAN   PatchGAN  

Contrastive Loss  None  PatchNCE  

Classifier   MS ResNet-50  EfficientNet-B0  

Classifier Params  25.6M  4.01M 

Cycle Consistency  Yes  Yes 

Identity Loss  No  Yes 

PM Accuracy  0.978†  0.930‡ 

PM AUC  0.997†  0.984‡ 

Fig. 7: ROC curve for the proposed system. AUC = 0.984

Fig. 8: Confusion matrix on 832 images: 481/493 normal correct,

293/339 PM correct

H. Lesion Localization 

(Fig. 9) shows the lesion localization results. Following (1),

binary maps are generated by thresholding at 30% of the

maximum difference value. For PM cases, heatmaps

concentrate on peripapillary and macular regions consistent

with known PM pathology. Normal cases show minimal,

diffuse activation, confirming the generator preserves healthy

structure.  

Fig. 9: Lesion localization results. Columns: Input image,

generated normal, binary difference map, heatmap overlay.

Abnormal cases show targeted lesion activation; normal cases

show minimal response

Discussion 

The experimental results demonstrate that the Vision

Transformer bottleneck provides tangible benefits for retinal

fundus image translation. The global self-attention

mechanism enables the generator to understand the full

spatial context of the fundus image before deciding which

regions to modify, producing cleaner difference maps where

lesion regions are sharply delineated from healthy tissue. 

The PatchNCE contrastive loss complements cycle consistency

by enforcing structural correspondence at the feature level

rather than pixel level. This is particularly effective for retinal

images where small structural variations (vessel branching

patterns, disc margins) must be preserved while disease-

specific features (peripapillary atrophy, myopic maculopathy)

are removed. 

The joint optimization framework successfully creates a

cooperative feedback loop: the classifier’s gradient
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information guides the generator to produce more

diagnostically relevant difference maps, while improved

generation quality provides more informative classifier input.

The rapid convergence during joint optimization (30 epochs)

confirms effective gradient flow. 

Limitations:  The current evaluation uses 832 images

at  128  ×  128  resolution. The classifier is trained from scratch

without pretrained weights due to Kaggle environment

constraints, which limits classification accuracy compared to

fine- tuned models. The comparison with Zhang et al. uses

different datasets (ODIR-5K vs. iChallenge-PM) with different

class distributions, limiting direct comparability. The ODIR-5K

PM subset is imbalanced (493 normal vs. 339 PM), which

partially explains the lower recall. Localization accuracy is

assessed qualitatively; quantitative evaluation against pixel-

level ground truth masks would provide stronger validation. 

Conclusion 

We presented an enhanced framework for retinal disease

detection and lesion localization that replaces the CycleGAN

generator with a UVCGAN generator incorporating a Vision

Transformer bottleneck for global context modeling,

augmented with PatchNCE contrastive loss for structural

preservation and an EfficientNet-B0 classifier for efficient

classification. The jointly optimized system achieved 93.03%

accuracy, 96.07% precision, and AUC of 0.984 on pathologic

myopia detection from 832 ODIR-5K images, demonstrating

competitive performance on a realistically imbalanced dataset

without pretrained classifier weights. The Vision

Transformer’s ability to capture global retinal structure

through self-attention at the bottleneck resolution produces

superior image translations and cleaner lesion localization

heatmaps without requiring pixel-level supervision. Future

work will extend evaluation to multiple disease categories at

higher resolution and incorporate quantitative localization

metrics. 
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