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Abstract. Variability in retinal fundus images across datasets, due to
fluctuation in illumination, acquisition settings, or disparity in equip-
ment, remains a major obstacle to developing robust early-stage dia-
betic retinopathy (DR) classification models. We propose an expert-
guided retinal image restoration pipeline based on U-Net to harmo-
nize retinal fundus images. Manually edited retinal images were used
as expert-curated reference targets for supervised restoration training,
and the dataset was subsequently processed using the trained restora-
tion model for classification training and evaluation. Results show that
the restored dataset achieves improved performance in accuracy, recall,
precision, weighted F1 and macro F1-scores. These findings suggest that
restoration-driven retinal image harmonization can improve the robust-
ness of automatic DR classification under cross-dataset variability.
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1 Introduction

Diabetic retinopathy (DR) is a major cause of blindness worldwide and is broadly
categorized into non-proliferative diabetic retinopathy (NPDR) and prolifera-
tive diabetic retinopathy (PDR) [1]. Automated deep learning methods have
become increasingly important for large-scale DR screening and early disease
detection [2] and hence robust classification models can assist in identifying
early retinal abnormalities associated with DR.

However, variability across retinal fundus datasets remains a major challenge
for automated DR classification. Differences in imaging equipment, illumination
conditions, and acquisition settings introduce substantial inconsistencies between
datasets. In addition, imaging artifacts and quality degradation can negatively
affect feature extraction and reduce classification robustness and generalization
performance [3].

Improving inter-dataset consistency and reducing image variability are es-
sential for developing reliable, fast, and scalable DR screening systems while
minimizing the need for dataset-specific model retraining. The proposed ap-
proach first trains a U-Net using high-quality fundus images and their degraded
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pairs using custom augmentations, to learn a consistent image representation.
The images from different datasets are inferred through the trained U-Net to
reduced variations in image quality and appearance before they are passed to a
CNN for DR classification.

1.1 Related Work

Numerous retinal image enhancement methods have been proposed to improve
image quality. However, many rely on fixed global transformations that are not
adaptable to variations in illumination and color distribution across datasets,
hence limiting the classification stability.

Hayati et al. [4] proposed a CLAHE-based preprocessing framework that
improved DR classification performance by applying computationally efficient
formula-based contrast enhancement to grayscale fundus images. However, the
approach was evaluated only on the APTOS dataset, which is relatively smaller
and cleaner than datasets such as EyePACS [7].

Yi et al. [5] proposed the Medical Image Dataset Cleaning (MIDC) frame-
work, which identifies low-credibility samples and aims to reduce the impact of
noisy or mislabeled images through model disagreement analysis and separates
them from reliable data. Its modular pipeline enables it to be applied across
a wide range of medical image classification tasks. However, the framework re-
moves samples identified as low-credibility, reducing the effective training dataset
size and potentially discarding informative images.

To address these limitations, we propose a restoration-based retinal image
harmonization framework using U-Net architecture [6]. The proposed pipeline
reduces variability by correcting illumination inconsistencies and color variations
while preserving the information from all fundus images, resulting in improved
DR classification performance.

2 Models and Methodology

We propose a dual-stage framework consisting of: (1) retinal image restoration
and (2) downstream DR classification, as shown in Fig. 1. In the first stage, a U-
Net-based restoration model is used to harmonize retinal fundus images and re-
duce acquisition-related artifacts. In the second stage, classification experiments
are performed using the restored dataset for model training and evaluation.
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Fig. 1. Restoration and classification pipeline
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2.1 Datasets

The proposed framework was evaluated using the publicly available EyePACS
dataset [7], containing 35,126 high-resolution retinal fundus images categorized
into five DR severity levels ranging from no DR to proliferative DR, (labels 0-4).

A subset of 250 retinal images was selected and manually edited to adjust
exposure, contrast, color balance, and image clarity, generating standardized ref-
erence targets for supervised restoration training. The remaining 34,876 images
were retained for downstream classification experiments.

2.2 Augmentations

Custom augmentations were implemented to simulate common retinal imaging
artifacts such as illumination imbalance, noise, blur, and contrast degradation.
These augmentations were applied with randomized combinations and probabil-
ities to increase data variability and improve restoration learning.

Initially, a Laplacian of Gaussian (LoG) filter was applied to enhance retinal
vessel structures in the reference images. The degraded image counterparts were
then subjected to augmentations including contrast compression, Gaussian noise
injection, random blurring, gamma correction, and color variations as shown in
Fig. 2.

Standard preprocessing operations were additionally applied to all image
pairs. Images were resized to 512 x 512 pixels, normalized to the range [0, 1], and
randomly flipped horizontally and vertically to improve training robustness and
variability.
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Fig. 2. Augmentation pipeline

2.3 Restoration Model

A U-Net architecture was used for retinal image restoration due to its effec-
tiveness in medical image reconstruction and its ability to preserve spatial in-
formation through skip connections. The model was trained using supervised
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reference—degraded image pairs to learn restoration mappings, while diverse aug-
mentation combinations introduced sufficient variability to reduce overfitting.

The encoder consists of stacked double convolution blocks with convolution,
batch normalization, and ReLU activation layers. The decoder reconstructs the
image using transposed convolutions and corresponding skip connections from
the encoder. A final (1x1) convolution layer generates the restored output image,
which is optimized against the reference image during training.

2.4 Loss Function

A composite reconstruction loss function was used to preserve pixel-level ac-
curacy, structural similarity, and retinal vessel details during restoration. The
overall reconstruction 1oss (Lyecon) is defined as:

Lrecon = (06 X L:MSE) + (03 X ﬁSSIM) + (01 X Egrad) (1)

where Lysg denotes the mean squared error loss for pixel-wise reconstruc-
tion, Lgsiv represents the structural similarity loss [8], and Lgraa denotes the
gradient consistency loss based on Sobel filtering to preserve vessel boundaries
and fine retinal structures. The weighting coefficients were empirically selected
to prioritize reconstruction fidelity while conserving edge information.

3 Experiments

3.1 Restoration Experiments

The U-Net restoration model was trained using a fixed random seed of 42. The
manually edited reference dataset was divided into 80:20 training-validation split,
and custom augmentation permutations were applied to increase variability in
the reference-degraded image pairs.

Training was performed for 300 epochs with a batch size of 16 on resized
512 x 512 images using an NVIDIA H100 GPU. The model was optimized with
Adam [9] (learning rate 5 x 104, weight decay 1 x 10~%) and a cosine annealing
scheduler [10]. Validation performance was evaluated using PSNR [11] and SSIM.
The trained model was then used to generate harmonized EyePACS images
(Fig. 3) for downstream classification.

Before After Before

Fig. 3. Comparison of retinal images before and after restoration using the proposed
U-Net.
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3.2 Classification Experiments

In order to justify the robustness and usefulness of fundus image restoration, we
performed classification training and validation on both the original and restored
EyePACS datasets using a 70:20:10 train-validation-test split over 100 epochs.
Two widely used architectures, VGG16 [12] and MobileNetV3-Small [13], were
selected to evaluate performance across models of different complexity.

ImageNet1K-pretrained weights [14] were used for initialization, while the
final classification layers were reinitialized and retrained for DR classification.
All images were resized to 224 x 224 pixels to match the input resolution re-
quirements. Training was performed with a batch size of 128, an initial learning
rate of 1 x 1074, and a weight decay of 5 x 107%.

4 Results

The restoration model achieved a best validation loss of 0.0684, with a PSNR
of 23.00 dB and an SSIM of 86.90% as indicated in Fig. 4, indicating effective
restoration of degraded retinal fundus images and preservation of important
structural information.
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Fig. 4. Training and validation loss show gradual decrease in training and validation
loss, PSNR. score and SSIM score plot shows increasing scores.

Classification experiments were conducted on both the original and restored
datasets using MobileNetV3-Small and VGG16 initialized with ImageNet pre-
trained weights and loss was calculated using weighted cross-entropy loss. The
performance was evaluated using accuracy, macro F1-score, recall, and precision.

As shown in Table 1 below, restoration substantially improved classification
performance across all evaluation metrics for both architectures. MobileNetV3-
Small improved from a macro Fl-score of 45.46% to 89.59%, while VGG16 im-
proved from 53.21% to 96.04%. Notably, recall increased from 50.76% and 55.05%
to 93.29% and 95.93% for MobileNetV3-Small and VGG16, respectively. Preci-
sion and accuracy also improved substantially, suggesting that the U-Net restora-
tion framework generated more consistent retinal representations for downstream
DR classification.
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Table 1. Comparison of Validation Set Performance on Raw and Restored Retinal
Images. Abbreviations: Acc. (Accuracy), F1-m (Macro Fl-score), Rec. (Recall), and
Prec. (Precision).

Raw Images Restored Images
Model Acc. Fl-m Rec. Prec.| Acc. Fl-m Rec. Prec.
MobileNetV3 | 56.80 45.46 50.76 86.27 | 93.80 89.59 93.29 97.41
VGG16 65.40 53.21 55.05 88.84 96.13 96.04 95.93 98.12
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Fig.5. Raw vs Processed Dataset Classification Accuracy Plots for Mo-
bileNetV3_Small and VGG16.

From Fig. 5, the restored datasets demonstrate faster and more stable conver-
gence than the raw datasets, with reduced divergence between the training and
validation losses throughout training. This behavior suggests that the proposed
harmonization reduces inter-image variability across mini-batches, resulting in
more consistent feature learning. Furthermore, substantial performance gains
were observed across all architectures, with MobileNet improving from 56.40%
to 93.80% accuracy and VGGI16 from 65.40% to 96.13%, indicating that reti-
nal image harmonization through the proposed U-Net restoration framework
improves downstream classification performance.

To further assess generalization, 10% of the dataset was reserved for testing.
The results in Table 2 show that both models maintained strong performance on
the unseen subset. Similar improvements were observed after restoration, with
VGG16 achieving a macro F1-score of 90.96% and MobileNetV3-Small achieving
86.94%.
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Table 2. Comparison of Test Set Performance on Raw and Restored Retinal Images.
Abbreviations: Acc. (Accuracy), F1-m (Macro Fl-score), Rec. (Recall), and Prec. (Pre-
cision).

Raw Images Restored Images
Model Acc. Fl-m Rec. Prec.| Acc. Fl-m Rec. Prec.
MobileNetV3 | 50.79 44.86 48.32 83.59 | 89.12 86.94 92.30 95.67
VGG16 59.89 51.80 53.82 86.94 | 94.34 90.96 94.42 96.62

5 Conclusion

Variability in retinal fundus datasets, including uneven illumination and dif-
ferences in color grading, remains a challenge for automated DR classification.
In this work, we proposed a U-Net-based restoration framework to harmonize
retinal images and reduce acquisition-related variability.

In addition to visual assessment, classification experiments using MobileNetV3-
Small and VGG16 demonstrated consistent improvements in classification accu-
racy, macro F1l-score, precision, and recall on both validation and test sets after
restoration. These results suggest that restoration-driven image harmonization
can improve downstream DR classification performance and hence can be con-
sidered a reliable way to reduce inter-dataset variability to tackle acquisition
artifacts, resulting in robust, scalable and reliable automated DR classification
system. Through extensive experimentation, we found that the quality of im-
age restoration depends strongly on how closely the simulated combinations
of degradations resemble real imaging artifacts. However, this work could be
further strengthened through comparisons with existing methods and by con-
ducting cross-dataset evaluations on previously unseen datasets to better assess
generalization and mitigate dataset-specific biases. Future work will investigate
class-specific conditional restoration strategies and analyze regions of interest
(ROIs) using class activation mapping (CAM) to improve the interpretability
and diagnostic relevance of the proposed framework.
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