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Diabetic retinopathy (DR) grading from retinal fundus images remains challenging due to
the complex appearance of lesions, class imbalance, and the difficulty of capturing both
local pathological patterns and global retinal structures. This study proposes HybridViT, a
dual-path convolutional neural network (CNN)-Transformer model for five-grade DR
classification. The proposed architecture integrates a ResNet50-based convolutional branch
for local feature extraction with a Transformer branch for contextual representation
learning, while an auxiliary CNN classifier provides complementary supervision during
training. A late-fusion strategy is adopted to combine local and global features for final
prediction. The model was evaluated on the APTOS 2019 retinal fundus image dataset
containing five DR severity grades: No DR, Mild, Moderate, Severe, and Proliferative DR.
To address class imbalance, inverse-frequency weighted sampling and focal loss were used
during training, while test-time augmentation was employed during evaluation. HybridViT
achieved an overall accuracy of 92.49% and weighted precision, recall, and F1-score values
of 92.88%, 92.49%, and 92.50%, respectively. The model obtained particularly strong
classification performance for No DR and Moderate DR categories, with F1-scores of
98.08% and 92.27%. These results indicate that the proposed CNN-Transformer design can
effectively classify DR severity levels on the evaluated dataset. Further validation using
independent datasets from different populations and imaging environments is required to

assess its general applicability.

1. INTRODUCTION

The computer-aided diagnosis systems are progressing
rapidly, since combining state-of-the-art image methods with
algorithms. In particular, the application of deep learning
methods leads to more automated disease diagnosis and
categorization which then simplifies and saves the review time
by doctors [1].

The number of people affected by diabetic retinopathy (DR)
is expected to increase worldwide. DR remains a serious
neurovascular complication of diabetes and a major cause of
vision loss among working-age adults [2, 3].

DR presents considerable and increasing public health
challenges. Although early detection is of considerable value,
conventional screening involves significant clinical workload
and inter-observer variability. Reducing clinical workload and
inter-observer variability remains a key motivation for further
development of Al-enabled automated screening for DR [4].

Despite the growth of Al-based DR systems, the issues of
model generalizability, computational efficiency, and
interpretability still persist and hold the systems back from use
in health care environments. These constraints motivate the
development of more effective DR classification techniques.
In medical computer vision, convolutional neural networks
(CNNs) are widely used for image classification. CNNs
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efficiently develop a hierarchy-based representation that
incorporates both high-level semantic characteristics and fine-
grained texturing of the image, making image categorization
easier. When high diagnostic accuracy is paramount, CNNs
are known to perform well across a variety of classification
tasks in medical imaging, with increasing importance per task
utilization [5].

However, CNNs have limitations despite their widespread
use. CNNs have structural limitations that hinder their ability
to model global spatial dependencies compared with attention-
based models. This problem is particularly severe in the
context of DR classification, as the major pathological features
are extremely small, indistinct and dispersed within the retina
[6]. In light of these drawbacks, a new approach for computer
vision has been proposed by the Vision Transformer (ViT),
which can be a powerful rival of CNNs in image classification.
Unlike conventional CNNs with convolutional layers, which
confine the receptive field locally, ViTs employ self-attention
to capture global contextual relations between distant pixels.
This global modeling ability is particularly useful for DR
grading since features may be present in distant pixels of the
retina. An effective diagnosis tool, therefore, should be able to
zoom in to detect tiny lesions as well as zoom out to examine
the overarching retinal structure. However, applying standard
ViTs to medical image analysis introduces clear computational
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bottlenecks. The classic self-attention mechanism requires
substantial memory and computational resources, primarily
because its computational complexity scales quadratically
with the token sequence length. This quadratic growth creates
a severe bottleneck when handling high-resolution clinical
scans. Thus, designing a practical DR diagnostic system
requires a careful design compromise in which local feature
extraction and global context merging are successfully
integrated within the constraints of real hardware limits [7].

To mitigate these architectural bottlenecks, this work
introduces HybridViT, a dual-pathway CNN-Transformer
framework designed for five-class DR classification. The
pipeline consists of a ResNet50 backbone for encoding the
local features, a Transformer branch for modeling the long-
range contextual information and an auxiliary convolutional
pathway to stabilize and improve the categorization. Retinal
features are extracted locally, whereas context is represented
globally.

The Transformer branch includes a window-based attention
formulation with global tokens as an architectural option.
Under the current token sequence length used in this study, the
attention connectivity is equivalent to full attention. Therefore,
the present experiments evaluate the overall dual-path
HybridViT framework.

The contribution of this study does not arise from the
individual use of CNN or Transformer components alone,
since such components have already been explored in medical
image analysis. Instead, the proposed contribution lies in the
task-specific integration of these components within a unified
HybridViT framework for five-class DR grading. ResNet50 is
used to preserve local retinal features, while the Transformer
branch models broader contextual relationships across the
extracted feature sequence. An auxiliary CNN classification
pathway is retained during training to provide complementary
supervision, and the CNN and Transformer features are
combined during inference. Therefore, the proposed
contribution is centered on the integrated dual-path design,
imbalance-aware training, and five-class DR evaluation.

To address class imbalance, the optimization protocol
included an inverse-frequency weighted sampling process
along with a focal loss-based objective function. Test-time
augmentation was also employed during inference to improve
empirical ~ prediction  stability.  Synthesizing these
methodologies yields a diagnostic model engineered to
partition fundus photographs into five distinct strata of DR
severity, spanning from No DR to Proliferative DR.
Consequently, the main contributions of this study are
summarized below:

*Task-specific CNN-Transformer integration: The
proposed HybridViT integrates local feature extracted by the
ResNet50 network with the global context modeled by the
Transformer network for five-class DR grading. It effectively
synergizes the localized representations of retinal images with
broader contextual information within a single classification
framework.

eComplementary dual-path supervision: An auxiliary
CNN classification pathway operates alongside the
Transformer branch during training and provides an additional
supervisory signal to the convolutional backbone. During
inference, the CNN feature vector and Transformer [CLS]
representation are concatenated and passed through the MLP
to obtain the final classification.

eImbalance-aware training strategy: Inverse-frequency
weighted sampling and focal loss were used during training to
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reduce the effect of class imbalance, while test-time
augmentation was applied during evaluation.

*Five-class DR severity classification: The framework
was evaluated across the full five-class DR grading scheme,
covering No DR, Mild, Moderate, Severe, and Proliferative
DR, which allows its performance and error patterns to be
examined across different levels of disease severity.

*Error-oriented evaluation: In addition to overall
classification performance, confusion-matrix analysis was
used to examine the distribution of errors across the five DR
grades, with particular attention to confusion between
neighboring severity levels.

2. RELATED WORK

Recently, ViTs have been increasingly applied to screening
for DR using fundus photography [8]. While CNNs have long
been prevalent in this field, recent comparative findings
suggest that ViTs can surpass conventional convolutional
networks when identifying referable DR cases. Inspired by this
progress, there is growing research interest in applying
Transformer models to the analysis of retinal imagery [9].

Following this trend, Alam et al. [10] proposed a multi-class
formulation to assess the severity of DR using the APTOS
2019 benchmark dataset. Alam et al. [10] introduced self-
supervised feature representations generated by a contrastive-
learning scheme, namely SwAV, to examine retinal fundus
images. For feature extraction, the authors utilized the
ResNet50-based architecture that uses SWAV to produce a
prototype-based representation. SWAV allows the model to
maintain a stable representation across augmented views and
do away with the need to explicitly calculate pairwise
similarity. The classifiers explored by the authors attained a
classification accuracy of 87.0% with precision, sensitivity,
and Fl-score values of 86.0%, 87.0%, and 86.0%,
respectively, and an ROC area of about 83.2%.

To address the reliance on labeled data, Ren et al. [11]
proposed a render-guided self-supervised DR-MAE
framework for fundus image feature learning. This method
alleviates problems related to annotation quality and quantity
and is capable of extracting local and global features. An
anatomy-aware masking method and a hybrid dimensional
convolution block help preserve subtle fundus structures and
anatomical features and enhance multi-scale feature
extraction. On APTOS 2019, the method obtained 91.30%
accuracy, 89.19% precision, 85.64% F1-score, and an AUC of
98.42%; on DDR, it achieved 86.64% accuracy, 70.61%
precision, 67.93% F1-score, and an AUC of 97.13%.

Xue et al. [12] proposed an alternative line of work, which
was evaluated on the APTOS 2019 dataset and proposed
VMamba-m, an improved visual state-space model for DR
grading. The model includes architectural refinements such as
dual-branch VSS, SE channel attention, local attention, and
focal loss. It was trained in PyTorch using an RTX 3080 Ti
GPU, with a batch size of 32 for 150 epochs. The proposed
VMamba-m achieved 79.1% accuracy, an AUC of 0.891, and
a training time of 34.027 seconds per epoch. The baseline
VMamba achieved 71.4% accuracy with a training time of
76.322 seconds per epoch. According to the authors’ ablation
analysis, the complete VMamba-m configuration improved
accuracy by 12.3% and reduced the iteration time by 55.4%
relative to the baseline VMamba.

From a broader comparative perspective, Zhang et al. [13]



examined five-class DR grading with APTOS 2019 as the
main dataset and EyePACS as the reference dataset. They
compared CNNs with ViT-Small, ViTs and SwinV2-Tiny and
hybrid schemes such as LeViT-256 and CvT-13. Models were
adapted with transfer learning approaches only in the fine-
tuning phase and evaluated through common quantitative
metrics. Grad-CAM and Attention Rollout were used to
visualize attention over clinically relevant retinal regions and
gain insights into model behavior. On APTOS-2019, the
hybrid CvT-13 reached a QWK of 0.84, an AUC of 0.93, and
an accuracy of 0.74, while SwinV2-Tiny achieved QWK:
0.80, ACC: 0.71. The authors also highlighted some
limitations, especially with regard to variable performance by
severity group and less accurate lesion localization in
traditional ViT architectures.

Finally, Liu et al. [14] proposed a STMF-DRNet, a Swin-
TransformerV2-based DR grading model. In order to extract
global, local, and fine-grained lesion features from the retinal
fundus image, a multi-branch structure was adopted in this
framework. By integrating CBAM attention, lesion-region
refinement modules, and category-attention fusion, the model

aims to improve fine-grained stage classification. Reported
results show classification accuracies of 87.9% on DDR,
86.3% on EyePACS, 85.5% on APTOS-2019, and 77.0% on
clinical datasets. In addition, it achieved a specificity of 94.2%
and a Kappa value of 0.877, indicating strong diagnostic
performance across different evaluation datasets.

In general, the past work demonstrated the efficacy of
Transformer-based, self-supervised, state-space and hybrid
architectures for DR grading. However, these studies vary in
model architecture, training scheme, datasets and
experimental settings. The current work contributes to this
direction by developing a task-aware dual-path CNN-
Transformer framework that combines ResNet50-based local
feature learning, Transformer-based global context modeling,
auxiliary CNN-based supervision, an imbalance-aware
training scheme, and five-class DR severity evaluation in a
single HybridViT model.

To provide a more direct comparison with previous studies,
Table 1 summarizes the main datasets, model structures,
classification tasks, reported results, and differences from the
proposed method.

Table 1. Comparison of the proposed HybridViT with previous diabetic retinopathy (DR) classification studies

Study / Source

Comparison Details

Dataset: APTOS 2019

Model: SWAV with ResNet50

Task: Multi-class DR grading

Results: Accuracy 87.0%; F1-score 86.0%

Alam et al. [10]

Difference: Self-supervised representation; no dual-path CNN-Transformer classification design.

Dataset: APTOS 2019 and DDR

Model: DR-MAE with anatomy-aware masking

Renetal. [11] Task: DR grading

Results: APTOS: accuracy 91.30%; F1-score 85.64%; area under the curve (AUC) 98.42%
Difference: Masked-autoencoder self-supervised learning rather than dual-path CNN-Transformer classification.

Dataset: APTOS 2019

Model: VMamba-m with dual-branch VSS, SE channel attention, local window attention, and focal loss

Xue et al. [12] Task: DR grading

Results: Accuracy 79.1%; AUC 0.891; training time 34.027 s/epoch (as currently reported in Related Work)
Difference: Visual state-space architecture rather than the proposed ResNet50-Transformer dual-path design.

Dataset: APTOS 2019 and EyePACS

Model: CNN, ViT, and hybrid models, including CvT-13

Zhang et al. [13] Task: Five-class DR grading

Results: CvT-13 on APTOS: accuracy 0.74; AUC 0.93; Quadratic Weighted Kappa (QWK) 0.84
Difference: Comparative and interpretability-oriented study using several architectures.
Dataset: DDR, EyePACS, APTOS 2019, and clinical data

Model: STMF-DRNet with Swin-TransformerV2 and multi-branch feature extraction

Liu et al. [14] Task: Fine-grained DR grading

Results: APTOS accuracy 85.5%; reported Kappa 0.877
Difference: Multi-branch Swin-based architecture evaluated on multiple datasets.

Dataset: APTOS 2019

Model: ResNet50 + Transformer + auxiliary CNN pathway

Proposed HybridViT  Task: Five-class DR grading

Results: Accuracy 92.49%; weighted F1-score 92.50%
Difference: Dual-path CNN-Transformer integration with inverse-frequency weighted sampling and focal loss.

Note: CNN = convolutional neural network, ViT = Vision Transformer.

The comparison reveals that the previously published works
employed various learning strategies and model architectures
for DR grading: self-supervised learning, masked
autoencoders, visual state-space models, and Swin-based
approaches. The proposed design uses a ResNet50 backbone
followed by Transformer blocks, with an additional CNN
classification pathway. Among the studies reported on the
APTOS 2019 dataset in the comparison table, only a few
achieved classification accuracy close to that of the proposed
approach. However, direct numerical comparison should be
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interpreted carefully because the studies used different training
settings, validation procedures, and model configurations.

3. PROPOSED METHODOLOGY

To identify DR, this study proposed a HybridViT
architecture that combines the complementary advantages of
convolutional and Transformer-based models. To capture
detailed local information from retinal fundus images, the



framework incorporated a pre-trained ResNet-50 backbone.
This architecture ensures that fine-grained structures,
including microaneurysms and small lesions, are accurately
preserved. These feature maps are then fed into a stack of
Transformer blocks equipped with a window-based attention
formulation with global tokens (sliding-window attention with
global tokens; window size w = 128, global tokens g = 16).

The first and last Transformer layers use full attention,
while the intermediate layers include the same window-based
attention formulation. In the current configuration, the
ResNet50 feature map produces 49 spatial tokens, and one
[CLS] token is added, giving Niok = 50. Since w = 128 is larger
than Nk, the windowed attention mask covers the complete
token sequence and is equivalent to full attention for the
present input resolution.

This design provides a structured way to model contextual
relationships across the extracted feature sequence [15].

The design used a dual-path structure: the main Transformer
branch modeled global retinal context, whereas the secondary
CNN-based branch refined local discriminative patterns. Late
fusion was performed by concatenating the Transformer
[CLS] embedding and the CNN global-average-pooled vector,
and then a small multilayer perceptron was applied to obtain
the final logits. By combining these two complementary

views, the model integrates local and contextual
representations that are useful for DR classification.
Therefore, the dual-path design provides complementary local
and global information for DR classification within the
experimental setting used in this study.

To improve model generalization, a data augmentation
scheme was applied, including traditional data augmentation
during training and test-time augmentation. A weighted
sampling strategy based on inverse class frequency was used
during training. The sampling weight of each sample was
inversely proportional to the number of training samples in its
class. Therefore, samples from less frequent classes had a
higher probability of being selected during training. Focal loss
was used as the classification loss to give more attention to
difficult samples during training.

CNNs excel at local retinal feature extraction, but
Transformers are more suited for encoding contextual
relations. The HybridViT architecture proposed in this work
combines these heterogencous representations via late fusion
to facilitate automated DR grading; however, extensive
validation is still needed to assess its performance on multiple
clinical sites and specific imaging devices [16]. The overall
information-processing workflow of the proposed HybridViT
framework is illustrated in Figure 1.

Input Retinal Fundus Images Five-class l_abel assignment: ‘ Intensity normalization | Development Set Stratified 5-Fold
No_DE, Mild, Moderate, (80%} c Validat
Severe, and Proliferative DR Input tensor ross- 1cation
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Z24x224 G Filtered i |
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Figure 1. Overview of the proposed diabetic retinopathy (DR) information-processing workflow

3.1 Diabetic retinopathy dataset

The current work used the public dataset "Diabetic
Retinopathy 224 x 224 Gaussian Filtered" produced from the
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APTOS 2019 Blindness Detection competition available on
Kaggle [17, 18]. It contains a total of 3,662 retinal fundus
images that were Gaussian-filtered and resized to a
standardized dimension of 224 x 224 pixels with the aim of



reducing noise and ensuring compatibility with common
transfer-learning pipelines based on pre-trained architectures.
One of five DR severity levels—No DR (1,805 photos,
49.29%), Mild (370 images, 10.10%), Moderate (999 images,
27.28%), Severe (193 images, 5.27%), and Proliferative DR
(295 images, 8.06%)—is indicated on every image.

The dataset provides Gaussian-filtered retinal fundus
images resized to 224 x 224 pixels. This standardized image
size is compatible with common deep-learning architectures
used in DR classification studies, including CNN-based and
Transformer-based models. The images are organized
according to five DR severity levels, which supports their use
in supervised multi-class classification experiments [19, 20].

To reduce overfitting risk, the training pipeline used data
augmentation, inverse-frequency weighted sampling, and
focal loss. Data augmentation was applied only to the training
subset after dataset splitting. Weighted sampling and focal loss
were used to reduce the dominance of majority classes during
training.

The workflow starts with retinal fundus image input,
followed by image preprocessing and HybridViT-based
analysis. The model produces one of the five DR severity
grades as the analysis output. The workflow represents the
experimental image-analysis pipeline used in this study.
Practical integration with clinical information systems was not
evaluated.

The class distribution shown in Figure 2 illustrates the
imbalance in the DR dataset, a common characteristic of
medical imaging datasets [21, 22].
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Figure 2. Diabetic retinopathy (DR) class distribution
analysis

3.2 Dataset preprocessing pipeline

Figure 3 shows the RGB normalization constants used in
preprocessing: mean = [0.485, 0.456, 0.406] and std = [0.229,
0.224, 0.225]. These values match the standard ImageNet
normalization and were applied to align the input scale with
common pre-trained backbones used in transfer learning.

Since fundus images contain color and contrast signals that
are clinically significant, we kept the RGB channels. Whereas
the red and blue channels give complementary information,
the green channel frequently offers a better contrast between
vessels and lesions. Because of this, we maintained each of the
three channels and used uniform normalization throughout.
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Figure 3. RGB normalization constants used for image
preprocessing

The dataset contains 224 x 224-pixel RGB fundus images
(8-bit per channel). This consistent resolution reduces
computational cost while retaining sufficient anatomical
information for DR grading and comparison across different
model designs.

The dataset consisted of a 20% held-out test set (Test) and
an 80% development set (Dev). K =5 stratified five-fold cross-
validation was used throughout all model selection,
hyperparameter tuning, and calibration on the development set
only. The test set was used once for the final report and was
not modified. Furthermore, to enhance the numerical stability
of optimization and regularize input scale consistently in the
three RGB channels, we utilized channel-wise normalization.
This stage enables pre-trained feature extractors to work in the
input range that was expected during their original training,
while mitigating sensitivity to changes in light levels and
device-dependent intensity differences.

Especially in transfer learning contexts, normalization is
critical since a widely deployed backbone network has been
pre-trained on large natural image datasets with a specified
input distribution. The same normalization approach increases
training stability, maintains compatibility with such pre-
trained representations, and allows for fair comparisons of
different model architectures.

The behavior of pixel intensities before and after
normalization can be seen in Figure 4. Next, the normalization
phase transforms input values and moves them closer to a
uniform range to enable smoother optimization during training
and provide more stable gradient updates.
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Figure 4. Intensity distribution before and after
normalization

The normalization step standardizes the input intensity
distribution and helps align the images with the input scale



expected by ImageNet-pretrained backbones.

The training-exclusive augmentation strategy utilized to
enhance generalization is summarized in Figure 5. The
pipeline is dominated by geometric transformations; Random
Horizontal Flip and Random Vertical Flip were used with a
probability of 0.5, which promotes invariance to orientation
variations in fundus images.
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Figure 5. Data augmentation distribution

Following the stratification split, only training-only
augmentations were used for training; Following the stratified
split, training-time augmentations were applied only to the
training subset. Validation and test images received
deterministic preprocessing, with test-time augmentation
applied separately during inference. As shown in Figure 5,
each transform was applied with a specified probability.
Specifically, rotation, color jitter, affine transformations,
Gaussian blur, and random erasing were performed with their
respective probabilities, and horizontal flip was used at a
probability of p = 0.5.

Random rotation, color jitter, affine transformation,
Gaussian blur, and random erasing were used as training-time
perturbations. These augmentations were applied only to the
training subset and should not be interpreted as external
validation of acquisition robustness.

To approximate a slight loss of clarity and lower sensor
noise, conservative Gaussian blur was used with a probability
of p 0.30, and to simulate partial occlusion while
maintaining a modest perturbation and label preservation,
random erasing was used with a probability of p = 0.20.

Similarly, with a modest erased region (2—6% of the image)
and an aspect ratio between 0.3 and 3.3, random erasing (p =
0.20) was used. To avoid introducing additional spurious color
cues, the erased region was filled with the per-channel mean.
In order to increase reproducibility, a constant seed (42 in all
experiments) was used for the random number generator. The
basic statistics of the retinal images are shown in Table 2. The
dataset contains 3,662 images and was divided into a
development set of 2,930 images and a held-out test set of 732
images, corresponding approximately to an 80/20 split. Model
selection and validation were conducted exclusively on the
development set using stratified 5-fold cross-validation. The
held-out test set was not used during training or
hyperparameter tuning and was reserved strictly for final
evaluation. After the model configuration was finalized,
performance was assessed once on the held-out test set (732
images), and these results were reported as the final test
performance. Table 3 summarizes the dataset split and the
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number of classes.

Table 4 presents the class distribution of the full dataset and
the held-out test set used for the final evaluation.

Because the public APTOS 2019 dataset used in this study
does not provide explicit patient identifiers in the available
metadata, strict patient-level splitting could not be verified.
Therefore, the dataset was divided using a stratified image-
level split to preserve the distribution of the five DR severity
classes across the training, validation, and testing subsets. To
reduce the risk of data leakage, we ensured that each image
identifier appeared in only one subset. Data augmentation was
applied only after the split and only to the training subset. The
preprocessing parameters applied to the retinal fundus images
are summarized in Table 5.

Table 2. Dataset image properties

Parameter Value
Image resolution 224 x 224 pixels
Color channels 3 (RGB)
File format JPG/PNG
Bit depth 8-bit per channel

Table 3. Dataset statistics

Value
3,662
2,930 (= 80%)
732 (=20%)
5

Parameter
Total images
Development set size
Held-out test set size
Number of classes

Table 4. Class distribution of the full dataset and held-out

test set
Parameter Value Testing Samples
No diabetic o

retinopathy (DR) 1,805 (49.29%) 361
Mild 370 (10.10%) 58
Moderate 999 (27.28%) 211
Severe 193 (5.27%) 49
Proliferative DR 295 (8.06%) 53
Total 3662 732

Note: Percentages are rounded to two decimal places; therefore, totals may
not sum to exactly 100%.

Table 5. Preprocessing parameters

Value
[0.485, 0.456, 0.406]
[0.229, 0.224, 0.225]

1:1 (Square)

Parameter
Normalization mean
Normalization standard deviation
Aspect ratio

Class imbalance was handled using a consistent training and
evaluation protocol. We wused a stratified split (80%
development, 20% held-out test) and performed stratified 5-
fold cross-validation on the development set for model
selection.

The held-out test set was not used for tuning. All
hyperparameters and decision thresholds were selected using
validation folds only. Inverse-frequency weighted sampling
and focal loss were used during training, and the random seed
was fixed at 42.

The class distribution also suggests an inherent problem of
most medical image datasets: an imbalance within the five
grades of severity. No DR accounts for 49.29% with 1,805
images; Moderate DR, 27.28% with 999 images; Mild



accounts for 10.10% or 370 images; Proliferative DR
constitutes 8.06%, or 295 images, while Severe cases are
5.27% or 193 images. Although the dataset was consistent
with typical prevalence patterns, its class imbalance during
training necessitated the wuse of imbalance-handling
techniques.

3.3 Proposed CNN-enabled Vision Transformer model

The overall workflow is presented in Figure 1, while the
detailed data flow of HybridViT is described in this section.
The preprocessed fundus image passes through the ResNet50
backbone and feature adaptation layer, followed by the CNN
and Transformer pathways. Next, the CNN feature vector and
Transformer [CLS] representation are concatenated and
passed through the MLP to determine the final DR grade. We
constructed a HybridViT model for grading DR, which
integrates a ViT with a CNN. We adopted a ResNet50
backbone to extract local features, while the Transformer
branch models broader contextual relationships.

The ResNet50 backbone was pre-trained on ImageNet and
then fine-tuned on retinal fundus images, adapting the features
from generic objects to retinal-specific patterns. In our
configuration, ResNet50’s last convolutional layer outputs a
2,048-channel feature map of size 7 x 7. We then add an
adaptive 1 x 1 convolution layer from 2,048 channels to 512
channels to prepare these features for processing by the
transformer. The 7 x 7 x 512 feature map is organized into a
sequence of tokens (since there are 49 spatial locations, each
corresponding to a token with an embedding size of 512, this
yields 49 tokens). To this sequence, we append a learnable
classification token (CLS), forming an overall token sequence
which has a final length of 50 tokens (49 spatial tokens +
CLS).

The resulting token sequence goes through a series of six
Transformer blocks. Each block is made up of multi-head self-
attention with eight attention heads and is succeeded by a feed-
forward network (FFN) with a dimensionality expansion ratio
of'4.0. This involves the use of residual connectivity and layer
normalization in order to make training stable. For
regularization of the model, a dropout value of 0.2 is
employed.

The dual-path layout of HybridViT is a crucial component
of its design. An additional CNN classifier works directly on
the convolutional features in addition to the Transformer
branch. During training, the auxiliary CNN loss is weighted by
0.4 in the training objective. During inference, the CNN and
Transformer features are concatenated and passed through the
MLP to obtain the final class prediction.

Within the Transformer blocks, a window-based attention
formulation with global tokens was used. The configuration
used a local window size of W= 128 and g = 16 global tokens.
Because the current token sequence contains 50 tokens, the
attention connectivity is equivalent to full attention.

The local window essentially encompasses the whole token
sequence for the present tokenization length (Nik = 50).
Consequently, with such a specific setup, the attention pattern
operates similarly to dense attention. However, the window-
based formulation was retained as a design option for future
settings with higher-resolution inputs and longer token
sequences. Table 6 summarizes the main parameters of the
convolutional backbone. The corresponding Transformer
configuration and training parameters are reported in Tables 7
and 8, respectively.
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Table 6. Convolutional neural network (CNN) backbone

parameters
Parameter Value
Base model ResNet50
Pretrained Yes (ImageNet)
Feature output dimension 2,048
Adaptive convolution output 512

Table 7. Vision Transformer (ViT) parameters

Parameter Value
Embedding dimension 512
Number of Transformer 6
blocks
Number of attention heads 8
Multilayer perceptron ratio 4.0
Dropout rate 0.2
Feature size 7 x7
Number of patches 49

Token sequence length (Niok) 50 (49 patches + 1 [CLS])
Window-based formulation
with w =128 and g = 16;
equivalent to full attention
under Nk = 50

Attention connectivity

Table 8. Training parameters

Parameter Configuration / Value
Batch size 16
Learning rate 2¢™* (max)
Weight decay 0.05
Number of epochs 50
Optimizer AdamW (51 =0.9, 52 =0.999)
Auxiliary loss weight 0.4
Total parameters ~47M
Trainable parameters ~45M
Memory footprint ~180 MB
Sampling strategy Inverse-frequency weighted sampling
Loss function Focal Loss

Cosine Annealing Learning Rate
(Etamin = 1676, Tinax = 50)
42
ResNet50 initialized with ImageNet-
pretrained weights; newly added

Learning rate schedule

Random seed

Initialization linear layers initialized using He
(Kaiming) normal initialization
Framework PyTorch 2.5.1 + CUDA 12.1
Hardware (GPU) NVIDIA GeForce RTX 4090

(24 GB VRAM)
Approximately 3 h 42 min for 50

Training time epochs

The main architectural components can be summarized as
follows:

*Windowed attention with global tokens is used in the
Transformer blocks to control attention connectivity; for the 7
x 7 tokenization used here (Nwok = 50), this corresponds to
dense attention, while remaining scalable to larger token
sequences.

*Multi-head attention with eight heads allows the model to
learn complementary feature relationships in parallel.

*Regularization includes a dropout rate of 0.2 together with
layer normalization in each Transformer block.

*A multilayer perceptron expansion ratio of 4.0 provides
sufficient capacity for non-linear feature transformation in the
feed-forward sublayers.

*Skip connections are used throughout the network to



preserve and combine low-level and
representations.

Although Transformer-based models may have a high risk
of overfitting when trained on limited medical datasets, the
proposed HybridViT does not use a pure large-scale ViT
trained directly from image patches. Instead, the Transformer
branch operates on a compact feature sequence extracted by
the ResNet50 backbone. In the present configuration, the CNN
feature map produces 49 spatial tokens, and one [CLS] token
is added, resulting in a sequence length of 50 tokens. This
design reduces the length of the Transformer input sequence
and allows the Transformer branch to model contextual
relationships over CNN-extracted features rather than over a
large number of raw image patches.

For reproducibility, the experiments were conducted using
an NVIDIA GeForce RTX 4090 GPU with 24 GB VRAM and
PyTorch 2.5.1 with CUDA 12.1. The random seed was fixed
at 42. The ResNet50 backbone was initialized with ImageNet-
pretrained weights, while the newly added linear layers were
initialized using He (Kaiming) normal initialization. A cosine
annealing learning rate schedule was used with 7. = 50 and
Etamn = 1 x 10°. The complete training procedure for 50

epochs required approximately 3 hours and 42 minutes.

high-level

3.4 Attention connectivity specification

In the implemented HybridViT model, the ResNet50
backbone produces 49 spatial tokens from the 7 x 7 feature
map, and one [CLS] token is added. Therefore, the total token
sequence length is Nk = 50. The Transformer branch includes
a window-based attention formulation with global tokens,
using a local window size of w= 128 and g = 16 global tokens.

Because w is larger than Nk in the present configuration,
the local window covers the complete token sequence.
Therefore, the attention connectivity is dense and equivalent
to full self-attention for the current input resolution. The
window-based formulation is retained as a scalable
architectural option for future settings with longer token
sequences.

The current experiments did not test the hypothesis that
sparse attention improves classification performance or
reduces computational cost. This research did not perform a
comparison of FLOPs, peak GPU memory usage, and
inference time per image among various scenarios for different
settings of the attention window.

4. RESULTS AND DISCUSSION

The proposed HybridViT architecture was evaluated for
five-class DR classification on the APTOS 2019 dataset. The
model achieved an overall classification accuracy of 92.49%.
The highest class-wise Fl-scores were obtained for No DR
(98.08%) and Moderate DR (92.27%).

The evaluation included class-wise results and confusion
matrix analysis. The evaluation included class-wise results and
confusion matrix analysis. The following subsections discuss
the findings, compare them with previous studies, and
examine the strengths and limitations of the model.

The usage of the sparse attention setup has not been
assessed independently in the experiments conducted. The
setup in the experiments comprised 50 tokens in the token
sequence, while the local window size is 128. This indicates
that the whole token sequence is covered in the local window,
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making the connectivity similar to full attention in this setup.
Therefore, the reported results should not be interpreted as
evidence that sparse attention improves performance or
reduces computational cost.

It should be emphasized that the reported performance
represents internal validation on the APTOS 2019 dataset
only. However, as this study did not employ an independent
external dataset, the results do not guarantee clinical
generalization to other populations, imaging devices, or
clinical contexts. Figure 6 illustrates the training and
validation loss reduction across fifty epochs. The training loss
decreased from roughly 0.97 at the start of training to about
0.01 by the end.

Training and Validation Loss - Diabetic Retinopathy Dataset
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Figure 6. Training and validation loss

The validation loss dropped from 0.90 to almost zero by the
final epoch, whereas the training and validation curves were
very close. The trends of the two curves are consistent with
stable convergence in the internal validation setting.

The largest loss reduction occurred in the first 15 epochs.
By approximately epoch 15, the training loss was 0.06 and the
validation loss was 0.09. Thereafter, the two curves leveled
off, with relatively little divergence.

Figure 7 displays the training and validation accuracy over
the course of 50 epochs. The accuracy for both training and
validation increased rapidly during the first few epochs and
then leveled off during the later epochs.
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Figure 7. Training and validation accuracy

Since the study used only APTOS 2019, overfitting and
dataset-specific learning cannot be fully excluded, so external
validation remains necessary.



The accuracy curves increased rapidly during the early
epochs and then changed more gradually in the later epochs.
The close trend between the training and validation curves
supports stable convergence under the internal validation
setting.

The small training-validation difference shows that the
methodology behaves stably in the internal validation context
but does not show the ability to generalize beyond APTOS
2019. The training and validation curves followed the same
trend, which indicates stability under the respective internal
validation context. Ultimately, the observed stability indicates
the compatibility of the training process and the architectural
decisions taken in the current work within the internal
validation setting.

The confusion matrix offers a class-wise perspective of the
performance of HybridViT in classifying across the five
grades of DR. For the Mild DR class, the model correctly
classified 50 out of 58 samples, corresponding to a recall of
86.21%.

The remaining Mild DR errors were mainly predictions as
No DR and Moderate DR, reflecting the difficulty of
separating early DR signs from visually related neighboring
grades, reflecting the visual similarity between early and
intermediate DR stages.

The findings suggest that there is difficulty in distinguishing
between early and intermediate stages of DR, and thus they
make clinical sense given that features of DR take time to
develop. For the Moderate DR class, the model correctly
classified 191 out of 211 samples, corresponding to a recall of
90.52%. The main errors occurred with neighboring or
visually related severity grades. The Moderate DR class had
the largest number of misclassified samples, with 20 errors.
Most of these errors involved confusion with neighboring or
visually related grades.

Severe DR and Proliferative DR remained more challenging
than the majority classes. For the Severe DR class, the model
achieved a recall of 83.67%, indicating that most Severe DR
samples were correctly classified, although confusion with
neighboring advanced stages remained present. This indicates
that both class imbalance and visual overlap among advanced-
stage cases may contribute to the difficulty of late-stage
separation, which is an important limitation under the current
training distribution.

The confusion matrix in Figure 8 indicates that the majority
of misclassifications were between neighboring DR levels; of
the 55 misclassification cases, 40 (72.73%) were one severity
grade away from the true class, 14 (25.45%) were two severity
grades away from the true class, and one (1.82%) was three
severity grades away. Interestingly, there was no direct
misclassification between the No DR and Proliferative DR
cases. While most of these errors were close to the correct
severity level, it must not be assumed that these errors are
insignificant in a clinical setting, as their significance depends
on the severity grade considered positive for a given clinical
decision.

The specific numerical results can be seen in Table 9, which
also summarizes the overall performance for different DR
categories. The performance on the class No DR is excellent,
which can be observed from the high values in the precision,
recall and Fl-score (0.97, 0.98 and 0.98, respectively). The
model therefore showed strong performance in identifying No
DR cases. This performance may partly reflect the larger
representation of the No DR class in the training set, although
this effect was not independently evaluated.
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The class-wise results show different performance among
the five DR grades. The highest F1-score was obtained for No
DR (98.08%), followed by Moderate DR (92.27%). Mild and
Severe DR achieved Fl-scores of 80.65% and 78.10%,
respectively. Proliferative DR showed high precision
(95.00%), but its recall was lower (71.70%), indicating that
some Proliferative DR samples were predicted as other
grades. These results indicate that the minority classes still
have lower performance in some measures, and the class
imbalance problem was not completely removed. The ablation
analysis further examines the effect of weighted sampling and
focal loss on the overall model performance. Table 10
compares the proposed model with previous DR grading
studies.
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Figure 8. Confusion matrix
Table 9. Class-wise performance of HybridViT
D.l abetic Precision Recall F1-Score
Retinopathy (%) (%) (%) Support
(DR) Class
No DR 97.28 98.89 98.08 361
Mild 75.76 86.21 80.65 58
Moderate 94.09 90.52 92.27 211
Severe 73.21 83.67 78.10 49
Proliferative 95.00 71.70 81.72 53

DR

The proposed HybridViT achieved balanced overall
performance on the internal APTOS 2019 test set, with an
accuracy of 92.49%, weighted precision of 92.88%, weighted
recall of 92.49%, and weighted Fl-score of 92.50%. The
weighted specificity of 97.65% also indicates a low false-
positive tendency under the internal test setting. Cohen's
Kappa and Quadratic Weighted Kappa (QWK) were also
calculated to measure the agreement between the predicted
and actual DR grades. The obtained values were 0.8856 and
0.9559, respectively. QWK is particularly relevant to the five-
class DR task because the severity grades are ordinal, and it
gives a larger penalty when the predicted grade is farther from
the actual grade.

The model achieved better internal test performance for No
DR and Moderate DR, while separation between Severe DR



and Proliferative DR remained more difficult. This difficulty
may be related to overlapping retinal characteristics and subtle
visual differences among advanced stages. The above results
demonstrate good internal performance on the APTOS 2019
test set, and external validation is necessary before broad
clinical conclusions can be drawn. In order to evaluate the core
elements of the proposed HybridViT architecture, a compact
ablation study was performed. The compared variants include
ResNet50 alone, the Transformer branch alone, HybridViT
without auxiliary CNN supervision, HybridViT without focal
loss, HybridViT without weighted sampling, and HybridViT

pipeline, and evaluation protocol. The purpose of this analysis
was to show the relative effect of each component under the
same experimental setting, not to perform a separate
hyperparameter optimization for each wvariant. The
corresponding ablation results are presented in Table 11.

The ablation results show that the full HybridViT model
achieved the best overall performance among the tested
variants, with an accuracy of 92.49%, a weighted F1-score of
92.50%, and a QWK of 0.9559. The ResNet50-only and
Transformer-only variants achieved lower performance,
which indicates that local convolutional features and

without both focal loss and weighted sampling. All variants Transformer-based contextual modeling provide
were evaluated using the same dataset split, preprocessing complementary information for DR grading.
Table 10. Performance comparison of diabetic retinopathy (DR) grading models
Stud Model Dataset (s) Accuracy Precision Recall Fl- Specificit Comparative
y y Score P Y Observation
contrastve clustr Strong balanced
Alam et . ring performance on APTOS
built on SWAV witha APTOS 2019 87% 87% 86% / .
al. [10] with a fully self-
ResNet50 feature . .
supervised design.
extractor
Anatomy-guided self- Reports high APTOS
Renctal. tooncoderwith  APTOS clasification performnce
’ . ) 91.3% 89.19% / 85.64% / using a self-supervised
[11] anatomy-aware masking 2019; DDR
1y ) masked-autoencoder
and hybrid dimensional framework
convolution ’
Enhanced the visual fFici b
state-space model with .Imp roves efliciency, but
Xue et al. o o o o its classification accuracy
dual-branch VSS, SE  APTOS 2019  79.1% 76.6% 537%  52.7% / .
[12] . . is lower than the best
attention, local window
. recent methods.
attention, and focal loss
Comparative study of Balanced ig%gﬁﬁi;;;gsli‘;fi?
Zhanget CNN, ViT, and hybrid EyePACS + o N 0 . :
al. [13]  models; the best model APTOS-2019 /47 % A% / more reliable than plain
ViT models for five-class
was CvT-13 test set .
DR grading.
Swin-TransformerV2-
based multi-branch DDR; ] Shows good cross-dataset
Liu et al model with CBAM EyePACS; tability and strone fine-
‘[‘lz]a ' attention, lesion APTOS 85.5% 81%  85.9% 942% T
refinement, and 2019; clinical & g g
. performance.
category-attention data
fusion
Competitive hybrid result
with strong normal-case
This HybridViT APTOS 2019  92.49%  92.88%  92.49% 92.5%  97.65% and moderate-stage
study recognition, but advanced-

stage separation remains
the main challenge.

Note: CNN = convolutional neural network, ViT = Vision Transformer.
*Results are reported as presented in the original studies; some studies used APTOS alone, while Zhang et al. used a balanced combined corpus from EyePACS
and APTOS-2019.

Table 11. Ablation analysis of the proposed HybridViT framework

Model Variant Accuracy Weighted Precision  Weighted Recall Weighted F1 QWK

ResNet50 only 88.1 88.4 88.1 88.0 0.865

Transformer branch only 89.4 89.6 89.4 89.3 0.881

HybridViT without auxiliary CNN supervision 91.1 913 91.1 91.0 0.932
HybridViT without focal loss only 91.0 91.1 91.0 90.9 0.928
HybridViT without weighted sampling only 90.2 90.4 90.2 90.0 0.907
HybridViT without focal loss and weighted sampling 89.0 89.2 89.0 88.8 0.872
Full HybridViT 92.49 92.88 92.49 92.50 0.9559

Note: CNN = convolutional neural network, ViT = Vision Transformer, QWK = Quadratic Weighted Kappa.
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Removing the auxiliary CNN supervision reduced the
accuracy from 92.49% to 91.10%, suggesting that the auxiliary
pathway provides an additional but moderate contribution to
feature learning. Removing focal loss or weighted sampling
also reduced the performance, and removing both of them
produced a larger decrease. This result supports the role of
imbalance-aware training in the five-class DR classification
setting.

However, these results should be interpreted as a controlled
ablation analysis under the same experimental setting. A
separate hyperparameter search for each variant was not
performed.

5. CONCLUSIONS

The proposed HybridViT model combines a ResNet50
backbone with Transformer-based contextual processing for
five-class DR classification. The model showed strong
internal performance on the APTOS 2019 dataset, particularly
for the No DR and Moderate DR classes.

An additional aspect of the proposed framework is the
auxiliary CNN pathway used to provide additional training
supervision. The system incorporates a window-based
attention mechanism, which, given the configuration of 50
tokens and a 128-unit window size, acts as full attention,
providing a foundation for future experiments with longer
sequences. This structural approach allows for optimized
feature representation by combining CNN and Transformer
capabilities.

The main contribution of the outlined framework is its dual-
path arrangement, which combines ResNet50-based
convolutional feature extraction and Transformer-driven
contextual processing. During training, an extra CNN pathway
is implemented to give more supervision. The window-based
attention method preserves its possible use for future studies
with longer token sequences. However, in the existing 50-
token layouts, it performs in a similar way to the full attention
method.

A main limitation of the present study is that the model was
evaluated using only the APTOS 2019 dataset, which contains
3,662 fundus images. Therefore, the reported performance
represents internal validation only and should not be
interpreted as evidence of clinical generalization.

Variations in image quality and possible domain differences
between imaging devices were not independently evaluated.
The study also did not include dedicated interpretability
analysis such as Grad-CAM visualization, attention-map
analysis, or lesion localization. In addition, integration with
hospital information systems, interaction with clinicians,
deployment on clinical computing platforms, and edge-device
execution were not evaluated in the present study.

In addition, the strict patient-level splitting could not be
verified because explicit patient identifiers were not available
in the public APTOS 2019 metadata. Although image-level
separation was applied and each image identifier was
restricted to a single subset, this does not fully replace patient-
disjoint validation. Future work should evaluate the proposed
model using datasets that provide patient identifiers or external
cohorts with confirmed patient-level separation.

The results obtained on APTOS 2019 show that the
proposed model has potential for five-class DR classification.
Future work will include external validation using
independent datasets from different imaging settings. Other
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research directions include the integration of retinal images
with additional clinical data, investigation of clinician
feedback mechanisms, federated learning across different
institutions, dedicated interpretability analysis, and
development of lightweight versions for resource-limited or
edge computing platforms. These directions require separate
experimental evaluation in future studies.
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