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ABSTRACT Article information:
Diabetic retinopathy (DR) is a serious diabetes complication that can cause
blindness if not treated promptly. Accurate DR classi�cation plays an
important role in supporting diagnosis. To improve classi�cation perfor-
mance, this research proposed a hybrid attention fusion network (HAF-
Net) for DR classi�cation. The HAF-Net integrates a convolutional opera-
tor with a convolutional block attention module (CBAM) and a bottleneck
attention module (BAM) due to their advantages in enhancing feature
representation, focusing on both local and global contextual information.
These strengths allow the network to improve its ability to distinguish
between subtle di�erences and help gather important features in medi-
cal images. A residual layer is also added to compensate for feature loss
during training. A hybrid fusion of multi-layer perceptron (MLP), long
short-term memory (LSTM), and bidirectional LSTM (BiLSTM) features
are employed to achieve DR classi�cation. The HAF-Net model is tested on
the a retinal fundus image dataset published on Kaggle for DR classi�ca-
tion research, covering 11 disease types. The proposed HAF-Net achieved
a training accuracy of 99.35% with a training loss of 0.0129. The hybrid
model-MLP achieved the highest validation accuracy of 76.41% and test
accuracy of 80.17%, demonstrating the best generalization performance.
The results indicate that the HAF-Net achieves competitive classi�cation
performance compared with previous studies and represents a promising
approach for automated DR classi�cation.
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1. INTRODUCTION

Diabetic retinopathy (DR) is a complication of
diabetes in which the retinal capillaries malfunc-
tion, potentially causing swelling of the blood ves-
sels at the back of the eye. It generally appears
in people who cannot control their blood sugar, re-
sulting in visual impairment and potentially lead-
ing to permanent vision loss which is one of the
leading causes of blindness globally [1]-[2]. DR has
two stages, non-proliferative and proliferative [3]-[4].
Non-proliferative DR is de�ned by degeneration of
blood vessel walls to a lesser or greater extent, while
proliferative DR comes with abnormal growth of
blood vessels in the retina. Due to its progressive and
often asymptomatic nature, early detection is crucial
to prevent irreversible vision loss, yet clinical diagno-

sis remains time-consuming and resource-intensive as
it relies on expert ophthalmologists. Hence the recent
works have been motivated in developing suitable
automated analysis techniques, especially for abnor-
mality detections like microaneurysms, hemorrhages,
�uid exudates, capillary degeneration, pigment ep-
ithelium detachment and other anomalies in retinal
images [5]-[6]. Predominantly driven by deep learning
(DL) algorithms [7]-[9], these automated methods are
utilized as highly accurate and e�cient clinical deci-
sion support systems, aiming to reduce the diagnostic
burden on ophthalmologists.

In recent times, DL has recently gained importance
when tackling medical image analysis, a prime exam-
ple being retinal classi�cation for diagnosing DR [9]-
[10]. Convolutional neural networks (CNN) have be-
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come a dominant approach in this domain due to their
ability to automatically extract hierarchical features.
CNN have become a leading DL technique because
of their ability to automatically extract unique fea-
tures and simplify the decision-making process. Ex-
isting studies have explored various strategies, includ-
ing segmentation-based methods (e.g., CNN with U-
Net), transfer learning using pretrained models such
as VGG-16 and MobileNet-V2, and hybrid architec-
tures integrating attention mechanisms and feature
optimization techniques. For instance, a study used
DL to solve the problem of data imbalance by choos-
ing CNN integrated with U-Net for lesion segmenta-
tion. To improve the discrimination of the lesions,
Min-max normalization and CLAHE in combination
with resizing as preprocessing techniques to process
MESSIDOR dataset [11]. Similarly, an alternative
method used pretrained CNN such as VGG-16 and
MobileNet-V2 for classification of DR [12]. More ad-
vanced approaches incorporate hybrid CNN architec-
tures, attention mechanisms, and efficient networks
(e.g., ResNet, Inception, EfficientNet) to enhance fea-
ture extraction and classification performance across
datasets such as Messidor-2 and IDRiD [13]-[17]. Sev-
eral other studies [18]-[19] have reported that the use
of DL methods can significantly improve DR classi-
fication, detection, and recognition, thereby facilitat-
ing rapid DR diagnosis.

However, despite these advancements, DL-based
methods for DR classification still face several limi-
tations. These include dependence on large-scale an-
notated datasets, sensitivity to image quality varia-
tions, and challenges in capturing both fine-grained
local features and global contextual information si-
multaneously. In addition, variations in disease char-
acteristics, the complexity of deep neural networks,
and limitations in large-scale and multi-scale feature
learning further affect model performance. More-
over, many approaches rely on single attention mech-
anisms, which may not sufficiently model complex
retinal structures, leading to suboptimal feature rep-
resentation [9]-[14], [16], [18]. To address these chal-
lenges, this study proposes a HAF-Net, which inte-
grates convolutional operators with CBAM and BAM
to enhance feature representation. CBAM focuses on
the extraction of essential spatial features, whereas
BAM enhances the detection of deep features inside
the convolutional operators. The integration of these
complementary mechanisms enables more robust and
discriminative feature learning. The model also em-
ploys a skip connection through a residual layer that
allows the network to re-learn data from previous lay-
ers while making the learning process more stable and
facilitating the extraction of complex features. In ad-
dition, hybrid classifiers including MLP, LSTM, and
BiLSTM are incorporated to further improve classi-
fication performance. This research used the Reti-
nal Fundus Images (RFI) dataset, published on Kag-

gle for DR classification research, covering 11 disease
types. Experimental results were evaluated using ac-
curacy, precision, recall, and F1-score, along with
confusion matrix analysis to assess classification per-
formance. The proposed framework aims to improve
feature representation and generalization for more re-
liable DR classification.

2. METHOD

2.1 Convolutional neural network

The convolutional operator is the core process in
CNN [11], [13]-[17], [20] that performs feature extrac-
tion from data. A small filter or kernel is used to
perform convolution across the input data to com-
pute the output at each location on the feature map,
as follows:

Y (i, j) =

m,n∑
m,n

X(i+m, j + n) ∗K(m,n) (1)

Where Y (i, j) is the output at position (i, j), X(i +
m, j+n) is the value of the input data, K(m,n) is the
kernel size and ∗ is multiplication followed by sum-
mation in the convolution operation.

2.2 Residual layer

Residual layer (RL) [20]-[21] is a technique used
to address the vanishing gradient problem in deep
networks by introducing shortcut connections that
allow information to flow more efficiently through
the network. Instead of learning the target function
H(x) directly, the network learns a residual function
F (x) = H(x)−x, and then reconstructs the output as
H(x) = F (x)+x. This formulation enables smoother
training, even in very deep models. Residual con-
nections also help preserve critical information from
earlier layers, leading to more stable training and bet-
ter convergence, and an improved ability to capture
complex characteristics of the data, as follows:

H(x) = F (x;Wi) + x (2)

Where H(x) is the output of the residual block,
F (x;Wi) is the function learned through convolu-
tional layers with parameters Wi and x is the input
connected via a shortcut connection.

2.3 Convolutional block attention module

The CBAM [22] is an attention module that en-
hances CNN learning by focusing on important fea-
tures in both channel and spatial modes through se-
quential operation. In the channel attention stage, a
feature map F ∈ ReH×W×C from the previous con-
volutional layer is used, where H, W and C denote
height, width, and channels. Channel importance is
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computed using a global average pooling (GAP) and
global max pooling (GMP), as follows:

F c
avg = GAF (F ), F c

avg = GAP (F ) (3)

Next, the results from both pooling processes are
passed through a MLP to calculate the weights of
each channel, as follows:

MC(F ) = σ(MLP (F c
avg) +MLP (F c

avg)) (4)

Where σ is the sigmoid function, which is used to gen-
erate channel mask MC that highlights the important
output features, and the mask is then combined with
the original feature map to obtain an output that em-
phasizes only the important channels.

F ′ = MC(F ) ∗ F (5)

Next, CBAM uses spatial attention to locate im-
portant regions by applying max-pooling (MaxP)
and average-pooling (AvgP) along spatial dimen-
sions, generating two spatial maps as follows:

F c
avg = Average(F ′, axis = C) (6)

F c
max = MAX(F ′, axis = C) (7)

Next, the two results are then concatenated and
processed using a convolution kernel to generate a
spatial attention map, as follows:

MS(F ′) = σ
(
ConV7×7

(
[FS

avg, F
S
max]

))
(8)

Where σ is the sigmoid function, it generates an at-
tention map highlighting important spatial regions.
The spatial attention map is then multiplied with
the input feature map to produce the final output,
emphasizing key features in both channel and spatial
dimensions, as follows:

F ′′ = MS(F ′) ∗ F ′ (9)

Where F ′′ is the feature map that is passed to the
next stage in the sequence.

2.4 Bottleneck attention mechanism

The BAM [23] is an attention module inte-
grated into CNNs to enhance feature representa-
tion through parallel channel and spatial attention
branches, whose outputs are combined to generate a
final attention map, as follows:

F c
avg = GAP (F ) (10)

Where F ∈ ReH×W×C is spatially averaged across
each channel to extract information representing
overall channel importance, the resulting values are
passed through a two-layer MLP with a ReLU acti-
vation in the hidden layer and a sigmoid activation

at the output. This transforms the values into the
range [0,1], as follows:

Mca = σ(MLP (F c
avg)) (11)

Next, BAM assesses spatial attention importance
by applying multiple dilated convolutions to the fea-
ture map F , expanding the receptive field to cover a
larger area. A convolution size is then used for dimen-
sionality reduction, followed by a sigmoid activation
to construct the spatial attention map, as follows:

Mca = σ(ConV1×1(DilatedConV (F ))) (12)

Finally, BAM combines the channel attention map
and the spatial attention map elementwise using
broadcasting, scales them, and multiplies them to
generate the final attention map, as follows:

M = σ(Mca ∗Mca) (13)

This attention map is multiplied with the original
feature map via a residual attention connection, as
follows:

F̂ ′ = (1 +M) ∗ F (14)

Where the addition of 1+M in the residual attention
mechanism helps retain the original information while
amplifying important regions. The resulting F̂ is then
passed to the next layer of the model to support more
accurate learning in medical imaging.

2.5 Classification techniques

This study applied MLP [24], LSTM [25], and BiL-
STM [26] for the network structure above in pro-
cessing medical sequence data more efficiently. On
the one hand, MLP can extract deep features for
structured data; on the other hand, LSTM is able
to capture long-term dependencies in sequential data
by learning temporal patterns and thereby avoid the
vanishing gradient problem. Furthermore, BiLSTM
can learn contextual information from both sides
within a sequence, thereby providing bidirectional
context-based learning and improving model interpre-
tation or prediction in time series data.

3. PROPOSED METHOD

In Fig. 1, the HAF-Net is designed for DR classi-
fication. The network operates in Block A and Block
B. In Block A, the process begins by receiving input
images from the dataset, which are then processed
through a convolutional layer, as detailed in Equation
(1), the network designs a 3-layer convolutional filter
with sizes of 32, 64, and 128 filters (3×3 kernel size),
respectively, with a 2×2 MaxP to retain only im-
portant features and ReLU to extract non-linear fea-
tures, working together with SAME padding to pre-
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serve spatial information during convolution, while
MaxPooling reduces the feature map size. Then, the
obtained features are passed to CBAM and BAM to
enhance emphasis on important positions and chan-
nels in the image. CBAM is an attention mechanism
consisting of two main parts: channel attention and
spatial attention. In the channel attention part, it
starts by using GAP and GMP to extract the sta-
tistical characteristics of each channel, as detailed in
Equation (3). Then, the result of the pooling pro-
cess is passed through a MLP implemented using 1×1
convolution layers with reduction ratio (r = 16), as
detailed in Equation (4), to learn the importance of
each channel using the ReLU and sigmoid functions,
where the sigmoid function sets weights in the range
[0, 1] to create a channel mask that emphasizes only
important channels. This mask is then combined with
the original feature map elementwise, as detailed in
Equation (5). Next, spatial attention operates us-
ing AvgP and MaxP, as detailed in Equation (6) and
(7), applied along the channel axis and concatenated,
to emphasize spatially important features. And they
are combined and passed through a 7×7 convolutional
layer (7×7 kernel size), which works with a sigmoid
function to construct a spatial attention map, as de-
tailed in Equation (8). Finally, the attention map is
combined with to extract the important features, as
detailed in Equation (9), and is passed to the next
layer to be merged with the BAM features. BAM
is an attention module that works with a convolu-
tional layer to highlight salient features from both
channel and spatial perspectives. It consists of two
parallel branches: channel attention and spatial at-

tention. For channel attention, it begins by applying
GAP to the feature map to extract the overall impor-
tance of each channel, as detailed in Equation (10).
The pooled features are passed through a two-layer
fully connected layers with reduction ratio (r = 16),
using ReLU and sigmoid activations to generate chan-
nel attention weights, as detailed in Equation (11). In
the spatial branch, a sequence of convolutional layers
is applied, including a 1×1 convolution followed by a
3×3 dilated convolution (dilation rate: 4), and a final
1×1 convolution with sigmoid activation to generate
the spatial attention map, as described in Equation
(12). After obtaining both channel and spatial atten-
tion, BAM combines the two outputs elementwise us-
ing broadcasting and multiplication to generate the fi-
nal attention map, as detailed in Equation (13). This
attention map is then multiplied with the original fea-
ture map using residual connections, as described in
Equation (2), to preserve original information and im-
prove the accuracy of highlighting important features,
as described in Equation (14). BAM helps the model
focus more effectively on features, important in terms
of both position and channel. In this process, the fea-
tures from CBAM and BAM are concatenated and
passed to Block B, which has the same workflow as
Block A, with additional residual connections and se-
quential feature modeling to further improve feature
representation and learning stability. The resulting
features are then forwarded to the classification tech-
niques.

After feature fusion, the resulting feature maps are
reshaped into sequences (H ×W ×C) and passed to
classification layers. The features are processed using

Fig.1: Proposed method.
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an MLP with 256 nodes and 0.3 dropout, as well as,
LSTM and BiLSTM layers with 128 hidden units and
0.3 dropout, followed by a softmax layer for DR clas-
sification. Accordingly, the HAF-Net is divided into
three networks: hybrid model-MLP, hybrid model-
LSTM and hybrid model-BiLSTM. The experimental
and classification results are presented in Fig. 3 to 6
and Table 2.

4. EXPERIMENTS AND RESULTS

4.1 Experimental setup

The HAF-Net was trained on a windows system
with an Intel Core i5-12400F LGA 1700 CPU, 32 GB
of RAM at 5600 MHz and an NVIDIA RTX 4070
GPU including 12 GB of VRAM and 5888 CUDA
cores. The methods and algorithms were imple-
mented in NumPy and TensorFlow. The network
was trained with 150×150×3 input image size, and
a learning rate of 10−4 to moderate how fast the
weights were adjusted in training. The batch size of
32 and 100 epochs were used to train the models, en-
suring stable and efficient learning. Stratified 5-fold
cross-validation was applied to the combined training
and validation data to evaluate the robustness and
stability of the proposed model. The experimental
parameters are summarized in Table 1.

Table 1: Training hyperparameters.
Parameter Value

Image Input 150×150×3
Epoch 100

Loss Function Categorical cross entropy
Learning rate 10−4

Batch size 32

4.2 Dataset

This study employed the retinal fundus im-
ages (RFI) dataset [27], a public Kaggle resource
widely used in DR research [28]-[29]. The dataset
contains 21,746 retinal images across 11 disease
classes, including Moderate DR (5,288), Dry AMD
(1,360), Wet AMD (587), Proliferative DR (1,416),
Cataract (1,505), Normal Fundus (2,874), Hyperten-
sive Retinopathy (1,344), Mild DR (2,438), Glaucoma
(1,878), Pathological Myopia (1,265), and Severe DR
(1,791). The dataset was split into 80% for training
(60% training, 20% validation) and 20% for testing.
Sample images are shown in Fig. 2, and class distri-
bution is presented in Fig. 7.

4.3 Evaluation

The performance metric used to evaluate models
for training is accuracy, as detailed in Equation (15),
which represents the percentage of total data that the
model is capable of correctly predicting. Conversely,

Fig.2: Sample retinal fundus images.

classification performance in terms of Precision, Re-
call, F1-score and AUC as described by Equations
(16) to (19) and confusion matrix used standardized.

Accuracy =
TP + TN

TP + TN + FP + FN
(15)

Precision =
TP

TP + FP
(16)

Recall =
TP

TP + FN
(17)

F1 =
2× (Precision×Recall)
Precision+Recall

(18)

AUC =

∫ 1

0

TPR(FPR)d(FPR) (19)

In DR classification, a True Negative (TN) occurs
when a sample that does not belong to the target class
is correctly identified as not belonging to that class.
True Positive (TP) occurs when a sample belonging
to the target class is correctly classified into its cor-
responding class. False Negative (FN) occurs when
a sample belonging to the target class is incorrectly
classified as another class. False Positive (FP) occurs
when a sample from another class is incorrectly clas-
sified as the target class. Since diabetic retinopathy
classification is formulated as a multi-class classifi-
cation problem, TP, TN, FP, and FN are computed
using a one-versus-rest strategy for each class, and
the reported Precision, Recall, and F1-score are cal-
culated using macro averaging across all classes.

4.4 Training results

In Fig. 3, the training accuracy of the three hy-
brid models over 100 epochs is presented. The hy-
brid model-BiLSTM achieved the highest training
accuracy of 99.35%, followed by the hybrid model-
MLP with 98.88%, and the hybrid model-LSTM with
98.63%. The results of this experiment indicate stable
convergence throughout the training process, demon-
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strating effective optimization and progressive learn-
ing of representative features from the DR dataset.

Fig.4: Training accuracy during the training pro-
cess.

In Fig. 4, the loss values for each model across
100 epochs during training are presented. The hy-
brid model-BiLSTM achieved the lowest training loss
of 0.0129, indicating higher learning efficacy than the
hybrid model-MLP and hybrid model-LSTM, which

Fig.5: Training loss during the training process.

obtained training losses of 0.0354 and 0.0413, respec-
tively. The loss for all models dropped to their respec-
tive minimum thresholds early in the training before
stabilizing, indicating stable convergence throughout
the training process. These results describe the op-
timization behavior during training only, while the
validation and test performances are presented sepa-
rately to assess the models generalization capability.

Fig.3: AUC curve for DR classification.
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The validation and test results provide a more re-
liable evaluation of the models’ generalization perfor-
mance. The hybrid model-MLP achieved the high-
est validation accuracy of 76.41% and test accuracy
of 80.17%, followed by the hybrid model-BiLSTM
with 74.46% and 79.71%, respectively, and the hybrid
model-LSTM with 74.42% and 79.51%. These results
indicate that the MLP-based hybrid model provides
the best generalization performance.

4.5 Classification performance

In Fig. 5, the classification task accuracies are pre-
sented, comprised of results from both hybrid model-
MLP and hybrid model-LSTM-based models in addi-
tion to hybrid Model-BiLSTM, giving an evaluation
score considering AUC across 11 disease classes. The
rate ranged from approximately 91% to 99% for all
three models, which suggests strong overall classifi-
cation. But every model has its strengths and weak-
nesses in various classes. The average of the hybrid
model-MLP was the highest with 97.82%, it reached

Normal Fundus of 99.93% and Cataract of 99.67%.
However, the MLP had limited capability for distin-
guishing Mild DR with a score of 91.63%, suggesting
that it was not versatile enough to detect subtle char-
acteristics of the disease. The hybrid model-LSTM,
like MLP, and with an average of 97.89%, worked as
well (better in Pathological Myopia and Normal Fun-
dus), a symptom likely characteristic of such a net-
work for learning features related to chronic diseases.
Additionally, hybrid model-BiLSTM having the low-
est average of 97.40%. Nevertheless, the model per-
formed the best in classifying complex diseases like
Wet AMD compared to model others. These results
support the use of AUC as a performance metric and
highlight the appropriateness of each model according
to target class complexity.

In Fig. 6, confusion matrices of the hybrid
model-MLP, hybrid model-LSTM, and hybrid model-
BiLSTM, respectively, on 11 DR disease classes illus-
trate the classification performances. In recognising
Normal Fundus, the hybrid model-MLP achieved the

Fig.6: Confusion matrix for DR classification.
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Table 2: Classification performance.
DR Disease Precision Recall F1 Precision Recall F1 Precision Recall F1

hybrid model-MLP hybrid model-LSTM hybrid model-BiLSTM
Cataract 80.88% 98.21% 88.71% 87.60% 94.64% 90.99% 93.20% 85.71% 89.30%
Dry AMD 58.82% 74.07% 65.57% 49.23% 59.26% 53.78% 60.00% 55.56% 57.69%
Glaucoma 82.98% 75.00% 78.79% 70.35% 77.56% 73.78% 74.38% 76.28% 75.32%
Hypertensive 84.72% 64.89% 73.49% 78.69% 51.06% 61.94% 60.19% 69.15% 64.36%
Mild DR 57.41% 30.39% 39.74% 42.19% 26.47% 32.53% 38.57% 26.47% 31.40%
Moderate DR 71.75% 89.35% 79.59% 69.77% 83.33% 75.95% 67.84% 80.09% 73.46%
Normal Fundus 93.68% 99.44% 96.48% 97.78% 98.32% 98.05% 96.22% 99.44% 97.80%
Pathological 89.53% 75.49% 81.91% 86.14% 85.29% 85.71% 98.73% 76.47% 86.19%
Proliferate DR 62.04% 73.63% 67.34% 66.29% 64.84% 65.56% 57.01% 67.03% 61.62%
Severe DR 72.09% 57.94% 64.25% 69.23% 67.29% 68.25% 69.57% 59.81% 64.32%
Wet AMD 69.23% 78.26% 73.47% 61.90% 56.52% 59.09% 74.07% 86.96% 80.00%

highest accuracy of 99.4%, followed by Cataract at
98.2% and Moderate DR at 89.4%. It showed some
significant misclassification errors on the Glaucoma
class, as well as Pathological, Mild DR, Wet AMD,
and a few more. The hybrid model-LSTM and the hy-
brid model-BiLSTM also performed similarly to each
other, showing confusion on classes that have sim-
ilarity in visual appearance. The complexity of the
data and the presence of overlapping features between
some diseases might be the reason for the confusion,
such that there is no clear class separation among
different diseases, thus leading to an increase in clas-
sification errors.

In Table 2, the results of the hybrid model for 11
DR diseases are presented in terms of precision, re-
call, and f1-score. Hybrid model-MLP, it achieved
impressive performance in classifying Cataract and
Normal Fundus, however, it showed particularly in-
effective results for Mild DR (Precision 57.41%, Re-
call 30.39%, F1-score 39.74%), suggesting its incapa-
bility of catching subtle disease characteristics. Hy-
brid model-LSTM was proved to be a superior model
through-depth analysis under several cases Contract,
Normal Fundus and Pathological, when compared
with MLP model. However, recognizing the complex
characteristic of disease was a significant challenge for
the model in showing that it struggled to classify Mild
DR, Severe DR, Glaucoma and Wet AMD. Further-
more, although the hybrid model-BiLSTM achieved a
competitive F1-score in several primary classes such
as Normal Fundus, Wet AMD, Cataract, and Patho-
logical, the recall for multiple other classes was lower,
thereby diminishing the overall classification perfor-
mance. These results further confirm that each model
has its strengths in identifying certain disease cate-
gories but none of them have a wide range of pro-
ficiency performance over all classes, especially for
those cases with overlap features, or hard-to-observe
symptom-progress diseases like Mild DR, Proliferate
DR and Severe DR, respectively, which indicates a
significant challenge exists while building diabetes
retinopathy disease models that are comprehensive.

4.6 Performance comparison

This study compares the experimental results of
the HAF-Net with those of previously published stud-
ies [30]-[33] to ensure consistency, focusing specifically
on studies that utilize the RFI dataset. The compar-
ison also includes model parameters and GFLOPs to
evaluate both accuracy and efficiency. As the com-
pared studies differ in experimental settings, the com-
parison is intended as an indicative reference rather
than a direct benchmark. The performance compar-
ison is shown in Table 3.

In Table 3, a comparison is shown of research
on DR performance using various architectures
such as SMOTE, Weinmed, VGG-19, MobileNetV2,
ResNet, GoogleNet, EfficientNet-B5, Vision Trans-
former (ViT), and image processing techniques in-
cluding CLAHE, U-Net, and BV segmentation, as
well as the application of TL and FedCNN to ad-
dress the problem of limited data and improve accu-
racy. The results from these studies show accuracy
ranging from approximately 72.5 to 99%. The pro-
posed method demonstrates performance comparable
to previous studies while reducing model complex-
ity with fewer parameters of 0.3731M–0.7016M and
GFLOPs of 0.506, making it suitable for deployment
in systems with limited computing resources. In ad-
dition, stratified 5-fold cross-validation achieved av-
erage accuracies of 80.28% ± 4.77%, 77.89% ± 4.13%,
and 79.66% ± 4.48% for the hybrid model-MLP, hy-
brid model-LSTM, and hybrid model-BiLSTM, re-
spectively, indicating stable and reliable performance
across different folds. The maximum training ac-
curacy of 99.35% further demonstrates the model’s
learning capability during training.

5. DISCUSSION

The HAF-Net effectively combines convolutional
operations with dual attention mechanisms, CBAM
and BAM to improve feature representation in DR
classification. It shares conceptual similarities with
dual-model or fusion-based approaches reported in
prior studies [14], [20], [22], [34]-[35], buts its dis-
tinctiveness lies in adopting a hybrid design that si-
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Table 3: Performance comparison of baseline and proposed models.
Paper/Year Research Focus: Accuracy Testing Parameter GFLOPs

(Training) performance (M)
[10]/2025 - Integrating SMOTE, Weinmed, with VGG-19, 98% 98.5% - -

and Federated Learning (FedCNN) for the DR
classification.

[11]/2025 - Applies min-max normalization and CLAHE, - 99.84% - -
integrates U-Net for red lesion segmentation, and
employs CNN for DR classification.

[12]/2025 - Pre-trained VGG-16 and MobileNet-V2 to the 90%, - - -
system achieved accuracy rates of 90% and 92%, 92%
respectively, for estimating the severity of DR from
retinal images.

[13]/2021 - A two-stage transfer learning approach with ROIs 98.60% 99.7, 99.8% - -
and pre-trained CNNs to enhance DR classification.

[14]/2023 - An approach to detect DR using a CNN model, 96.85% 90.24% - -
incorporating two different DL architectures,
ResNet50 and InceptionV3, concatenated into the
CNN for DR classification.

[15]/2023 - The MobileNetV2 method, based on transfer learning 72.47% 69.6% - -
with fine-tuning to DR classification.

[16]/2020 - Combining the Contrast Limited Adaptive Histogram - 92, 94.5% - -
Equalization (CLAHE) method with the EfficientNet-B5 (AUC)
architecture to improve DR classification.

[19]/2024 - The method combines a cascaded dense block (CDB) 87.22, 89.10, 3.16 2.785
and 2X-FEM to create a new architecture, called 89.10, 87.22,
CDB-2X-FEM, to improve DR. 92.22% 92.22%

[30]/2023 - A ViT pipeline using transfer learning to train a large - 80.4% 307 -
model on a small dataset.

[31]/2024 - Integrates GoogleNet and ResNet to develop a - 94% - -
lesion-based DR detection model, enhancing both
feature extraction for classification performance.

[32]/2024 - Uses color-based BV and CLAH-TH segmentation 96.7% 98.1, 97.1% 21.07 -
with transfer-learned VGG19 and InceptionV3 to
improve DR grading accuracy.

[33]/2023 - A TL approach with optimized features for DR using - 82, 96, 75% - -
pre-trained ShuffleNet and ResNet-18 network to
enhance DR.

Proposed

- A CNN with (32, 64, 128, 256) filters, a 3×3 kernel, 99.27% 79.69% 1.276 2.259
and Dense layers (256, 128) is used to compare the performance
of the proposed model.
- A CBAM-CNN is used to compare the performance 98.34% 77.99% 1.287 2.287
of the proposed model.
- A BAM-CNN is used to compare the performance of 99.35% 78.72% 1.296 2.281
the proposed model.
- A hybrid model (HAF-Net) integrated MLP, LSTM, 98.88, 80.17, 0.3731
and BiLSTM to enhance diabetic retinopathy 99.35, 79.51, 0.5031 0.506
classification. 98.63% 79.71% 0.7016

Note: “-” denotes that the parameters and GFLOPs were not reported in the referenced study.

multaneously integrates CBAM and BAM, enabling
adaptive manipulation of image features for enhanced
discriminative power. By employing three convolu-
tional blocks with increasing filter sizes of 32, 64,
and 128, coupled with ReLU activation and 2×2
max-pooling, the model can extract robust low-to-
high-level features while maintaining spatial resolu-
tion through SAME padding. Furthermore, the inclu-
sion of CBAM enables the model to flexibly empha-
size the most relevant channels and spatial locations
via a sequential attention strategy. Specifically, chan-
nel attention learns the importance of each channel
using global pooling and MLP operations, while spa-
tial attention highlights informative regions through
convolutional processing. BAM enhances this perfor-
mance by introducing a parallel attention structure
with extended dilation, which expands the receptive

field and enables the model to capture long-range de-
pendencies and subtle differences in lesion patterns,
essential for early DR classification.

The validation and test results provide a more re-
liable assessment of the models generalization capa-
bility. The hybrid model-MLP achieved the high-
est validation accuracy of 76.41% and test accuracy
of 80.17%, indicating the best generalization per-
formance. During training, the proposed HAF-Net
achieved the highest training accuracy of 99.35% with
the lowest training loss of 0.0129, indicating stable op-
timization. Furthermore, when considering the clas-
sification results of all models, as shown in Fig. 5, the
model demonstrates high average AUC values across
each class of 99.67, 97.80, 97.61, 97.43, 91.96, 96.14,
99.99, 99.25, 97.64, 96.41, and 99.71% for Cataract,
Dry AMD, Glaucoma, Hypertensive, Mild DR, Mod-
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erate DR, Normal Fundus, Pathological, Proliferative
DR, Severe DR and Wet AMD, respectively. These
results indicate that the proposed HAF-Net effec-
tively distinguishes most retinal disease classes. In
particular, the model performed well in Cataract,
Glaucoma, Moderate DR, Normal Fundus, Patho-
logical and Wet AMD. However, the lower AUC of
Mild DR at 91.96% and the lower Precision, Recall,
and F1-score for some classes indicate that early-stage
DR remains challenging to classify. Further improve-
ments and validation on larger clinical datasets are
therefore required before broader clinical application.

6. CONCLUSION

This study proposes a HAF-Net that integrates the
convolutional operators and CBAM with BAM for
efficient DR feature extraction, coupled with resid-
ual connections and a hybrid fusion of MLP, LSTM,
and BiLSTM to improve feature learning and DR
classification. The model is evaluated on the RFI
dataset comprising 11 disease classes and demon-
strates high accuracy, precision, recall, F1-score, and
AUC, achieving performance comparable to or ex-
ceeding existing methods. These results indicate that
the proposed HAF-Net is a promising research model
for automated DR classification, although further
clinical validation is required.

The validation and test results confirmed the
model’s generalization performance, with the hybrid
model-MLP achieving the highest validation accuracy
of 76.41% and test accuracy of 80.17%. During train-
ing, the proposed HAF-Net achieved a training accu-
racy of 99.35% with a training loss of 0.0129, indi-
cating stable optimization. The model also showed
high performance in classification tasks with AUC
value of 99.67, 97.80, 97.61, 97.43, 91.96, 96.14, 99.99,
99.25, 97.64, 96.41, and 99.71% for Cataract, Dry
AMD, Glaucoma, Hypertensive, Mild DR, Moderate
DR, Normal Fundus, Pathological, Proliferative DR,
Severe DR, and Wet AMD, respectively, indicating
that the proposed HAF-Net is effective in distinguish-
ing retinal diseases, although the performance varies
across disease classes.

Future work will focus on developing a computa-
tionally efficient HAF-Net for deployment on mobile
and edge devices. Additionally, we aim to further
optimize the network architecture and validate the
model on larger and more diverse clinical datasets
to improve the classification of challenging disease
classes.
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