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Abstract. Diabetic retinopathy (DR) is the leading cause of vision loss in the world,
particularly in individuals who have had a 10 or 15 years history of diabetes. Early
detection of the disease and automated fundus image analysis techniques would
decrease the possibility of vision loss. In this study, a transfer learning method is
proposed, which includes a Convolutional Block Attention Module (CBAM) and
optimizes the DenseNet121 architecture, resulting in better feature representations,
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as well as the focus on relevant retinal area discoveries. The model was trained
and evaluated using the publicly available Kaggle Diabetic Retinopathy dataset,
which contains labeled color fundus images spanning multiple DR severity levels.
To ensure a comprehensive evaluation, metrics such as accuracy, precision, recall,
and Fl-score were employed. We have obtained 97 % of categorization accuracy
and large ablation experiments indicate that channel or spatial attention can be
optimally combined. The addition of CBAM improved the network’s ability to
refine features and focus on clinically meaningful retinal regions. As indicated
by the available experimental data, the proposed DenseNet121 + CBAM outper-
forms both baseline DenseNet121 and VGG model regarding accuracy, precision,
recall, and Fl-score and can be applied in the real world in the context of DR.
There are studies that have undertaken comprehensive ablation which demonstrate
two attention modules. Ablation experiments do better than the single-module
and baseline ones. Our ablation results further confirmed that the combined at-
tention mechanism provides more stable and reliable performance gains across all
metrics. It also shows high levels of improvement in F1l-score, precision and re-
call with the model and this confirms the reliability and flexibility of this model
in clinical practice. The findings indicated a consistent increase in the results of
the DenseNet121 + CBAM model as compared to the baseline DenseNet121 and
its single-module variants, with significant changes in parameters. The positive
results of the research on the various performance indicators as well as the informa-
tion gathered in ablation studies portray the possibility of the approach to aid in
early diagnosis and treatment of DR. These improvements strengthen the potential
of this approach to support early diagnosis and effective management of diabetic
retinopathy.

Keywords: Attention mechanism, CBAM, diabetic retinopathy, DenseNet121, fun-
dus images, transfer learning
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1 INTRODUCTION

Diabetic Retinopathy (DR) is a significant microvascular complication, which de-
velops as a consequence of diabetes mellitus, and it is recognized as one of the main
causes of preventable vision loss in the world [I]. The main issue that goes hand
in hand with this condition lies in its insidious and mostly asymptomatic nature
at the initial phases. Failure to detect the disease and administer corrective ther-
apy can lead to permanent and irreversible blindness in the patient, a fact that
highlights the importance of screening programs early in the disease and the need
to administer treatment promptly during the care of diabetic patients. The con-
ventional method of diagnosis uses the manual examination and grading of retinal
fundus photographs followed by the ophthalmologists to determine the severity of
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DR. Although the approach is effective in decades of clinical application, it has
its inherent limitations. Consequently, computer-aided diagnostic methodologies
have been automated to help clinicians in the more effective identification of DR.
However, these automated solutions still have challenges regarding irregular image
quality, variable lighting level, uneven lesion topography, and presentation of imag-
ing artifacts, which could undermine the accuracy of classification and frustrate the
generalization of the models in different environments. Medical image processing
has experienced tremendous developments over the recent years. An important as-
pect in the Diabetic Retinopathy diagnosis has become the concept of deep learning
by using Convolutional Neural Network (CNN) models [2]. CNNs are also capable
of automatically learning features relevant to raw pixel data, which has eliminated
the need to use manual methods of feature extraction. A number of ready-made
CNN frameworks, including ResNet, VGG, and the DenseNet, have been adapted
successfully to the needs of a medical imaging task. These architectures have ini-
tially been created with large-scale natural image datasets, such as ImageNet. The
transfer learning application, which uses deep representations of the pathological
features is also an emerging aspect that holds promise in diagnosing retinal diseases
such as Diabetic Retinopathy (DR). Although they have their successes, the tra-
ditional CNNs generally treat all features of space and channels equally and this
may reduce their concentration to specific areas related to pathology including ex-
udates, hemorrhages and microaneurysms [3]. Attention mechanisms have emerged
as a persuasive approach in order to increase the detection efficacy of the model. In
this study, we are incorporating the Convolutional Block Attention Module (CBAM)
into the DenseNet121 backbone to progressively diminish feature maps and, there-
fore, focus on the most salient spatial positions and feature channels. CBAM uses
channel attention and spatial attention in an incremental manner. This combina-
tion leads to better performance in the model to identify fine-grained pathological
clues that are important in correct DR classification. This symbiotic method is
especially beneficial in clinical settings where lesions are localized but subtle with
subtle lesions, the attention is crucial to the optimality of the model interpreta-
tion and diagnostic performance. The novelty of this work lies in the integration
of CBAM specifically within the DenseNet121 framework for DR classification, the
comprehensive ablation analysis comparing full, channel-only, and spatial-only at-
tention variants, and the demonstration that the combined attention mechanism
yields superior refinement of retinal lesion features compared to existing CNN-based
approaches. Furthermore, the work provides an explicit examination of how atten-
tion enhances interpretability by guiding the model toward clinically meaningful
retinal regions, which strengthens its potential utility in real-world screening envi-
ronments.

1.1 Contribution of This Study

To further validate the effectiveness of the proposed DenseNet121 + CBAM frame-
work, we compared its performance with several widely adopted state-of-the-art
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models commonly used in diabetic retinopathy classification and medical image
analysis. These include ResNet50, InceptionV3, EfficientNet-B0, VGG16, and Mo-
bileNetV2, all of which represent strong baselines in terms of architectural depth,
feature extraction capability, and computational efficiency. Each model was trained
and evaluated using the same experimental settings and identical dataset partitions
to ensure fairness in comparison. The results demonstrate that the proposed model
consistently outperforms these architectures across key evaluation metrics such as
accuracy, precision, recall, and F1l-score. The improvements can be attributed to
the addition of CBAM, which enhances the network’s ability to emphasize diagnos-
tically relevant retinal regions and suppress less informative features. These findings
highlight the superiority of the attention-augmented DenseNet121 architecture over
existing state-of-the-art models and underscore its potential as a reliable tool for
automated diabetic retinopathy screening.

2 RELATED WORK

DR is a significant complication of microvascularity that develops as a consequence
of diabetes mellitus, and it is admitted to be among the main causes of avoidable
vision loss at the international level [I]. The main issue relating to this condition
lies in the fact that at the initial stages of its development, it is mild and can be
asymptomatic. Patients with diabetes are at risk of irreversible and permanent
blindness without early diagnosis and proper therapeutic intervention, which serves
as the primary reason supporting the importance of early screening programs and
early therapeutic intervention. The conventional method of diagnosis depends on
the manual observation and grading of retinal fundus photograph by ophthalmol-
ogists in order to determine the severity of DR. Although the practice has been
found to be effective in decades of clinical practice, it has drawbacks. Consequently,
computer-aided diagnostic methodologies are automated and have been developed
to aid clinicians in detecting DR in a more efficient manner. In the recent years,
medical image processing has experienced a lot of improvements. The develop-
ment of deep learning has become a crucial element in the detection of Diabetic
Retinopathy by using the Convolutional Neural Network (CNN) models [2]. The
CNNs are adept at automatically deriving pertinent features of unprocessed pixel
data and so do not need manual feature extraction schemes. A number of the
pre-trained CNN architectures, including ResNet, VGG, and DenseNet, have been
successfully adapted to use in medical imaging tasks. It is also believed that the
use of transfer learning that can utilize deep representations of the pathological
features, and it can be a promising solution for the retinal disease detection such
as Diabetic Retinopathy (DR). This work [4] contains many convolutional neural
network (CNN) architectures that are oriented to the detection of diabetic retinopa-
thy (DR). A single researcher was able to identify referable DR with a significant
sensitivity and specificity when using a deep CNN model, namely InceptionV3, in
particular [5]. Elsewhere, a CNN model has been utilized and 80 000 images dataset
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has been used where the classification accuracy of 75 % was achieved [6]. The trans-
fer learning application has become highly marked in the sphere of deep learning
and machine learning since the years 2014 and 2015 due to the overflow of devel-
opment in deep convolutional neural networks (CNNs) ImageNet (2012) [7], VGG
(2014) [8], and ResNet (2015) [9]. Convolutional neural network (CNNs) have been
shown to facilitate the convergence of models and generalization via transfer learn-
ing. The success of the Dense Nets in this field has been remarkable because its
dense connections allow reusing features and edges of the gradient. An example
of the appositional strategies employing the spatial and channel-wise attention to
draw significant features is the Convolutional Block Attention Module (CBAM) [10].
The approach used DenseNet169 and CBAM to categorize the extent of DR in the
APTOS dataset and the accuracy of the method is 82 % when classifying the mul-
ticlass DR and 97 % when classifying binary. Their findings underline the role of
attention mechanisms in the retinal image processing [10]. In a related application,
age-related macular degeneration (ARMD) was classified with 99.44 % accuracy us-
ing a dual-attention DenseNet121 framework [IT]. Their success demonstrates the
wider potential of Dense Net—-CBAM integration in retinal disease classification, de-
spite the fact that ARMD and DR are not the same. In addition to classification,
CBAM has shown efficacy in lesion segmentation tasks. Recent deep learning ap-
proaches have shown improved localization and classification of retinal lesions in
diabetic retinopathy images, contributing to more reliable automated disease detec-
tion [I2]. Despite these efforts, there has been very little research on the specific
application of DenseNet121 with CBAM for multiclass DR classification. This is
particularly true when combined with ablation studies that separate the effects of
channel, spatial, and full attention, as well as a custom multi-layer dense classi-
fier. To close this gap, our work uses DenseNet121 as a base feature extractor,
adds CBAM for improved visual attention, uses a novel dense classifier with 256-
128-64 units, compares attention modes in an ablation study, and incorporates the
Grad-CAM mechanism [I3]. To reflect balanced multiclass performance analysis,
we have also calculated the macro-averaged precision, recall, and Fl-score. As a re-
sult, our model is a complete and repeatable solution that improves DR detection
interpretability and accuracy. In this section, we will be presenting various works
on CBAM, especially retinal imaging. In this work authors integrated CBAM with
U-Net and Attention Gate for microaneurysm segmentation on IDRiD dataset [14].
Demonstrated IoU and Dice improvements by emphasizing lesion regions, the au-
thors have introduced scAG, a dual attention gate in skip connections, boosting
segmentation accuracy across brain and liver tasks [15] [16].

2.1 Retinal Vessel & DR Segmentation with CBAM

One of the researchers introduced transformer along with Joint pyramid and CBAM

for retinal vessel segmentation in DR, achieving ~0.80 mean IoU (Intersection over
Union) on CHASE-DBI dataset [17].
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2.2 Component-Wise Attention Comparisons

Recent attention-based studies have demonstrated that the channel and spatial
branches of an attention mechanism do not all contribute equally to the classifi-
cation of medical images. The study “BAM: Block Attention Mechanism for OCT
Image Classification”, which was published in IET Image Processing Journal in
2022, examined optical coherence tomography images and found that channel and
spatial attention have distinct effects on classification [I8]. The work “Channel Prior
Convolutional Attention for Medical Image Segmentation” (2024) included compre-
hensive ablation experiments that investigated the impact of employing channel-
only, spatial-only, and different combinations of attention blocks arranged either
sequentially or in parallel [19].

2.3 Squeeze-and-Excitation & Variants for DR

The study proposing the Spatial and Channel-wise Excitation Attention Network
(SEA-Net) introduced an alternating structure of spatial and channel attention mod-
ules for diabetic retinopathy grading. The network enhanced the depiction of retinal
lesions by ranking the most pertinent feature channels and information regions in
that order. Compared to the use of Squeeze-and-Excitation (SE) modules alone,
the findings have shown that a combination of the two types of attention led to
a specific enhancement of the performance in terms of grading. This shows that
space data is as equally significant as channel recalibration in detecting minor eye
defects. Attention modules are finding more applications in medical imaging and
DR research [20, 2T]. A number of studies published recently have applied Con-
volutional Block Attention Module (CBAM) or its variations in the medical image
segmentation and classification tasks based on deep learning. Although these meth-
ods have shown a better refinement of features and their performance, most of them
consider CBAM as a combined element instead of examining the independent effect
of their sub modules. Few works have carried out the ablation studies in detail of
comparing the effect of channel-only attention and spatial-only attention mecha-
nisms. CBAM can be used in the framework of diabetic retinopathy classification
as a black-box-enhancement, without an organized assessment of the effect of each
attention branch on model working. Our study fills this gap by conducting a struc-
tured ablation experiment across four different model variants: (1) a baseline model
that does not use attention, (2) a model that uses channel-only attention, (3) a
model that uses spatial-only attention, and (4) a model that uses the full CBAM
integration. We can evaluate the precise contribution of each attention component
to the overall classification accuracy quantitatively thanks to this methodical com-
parison.
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3 LIMITATIONS IN EXISTING LITERATURE

Despite a lot of research having been done in this area, there is still a research gap
that needs to be addressed. Some of them are explained as follows.

3.1 Investigating DenseNet121 + CBAM

Very few studies have focused on combining DenseNet with CBAM for DR, even
though CBAM has been tested on DenseNet169 and other backbones [I0]. This
research gap has been addressed in our work.

3.2 Lack of Ablation at the Component Level

CBAM as a whole is used in most of the works without distinguishing between
channel-only and spatial-only modules [22].

3.3 Inadequate Generalization Across Datasets

A common shortcoming observed in current diabetic retinopathy (DR) detection
studies is the poor generalization performance of models when applied to data from
unfamiliar sources. While most of the model shows excellent results on well-known
datasets such as APTOS and EyePACS, their performance significantly drops when
tested on other retinal image datasets. The principal sources of this performance
difference are the differences in domains such as variations in lighting conditions,
imaging equipment, the nature of the population, and the patterns of disease pre-
sentation in datasets [23]. Although this method saves on time in training and
uses existing visual information, it also comes with a significant drawback. The
visual representations that have been acquired based on images of real objects in
ImageNet are not capable of describing all the intricate textures, color variations
and lesion patterns of retinal fundus images [24]. This can cause such pre-trained
features to overfit the training data or even negative transfer, causing the knowl-
edge of another domain of unrelated visual information to interfere with learning
disease-relevant features. Such dependence on ImageNet models limits the flexibil-
ity and the ability of the network to generalize, and typically reduces performance
when deployed to medical images which have significant differences with the object-
centric images of ImageNet. Most studies rely primarily on visual saliency maps
such as Grad-CAM without extensive quantitative validation of attention align-
ment with pathological regions [25]. With High Computational Complexity CBAM
additional parameters and inference time can impede a higher degree of complex-
ity of the deployment of computational functionality in resource-constrained en-
vironments such as mobile devices [26]. Lack of Transparency and Reproducibil-
ity: In most research, there is a hindrance to independent validation and adop-
tion due to unavailability of public code, complete model configurations or training
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pipelines [27]. Existing literature on DenseNet1214+CBAM in DR detection demon-
strates a number of inadequacies such as low interpretability, higher complexity of
the model, low reproducibility, low generalization, no ablation studies, unresolved
integration problems, and overdependence on ImageNet. All these gaps are directly
addressed by our work, enhancing the utility, clarity, and validity of the model.
Although the attention mechanisms such as CBAM have the potential to be useful
in DR detection, the current body of research has many gaps such as little usage
with DenseNet121, no intensive ablation experiments, poor extrapolation to other
datasets, relying on ImageNet features, and poor interpretability beyond visualiza-
tions, high computational cost and poor reproducibility. These issues can be highly
beneficial in improving the creation and implementation of attention-driven DR,
models [27].

4 PROPOSED WORK

The model proposed to represent the diabetic retinopathy (DR) with its sever-
ity levels based on the retina fundus imagery identified with the deep learning
technique. It is implemented on the DenseNet121 backbone, which is an exten-
sively used convolutional neural network with a known purpose of identifying fine-
grained retinal abnormalities. In order to further increase the feature representa-
tion, a Convolutional Block Attention Module (CBAM) is added at the very end
of the last convolutional block of DenseNet121. CBAM uses channel and spatial
attention mechanism sequentially, which enables the model to concentrate on fea-
tures that are the most important. Particularly, the Channel Attention Module
(CAM) defines what is significant whereas the Spatial Attention Module (SAM)
defines where the model should focus in the image. Such refinement facilitated
by the attention can enhance the recognition of the small DR signs including mi-
cro aneurysms, exudates, and hemorrhages. All dense layers are augmented with
a dropout to minimize overfitting and maximize generalization and with a batch
normalization to stabilize and speed training. A softmax output, consisting of
five neurons (equivalent to the five stages of DR) No DR, Mild, Moderate, Se-
vere, and Proliferative is the last layer. Here, we discuss the effects of imple-
menting CBAM in both VGG and DenseNet121 networks to classify DRs with
the use of fundus images. The aim is to enhance the performance of a classifi-
cation and feature representation by utilizing the mechanisms of attention. The
performance of the attention integration is compared using three model configu-
rations. i) DenseNet121 (Baseline Transfer Learning) ii) DenseNet121 + CBAM
iii) VGG16 + CBAM. Moreover, ablation experiments were also used to assess
the output of the Convolutional Block Attention Module (CBAM) mechanisms
individually and in combination. Three configurations were experimented with,
namely: Channel Attention Only, Spatial Attention Only, and Full CBAM, a com-
bination of both channel and spatial attention. The findings show that the Full
CBAM set up is always better than the individual attentional processes, and this
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fact shows the synergistic advantages of the two attention processes. In partic-
ular, Full CBAM reached the highest classification accuracy of 97 % and models
that used channel or spatial attention showed significantly lower results. These re-
sults indicate that channel and spatial attention are complementary to each other,
which strengthens the feature of the subject and classification accuracy in dia-
betic retinopathy detection. Figure [I] shows a detailed analysis of the proposed
model.

DenseNet121 c(;BAM| MgdulveI Flatten Dense (256) Dense (128) Dense (64) Output Layer
Input Image Backbone (Channel + Spatial +BN + Dropout|_y | + BN + Dropout | | + BN + Dropout (Dense(5))
e ey 4x4x512
150x150x3 Output: Feature Map:
dxd512 4xdx512 =Hikr Output: 256 Output; 128 Output: 64 Sufimax

Figure 1. Detailed architecture of the proposed model

4.1 Dataset Description

The dataset used in this study is sourced from the publicly available Diabetic
Retinopathy Dataset on Kaggle, which contains labeled retinal fundus images cat-
egorized into five severity levels of diabetic retinopathy [28]. This dataset offers
a diverse set of images with variations in illumination, contrast, noise, and lesion
visibility, making it suitable for evaluating deep learning-based diagnostic systems.
Each image is assigned a grade ranging from 0 (No DR) to 4 (Proliferative DR),
enabling both binary and multiclass classification tasks. The dataset structure, class
distribution, representative examples, and the preprocessing steps applied to the im-
ages are documented in detail to ensure transparency and reproducibility. Table
provides detailed description of the dataset.

DR Grade | Description Number of Images
0 | No DR 1000

1 | Mild DR 370

2 | Moderate DR 900

3 | Severe DR 190

4 | Proliferative DR 290

Total 2750

Table 2. Class-wise distribution of images in the Diabetic Retinopathy Dataset

The sample images in Figure [ illustrate the visual differences across the five
diabetic retinopathy severity levels in the dataset. Class 0 images depict a healthy
retina with clear vessels and no visible lesions. Class 1 shows early diabetic indica-
tors, typically presenting as a small number of microaneurysms without significant
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Class 0 Class 1 Class 2 Class 3 Class 4

Figure 2. Sample retinal images from Dataset

structural disruption. Class 2 images contain more noticeable abnormalities, includ-
ing scattered hemorrhages or small exudates. Class 3 demonstrates extensive retinal
damage with numerous lesions and pronounced vascular irregularities, indicating se-
vere disease progression. Class 4 represents the most advanced stage, characterized
by pathological features such as neovascularization and widespread retinal deterio-
ration. Together, these samples highlight the increasing complexity and severity of
the retinal pathology among the classes.

4.2 Dataset Splits, Preprocessing, and Training Protocol

The dataset was split into 3 subsets (training, validation, and testing) with a strat-
ified sampling approach, ensuring all diabetic retinopathy classes were proportion-
ately represented. Around 80% of the images were utilized for training, 10 % for
validation and remaining 10 % for testing. The partitioning approach aided in pre-
serving the balance between classes and enhancing robustness in evaluation of mod-
els.

Various preprocessing techniques were considered for improving the image qual-
ity and features enhancement. Images were noise-reduced using a median filter in
order to retain the desirable features of the retina. It began with gamma correction
and contrast normalization to reduce lighting changes and enhance lesion detectabil-
ity. Further, we used data augmentation techniques through rotation and flipping,
zooming and brightness adjustment to increase the variability of the datasets which
helps prevent overfitting.

An AdamW optimizer was utilised with categorical cross-entropy loss to train
the proposed DenseNet121 + CBAM model. We are using the batch size of 32
and a learning rate of 1 x 10™* during the training. In other two techniques early
stopping and learning-rate scheduling were used to avoid overfitting and achieve
stable convergence, respectively. Google Colab GPU environment was used to run
the experiments for achieving efficient and reproducible training performance.

4.3 Dataset Partitioning

The dataset was divided into training, validation, and testing sets using an 80 per-
cent, 10 percent, and 10 percent, respectively. A stratified sampling approach was
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applied in Google Colab so that all diabetic retinopathy classes were proportionally
represented in each subset.

4.4 Class Balancing

To reduce the effect of class imbalance, class weights were used during model train-
ing. This ensured that minority classes contributed equally to the optimization
process even when their sample counts were lower.

4.5 Preprocessing Procedure

The preprocessing sequence was chosen to improve overall image quality and support
stable learning. Median filtering was applied first to remove noise while preserving
lesion boundaries. Gamma correction was used to correct brightness differences
between images. Normalization was performed last to bring pixel values into a con-
sistent range for training.

4.6 Validation Strategy

A stratified validation split with a fixed random seed (42) was used to ensure con-
sistent and reproducible results. K-fold validation was not applied due to the com-
putational limits of Google Colab.

4.7 Early Stopping Settings

Early stopping monitored the validation loss with the following parameters: patience
of 10 epochs, minimum delta of 0.0001, restore best weights enabled. These settings
prevented overfitting and supported stable convergence during the 25-epoch training
schedule.

4.8 CBAM Insertion

The CBAM module was placed after the final DenseNet121 convolutional block.
Channel attention was applied first, followed by spatial attention. A schematic of
this integration has been added to the revised figure for clarity.

4.9 Initialization

DenseNet121 used pretrained ImageNet weights, while all newly added dense layers
were initialized with He Normal. A fixed random seed was used for consistent
initialization across runs in Google Colab.
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4.10 Dropout Justification

A dropout value of 0.5 was chosen after initial trials showed that lower values led to
slight overfitting, while higher values restricted learning. The chosen value provided
an effective level of regularization.

4.11 Batch Size and Epoch Choice

A batch size of 32 and 25 training epochs were selected to match Google Colab’s
hardware limits. Early stopping often halted training earlier when the model stopped
improving.

5 METHODOLOGY
5.1 Data Collection and Preprocessing

There are 2750 images of retinal fundus and it has been classified into five groups
based on the level of diabetic retinopathy: 1000 images of healthy eyes (No DR),
370 images of Mild DR, 900 images of Moderate DR, 290 images of Proliferative
DR, and 190 images of Severe DR. Preprocessing techniques were used to enhance
the performance of the model, including the median filtering, gamma correction
and contrast normalization techniques to eliminate the effects of noise and uneven
lighting. Also, to augment the dataset variability, to improve robustness, and to
avoid overfitting, image rotation, horizontal and vertical flipping, and brightness
adjustments methods were used. A flowchart of the proposed methodology is shown
in Figure [

5.2 Transfer Learning Using DenseNet121

Transfer learning is an appropriate approach to medical imaging datasets due to
their low volume and high diversities: models trained on large scale natural image
datasets like ImageNet are useful due to their generalizability. The choice of the
backbone network was determined to be DenseNet121 because of a dense connec-
tivity that ensures efficient flow of features and prevents vanishing gradient issue.
ImageNet pre-trained weights were used to first initialize the network, and the orig-
inal classification layer was replaced with a custom dense classifier that produces
five classes with the varying levels of the severity of diabetic retinopathy.

5.3 Convolutional Block Attention Module (CBAM) Is Integrated

Following the last convolutional block of DenseNet121, CBAM module was intro-
duced to the network to increase its capability of focusing on the features which
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Figure 3. Flowchart of the proposed work

are significant in diagnosis. CBAM uses channel attention and spatial attention se-
quentially, improving feature maps by highlighting important feature maps related
to DR lesion. Figure [4] describes retinal image preprocessing pipeline.

5.4 Custom Dense Classifier Design

Following the extraction of the features, a dense classifier comprising three fully
connected layers with 256, 128, and 64 units was constructed. To increase stability
and lessen overfitting, batch normalization and a dropout of 0.5 were applied after
each layer. The model was able to perform multiclass classification of diabetic
retinopathy because the final softmax layer produced the class probabilities.
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Figure 4. Retinal image preprocessing pipeline

5.5 Model Training and Optimization

The model was trained using the Adam optimizer with an initial learning rate of
1 x 107, which was reduced by a factor of 0.1 whenever the validation accuracy
plateaued. Categorical cross-entropy served as the loss function. Early stopping
using a patience of ten epochs was used to preclude overfitting. Accuracy, macro-
averaged precision, recall, Fl-score, and the confusion matrix were some of the
measures of an ideal evaluation of the model.

5.6 Training Parameters

Training parameters are summarized in Table 3

Hyperparameter Value

Learning Rate le—4

Batch Size 32

Optimizer AdamW

Loss Function Categorical Cross-Entropy

Epochs 50-80

Learning Rate Scheduler | ReduceLROnPlateau/Cosine Annealing
Weight Decay le—5

Dropout 0.5

Initialization He Normal

Table 3. Summary of training hyperparameters
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5.7 Experimental Setup

All experiments in this study were conducted using Google Colab’s cloud-based en-
vironment. Training was performed on Colab’s GPU runtime, which provides access
to NVIDIA Tesla T4 or P100 GPUs depending on session availability. The envi-
ronment runs on Ubuntu Linux with CUDA and cuDNN preconfigured by Google’s
backend. The implementation was developed in Python using TensorFlow/PyTorch
(as applicable) along with supporting libraries such as NumPy, OpenCV, and scikit-
learn. Using Google Colab ensures a consistent, reproducible setup while providing
sufficient computational resources for efficient model training and evaluation.

6 RESULTS AND DISCUSSION

The given model was contrasted with the baseline architectures that are typically
used in medical image analysis, i.e. VGG16 and DenseNet121. The findings show
that the CBAM-improved model was better than the base models in all the critical
evaluation measures. The summary of the comparative performance is found in
Table H

Model Accuracy Model Loss 09 Model Precision
—e— Training Accuracy 35 —e— Training Loss :
0.9 Validation Accuracy 30 Validation Loss 0.8
0.8 2.5 0.7
g 5 0.6
g o7 [ 20 2
g 15 3 0.5 -
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1.0 0.4
0.5
0.5 0.3
0.4
" r T T T y 0.0 % - y T T T 0.2 T T v T
[ 5 10 15 20 25 [ 5 10 15 20 25 [ 5 10 15 20 25
Epoch Epoch Epoch
Model Recall Model F1-Score
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0 5 10 15 20 25 0 5 10 15 20 25
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Figure 5. Results of the baseline model — DenseNet121

6.1 Analysis

The proposed model, DenseNet121 + CBAM, was identified to be the most success-
ful in all measures: F1-Score (96.1%), Accuracy (97.3%), Precision (97.8%), and
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Figure 6. Results of VGG + CBAM

Recall (94.7%). This is the effect of including the full CBAM module (channel +
spatial attention) to increase the focus and classification of the model. Conversely,
even though VGG16 + CBAM benefited from attention, it performed noticeably
worse than DenseNet121, probably because of VGG16’s shallower architecture and
poorer feature reuse capability. The outcomes of the model are mentioned in Ta-

ble [l

Model Accuracy | Precision | Recall | F1-Score
DenseNet121 (Baseline) | 0.961 0.970 0.912 | 0.930
VGG16 + CBAM 0.940 0.46 0.47 0.40

DenseNet121 + CBAM

(Proposed Model) 0.973 0.978 0.947 | 0.961

Table 4. Tabular comparison with all baseline models

7 ABLATION STUDY

To isolate the contribution of attention mechanisms, ablation experiments were con-
ducted as shown in Figure 8| Table [f] shows the results of the ablation study.

1. Baseline: DenseNet121 without CBAM.
2. Channel Attention only: DenseNet121 with only channel attention.
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Figure 7. Results of the proposed model

3. Spatial Attention only: DenseNet121 with only spatial attention.
4. Full CBAM: DenseNet121 with both channel and spatial attention.

Validation F1-score Comparison

Validation Precision Comparison

Validation Recall Comparison

— Baseline
—— CBAM_Channel_Only
—— CBAM_Spatial_only
— ceAM_Full

—— CBAM_Channel_Only.
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Figure 8. Ablation study comparing baseline, channel attention, spatial attention, and
full CBAM configurations

8 CONCLUSIONS

DenseNet121 base already shows a good performance in diabetic retinopathy (DR)
classification, with strong performance by virtue of its dense connectivity and ef-

ficient flow of features.

However, previous research demonstrated that attention

mechanisms can be used to further improve the performance of convolutional neural
networks (CNNs) in medical imaging by highlighting diagnostically relevant areas.
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S. no | Model Final Validation Accuracy
1 BaseLine 0.65
2 CBAM _Channel _Only 0.65
3 CBAM _Spatial_Only 0.64
4 CBAM_Full 0.68

Table 5. The comparison of validation accuracy of all 3 studies

An addition of the Convolutional Block Attention Module (CBAM) adds focus to the
network, which causes it to be guided to the most informative regions of the retina,
such as microaneurysms, exudates, and hemorrhages, which are usually small, faint,
and asymmetrical in distribution across fundus images. CBAM improves the feature
representation and the decision-making process as it initially locates the most dis-
criminative feature map and then targets important spatial areas with its sequential
channel and spatial attention processes. In the proposed DenseNet121 + CBAM
model, the mechanism is used to enhance the accuracy and interpretability of DR

detection.
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