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Abstract—Diabetic Retinopathy (DRY) is a microvascular 

complication caused by diabetes mellitus, and it is one of the 

leading causes of blindness, especially in human adults. As the 

prevalence of this disease is growing exponentially, the screening 

of millions of people needs to be performed at a proliferating rate 

to diagnose the stage of the disease in its early stages. Highly 

advanced in the domain of technology, especially in artificial 

intelligence and its allied techniques, has come for the screening of 

DRY in photography to enhance the quality of life. This generates 

a bulk size of data that travels at high speed and cuts down on 

many human tasks. However, the techniques employed by the 

authors so far are quite expensive and time-consuming, and the 

prediction rate is insufficient to apply in a real-time scenario. This 

study offered a road for a deep learning-based fully automated 

system that helps to save manual disease diagnosis work and 

achieve disease detection in its very early stage using 

EfficientNetB3 (ENB3) Convolutional Neural Network (CNN) on 

DRY Fundus Images (FDI). In the suggested CNN, architectural 

variations and pre-processing techniques such as dimensionality 

reduction, global average pooling, and circular cropping are 

introduced alongside the Leaky ReLU (LR) activation function, 

Transfer Learning, and Reduce LROnPlateau technique, 

respectively. The accuracy of the proposed CNN classifier was 

94.2% on training data, with a kappa score of 0.874, while it 

achieved a high level of accuracy at 96.7% on the testing data for 

DRY grading. Further, the evaluation results presented that the 

proposed model efficiently classifies the DRY stages for early 

disease detection. 
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I. INTRODUCTION 

Diabetes is growing exponentially and has been the primary 
reason for vision loss in human beings over the past few decades. 
Jan et al. [1] have pointed out that Diabetes Mellitus (DM) is 
present in a significant proportion of the global population, 
accounting for 382 million, which is expected to go even higher 
and reach new heights of somewhere around 592 million by 
2025. It is further classified into two categories: Type-I and 
Type-II diabetes. The diseases are classified on the basis of the 
symptoms possessed by the human body, especially in the eyes. 
A significant impact on the eye is stated due to DM, known as 
Diabetic Retinopathy (DRY). Around 34.2% suffer from the 
DRY disease, among 382 million people who suffer from DM. 

In addition to it, 6.8% and 7% (approximately) have been 
detected with Diabetic Macular Edema (DME) and Proliferative 
Diabetic Retinopathy (PDRY), respectively [2]. These diseases 
are growing exponentially, especially in working-age adults and 
the aging populace. Therefore, the number of patients suffering 
from the DRY disease may be increased from 126.6 million to 
191 million worldwide by 2030 [2]. The primary reason for 
people suffering from DRY is the working style of adults and 
not taking care of the preventive measures that control blood 
sugar. In general, detecting DRY in the early stage is a highly 
complex task, and people also feel asymptotic during the initial 
stage. However, in the later stages, many symptoms, like blurry 
vision, distortions, etc., are possessed with this disease. In the 
most severe stage, a human being may completely lose their eye-
sight visualization. Therefore, the early prediction of the DRY 
disease is the most essential task to avoid the consequences in 
the later stage. 

There are two broad classes of DRY: PDRY and Non-
Proliferative Diabetic Retinopathy (NPDRY). Further, there are 
three eminent categories of NPDRY to detect the early stage of 
eye disease: Mild DRY, Moderate DRY, and Severe DRY [3]–
[8]. The retinal fundoscopic illustration of different stages is 
depicted in Fig. 1 [9]. Afterwards, the classification diagram for 
these diseases is illustrated in Fig. 2 [3]. Moreover, the impact 
on human eyes during the distinguished DRY stages is presented 
in Fig. 3 [5]. 

 
Fig. 1. DRY Classification. 

A primary motivation to work in this field is the concern for 
human health [63], as it is evident that in the human body, one 
of the most important sensory organs is the eye. Over the last 
few years, eye diseases have grown exponentially in human 
beings [1]. Thus, it is necessary to establish a system for the 
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early diagnosis of the stage of such curable diseases to treat 
promptly.  In the past decade, eye disease detection has also been 
extensively dependent on Deep Learning (DL) systems. Here, 
DL is said to identify critical patterns that may not be easily 
detectable by humans in visual data, making extensive analysis 
of complex visual data from DL [10]–[12][64]. One entails 
DRY, a disease that affects blood vessels within the retina, and 
blindness can easily result from it. DL models have been trained 
to detect signs of DRY by analyzing retinal images and 
identifying abnormalities in the blood vessels [13]–[15]. 

Age-related macular degeneration is another condition 
wherein the central part of the retina is damaged and can also 
cause blindness [16]–[18]. DL models are currently utilized for 
retinal images and processed for the detection of early signs, 
enabling earlier treatments and preventive measures for losing 
vision. Overall, using DL models in eye disease detection can 
potentially improve patient outcomes and significantly reduce 
the incidence of blindness. Now, the main research question is: 
“How can a multi-stage CNN architecture be effectively 
designed to optimize the detection accuracy and stage-wise 
classification of diabetic retinopathy in fundus images?” 

 

Fig. 2. Retinal fundoscopic illustration. 

Therefore, the primary focus of this study is to classify the 
five stages of DRY disease in the most efficient manner, such 
that predicting early stages can be performed using the ocular 
eye disorders FDI to avert the possibility of blindness in human 
beings. Moreover, present research on this concern has shown 
that the CNN approaches are employed widely and ultimately 
outperform the various traditional and conventional approaches 
in distinguishing disease classification, segmentation, and 
prediction [19]–[24]. 

This study presents a novel multi-class detection system for 
DRY using an enhanced EfficientNetB3 CNN model. The key 
innovations include architectural modifications like 
dimensionality reduction with global average polling, circular 
cropping, and incorporation of LR activation function, Transfer 
Learning, and ReduceLROnPlateau technique. The model 
attained superior performance based on the training data of 
94.2% accuracy and on a 0.874 kappa score, while the testing 
data resulted in 96.7% accuracy for the DRY grade-a system that 
outperformed earlier methods. The system is fully autonomous, 

eliminating the need for manual disease diagnosis, and excels at 
early-stage detection. Additionally, the model demonstrates 
strong potential for broader applications in biomedical image 
interpretation and medical decision-making while addressing 
previous limitations like expensive computation and insufficient 
prediction rates in real-time scenarios. The high accuracy and 
robust performance make it a considerable leap in automated DR 
detection and classification. 

 
Fig. 3. Stages of DRY. 

The organization of the rest of the study is as follows. In 
Section II, a background study of various state-of-the-art 
models, along with other relevant details related to various ML 
and DL approaches, is provided. Furthermore, this section 
contains an account of techniques and descriptions involved in 
grading DRY classification. The dataset description, 
preprocessing steps, methodology, and architectural diagram are 
described in the subsequent Sections III and IV. Section V 
brings together experimental settings, parameters for 
performance measurement, graphical results, and a detailed 
discussion. Finally, the future scope and conclusion of the 
research are represented in Section VI. 

II. LITERATURE REVIEW 

Eye diseases have been the primary cause of vision loss 
among human beings and have increased exponentially in the 
past few decades [1],[8]. Several research articles have been 
published to detect the early stage of eye disease to cure human 
life. This particular section is concerned with some of the 
approaches and techniques employed by the researcher in the 
prediction and classification of the grading of DRY in humans. 
These gradings are described as class-0 to class-4 as per the 
severity level, where class-0 represents the No DRY and class-
4 represents the most severe DRY level. 

Ryu et al. [28] put forward a model that is absolutely 
automatic and CNN-based for DRY detection and referable 
DRY from Optical Coherence Tomography Angiography 
(OCTA) scans.  Furthermore, the validation of the model has 
been carried out using an external dataset, accompanied by four 
cross-validation techniques applied for model training. The 
proposed CNN model achieves classification accuracy between 
91% to 95% for onset DRY and 91% to 98% for referable DRY. 
However, the dataset used for the work by the authors includes 
only 301 eye scan images, which was a major setback for the 
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proposed work. Math et al. [29] proposed a model for DRY 
detection based on segment-based learning. 

Moreover, the CNN pre-trained model is stacked with an 
end-to-end segment-based learning method. The system was 
further validated using the Kaggle DRY detection dataset [30] 
and DIARET-DB1 [31] datasets, achieving 96.3% classification 
accuracy. A Synergic DL model has been proposed by 
Kathiresan et al. [32] presented a Synergic DL model to classify 
the DRY FDI. The first step of the authors was to do a noise-
removal process, after which a histogram-based segmentation 
was applied to extract the relevant features from the images 
scanned for DRY. To validate the model, the authors used the 
MESSIDOR dataset [33]. Alyoubi et al. [34] reviewed 33 papers 
that classify eye disease using DL approaches. The author's main 
concern was to present the importance of the DL approaches to 
detect the DRY. Further, various data augmentation approaches 
were also described in the study to avoid overfitting. 

Jiang et al. [35] suggested a technique that uses the Adaboost 
algorithm to classify the DRY using FDI. The authors used the 
demographically specific Chinese population dataset, which had 
30,244 FDI. In the initial step, they resized all the images to 
(520, 520, 3) pixels, and then the augmentation steps were 
employed. The implementation part was divided into three 
subcategories: distribution, initialization, and combination of 
the illustrated model. An automated DRY classification system 
using four categories of a high-quality dataset of disease images 
is proposed by Zhang and his team [36]. The dataset contains 
13,767 disease scans on which the data augmentation and 
histogram equalization techniques were initially employed. 
Moreover, the contrast stretch algorithm was incorporated to 
lighten the quality of dark images. Initially, authors finetuned 
Inception V3, Dense Net, ResNet-50, Inception ResNet V2, and 
Xception models. It was later that the authors made use of the 
R-Fully convolution Network and integration to discover the 
relation of the class labels with the classifier part for the study. 
Tymchenko et al. [37] presented a multitask learning approach 
using CNN to classify the DRY stages. Initially, to train the 
model, the Kaggle EyePACs dataset [30] was used, and later on, 
the MESSIDOR dataset [38] contained 1200 FDI, and the 
IDRiD Dataset [39] contained 413 scans merged into it. The 
further approaches took advantage of TL by accessing the 
weights of the pre-trained ImageNet model for the initialization 
of the encoder. The model was tested with the Kaggle APTOS 
2019 dataset [40]. Papadopoulos et al. [41] suggested an ML-
based approach to detect DRY FDI. The approach is purely 
based on multiple-instance learning. From the image patches, 
local information was extracted first and then clubbed with the 
attention mechanism. The Hough transformation, resizing, 
cropping, and various other techniques were employed in the 
pre-processing stage because this model achieved state-of-the-
art accuracy. The concept of TL was initially employed by 
Gangwar et al. [42] in proposing a hybrid model of CNN 
Inception-ResNet-v2. The architecture was modified by adding 
the ensemble-based Inception block at the top of the structure. 
The suggested model outperforms the Google Net model results. 
Majumder et al. [43] presented a multitask model for DRY 
classification. This approach introduced a hybrid combination of 
classification and regression models. The extracted features 
achieved from the hybrid combination were further passed to the 

multi-layer perceptron network. For EyePACs and APTOS 
datasets, the desired model yielded kappa scores of 0.90 and 
0.88, respectively. Alyoubi et al. [44] have proposed an 
ensemble model for the classification of DRY using the models 
CNN512 and YOLOv3. The model was trained and tested using 
the Kaggle APTOS 2019 dataset. The proposed model reached 
an accuracy of 89%. 

As per the present literature review, various ML and DL 
techniques have been investigated by the researchers to detect 
and classify DRY from retinal images [45]–[49]. However, 
despite the significant progress achieved in this area, several 
challenges and limitations still exist. One of them is the reduced 
availability of labeled data, which limits training DL models. 
Additionally, many models used in disease classification only 
had a few layers modified with the ReLU activation function. 
This activation function sets any negative input values to zero, 
making some neurons inactive due to a zero slope. ReLU may 
explode during training, affecting the model's convergence and 
sometimes leading to poor performance and less accurate 
results. 

Moreover, the existing approaches often lack 
interpretability, making it challenging to understand the 
underlying decision-making process of these models. 
Furthermore, the performance of the existing models on diverse 
datasets remains inconsistent. Thus, there is an urgent need to 
develop highly robust and interpretable models that can also 
bridge the gaps in detection and classification as far as DRY is 
concerned. The proposed model outperforms previous models in 
several key ways. Firstly, it utilizes a more complex neural 
network architecture, incorporating additional layers and 
techniques like dimensionality reduction, global average 
pooling, circular cropping, etc., to better capture and learn from 
the underlying patterns in the data. This results in improved 
accuracy, kappa score, and predictive power compared to the 
various existing models. Additionally, the model leverages 
advanced optimization techniques such as Adam optimizer with 
LeakyRelu activation function to improve convergence and 
avoid getting stuck in local minima during training. Secondly, 
the proposed model incorporates more diverse and 
representative training data, allowing it to better generalize to 
unseen examples and minimize overfitting. Achieving this 
entails using augmentation and TL techniques that increase the 
diversity and quantity of training data available. The 
improvements make the current proposed DL model a more 
powerful and reliable tool to tackle such real-time complex 
problems. 

III. MATERIALS AND METHODS 

This section presents an overview of the dataset employed in 
this research work, as well as descriptive pre-processing and 
augmentation techniques. 

A. Dataset Description 

The largest publicly available FDI of DRY has been taken 
from the Kaggle repository to perform the experimental analysis 
[30]. The dataset is actually made up of 88,702 images, a total 
of which 35,126 images have been labeled, whereas the 
remaining 53,576 images have not been labeled. This dataset 
was selected due to its popularity in DRY studies. Also, it 
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contains extremely well-labeled fundus images with different 
levels of disease severity. Further, the dataset is divided into five 
classes based on eye disease severity level, namely: No DRY, 
Mild DRY, Moderate Dry, Severe Dry, and Proliferative DRY, 
which are represented as Class-0, 1, 2, 3, and Class-4, 
respectively. The class-wise instances of eye diseases are 
presented in Fig. 4. 

The only labeled images are used for eye disease diagnosis 
procedures in the study aimed entirely at classifying various 
phases of DRY. A detailed account of different classes in the 
dataset is presented in Table I and Fig. 5. 

 
Fig. 4. Class-wise instances of eye disease. 

TABLE I.  DATASET DESCRIPTION- DIFFERENT CLASS INSTANCES 

Categories 
No-DRY Normal 

(Class-0) 

Mild DRY 

(Class-1) 

Moderate DRY 

(Class-2) 

Severe DRY 

(Class-3) 

Proliferative DRY 

(Class-4) 
Total Scan 

Total Images 25810 2443 5292 873 708 35126 

Percentage % 73.48% 6.95% 15.07% 2.49% 2.02% 100% 

Training Set 16536 1563 3359 558 453 22469 

Validation Set 5155 489 1088 175 142 7049 

Test Set 4119 391 845 140 113 5608 

 

Fig. 5. Description of a collected dataset for eye disease. 

B. Data Pre-processing 

After collecting the dataset, a pre-processing step was 
performed. As the size of the original image is very large (say, 
3000 x 2000 pixels on average), therefore in the initial phase, all 
the images are resized to (320, 320, 3), i.e., (width, height, 
channel), before passing to the model. The size of the images is 
capable of avoiding feature loss and is suitable for efficient 
training of the proposed model. The illustration of the images 
after resizing is presented in Fig. 6. Afterward, the region of 
interest is identified, and circular cropping is applied to the 

dataset. It helps to remove the background area and enables the 
model to work on the specified region of interest without any 
significant information loss. 

C. Data Augmentation 

Data augmentation is also applied using Keras's image-data 
generator, which includes a zoom range of 0.3, a brightness 
range of 0.5, a rotation range of 360°, etc. The results achieved 
after applying the data augmentation are presented in Fig. 7. 
Moreover, to resolve the overfitting issue, the model loss was 
optimized using a learning rate of 1e-4 and decay of 1e-6. 

No DRY Mild DRY Moderate DRY Severe DRY Proliferative DRY

Total Images 25,810 2,443 5,292 873 708
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Fig. 6. Images after pre-processing of eye diseases. 

 
Fig. 7. Augmented images of eye diseases (after circular cropping). 

D. Methods 

CNN belongs to a specific class of neural networks that have 
been created to excel at recognizing and categorizing images, 
leading to impressive outcomes in this domain. Their ability to 
autonomously grasp intricate and endure attributes directly from 
the raw images sets CNN apart from conventional methods, 
eliminating the need for laborious manual feature extraction 
[50]–[53]. When applied to identifying different stages of DRY, 
CNN has demonstrated its superiority by delivering better 
results compared to traditional feature extraction techniques 
[54]–[59]. A standard CNN configuration primarily comprises: 
a) convolution layers, b) pooling layers, and c) fully connected 
layers. On the other hand, the ENB3 model is reported to be a 
strong and significantly advanced neural network model. It has 
a good compromise between computation and performance to 
make it an efficient model of choice for eye disease 
classification. ENB3 is a CNN architecture that reduces the size 
of the parameters by using the compound coefficient. Therefore, 
the depth, width, and resolution dimensions are uniformly scaled 
down, further increasing this state-of-the-art model's efficiency 
and accuracy. 

The advantages of employing this CNN architecture are 
prominently leveraged within the proposed model. This 
architecture supplements the ENB3 model with additional 
neural network layers, which include global average pooling, 
dropout, and dense layers. These layers are augmented with the 
LR activation function, effectively addressing the challenge of 
inactive neurons that can arise during model training. In 
addition, hyperparameter optimization is carried out using the 
ReduceLROnPlateau technique. This improvement 
considerably boosts the proposed model from the aspect of 
accuracy and efficiency while reducing validation loss in each 
epoch of model training. 

IV. PROPOSED METHODOLOGY 

The successful execution of research endeavors rests upon a 
well-defined methodology. Therefore, the proposed 
EfficientNetB3_Model methodology work and architectural 
formulation are discussed in this section. By stacking the ENB3 
model with multiple layers of deep neural networks using the 
LR activation function and the ReduceLROnPlateau technique, 
the model automatically classifies and grades the DRY's retinal 
FDI. 

A. System Model 

ENB3 is a CNN architecture that reduces the size of the 
parameters by using the compound coefficient. In this section, a 
step-by-step explanation of the model approach is provided. 

Step 1: Resize all Images to (320, 320, 3), i.e., (width, height, 
channel) 

Step 2: Identify the region of interest and create a circular 
crop around the image center, where all circles center on the x-
axis. 

𝑌2. 𝑌′2 
+  𝑌2 =  𝑅2                            (1) 

In the given context, Y denotes the y-axis and 𝑌′ represents 
the differentiation, and R represents the radius. 

Step 3: Data Augmentation Phase: 

The Keras Image data generator is utilized to apply data 
augmentation. 

 ZoomRange - 0.3 

 HorizontalFlip - True 

 VerticalFlip - True 

 BrightnessRange - (0.5, 2) 

 RotationRange - 360o 

 ZoomRange - (0.65, 1) 

This phase significantly increases the data diversity. 

Step 4: The ENB3 model was called, and the LR activation 
function was applied. The pre-processed images were passed as 
input for feature extraction. 

Step 5: Fetch output from the final block of ENB3 and apply 
the two-dimensional Global Average Pooling (𝑓𝐺𝑎𝑣𝑔): 

𝑓𝐺𝑎𝑣𝑔(𝑥) =
1

𝑁
∑ 𝑥𝑖

𝑛
𝑖=1                             (2) 

where, x is the vector consisting of activation values from a 
rectangular area of N pixels. 

Step 6: A Dropout with a rate of 0.5 was added to the model. 

𝑦 = 𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛 (𝑑𝑜𝑡 (𝑖𝑛𝑝𝑢𝑡, 𝑘𝑒𝑟𝑛𝑒𝑙) +  𝑏)  ° 𝑚          (3) 

where, output is represented by y, the activation function is 
represented by the keyword activation, inputs and weights of 
product represented by the dot, input data is represented by the 
input keyword, weights and bias are represented by kernel and 
bias represent the element-wise multiplication, m is the 
𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑖 (𝑝), and 𝑝 is the dropout probability. 
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Step 7: Add BatchNormalization Layer 

Step 8: A dense layer using the Sigmoid activation function 
is integrated for the interface. 

𝑧 =  𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛 (𝑑𝑜𝑡 (𝑖𝑛𝑝𝑢𝑡, 𝑘𝑒𝑟𝑛𝑒𝑙) +  𝑏)          (4) 

𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝑧𝑖) =  
1

(1+𝑒𝑥𝑝−𝑧 )
                          (5) 

where, zi represents the input vector. 

Step 9: The model was compiled using the Adam optimizer, 
with a learning rate of 1e-4 and decay of 1e-6. 

𝑤𝑡 =  𝑤𝑡−1 − 𝛿
𝑀𝑡

√𝑉𝑡+𝜖
                          (6) 

where, w is the model weight, 𝛿 is the step size, 𝛽1 𝑎𝑛𝑑 𝛽2 
are the hyperparameters, t is the time stamp, m is the mean, and 
v is the variance represented as: 

𝑀𝑡 =  
𝑚𝑡

1 − 𝛽1
𝑡⁄                               (7) 

𝑉𝑡 =  
𝑣𝑡

1 − 𝛽2
𝑡⁄                                 (8) 

Step 10: Apply the binary cross-entropy loss function 𝐿𝐵𝐶𝐸  

𝐿𝐵𝐶𝐸 = −
1

𝑜𝑢𝑡.𝑠𝑖𝑧𝑒
 ∑ 𝑧𝑖̂ ∗  log 𝑧𝑖

𝑜𝑢𝑡.𝑠𝑖𝑧𝑒
𝑖=1 + (1 − 𝑧𝑖) *  log (1 −

𝑧𝑖̂)          (9) 

In the given context, 𝑧𝑖̂ is the indicator of the ith scaler value 
in the model output, whereas 𝑧𝑖  is the indicator of the 

appropriate corresponding target value, and out.size is the 
number that indicates the model output scalar values. 

Step 11: Fine-tune the model by using ReduceLROnPlateau. 

𝐿𝑅𝑖 = 𝑖𝑛𝑖𝑡𝐿𝑅 ∗  (
𝑚𝑥𝑡𝐿𝑅

𝑖𝑛𝑖𝑡𝐿𝑅
)

𝑖
𝑛⁄

 
                    (10) 

where, 𝑖𝑛𝑖𝑡𝐿𝑅  is-initial learning rate, 𝑚𝑥𝑡𝐿𝑅 -is the 
maximum learning rate, n-is the no. of iterations, and i-stands 
for ith min-batch. 

B. Architecture and Working 
The proposed ENB3 model is formulated by stacking the 

EfficientNetB3 model and different deep neural network layers. 
A detailed illustration of the architecture is described in Fig. 8. 
In this, the ENB3 model weights are accessed using the TL 
concept. Therefore, rather than training a model from scratch, 
using pre-trained model weights highly increases the speed at 
which the model operates and minimizes the model's overall 
training time [60], [61]. 

Another thing that is used to stack the network structure is to 
add layers, which include global average pooling and dropout, 
batch normalization, and finally dense layers. These layers are 
incorporated with the LR activation function, which evades the 
problems of overfitting that generally occur during the model's 
training and helps achieve model generalization. Afterward, the 
model finetuning is performed using the ReduceLROnPlateau, 
which further improves the model validation loss during each 
epoch of model training. 

 

Fig. 8. Proposed ENB3_model architecture. 

V. EXPERIMENTAL RESULT ANALYSIS 

This research phase involved hands-on experimentation to 
classify and grade the DRY's retinal FDI automatically. 
Therefore, in this section, the experimental setup, performance 
metrics utilized to analyze the model authentication, and 
analysis of results are discussed. 

A. Experimental Setup 

The proposed model is run within the infrastructure of a 64-
bit Windows operating system version 10 and with an installed 
memory of 16GB. A GPU has 2560 CUDA cores (NVIDIA 
Tesla T4) forms part of this computational setup. Moreover, 
Keras, a package of deep learning with TensorFlow at the 
backend, is used for the implementation work [62]. 
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B. Performance Metrics 

The performance of the suggested model is evaluated 
according to a set of accuracy, specificity, precision, recall, 
kappa value, and other performance metrics. These metrics are 
crucial for assessing the model's effectiveness in accurately 
classifying data and identifying potential areas for improvement. 
Eq. (11) to Eq. (15) represent these performance metrics, 
quantitatively measuring the model's performance. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

(𝑇𝑃+𝐹𝑃)
                           (11) 

𝑅𝑒𝑐𝑎𝑙𝑙 (𝑜𝑟 𝑆𝑒𝑛𝑠𝑡𝑖𝑣𝑖𝑡𝑦) =
𝑇𝑃

(𝑇𝑃+𝐹𝑃)
                  (12) 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
(𝑇𝑃+𝑇𝑁)

(𝑇𝑃+𝐹𝑁+𝑇𝑁+𝐹𝑃)
                   (13) 

𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 ∗
(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙) 

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙)
               (14) 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
(𝑇𝑁)

(𝑇𝑁+𝑇𝑃)
                       (15) 

 TruePositive (TP) indicates that the instances are 
correctly classified to DRY stages, which means the 
results attained from the model and the results available 
in the training set are the same. 

 TrueNegative (TN) indicates that the instances are 
correctly classified as No DRY, which means the patient 
has no disease, and the model result is also negative. 

 FalsePositive (FP) or Type-1Error indicates that the 
patient has no DRY, but the result predicted by the model 
is positive. 

 FalseNegative (FN) or Type-2Error indicates that the 
patient has DRY, but the result predicted by the model is 
negative. 

C. Results and Discussion 

This section compares different DRY disease stages 
predicted by the proposed model with normal eye scans. 
Furthermore, the results generated by the proposed model have 
been explained using the various performance metrics. Later, the 
outcome generated by the model is compared with other state-
of-the-art models. The model performed excellently; however, 
future scans of DRY are recommended for validating the 
performance further, which can allow the proposed model to be 
used in a real-time situation. ENB3 is a CNN architecture that 
reduces the size of the parameters by using the compound 
coefficient. Therefore, the depth, width, and resolution 
dimensions are uniformly scaled down, further increasing this 
state-of-the-art model's efficiency and accuracy. The benefits of 
this CNN architecture are further employed significantly in the 
proposed model. In this architecture, some additional neural 
network layers, such as global average pooling, dropout, and 
dense layers, are stacked with the ENB3 model. Further, these 
layers are incorporated with the LR activation function to 
resolve dead neurons during the model training. Afterward, 
ReduceLROnPlateau performs the hyperparameter tuning. This 
improves the proposed model's accuracy, efficiency, and 
validation loss during each epoch of the model training. The 
model's training is done only for forty epochs, as no further 
improvement in the loss was observed later on. The results 

achieved by the proposed model are illustrated graphically in 
Fig.s 9, 10, and 11. The training accuracy and validation 
accuracy of the suggested model are depicted in Fig. 9. The 
learning path of the proposed model is explained through a 
curves graphically, and illustrates that the model has learned 
quite well and no overfitting occurred. The accuracy attained by 
the model is 94.2% during the training phase, which is 
outstanding compared to the results attained by different models 
in past studies. All performance measures and parameters 
relating to the ENB3 model have been described uniformly in 
Table II. 

TABLE II.  PARAMETRIC PERFORMANCE OF ENB3 MODEL 

S. No Performance Measure and Parameters 

1 Model EfficientNetB3 

2 Epochs 40 

3 Accuracy 0.942 

4 Sensitivity 0.958 

5 Specificity 0.90 

6 Precision 0.959 

7 F1 Score 0.958 

8 Kappa Value 0.874 

9 Training Loss 0.149 

10 Validation Accuracy 0.93 

11 Validation Loss 0.176 

12 Learning Rate 1.00E-04 

13 Batch Size 32 

 

Fig. 9. ENB3 Model training accuracy. 

The training and validation losses of the ENB3 model are 
illustrated in Fig. 10. Moreover, the learning capability of the 
model is also shown through curves in this figure. In the figure 
shown, the training loss drops exponentially during the first ten 
epochs, after which the decline in loss becomes gradual. 
Similarly, there is an exponential drop in validation loss in the 
first twelve epochs, but the subsequent decrease in loss is 
gradual. The model loss came out to be 0.149 and 0.176 during 
training and validation, respectively. Hence, it concludes that the 
model learns quite efficiently. 
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Fig. 10. ENB3 Model training loss. 

D. Analysis 

Another significant criterion of the kappa score deals with 
understanding the behavior of the model. Owing to the highly 
imbalanced nature of data, it provides a more realistic picture of 
the model's performance. In Fig. 11, the kappa value score 
obtained at each epoch is plotted against the different epochs 
during the training of the model. After 40 epochs in training 
mode, the model achieved a kappa score of 0.874. 

 
Fig. 11. ENB3 Model kappa score. 

Furthermore, testing the model is another significant 
component to bring forth the performance of the suggested 
model in a real-time situation. The testing set's scans are then 
passed to the model in order to test the model. As the dataset is 
highly unbalanced and four different categories of DRY disease 
stages are present in the set, the class-wise performance 
evaluation results are described using the confusion matrix, as 
illustrated in Fig. 12. 

The result of the confusion matrix clearly explained that the 
classification of all disease stages is done very efficiently by the 
ENB3 model. However, the model is slightly confused in 
predicting the DRY stages 2 and 3. The model tested on this test 
set has shown an accuracy of 96.67 % with a loss figure of 0.899. 
An explanation of the testing results is presented in Table III and 
IV. 

Table V reveals the performance of the proposed model 
compared with existing models on DRY's detection [25]–[27]. 

A new method was introduced by Lin et al. [25]  to improve 
DRY detection from retinal photographs by first converting 
them into entropy images. The study by Qummar et al. [4] 
presented a DL ensemble approach for DRY detection, which 
achieved good results. Shanthi et al. [26] proposed a modified 
AlexNet architecture for the classification of DRY images that 
outperformed previous methods. Another work takes up a 
modified AlexNet architecture with improved DRY image 
classification over previous studies. A classification system has 
been developed by Samah et al. [27] which diagnoses DRY 
using an enhanced image and CNN. The proposed study 
achieved remarkable results that portray the efficiency of the 
method proposed. Afterwards, the study by Liu et al. [22] which 
created a novel DL approach for DRY detection using a 
symmetric CNN. However, the result achieved from the 
proposed model shows that the ENB3 model surpasses the 
existing ensemble, non-ensemble, and state-of-the-art 
approaches. Broadly speaking, the work indicates the progress 
of the ENB3 method for detecting DRY stages accurately and 
efficiently. The results drawn by this study will provide insight 
into the formulation of reliable, effective diagnostic systems 
pertaining to DRY detection using the ENB3 model. Future 
research directions should continue to emerge through the 
exploration of upgrades to the methods for improved detection 
and diagnosis of DRY. 

 
Fig. 12. Confusion matrix for eye disease stage classification. 

TABLE III.  PARAMETRIC PERFORMANCE OF ENB3 MODEL ON TESTING 

DATA 

Label Precision F1-Score Recall Support 

0 0.99 0.99 0.99 357 

1 0.55 0.64 0.78 54 

2 0.82 0.79 0.77 224 

3 0.55 0.4 0.31 54 

4 0.53 0.64 0.81 32 

TABLE IV.  TESTING RESULTS OF EYE DISEASE CLASSIFICATION 

Model 
Accur

acy 

Los

s 

Sensitiv

ity 

Specific

ity 

Precisi

on 

F1 

Score 

EfficientN

etB3 
0.967 

0.0

89 
0.972 0.944 0.988 0.979 



(IJACSA) International Journal of Advanced Computer Science and Applications, 

Vol. 16, No. 5, 2025 

68 | P a g e  

www.ijacsa.thesai.org 

TABLE V.  COMPARISON OF RESULTS (MULTI-STAGE CLASSIFICATION OF 

DRY) 

Authors 
Proposed 

Model 

Accura

cy 
Sensitivity Specificity 

Lin et al. 

(2018) [25] 
CNN 85.10% 80.2% 87.2% 

Qummar et al. 

(2019) [4] 

DL Ensemble 

Models 
80.80% 51.50% 86.72% 

Shanthi et al. 
(2019) [26] 

CNN & 

Modified 

Alexnet 

93.1% 93.2% 93% 

Samah et al. 
(2019) [27] 

CNN 92.80% 
Not 
Available 

Not 
Available 

Liu et al. 

(2021) [22] 

Deep 

Symmetric 
CNN 

93.60% 93.70% 92.50% 

ENB3 (Proposed Model) 94.20% 95.80% 90.00% 

VI. CONCLUSION AND FUTURE ASPECTS 

A deep learning-based eye disease DRY's detection 
approach using the ENB3 model is presented in this study. The 
proposed model automatically classifies and grades the DRY's 
retinal FDI. The major setback of the various existing models is 
their lack of accuracy. In this study, some architectural changes 
have been employed in the existing ENB3 CNN model that 
enhanced the efficiency and enriched the accuracy of the DRY's 
stages classification by using the FDI. Therefore, initially using 
the concept of TL, the weights of the pre-trained ENB3 model 
are accessed, and later on, pre-processing techniques like 
dimensionality reduction with global average pooling and 
circular cropping have been incorporated with the LR activation 
function. Lastly, the model is fine-tuned by employing the 
ReduceLROnPlateau technique, which extracts significant high-
level features. Moreover, this concept helps to reduce 
complexity, avoid overfitting in the model, and extract 
discriminant features from the DRY FDI. In addition, disease 
stages are predicted on an imbalanced Kaggle dataset to validate 
the proposed model's performance. The results achieved from 
the proposed model indicate that the model surpasses all existing 
ones, whether ensemble or non-ensemble, and includes state-of-
the-art methods. The proposed model achieved up to 94.2 % and 
96.7% classification accuracy while grading DRY's stages in the 
training and testing sets, respectively. Although the proposed 
work is an important milestone in this area, there are some 
limitations, like the potential for the model to suffer from 
interpretability issues. DL models are generally regarded as 
black boxes, making it challenging to understand how 
predictions actually form. Moreover, alternative approaches or 
models may achieve comparable or superior performance to the 
proposed method, which should be explored in future research. 
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