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ABSTRACT

Diabetic retinopathy (DR) is one of the most common causes of blindness worldwide, making
early detection essential for treating this disease. This research presents the creation and test-
ing of a convolutional neural network (CNN) model based on the EfficientNetB3 architecture
to detect signs of DR in typical fundus images. The model was trained with a set of retinal
images and tested using metrics such as accuracy, recall, and F1 score. The results show a
weighted accuracy of 81%, with high performance in the healthy class (97% accuracy and 98%
recall). However, lower accuracy is observed in the advanced stages of DR, mainly attributed
to class imbalance in the dataset. It is also necessary to balance the classes and combine the
architecture with other models. These findings demonstrate the potential of EfficientNetB3 as
a diagnostic support tool and highlight the need to improve data balance and the model for
better discrimination of severe cases.
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1  INTRODUCTION

Diabetes mellitus, a chronic disease affecting millions of people worldwide, pres-
ents several long-term complications that can significantly compromise patients’
quality of life [1]. Among these complications, diabetic retinopathy (DR) stands out as
a major cause of blindness [2]. It is characterized by progressive damage to the blood
vessels in the retina, specifically in the light-sensitive upper part of the eye. According
to the World Health Organization (WHO)/International Diabetes Federation (IDF),
DR is one of the leading causes of visual impairment in the European region, with
more than 950,000 people affected [3], [4]. Over time, hyperglycemia causes weak-
ening of the blood vessel walls, leading to increased leakage of blood and fluid into
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the retina [5]. Risk factors such as duration of diabetes, high blood sugar levels,
and hypertension can accelerate damage to blood vessels, and pregnancy can also
increase the risk of DR [6]. The disease in its early stages may have no symptoms.
However, as the disease progresses, symptoms may manifest with vision loss in
certain areas, difficulty seeing at night and blurred vision being the most common
symptom [7]. DR comes in two types: non-proliferative and proliferative. The former
is the most common form and is characterized by damage to the blood vessels, and
the latter is a more advanced stage and occurs when new abnormal blood vessels
grow in the retina [8], [9].

Traditionally, the diagnosis of RD has been made by direct visual assessment
by an ophthalmologist, who examines fundus images for characteristic signs such
as micro-aneurysms, exudates, and hemorrhages [10]. Also, ophthalmologists are
known to diagnose RD by looking at fundus images, which may be optical coherence
tomography images that allow visualization of details of RD lesions [11]. However,
this method has certain limitations, such as diagnostic subjectivity, observer vari-
ability, and the need for highly trained specialists [12].

In recent years, the advancement of artificial intelligence (AI), and particularly
the development of convolutional neural network (CNNs), has opened new ave-
nues for early detection [13]. CNNs are a type of artificial neural network specifi-
cally designed to process visual data [14] and function in a similar way to the way
the human brain recognizes patterns in images [15]. It demonstrates great ability
to analyze images and extract important features, making it a promising tool for
computer-aided diagnosis of various diseases, including DR [16], [17].

This work aims to develop and evaluate a CNN model capable of identifying the
characteristic signs of DR in fundus images to provide a clinical diagnostic support
tool for healthcare professionals and improve outcomes for patients with DR by
reducing the risk of vision loss.

2  LITERATURE REVIEW

Several studies have explored the use of CNNs for DR detection, obtaining sig-
nificant results. For example, in [18] they worked on an approach using the CNN-
based random forest technique to improve classifier accuracy. The results of the
proposed approach were promising, achieving an accuracy rate of .9791. Similarly,
the authors of the study [19] analyzed two CNN models using transfer learning for
DR classification using a highly imbalanced dataset. The effectiveness of the models
was demonstrated through metrics, where the MobileNet model performed better
than MobileNetV2. MobileNet scored .80 accurately, while MobileNetV2 scored .71.
Also, the authors in the paper [20] combined three models, two deep learning models
(Inception-v3 and VGG16) and a custom CNN. The weighted average reached a rate
of .9506 and a .8788 in the area under the curve (AUC); this result shows that the
proposal can help as an assistant to detect and classify DR. Similarly, research [21]
proposed a diagnostic system for RD based on CNN. After training, validation, and
testing, they chose the ResNet50 model, since it obtained the best accuracy metrics
with .929. This result confirms that CNNs are excellent predictors for this type of task.
Similarly, in [22] they proposed a DR diagnosis system using CNNs and deep learning
(DL). In this proposed system the RestNet50 model is the one that obtained the high-
est overfitting compared to Inception v3. EfficientNetB4 is the best-performing model
in DR detection with a validation accuracy of .7911, followed by InceptionResNetV2,
NasNetLarge, and DenseNet169, respectively.
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In the same line, in the paper [23], they proposed a technique for DR detec-
tion, for which they also used a parallel CNN for feature extraction. They used two
datasets: 1 with 34,984 images and 2 with 3,662 images. The results showed that
the technique used with the custom CNN achieved accuracies of .9178 for the first
dataset and .9727 for the second dataset, respectively. Similarly, in the work [24],
a decision-making system was developed to predict DR; this system is composed
of a hybrid convolutional network (HCN) and a recurrent neural network (RNN),
together with the hummingbird optimizing algorithm (HOA). The classification pro-
cess was performed by combining the HCN, RNN, and HOA models. The results of the
proposed system used different metrics to evaluate the performance of the models,
achieving an accuracy of .97. Also, in [25] they used a deep learning (DL) application
and a CNN to distinguish the stages of DR, for which they used the following models
such as NesNet-10.1, ResNet-50, and VggNet-16. The NesNet-10.1 model achieved the
best performance rate with 0.9888 accuracy, with a training loss of 0.3499 and test
loss of 0.9882. These results show that the NesNet-10.1 model has the best accuracy
for distinguishing DR stages.

Other similar studies, such as [26], proposed a 3D visualization method to iden-
tify DR by using optimization parameters to maximize the visibility of important
structures. They then integrated the proposal into a system to obtain relevant infor-
mation and perform the analysis. The results demonstrated that 3D visualization
can provide information using multimodal tomography images. Also, in [27], they
developed a system combining an LLM module and image-based deep learning for
the purpose of making recommendations for DR diabetes management. The results
showed that with the LLM module, an average accuracy of 81% was obtained for
identifying DR without assistance, and with deep learning assistance, 92.3% accu-
racy was obtained. The authors in the paper [28] used virtual reality as a support to
identify brain cancer, focusing on segmentation of brain tumor classes using mag-
netic resonance imaging. The approach was validated by 496 MRI images. The test
results of the approach demonstrated an accuracy of 98.61%, affirming the proposed
strategy. In the paper [29], they developed a deep learning-based system to detect
DR in early and late stages. For which they used a dataset of 466247 fundus images,
of which 121342 patients had diabetes. The evaluation was performed on 200,136
fundus images. The results ranked the RD in the area under the curve with the fol-
lowing metrics 0.943, 0.955, 0.960, and 0.972, respectively. Supporting the efficiency
of the system to classify DR. Similarly, in the work [30], the authors developed a
deep learning-based solution to grade and estimate the quality of the DR images,
along with ISBI 2020. They used a dataset composed of 2000 regular DR images (500
patients) and 256 ultra-widefield images (128 patients). The findings demonstrated
that image quality assessment can be used as a target for feature exploration.

In study [31], a method for automated RD detection using a CNN-based approach
was presented. Using a dataset of fundus images, the researchers focused on opti-
mizing the network layers to improve feature extraction, achieving an accuracy of
96%. On the other hand, the authors in [32] proposed a hybrid model that inte-
grates a CNN with the SVM model to classify DR severity levels. This approach lev-
eraged CNN for automated feature representation and SVM for robust classification,
achieving an accuracy of 94.5%. Finally, in [33], a system was developed to aid in
the early identification of RD using an ensemble of CNN models, including ResNet
and Inception architectures. The results showed that the ensemble method outper-
formed individual models with an accuracy of 95.8%. As can be seen, these studies
have reported metrics above 90%, thanks to the use of hybrid approaches that com-
bine image processing with traditional classifiers and the use of balanced datasets.
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However, this work uses RGB images without segmentation, which limits the
extraction of discriminative features, explaining the difference in results.

3  MATERIALS AND METHODS

This section presents the theoretical foundation of CNN that underpins the
research and the development of the proposal.

Convolutional neural networks are made up of several layers of artificial neu-
rons, like the neural cells used by the human brain to transmit various sensory input
signals [34], which are mathematical functions used to calculate the sum of various
inputs and provide an output in the form of activation [35]. When an input image
is fed into a CNN, each of the internal layers generates several activation maps [36].
The output of the first layer is reused as input to the next layer, and so on.

The architecture of a CNN is composed of four main components: 1) Convolution
layer that separates and identifies image features for analysis, known as feature
extraction [37]. 2) A fully connected layer that acts as the output of the convolution
process and predicts based on the previously extracted features [38]. 3) Activation
functions, and 4) Pooling, responsible for reducing the dimensionality of the data
and capturing translation-invariant features. In CNNs there are two types of pooling:
1) average pooling and 2) maximum pooling. The fully connected layer is responsi-
ble for understanding the weights and biases together with the neurons to connect
between the separate layers [39], as shown in Figure 1. In CNN training, classifica-
tion problems are also encountered, and oversampling techniques such as Random
oversampling and augmentation are used for this purpose. The first technique,
Random oversampling, is used to complement the training data with multiple cop-
ies of the minority classes [40]. Augmentation is a technique used to increase the
amount of newly created synthetic data [41]. It acts as a regularizer and helps to
reduce overfitting when training the EfficientNetB3 model [42].

fc_3 fc_4
Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 RelU activation
Convolution Convolution 1 K—M
(8 x5} kel Max-Pooling (5x5) kernel  pMax.pooling (with
valid padding 2x2) valid padding (2x2) ‘ decpoiit]
® @0
gt 2
e 2
INPUT ' nl channels nl channels n2 channels n2 channels E \. 9
(28x28x1) (24 x24xnl) (12x12xnl) (8x8xn2) (4x4xn2) ' OUTPUT
n3 units

Fig. 1. CNN architecture [43]

This work uses a pre-trained EfficientNetB3 CNN as a starting point. This archi-
tecture has demonstrated good performance in various image classification and
computer vision tasks [44]. The selection of EfficientNetB3 is based on its ability to
extract discriminative features from retinal images, which is critical for accurate DR
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detection [45]. In addition, its computational efficiency allows for faster training and
the ability to deploy resource-constrained devices. This architecture uses a compos-
ite scaling that uniformly adjusts the depth, width, and resolution of the network,
which allows finding an optimal architecture for the dataset [46], [47]. Also, the
EfficientNetB3 architecture allows the number of output channels in each convolu-
tional layer to be controlled, allowing the capacity of the EfficientNetB3 model to be
adjusted. To adapt the model to our case study, a pre-trained version was used, and
the last fully connected layers were fine-tuned by fine-tuning.

3.1 Description of the dataset

This work aims to develop and evaluate a CNN model capable of analyzing ret-
inal images and accurately classifying retinal images according to the severity of
DR and to provide an automated solution to assist healthcare professionals in diag-
nosing and classifying DR. To achieve this goal, a dataset [48] consisting of 2750
high-resolution retinal images captured under various conditions will be used. The
images are organized according to severity: Healthy (Not DR) with 1000 images, Mild
DR with 370 images, Moderate DR with 900 images, Proliferative DR with 290 images,
and Severe DR with 190 images, making a total of 2750 images to work with. The
architecture will be designed and configured using PD techniques to extract the
most important features from the images and to discriminate between the different
DR classes. Also, different regulation strategies will be used to improve the general-
ization of the EfficientNetB3 model and avoid overfitting.

To load the dataset, libraries such as numpy, pandas, seaborn, and matplotlib
and other libraries used for training were also imported, such as “tensorflow,”
“InputLayer,” “BatchNormalization,” Dropout, Conv2D, MaxPooling2D, Flatten,
Dense, Activation, optimizers, Adam, Adamax, metrics, regularizers, callbacks,
ModelCheckpoi, image, train_test_split, and confusion_matrix, among other librar-
ies. The dataframe is then used to organize the data in tabular form to analyze the
data. It allows complex operations with filtering, aggregation, grouping, and trans-
formation of data. It is also capable of handling heterogeneous data and facilitates
data manipulation to eliminate null values and duplicates, among other operations.

3.2 Data pre-processing

In this part, we first address oversampling methods for classification problems.
For example, random oversampling involves enriching the training data with several
layers of certain minority classes. This procedure can be carried out more than once.
This is one of the first procedures that has proven to be robust [49], since, instead
of duplicating the minority class, some of these can be randomly selected by substi-
tution. The next method employed is augmentation, with the aim of increasing the
amount of data by adding slightly altered layers or synthetic data. This works as a reg-
ularizer and helps to minimize overfitting by training the EfficientNetB3 model [50].

The data set was segmented into three subgroups, 80% for training and the
remaining 20% for validation and testing (10% for validation and 10% for testing).
At this stage, the data is reconsidered, and a seed is used for reproducibility, result-
ing in 2200 for training, 275 for validation, and 275 for testing. Through the func-
tion train.Labels. value_counts(): The number of images assigned to each category
in the training set is determined: Healthy with 796 images, Moderate DR with 724
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images, Mild DR with 290 images, Proliferate DR with 236 images, and Severe DR
with 154 images. The parameters were then defined: 20 images were determined
for each training cycle. Also, the images were resized to a size of 224x224 pixels, a
standard size used in trained models such as EfficientNetB3.

A generator was used for the data-augmented training set, for which the zca_
whitening function was used to improve the performance of the EfficientNetB3
model. Also, the rotation_range function was used, which allows randomly rotating
images up to 30 degrees, which helps to create new variations of the training images.
Multiple methods and functions are then used to extract class labels, such as Healthy;,
Moderate, Mild, Proliferate_DR, and Severe. As shown in Figure 2.

Healthy Proliferate DR Moderate Mild
Mild Proliferate DR Moderate Healthy

Fig. 2. Sample images from the dataset

Figure 2 shows a set of retinal images with different labels classified into healthy
and presented in the upper left and lower right corners. This class represents the
retina with no signs of DR. It shows a clean, clear retina with small pink spots indi-
cating the optic disc and no apparent signs of hemorrhages. The Proliferative DR
class appears in the second position in both the first and second rows. Advanced
signs of proliferative DR can be seen in this class. The images show abnormal blood
vessels and signs of hemorrhage indicating significant damage. The moderate class
isin the third position in the two rows. A moderate case of DR is evident in this class.
The images in this class show some yellow spots and small hemorrhages indicating
vascular damage, but less severe than proliferative retinopathy. Finally, the mild
class, which is in the fourth position in the first row and in the first position of the
second row. In this class mild DR shows minor signs of damage with small dark spots
showing early involvement of the retinal blood vessels.

It is important to note that, to minimize overfitting, dropout layers were incor-
porated into the final dense layers, along with data augmentation techniques such
as rotations and normalization. In addition, the model was trained using the Adam
optimizer and the categorical cross-entropy loss function, with the aim of analyzing
the complete behavior of the learning process throughout the epochs.

3.3 Modeling

In this section, the transfer learning approach is implemented using the
EfficientNetB3 model with pre-trained weights. To do so, we first proceed by
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importing the necessary libraries such as TensorFlow to work with CNN and the
EfficientNetB3 model. To this model we added our own output layers adapted to
the specific task. A GlobalAveragePooling2D layer was used to reduce the dimen-
sions, followed by a Dense layer. The EfficientNetB3 model is then compiled, using
the Adam optimizer, and a categorical_crossentropy loss function, which is used for
multi-class classification tasks. As shown in Figure 3.

input_layer_1(InputLayer)

l Output shape: (None, 224,224, 3)

efficientnetb3 (Functional)

Input shape: (None, None, None, 3) Output shape: (None, 224,224, 1536)

global_average_pooling2d(GlobalAveragePooling2D)

Input shape: (None, 7, 7, 1536) Output shape: (None, 1536)

dropout(Dropout)

Input shape: (None, 1536) Output shape: (None, 1536)

dense_8(Dense)

Input shape: (None, 1536) I Output shape: (None, 512)

4

dense_11(Dense)

Input shape: (None, 128) ‘ Output shape: (None, 5)

Fig. 3. EfficientNetB3 model architecture

3.4 Training

In this phase, the EfficientNetB3 model is trained using the training data set
and a validation data set. The EfficientNetB3 model was trained with 50 epochs,
and validations are performed after each epoch. For the initial setup, the following
parameters were used: epochs, validation data, validation steps, and the model.Fit()
function. In epoch 1: the model starts with a loss of 1.706 in the training set and a
precision of 0.49. In the validation set, the loss is 1.532 and the accuracy is 0.465,
and so on. At epoch 10, the model achieved an accuracy of 0.875 in the training set
and an accuracy of 0.75 in the validation, with a low loss of 0.73; this means that the
model is learning well with no signs of overfitting. At epoch 16: While the training

International Journal of Online and Biomedical Engineering (iJOE) 145


https://online-journals.org/index.php/i-joe

Iparraguirre-Villanueva and Cabanillas-Carbonell

accuracy is improving to 0.772, the accuracy on the validation set is still at 0.738, no
longer improving, and the validation loss has plateaued. This may mean that the
EfficientNetB3 model is starting to be overfit. At time 50, the model reached a very
high accuracy on the training set with 0.948, but the validation loss has increased
to 0.044, and the accuracy on the validation set has decreased to 0.712, a clear sign
that the EfficientNetB3 model has overfitted the training data. Overall, the model has
learned well on the training data and is not generalizing well for the validation data.
As can be seen in Figure 4.

Accuracy: Train Vs valid Loss: Train Vs valid

=== Train Loss
=== Valid Loss
@ Bestepoch =10

=== Train Accuarcy
= Valid Accuarcy
@® Bestepoch =8

0.875
0.8

0.850

0.825 0.7

o
©
=]
(=]

Accuracy
e
~
~
w

0.750 0.5

0.725
0.4
0.700

0.675 0.3
2 4 6 8 10 2 4

6
Epochs Epochs

Fig. 4. Training and validation of the EfficientNetB3 model

Starting at Epoch 16, a difference between training and validation is observed,
along with a progressive increase in validation loss, indicating clear model over-
fitting. Although training was extended to 50 epochs, the best balance between
generalization and performance is achieved at approximately epoch 10.

Figure 4. It is composed of two graphs: on the left side, the accuracy, and on
the right side, the loss. Analyzing the left-hand graph: the green curve represents
the accuracy of the model on the training data. As can be seen, this curve follows
an upward trend showing that the model improves in prediction as the number of
epochs progresses. Achieving a high accuracy of .875. The red curve shows the accu-
racy of the model with the validation data. Unlike the training curve, the validation
accuracy does not improve steadily. At the beginning there is a small decrease in
accuracy, which is to be expected, as the model in these early epochs is adjusting.
In the graph, it can be seen that from epoch 4, the validation accuracy fluctuates
around 0.75, reaching its best point at epoch 8, as indicated by the purple circle.

In the graph on the right, the green curve represents the loss of the model with
training data. As usual, the loss decreases as training progresses, indicating that the
model is learning to reduce the error in the predictions. The curve stabilizes around
a loss of 0.3 around epoch 10. The red curve represents the loss of the model with
validation data. Like the accuracy graph, the loss in the validation data also has fluc-
tuating behavior. Although initially, the loss decreases slightly until epoch 2, it then
stabilizes and starts to increase slightly in the later epoch, which could be assumed
to start to overfit. This happens when the model is fitting too closely to the training
data and does not generalize well to the validation data. The graph indicates that
the best epoch for validation loss is epoch 10, where it is marked by a purple circle.
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Also, the confusion matrix was used to evaluate the performance of the
EfficientNetB3 model in its different classes with the test data set. As shown in
Figure 5, the vertical axis represents the true classes and the horizontal axis the
classes predicted by the EfficientNetB3 model. The numbers on the main diagonal
indicate the correct predictions, i.e., how many samples of a class were correctly
classified. These values are indicative of good performance. Elements outside
the diagonal represent incorrect predictions. The number at the intersection
of an off-diagonal row and column is the number of times the model predicted
the wrong class. For example, in the “Healthy” class, it correctly predicted 191
healthy retinal samples. Similarly, it classified 4 samples as wrong in that class.
One sample is “Severe.” Similarly, with the “Mild” class, where the model correctly
classified 17 samples. Also, it misclassified 4 samples from “Mild” to “Healthy,” 14
to “Moderate,” and 1 to “Proliferate DR.” In the “Moderate” class, the model cor-
rectly predicted 77 samples. It confounded 10 samples with “Moderate” and “Mil,”
12 with “Proliferate DR,” and 6 with “Severe.” This can also be seen in Figure 4.
The other class predictions, such as “Proliferate_DR” and “Severe”. In general, the
EfficientNetB3 model is more accurate in classifying the “Healthy” class with most
of the correct predictions. The “Mild” and “Moderate” classes have considerable
confusion with each other. This may be because, in these two classes, it is difficult
to distinguish DR even for an ML model. Meanwhile, the more advanced classes,
such as “Proliferate DR” and “Severe,” also present confusion with each other and
with the “Moderate” class.

Confusion Matrix

Healthy 0 4 0 1 150
Mild 4 17 14 1 0 125
w
V]
% 100
> Moderate 0 10 7 12 6
™ —
[0}
(-4
75
Proliferate_DR 0 0 2 14 7
50
Severe 0 B 2 2 2
3 S e Q- 2 -
N x s
o‘& ¥ & 09 N
& S e F
© &
¢
&
Predictions 0

Fig. 5. Evaluation of the model with the confusion matrix
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After training and validation, the model is evaluated with the three data sets:
training, validation, and test. The accuracy of the model in the test set is somewhat
better than in the validation set with 0.763, but still far from the performance in the
training set. The loss in the test set of 1.108 is lower than the validation, which is a
good sign, but still higher than the loss observed in the training set.

4  RESULTS AND DISCUSSION

This section presents the results obtained during the evaluation of the trained
classification model for the detection of RD in the different categories. The model
was evaluated with three datasets: training, validation, and test. The metrics evalu-
ated include accuracy, recall, F1-score, support, and loss, both in the training set and
in the validation and test sets.

In the Training section, high accuracy is evident in the training set, indicating
that the model has learned to identify patterns in the images effectively. However,
the results in the validation and test sets show a significant drop in performance,
indicating a possible overfitting of the model. Table 1 presents a detailed classifi-
cation to assess the performance of the model for each of the classes. While the
model shows good performance in the classification of healthy cases, its accuracy
and detection capability are considerably reduced in the less represented classes,
such as the severe, Proliferate_DR classes, which could be inferred to be more biased
towards the classes with more data.

To evaluate the performance of the model, metrics such as accuracy, recall, and
F1-Score, which are represented in equations (1)—(3) [46], were used. True positives
(TP), true negatives (TN), false positives (FP), and false negatives (FN) are terms used
to calculate the metrics.

P
TP+ FP
TP

Recall=———— (2)
TN + FP

Precision = (1)

2 x (Precision x Recall)
Precision + Recall

F1-Score = (3)

PTs indicate that healthy patients were correctly detected as healthy. NTs indicate
that DR-affected patients were correctly identified as DR, while FPs indicate that
healthy patients were erroneously detected as DR, and FNs indicate that DR patients
were erroneously detected as healthy.

In this context, the accuracy metric is the ability of the classifier not to label a neg-
ative sample as positive. Recall represents the ability of the model to find all positive
samples. The F1-score is the average between precision and recall. It is a metric that
combines both and is useful when there are unbalanced classes. Support represents
the number of true samples of each class in the test set. For example, the precision
in the “Healthy” class is 0.97, which means that of all the samples that the model
predicted were “Healthy.” Recall the “healthy” class was 0.98, which shows that all
the samples belonging to the “healthy” class were correctly identified. The F1-score
of 0.98 means that the balance between accuracy and recall was excellent.

In the DR Mild class, an accuracy of 0.47 was obtained, meaning that, of all the
predictions in the class, only 47% were correct. Recall was 0.61, indicating that the
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model correctly identified 61% of the real samples in the “Mild” class. The F1-Score
was 0.53, suggesting that there was an imbalance between accuracy and recall,
indicating that the model has difficulties in correctly identifying the samples in the
class, as the pressure is relatively low. However, with the “Moderate” class, it is evi-
dent that the precision improved by 0.73. The recall correctly found 0.78 samples.
The F1-score with 0.75 indicates a good balance between precision and recall. The
Proliferate_DR metrics indicate that the model has difficulties in correctly detecting
samples, which could be related to the similarity of features with other advanced
classes. The Severe DR Class indicates that the model has serious difficulties correctly
classifying the class, possibly due to the lack of sufficient samples with other classes.
In general terms, the “macro avg” takes the simple average of the accuracy, recall, and
F1-score of each class without considering the number of samples. The “Weighted
avg” considers the number of samples of each class, which makes the classes with
the highest number of samples predominate, as is the case for the “Healthy” class,
which has a significant performance. As can be seen in Table 1.

Table 1. Results of the evaluation of the classification model

Precision Recall Fl1-score Support
Healthy 0.97 0.98 0.98 195
Mild 0.47 0.61 0.53 28
Moderate 0.73 0.78 0.75 99
Proliferate DR 0.61 0.48 0.54 29
Severe 0.29 0.12 0.17 16
Accuracy 0.82 367
Macro avg 0.61 0.59 0.60 367
Weighted avg 0.81 0.82 0.81 367

Results obtained using the EfficientNetB3 model showed an overall accuracy of
0.81, with particularly high performance in the “Healthy” class 0f 0.97 and 0.98 recall,
while the more advanced DR classes, such as “Severe” and “Proliferate. DR,” showed
much lower performances with 0.29 and 0.61 accuracy, respectively. These findings
indicate that the model was able to accurately identify healthy retinas; however,
it has difficulties in differentiating between the more advanced DR classes. These
results align with observations made in other studies that have used CNNs for DR
detection but also highlight important areas where improvements could be made.

Several studies related to this research topic have shown high levels of accuracy
in DR classification using CNN architecture, obtaining significant results in contexts
like this research. For example, the work [16] achieved an accuracy of 97.91% when
combining CNN with a Random Forest approach, a method that could provide a
direction for improving our model. While our EfficientNetB3 model showed com-
petitive performance in certain classes, this higher accuracy indicates that combin-
ing other techniques, such as tree-based algorithms, can help improve performance.
Another important work is that of [17], where they compared two CNN models and
transfer learning on a highly imbalanced dataset, obtaining better results with the
MobileNet model with 80% accuracy compared to MobileNetV2 with 71% accuracy.
Our EfficientNetB3 model achieved 81% accuracy, indicating that lightweight archi-
tectures such as MobileNet or MobileNetv2 may be suitable for classification tasks
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with imbalanced datasets. These studies highlight the importance of balance in the
data, a key factor that could have affected our model’s ability to correctly identify
underrepresented classes such as “Severe” and “Proliferate_DR.”

Research [18] demonstrated high effectiveness by combining multiple models,
including Inception-V3, VGG16, and a custom CNN, achieving an accuracy of 95.06%
and an AUC of 87.88%. Compared to the findings in our EfficientNetB3 model that
achieved a weighted F1-score of 81%, it can be presumed that the overall perfor-
mance could be improved by using a combination of deep learning architectures, as
proposed in this work. Also, the use of the ResNet50 model in the study [19] achieved
an accuracy of 92.9%, which reinforces the effectiveness of deep architecture for
DR detection. Although the EfficientNetB3 model showed competitive performance,
ResNet has been considerably a more robust model in this task, as also mentioned by
[20], where EfficientNetB4 obtained an accuracy of 79.11%. This indicates that more
advanced versions of EfficientNet, such as B4 or B7, can provide higher predictive
power, especially in more complex classes such as the advanced stages of DR.

Regarding the handling of large data volumes, in the study [21], where they
used a custom CNN with a dataset of more than 34k, they achieved accuracies of
91.78% and 97.27% on two different datasets. This shows that increasing the data
volume and turning the models to work efficiently can lead to better results with
respect to accuracy. Our work could implement data augmentation techniques and
thereby use larger and more balanced datasets to reduce performance variabilities
between classes. Finally, the work [22] presented a hybrid decision-making system
based on CNN, RNN, and the hummingbird optimizer algorithm, where it achieved
an accuracy of 97%. These hybrid approaches, which also combine different CNN
techniques, could be useful to address problems of overfitting observed in small
classes. These findings lead us to conclude that RNN or optimization algorithms can
improve the ability of models to learn patterns. While it is true that our model, based
on EfficientNetB3, showed good overall results, with an accuracy of 81%, previous
studies have shown that models such as ResNet50, combinations of CNN architec-
ture or additional techniques, and optimization methods can provide better results,
especially in detecting more advanced DR classes.

The quality of the images is a relevant point to address, considering that they
play an important role in the identification of features. This work achieved signifi-
cant results despite not using optimization techniques to improve the quality of the
images. The authors in the works [24] and [28] suggest the use of 3D visualization
methods and optimization parameters to identify the DR. The use of these methods
could have improved the quality of the images, and with it, the results. The findings
of this work have a very close relationship to the results of the work [25], where they
obtained 81% accuracy in the identification of the DR, supported with deep learn-
ing. This is due to the similarities of the dataset and the techniques used. However,
in the work [27], the results obtained were higher than our findings; this could be
due to the size of the dataset, considering that they used more than 46 thousand
fundus images, which determines that deep learning responds efficiently for this
type of task.

Although the average performance obtained in this study is 81%, which is
lower than that reported in other studies (91-97%), this is mainly due to the small
size of the dataset, the imbalance between classes, and the absence of advanced
segmentation techniques. Therefore, the results should be interpreted as a feasibility
assessment rather than a direct comparison of performance with studies in the liter-
ature review. It is important to note that class imbalance significantly affects model
performance, particularly in the Severe and Proliferate DR classes. Although random
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oversampling and data augmentation techniques were applied, they were not
sufficient to compensate for the low representation of these categories.

It is recommended to implement more advanced techniques, such as SMOTE and
class-weighted loss functions, which have proven to be more effective in similar
imbalance scenarios and should be considered as future lines of work to improve
sensitivity in clinical classes.

5 CONCLUSION

Thiswork aimed to develop and evaluate a CNN model based on the EfficientNetB3
architecture capable of identifying the characteristic signs of DR in fundus images
to provide a clinical diagnostic support tool for healthcare professionals. The results
obtained were encouraging, showing a competitive overall performance, but also
evidenced areas for improvement.

The EfficientNetB3 model achieved an accuracy of 81%, indicating a good ability
to identify DR in retinal images, especially in the “Healthy” class. However, it was
also observed that the model has difficulties in accurately classifying more advanced
stages of DR, such as “Proliferative DR” and “Severe,” indicating the need for addi-
tional adjustments in data processing. While the model achieved 97% accuracy and
98% recall in the “Healthy” class, the more advanced classes such as “Severe” per-
formed poorly, with 29% accuracy and 12% recall. These metrics could be due to
an imbalance in the dataset, where advanced DR classes are less represented. This
finding is in line with some previous studies that have highlighted the importance of
balancing classes to achieve improved accuracy across all classes.

One of the main challenges encountered was the unbalanced distribution of
classes in the dataset, which negatively affected the model’s ability to correctly iden-
tify underrepresented classes, such as “Severe.” Studies such as [19], which used
large balanced datasets, achieved accuracies of over 91%, highlighting the need to
apply data augmentation techniques to improve class performance.

To improve the results obtained, it is recommended to explore the combination
of CNN models with specialized architectures, such as the use of ResNet50 or hybrid
learning techniques, which could help to reduce the overfitting problems observed
in the more advanced classes. Also, it is suggested to implement regularization tech-
niques such as dropout and hyperparameter optimization to improve the generaliz-
ability of the model.

With respect to the limitations observed in the more advanced classes, the model
could be very helpful as a complementary tool for early detection of DR, especially
to identify healthy retinas with high accuracy. However, for the model to be imple-
mented in clinical practice, it is necessary to improve performance in the advanced
stages of the disease, where accuracy and recall are essential for diagnosis.
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