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Abstract
One of the leading causes of blindness in young adults is diabetic retinopathy, 
a chronic eye complication that arises from diabetes mellitus. It occurs due to 
progressive damage caused by persistently high blood glucose levels. Convolutional 
neural networks are becoming a fundamental tool for analyzing and classifying 
medical images, making them a valuable aid in medical diagnosis. This work proposes 
a particle swarm optimization-based design of convolutional neural networks. 
During training, fuzzy logic estimates the learning rate based on the accuracy and 
loss of both the training and validation sets. The Asia Pacific Tele-Ophthalmology 
Society 2019 Blindness Detection dataset was used to test the proposed method. In 
the binary case, the best accuracy was 96.73%; in the multiclass case, it was 77.49%. 
The results demonstrate that the proposed method, when fuzzy logic is applied, 
improves diagnostic accuracy for diabetic retinopathy compared with a design that 
excludes fuzzy logic from the learning process and applies the adaptive moment 
estimation algorithm.
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1. Introduction
Diabetic retinopathy (DR) is one of the most frequent causes of vision loss worldwide and 
is a retinal condition caused by diabetes. Preserving vision requires the early diagnosis 
of DR. The two main types of DR are non-proliferative and proliferative, depending 
on whether neovascularization is present. Early identification is crucial for preventing 
retinal damage, as most people with diabetes do not exhibit ophthalmologic symptoms. 
A variety of applications using deep learning techniques have been developed to support 
specialists in diagnosis and improve the quality of life.1,2

Models based on artificial neural networks have become a powerful tool for solving 
complex problems across many fields, such as human recognition, image classification, 
medical diagnosis, and forecasting.3-6 These applications leverage the learning, memory, 
fault tolerance, and distributed processing capabilities of artificial neural networks, 
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allowing them to generate outcomes based on data 
provided during the learning phase and their generalization 
ability.7-10 Several publications have conducted in-depth 
analyses of existing literature on neural networks, as well 
as innovative proposals that address specific problems in 
real-world environments and demonstrate the benefits of 
these techniques.11-14

Another important intelligent technique is fuzzy 
logic (FL). This technique has been the subject of many 
practical applications and theoretical studies. Over the 
years, several extensions of FL have been developed to 
better model environments with uncertainty.15,16 These 
studies demonstrate that FL is a powerful tool for handling 
imprecise or incomplete information, enabling its use both 
individually and in conjunction with other intelligent 
techniques.17,18 The combination of convolutional neural 
networks (CNNs) and FL has enabled the development of 
methods that improve CNN performance.19,20

In recent research, artificial neural networks have 
demonstrated significant progress in solving problems 
related to image detection, segmentation, and classification, 
particularly CNNs,21-24 whose performance depends 
heavily on the selected parameters. One advantage of CNNs 
is their built-in feature extraction and dimensionality 
reduction performed by convolutional and pooling layers. 
However, manually searching for an optimal architecture 
is time-consuming. Consequently, CNN architecture 
design remains a broad field of study, with the main goal 
of generating a neural network architecture suited to the 
problem being addressed.25-27

Among the appropriate techniques for finding such 
architectures are particle swarm optimization (PSO), bat 
optimization, and the grey wolf optimizer, among others, 
which have demonstrated advantages for optimal CNN 
architecture search.28-31 The combination of techniques 
such as FL and optimization methods has been shown to 
improve existing results in the literature, demonstrating 
an effective approach for creating robust intelligent 
hybrid systems.32-36 Furthermore, combining CNNs, 
FL, and optimization methods has led to performance 
improvements across diverse application domains.37-40

In this work, we propose designing CNN architectures 
and parameters using PSO, along with a type-1 fuzzy 
system (T1FS) to estimate the learning rate, and applying 
this framework to the detection and classification of DR. 
The selection of these techniques is based on evidence 
demonstrating the effectiveness of intelligent hybrid 
systems, which improve the performance of individual 
techniques when combined. 

The main contribution of this work is the generation of 

optimal CNN architectures using a PSO-based optimization 
scheme. Furthermore, during the training phase, an 
adaptive mechanism based on a T1FS dynamically adjusts 
the learning rate of the adaptive moment estimation 
(Adam) optimizer based on accuracy and loss values. 
In each training epoch, a new fuzzy inference system is 
generated, allowing continuous adaptation to training 
dynamics. As neural network behavior changes over time, 
a fixed fuzzy system cannot capture these variations; in 
contrast, generating a new fuzzy system based on current 
behavior enables more effective adaptation. The proposed 
method seeks to avoid overfitting and ensure stable 
convergence, thereby improving model generalization. The 
main objective is to improve accuracy in both the detection 
and multiclass classification tasks.

This paper is structured as follows: Section 2 presents 
related works. Section 3 describes the basic concepts 
required to understand the proposed method. Section 4 
presents the proposed methodology and dataset. Section 
5 reports the experimental results, and Section 6 presents 
the conclusions.

2. Related work
Convolutional neural networks have proven their efficiency 
for classification tasks, particularly in medical diagnosis. 
Luo et al.41 proposed a deep learning model to improve 
DR detection. Experiments conducted on two existing 
datasets (Methods to Evaluate Segmentation and Indexing 
in Digital Ophthalmology and Eye Picture Archive 
Communication System) achieved greater accuracy than 
existing models. Sorgente et al.42 proposed a method for 
identifying and localizing retinal abnormalities, including 
DR, using deep learning. They compared their model 
against different fine-tuned models, and analysis of the 
results showed that the proposed model outperforms 
the others, highlighting its ability to detect pathological 
characteristics. El-Hag et al.43 proposed a two-part method 
for retinal image classification. The first part applies fuzzy 
preprocessing to improve contrast between objects and 
the background. Image binarization is performed for 
segmentation to remove blood vessels and the optic disc, 
followed by gradient processing to distinguish between 
normal and abnormal cases. In the second part, a CNN is 
used to classify images into two classes by automatically 
detecting maculopathy. Kansal et al.44 proposed four deep 
learning models and compared them with state-of-the-art 
models, including the EfficientNet-B0. The results showed 
that the bidirectional long short-term memory optimized 
with PSO demonstrated strong generalization capability. 

Elhani et al.45 proposed a PSO variant to reduce the 
number of iterations required to determine optimal CNN 
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parameters. The algorithm was evaluated against several 
recent algorithms in the literature using nine classification 
datasets. Compared with 27 algorithms, the study showed 
that its variant can rapidly identify effective convolutional 
network architectures that deliver performance 
comparable to the best existing designs, indicating 
significant potential.  Melin et al.46 proposed a PSO-based 
approach to design CNN architectures for DR detection 
and classification. The optimization includes main CNN 
parameters as well as additional parameters such as batch 
size, epochs, and training algorithm. The PSO selects 
among six training algorithms during training. The best 
result for the binary case was achieved with the Nesterov 
accelerated adaptive moment estimation (Nadam) 
algorithm, while the best result for the multiclass case 
was achieved using the Adam algorithm. Several studies 
have proposed improvements to the Adam optimizer to 
enhance convergence and generalization performance 
on complex datasets. Ibrahim et al.47 incorporated a 
projection-based gradient correction mechanism inspired 
by quasi-Newton and conjugate gradient methods and 
evaluated the proposed methods on the Modified National 
Institute of Standards and Technology dataset (MNIST), 
Canadian Institute for Advanced Research 10-class dataset, 
and Canadian Institute for Advanced Research 100-class 
dataset, demonstrating improvements over the standard 
Adam optimizer. Cheng et al.48 proposed a modification of 
ADAM that uses the Frobenius norm to measure the model’s 
complexity and adjusts the learning rate accordingly. The 
proposed method was tested on datasets such as MNIST 
and Fashion-MNIST, showing improved efficiency and 
stability. Wu et al.49 proposed a learning rate scheduler that 
automatically adjusts the learning rate according to the 
stages of neural network training. The method is based on a 
unified formulation that considers the evolution of the loss. 
The proposed method was tested on the ImageNet dataset, 
showing improvements in performance and robustness 
on complex tasks. Recently, the combination of neural 
networks, PSO, and fuzzy logic has also been explored. 
Feng et al.50 proposed a deep learning framework, a three-
dimensional fully convolutional neural network–hybrid 
tuned swarm optimization–PSO, for brain tumor detection 
and classification. An interval type-2 fuzzy weighting 
system was applied to generate the initial convolution 
filter weights, combined with a hybrid optimization 
algorithm that integrates the exploratory strengths of 
transit search optimization and the fast convergence of 
PSO. The proposed models significantly reduced the 
number of trainable parameters while enhancing accuracy 
and training efficiency. Sobhanifard51 proposed a hybrid 
model combining Bayesian networks, fuzzy logic, and PSO 
to optimize neural network weights and structure, thereby 

reducing errors and improving performance. The model is 
applied to the analysis and prediction of economic growth 
using time series on gross domestic product. The method is 
evaluated and compared with other time series techniques, 
achieving higher precision and correlation.

The studies conducted so far have enabled the 
development of new retinal image processing methods for 
detecting key information, which is then primarily used in 
deep learning models. Prior work has also focused on the 
use and modification of existing models reported in the 
literature, and on the creation of new deep learning models 
using conventional metaheuristics or modifications to 
accelerate convergence, with the aim of solving problems 
related to the retina and supporting medical diagnosis 
of conditions affecting it. Modifications to the ADAM 
optimizer have recently been proposed to improve its 
convergence and convergence speed. The combination 
of neural networks, fuzzy logic, and PSO has also been 
addressed, where metaheuristics are responsible for finding 
the optimal hyperparameters of the neural networks. 
Fuzzy logic determines the neural network’s weights. The 
analyzed works highlight the importance of the learning 
rate during the training phase and motivate the pursuit of 
learning rate optimization strategies.

3. Basic concepts
The intelligence techniques analyzed and utilized in this 
work are presented in this section.

3.1. Convolutional neural networks

Artificial neural networks function similarly to the 
nervous system in the human brain, emulating the 
learning and information processing. They serve as digital 
representations of biological neurons and the synapses that 
connect them, enabling highly accurate predictions.4,5 The 
ability of a CNN to extract features is highlighted in image 
processing. In the feature extraction phase, convolutional 
and pooling layers are particularly crucial.52 A CNN consists 
of one or more convolutional layers (CLs) that apply a 
predetermined number of filters to the input image. The 
first task of these layers is to identify basic features such as 
lines and edges by convolving the input data with an m × m 
filter. As the filter passes through the neurons, a new matrix 
is generated and passed to subsequent layers. The rectified 
linear unit function is the most commonly used activation 
function and is typically applied after CL.5,53,54 The pooling 
layer also employs a filter of size n × n, but its purpose is 
to reduce the information of a specific region. Common 
operations performed by this layer include computing the 
maximum, average, or minimum values within a region. 
This process allows the information produced by the CL to 
be grouped and reduces the amount of data passed to the 
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fully connected layers. Finally, the output layer produces a 
probability distribution over a predefined set of classes.55,56

3.2. Fuzzy logic

Zadeh57 introduced the theory of type-1 fuzzy sets. Unlike 
traditional binary logic, which operates on discrete values, 
FL uses degrees of truth that can take any value within the 
continuous range (0, 1). This logic is inspired by the way 
humans manage uncertainty, enabling the representation 
and processing of imprecise information, and has found 
applications in medical, robotic, financial, and automatic 
control systems.58 FL is characterized by its ability to 
mimic human reasoning by using approximate rather than 
exact approaches. A fuzzy inference system comprises 
three fundamental elements: a rule base, a database (or 
dictionary), and a reasoning mechanism that performs the 
inference process.59 Equation 1 is used to determine the 
membership value.

{( , ( ))| }xÃA x x Xµ= ∀ ∈ 	 (1)

where the type-1 membership function (MF)  is represented 
by ( )Ãµ x ,  x X∈  in a universe of discourse X. The main 
type-1 membership functions are shown in Figure 1.

3.3. Particle swarm optimization

Particle swarm optimization is inspired by the collective 
behavior of flocks of birds or schools of fish, particularly 

their social behavior and movement patterns.60 In PSO, 
candidate solutions are referred to as particles that move 
through a multidimensional search space, forming a 
swarm.61,62 This algorithm uses two vectors: the current 
position and the velocity of each particle, represented 
by x and v, respectively. The next position of particle i is 
calculated with Equation 2.63

( ) ( ) ( )1 1id i ix t x t v t+ = + + 	 (2)

where ( )idx t  represents the current position of particle i 
in dimension d at time t. To calculate the next position, 
the velocity ( )1iv t +  is used. Eberhart and Shi64 proposed 
an improvement to the exploration and exploitation 
processes by introducing a new parameter: inertia weight. 
This inertia weight is reduced during execution, allowing 
global exploration in the initial stages and promoting local 
exploitation as the algorithm progresses. Several proposals 
in the literature exist for decrementing the inertia weight. 
Equation 3 presents one of the main: the linear decrement.

( ) ( )   max
t s e e

max

t t
w w w w

t
−

= − × + 	 (3)

where the number of maximum iterations is represented 
by maxt , the initial inertial weight is represented by sw , and 

ew  is the expected final value for w.65 Equation 4 allows 
the determination of the particle’s velocity, including the 

Figure 1. Type-1 (A) Gaussian, (B) generalized bell, (C) triangular, and (D) trapezoidal membership function
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inertial weight.

( ) ( ) ( ) ( ) ( )
( ) ( ) ( )

1 1

2 2

1 *

               * ˆ  
id id d id id

d d id

v t wv t c

y

r t y t x t

c r t t x t

 + = + − 
 + − 

	 (4)

where 1c  and 2c  are cognitive and social components 
related to the acceleration of the particle, 1r  and 2r  are 
random values between 0 and 1. The cognitive component 
represents the particle’s experience, and the social 
component represents the swarm’s collective information. 
The best position at time t of particle i in dimension d is 
represented by ( )idy t , while ( )ˆdy t  represents the best 
position in dimension d.

4. Proposed method
The proposed method seeks to find the optimal CNN 
architecture by considering parameters such as the 
number of CLs, the number of filters, and the filter size (m 
× m). After each convolutional layer, a max pooling layer 
is implemented. The proposed method also determines the 
pool size (n × n), the number of fully connected layers, and 
the number of neurons, epochs, and batch sizes for each 
layer. The rectified linear activation function and dropout 
are utilized. Figure 2 illustrates the proposed method, in 
which the PSO searches for an optimal CNN architecture 
for the DR application.

During the training phase, the Adam algorithm is used; 
at each training step, a T1FS is implemented to estimate 
the learning rate, which is usually set at the beginning 
of training and used by Adam throughout the process. 
Kingma and Ba66 determined α as the learning rate that 
allows the Adam algorithm to adapt the weights. In this 
work, the estimation of this value is proposed using a T1FS 
that is adapted based on the current accuracy and loss 
values for the training and validation sets. That is, in each 
epoch, a new fuzzy system is generated, which establishes 

the ranges of the fuzzy variables and the membership 
values based on the behavior of the precision and the loss. 
An example of a T1FS is shown in Figure 3, where the 
learning rate is determined based on the accuracy and loss 
values in each epoch. The T1FS is a Mamdani model with 
four inputs and one output. Each fuzzy variable has three 
membership functions, all of which are generalized bell 
(Gbell). These MFs were selected because they achieved 
better results in another previously developed application, 
where their performance was compared with that of 
trapezoidal membership functions.67

The Gbell MFs are determined using Equation 5, where, 
for all Gbell MFs, the value of B is set to 1.5. The maximum 
and minimum values for accuracy, loss, and learning rate 
are determined using Equations 6–11, where values from 
the current epoch are used. The ranges for accuracy, loss 
(training and validation), and learning rate fuzzy variables 
are established using Equations 12–17. 

[ ]( )
2

1x, ,
(

A B,C
1 [ ]) B

gbellmf x C
A

=
−

+
	 (5)

( )min min , _Accuracy Accuracy Val Accuracy= 	 (6)

( )max max , _Accuracy Accuracy Val Accuracy= 	 (7)

( )min min , _Loss Loss Val Loss= 	 (8)

( )max max , _Loss Loss Val Loss= 	 (9)

( )min min ,0.00001LR LR= 	 (10)

( )max max ,0.00001LR LR= 	 (11)

( )
min min

max min                  
_

        1    0.
R Accuracy Accuracy

Accuracy Accuracy
=

− −

	
(12)

Figure 2. The proposed method for the convolutional neural network design 
Abbreviation: ReLU: Rectified linear unit. 
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( )
max max

max min                            
_

0.1
R Accuracy Accuracy

Accuracy Accuracy
=

+ −

	
(13)

( )min min max min_ 0.1R Loss Loss Loss Loss= − − 	 (14)

( )max max max min_ 0.1R Loss Loss Loss Loss= + − 	 (15)

( )min min max min_ 0.1R LR LR LR LR= − − 	 (16)

( )max max max min_ 0.1R LR LR LR LR= + − 	 (17)

An example of the fuzzy variable is shown in Figure 4. 
For the accuracy variables, the values of C1 and C3 are equal 
to 

minR _ Accuracy  and 
maxR _ Accuracy , respectively. In the 

same way, the values for C1 and C3  for the loss and learning 
rate are determined.

To establish C2 and 1,2,3A  for the accuracy, loss, and 
learning rate fuzzy variables, Equations 18–23 are applied, 
respectively. The fuzzy if-then rules defined for the T1FS 
are shown in Table 1, where MFL denotes low, MFM denotes 
medium, and MFH denotes high. These rules were designed 
to improve the models’ generalization and to prevent 

overfitting during training. It is important to note that the 
T1FS could have up to 81 fuzzy if-then rules; however, 
based on the possible behaviors of accuracy and loss, only 
eight rules were selected to achieve better performance.

2 min maxC (R _ Accuracy R _ Accuracy ) / 2= + 	 (18)

1,2,3 2 max(C R _ Accuracy ) / 2A = − 	 (19)

2 min maxC (R _ Loss R _ Loss ) / 2= + 	 (20)

1,2,3 2 max(C R _ Loss ) / 2A = − 	 (21)

2 min maxC (R _ LR R _ LR ) / 2= + 	 (22)

1,2,3 2 max(C R _ LR ) / 2A = − 	 (23)

4.1. Optimization description

The PSO seeks to reduce the accuracy error. Each particle 
is evaluated with the fitness function determined by 
Equation 24, and the accuracy percentage is determined 
by Equation 25. Other formulas were also used to measure 

Figure 3. Type-1 fuzzy system for the learning rate estimation
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the performance of the proposed method (Equations 
26–29).

TP TN1
TP FP TN FN

f +
= −

+ + +
	 (24)

TP TN% *100
TP FP TN FN

Accurracy +
=

+ + +
	 (25)

( ) TP 
TP FN

recall sensitivity =
+

	 (26)

TPN  
TP FP

precision =
+

	 (27)

2*precision*recall1
precision recall

F score− =
+

	 (28)

TN  
TN FP

specificity =
+

	 (29)

where false positive is FP, false negative is FN, true negative 
is TN, and true positive is TP. Table 2 shows the PSO 
parameters. These values are based on previous work in 
which the CNN design was also proposed.46 

Each particle dimension corresponds to a design 
parameter of a particular CNN. Each particle has a total of 
16 dimensions, and an illustration of a particle is shown in 

Figure 4. Example of the accuracy of the fuzzy variable of the type-1 fuzzy system 

Table 1. Fuzzy if-then rules for the type-1 fuzzy system

Rule

Inputs

Learning rate
Accuracy Validation accuracy Loss Validation loss

1 MFL MFL MFH MFM MFH

2 MFL MFM MFL MFM MFH

3 MFM MFL MFM MFH MFL

4 MFM MFH MFM MFL MFL

5 MFM MFM MFM MFM MFM

6 MFH MFH MFL MFL MFM

7 MFH MFL MFL MFH MFL

8 MFH MFM MFL MFM MFM

Note:  MFL denotes low, MFM denotes medium, and MFH denotes high. 
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Table 2. Particle swarm optimization parameters

Parameter Particles Maximum iterations C1 C2 Inertia weight (initial)

Value 10 30 1.5 2 0.8

Table 3. Ranges of the search space

Parameters Convolutional 
layers

Number of filters for the 
convolutional layers Filter 

size
Pool 
size

Fully 
connected 

layers

Neurons 
for fully 

connected 
layers

Epochs Batch 
size

#1 #2 #3

Min 1 8 16 32 3 3 1 10 10 1

Max 3 16 32 64 5 5 3 300 30 6

Figure 5. Table 3 presents the ranges that define the search 
space. The batch size can take six possible values (8, 16, 
32, 64, 128, and 256). Figure 6 shows a flow diagram of 
the proposed method. In summary, PSO searches for the 
optimal CNN architecture, training each particle while 
applying T1FS at each epoch to estimate the learning rate.

4.2. Dataset description

The Asia Pacific Tele-Ophthalmology Society 2019 
Blindness Detection Challenge (APTOS 2019) database68 
includes 5,590 samples under different conditions (size 
and noise), and only 3,662 have their classification labels. 

Figure 5.  Representation of the particle for the convolutional neural network design 
Abbreviations: CL: Convolutional layer; MPL: Max pooling layer.
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The labeled images are used for training (65%), validation 
(15%), and testing phases (20%), using a size of 200 × 200 
pixels. As preprocessing, each image initially has pixel 
values between 0 and 255. A binary mask is created to 
determine the central pixel of the retina and its size, along 
with its height and width. This process is used to remove 
noise or unnecessary information.69 An example of the 
APTOS 2019 database is shown in Figure 7. In Table 4, the 
distribution among each class is defined. In this work, two 
cases are conducted: binary (to detect DR) and multiclass 
(to classify DR).

5. Experimental results
This section presents the results of the proposed CNN 
design: detection and classification. The results achieved 
are compared with those of other CNN designs trained 
by PSO without FL. For the results, 10 experiments were 
performed for each case (detection and classification). 
These experiments have an early stopping with a patience 
value of 4. To test the effectiveness of the proposed method, 
two validations were generated for each case (binary 
and multiclass). Sections 5.1 and 5.2 show the results of 
validation #1, while a summary of the results of validation 
#2 is shown in Section 5.3.

5.1. Detection results

In these experiments, the CNN determines whether a 
retina is healthy, addressing a binary classification problem. 
The best architecture for detection (binary case) is shown 
in Table 5, where the CNN achieved 96.73% accuracy 
in experiment #6. As shown, the architecture consists of 
three CLs and two fully connected layers. This model was 
trained with 20 epochs. 

The behavior of accuracy and loss for both sets (training 
and validation) for the binary case is shown in Figure 8. 
The resulting model exhibits rapid convergence in the early 
epochs, with training and validation accuracy and losses 
evolving in a very similar fashion. The gap between training 
and validation is minimal (less than 0.5%), indicating good 
generalizability and no overfitting. Using up to 20 epochs 
allowed the model to train correctly and learn efficiently.

The learning rate estimated by the T1FS in this 
experiment is shown in Figure 9, where it can be seen that, 
from epoch 12 onwards, the learning rate changed very 
slightly, allowing for better training.

The best result for the multiclass case (experiment #6) 
is shown in Figure 10, where it can be observed that the 
experiment shows good convergence, with a stagnation 

Figure 6. Flow diagram of the proposed convolutional neural network design 
Abbreviation: CNN: Convolutional neural network. 
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Figure 7. Example of the Asia Pacific Tele-Ophthalmology Society 2019 Blindness Detection Challenge database

Table 4. Asia Pacific Tele-Ophthalmology Society 2019 Blindness Detection Challenge database description

Class Healthy retina

Retina with damage

Mild stage Moderate stage Severe stage Proliferative stage

Number of images 1,805 370 999 193 295

Figure 8. Accuracy and loss behavior of the best architecture (binary case)
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between iterations 6 and 15. The summary of results in 
the binary case is shown in Table 6, which presents the 
accuracy percentage.

Table 5. The best architecture (binary case)

Architecture details Performance metrics

Convolutional layers 3

Filters/size (Convolutional layers)
16, 5 × 5 
25, 4 × 4 
42, 5 × 5

Pool size
4 × 4 
5 × 5 
3 × 3

Fully connected layers (neurons) 2 (56, 157)

Epoch 20

Batch size 8

Recognition rate (%) 96.73

Error 0.0327

Table 6. Results of the binary case

Best (%) Average (%) Worst (%)

96.73 96.29 96.04

5.2. Classification results

In these experiments, the CNN must determine whether a 
retina is healthy or exhibits a specific type of damage; thus, 
it addresses a multiclass classification problem. The best 
architecture for this multiclass case is shown in Table 7, 
where the CNN achieved an error of 0.2251. This result was 
obtained in experiment #10. As shown, the architecture 
consists of two CLs and two fully connected layers. This 
model was trained for 29 epochs. 

The behavior of accuracy and loss for both sets (training 
and validation) for the multiclass case is shown in Figure 
11. The model exhibits adequate initial convergence in the 
early stages, with training and validation accuracy showing 
similar behavior. However, from epoch 5 onwards, the 
training accuracy continues to grow to approximately 0.77, 
while the validation accuracy stagnates at around 0.75. 

Figure 9. Learning rate estimation for the best architecture (binary case)
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This difference results in a separation of approximately 2%, 
indicating slight overfitting. This behavior is reinforced 
by the loss values, which differ by approximately 0.10 
between the training and validation sets, indicating slight 
to moderate overfitting. Furthermore, this problem may 
be associated not only with overfitting but also with class 
imbalance in the dataset, leading the model to learn in a 
biased manner towards the majority classes and limiting its 
generalization capacity.

Table 7. The best architecture (multiclass case)

Architecture details Performance metrics

Convolutional layers 2

Filters/size (convolutional layers) 15, 4 × 4 
23, 3 × 3

Pool size 4 × 4 
3 × 3

Fully connected layers (neurons) 2 (181, 42)

Epoch 29

Batch size 16

Recognition rate (%) 77.49

Error 0.2251

The learning rate estimated by the T1FS in experiment 
#10 is shown in Figure 12. It can be observed that the 
learning rate decreased significantly in the first five 
epochs, as in the binary case, and then decreased gradually 
thereafter. Finally, in the last epochs, the learning rate 
changed minimally.

The best result for the multiclass case (experiment 
#10) is shown in Figure 13. The experiment shows good 
convergence, with a stagnation between iterations 10 and 
19. The summary of results in the multiclass case is shown 
in Table 8, which presents the accuracy percentage.

Table 8. Best, average, and worst accuracies for the multiclass 
case

Metric Best (%) Average (%) Worst (%)

Accuracy 77.49 77.05 76.67

5.3. Comparison of results

Table 9 summarizes the results for validation #1, 
comparing the proposed PSO with T1FS for learning rate 
estimation, and a PSO that optimizes the CNN using Adam 
without FL. The results show that the proposed method 

Figure 10. Convergence of experiment #10 (binary case)
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achieves higher average accuracy in both cases (binary 
and multiclass), and the worst-case value in each case is 
improved using the proposed method. The results reported 
by Melin et al.46 were obtained using labeled images for 
training (72%), validation (8%), and testing (20%). 

Table 10 shows the average of the different metrics 
obtained.70 It also reports the average floating-point 
operations (FLOPs), which represent the number of 
mathematical operations, along with the number of 
parameters, to provide a more detailed analysis of the 

resulting models. The results indicate that the proposed 
method performs better across the presented metrics. The 
FLOPs of the proposed method are higher, indicating that 
it performs more operations while using fewer parameters 
on average. This suggests that, for the binary case in 
validation #1, the proposed method can produce simpler 
models.

Table 11 shows that, as in the binary case, the proposed 
method achieves better metric values. It is important 
to note that, although the metrics are higher, sensitivity 

Figure 11. Accuracy and loss behavior of the best architecture (multiclass case)

Figure 12. Learning rate estimation of the best architecture (multiclass case)
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remains low in both methods due to the imbalance in 
the number of images across classes with some degree of 
retinopathy, particularly in mild, severe, and proliferative 
stages. In terms of complexity and parameter count, 
the proposed method produces architectures with, on 
average, more operations and parameters. Consequently, 
the average training time increases due to more complex 
architectures. 

The average accuracy achieved by the proposed method 

and by the PSO using ADAM without FL as the training 
algorithm for validation #1 is shown in Figures 14 and 
15, respectively. The proposed method converges faster in 
both the binary and multiclass cases.

The results shown in Table 12 indicate that, as in 
validation #1, the proposed method achieves higher average 
scores across the metrics, with only a slight increase in time 
for validation #2 (binary case). Importantly, for validation 
#2, the number of operations increased for models trained 

Figure 13. Convergence of experiment #10 (multiclass case)

Table 9. Summary of results (Validation #1)

Method

Case

Binary Multiclass

Best (%) Average (%) Worst (%) Best (%) Average (%) Worst (%)

PSO46 96.59 95.33 94.68 77.35 76.03 74.90

PSO (Adam) 96.18 96.02 95.77 76.81 76.13 75.72

PSO (Adam + T1FS) 96.73 96.29 96.04 77.49 77.05 76.67

Abbreviations: Adam: Adaptive moment estimation; PSO: Particle swarm optimization; T1FS: Type-1 fuzzy system.
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without fuzzy logic, but the resulting architectures used 
fewer parameters on average.

Table 10. Metrics and complexity average results (validation 
#1, binary)

Metric PSO (Adam) PSO (Adam + T1FS)

Accuracy 0.960164 0.962892

ROC–AUC 0.984781 0.985517

F1-Score 0.960162 0.962893

Sensitivity 0.94543 0.952957

Specificity 0.97313 0.975346

Training time 80 s 55s

FLOPs 31.81 M 43.5 M

Parameters 9.24 M 4.43 M

Abbreviations: Adam: Adaptive moment estimation; AUC: Area under 
the curve; FLOPs: Floating-point operations; PSO: Particle swarm 
optimization; ROC: Receiver operating characteristic; T1FS: Type-1 
fuzzy system.

Table 11. Metrics and complexity average results (validation 
#1, multiclass)

Metric PSO (Adam) PSO (Adam + T1FS)

Accuracy 0.761255 0.770532

ROC–AUC 0.874627 0.88006

F1-Score 0.733582 0.734886

Sensitivity 0.496499 0.508479

Specificity 0.933518 0.934646

Training time 25 s 38 s

FLOPs 32.29 M 32.40 M

Parameters 6.17 M 7.05 M

Abbreviations: Adam: Adaptive moment estimation; AUC: Area under 
the curve; FLOPs: Floating-point operations; PSO: Particle swarm 
optimization; ROC: Receiver operating characteristic; T1FS: Type-1 
fuzzy system.

Figure 14. Average convergence for the binary case 
Abbreviations: Adam: Adaptive moment estimation; PSO: Particle swarm optimization; T1FS: Type-1 fuzzy system.
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Table 12. Metrics and complexity average results (validation 
#2, binary)

Metric PSO (Adam) PSO (Adam + T1FS)

Accuracy 0.95239 0.95539

ROC–AUC 0.98236 0.98237

F1-Score 0.95239 0.95539

Sensitivity 0.95000 0.95457

Specificity 0.95485 0.95623

Training time 45 s 50 s

FLOPs 66.33 M 39.23 M

Parameters 3.85 M 7.39 M

Abbreviations: Adam: Adaptive moment estimation; AUC: Area under 
the curve; FLOPs: Floating-point operations; PSO: Particle swarm 
optimization; ROC: Receiver operating characteristic; T1FS: Type-1 
fuzzy system.

Table 13 shows the averages across the different 
metrics, indicating that, for validation #2 in the multiclass 
case, the proposed method achieved better performance. 
In this validation, the proposed method achieved a slightly 
higher average time. Regarding the number of operations 
and parameters when fuzzy logic is not used, the values 
are lower. However, it is important to note that the values 
(FLOPs and parameters) obtained by the proposed method 
are not superior.

The average accuracy achieved by the proposed method 
and by the PSO using ADAM without FL as the training 
algorithm for validation #2 are shown in Figures 16 and 
17, respectively. The proposed method converges faster in 
both the binary and multiclass cases.

Table 14 shows the results obtained by modern 
architectures without modification, using only labeled 
images, as reported by Kassani et al..71 All models were 
trained with 72%, validated with 18%, and tested with 10%. 
The best accuracy achieved by our proposed method was 
77.49%, while an average accuracy of 77.05% (accuracy) 
was obtained when using more images for the training 
phase. Our results can outperform those of some modern 
and complex architectures.

Figure 15. Average convergence for the multiclass case
Abbreviations: Adam: Adaptive moment estimation; PSO: Particle swarm optimization; T1FS: Type-1 fuzzy system.
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Table 13. Metrics and complexity average results (validation 
#2, multiclass)

Metric PSO (Adam) PSO (Adam +T1FS)

Accuracy 0.73997 0.75034

ROC-AUC 0.85592 0.86830

F1-Score 0.70056 0.71387

Sensitivity 0.46231 0.47749

Specificity 0.92436 0.92794

Training time 35 s 47 s

FLOPs 31.88 M 35.15 M

Parameters 8.52 M 9.42 M

Abbreviations: Adam: Adaptive moment estimation; AUC: Area under 
the curve; FLOPs: Floating-point operations; PSO: Particle swarm 
optimization; ROC: Receiver operating characteristic; T1FS: Type-1 
fuzzy system.

Table 14. Comparison with other architectures (multiclass)

Model Accuracy (%) Sensitivity (%) Specificity (%)

Xception 79.59 82.35 86.32

InceptionV3 78.72 63.64 85.37

MobileNet 79.01 76.47 84.62

ResNet50 74.64 56.52 85.71

Our proposed 
model 77.05 50.85 93.46

5.4. Statistical comparison

The results obtained in both validations by the proposed 
method were used to compare it statistically with the PSO 
using the Adam algorithm without FL, which, in addition 
to CNN architecture optimization, seeks the best algorithm 
for the training phase in validation #1. A two-tailed T-test 
was conducted at 95% significance level, with a critical 
value of 2.1. The null hypothesis states that the means 
of the two methods are equal, whereas the alternative 

Figure 16. Average convergence for the binary case 
Abbreviations: Adam: Adaptive moment estimation; PSO: Particle swarm optimization; T1FS: Type-1 fuzzy system.
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hypothesis indicates a significant difference between 
them. The T-test values for the binary case are presented 
in Table 15, which shows that, based on the mean values, 
the proposed PSO with T1FS for learning rate estimation 
achieves a significant improvement over the simple PSO.

The T-test values for the multiclass case are presented 
in Table 16, where results based on the mean values 
demonstrate that the proposed PSO with T1FS for learning 
rate estimation also achieves a significant improvement 
over simple PSO methods.

Figure 17. Average convergence for the multiclass case 
Abbreviations: Adam: Adaptive moment estimation; PSO: Particle swarm optimization; T1FS: Type-1 fuzzy system.

Table 15. T-test values for detection (binary case)

Validation Method Mean SD t-value p-value

1

PSO  
(Adam + T1FS) 96.29 0.191

3.78 0.00137 

PSO  
(Adam) 96.02 0.125

2

PSO  
(Adam + T1FS) 95.54 0.214

2.44 0.0251

PSO  
(Adam) 95.24 0.324

Abbreviations: Adam: Adaptive moment estimation; PSO: Particle swarm optimization; T1FS: Type-1 fuzzy system.
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6. Conclusion
In this work, a CNN design is proposed that uses PSO and 
T1FS during the training phase to determine the learning 
rate utilized by the Adam algorithm. The proposed T1FS 
is adapted based on the accuracy and loss values of the 
training and validation sets; that is, it uses these values 
to establish the ranges of the fuzzy variables. This process 
allows the fuzzy system to be updated at each epoch during 
training, thereby improving the average accuracy. The 
results obtained with the proposed method were compared 
with other CNN optimizations using PSO. The T-tests 
showed that the proposed method achieves higher average 
accuracy, improves the worst results, and outperforms 
the CNN design using Adam without FL, achieving the 
best result in both the binary and multiclass cases.  The 
experiments conducted in this work were performed 
using a search space of 10 to 30 epochs, as preliminary 
experiments indicated that using very few epochs (5 to 10) 
leads to overfitting and prevents the models from reaching 
their full potential. As future work, learning rate estimation 
using other metaheuristics and the design of fuzzy if-then 
rules will be explored. Also, the implementation of type-2 
FL in learning rate estimation will be considered to evaluate 
whether it can further improve the results obtained in this 
work. Experiments will also be performed to expand the 
search space and compare the proposed method with other 
modern architectures. Another aim is also to address the 
class imbalance using data augmentation techniques, which 
will also help improve generalization in the multiclass case.
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