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Abstract. Fuzzy logic is a generalization of traditional 

logic that works with values more familiar to natural 
language, allowing problems to be solved that would be 
very difficult to solve using binary logic. It goes hand in 
hand with other areas of AI, such as evolutionary 
computing and neural networks. In the latter, it is thought 
that the potential of fuzzy logic can be exploited even 
further, which is why the fuzzy perceptron is proposed. 
This proposal, a combination of the perceptron with 
fuzzy logic, consists of applying an activation function 
with a fuzzy system that determines, through rules, the 
output of the artificial neuron based on the weighted sum 
of its inputs and weights. Medical datasets have a wide 
variety of data compositions, such as different data 
volumes, data types, organization, etc., which is useful 
for training neural networks. Therefore, experiments are 
carried out using various clinical datasets to train neural 
networks with the proposed activation function and 
compare them with training a traditional neural network 
with the aim of achieving improved accuracy in the 
classification of clinical data. 

Keywords. Neural networks, fuzzy logic, perceptron, 

artificial intelligence, neuro-fuzzy. 

1 Introduction 

Neural networks are designed to learn how to 
classify, identify characteristics, predict, etc. from a 
data source provided to them. They are widely 
used today in many sectors of industry, education, 
health, and even entertainment. They have been 
around for quite a few years, but today it is very 
common to hear people talking about artificial 
intelligence, or see comments about it on the 
internet or TV. Neural networks are part of that 
artificial intelligence, more specifically, machine 
learning, and in some cases, deep learning. The 
fact that we see artificial intelligence in everyday 

matters is largely due to the evolution of hardware, 
as the devices we use every day, such as 
smartphones or desktop computers, now have the 
processing resources necessary to perform neural 
network training tasks, which previously could only 
be performed by high-end equipment or equipment 
specifically dedicated to those tasks. But it's not all 
about hardware. Since their inception, neural 
networks have also evolved in terms of 
architecture, activation functions, 
performance,  etc.  

Although current hardware is now better 
equipped to train neural networks, there are still 
challenges in this area, for example, when dealing 
with noisy datasets, class imbalance, insufficient 
information, among others.  

Another limitation lies in activation functions, 
because the vast majority are fixed, static, 
designed for general problems, and lack 
adaptability or freedom to be configured, which 
may make them less useful in contexts that require 
more dynamic learning, such as datasets that 
change or data that needs to be transformed in real 
time while training. 

Unlike functions developed with traditional 
logic, fuzzy logic allows uncertainty to be handled 
using smooth approximations, in contrast to the 
abrupt Boolean values present in classical logic. 
The combination of fuzzy systems with neural 
networks has given rise to what is known as neuro-
fuzzy systems, which are a very important subject 
of study in the field of intelligent hybrid systems. 

This paper proposes the fuzzy perceptron, a 
temporary name for a perceptron prototype with a 
proposed activation function, which consists of a 
fuzzy system with two rules that evaluate the 
activation state of the neuron. This fuzzy system, 
through its parameters, allows the membership 
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functions to be adapted to the desired problem until 
the appropriate accuracy is achieved, in contrast to 
static functions that cannot be parameterized. The 
activation function developed is tested with three 
medical datasets of different characteristics 
and  volumes. 

The objective is to verify whether it is possible, 
using fuzzy logic, for an activation function suited 
to the behavior exhibited by perceptrons with 
different datasets to perform better in terms of 
either accuracy or lower loss per epoch than one 
of the most widely used activation functions: ReLU. 
Thus, the following section presents the state of 
the art, followed by a proposal, methodology, 
results, and conclusions. 

2 State of the Art 

The artificial neuron dates back to 1943 when it 
was invented by Warren McCulloch and Walter 
Pitts [1], and later in 1957 it was implemented by 
Frank Rosenblatt [2] in hardware. Also known as 
Perceptron, this algorithm consists of a unit that 
receives a series of inputs xi (i is a value from 1 to 
n), calculates a weighted sum of these inputs, 
where each input is multiplied by a randomly 
generated weight and a bias is added [3]. Finally, 
it passes through an activation function that 
determines the state of the neuron, i.e., whether 
the neuron is active or not. If activated, it will 
transmit the information to the next neuron. The 
latter occurs only in multilayer perceptron networks 
that are designed to solve nonlinear problems [4, 
5]. Modifications have been made to Rosenblatt's 
perceptron by various authors, but to this day, the 
original algorithm remains the most widely used. 
Some examples include the strategic perceptron 
[6], voted perceptron [7], second-order perceptron 
[8], optimistic perceptron [9], and morphological 
neuron [10]. Multilayer perceptron neural networks 
are currently used in various applications such as 
speech recognition, computer vision, pattern 
recognition, object detection, etc. [11].  

The fuzzy logic proposed by Lofti A. Zadeh is 
an extension of traditional Boolean logic, differing 
in that it is not limited to yes or no, i.e., 1 or 0, but 
encompasses a wider range of values. In other 
words, let's take the temperature on a summer day, 
which is usually a warm day, depending on the 

area, it could be 25 degrees Celsius, 30 degrees 
Celsius, etc. For traditional logic, this is defined as 
hot or 1, and the other value would be cold or 0. 
There are only two possibilities, so it is necessary 
to define what degree is hot and what degree is 
cold. Assuming that the threshold is set at 20 
degrees Celsius, anything above that is considered 
hot, and just 1 degree below that is cold, with the 
difference being barely noticeable in the 
environment.  

For some temperature control systems, it could 
be complicated when trying to regulate the 
temperature if fluctuations between 19 and 21 
degrees Celsius are detected. Fuzzy logic allows 
us to recognize similar characteristics as we use 
them in natural language, for example, very warm, 
very cold, somewhat warm, somewhat cold, 
temperate, lukewarm, etc.  

This allows better instructions to be assigned to 
the temperature regulator so that it works 
according to a set of fuzzy rules that define the 
temperature ranges that will be considered either 
cold, hot, very hot, warm, etc., as well as their 
degrees of membership, where 1 is the complete 
parameter, i.e., for the cold rule, 1 would be cold 
and 0 would be the absence of cold, with a middle 
point between 0 and 1 or even another value, such 
as 0.5, 0.8, etc., and in turn sharing a degree of 
membership with another rule, for example, warm, 
which is the middle point between hot and cold 
[12,  13].  

There are several types of fuzzy logic, such as 
Type-1 and Interval Type-2, where a degree of 
uncertainty is added to the fuzzy system, which is 
useful for measuring different opinions given that, 
returning to the previous example of temperature, 
a warm day for one person may be less warm for 
another [14], generalized Type-2, and more 
recently Type-3 by intervals, which is still being 
researched and developed by various authors [15]. 
Fuzzy logic is an area of research with various 
applications and notable recent advances, such as 
in object detection [16], evolutionary algorithms 
[17-19], water quality prediction [20], photovoltaic 
systems [21], climate control [22], etc. Activation 
functions in neural networks serve to transform the 
neuron's input into an output; otherwise, it would 
be just a linear regression model. The activation 
function must be a nonlinear function, as well as 
differentiable, in order to apply backpropagation,  
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which allows for dynamic weight adjustment 
and improved overall network accuracy. Various 
activation functions are used, each with different 
purposes. For example, ReLU is one of the most 
widely used in hidden layers due to its accuracy 
and simplicity. Leaky ReLU is a modified version of 
ReLU, the difference with the function on which it 
is based being that instead of returning 0 for 
negative values, leaky ReLU returns a small value 
close to 0, without being 0.  

In output layers, Sigmoid is often used for 
binary outputs, Softmax for non-binary outputs, 
and other functions include ELU, Swish, Tanh, etc. 
[23]. New activation functions continue to be 
researched in the literature, with objectives such as 
improving the accuracy of neural networks, 
reducing epoch losses, and solving more complex 
problems, among others [24, 25, 26]. 

Neuro-fuzzy systems are systems that combine 
neural networks and fuzzy logic. Neural networks 
enable knowledge acquisition, reasoning, and 
learning, while fuzzy logic offers reasoning 
mechanisms for information that may be 
incomplete or unclear, as it allows for 
approximation through inference [27].  

There are many ways to implement neuro-fuzzy 
systems, as both separately already have a wide 
variety of applications. Recent research includes 
classification of cardiovascular diseases [28], 

construction scheduling [29], student performance 
[30], traffic prediction [31], etc. 

3 Proposal 

A new activation function is proposed, consisting of 
a fuzzy system that evaluates the neuron's output. 
This prototype has been given the preliminary 
name of fuzzy perceptron and has two rules: if the 
input is high, then the output is high; if the input is 
low, then the output is low. The Sugeno (TSK) 
inference method is used, so the outputs are 
constant. Therefore, the final rules are described 
as follows: If X is high, then y = 1; if X is low, then 
y = -1, where “X” is the neuron input and “y” is the 
result of the weighted sums of the perceptron, i.e., 
the output. Figure 1 shows a comparison of the 
proposal with the Heaviside activation function. It 
can be seen that the rules of the fuzzy system are 
described in general terms, but as explained 
previously, only two rules are used. The behavior 
of the perceptron (inputs, weights, etc.) remains 
the same. 

The reason why fuzzy logic is used is because 
it makes neural network learning more dynamic, 
i.e., it allows the activation function to be adapted 
to the dataset by changing the parameters of the 
membership functions to match the weights of the 
neural network. 

 

Fig. 1. Comparison of the perceptron and the fuzzy perceptron 
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The reason why fuzzy logic is used is because 
it makes neural network learning more dynamic, 
i.e., it allows the activation function to be adapted 
to the dataset by changing the parameters of the 
membership functions to match the weights of the 
neural network. In this way, it is thought that better 
accuracy can be achieved by having an activation 
function designed specifically for each training 
session. There may be cases of very similar 
datasets or those with similar behavior, which 
would allow them to share the same parameters. 
However, in most scenarios, they should have 
some difference in at least one parameter. The 
main advantage of using fuzzy logic is that it 
provides some freedom for network adjustment by 
allowing parameters to be changed, something 
that does not occur in activation functions that are 
fixed, such as ReLU. 

4 Methodology 

To demonstrate how the fuzzy perceptron works, 
three experiments are conducted in which neural 
networks are trained using the proposed activation 
function and compared with ReLU. Each 
experiment is conducted with a different dataset. 
The datasets come from the UC Irvine Machine 
Learning Repository and are specifically: Heart 
Disease, Breast Cancer Wisconsin (Diagnostic), 
and CDC Diabetes Health Indicators. 

Heart Disease [32] is a dataset consisting of 
303 instances and 13 features. It contains health 
information about patients with heart conditions. 
The objective of this dataset is to classify whether 
or not the patient has heart disease. It is one of the 
most popular UCIML datasets due to its small size 

and simplicity as a binary classification. Breast 
Cancer Wisconsin (Diagnostic) [33] is the second 
dataset used, with 569 instances and 30 features. 
It is also quite popular as it is among the top results 
on the UCI website. Its information deals with cell 
nucleus characteristics from previous studies. The 
objective of this dataset is to use binary 
classification to determine whether the patient has 
a malignant or benign tumor.  

The last one is CDC Diabetes Health Indicators 
[34], which consists of information on people's 
health and lifestyle as well as their diabetes 
diagnosis. It has 21 features and 253,680 
instances. It is less popular and has a much larger 
volume of data than the previous ones mentioned. 
Its objective is to predict, through binary 
classification, whether the patient is healthy or has 
diabetes (or prediabetes).  

Datasets from the medical field are used due to 
the variety, volume, and even imbalance of their 
datasets, which allows for the study of different 
techniques with the aim of improving accuracy, 
reducing noise, etc. [35]. 

The first experiment conducted with Heart 
Disease uses a neural network architecture with 13 
neurons in the input layer, each corresponding to a 
feature of the dataset, a hidden layer composed of 
128 neurons, and an output layer consisting of a 
single neuron given its binary classification. The 
objective of this network is to evaluate whether or 
not the patient has heart disease. The activation 
functions used in the hidden layer are ReLU, which 
is compared with the proposed Type-1 and Type-2 
fuzzy functions. The Sigmoid function is used for 
the output in all scenarios. Five hundred epochs 
are used for training and a batch size of 32. Figure 

 

Fig. 2. Neural network architecture 
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2 shows a diagram of the neural network 
architecture used in the first experiment. 

Type-1 and type-2 fuzzy logic is used by 
intervals for each of the experiments. In the case 
of the Heart Disease experiment, the membership 
functions for type 1 and type 2 are shown in 
Figures 3 and 4, respectively. Both membership 
functions are Gaussian, and each represents a rule 
of the fuzzy system. For type 1, the parameters are 
-3 and 2 for the centers and   for both sigmas. Type 
2 has parameters of -2 and 2 for the centers, 1 for 
the uncertainty height in both cases, 2 for the 

uncertainty width (both cases), and 0.5 for the 
sigma for both functions. 

The neural network in the second experiment 
has a similar architecture to the previous one. It 
consists of an input layer with 30 neurons, one for 
each feature in the dataset, a hidden layer with 64 
neurons, and an output layer with a single neuron. 
This network has a binary output that evaluates the 
patient's diagnosis, i.e., whether they have a 
malignant or benign tumor. In the hidden layer, 
ReLU, Type-1 fuzzy, and Type-2 fuzzy activation 
functions are used in each of the three training 
sessions, where they are compared against each 
other. Five hundred epochs and a batch size of 32 
are used for training. Figure 5 shows a diagram of 
the neural network architecture of the second 
experiment. 

The membership functions of the fuzzy systems 
used in the Type-1 and Type-2 fuzzy activation 
functions vary for each experiment due to the 
variation in output values of the weighted sums of 
the perceptrons. For the second experiment, 
Figures 6 and 7 show the Type-1 and Type-2 
membership functions by intervals, respectively. 
Type-1 has parameters of -2 and 2 for the centers 
of the Gaussian functions and a sigma of 2 for both 
functions. Type-2 has centers of -2 and 2, 
uncertainty height of 1, uncertainty width of 2, and 
sigma of 0.5. Figures 6 and 7 show the 
membership functions for experiment 2. 

The third experiment consists of evaluating a 
patient's diagnosis using binary classification, 
assessing whether the patient is healthy or has 
diabetes or prediabetes. The neural network 
architecture for this experiment is slightly more 
complex than the previous ones due to the larger 
number of instances in the dataset used. There are 
21 neurons in the input layer, one for each of the 
characteristics in the dataset, 64 neurons for the 
first hidden layer, 32 neurons for the second 
hidden layer, and 16 for the third and final hidden 
layer. The output consists of a single neuron. 
Three hundred epochs and a batch size of 32 are 
used for training. Figure 8 shows a diagram of the 
neural network architecture of the third experiment. 

The Type-1 membership functions of the third 
experiment have parameters of -2 and 2 for the 
centers and 2 sigma for both functions. The Type-
2 membership functions have parameters of -2 and 
2 for the centers, 1 uncertainty height, 2 

Fig. 3. Type-1 Gaussian membership functions 

Fig. 4. Type-2 Gaussian membership function 
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uncertainty width, and 0.5 sigma. Figures 9 and 10 
show the Type-1 and Type-2 membership 
functions, respectively. 

5 Results 

The ReLU and Type-1 fuzzy activation functions 
exhibit similar behavior in terms of loss and 
accuracy over time, as shown in Figures 11 
and  12. In case of Type-2 fuzzy, it seems to take 
more epochs to achieve learning, as seen in Figure 

13, since the loss is reduced more slowly than the 
other two and it takes more epochs to increase the 
accuracy compared to the previous ones.  

Type-2 fuzzy logic could benefit from or require 
more epochs for better performance, which would 
be a disadvantage, as it means it requires more 
processing to learn.  

However, as can be seen in the results in Table 
1, Type-2 achieves better accuracy than Type-1, 
which in turn outperforms ReLU.  

Thus, it can be said that with 500 epochs, Type-
2 outperforms Type-1 and ReLU.  

 

Fig. 5. Neural network architecture 

Fig. 9. Type-1 Gaussian membership functions Fig. 10. Type-2 Gaussian membership functions 
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Fig. 11. Graphs showing loss (left) and accuracy (right) by epoch. 

 

Fig. 12. Graphs showing loss (left) and accuracy (right) by epoch. 

 

Fig. 13. Graphs showing loss (left) and accuracy (right) by epoch. 
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Table 1. Comparison of results from the first experiment 

Metric ReLU Type-1 Type-2 

Accuracy 
score 

0.8688 0.8852 0.9016 

Mean 
square 
error 

0.1311 0.1147 0.0983 

R2 0.4741 0.5378 0.6064 

 
 

In the first experiment, it was observed that 
Type-2 requires greater effort to learn and is also 
the one that learns best, while Type-1 is only 
slightly better than ReLU. Figures 14, 15, and 16 
show the confusion matrices for ReLU, Diffuse 
Type-1, and Diffuse Type-2, respectively. The 
three matrices are similar: ReLU is wrong in 8 
cases, Type-1 in 7, and Type-2 in 6. The second 
experiment shows similar results for the three 
activation functions. ReLU seems to work very 
well, with loss decreasing rapidly and accuracy 
rising almost to the maximum after just a few 
epochs, as shown in Figure 17. Type-1 seems to 
take a little longer to reduce loss, but accuracy 
rises slightly more than with ReLU, as shown in 
Figure 18, and Type-2 shows better results overall 
than the other two, according to Figure 19 and 
Table 2.  

The third experiment is performed with a much 
larger dataset than the previous ones.  

For all activation functions, the neural network 
seems to struggle to learn over the epochs, as the 
loss and accuracy hardly change, as seen in 
Figures 23, 24, and 25 for ReLU, Type-1 fuzzy, and 
Type-2 fuzzy, respectively. In this experiment, 
according to the metrics shown in Table 3, the 
winner in accuracy is ReLU, followed by Type-1 
and Type-2.  The second experiment, in contrast to 
the first, shows Type-2 learning faster than ReLU 
and Type-1, placing it in first place again in the 
metrics used, with Type-1 in second place. Overall, 
the three activation functions show good results, as 
can be seen in the confusion matrices in Figures 

 

Fig. 14. ReLU confusion matrix 

 

Fig. 15. Fuzzy Type-1 confusion matrix  

 

 

Fig. 16. Fuzzy Type-2 confusion matrix 
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20, 21, and 22 for ReLU, Type-1, and Type-
2,  respectively. 

In general, the accuracy for all three is not very 
high, as it does not reach an accuracy score of 0.8.  

 

Fig. 17. Graphs showing loss (left) and accuracy (right) by epoch. 

 

Fig. 18. Graphs showing loss (left) and accuracy (right) by epoch. 

 

Fig. 19. Graphs showing loss (left) and accuracy (right) by epoch. 
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Fig. 23. Graphs showing loss (left) and accuracy (right) by epoch. 

 

Fig. 24. Graphs showing loss (left) and accuracy (right) by epoch. 

 

Fig. 25. Graphs showing loss (left) and accuracy (right) by epoch. 
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It should be noted that CDC Diabetes Health 
Indicators is quite unbalanced in its classes, as 
nearly 90% of the dataset consists of instances of 
healthy patients, while the rest are for diabetics. 
With this imbalance, it takes effort for the neural 
network to learn. Even so, it is useful to show how 
activation functions behave in unbalanced 
scenarios, and judging by the results, it seems that 
fuzzy functions are not a good option. 

This last experiment took longer to train; the first 
two were completed in just a few seconds, while 
CDC Diabetes took more than an hour to complete 
the three training sessions, one for each activation 
function. It was decided to reduce the number of 
epochs from 500 to 300 to speed up training, also 
because no improvement was observed when 
increasing the number of epochs. Figures 26, 27, 
and 28 show the confusion matrices for ReLU, 
Type 1, and Type 2, respectively. As explained 
above, the performance of this neural network was 
not very good; the confusion matrices show a very 
high number of errors (more than 11,000 cases of 
healthy patients are classified as diabetic). In 
addition, the difference in the volume of healthy 
and diabetic patients can be observed, with healthy 

 

Fig. 20. ReLU confusion matrix 

 

Fig. 21. Fuzzy Type 1 confusion matrix 

 

Fig. 22. Fuzzy Type-2 confusion matrix 

 

Table 2. Comparison of results from the second 

experiment 

Metric ReLU Type-1 Type-2 

Accuracy 
score 

0.9649 0.9824 0.9912 

Mean 
square 
error 

0.0350 0.0175 0.0087 

R2 0.8476 0.9253 0.9623 

 

Table 3. Comparison of results from the third experiment 

Metric ReLU Type-1 Type-2 

Accuracy 
score 

0.7365 0.7314 0.7285 

Mean 
square 
error 

0.2634 0.2685 0.2714 

R2 -0.1988 -0.1902 -0.2142 
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patients numbering more than 40,000 and diabetic 
patients barely reaching 7,000. 

6 Conclusions 

Considering the results of the experiments, the use 
of fuzzy systems as an activation function may be 
a good implementation to slightly improve the 
accuracy of neural network training in exchange for 
a little more processing resource.  

It was observed that in small datasets this 
represents an improvement, but in larger datasets 
the opposite was true.  

To confirm whether the use of fuzzy logic in 
activation functions is recommended in large 
datasets, further testing is required, as the dataset 
used in the third experiment was unbalanced and 
it is therefore not possible to judge whether fuzzy 
logic performs worse in unbalanced or large 
datasets. Separate experiments are required to 
verify this.  

Another detail is that no optimization algorithm 
such as a genetic algorithm or PSO was used to 
optimize both the neural network parameters and 
those of the fuzzy system.  

This means that there is a limitation in that it is 
not known whether there is a better accuracy value 
for each of the experiments with fuzzy activation 
functions, i.e., Type-1 and Type-2 could show 
better results if such optimization techniques 
were  used.  

In future, we plan to optimize the parameters in 
order to determine whether it is possible to 
increase the difference in accuracy between ReLU 
and fuzzy functions, as well as to see if it is 
possible for fuzzy functions to outperform ReLU in 
the third experiment.  

Another proposal for the future is to optimize the 
neural network parameters. In this case, the overall 
accuracy for the three activation functions would 
be improved, but the difference between one 
activation function and another should remain the 
same, unless, for example, experiment 2, which 
has almost perfect accuracy, the optimization of 
the neural network is such that the three activation 
functions show an accuracy score of 1.00, which 
would not be very useful when comparing.  

In this way, datasets with noise or that present 
certain difficulties for training should also 
be  sought.  

Also, the parameters could be found using 
metaheuristics and the proposal could be applied 
in other problems [36-37]. 

 

Fig. 26. ReLU confusion matrix 

 

Fig. 27. Type-1 confusion matrix 

 

Fig. 28. Type-2 confusion matrix 
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