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Featured Application

This work could be used by scientists to gain knowledge about fuzzy neural networks and
their potential for practical implementation in real-world systems.

Abstract

This publication focuses on the use of fuzzy neural networks for data prediction. The
author reviews papers in which fuzzy neural networks were used. The papers were
selected mainly from 2020 to 2025 and were selected if fuzzy neural network were used for
practical applications. Also, some chosen networks are described: FALCON, ANFIS, and
a fuzzy network with Ordered Fuzzy Numbers. The networks with the implementation
code presented in other publications were tested and compared to K Neighbors Classifier,
Decision Tree Classifier, and Random Forest Classifier. The methodology and configuration
of the networks are provided. Finally, the conclusions discuss limitations, future research
prospects, and guidelines for future work.

Keywords: fuzzy network; ANFIS; ordered fuzzy numbers; Iris dataset

1. Introduction

Practical and Methodological Aims of the Study; Motivation for Conducting Research;
The contributions of the study; Organization of the Paper.

In the era of data explosion and the growing need for instance controlling, as well
as parameter optimization, the choice of appropriate machine learning methods plays a
key role. One of the algorithm’s tasks is, i.a., to solve a variety of classification problems.
Classic algorithms such as k-Nearest Neighbors (KNN), decision trees (Decision Tree
Classifier), and Random Forest are the foundation of data analysis systems. They are
characterized by their simplicity and efficiency. However, in recent years, fuzzy networks
have been attracting growing attention, combining the advantages of fuzzy logic and
machine learning methods. Fuzzy networks such as Adaptive Neuro-Fuzzy Inference
System (ANFIS), Falcon, or approaches using Ordered Fuzzy Numbers offer the unique
capability of modeling uncertainty and imprecision in the data. This allows them to be
used in situations where data is subject to measurement errors or is imprecise in its nature.

The aim of this publication is to review and compare selected fuzzy networks with
classical classification algorithms in the context of their effectiveness in the task of classify-
ing the Iris set. The analyzed models include ANFIS networks, two implementations using
Ordered Fuzzy Numbers, as well as KNN, Decision Tree Classifier, and Random Forest
implemented in the TensorFlow library. The comparison will be carried out in terms of the
use of fuzzy networks and the results they produce for the aforementioned algorithms. This
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research aims to evaluate the potential of fuzzy networks as an alternative or complement
to traditional algorithms in modern analytical systems.

The motivation of this review was to check where fuzzy neural networks are used, and
which of them could be easy to use according to their configuration and implementation-
code accessibility.

The structure of the paper is as follows:

Section 2 presents the fuzzy neural network description with the review criteria and
summary of the reviewed papers.

Section 3 provides more information on selected networks: FALCON, ANFIS, and
fuzzy neural networks with Ordered Fuzzy Numbers.

Section 4 provides the methodology.

Section 5 provides the results achieved during a test.

Section 6 includes the discussion.

Finally, Section 7 presents the conclusions.

2. Fuzzy Neural Network Description
2.1. The Aim and Critieria of Review

The application of fuzzy logic is convenient wherever it is difficult to create a mathe-
matical model, but it is possible to describe a situation using fuzzy rules, qualitatively. For
instance, one can imagine the fuzzy controller rule that imprecisely describes the event,
e.g., if it is falling over, push it. For Fuzzy Logic, many industry applications have been
found, mainly concerning process control. For medical applications, imprecise language can
be translated into fuzzy rules. One of the applications is the use of the architecture of fuzzy
neural networks. The topic of fuzzy neural networks is widely covered in publications.

The aim of this review is to:

e  Analyze information about the purpose of using fuzzy neural networks;

e Examine which types of networks are used for specific purposes;

e Investigate whether fuzzy neural networks can be used similarly to traditional
deep neural networks provided by popular frameworks such as PyTorch (version
2.6.0+cul24 ) and TensorFlow (version 2.18.0);

e Examine the implementation code presented to the fuzzy network with a widely
used dataset.

The criteria for selecting the papers were:

e  Year of publication—primarily a six-year span—from 2020 to 2025;
e  Use of fuzzy neural networks in practical applications—either well-known problems
or the author’s own proposed solutions.

A search process was conducted using the phrase ‘fuzzy network,” and then the
abstracts were checked to determine if the papers presented any practical implementations.

These practical applications were particularly important because data science spe-
cialists typically use well-established frameworks to build neural networks that solve
real-world problems. The year of publication was also a key factor, as data science has seen
rapid progress in recent years, making it essential to consider current trends.

2.2. Papers Review on Defined Criteria

Some propose the use of the McCuloch-Pitts neuron when extended to a fuzzy model
with activation calculation in the fuzzy logic domain [1]. Some authors propose the use of
fuzzy number representation in the triangular form [2]. Such network solutions allow both
fuzzy and real vectors as input. However, in both cases, the network outputs are fuzzy out-
puts. The relation between the inputs and outputs is defined as a Zadeh extension. Many
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publications use fuzzy signals and weights [3]. Paul Vitor presented a new logic of the fuzzy
neuron in his publication [4]. In the applied structure, the neuron can perform fuzzy calcu-
lations involving logical AND and OR operations, which, according to the author of the
publication, allow better interpretation and understanding of the problem. The proposed
three-layer model uses a fuzzy approach with weight assignment allowing knowledge
extraction in an iterative manner. One of the broad applications of fuzzy networks is the
construction of fuzzy controllers, which, in principle, are supposed to perform better than
traditional solutions [2,5]. Fuzzy logic algorithms are also used, for example, for labeling
large sets of images [6]. One can also find proposals for unsupervised multilayer neural
network solutions for image clustering using fuzzy system and convolutional networks [7].
Fuzzy networks have also already been used to recognize medical images. These images
often have blurred object boundaries; in such a case, traditional methods have difficulties
in recognizing the objects. Fuzzy logic comes in here as assistance, where due to a fuzzy
processing block, the image is converted by assigning individual pixels the value of a fuzzy
set membership function. After image processing in the convolutional layer of the neural
network [8], the fuzzy rules are used. A combination of fuzzy logic and neural networks has
also been used to predict bankruptcy [9]. Some authors propose the use of adaptive neural
networks to solve the state estimation problem using the fuzzy Takagi-Sugeno model and
the control of nonlinear systems through an adaptive neural network in which the system
parameters comply with Markov switching rules [10]. One of the advantages of using fuzzy
logic in neural networks is that it accelerates the learning process of the network [11]. Fuzzy
neural networks have also been used to synchronize the feedback controller [12,13], where
the authors proposed several innovative criteria. Fuzzy logic has also been used for the
signal filtering process, using an adaptive fuzzy, progressive Gaussian filter supported by
neural networks in navigation and positioning systems [14]. Deep fuzzy neural networks
have also been used to control the integrity of the reactor core, reactor cooling system,
or containment [15]. The application of fuzzy logic in reinforcement learning allowed a
gain in accuracy 43.6% higher in comparison with the accuracy achieved by some classic
models described in the literature [16]. An increase in the network accuracy following
the implementation of fuzzy logic has also been reported in self-organizing networks [17].
One can also find proposals of fuzzy recurrence neural networks, e.g., consisting of two
fuzzy neural networks with Takagi-Sugeno—Kang rules. One is used to generate a fuzzy
result and the other to determine the state of the system while maintaining the coupling
between these networks [18]. Proposing new fuzzy networks generates the problem of
developing learning algorithms, often hybrid algorithms developed from existing ones [19].
Learning algorithms have already been proposed that are not sensitive to the initial values
of the weights and do not require high computing power, which is very important for the
application of solutions in, for example, the Internet of Things [20]. In fuzzy networks, it is
necessary to develop activation functions (e.g., sigmoidal) [21,22].

There are solutions in which authors have combined convolutional networks with
a fuzzy extraction mechanism using fuzzy analysis, naming the combination a fuzzy
convolutional network [9].

Fuzzy networks have been applied within an embedding model for recommendation
systems [11]. This approach combines a hierarchical fusion of neural fuzzy and deep
network-based embedding architectures. As a result, it enables effective learning of user
and item representations while minimizing feature ambiguity and noise.

Another approach involves a logical fuzzy neuron based on the concept of null-
uninorm [4], known as a null-unineuron, which forms the core of an evolving neuro-fuzzy
model. This method allows the neuron to derive complex fuzzy rules that incorporate AND
and OR connections of antecedents, improving the interpretability and understanding of
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the problem being analyzed. However, implementing this solution requires specialized
knowledge in fuzzy logic.

Fuzzy neural networks have also been utilized multiple times in image processing.

In [8], the authors introduced a novel fuzzy metric for quantifying pixel uncertainty.
They developed a method where the membership function is used to represent an input
image in such a way that the uncertainty of pixels is described by fuzzy rules. The fuzzy
layers are then integrated with the convolution results in the neural network.

In [23], the authors proposed a solution using a fuzzy neural network in a vehicle
braking system that employs an electromechanical actuator.

In [24], the authors employed the Takagi-Sugeno-Kang wavelet fuzzy neural net-
work to develop a comprehensive framework dedicated to modeling nonlinear sys-
tems by learning from data. Additionally, they utilized Lyapunov stability theory for
system optimization.

A semi-supervised soft computing approach was proposed in [25] to improve NH3-N
prediction accuracy. The authors utilized a fuzzy neural network with a self-constructed
architecture and proposed an appropriate learning algorithm, incorporating IF-THEN rules
as part of the model.

In [26], the authors present the results of a comparison between two solutions: a
well-known neural network and a fuzzy network. The conducted tests demonstrate that
incorporating a fuzzy layer into the neural network can lead to higher accuracy.

In [27] authors used an ANFIS network for the analysis of thermo-acoustic systems.
The authors highlighted the advantages of ANFIS:

e  ANFISis highly effective at modeling complex, nonlinear relationships between inputs
and outputs, making it suitable for systems with intricate patterns. It also adapts well
to changing environments by dynamically updating its parameters during training to
improve performance.

They also noted the disadvantages of ANFIS:

e  The effectiveness of ANFIS depends heavily on the quality and amount of training
data; insufficient or biased data can result in inaccurate models. Additionally, training
ANFIS can be computationally intensive, especially with large datasets or complex
rule sets, which leads to longer training times and higher resource consumption.

In [28], the ANFIS network was used to develop a solution for electricity load forecast-
ing. In [29] such a network was used for data analysis to examine and compare the links
between the labor market, demographic factors, and economic performance of developed
and less developed European countries. In [30] the same solution was used for clustering
American countries affected by the COVID-19 pandemic.

In [31], the authors presented a novel version of Support Vector Machines that incor-
porates an auto-encoder deep neural network consisting of three layers: input, hidden, and
output. The encoder functions within the fuzzy domain and employs fuzzy weights, which
enhance its robustness against outliers.

In [32], a new method was introduced to improve pooling operations in convolutional
neural networks by using type-2 fuzzy-based pooling. This technique applies type-2
fuzzy membership functions to better handle local uncertainties in feature maps. The
approach delivers better performance for the proposed solutions compared to traditional
convolutional neural networks.

In [33], the authors developed a thermal control strategy to stabilize hydrogen produc-
tion by improving temperature control precision during the electrolysis process. This was
achieved by adding a fuzzy controller as an additional layer to a Long Short-Term Memory
(LSTM) network.
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In [34], an ARIMA (autoregressive integrated moving average) model combined
with a neural network for membership function utilization was proposed for predicting
business cycles.

In [35], the authors proposed a fuzzy BAM neural network that was a discrete-time,
fractional-order, complex-valued system. Achieving quasi-projective synchronization of
the proposed system required developing a quantitative control strategy.

In [36], the authors developed a fuzzy neural network for breast cancer prediction.
This fuzzy network achieved accuracy, sensitivity, and specificity all above 99%. However,
it required the definition of fuzzy rules and membership functions. The testing was
conducted in a Matlab environment.

In [37], the authors introduced a fuzzy neural network for controlling the position
of an unmanned aerial vehicle. Flight data captured from a real vehicle was used during
testing. For the position control loop, an adaptive tuning method based on a fuzzy neural
network-compensated proportional-integral-derivative (PID) controller was employed,
allowing online adjustments. This approach leveraged the strengths of both fuzzy systems
and neural networks while reducing the computational complexity typically associated
with cascade neural network control.

In [38], a fuzzy neural network PID controller was used to reduce the vibration levels
of helicopters, achieving up to a 60% reduction in vibration.

In [39], the authors proposed a fuzzy neural network PID control strategy opti-
mized by Particle Swarm Optimization (PSO) for managing pH levels in water and
fertilizer integration systems. Their approach combined a fuzzy preprocessing con-
troller with a neural network PID controller. The experiments were carried out using
MATLAB/SIMULINK software.

In [40], a fuzzy neural network PID controller was utilized as an automatic speed
regulator for a motor system. A fuzzy single-neuron neural network was applied for
this purpose and the proposed fuzzy controller achieved better results compared to
traditional methods.

Such fuzzy neural network PID solutions have also been used for active suspension
control in vehicles [41].

In [42], the authors proposed a solution for a servo drive system. They used a recurrent
fuzzy neural network combined with backstepping control. This approach enabled the
motor to adapt to nonlinear changes in behavior during operation.

In [43], a fuzzy neural network was utilized to assess the signal quality indices of
photoplethysmography pulses obtained via impedance cardiography.

In [44], a fuzzy neural network was applied to predict k-barriers for intrusion detection
in wireless sensor networks. This network effectively addressed data stream regression
problems while maintaining a high level of interpretability.

In [45], a fuzzy neural network was applied in a mobile robot as a control mechanism
for trajectory tracking. This network utilized a self-organizing algorithm that included rule
growth. A similar problem was addressed in [46], where a fuzzy neural network was used
for the same purpose. This solution incorporated Kalman filters.

In [47], a fuzzy neural network was used as a motion compensator for gantry robots to
correct synchronous errors between dual servo motors, improving precision in movement.

In [48], a fuzzy neural network was utilized for rotor fault diagnosis, achieving an
average recognition accuracy exceeding 99%, outperforming other solutions. However, the
definition of membership functions was necessary.

In [49], a type-2 fuzzy neural network was used for nonlinear system control. The
operation of the network required the definition of fuzzy rules.
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In [50], such a network, combined with a swarm optimization algorithm, was used for
control systems and data prediction.

In [51], the authors developed a Taguchi-based multiscale convolutional compensatory
fuzzy neural network model for automatic sleep stage detection and classification. In this
solution, the data comes from electroencephalogram signals. The proposed approach used
a fuzzy neural network for data classification and achieved a better learning convergence
rate with a lower number of model parameters.

In [52], a type-2 fuzzy neural network with a Gaussian regression model was used for
high-resolution image classification.

In [53], a fuzzy neural network was utilized for traffic flow prediction, which also
required defining fuzzy rules and membership functions.

In [54], a fuzzy neural network was applied for photovoltaic failure analysis. The
type-2 fuzzy neural network achieved results comparable to those of conventional artificial
neural networks.

In [55], the authors used a fuzzy neural network to predict heart problems based
on sound data. This paper proposed a new method for data fuzzification, and the fuzzy
network was self-organizing.

In [56], the authors introduced a fuzzy neural network for multi-feedback feature
selection. The entire solution was applied in power filter systems, enhancing signal filtering
capabilities. By integrating carefully designed feedback loops and hidden layers, this
approach improves signal evaluation, filtering, and feedback performance.

In [57], a vector convolutional neural network was used for fault diagnosis. This
solution analyzed the condition of a machine tool and diagnosed faults from signals.
Feature extraction utilized convolutional and pooling layers, while classification was
conducted using a fuzzy neural network.

In [58], the authors utilized a Takagi-Sugeno (T-S) fuzzy neural network for applica-
tions in rural logistics. The network consisted of four layers: an input layer, a fuzzification
layer, a fuzzy rule computation layer, and an output layer.

In [59], the authors developed a probabilistic type-2 fuzzy neural network that is a
self-evolving, non-singleton solution. This solution was used for system synchronization
and control.

In [60], a type-2 fuzzy network was used to control an active power filter.

In [61], the authors proposed a wavelet energy fuzzy neural network-based technique
for fault protection in microgrids operating in grid-connected mode. This solution required
defining fuzzy rules and membership functions.

In [62], a fuzzy neural network was utilized for the safe charging of electric vehicles.

In [63], the authors used a T-S fuzzy neural network to evaluate water quality. The T-S
fuzzy theoretical system is defined using “if-then” rules and typically includes four layers:
input layer, fuzzification layer, fuzzy rule calculation layer, and output layer.

In [64], the authors proposed a recurrent wavelet fuzzy neural network to enhance
the performance of a shunt active power filter for harmonic compensation. This filter
mitigates reactive power and harmonic current in a power grid. The proposed solution
employed a well-known fuzzy network structure with five layers: Layer 1 (input layer),
Layer 2 (membership layer), Layer 3 (wavelet layer), Layer 4 (rule layer), and Layer 5
(output layer).

In [65], the authors proposed a hybrid approach that integrates deep learning architec-
tures for feature extraction. They used a machine learning classifier combined with a fuzzy
min-max neural network. This enabled them to develop a solution for Pap-smear image
classification, which is used for cancer detection. The proposed fuzzy classifier consists
of three layers: the first for input feature vectors, the second for fuzzy hyperbox sets, and
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the last for classification nodes. It uses fuzzy membership functions to evaluate how input
patterns correspond to different hyperboxes, enabling class label assignment based on
membership values.

In [66], the authors proposed the adaptive optimization of fuzzy membership functions
and fuzzy rules for controllers used in hybrid electric vehicles.

In [67], a self-organizing interval type-2 fuzzy neural network was employed to
a motion control system. The use of a fuzzy network allowed for the suppression of
disturbances in the data, including those caused by base vibrations.

In [68], the authors developed a deep neural network incorporating fuzzy wavelets to
forecast energy consumption patterns in urban buildings.

In [69], gated recurrent fuzzy neural networks were employed in micro gyroscopes
characterized by high data uncertainties. The proposed solution enabled the elimination of
disturbances and provided data without delays.

In [70], a fuzzy neural network was also used in gyroscopes. However, in this solution,
a network architecture with feedback connections was employed. This approach addressed
scenarios where lumped parameter uncertainties were unmeasurable, and system parame-
ters were unknown.

In [71], the authors introduced a hesitant fuzzy graph neural network model. This
model was used for text classification tasks because it enabled the analysis of relationships
between samples.

In [72], a fuzzy neural network architecture was utilized to design a reliable voltage
controller for buck DC/DC converters. This model approximated unknown nonlinear
dynamics caused by variations in input voltage and load conditions. The network weights
were updated in real time using an adaptive law, enhancing system robustness and its
ability to handle uncertainties.

In [73] a neuro-fuzzy model was adjusted using the Artificial Bee Colony algorithm
for predicting results of consulting services in construction.

2.3. Papers Summary

The aims of using fuzzy neural networks are summarized in Table 1. As observed,
fuzzy neural networks are primarily utilized for image recognition, data prediction, and
control systems. Table 2 presents the correlations between the types of networks used and
their respective aims. It is evident that the self-organizing networks are the more flexible so-
lutions. However, these solutions require the definition of rules and membership functions.

Table 1. The aim of using fuzzy neural network.

The Aim of Using Fuzzy Neural Network Papers
Image recognition and clustering [8,9,31,32,36,52,57,65,71]
Data prediction in economy /business [29,34,73]

Data prediction [24,44,48,51,53,54,58,61,63,68,74,75]

Control systems [10,12,13,15,18,23,33,35,37-41,49,50,56,59,60,62,64,66,67,72]

Navigation and positioning [14]

Recommendation [4,11,25,30]

Signals analysis [17,27,42,43,55]

Data forecasting [28]

Trajectory control [45-47,69,70]

Reinforcement learning [16]
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Table 2. Type of fuzzy neural network used.

Algorithms/Network

Numbers of Papers Aims

ANFIS

—Signals/data analysis

[27,29,30,64] —control systems

Type-2 network

—Image recognition and clustering

[32,36,49,50,52,54,59,60,67] _Control systems

Ordered Fuzzy Numbers in

D -
Deep Neural Network [74,75] ata prediction
Recurrent neural network [18] —Control systems

—Recommendation

Self organizing [17,25,45,55,66,67,72] —Trajectory control

—Signals analysis

Null uninorm [4] —recommendation
Takagi-Sugeno-Kang [24] —data prediction
BAM network [35] —Control systems
T-S fuzzy neural network [58,63] —Data prediction
Min-max classifier [65] —Image recognition and clustering
Fuzzy graph neural network [71] —Image recognition and clustering

Own solution

[9,31,33,34,37-44,46-48,53,56,57,61,62,68,73]

—Image recognition and clustering

—Control systems

—Data prediction in
economy/business

—Signals analysis

—Trajectory control

As can be noticed, the fuzzy network solutions are widely used for systems control,

data prediction, and image recognition/clustering. The author is still working on their
own solutions.

FALCON and ANFIS networks are widely known. One fuzzy network solution is the

application of Ordered Fuzzy Numbers to represent the weights of neurons.

This review aims to compare fuzzy network solutions:

(a) Widely described in the literature in terms of potential usage;
(b) With available code implemented in the network or its description.

The comparison of fuzzy networks in this publication aims to:

(a) Demonstrate the feasibility of using these networks in terms of their simplicity
compared to available neural network solutions in well-known frameworks;

(b) Evaluate the results obtained by these networks using a well-known dataset in
comparison to established solutions.

The next chapter presents selected fuzzy networks.
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3. The Selected Fuzzy Networks
3.1. Fuzzy Network FALCON

Lin and Lee proposed the FALCON fuzzy network [76]. In this network architecture,
two sets of parameters are important: the assignment function and the rule parameters (or
weights). Learning the network involves modifying just these two sets of parameters. In the
learning process, the rule parameters (or weights) are modified first, while the parameters
of the membership function remain constant. Then the parameters of just the assignment
function are updated with a gradient of decline, while the rule parameters remain at the
values set in the earlier step. Unfortunately, this two-step learning process may not give
satisfactory results for a specific group of problems, because the learning algorithm assumes
that the two mentioned parameter sets are almost independent. However, it turns out
that usually, the two sets are strongly dependent on each other [76-78]. The network
architecture is shown in Figure 1. The input layer accepts input data that is processed by
the system,; it is responsible for data fuzzing. The task of the second layer is to calculate the
IF degree of the fuzzy inference, while in layer four, the THEN part is processed. The third
layer corresponds to the inference rules. Layer five is responsible for sharpening the result.

Layer1 Layer2 Layer3 Layer4 Layer5

Figure 1. FALCON network architecture.

In this network architecture, the rules are represented through the matrix of com-
binations of the relevant weights, which are called rule parameters and denoted by Q:
the assignment function defined by Gaussian distribution and its parameters (standard
deviation and average value) and appropriate to the defined function of the values of
the inputs and outputs stored in the matrix P. The task of the network is to calculate the
mapping F of the input vector X into the output vector Y, using P and Q:

Y=F(X,P,Q). (1)

Suppose u;() represents the input of i to layer j, and 0;() represents the output of i from
layer j, then layer one transmits the inputs to the appropriate place in the network in order
to obtain a single entry point. Thus

uf?) = ofV )

In the second layer, the assignment function is calculated for each input using the
parameters for the type of assignment function. When using a Gaussian function, the
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level of assignment is determined by the following parameters: the mean value m; and the
variance ¢;2

@ _
01(2) — o~ (" —m;) /20? ()

It is not necessary to choose a distribution in the form of a Gaussian function, as other
functions can also be used; however, it is necessary to use a finite number of parameters.

Taking O; and W; as the output vector and weighting connection matrix w for layer i,
respectively, the output value can be calculated as follows:

O; =WI0O;_; dla 1<i<5, (4)
wherein
Op =X (5)
Further, assuming;:
3
05 = (0} )) (6)

a single output from layer three can be determined by:

o = ¥ (p, x) (7)

1 1

where f l.(3> is a nonlinear function defining the fuzzing of the input space. According to the
adopted assumptions, W, is responsible for the rule parameters defined by the matrix Q;
then, we get:

Oy = W03 = Q"03 8)

Based on the specified formulas, the outputs can be calculated as follows:

wih).o0 wi).QTo
R éz; 3044 - ézi ;,QTOZ

where

Ws); = (X, ), (Mo (10)

where ) ; and M are defined matrices on P including standard deviations and average
assignments (WJ). and (7 ), represents the column and matrix W and Y7 .

In the learning process, the parameters of the matrix Q are optimized. The optimization
is typically performed using gradient descent or another numerical method. No prepared
FALCON network code was found in online resources.

3.2. ANFIS Fuzzy Network

ANFIS [79] Adaptive Neuro-Fuzzy Interface System is a fuzzy neural inference system.
It uses the following assumptions in its operation:

e the vector x, is mapped to the scalar y;, according to the following formula:

xp €RN w5y, e R (11)
where p = 1,..., P; P—number of benchmarks;

o  The entrance space is divided into K subspaces;

e  Sugeno’s fuzzy inference rule is used;

e  To calculate the weights, the product rule is used;

o A weighted average of the individual rules is used to calculate the output value;
e A hybrid method is used for learning.
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The input space is partitioned to determine the individual zones for which fuzzy
inference rules are defined.
The Sugeno inference model mentioned above works according to the following rule:

if (x1is Ay AND xpis Ap AND...AND xy is AN), theny = f(x1,x2,...,xn). (12)
Which, in vector notation, can be written as follows
if (xis A), theny = f(x) (13)

where f(x) = f(x1,%2,...,xN) is a non-fuzzy function. It means that the input variable x
must satisfy specific conditions defined by the fuzzy set A and once these conditions are
met, the output is calculated using function f, linking the inputs to the output through a
deterministic relationship.

In the classical approach, the most common form of the function f(x) is a first-
order polynomial:

Yk = f(x) = a + ZlNzl b¥x; (14)

in which the coefficients a, b¥ are numerical weights that are selected during the learn-
ing process.
In this case, the assumption is made that the function f(x) is a zero-order polynomial:

v = f(x) = a (15)

The wy weights are calculated based on the product rule, which corresponds to the
division of the input space:

W = Hl M ak (x) (16)

According to assumptions, the output of the system is determined by a weighted
average formula of the individual rules. After assigning the appropriate weighting wy. for
each rule, an output signal is then obtained according to the following formula:

K
_ L1 Wbk

17
K (17)

Yy

Parameters for ANFIS are calculated using a hybrid learning approach. It operates in

such a way that the parameters of the conclusion are calculated ‘forward” using the least

squares method, while the parameters of the premise (assignment function) are calculated

‘backward’ using the backward error propagation method. Figure 2 shows a scheme of
ANFIS for an equal division of the two-dimensional entrance space.

Layerl Layer2 Layer3 Layer4

X OOX

&)

Figure 2. The scheme of fuzzy ANFIS with rectangular division of the two-dimensional input
space [79].
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Several implementations of ANFIS networks can be found online, including a solution
with ready-to-use code for recognizing the Iris dataset. ANFIS network code is available
in both R and Python (version 3.11.13). On GitHub, there is a solution [80] that imple-
ments Iris dataset recognition. The use of ANFIS networks differs from deep networks
in only one aspect of the code: the definition of membership functions. In the code, this
appears as follows: make_gauss_mfs(1, [-5, 0.08, 1.67]), setting a Gaussian-type function
with parameters that may vary depending on the analyzed example. This requires some
expert knowledge from the network researcher. Figure 3 presents an example distribu-
tion of membership functions observed during the conducted studies. The plot shows
the membership functions for an input variable in an Adaptive Neuro-Fuzzy Inference
System (ANFIS) applied to classify flowers based on the Iris dataset. The horizontal axis
represents the values of the input variable (e.g., sepal length, sepal width, petal length, or
petal width), while the vertical axis represents the membership levels, indicating the degree
of activation of fuzzy rules for a given input value. The membership functions (mf0, mf1,
mf2) correspond to Gaussian-shaped distributions, each representing a different class of
flowers in the Iris dataset: Setosa, Versicolor, and Virginica. The Gaussian shapes provide
smooth transitions between the classes, a characteristic feature of fuzzy logic systems. For
smaller input values, mfO0 dominates, while mfl and mf2 take over as the input values
increase. This structure reflects how the network maps the input features to specific classes.
The overlap between the membership functions in the middle range (e.g., around 5.5)
illustrates the fuzzy nature of the classification, where more than one rule can be activated
simultaneously. The final classification result is determined by a weighted combination
of these activated rules. The parameters of the Gaussian functions (mean and standard
deviation) are adjusted during the training process to optimize the system’s performance
and improve classification accuracy. In the presented example of the Iris dataset, these
membership functions demonstrate ANFIS’s ability to distinguish between different classes
of flowers based on the input features. The smooth transitions between the functions
allow the model to handle uncertainties and borderline cases effectively, ensuring accurate
classification of the samples into the correct flower classes.

1.0
— mfo

mfl
0.8 1 — mf2

o
o
L

Membership

0.2

0.0 1

44'5 54'0 54'5 efo 6r5 7.'0
Values for variable x0 (3 MFs)

Figure 3. Membership function during tests.

3.3. Fuzzy Network with the Application of Ordered Fuzzy Numbers

The first implementation of a fuzzy network with the application of fuzzy neural
networks worked by using fuzzy data as input and returned a result in the form of a fuzzy
number [74]. This implementation is fraught with the problem of entering data only as
singletons. As all calculations took place in the fuzzy number domain, according to directed
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fuzzy number arithmetic, a very high speed and quality of network performance was
achieved; however, according to OFN arithmetic, no merging of fuzzy number components
took place. Therefore, in the study carried out using a known dataset representing Iris
flower types [81], the dataset had to be limited to two classes. Only then was it possible to
compare the network with the deep network. For the test, the collection was limited to two
classes: Setosa and Veriscolour. The disadvantage of this network is that the network cannot
be freely scaled, and the application is limited to only two-element data classification. The
network code was not presented in publication [74]; it is the property of the project funder.
However, it was prepared in R, and as mentioned, scaling the solution is problematic, but
the gradient back propagation algorithm was used in the learning process.

3.4. Scaled Deep Fuzzy Network with the Application of Ordered Fuzzy Numbes

To construct a deep fuzzy neural network, a modification of the McCulloch-Pitts
neuron model has been proposed. However, instead of using traditional numerical values,
the inputs, weights, and outputs are represented using Ordered Fuzzy Number (OFN)
notation [75]. These neurons are then assembled into a network composed of deep, fully
connected layers. The OFN notation allows for expressing uncertainty and imprecision in
numerical data. Arithmetic operations with OFNs are carried out through two main steps:

Step 1: The process begins by multiplying each input value X by its associated weight
W, followed by summing all the resulting products to calculate a final value S.

S=Wo+Y | XiW (18)
Step 2: Then the output Y using OFN arithmetic is calculated:

Y = £(S). (19)

The elements within sets S, W, X, and Y are expressed as values using OFN notation.
Equations (18) and (19) correspond to those in the McCulloch-Pitts neuron model, but here
the variables are represented with OFN notation. Initially, the inputs are multiplied by
their respective weights, followed by the calculation of an activation function.

This approach requires implementing multiple layers:

o  The first layer performs fuzzification to convert the input data into OFN notation,

e  The final layer carries out defuzzification to process the network’s output data,

e Intermediate (deep) layers adapt the network’s learning and training algorithms to
effectively work with OFN arithmetic within the network.

The operational structure of the proposed deep network is shown in Figure 4.

-
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Figure 4. Proposed scaled fuzzy neural network with Ordered Fuzzy Numbers.
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A network based on these principles, incorporating a fuzzy learning algorithm, was cre-
ated and tested. The implementation was performed using the Python programming language.

This approach enables flexible scaling of the network and does not limit the format of
input or output data, allowing the network to be tested on the complete Iris dataset. The
example code for defining the network does not differ from the definition of deep networks
in frameworks familiar to researchers:

networkCSVs = OFNNeuralNetwork()

networkCSVs.add_layer(Dense(4,2))

networkCSVs.add_layer(Tanh())

networkCSVs.add_layer(Dense(2,1))

networkCSVs.add_layer(Tanh())

The definition of the network requires specifying the layers along with the number of
neurons, while the prepared network training function takes parameters in the form of the
number of epochs and learning_rate.

4. Methodology

In the study, it was decided to verify the following fuzzy networks for which the
author had access to their code:

e  ANFIS network according to the implementation available on github [36];
e  FNN—Fuzzy network with application Ordered Fuzzy Numbers [33];
e  SFNN-—scalable deep fuzzy neural network using OFN notation [35].

To compare solutions, the Iris set was also classified using the following algorithms:

e  KNeighborsClassifier;
e  Decision Tree Classifier;
e Random Forest Classifier.

The Iris dataset is a well-known and widely used collection in machine learning and
pattern recognition. It consists of 150 instances (samples) of iris flowers, evenly divided
among three species: Iris setosa, Iris versicolor, and Iris virginica, each with 50 samples.
Each sample in the dataset includes four numerical features (measured in centimeters): the
length and width of the sepal and petal.

The dataset is commonly used for:

e  C(lassification algorithms (e.g., Decision Trees, SVM, Neural Networks).
e  Supervised learning experiments,
e  Feature selection and dimensionality reduction.

Prior to training, the data were scaled individually for each feature to the range [0, 1]
using min-max scaling. The dataset was then split into a training set (80%) and a test set
(20%), maintaining proportional class distribution through stratified sampling.

The learning of the network and algorithms was then performed. Finally, the entire
dataset was tested. For the fuzzification process, the data were transformed into singleton
representations of Ordered Fuzzy Number.

5. Results
The study achieved the following results (presented in Table 3):

e  The ANFIS network—As a result of learning for 240 epochs, this network was able
to recognize 125 out of 150 samples correctly, giving 83.33% correct solutions for full
dataset and 100% when dataset the was limited to two classes: Setosa and Veriscolour;

e  Fuzzy network with the application of Ordered Fuzzy Numbers (FNN) [74]—For
this network, it was necessary to limit the set to two classes: Setosa, Veriscolour. The
network had an input layer of four neurons, a deep layer of one neuron, and an output
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layer of two neurons. After 550 learning epochs it was able to recognize 99.97% of
the flowers;

e  Scalable deep fuzzy neural network using OFN (SFNN) [75]—The network had an
input layer of four neurons, a deep layer of two neurons, and an output layer of one
neuron, and after 5000 learning epochs, with learning rate 0.002, the network was able
to recognize 83.33% of the flowers for the full dataset and 100% when the dataset was
limited to two classes: Setosa and Veriscolour,

e  KNeighborsClassifier (KNN) was implemented in TensorFlow library for the follow-
ing parameters: n_neighbors = 100, weights = “distance’. The network was able to
recognize 93.33% of flowers for full dataset and 100% when the dataset was limited to
two classes: Setosa and Veriscolour,

e  Decision Tree Classifier (DTC) was implemented in TensorFlow library for the follow-
ing parameters: criterion = ‘entropy’, max_depth = 30, min_samples_split = 2. The
network was able to recognize 96.67% of flowers correctly for the full dataset and 100%
when the dataset was limited to two classes: Setosa and Veriscolour,

e Random Forest Classifier (RFC) was implemented in the TensorFlow library. The
network was able to recognize 96.67% of the flowers correctly for the full dataset and
100% when the dataset was limited to two classes: Setosa and Veriscolour.

Table 3. Test results for Iris dataset classification.

AlgorithmsiNetwork 18 N et ] Irs Dataset ]
ANFIS 100 83.33
FNN 99.97 not possible
SFNN 100 95.34
KNN 100 93.33
DTC 100 96.67
REC 100 96.67

Table 4 presents a comparison of the networks based on the number of neurons and
epochs used during training. It is evident that networks utilizing OFNs are smaller and
require less computing power during operation. However, their learning process requires
more epochs.

Table 4. Neuron and epoch numbers for the used networks.

Algorithms/Network Number of Neurons Number of Epochs
ANFIS 258 240
FNN 7 550
SFNN 7 5000

Table 5 presents the results of the ANFIS network and SFNN for the full Iris dataset
recognition. Figures 5 and 6 present the ROC curve for this network. The confusion matrix
summarizes the performance of a classification model by showing the number of correct and
incorrect predictions for each class. It includes values like true positives (correctly predicted
positive samples), true negatives (correctly predicted negative samples), false positives
(negative samples incorrectly classified as positive), and false negatives (positive samples
incorrectly classified as negative). From this, various performance metrics can be derived.
Accuracy measures the overall correctness of the model by calculating the proportion of
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correctly classified samples out of all predictions. Precision focuses on the quality of positive
predictions, indicating the proportion of correctly identified positive samples among all
samples predicted as positive. Recall, also known as sensitivity, measures how well the
model identifies actual positive samples, representing the proportion of true positives out
of all actual positive cases. The Fl-score is a balanced measure that combines precision
and recall into a single metric, offering a harmonic mean that is particularly useful for
imbalanced datasets, where the distribution of classes is unequal.

Table 5. ANFIS and SFNN results of full Iris dataset recognition.

Parameter/Network ANFIS SFNN
[5000] [50 0 0]
Confusion matrix [03812] [043 7]
[01337] [0 0 50]
Accuracy 0.83 95.34
Setosa:1.00 Setosa:1.00
Precision Versicolor:0.75 Versicolor:1.00
Virginica:0.76 Virginica:0.88
Setosa:1.00 Setosa:1.00
Recall Versicolor:0.76 Versicolor:0.86
Virginica:0.74 Virginica:1.00
Setosa:1.00 Setosa:1.00
Fl-score Versicolor:0.75 Versicolor:0.92
Virginica:0.75 Virginica:0.93

True Positive Rate
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Figure 5. ROC curve for ANFIS network during the test.
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Figure 6. ROC curve for SENN network during the test.

6. Discussion

The author of the publication has reviewed fuzzy network solutions, considering those
solutions whose code is obtainable. In addition, the solutions were compared with publicly
available algorithms. The biggest challenge is to get the ANFIS network up and running
correctly, and selecting its parameters—the membership function. This process is not an
easy one compared to the use of deep networks, and the selection of parameters requires
expert knowledge. It is worth noting that in the first network using OFNs, it was not
possible to recognize the entire Iris set. Only the implementation of a fully scaled network,
with the sharpening of the result, allowed, according to OFN arithmetic, the use of any
input dataset. An interesting result is that for both the ANFIS network and the scaled fuzzy
deep network with OFN, the level of correctly recognized flowers was 83.33%. The author
of the publication did not carry out any additional optimization. The ANFIS network
algorithm was the same as the one that can be downloaded from the github portal. Further
optimization of the network parameters is possible. However, comparing the solution with
the KNN, Decision Tree Classifier, and Random Foert Classifier algorithms, it seems that
this work is pointless. These algorithms achieved significantly better results without any
special parametrization.

Table 6 presents information on the ease-of-use of fuzzy neural networks. Unfortu-
nately, using the ANFIS network without knowledge of fuzzy logic concepts appears to
be difficult. It requires defining membership functions, which complicates its application.
The FNN network cannot be used for classifying datasets with more than two elements,
making it impractical for real-world applications. In contrast, the SFNN network does not
require expert knowledge of fuzzy logic, and its definition and training process do not
differ significantly from those of deep networks.

Table 6. Fuzzy neural network usability.

Network Usability

ANFIS Hard to use Require expert knowledge on fuzzy logic
FNN Hard to use Hard to scale this solution, only two-class data
SFNN Easy touse  Easy to scale, no requirement for fuzzy logic knowledge

Description
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7. Conclusions

As can be noticed, the fuzzy network solutions are widely used for systems control,
data prediction, and image recognition/clustering. The author is still working on their
own solutions, as this topic is very interesting, because new methods are continuously
developed that could be used for different purposes.

The implementations of fuzzy networks are different; e.g., the ANFIS network in the
practical application requires selecting the membership function, which is a difficult task,
while another solution, the fuzzy network with Ordered Fuzzy Numbers, does not vary
from the use of deep networks. In this case there is no necessity for the selection of an
assignment function, which makes the usage much easier.

The fuzzy networks could be used in many situations and for many purposes. As can
be noticed, there should be no restriction if we choose the appropriate solutions. Some
implementation could be limited, e.g., for only two-way classification, but others not. The
other limitation is the learning process. The SENN required 5000 epochs, while ANFIS only
required 240. This means that the learning process for the ANFIS network was much faster
than SFNN in this experiment.

The fuzzy neural networks could be an interesting choice for many purposes. The
author reviewed over 80 papers from 2020 to 2025 describing real applications, and noticed
that only few solutions are presented with their whole code for future use. So, the future
directions for research should ensure that the authors should provide more information for
future implementation of proposed solutions or better open-source code as an appendix.

The future direction on fuzzy networks should be a connection between them and
other methods and algorithms. As can be noticed, some authors connect ANFIS with the
Swarm Intelligence. There are some works on SFNN optimization for GPU usage, also a
graph neural network or meta-learning should be met in the near future. The author is
aware that the presented fuzzy networks require further research, including studies on
issues related to the analysis of topics such as time series, fuzzy identification of nonlinear
dynamic systems, and controller tuning. Currently, research is being conducted on a system
for anomaly prediction in time series and a fuzzy controller for heating control. Preliminary
results are very promising.
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