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Reviewing the classification performance of recent neuro-fuzzy sys-
tems

Abstract: This thesis explores the classification performance of recent neuro-fuzzy
systems, which combine fuzzy logic with neural networks to enhance machine learning
applications. Through a meta-analysis of literature from the past decades, the study
evaluates various neuro-fuzzy architectures including the classical Adaptive Neuro-Fuzzy
Inference System (ANFIS) and their performance in different domains. Comparative
analyses with different approaches highlight neuro-fuzzy systems’ strengths in handling
imprecise and noisy data and their dependency on fuzzy set design and neural architecture.
The goal of this work is to offer practical insights for both practitioners and scholars
on the selection and management of appropriate methods for classification tasks across
various application domains such as medicine and finance. This is achieved through
a detailed analysis of diverse approaches, addressing a gap in recent comprehensive
reviews of these methods.
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Hiljutiste neuro-higusiisteemide klassifikatsioonitulemuste iilevaade

Lithikokkuvote: See 10putd6 uurib uusimate neuro-fuzzy siisteemide klassifitseerimis-
voimekust, mis ithendavad higusloogika ja nirvivorgud, et tdiustada masindppe raken-
dusi. Kiimnendi jooksul ilmunud kirjanduse meta-analiiiisi kaudu hinnatakse erinevaid
neuro-fuzzy arhitektuure, sealhulgas klassikalist Adaptive Neuro-Fuzzy Inference Syste-
mi (ANFIS), ja nende toimivust erinevates valdkondades. Vordlevad analiiiisid erinevate
lahenemisviisidega toovad esile neuro-fuzzy siisteemide tugevused ebatédpse ja miirarikka
andmete tootlemisel ning nende sdltuvuse higusate hulga kujundusest ja ndrvivérgu
arhitektuurist. Selle t66 eesmirk on pakkuda praktilisi teadmisi nii praktiseerijatele kui
ka teadlastele sobivate meetodite valiku ja haldamise kohta klassifitseerimisiilesannete
jaoks erinevates rakendusvaldkondades, nagu meditsiin ja rahandus. Seda saavutatakse
mitmekesiste 1ihenemisviiside iiksikasjaliku analiitisi kaudu, kisitledes liinka nende
meetodite hiljutistes iilevaadetes.
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1 Introduction

1.1 Problem Overview

Classification is now essential in many areas because of its importance in practical,
everyday use. It helps make accurate decisions by organizing data into clear categories.
For example, in risk assessment and prevention, classification can predict the chances of
certain events happening, allowing us to take action ahead of time [31]. Additionally, it
is crucial in quality control processes, where it helps identify defective or non-compliant
products to ensure that only high-quality goods are available in the market [34]. Classifi-
cation is also fundamental in detecting fraudulent activities by distinguishing transactions
or behaviours as legitimate or fraudulent, thus protecting individuals and organizations
from financial losses [19]. It also plays a key role in sentiment analysis, where it helps to
sort text into positive or negative sentiments. This gives us valuable insights into what
consumers think and prefer [37].

Numerical data, marked by continuous variables like age, income, or sensor readings,

are prevalent in various fields such as finance, healthcare, and marketing [24]. However,
applying classification techniques to numerical data requires careful consideration of
factors like data distribution, feature engineering, and model selection to achieve accurate
and reliable predictions[48]. Despite these challenges, the widespread adoption of
machine learning techniques faces resistance in these critical areas, where errors could
severely impact human life or financial stability.
The structure of a rule in a Fuzzy Inference System (FIS) can be cumbersome, as it
requires each rule to consider all input variables within its antecedent section. This
requirement makes fuzzy rules as long as the number of input variables, which is often
impractical. This limitation hinders the system’s operational effectiveness, interpretation,
performance, and scientific reliability [40].

In this thesis, we focus on the Fuzzy Logic system for classification using various data
types. Fuzzy logic systems handle approximate reasoning and degrees of truth, allowing
for flexible and intuitive handling of complex, real-world situations where information is
uncertain or imprecise. We aim to evaluate and compare the performance of different
neuro-fuzzy systems, examining their accuracy, computational efficiency, and robustness.
The goal is to rank their effectiveness in processing and classifying diverse data sets,
providing insights into their practical applications and potential improvements. We have
selected different data sets from various domains and assessed their accuracy.



1.2 Motivation and Main Goals

Neural networks and fuzzy inference systems combined have demonstrated potential
for solving difficult classification issues. Conventional approaches such as the Adaptive
Neuro-Fuzzy Inference System (ANFIS) have enabled the combination of fuzzy system
interpretability with neural network learning capabilities [25]. However, these methods
often have shortcomings, particularly when developing structured fuzzy rules that need
to consider each and every input variable [40]. The primary motivation behind this thesis
is to identify the most effective approach for classification tasks. Traditional methods,
like ANFIS, work great, but they lose some interpretability and scalability because every
rule has to assess every input variable.

Recent advancements in neuro-fuzzy systems have been pivotal in pushing the
boundaries of research in artificial intelligence. However, despite considerable progress,
challenges in classification performance, such as overfitting, interpretability, and compu-
tational efficiency, remain persistent obstacles. Addressing these challenges is crucial for
the deployment of neuro-fuzzy systems in critical applications like medical diagnosis,
financial prediction, and environmental monitoring.

While existing literature extensively explores individual components of neuro-fuzzy
systems, comprehensive reviews on their classification performance—particularly in
recent implementations—are sparse.

The thesis aims to achieve the following specific objectives:

1. Investigate Approaches Several results from different researches have been re-
viewed and compared against CANFIS-T and ANFIS-T which have been recently
proposed [50], [51] but not tried on classification yet.

2. Analysis of Performance Compare the performance of various methodologies in
terms of classification accuracy. Identify the strengths and weaknesses of each
approach in handling classification tasks across different domains.

To achieve these objectives, this thesis hopes to shed light on the potential benefits of
non-structured rules for the delivery of improved translation and performance. The aim
is to provide practical insights for practitioners and scholars on selecting and managing
appropriate methods for binary classification tasks in different application domains
through detailed analysis, as no such review of different approaches has been done
recently.

The content within this thesis has been enhanced through the use of OpenAI’s
ChatGPT-4 model. Specific sections were generated with the assistance of this advanced
language model, which also provided support in reviewing and refining the grammar and
syntactic structure of the entire document.



2 Background and Theoretical Framework

2.1 Fuzzy Sets
2.1.1 Definition

"Fuzzy sets[18], first introduced by L.A. Zadeh in 1965, extend the classical notion
of sets, traditionally known as crisp sets. Unlike crisp sets where the membership of
elements is binary, being either included or excluded, fuzzy sets introduce a gradient
of membership. This allows elements to possess a degree of association with the set,
quantified between 0 and 1. This attribute of fuzzy sets is particularly advantageous for
handling the ambiguity and vagueness often encountered in real-world data. Let S be a

space of points (objects), with a generic element of S denoted by s, and let A be a set,
A C S[51].

* A classical (crisp) set A is a finite collection of elements s € S. Every single
element can either belong to or not belong to A. The member elements are defined
by means of the characteristic function x4 : S — {0,1} (1 - membership; O -
nonmembership).

* A fuzzy set A is uniquely defined by the membership function p4 : S — [0, 1],
which allows a continuum of degrees of membership for the elements of a given
set; pa(s) is the degree of membership of s in A. " [52]
2.1.2 Membership Functions

"The design of membership functions (MFs) is crucial as they define how each element’s
degree of membership is calculated. Typical forms of membership functions include:

* Triangular MF, providing straightforward and computationally efficient represen-

tations
S—S
‘Zi‘i” s € (s, 8]
HA = S:Tscu s € (SC,ST) (1)

0, otherwise

* Gaussian MF, known for its smooth and symmetrical curve, it represents the
typical parametric MF used in neuro-fuzzy systems

_ exp(—(*3)?), s € [sc—d, 5.+ 7]
Ha 0, otherwise

2)

where 0 is the spread. It models the linguistic expression about s.." [52]
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Figure 1. Examples of four classes of parameterized MFs: (a) triangle (x; 20, 60, 80); (b)
trapezoid (x; 10, 20, 60, 95); (c¢) Gaussian (x; 50, 20); (d) bell (x; 20, 4, 50) (Taken from
researchhubs.com)
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2.1.3 Connectives
"Given two fuzzy sets A and B, the t-norm is represented by the function
Nn:[0,1] x [0,1] — [0, 1],

which aggregates two membership grades. The t-norm has to be regarded as a general
class of intersection operators for fuzzy sets. Types of t-norms [49]:

* Ny(z,y) = min{x, y} = 2 Ny (minimum-operator);

* Ny(z,y) = zy (algebraic product);

* N3(x,y) = max{0,z + y — 1} (bounded product);
x if y=1

* Ny(z,y) =< vy if x=1 (drastic product).
0 otherwise

The t-conorm operator is represented by the function:
U:1[0,1] x [0,1] — [0, 1]
. This operator models the logical connective or. Types of t-conorms [49]:
* U; = max{x,y} = x Uy (max-operator);
* Uy = x + y — xy (algebraic sum);
* Us = min{1, z + y} (bounded sum);

x if y=0
e Uy=< y if x=0 (drastic sum).
1 otherwise

This foundational overview of fuzzy sets prepares the ground for further discussion
on neuro-fuzzy Systems." [52]

2.2 Fuzzy Inference Systems

"Fuzzy Inference Systems (FIS), as detailed in [33], represent a pivotal application of
fuzzy logic and fuzzy set theory. These systems effectively utilize fuzzy set theory to
transform inputs into outputs, thereby facilitating accurate predictions across various
applications. FIS are particularly noted for their robust performance and exceptional
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generalization capabilities, which enable them to deliver optimal solutions across diverse
scenarios.

FIS can be divided into two primary categories: the Mamdani model and the Takagi-
Sugeno-Kang model. Each type has distinct characteristics and applications.
Mamdani Model. This model is well-known for its intuitive approach, using linguistic
rules for both the antecedents (conditions) and the consequents (conclusions). It mimics
human reasoning by applying a comprehensive set of fuzzy IF-THEN rules. These rules
are thoroughly assessed and formulated based on expert knowledge or empirical data to
establish a robust rule base. The Mamdani model is celebrated for the transparency and
clarity of its rule base, which contributes significantly to its popularity in applications
requiring interpretable models.

It is represented by:

R': Ifxyis AL and 2 is A% ... and =z, is A’ then 3 is B’

The function R where i = 1,2,...,1, represents the i-th fuzzy rule, x; (where
j =1,2,...,n)indicates the input, and 7 is the output of the fuzzy rule R*. Furthermore,
Aé and B’ (where i = 1,2, ...,1) denote the fuzzy membership functions commonly

linked with linguistic descriptors.

Takagi-Sugeno-Kang Model. Unlike the Mamdani model, the consequents in this model
are typically mathematical functions of the input variables, rather than fuzzy sets. This
model is suited for systems where precise mathematical modelling is necessary, and it
excels in applications that require more rigorous computational approaches.

In Takagi-Sugeno-Kang (TSK) systems, the rules are typically expressed in a format that
highlights their structured nature. Consider the generic rule Ry:

Rule Ry : If zq is Ak, ..., and x, is A, then y is yp = gr(x1, ..., 25),

where k =1,...,r.
The final output y of the system is computed as a weighted average of the outputs
from each rule:

> i1 WG (w1, 2y, )
22:1 wj ’
The weights w; are determined by the firing strength of each rule, which is the
aggregation of the membership values of the inputs using a t-norm N:

wj = HAj; (xl)DNAjQ (l‘g)ﬂ s DMAjn ($n),

When the functions g; are linear, the system is specifically referred to as a Tak-
agi—Sugeno (TS) system. This linear representation allows the model to efficiently
handle complex datasets with a form of linear regression tailored to each fuzzy region
defined by the rules." [52]
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2.3 Neural Networks

Neural Networks (NN) [27] or Artificial Neural Networks (ANN) are a cornerstone of
modern computational intelligence, laying the groundwork for more complex systems,
including neuro-fuzzy systems. This section discusses the fundamental structure of
neural networks, how they learn, and their practical applications, emphasizing how these
aspects serve as precursors to the integration of neural networks with fuzzy logic.

2.3.1 Fundamentals of Neural Networks

Neural networks are inspired by the biological nervous systems, specifically the hu-
man brain. They comprise interconnected nodes or "neurons," collectively processing
information using a network-like architecture.

Neuron A neuron is the building block of a neural network. It takes in information,
processes it, and then produces an output. Each neuron carries out a basic computation
on the input data. Typically, a neuron has several inputs, a bias, an activation function,
and an output. To refine the input data, there can be many hidden layers between the
input and the final output. The input y of a generic node £ is given by the linear sum of
incoming signals z; from the preceding layer, through the weights w;;, plus a bias term
by, that is

Xk = Z wikT; + by,
7
Notice that x; = f(x;), where f is the activation function.

Activation Functions These are crucial functions in neural networks that decide
whether a neuron should be activated. They help the network learn complex patterns
during training. The most common functions are :

* Linear f(y;) = cy;, that is the identity function when ¢ = 1; it can be used in the
output node.

1

* Sigmoid (logistic) f(x:) = o>

whose range is between 0 and 1.

2

 Hyperbolic Tangent f(y;) = Trem(Cox0)

— 1, whose range is between -1 and 1.

* Rectified Linear Unit (ReLU) f(y;) = max(0, x;), which has the advantage of a
lower processing time.

13
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Figure 3. An example of feedforward neural network
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2.3.2 Architecture

The architecture of an Artificial Neural Network (ANN) is determined by the number
and arrangement of neurons within its layers, defining the network’s overall structure.
Typically, the configuration of an ANN’s architecture is predefined by the user. There are
principally two types of network architectures:

¢ Feedforward Networks, which have a unidirectional flow of information, from the
input to the output layer, without any intra-layer connections. This setup ensures
that data moves through the network in a single pass from inputs to outputs, as
depicted in Figure 3;

* Feedback Networks, which, unlike feedforward networks, permit the circulation
of information where outputs from one or more layers may recur as inputs to the
same or preceding layers. This class includes recurrent neural networks, known
for their ability to process inputs in sequences by maintaining a state that reflects
previous inputs.

In feedforward networks, the total number of connections, V., between the nt" and
(n + 1)™ layers is mathematically expressed as:

Nc(n) = units(n) X units(n + 1)

where units(n) and units(n + 1) represent the number of neurons in the n'* and (n + 1)
layers, respectively. Connections between layers are characterized by a weight matrix,
W (n), associated with the links between the n'" and (n + 1) layers. This matrix is
pivotal in the network’s learning process as it adjusts to minimize error and enhance
predictive accuracy.

2.3.3 Learning Algorithms

Neural networks learn through algorithms that adjust the network’s weights and biases
based on the error of its predictions.

Backpropagation This is the most widely used algorithm for training neural net-
works. Backpropagation works by propagating the error back through the network, from
the output towards the input, thereby allowing the network to update the weights and
minimize the error in subsequent predictions.

Stochastic Gradient Descent (SGD) SGD is a variant of the gradient descent
algorithm that updates the weights of the network incrementally for each training example
rather than for the entire dataset at once. This method helps to speed up the learning
process and can lead to better convergence, especially in large datasets.

15



2.3.4 ANN and Neuro-Fuzzy Systems

The development of Neuro-Fuzzy Systems (NFS) [54] represents a significant stride in
the field of intelligent systems, leveraging both computational models to create systems
capable of complex decision-making and learning from data. This passage explores how
ANNs and Neuro-Fuzzy Systems, including Adaptive Neuro-Fuzzy Inference Systems
(ANFIS), interrelate and complement each other, particularly focusing on the learning
mechanisms and system architecture involved.

Integration of ANN and Fuzzy Inference Systems ANNSs are distinguished by
their ability to perform machine learning without the necessity for human-derived rules.
They automatically adjust their internal parameters (weights) based on the input-output
data presented during training. This is largely due to the homogeneous structure of
ANNSs, where layers of neurons adjust their synaptic weights to minimize error rates
between predicted and actual outputs. However, a significant challenge with ANNSs is
the extraction of interpretable knowledge from the network, as the learning is embedded
intrinsically in the form of weight adjustments and neuron connections.

Neuro-Fuzzy Systems and Human Expertise Contrasting with ANNs, Neuro-
Fuzzy Systems like ANFIS are designed to utilize human expertise by encoding it into a
set of fuzzy rules and membership functions within their framework. This design allows
NFS to perform fuzzy reasoning to infer outputs, providing a system that not only learns
from data but also incorporates human-like reasoning through its rule-based structure.
The challenge, however, lies in systematically transforming human expertise into an
effective rule base, a task that often lacks a formalized method and relies heavily on
the subjective insights of experts. This challenge has been addressed with Neuro-Fuzzy
Systems (NFS), which aim to bridge this gap by combining human-like reasoning with
automated learning techniques.

2.4 Neuro-Fuzzy System Overview

Introduction Neuro-fuzzy systems integrate the dynamic learning abilities of
neural networks with the soft reasoning capabilities of fuzzy logic, addressing complex
challenges characterized by uncertainty and ambiguity. This combination results in
sophisticated systems adept at interpreting vague data and managing indeterminate
conditions efficiently.

Historical Context Neuro-fuzzy systems emerged in the early 1990s from the
convergence of quantitative neural network approaches with qualitative fuzzy logic
methods. Initiated by efforts to utilize the adaptive learning of neural networks alongside

16



the interpretative power of fuzzy logic, this hybrid methodology has developed over the
decades. It now serves effectively in areas where binary logic systems falter, owing to
its enhanced ability to process varied informational structures (Jang, 1993; Lin and Lee,
1996).

Types of Neuro-Fuzzy Systems In this section, different types of Neuro-Fuzzy
systems are explained. In the paper [43], the authors divided all the Neuro-Fuzzy systems
based on the algorithm used and fuzzy method.

2.4.1 Classical neuro-fuzzy systems

Neuro- fuzzy

system
Y v L
Type-1 Type-2 Other
A General Interval
Mamdani TSK T2FNN T2FNN

Figure 4. Classical neuro-fuzzy systems [43]

24.1.1 Type-1 Neuro-Fuzzy Systems

TSK-based NFS Offers a functional output as a linear combination of input vari-
ables, making it suitable for dynamic system modelling and control. ANFIS is one of the
most popular methods in this class.

ANFIS A critical aspect in the realm of fuzzy sets lies in the selection of appropriate
intersection operators, commonly known as t-norms. These operators facilitate the
amalgamation of membership grades in diverse manners, including the utilization of
minimum, algebraic products, bounded product, and drastic product methods. [30].

The Adaptive Network-based Fuzzy Inference System or ANFIS was introduced
by Jang [25]. It is a five-layer network architecture representing the first-order fuzzy
inference system. The term "adaptive" indicates that the nodes in this network adjust
their outputs based on the parameters of the node. The common learning algorithm is
gradient descent. To minimize error, parameter tuning is specified by the learning process.

17



Backpropagation with the least-squares method is typically used to adjust membership
function parameters. The ANFIS architecture is depicted in Figure 5.

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5

/

j ii EH

’\" Z } » f

«QH—NN—PJ W,
e]:[; ) »j' Wy,

z<

Figure 5. ANFIS architecture (Taken from mathworks.com)

In general, ANFIS operates on IF-THEN rules with functional consequent parts,
adjusting antecedents and consequent parameters. The network comprises five layers
(51, 52, ...,.55). Outputs from layer S4 are summed to produce the final output z,. The
output of S1 represents the membership degree of the input to the fuzzy set. Layer S2
has fixed nodes, and each node’s output signifies the firing strength of a rule. Nodes in
S2 utilize product-type t-norms for computation (to model AND). For each layer S;:

S1:0; = ppi(&);

S2:w, = HMBi(fi)Q”;
i1
Wy

<R
Zj:l Wij
5S4 Pr = Wr (Z Oéirgi + CVi(n—O—l)) ;
=1
R-1
S5 20 = Z Prs
r=1

where «;, are the consequent parameters. The membership function up;(£) can take
various forms, including the generalized bell-shaped function:

S3:w, =

18



2b -1
uBi(£)=<1+(5;C") ) 7 3

and the classical bell-shaped function:

2
) = exp (250,
Ay

Hybrid learning is based on backpropagation and the least-squares-based algorithm is
utilized in the ANFIS. The output from all nodes proceeds until layer S4, and the least-
squares method is applied to ascertain the consequent parameters for fixed antecedent
parameters.

Matrix equation X9 = Y is derived using the training data, where ¢ collects the
unknown parameters and Y corresponds to target values. The least-squares (LS) method
is formulated as:

4)

méin||X6—Y||2 )

With the solution,
5 = (XTX) Xy, (6)

where X = (XTX)~' X7 is the pseudoinverse of X. Backpropagation is then utilized to
adjust the antecedent parameters. ANFIS with fractional regularisation is discussed in
the following sections with least squares-based neuro-fuzzy systems.

This system is suitable for scenarios where input and output uncertainties are man-
ageable with standard fuzzy logic, which operates on precise membership functions.
These systems are commonly used due to their simplicity and effectiveness in various
applications where high precision in uncertainty modelling is not critical.
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Mamdani-based NFS utilizes fuzzy logic for decision-making and is appreciated
for its interpretability and ease of application in human-like reasoning contexts. M-
ANFIS is one such type of model shown in Figure 6.

Fuzzification Inference Implication Aggregation Defuzzification

Figure 6. General model of Mamdani ANFIS

The M-ANFIS architecture is structured into multiple layers, each corresponding to a
different stage in the fuzzy inference process.

1. Fuzzification Layer, which converts crisp inputs into degrees of membership
using fuzzy sets. For each input variable x, the membership function pi4(x) is
calculated, typically using generalized bell functions:

1
N 20
e (55)

where b;, ¢;, d; are adjustable parameters that define the shape and position of the
membership function.

ILLAz(x) =

2. Rule Layer computes the firing strength of each rule through a T-norm operator,
typically the product:

n
Wi = H fia,; ()
j=1
where wj 1s the firing strength of the i-th rule, and n is the number of inputs.
3. Normalization Layer, which normalizes the firing strengths to ensure that their

sum is 1.
_ Wi
wA

t Z;nzl Wk

where m is the number of rules.
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4. Output Layer where each rule’s output is calculated by applying a weighted
average of the rule’s consequent parameters, adjusted by the normalized firing
strengths:

fi=wi-(pi-x+aqi-y+m)

where p;, q;, r; are the consequent parameters of the i-th rule.

5. Defuzzification Layer, where the final system output is the summation of all rule
outputs, providing a crisp value:

Learning Algorithm The learning process in M-ANFIS involves adjusting the
parameters b;, ¢;, d;, p;, q;, r; using a hybrid learning algorithm that combines gradient
descent and least squares methods:

* Premise Parameters adjusted by gradient descent to minimize the overall system
error.

* Consequent Parameters estimated using a least squares approach to optimize the
linear combination in the rule consequents.

The error measure used to guide the learning is typically the mean squared error between
the predicted outputs and the actual target values from the training data.

2.4.1.2 Type-2 Neuro-Fuzzy Systems Type-2 neuro-fuzzy systems represent a sig-
nificant evolution from type-1 fuzzy systems by effectively modelling and managing the
uncertainties inherent in fuzzy logic systems. These uncertainties are often overlooked in
type-1 systems, which employ precise and crisp membership functions. Type-2 systems
enhance the capability to handle uncertainties in both the rule and membership function
definitions, which are crucial when dealing with ambiguous and imprecise information.

Interval Type-2 Neuro-Fuzzy Systems (IT2NFS) Interval Type-2 Neuro-Fuzzy
Systems (IT2NFS) are the most common form of type-2 fuzzy systems. They utilize
interval type-2 fuzzy sets in the antecedent and consequent parts of the rules, providing a
robust mechanism for handling data and operational uncertainties.

General Type-2 Neuro-Fuzzy Systems (GT2NFS) General Type-2 Neuro-Fuzzy
Systems (GT2NFS) extend the modelling capabilities of IT2NFS by representing uncer-
tainties in a three-dimensional space, as opposed to the two-dimensional approach in
IT2NFS. This approach allows for a more nuanced handling of fuzzy set uncertainties.
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GT2NEFS are less common and more complex but are gaining traction due to their en-
hanced predictive and adaptive capabilities, particularly when coupled with methods like
a-plane representation and centroid-flow algorithms for type reduction [224, 225, 226].
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2.4.2 Different training algorithms used in neuro-fuzzy models

2.4.2.1 Least Squares-based Neuro-Fuzzy Systems

Core Principle Least Squares-based Neuro-Fuzzy Systems incorporate the least
squares method to optimize the parameters of fuzzy inference models effectively. This
integration facilitates precise modelling and forecasting capabilities, making these sys-
tems invaluable in complex, data-driven applications. These systems typically employ a
neuro-fuzzy framework that integrates the adaptive capacity of neural networks with the
intuitive reasoning of fuzzy logic systems. The least squares method is used primarily to
fine-tune the consequent parameters of the fuzzy rules within the system, enhancing the
model’s accuracy and predictive performance.

A novel variant of the ANFIS has been developed, incorporating the least-squares
method alongside fractional Tikhonov regularization. This approach eschews traditional
backpropagation and grid partitioning techniques. Fractional regularization, a sophisti-
cated generalization of standard regularization methods, is applied to refine the ANFIS
learning process. This innovation results in a streamlined rule base that comprises a
minimal number of rules. Such an enhancement significantly reduces the computa-
tional demands typically associated with handling models that have a large number of
input variables. Consequently, this advanced system maintains high accuracy while
efficiently managing complex problems, thereby optimizing performance with reduced
computational overhead [50].

Fractional regularization Fractional regularization introduces fractional order
differentiation or integration into the regularization process of a model, allowing it to
capture more complex patterns and long-range dependencies in the data. This approach is
particularly useful for dealing with data that exhibits non-local or fractal-like properties,
where traditional methods may struggle.

Mathematically, fractional regularization can be formulated as follows.

Let us consider a regularized optimization problem of the form:

min ; L(ys, f(xi;0)) + AR(0)
where,

* 0 represents the parameters of the model.

* [ is a loss function measuring the discrepancy between the model predictions
f(z;; 0) and the true labels ;.

* R(0) is the regularization term, which helps to prevent overfitting.
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* )\ is the regularization parameter controlling the strength of regularization.

In traditional regularization methods like L; or L, regularization, R(6) typically penalizes
the magnitude of the parameters to prevent overfitting [29][38].

ANFIS with regularization In the proposed variant, the learning algorithm is only
LS-based and uses a kind of regularization, both in standard and fractional versions as
described in references [50]. The standard regularization method, as a generalization of
the standard LS method, is well-known for solving discrete ill-posed inverse problems.
The minimization problem is formulated as follows [39]:

1
. - 2 s 2
min [|.Xé = Y + =[], (7
C here denotes the regularization parameter. The solution is given by:

5% = (XTX + %I)lXTY (8)

I denotes the identity matrix.
The fractional method is based on solving the following minimization problem,

: 1
i X6 — Y3 + S0P ©
where ||d]|g = (67Q)%° and Q is defined as:

Q = (XTX)a/271/2, (10)

() is a symmetric matrix that is positive semi-definite with a € (0, 1), which means
fractional power.

Let u; and v; denote the column vectors of the matrices U and V, respectively,
obtained from the singular value decomposition (SVD) of the matrix X, where X =
UDVT, and D is the diagonal matrix containing the singular values o; arranged in
decreasing order. The solution can then be expressed as [39]:

q a
g
Ok =Y —— (u] V), (11)

Extreme Learning Machines is an important type of such methods that provide an
efficient learning algorithm primarily for single-layer feedforward neural networks, where
the hidden nodes need not be tuned. This simplifies the training process significantly as

it focuses on linear models that can be solved analytically.
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Application ELM-based methods in neuro-fuzzy systems can rapidly construct
a model that is robust to noise and capable of handling large-scale data sets, making
them suitable for tasks that require quick deployment with reasonable generalization
performance. ELM-based neuro-fuzzy systems have been applied in various practical
applications such as medical diagnosis, weather prediction, and complex system control,
demonstrating their versatility and effectiveness in handling real-world problems with
uncertainties.

2.4.2.2 Gradient Based Neuro-Fuzzy System

Core Principle These methods primarily rely on the concept of gradient descent,
where the parameters of the neuro-fuzzy system are adjusted iteratively based on the
gradient of a loss function. The objective is to minimize the error between the system’s
outputs and the desired outputs. It is particularly effective for finding the minimum of a
cost function by iteratively moving towards the steepest descent direction determined
by the negative of the gradient. This method is essential for training models like neural
networks, where the goal is to adjust parameters (weights and biases) to minimize the
difference between predicted and actual outputs.

Application Widely used in training neural networks, these methods are effective
for continuous adjustment of membership functions and rule parameters in a neuro-fuzzy
system, leading to fine-tuned performance in tasks like regression and classification.
These models are widely used in the fields of Control Systems, Pattern Recognition and
Prediction and Forecasting in financial markets.

2.4.2.3 Hybrid Neuro-fuzzy Systems

Core Principle Hybrid methods in neuro-fuzzy systems integrate techniques from
different computational approaches, such as combining fuzzy logic with evolutionary
algorithms or neural networks with decision trees. This integration aims to leverage the
strengths of each method to improve system performance.

Application An example is a neuro-fuzzy system enhanced with a decision tree for
feature selection, improving the interpretability and efficiency of the model, particularly
useful in complex scenarios where data interpretation is crucial. ANFIS, FALCON,
GARIC, and SONFIN are a few examples of it [53]. A few applications of this model
listed in [42] are,

Monitoring Sensors in Nuclear Power Plants An ANFIS-based PSO technique is
employed to enhance safety and operational efficiency in nuclear facilities [36].
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Business Failure Prediction This approach provides critical insights into financial
stability and risk management [44].

Channel Equalization Improves signal quality and reduces transmission errors in
telecommunications [17].

Electricity Price Forecasting A method developed for more accurate forecasting of
electricity prices [47].

Wind Power Forecasting Essential for effective energy resource management [16].

Financial Forecasting Enhances the accuracy of financial forecasting using a
quantum-behaved PSO approach [15].

2.4.2.4 SVM-based Neuro-fuzzy Systems

Core Principle Support Vector Machines (SVM) are known for their ability to find
a hyperplane that best separates different classes by maximizing the margin between
the closest points of the classes (support vectors). In neuro-fuzzy contexts, SVMs can
optimize the classification boundaries using fuzzy membership functions.

Application SVM-based neuro-fuzzy systems are effective in classification tasks
where clear margin separation is beneficial, such as in image recognition or biometric
authentication, providing a robust mechanism against overfitting in high-dimensional
spaces.

2.4.2.5 Population-based Neuro-fuzzy Systems

Core Principle These methods use a set of potential solutions to explore the
solution space. Each member of the population represents a possible solution, and
through processes like mutation, crossover, and selection, the population evolves towards
an optimal set of parameters. These algorithms are effective in noisy or uncertain
environments.

Types of Population-Based Algorithms

* Genetic Algorithms (GA) These algorithms use processes such as selection,
mutation, and crossover. They are advantageous because they operate on encoded
data, which allows them to function independently of the data’s continuity and
derivative requirements.

* Differential Evolution (DE) Known for its simplicity and effectiveness, DE
employs strategies involving mutation, crossover, and selection without needing
derivative information, making it suitable for complex optimization problems.
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Figure 7. Classification of the population-based techniques [43]

* Particle Swarm Optimization (PSO) Inspired by social behaviours like bird
flocking, PSO is noted for its easy implementation, minimal memory requirements,
and rapid convergence.

* Grey Wolf Optimizer (GWO) This algorithm draws inspiration from the social
structure and hunting strategies of grey wolves, presenting a novel approach to
optimization. GWO embodies the hierarchical organization observed within wolf
packs, where a leader, known as the alpha wolf, dictates the pack’s movements
and decisions. Supporting the alpha are beta wolves, acting as advisors, followed
by delta and omega wolves, each with distinct roles in the hunting process. In the
pursuit of prey, alpha, beta, and delta wolves identify vulnerable targets, while the
omega wolves coordinate their efforts based on the leaders’ cues. By encircling and
wearing down their prey before launching a coordinated attack, the pack maximizes
its hunting success. a compelling choice for optimization tasks in diverse domains

* Ant Colony Optimization (ACO) Based on the foraging behaviour of ants, ACO
excels in problems with multiple optimum solutions due to its collective problem-
solving approach.

Application Genetic algorithms are a typical example, used to optimize the rule
base of a fuzzy system. They are particularly useful in environments where the search
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space is large and the global optimum is difficult to find using traditional methods.

3 Literature Review

To conduct a comprehensive review, we began by selecting recent research papers that
focused on classification using neuro-fuzzy systems. We first performed a database
search, targeting major academic databases such as Scopus and Web of Science. The
search was conducted using specific keywords, including "neuro-fuzzy systems," "clas-
sification,” and "fuzzy logic.” We then applied our inclusion criteria, selecting studies
published within the last 10 years to ensure that our analysis focused on the most recent
methods and trends in the field. Only papers that used commonly adopted datasets and
reported performance metrics like accuracy were included. Conversely, we excluded
papers if their titles were misleading, if they did not employ neuro-fuzzy methods for
classification, or if their content was not closely aligned with the specific topics we were
examining.

Many different approaches have been studied to improve the performance and inter-
pretability of neuro-fuzzy logic approaches in other domains. Many researchers have
compared the performance of their model with others. However, they are limited to one
domain like health. An extensive comparison of performance through several datasets is
still missing.

In [32], the authors used TSK-based fuzzy systems to tune the parameters of Particle
Swarm Optimisation (PSO), as many nature-inspired algorithms like Genetic Algorithm
(GA), Neural Networks, Swarm Intelligence failed to provide any explainable intelligence
[13].

In a comparative study, [35] assesses the performance of three optimization algo-
rithms —type-2 fuzzy particle swarm optimization (PSO), bee colony optimization
(BCO), and bat algorithm (BA)—in the optimization of fuzzy controllers. Through
experiments conducted on benchmark functions, the authors analyze factors such as
convergence speed, solution quality, and robustness to parameter variations. The study
reveals that each algorithm exhibits distinct strengths and weaknesses. Type-2 fuzzy PSO
demonstrates robust convergence properties and resilience to parameter variations, mak-
ing it well-suited for complex optimization tasks. Bee colony optimization demonstrates
competitive performance, particularly in solution quality and exploration-exploitation
balance. While the Bat algorithm may be less effective in some scenarios, it offers unique
exploration capabilities. This comparative analysis provides valuable insights into the
efficacy of different optimization algorithms for improving the performance of fuzzy
controllers. Such insights are crucial for selecting the most appropriate algorithm based
on the specific requirements of a given optimization task. The study concluded that PSO
outperforms other algorithms in controlling the trajectory of an autonomous robot. Since
PSO is one of the most common Population-based methods used and GWO outperforms
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it, it is imperative to mention the idea behind GWO here [13].

[13] presents a technique for the development of Mamdani fuzzy rules to obtain accu-
rate data classification based on a fuzzy evolutionary system using the GWO algorithm.
GWO algorithm is developed after the hunting behaviour of gray wolves that mimics
the patterns of movements by packs and takes guidance from leader wolves to identify
optimal positions for prey encirclement and attack. [13] also evaluated the performance
of PSO and concluded that GWO outperforms PSO as it converges in a lesser number of
iterations and less time, along with having better accuracy.

The numerical section of [13], where the authors have performed a comparative
analysis of the GWO and PSO algorithms across 15 datasets to evolve fuzzy rules. A
fundamental distinction between PSO and GWO lies in the updating mechanism: in
PSO, the position of the swarm particles updates based on local neighbours and global
leaders. The document does not delve into PSO extensively as no recent studies focus
on it. According to [13], the findings indicate that the GWO algorithm requires fewer
iterations to converge and achieves higher accuracy compared to PSO.

In their paper, [41] introduced FAME (Fuzzy logic-based Adaptive selection of
Operators Multi-objective Evolutionary Algorithm) that used fuzzy logic to dynamically
adapt the selection of evolutionary operators based on the current state of the optimization
process. The authors tested this algorithm on a number of problems and concluded that
FAME achieves a competitive performance when compared to other popular evolutionary
algorithms. In particular, FAME illustrates

1. higher-quality solutions are produced by FAME for a variety of multi-objective
optimization issues.

2. increased speed of convergence, the method converges effectively to near-optimal
or optimum solutions.

3. robustness, FAME performs and is stable in a variety of problem domains and
optimization settings.

To explain the behaviour of an unmanned aerial vehicle when it deviates from
its planned path while in the incognito mode, writers in [28] developed fuzzy rules
using a neuro-fuzzy technique. The authors used interpretable and explainable artificial
intelligence (XAI) models for unmanned aerial vehicles (UAVs) to show how Al systems
used in high-stake sectors need to be transparent and interpretable.

In [26], authors argued that the problem of inferring over a large set of rules is not
widely discussed. The authors believed the problem was noticed until huge datasets such
as big data were used [22][23]. They came up with a solution to this problem by avoiding
reviewing all the rules and focusing only on the *best’ rule in the neighbourhood.

Predictions or choices based on fuzzy logic in the context of fuzzy rule-based in-
ference systems require a few crucial steps. Initially, distinct states or degrees of a
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phenomenon are represented by linguistic variables and the fuzzy domains that go along
with them. Fuzzy rules are created by combining these variables, each of which specifies
criteria and results together with weights that indicate how important they are. After
the construction of rules, a subset—typically derived from rule-learning algorithms—is
chosen for inference. The inference process starts by assessing how well the new data
fits the requirements of each rule. The degree of alignment between each fuzzy label and
the data is shown by the minimum of membership values, which is one way to evaluate
this fit. The procedure then combines each rule’s weight and fit using the proper operator,
taking into account rule weights that indicate their relative importance. This makes it
easier to choose the rule that best fits the available data while taking its relevance and fit
into account.

In the end, the inference procedure is similar to looking for the best rule that max-
imises the combined fit and weight and most closely matches the available data. Even
with complex datasets, this optimisation approach guarantees that the best rule is chosen
for predictions or choices based on fuzzy logic principles. This brief introduction to fuzzy
rule-based inference highlights the need to optimise rule selection for best results [26].
In the paper, the authors argued that to improve the inference process, it is imperative to
improve the search process. They analysed the performance of 4 different algorithms:
Linear search, Linear Search with pruning, Backtracking search with pruning in the
neighbourhood of the example and Heuristic backtracking search with pruning in the
nearby neighbourhood of the example to see the difference in performance.

50 classification problems were selected and arranged in 4 different groups using
the y algorithm based on the number of variables and rules. According to the study,
the recursive technique works better in scenarios with a low number of continuous
variables, whereas the sequential approach performs better when there are few rules and
many continuous variables. Furthermore, to address cases with a large number of rules
and continuous variables, a hybrid inference algorithm integrating both techniques was
devised, leading to increased efficiency.

To address the problem of Interpretability, authors of [21] proposed null-unineuron, a
novel logical fuzzy neuron built on the idea of a null-uninorm. This novel neuron was
included in a dynamic neuro-fuzzy model architecture EFNN-NullUni, which allowed
complex fuzzy rules with AND and OR connections of antecedents to be extracted. The
model improved the interpretability and comprehension of the analyzed problem by
permitting these flexible links.

The three-layer suggested design uses an evolving weighted fuzzification technique
and progressive data partitioning techniques to extract knowledge. Within this architec-
ture, the null-unineurons are trained incrementally and online for the classification of
binary and multiclass patterns.

In the evolving data partitioning algorithm, weights were assigned based on feature
importance levels. These weights facilitated the automatic adjustment of distance calcula-
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tions, particularly diminishing the impact of unimportant input directions (features). This
adaptive mechanism contributed to a softer dimension reduction and mitigated the risk
of overfitting. This architecture proposed by authors was subject to pattern classification
tests, being more efficient compared to related (evolving) neuro-fuzzy models in the
literature. The authors came to a conclusion that this approach is solely designed for
classification problems and does not perform an explicit (iterative) selection of neurons.
The authors of [21] also worked on an advanced interpretable Fuzzy Neural Network
model based on uni-nullneuron constructed from n-uninorms UNInull FNN in [20].
The paper presented a fuzzy logic neuron architecture that leverages n-uninorms to
construct uni-nullneurons. This architecture, termed a fuzzy neural network (FNN),
offers enhanced flexibility by seamlessly integrating nullnorms and uninorms at different
stages, thereby enhancing model accuracy and facilitating more intricate rule connections,
including both AND and OR connections within a single rule. The incorporation of such
flexible connections enables experts and operators to glean deeper insights from data,
thereby enriching the knowledge extraction process. Both these approaches are discussed
later in detail with experimental results.

In the paper, [43], the authors reviewed different neuro-fuzzy systems based on the
classification of research articles from 2000 to 2017. The primary goal of this survey was
to give the reader different neuro-fuzzy systems to facilitate the identification of methods
that align with their specific research interests. The authors made a detailed summary of
models based on learning algorithms, fuzzy methods and structure.
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4 Methodology and Results

In this section, we carry out a quantitative analysis of different fuzzy systems used for
classification tasks. Here’s a breakdown of the steps we followed in the analysis:

1. Preparation of Datasets The datasets used in the experiments were obtained from
the UCI Machine Learning Repository and Kaggle. The preprocessing of these
datasets mentioned in Table 1 the following steps were involved:

* Data Cleaning All string-based values were converted to integers to en-
sure compatibility with the algorithms used. For datasets with continuous
variables, floating-point values were appropriately scaled or normalized.

* One-Hot Encoding For multi-class classification tasks, we used one-hot
encoding to transform the output labels. This means we converted each
categorical class label into a binary vector, where each class was represented
by its own column, with binary values indicating whether or not a data point
belongs to that class.

The one-hot encoding representation would look like this:

- Class 1: [1,0,0]
— Class 2: [0, 1, 0]
— Class 3: [0,0, 1]

In this representation:

- [1,0, 0] indicates that the instance belongs to Class 1.
- [0, 1, 0] indicates that the instance belongs to Class 2.
- 10,0, 1] indicates that the instance belongs to Class 3.

The preprocessing steps for each dataset, along with their descriptions, are provided
in a later section.

2. Experimental Setup In our experimental setup, we systematically tested the
performance of the ANFIS-T and CANFIS-T across various datasets. The setup
involved:

* Parameter Tuning We varied the regularization parameters to identify the
best combinations that yield the highest accuracy.

— Standard Regularization Parameter C": Tested values were
C e {10711, 10, 10%}.

— Fractional Regularization Parameter a: Tested values were
a € {0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9, 1}.
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* Algorithm Implementation The selected neuro-fuzzy systems were imple-
mented in Scilab, with accuracy computed for each configuration.

3. Performance Evaluation The classification performance of each system was

4.1

evaluated using standard metrics such as accuracy as it was the one metric common
in all papers. Accuracy in Table 15 and Table 16 defined as:

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

where T'P denotes true positives, T'N denotes true negatives, F'P denotes false
positives, F'N denotes false negatives.

Accuracy = (12)

The different neuro-fuzzy systems were then ranked by their performance using
Friedman’s test, which is discussed in more detail later in Table 18 and 19.

Datasets

The datasets are listed in Table 1. In description, "D" stands for multivalued discrete and
"C" for continuous.

1.

Haberman’s Survival Dataset [5] contains survival data of breast cancer patients
post-surgery from a study conducted at the University of Chicago’s Billings Hospi-
tal between 1958 and 1970. No adjustments were made to the data before running
the experiments.

Cryotherapy Dataset [4] provides data on cryotherapy treatment outcomes for
90 patients, focusing on wart removal effectiveness. The column storing time was
rounded off to the nearest integer value.

. Heart Disease Dataset [6] includes four databases related to heart disease di-

agnosis, with all numerical attributes, aiding in disease prediction models. The
Cleveland dataset is selected for the purpose of running the tests.

Autism Screening Data for Toddlers [1] includes behavioural features from the
Q-Chat-10 assessment and additional characteristics effective in autism spectrum
disorder (ASD) detection in toddlers. All the string values, such as ethnicity,
gender, and output, were coded as integer values as part of preprocessing.

. Immunotherapy Dataset [7] is from the field of health and medicine that contains

immunotherapy results for 90 patients. The time column for patients was rounded
to the nearest integer value.
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10.

1.

12.

Iris Dataset [8] features data from three Iris plant species, classified into three
different classes based on morphological data. The classes mentioned in the dataset
were converted from string to one-hot encoding for experiments for CANFIS-T.

. Thyroid Dataset [11] is provided by Garavan Institute having different datasets

for thyroid data. ANN data was selected for experiments and floating values were
multiplied with a constant value along with representing the classes with three
columns for one hot encoding.

. Wine Dataset [12] presents chemical analysis results of wines from three different

cultivars in the same Italian region, detailing 13 constituents in each wine type.
The floating values in the dataset were multiplied with a constant and classes were
represented as three new columns for one hot encoding.

. Pima Indians Diabetes Dataset [10] comprises multiple medical predictor vari-

ables alongside a single target variable, labeled "Outcome." The independent
variables encompass the patient’s number of pregnancies, Body Mass Index (BMI),
insulin levels, and age, among other factors. The values in BMI were rounded
to the nearest integer value and DiabetesPedigreeFunction were multiplied by a
factor of 1000 as part of preprocessing.

Balance Scale Dataset [2] was created to model psychological experimental
results. Each example is classified as having the balance scale tip to the right,
tip to the left, or remain balanced. The attributes include the left weight, left
distance, right weight, and right distance. The correct classification is determined
by comparing (left distance * left weight) and (right distance * right weight). If
the values are equal, the scale is balanced. The classes were represented as one hot
encoding and four new columns were added for the same as part of preprocessing
before using it with CANFIS-T.

Lymphography Dataset [9] was obtained from the University Medical Centre,
Institute of Oncology in Ljubljana, Yugoslavia. For preprocessing the classes were
replaced with one hot encoding and four new columns were added for the same
before using it with CANFIS-T.

Car Evaluation [3], derived from a hierarchical model by M. Bohanec and V.
Rajkovic, evaluates car acceptability based on six attributes: buying price, main-
tenance cost, number of doors, passenger capacity, luggage boot size, and safety.
This dataset is useful for testing constructive induction and structure discovery
methods. The original dataset contained values as string that were coded to integers
and the class column was replaced with 4 more columns for one hot encoding
before using it with CANFIS-T.
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Table 1. Characteristics of datasets used as classification benchmarks in the experiments.

Dataset Acronym Classes Features
Haberman HAB 2 3
Cryotherapy CRI 2 6
Heart HEA 2 13
Autism AUT 2 18
Immunotherapy IMU 2 7
PIMA Diabetes PIM 2 9
Iris IRI 3 4
Thyroid THY 3 5
Wine WIN 3 13
Balance Scale BAL 5 4
Lymphography LYM 4 18
Car Evaluation = CAR 4 6

Table 2. Haberman’s Survival Data Attributes

Variable | Description Type

Age Age of patient at time of operation D

Year Patient’s year of operation D

Nodes Number of positive axillary nodes de- | D
tected

Status Survival status: D

1. 1 = the patient survived 5 years
or longer

2. 2 = the patient died within 5
years
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Table 3. Cryotherapy Data Attribute

Variable Description Type

Sex -
Age -
Time -
Number of Wrats | -
Type -
Area -
Result -

vAvivivEelvAwi

Table 4. Heart Disease Data Attributes

Variable | Description Type

Age Age of patient D

Sex Gender D

cp - D

trestbps | Resting blood pressure (on admission | D
to the hospital)

chol Serum cholesterol in mg/dl D

fbs Fasting blood sugar > 120 mg/dl (1 = | D
true; 0 = false)

restecg - D

thalach | Maximum heart rate achieved D

exang Exercise induced angina (1 =yes; 0= | D
no)

oldpeak | ST depression induced by exercise rel- | D
ative to rest

slope - D

ca Number of major vessels (0-3) colored | D
by fluoroscopy

thal 3 = normal; 6 = fixed defect; 7 =re-| D
versible defect (Thalassemia)

num Diagnosis of heart disease D
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Table 5. Autism Screening Data Attributes

Variable | Description

Case No | -
Al -
A2 -
A3 -
A4 -
AS -
A6 -
A7 -
A8 -
A9 -

elvivhviviviviviehvll,.
=
(¢-]

Table 6. Immunotherapy Data Attributes

Variable

Description

Type

Sex

Age

Time

Number of Wrats
Type

Area

Induration diameter
Result

vAvivlvRvNeoRwvaw)

Table 7. Iris Data Attribute

Variable Description

sepal length | -
sepal width | -
petal length | -
petal width | -

class class of iris plant

SRoNoNeNeIl
®

37




Table 8. Thyroid Disease Data Attribute

Variable | Description

Class -
Attributel | -
Attribute2 | -
Attribute3 | -
Attribute4 | -
Attribute5 | -

SnanooZ
=]
&

Table 9. Wine Data Attribute

Variable

Description

=
(¢}

Alcohol

Malic acid

Ash

Alcalinity of ash
Magnesium

Total phenols
Flavanoids
Nonflavanoid phenols
Proanthocyanins
Color intensity

Hue

0OD280/0OD315 of diluted wines
Proline

OOOOOOOOOOOOO;
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Table 10. Pima Indians Diabetes Dataset

Variable Description Type
Pregnancies Number of times pregnant D
Glucose Plasma glucose concentration D
BloodPressure Diastolic blood pressure D
SkinThickness Triceps skin fold D
Insulin 2-Hour serum insulin D
BMI Body mass index C
Diabetespedigreefunction | Diabetes pedigree function C
Age Age in years D
Outcome lorO D
Table 11. Balance Scale Dataset

Variable Description Type

right-distance | L, B, R D

right-weight 1,2,3,4,5 D

left-distance 1,2,3,4,5 D

left-weight 1,2,3,4,5 D

class 1,2,3,4,5 D
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Table 12. Lymphography Dataset

Variable

Description

=]
(¢-]

Class
lymphatics
block of affere
bl. of lymph. ¢
bl. of lymph. s
by pass
extravasates
regeneration
early uptake in
lym.nodes dimin
lym.nodes enlar
changes in lym.
defect in node
changes in node s
changes in stru
special forms
dislocation of
exclusion of no
no. of nodes

eAvivivivivivivivivivivivhvivivivivivil,

Table 13. Car Evaluation Dataset

Variable Description Type
buying v-high, high, med, low D
maintenance | v-high, high, med, low D
doors 2,3, 4, 5-more D
persons 2,4, more D
lug boot small, med, big D
safety ow, med, high D
class unacc, acc, good, vgood D
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4.2 Results and Discussion

Table 14. Neuro fuzzy system and their acronyms

Acronym Neuro fuzzy System

EFFN: NullUni Evolving fuzzy neural networks - null-unineuron
UNInull FNN  Evolving fuzzy neural networks- unieuron
ALMMo-0* Autonomous Learning Multiple-Model Zero-Order Classifier

ANFIS-T Adaptive Neuro-Fuzzy Inference System with Fractional Tikhonov regularization
EFNHN Evolving fuzzy neural hydrocarbon networks

EFNN Evolving fuzzy neural networks

UNFIS-c Unstructured neuro-fuzzy inference system

Mamdani-GWO Mamdani FIS with Grey Wolf Optimizer
Mamdani-PSO Mamdani FIS with Particle Swarm Optimization
CANFIS-T Co-Adaptive Neuro-Fuzzy Inference System with Fractional Tikhonov regularization

Table 15 and Table 16 present the accuracy results for binary and multi-classification
across multiple datasets, respectively. The performance of the ANFIS-T algorithm, tried
for the first time in this thesis, is detailed in the context of binary classification, while
the performance of the CANFIS-T algorithm, also tried for the first time in this thesis, is
highlighted in the multi-classification context. These results are compared with those
obtained from other researchers (Table 14), providing a comprehensive view of the
technique’s accuracy. Since several of the reviewed papers did not provide the number of
rules for each dataset, this information has been excluded from the tables.

Table 17 shows the values of C' (standard regularisation parameter ) and a (fractional
regularisation parameter) that resulted in the best accuracy.

Table 15. Accuracy results for binary classification Across Multiple Datasets

Methods HAB CRI HEA AUT IMU PIM

ANFIS-T [50] 99 7944 80.12 99 78.88 77.18
EFNN: NullUni [21] 76.06 81.26 80.12 95.98 86.14 -
UNInull FNN [20] 73.36 82.46 66.17 76.37 80.12 -
ALMMo-0* [14] 71.25 7825 71.12 79.99 78.25 -

EFNHN [46] 58.07 7098 6325 77.61 65.06 -
EFNN [45] 73.11 81.48 78.11 81.36 76.29 -
UNFIS-c [40] 74.60 84.69 81.26 98.03 73.45 -
Mandami-GWO [13] 74.84 - - - - 71.11
Mandami-PSO [13]  73.18 - - - - 69.62
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Table 16. Accuracy Results for multi-classification across multiple datasets

Methods IR WIN THY LYM BAL CAR
EFNN: NullUni [21] 86.14 61.13 89.54 - - -
UNInull FNN [20] 90.12 65.34 85.07 - - -
ALMMo-0* [14] 78.25 62.66 81.85 - - -
EFNN [45] 79.16 47.32 82.46 - - -
UNFIS-c [40] 73.25 84.44 94.46 - - -
Mamdani-GWO [13] 96.29 56.24 84.86 11.38 69.90 73.44
Mamdani-PSO [13] 94.29 55.82 82.86 11.39 68.96 72.05
CANFIS-T [51] 66.67 97.64 88.27 98.57 80.48 86.10

Given the limited information available in the reviewed literature, it was not possible
to provide a complete report on the number of rules used. However, in the study [13] that
utilized the Iris dataset, it is clearly stated that 8 rules were applied. On the other hand,
CANFIS-T used only 3 rules for the same dataset, as shown in Table 17. Interestingly,
Mamdani-GWO [13] emerged as the top performer on the Iris dataset, surpassing all
other methods, while CANFIS-T [51] fell short, delivering the weakest results.

Table 17. Parameters used for ANFIS-T and CANFIS-T

Dataset  Method Classification C a  Number of rules
HAB ANFIS-T Binary 05 1 3
CRI ANFIS-T Binary 05 1 3
HEA ANFIS-T Binary 05 1 3
AUT ANFIS-T Binary 1 1 3
IMU ANFIS-T Binary 05 1 3
PIM ANFIS-T Binary 05 1 3
IRI CANFIS-T  Multi-class 1 1 3
WIN CANFIS-T  Multi-class 0.3 0.9 3
THY CANFIS-T  Multi-class 1 1 4
LYM CANFIS-T  Multi-class 0.3 0.3 3
BAL CANFIS-T  Multi-class 0.6 5
CAR CANFIS-T  Multi-class 0.4 3
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The ANFIS-T algorithm demonstrated high and consistent accuracy across all binary
classification datasets, confirming its robustness and reliability. This makes ANFIS-T a
strong choice for binary classification tasks.

CANFIS-T showed variable performance across different multi-classification datasets,
indicating strong potential for specific applications but also suggesting the need for further
refinement to enhance consistency.

We applied Friedman’s method to rank various neuro-fuzzy system methods for
both binary and multi-class classification based on their performance across different
datasets. This non-parametric statistical test is suitable for our data, which involves
repeated measures across multiple conditions.

For binary classification, we selected the datasets HAB, CRI, HEA, AUT, and IMU to
evaluate the performance of the following methods ANFIS-T, EFNN: NullUni, UNIfull
FNN, ALMMo-0, EFNHN, EFNN, and UNFIS-c. The analysis using Friedman’s method
revealed significant differences between the neuro-fuzzy systems evaluated. Specifically,
EFNN: NullUni and ANFIS-T demonstrated superior performance across all datasets.

Table 18. Friedman’s ranking for binary classification

Methods Rank

EFNN: NullUni 1
ANFIS-T
UNFIS-c
EFNN
UNIfull FNN
ALMMo-0
EFNHN

i B @)WY/ I SN (S \S]

For multi-class classification, we assessed the methods EFNN NullUni, UNIN-
ull, ALMMOoO-9a, EFNN+, EFNN, UNFIS-c, Mamdani-GWO, Mamdani-PSO, and
CANFIS-T using the datasets IRI, WIN, and THY. Although the results of Friedman’s
method indicated that the differences are not statistically significant at the 0.05 level,
the rankings still provide valuable insights. CANFIS-T exhibited superior performance
across all datasets.
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Table 19. Friedman’s ranking for multi-class classification

Methods Rank

CANFIS-T
UNFIS-c
UNIfull

EFNN: NullUni
Mamdani-GWO
Mamdani-PSO
ALMMOo0O-9a
EFNN

p—

(o BE NIV, NV, [NV )

The variation of accuracy in different datasets with varying C' with a=1 is shown in
Figure 8 and variation in accuracy with varying a with different values of C' is shown
in Figure 9, Figure 10 and Figure 11. The number of terms was also tested to see the
impact on accuracy. The number of terms with the best accuracy is listed in Table 17.
The number of terms were selected from 2 to 6. It can be seen from the graphs, variation
in C' after C'=1, does not show any additional benefit in achieving more accuracy.
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Accuracy vs C (standard regularisation parameter)
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Figure 8. Variation of accuracy with C (standard regularisation) for CANFIS-T

Accuracy vs a (fractional regularisation parameter) (C=1)
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Figure 9. Variation of accuracy with a (fractional regularisation) for CANFIS-T (C=1)
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Accuracy vs a (fractional regularisation parameter) (C=10)
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Figure 10. Variation of accuracy with a (fractional regularisation) for CANFIS-T (C=10)

Accuracy vs a (fractional regularisation parameter) (C=100)
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Figure 11. Variation of accuracy with a (fractional regularisation) for CANFIS-T (C=100)
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5 Concluding remarks

In summary, this thesis has explored different fuzzy inference systems for solving the
challenging classification problem. Twelve publically available datasets (Table 1) from
different domains were selected and the accuracy of the most recent approaches was
compared to help the user make a proper decision when selecting an approach for his
problem. ANFIS-T and CANFIS-T were also tested on the same datasets for binary
classification and multi-class classification respectively and the variation in accuracy was
studied with varying values of C, standard regularization parameter, and a, fractional
regularization parameter.

In most cases, the highest accuracy is achieved when C is set between 0.5 and 1, and a
is set to 1. Increasing the value of C beyond this range does not provide any additional
benefit, while lower values of C lead to a significant drop in accuracy.

To enable readers to make a more informed decision when selecting an approach for
their classification problem, it is important to compare various metrics such as precision,
F-measure, and computational time for different approaches. This detailed comparison
will provide a clearer understanding of each method’s performance and suitability for
specific use cases, but this could not be reported in this thesis due to missing values.
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