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ARTICLE INFO ABSTRACT

Received: 26 Dec 2024 In modern industrial applications, particularly in the era of Industry 5.0, accurate estimation of

induction motor speed is essential for ensuring optimal performance, energy efficiency, and

system reliability. Traditional methods using mechanical sensors for speed measurement are

Accepted: 22 Feb 2025 often limited by increased system complexity, high maintenance costs, and vulnerability to
environmental conditions. This study presents a sensor less approach for predicting the
acceleration for the induction motor with ANFIS, an Adaptive Neuro-Fuzzy Inference
Technology. ANFIS integrates the learning capabilities of neural networks with the inferential
benefits of fuzzy logic, making it suitable for nonlinear systems and uncertain environments. The
study entails the creation and training of an ANFIS model utilizing motor data. The model
employs many membership functions, such as Trimf, Trapmf, Gbellmf, and Gaussmf, and the
assessment utilized RMSE to evaluate their efficacy. The findings reveal that the Trimf
membership function yields the highest predictive accuracy, with an RMSE of 0.0187, whilst the
Trapmf function shows the lowest accuracy, with an RMSE of 0.0213. The ANFIS system
successfully estimates motor speed with minimal deviation from the actual output, as observed
in simulations. This sensor less approach not only reduces costs and complexity but also supports
the development of intelligent, energy-efficient systems in line with Industry 5.0 objectives.
Overall, the findings highlight the potential of ANFIS for advanced motor control applications,
contributing to smarter automation and improved sustainability.
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I INTRODUCTION

Induction motors remain a cornerstone in industrial applications, prized for their robustness, cost-effectiveness, and
low maintenance requirements [1]. In the era of Industry 5.0, accurate speed estimation of induction motors has
become increasingly crucial for enhancing control precision, optimizing energy efficiency, and enabling predictive
maintenance strategies [2], [3].

The implementation of physical speed sensors, although yielding precise data, frequently incurs extra expenses,
diminishes system reliability, and complicates motor design [4], [5]. This has resulted in an increasing interest in
sensorless control methodologies, wherein speed is inferred rather than directly measured. Among these approaches,
those employing widely accessible electrical parameters such as stator currents (Id, Iq) and voltages (Vd, Vq) in the
d-q reference frame have garnered considerable attention due to their non-invasive characteristics and potential for
high precision [6].

Conventional speed estimate techniques, such as MRAS (model reference adaptive systems) and EKF (extended
Kalman filters), have been thoroughly investigated [7], [8]. However, these approaches often face challenges when
dealing with parameter variations and system nonlinearities, leading to reduced accuracy under certain operating
conditions. Recent breakthroughs in artificial intelligence and machine learning have created fresh opportunities to
overcome these restrictions. [9].

The Adaptive Neuro-Fuzzy Inference System (ANFIS) has become a formidable instrument in intelligent control and
estimate. [4]. ANFIS integrates the learning capabilities of neural networks with the reasoning power of fuzzy logic,
providing a robust framework for managing complicated, nonlinear systems like induction motors [5]. The ability of
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ANFIS to effectively map the relationship between electrical parameters (Idq, Vdq) and motor speed makes it
particularly suitable as a speed sensor replacement [6], [7].

Recent studies have demonstrated the potential of ANFIS in various aspects of electrical machine control and
estimation [8], [9]. The use of ANFIS for speed estimation using Idq and Vdq as inputs offers several advantages:

It eliminates the need for additional hardware sensors, reducing system cost and complexity [10].

It can adapt to motor parameter variations and nonlinearities more effectively than conventional methods [11].
It provides a robust estimation even under varying load conditions and speeds [12].

It can be easily integrated into existing motor drive systems without significant hardware modifications [13].

Hw P

Despite these advancements, designing an effective ANFIS-based speed estimator for induction motors still presents
several challenges. These include selecting optimal input variables, fine-tuning the network structure, and ensuring
estimator robustness across diverse operating conditions [14]. The amalgamation of ANFIS with nascent technologies
like edge computing and the Internet of Things (IoT) introduces novel potential and difficulties within the realm of
smart manufacturing [15].

This research aims to address these challenges by developing an innovative ANFIS-based speed estimation system
for induction motors, specifically utilizing Idq and Vdq as input parameters. The proposed design focuses on:

1. Optimizing the ANFIS structure to effectively map the relationship between Idq, Vdq, and motor speed.

2. Developing a robust training algorithm that ensures accurate speed estimation across a wide range of
operating conditions.

3. Implementing real-time adaptation mechanisms to handle motor parameter variations and external
disturbances.

By achieving these objectives, this study seeks to contribute to the advancement of sensorless techniques for
induction motors, potentially leading to improved efficiency, reliability, and adaptability in modern industrial
applications

1. MATERIALS AND METHOD

This research focuses on the use of 3-phase induction motors as the main object of study. The motor chosen for this
study is the squirrel-cage type, which is known for its simple construction and reliability. Tests were conducted on
this motor to observe and analyze the speed changes that occur. This research consists of two main interrelated stages:

A. System Design and Manufacturing Stage

Phase Transformation Induction

[ Torsi
Transformation ABC

Figure 1 system block diagram

The diagram represents a control system utilizing ANFIS to manage the speed of an induction motor. Key
components of the system include a three-phase voltage source as the input, a transformation block that converts
ABC coordinates into the DQ domain for signal processing, and an induction motor as the primary actuator. The
motor provides torque and speed as output, which are used as feedback for the control loop. The ANFIS module is
responsible for adjusting the motor speed according to a specified reference. This setup allows for precise and
adaptive speed control of the induction motor.

A three-phase induction motor's dynamic behaviour can be characterized by differential equations derived from the
motor’s equivalent circuit [8]. These equations are often expressed in terms of direct and components along the
quadrature axis (d-q components) within a reference frame that remains stable [9]. The d-q model simplifies the
analysis by transforming the three-phase quantities into two orthogonal components [10].
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The voltage equations for the stator and rotor circuits in the d-q frame are given by:

d
Vis = Rl + 1 93 (1
d
Vgs = RSI(Sis + a‘ptsis (2)
Where:
. Vas,Vgs are the direct and quadrature axis stator voltage
. R; are the stator and rotor resistance

The flux linkages are related to the currents by:

@3 = Liglis + Linlgm (3)
@35 = Lislgs + Linlam (4)
@gr = Lielgr + Linlgm (5)
@ar = Lilg + Linlam (6)

The electromagnetic torque T. produced by the motor is given by:
3PLm
Te=332 L ( flr(llsls - Iqa) — 9ar(Igs — Ida)) (7)

where P is the number of poles

Figure 2 Relationship between ABC Transformation and dqo in Stationary Reference Frame [16]

It is presumed that a 3-phase induction motor is symmetrical. The reference frame dqo is typically positioned based
on the location of the motor analysis components employed. This study employs a dynamic model of an induction
motor with a stationary reference frame designated as dqo [16]. To transform the abe condition into dqo, the first thing
to do is to determine the direction of rotation of the rotor in the stationary condition (unchanged) [10]. In this
condition, the relation between the abc magnitude and the dqo magnitude at the stationary reference when the speed
is equal can be seen in Figure 2 The notation shows the abc phase magnitude on the rotor, the notation shows the abc

phase magnitude on the stator, and the dq axis shows the dqo transformation magnitude[9].

The magnitude of the transformation of abc to dqo with a stationary frame of reference is shown in equation (8):

fq = quo(e)l \ (2)

Variables f can be interpreted as a function of each phase's voltage, current, or motor flux. The magnitude T4 (6)

is described in the equation (9) [17] :
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cos® cos(B — 2?") cos(0 + 2?")

[Taqo(®)] = g sin® sin(0 — z?ﬂ) sin(0 +2?") (3)

2
And the inverse of T4, () translated into equation (10) :
cos 9 sin O 1
_ 2T . 2T
[quo (9)] 1 _ |cos(8— ?) sin(0 — ?) 1 4)
cos(6 + 2?11) sin(B + 2?“) 1

TABLEI
PARAMETERS AND DATA SPECIFICATIONS OF THE INDUCTION MOTOR
No | Parameter Value
1 Rated power (kW) 7.5
2 Rated Voltage (V) 400
3 Rated Frequency (Hz) 50
4 Rated Current (A) 14
5 Rated Speed (Rpm) 1440

B. ANFIS Training Stage and Identification Test

ANFIS (Adaptive Neuro Fuzzy Inference System) is an architecture that operates equivalently to Sugeno's fuzzy rule
basis model [18]. The architecture of ANFIS resembles that of a neural network utilizing a radial basis function,
subject to specific constraints [19]. ANFIS is a method that use a learning algorithm to optimize the rules based on a
dataset [20]. ANFIS facilitates the adaptation of rules. To ensure that a radial basis function network emulates a fuzzy
rule-based model, it must incorporate its architecture and processing to reflect the logical framework of fuzzy systems,
wherein inputs are categorized and correlated to outputs according to established rules. This entails adjusting the
network's settings to ensure its behavior corresponds with the interpretative and decision-making processes
characteristic of fuzzy models [21]. For Sugeno order 1, the following constraints are necessary:

1. All outputs must have a uniform aggregate mechanism for the rules.

2. In a system with fuzzy rules (IF-THEN expressions), the number of activation functions should match the
number of rules.

3. Each activation function must match the membership function associated with each distinct input when
there are several inputs inside the rule base.

4. Activation functions and fuzzy rules must serve identical purposes for neurons and rules on the output side.

The ANFIS network comprises multiple layers, with each neuron in the initial layer adapting to the parameters of the
activation function [22]. The aA1(x1), aB1(x2), aA2(x1), or aB2(x2) membership degrees are the outputs of each
neuron, which are determined by the input membership function [23]. In this context, the commonly used types of
membership functions include trimf, trapmf, gbellmf, gaussmf, gaussamf, pimf, dsigmf, and product psigmf
functions. Each of these functions serves a specific purpose in fuzzy systems by representing different shapes and
behaviors for input-output relationships, allowing for flexible and accurate modeling of data patterns [24].

The triangular (trimf) membership function is characterized by a triangular form and is defined by three parameters:
a, b, and ¢, denoting the starting point, the vertex, and the endpoint of the triangle, respectively. The membership
function employed is of the triangular (trimf) kind, as delineated in formula (11) below [12] :

x-a, X=<a
b—a A<x <bh
Xrp<x <c

c-b
c<Xx
Ol

f(x,a,b,c) = (11)
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In graphical form it is depicted as Figure 3.
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Figure 3 Trimf function graph
C. Model Training

It is at this stage of ANFIS processing that it can be used and is ready to run for training data that has been prepared
previously. Until the parameter results are as follows:

Number of nodes: 55

Number of linear parameters: 80

Number of nonlinear parameters: 24

Total number of parameters: 104

Number of training data pairs: 400001

Number of checking data pairs: 0

Number of fuzzy rules: 16

Here's the anfis secture design:

| 4| Anfis Model Structure - (m] X

| input inputmf rule outputmf output

Click on each node to see detailed information | ‘ Update Help Close

Figure 4 Neuro Fuzzy Structure

The design of the ANFIS, a model that combines artificial neural networks with fuzzy logic, is shown in Figure 3 [5].
This framework illustrates the progression of information from the input layer to the output over multiple phases.
On the left, an input layer links input variables to multiple membership functions (inputmf) for the fuzzification
process, transforming the precise input value into a fuzzy set. After that, these membership functions are applied to
the inputs in the second layer. In the middle, blue nodes represent fuzzy rules formed from combinations of input
membership functions, where each rule uses logical operations such as AND, OR, and NOT, which are represented
by colour codes in the legend [25].

Next, the output membership function layer (outputmf) connects the fuzzy rules with the output membership
function, performing a defuzzification process that converts the fuzzy set back into a strict value. Finally, the output
layer calculates the final result which becomes the output of the ANFIS system after processing the input through
fuzzy rules and membership functions. This ANFIS structure is important in learning and decision-making, It
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employs the learning mechanism of artificial neural networks to optimize the rules and membership functions,
enabling the system to address complicated and non-linear issues more efficiently.
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Figure 5 anfisedit data training

Figure 4 illustrates the Neuro-Fuzzy Designer interface utilized for constructing and training the ANFIS (Adaptive
Neuro-Fuzzy Inference System). The graph displays the training data, with the X-axis representing the data index
and the Y-axis denoting the output. This graph illustrates the output data's behavior in relation to changes in the data
index, mirroring the pattern of the training data intended for the ANFIS model construction [26].

To the right, there is information regarding the ANFIS architecture, including the quantity of inputs, outputs, and
membership functions utilized throughout the training process. The 'ANFIS Info' column indicates the presence of 4
inputs, 1 output, 2 membership functions per input, and a cumulative total of 400,001 training data pairs.

4| Add Membership Functions - a X

—INPUT
Number of MFs: NF Type:

2222

To assign a different
number of MFs to each
input, use spaces to
=eparate these numbers.

—OUTPUT

MF Type: linear

OK | Cancel |

Figure 6 setting Member functions

Figure 5 shows the interface for adding membership functions in the ANFIS (Adaptive Neuro-Fuzzy Inference System)
system. In this section, the user can set the number and type of membership functions for the input and output of the
model.

In the input section, the user can specify the number of membership functions (MFs) to be applied to each input. In
the ‘Number of MFs’ column, it can be seen that the number of membership functions for the four inputs has been
specified, each having two membership functions (indicated by 2 2 2). The user can also set the type of membership
function to be used, with options available on the right, such as trimf (Triangular Membership Function), trapmf
(Trapezoidal Membership Function), and various other fuzzy membership functions, such as gaussmf (Gaussian) and
pimf (Pi-shaped).
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For output, the user can select the type of membership function for the model output. In this case, the two options
available are constant and linear. This output membership function will be used to define how the result of the ANFIS
model is mapped to a crisp value.

D. Evaluation

This evaluation model analyses the results of training that has been done with parameters. Root Mean Square Error
(RMSE) is used to calculate the amount of error in predicting data. RMSE calculates the difference between the actual
value and the expected value and divides the total sum obtained by the number of prediction times and draws the
root. The Root Mean Square Error (RMSE) calculation can be seen in the following equation [27].

n v._v2
RMSE = /w 9)

. RESULT AND DISCUSSION

A This section discusses the experimental results of the ANFIS model.

—

Figure 7 Simulation applied

Figure 6 simulates the anfis system made with 4 inputs, namely Vd, Vq, Id and Iq with motor speed output. As a
replacement for the motor speed sensor.
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Figure 8 result training

Figure 7 training results with Based on having 4 inputs in the input there are 2 input member functions of type trapmf
which will be set automatically after the training process. FIS that will be built then the Training process is carried
out with epoch = 100. Simulation of Hybrid Algorithm with ‘trapmf function, with the number of MF [2 2 2 2], the
output MF function is type ‘constant’.

Table 2
Value RMSE
No Mf Type RMSE
1. Trimf 0.0187
2, Trapmf 0.0213
3. Gbellmf 0.0193

4. Gaussmf 0.0193
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Table 2 above displays the RMSE values of several types of membership functions (Mf) used in the ANFIS system.
The RMSE value measures the amount of error or variation between the actual value and the expected valueThe lower
the RMSE value, the superior the model's performance in forecasting the anticipated output.

Based on the table, Trimf has the lowest RMSE value, which is 0.0187, indicating that this triangular membership
function provides the most accurate prediction results. On the other hand, Trapmf (Trapezoidal Membership

Function) has the highest RMSE value of 0.0213, indicating a greater prediction error than the other membership
functions.

Moreover, the Gbellmf (Generalised Bell Membership Function) and Gaussmf (Gaussian Membership Function)
exhibit identical RMSE values of 0.0193, indicating their equivalent efficacy in output prediction. Nonetheless, their
prediction accuracy remains somewhat inferior to that of Trimf.

2000

ANFIS Output vs Actual Output

Actual Output
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Figure 9 Speed actual and anfis Trimf

Figure 9 The graph above shows the comparison between ANFIS output and actual output in the form of rotational
speed (RPM) against time (s). On the horizontal axis, time is expressed in seconds (s), while the vertical axis
represents speed (Speed) in units of rotations per minute (RPM). This graph illustrates the performance of the ANFIS
system in predicting speed compared to the actual output of the system.

ANFIS vs Actual Output

T
ANFIS
Speed

1500

1100 |

1000 | . . . . . . .
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Figure 10 Speed actual and anfis Trapmf

Figure 10 presents a graph comparing the ANFIS output with the actual output in terms of rotational speed (RPM)
over time (s). The horizontal axis represents time in seconds (s), while the vertical axis indicates speed in rotations
per minute (RPM). The graph highlights the performance of the ANFIS system, which utilizes a trapezoidal
membership function (Trapmf), in predicting rotational speed relative to the actual system output.
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ANFIS vs Actual output
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Figure 11 presents a graph comparing the ANFIS output with the actual output in terms of rotational speed (RPM)
over time (s). The horizontal axis represents time in seconds (s), while the vertical axis indicates speed in rotations
per minute (RPM). The graph highlights the performance of the ANFIS system, which utilizes a generalized bell-
shaped membership function (Gbellmf), in predicting rotational speed relative to the actual system output.
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Figure 12 Speed actual and anfis Gaussmf

Figure 12 presents a graph comparing the ANFIS output with the actual output in terms of rotational speed (RPM)
over time (s). The horizontal axis represents time in seconds (s), while the vertical axis indicates speed in rotations
per minute (RPM). The graph highlights the performance of the ANFIS system, which utilizes a Gaussian
membership function (Gaussmf), in predicting rotational speed relative to the actual system output.

The graph illustrates that the ANFIS output (depicted in green) and the actual output (depicted in blue) nearly
coincide throughout the simulation duration, indicating the ANFIS model's capacity for precise speed prediction. At
the beginning of the simulation, both the ANFIS output and the actual output show rapid speed changes. After that,
the system experiences a decrease in speed at around 5 seconds to the lowest point before gradually increasing again.

Despite minor swings of 5-10 seconds, the disparity between the ANFIS output and the actual output is negligible,
demonstrating that the ANFIS system effectively emulates the actual speed change pattern. This commendable result
illustrates ANFIS's capacity to adjust the control system according to the received inputs while minimizing prediction
€error.

Overall, this graph indicates that the ANFIS model applied to the speed control system successfully predicts the
output with a high degree of accuracy, although there are some small deviations in certain time periods.
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ANFIS Output vs Actual Output
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Figure 13 Graphical results of maximum load

The graph shows significant fluctuations in the ANFIS output. This could be caused by noise in the training data or
test data. This noise can affect the ability of the ANFIS to correctly predict the speed of the induction motor. The
fluctuations seen in the ANFIS output can also be caused by numerical instability in the training algorithm or during
model evaluation. This often occurs if there are problems in handling very small or very large numbers.
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Figure 14 XY Graph Results

The above graph shows the relationship between electromagnetic torque (Nm) and speed (RPM) of a three-phase
motor. This relationship is represented by the pink-coloured line, which illustrates how torque and speed change
during motor operation. Spiral Pattern The spiral pattern seen in the graph shows the dynamic response of the motor
to changes in speed and torque. This pattern indicates the presence of a damping effect that causes the motor to
oscillate before reaching a steady state. The shrinking of the spiral indicates that the system is reaching stability and

oscillations are decreasing.

Table 3 Member function plots fuzzy trimf

Fis Before training After training
variable
Input 1 Wt =5 &
" = o I e e
X B
& %
ﬁ - m npul vanable “nput!”
—— e
Name inputt :;: w1 :-mz nputt - "‘;
- - = - -
enae X e o anse o i e
Dopeyflange e | — [— w — — |
Selected variabie “nout!” Rmady |




567 J INFORM SYSTEMS ENG, 10(25s)

Input2 ﬁmpﬁ-m&hw - o x

0 o1 02 03 a4 05 08 o1 s o3 1
put vanatis “npun?

02 04 0s o8 o7 08 69
st “wpui2

T e (I TR
T e D

[# Membership Function Editor, Untitled - o x %] Membership Function Editar: Uniitied - o x
Input 3 - o v -
S Varabien i I

= =
B

|

R

w1 - !

I | R

Input 4 [ Membership Function Editor: Untitled - o0 x

e ot
— -
= =
X [w]
g =
x
e ‘
_ =

Table 4
Member function plots fuzzy trapmf

Fis Before training After training
variable

I npu t 1 & Membership Function Editor: Untitied - o x 4] Membership Function Editor: Untitled - [] X
p File Edit View File Edit View
. — N O ——

ntmf1 intmz

o
@ o1 02 03 04 05 08 07 08 03 1

put variable “input1™

[-0.7 -0.3 0.2998 0.6997]

(%] Membership Function Editor: Untitied - o x {4 Membership Function Editor: Untitled — O X
Input 2 File Edit View File Edit View

)

In2emf1 in2m2
os pd
a

@ 1 02 03 o4 05 o8 07 08 o8 1
put variable “input2

E
HA

[BEiE

0703030
on
o1




568

J INFORM SYSTEMS ENG, 10(25s)

Input 3

4] Membership Function Editor: Untitled

File Edit View

=

Input 4

In3mft in3mf2
1

)
ouput

{4 Membership Function Editor: Untitled

File Edit View

File

Membership Function Editor: Untitied - o X
Edit  View

= -
[
.
Y
o
:
= T

Membership function plats %57

[0.7-0.3 0.2995 0.7002]

07030307

File Edit View

Membership Function Editor: Untitled

1

b
e

=
<]

Fres
.
.

[-0.7-0.3 0.3283 0.9018]

Fis

Table 5 Member function plots fuzzy gbellmf

variable
Input 1

Before training

After training

Input 2

Input 3

1 02 01 o4 a5 om oz

%2 03 04 08 @8 a1 08 03
pun vaneis




569 J INFORM SYSTEMS ENG, 10(25s)

Input 4 L C

— Marbaratip tmcon pits.

e amed]

[0 [
rT—
XX
w2
XX
§..«
it vas
Nane inputd Mame e
Tiee npat [ sheint
amnge w1 Farsms. LEEL
agy o1l

Selcted vubis o

Table 6. Member function plots fuzzy gaussmf

Fis Before training After training
variable
Input 1 et e s - a = i —
S Vsl S e e S Variablos Member ship function plote ©%! 7%
M = e
X0 2
L : T o
—— —— —
S =, - =
=2 X i e Range o ot 104263 -.003830
e CR—| | T = Y - =
Resey | Ready
Input o :w:b-rb\:i:»mm--(»n-wrul-lee — o x ':;M:i“::mmwkrwm ——

— ey Mambarship funcson piots. P Marmberahip e hon pita. 5515575

m - (3 [
B =
2
z

s ki e

Rap—
Curert varntie [T —r——T—
[, -

Hame e Hame. i hars o -
Tiee et 2= amessnt Tywe ot Tre [o—
Range w — 427 Farge o B e 0oz

Oncerfmze oy = —
Omplyfange 1o [— —

prep—m—— |

x|

= Nambarihig Function Editor, United = o & Membership Function Edtor Unsied - o x|

Input 3 e kv P

[ Memborship funciion pios o ki Momarsiip fumcton piots %= et

m w g [m] e
ww |
i
DY d

il s gl

it i ot
P e i Pt W R -
o woun) e e
— wous o et Ty gomat
Tyee Type o
Type nput ot Parans. 8.0 8
B - b 2.0 scten
e p =0 m
1 sy Raige (o) ‘ s cisse |
gty Range 01 Help Cuse.
| - T I
P
& Mebervg Function Editon, Untities — o0 x & Mermbersiva Functon Editer: Uniities - o0 x
Input 4
RS Vadables. Mermmranig func an piots 7' 18 [se— . I-m._uml_mm_‘“" - -

et =

M £ [ (e
e

3
[ s oo e

= [epe———r——— G varase e —
ame - o e e s e [
— — Tise — - - e —
Poroes. e Faams 1
© Raage ®il L]
e | || Ossiyuss ) [ e ||

Based on Table 3,4, 5 and 6 the system utilizes four input variables, each consisting of two membership functions,
which are initially set before training and automatically adjusted during the training process. The designed FIS
undergoes a training phase with 100 epochs to optimize its performance. The Hybrid Algorithm simulation employs
different types of membership functions, including triangular (Trimf), trapezoidal (Trapmf), generalized bell-shaped
(Gbellmf), and Gaussian (Gaussmf), with the number of MFs set as [2 2 2 2], while the output MF function is defined
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as ‘constant’. Before training, all membership functions are symmetrically distributed based on predefined parameters.
However, after training, adaptive modifications occur in the membership functions, as reflected in the results shown
in Table 4. These changes indicate the system’s ability to learn and dynamically adjust the MF parameters,
demonstrating how different MF types respond to the training process and contribute to improving prediction
accuracy.

Furthermore, a comparative analysis based on Tables 3, 4, 5, and 6 evaluates different types of membership functions,
namely triangular (Trimf), trapezoidal (Trapmf), generalized bell-shaped (Gbellmf), and Gaussian (Gaussmf), both
before and after training. Each of these MFs exhibits distinct adaptive behavior during the learning process. Table 3
presents results for the triangular function, Table 4 for the trapezoidal function, Table 5 for the generalized bell-shaped
function, and Table 6 for the Gaussian function. The comparison highlights significant parameter shifts after training,
demonstrating how each MF type adapts to the data. Trimf exhibits the highest predictive accuracy after training, while
Trapmf shows the least accuracy. These findings emphasize the impact of MF selection on model efficiency and the
importance of adaptive learning in sensorless motor speed estimation.

V. CONCLUSIONS

This study investigates the implementation of the ANFIS for determining induction motor speed without the use of
physical sensors. ANFIS amalgamates the capabilities of fuzzy logic with artificial neural networks to produce
accurate motor speed predictions in the presence of uncertainty and fluctuations in motor parameters. This study
demonstrates that the ANFIS method can supplant conventional sensor-based techniques, offering cost savings and
enhanced resilience to environmental disruptions, aligning with the concepts of Industry 5.0.

The findings demonstrate that the trained ANFIS model can generate motor speed predictions with considerable
accuracy, as reflected by the RMSE value. Among the many membership functions employed, the Trimf (Triangular
Membership Function) exhibited superior performance, achieving the lowest RMSE value of 0.0187, whilst the
Trapmf (Trapezoidal Membership Function) demonstrated the least efficacy with an RMSE of 0.0213.

The decrease in motor speed as the applied load increases is also effectively compensated by the ANFIS system, as
seen in the simulation and comparison between ANFIS output and actual output. Although there is a slight deviation
at certain time periods, the difference remains minimal, which demonstrates the ANFIS' ability to adapt and
minimise prediction errors.

Overall, this research proves that ANFIS is an efficient and effective solution for induction motor speed estimation
in the modern industrial era, especially in industrial applications that require intelligent automation and energy
savings.
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