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Preface

The processing of information using adaptive neuro-fuzzy inference systems (ANFIS) 
has developed significantly in the last decades, this mathematical theory being an 
interesting tool for researchers to solve complex scientific and technical problems. 
ANFIS has found applications in various sectors of human activity, such as industry, 
business, finance, medicine, and more. An ANFIS is built on a complex structure 
formed by a neural network and a Takagi–Sugeno fuzzy inference system. Since it 
integrates both neural networks and fuzzy logic principles, it has the potential to 
capture the benefits of both in a single framework. Fuzzy logic allows for a systemic 
mathematical treatment using acceptable human reasoning. The ANFIS thus devel-
oped can in turn deal with the uncertainties as well as learn in real applications. 
Hence, ANFIS is considered to be a universal estimator.

The book has five main chapters and an introductory one. The introductory chapter 
presents some general aspects and applications and one example of modeling mul-
tivariable nonlinear functions based on ANFIS. Chapter 2 presents a design of an 
ANFIS for tractor-implement tillage depth control to decrease the tractor’s ploughing 
depth errors. Chapter 3 presents an application of solar radiation prediction using an 
improved ANFIS optimization ensemble. Chapter 4 presents an application of ANFIS 
control in power systems. The final chapter presents a perspective study on macro-
economic dynamics through the lens of the ANFIS.

The book addresses specialists who are interested in ANFIS applications and solutions 
in various fields. The book covers some ANFIS theoretical concepts and includes new 
applications of ANFIS. Published studies demonstrate the ability of ANFIS in various 
practical fields. Researchers in different domains developed new ANFIS concepts, 
applications, and tools that enhance human understanding and improve the special-
ist’s ability to analyze, design, and implement high-performance analysis. It presents 
applications that focus on the methodologies used, with case studies, implementation, 
and testing issues.

The editor thanks the authors for their excellent contributions and understanding 
during the process of editing this volume. The editor wishes to thank the staff of 
IntechOpen who contributed to the editorial process.

Constantin Voloşencu
Department of Automation and Applied Informatics,

“Politehnica” University Timişoara,
Timişoara, Romania
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Chapter 1

Introductory Chapter: ANFIS for 
Modeling Multivariable Nonlinear 
Functions
Constantin Voloşencu

1. Introduction: general aspects and applications

Treating information using fuzzy logic and neural networks has developed 
throughout the last decades, these mathematical theories of artificial intelligence 
being interesting tools for researchers to solve complex scientific and technical prob-
lems. The combination of two concepts, artificial neural networks and Takagi-Sugeno 
fuzzy inference, led to the development of the adaptive neuro-fuzzy inference system 
(ANFIS). It has learning and adaptive capabilities, to approximate nonlinear functions, 
and it is considered to be a universal estimator with the potential for application in 
nonlinear and complex systems. The purpose of the chapter is to make an introduc-
tion for this book, highlighting the diversity of possible applications of ANFIS and 
presenting an example of a basic application in modeling and estimation [1].

In the architecture of ANFIS, there are two parts: the premise and the con-
sequence. The neural network architecture has five layers. The first layer is the 
fuzzification layer, where the membership degrees are computed. The second layer 
is the rule layer, that is, generating the firing strengths for the rules. The third layer 
normalizes the computed firing strengths. The fourth layer offers the defuzzificated 
values. The last layer gives the final output. Over the years, researchers have con-
tributed to the development both on the side of artificial neural networks, with new 
training methods and neuron activation functions, as well as on the fuzzy logic side, 
with fuzzy inference, membership functions, rule bases, and tuning of parameters, 
resulting in complex and hybrid structures. In ANFIS approaches, various optimiza-
tion methods are used such as genetic algorithms, differential evolution, particle 
swarm optimization, shuffled frog leaping algorithm, satin bowerbird optimization 
algorithms, metaheuristic techniques, or nature-inspired algorithms [2].

ANFIS, as a universal estimator, has found applications in various sectors of human 
activity, such as industry (mechanics, electrical engineering, power systems, electronics, 
and chemistry), economy, business, finance, medicine, biology, and in many scientific 
fields such as modeling, prediction, machine learning, big-data technologies, control 
systems, expert systems, and others. This concept has been used for several decades 
in various modeling and prediction applications. Researchers in ANFIS develop new 
concepts and tools which enhance human understanding and improve the specialist’s 
ability to design and implement high-performance systems. The researches cover aspects 
of ANFIS architectures, optimization techniques, applications of ANFIS as a universal 
estimator in modeling, and prediction in different domains of activity [3–17]. Thus, 
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several applications can be listed: in power plants and power distribution networks, in 
metallurgy in the design of aluminum alloys, in the chemical industry for specific wear 
rate modeling of poly-tetra-flouro-ethylene composites, in electrical engineering, for 
inductance profile estimation for switched reluctance motors, for the definition of focal 
length for zoom lens for digital cameras, an adaptive filtering application as channel 
equalizer for mobile cellular channels, in medicine, as an application in health monitor-
ing based on multisensor, data fusion and 2D wavelet transform, in civil engineering for 
prediction of compressive strength of manufactured sand concrete, in tracking disasters 
in the environment for spatial prediction of landslide susceptibility, in computer science, 
for data classification, application to identifying the online bearing fault, by filtering 
impulse noise, or for improving estimation algorithms for distributed parameter systems 
using sensor networks.

2. Example

2.1 Method

ANFIS has a certain capability of modeling a nonlinear function. Because it is a 
neural network with five layers, it can be said that the approximation function results 
as a function composed of five other functions. It is possible to try to use ANFIS for 
modeling, approximating, or estimating a nonlinear function of several variables, but 
the obtained result will have a certain error greater or less depending on multiple con-
ditions of the process of obtaining ANFIS, such as the amount of training data used, 
depending on the structure used for the display, depending on the training method, 
depending on the available computing power, and others.

ANFIS can be seen as a function of n variables, as a mathematical application on 
the set of real numbers with values in the set of real numbers:

 →: nf R R  (1)

ANFIS is recommended among recent computing techniques because of their tools 
to deal with nonlinear modeling. Such an example is presented recently in [18].

We are choosing a similar example, a nonlinear function with two variables, the 
sinc function:

 ( ) 2 210sin
, , 10, 10 , 10, 10

r
z r x y x y

r
= = + ∈ − ∈ −        (2)

The graphic of this function is presented in Figure 1.
The chosen example of modeling a nonlinear multivariable function is suitable to 

use neuro-adaptive learning.
To make calculation for this example, the neuro-fuzzy designer and fuzzy-logic 

designer apps from MATLAB 2018 and 2023 were used. These apps let the user to 
design, train, and test adaptive neuro-fuzzy inference systems, using input/output 
training data, as shown below.

The fuzzy inference system is a mathematical concept that has the following infor-
mation flow: crisp characteristics from the inputs—membership functions—fuzzy 
rules for the inputs—fuzzy rules for output characteristics—output membership 
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functions—a single-valued output, or a decision associated with the output. So, 
membership functions and a rule structure are used, the processes being developed 
based on the user’s experience of working with the process. The system applies fuzzy 
inference techniques. In the ANFIS concept, a neuro-adaptive learning method 
is used, for learning information about an input-output data set of training. The 
membership function parameters resulted after training. The membership functions 
of the fuzzy inference system are trained using a back propagation algorithm alone 
or in combination with a least squares method. A gradient vector is used to compute 
these parameters. We may say the fuzzy system can learn from the data it is modeling. 
The parameters of the membership functions may be changed through the learning 
process. The resulted neural network can interpret the input/output map. The gradi-
ent vector provides a criterion of modeling quality, in reducing the training errors. 
The error criterion is the sum of the squared difference between actual and desired 
outputs. The data are taken from Eq. (2). The modeling approach resembles system 
identification techniques. In the first stage, the equations are used as a parameterized 
model structure. This model is a relation from inputs to membership functions to 
rules to output to membership function and so on. In the second stage, input/output 
data are collected to train the ANFIS. The training data must be fully representative 
for the system characteristic to be modeled. A high number of samples are recom-
mended. The second stage is the model validation, in which a set of input/output data 
is presented to the trained ANFIS, to see how well the ANFIS predicts the correspond-
ing data set output values. The data set for model validation must be also representa-
tive for the system is intended to emulate, but in the same time, it must be distinct 
from the training data set. This is to avoid a trivial validation procedure. Again, a large 
amount of data is necessary. In this stage, the generalization capability of the ANFIS 
is checked. Also, the procedure verifies whether the model is overfitting the training 
data set.

The following phases are completed within the application: calculation of 
membership function parameters, generating an initial inference system based on 
the training data, establishing the structure of the system before training, avoiding 

Figure 1. 
Graph of the function.
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overfitting using additional checking data, testing the generalization capability of 
the trained system using testing data, and exporting the resulted fuzzy system to 
the computing workspace. In this case, the fuzzy inference system is trained for 
one output and two inputs. A weighted average defuzzification is used. The output 
membership function is linear. The number of rules matches the number of out-
put membership function. Every rule has a different consequence. It does not use 
custom membership functions. Neuro-fuzzy designer is an app from control system 
design and analysis. The neuro-fuzzy designer MATLAB application may be used for 
designing, training, and testing adaptive neuro-fuzzy inference systems (ANFIS), 
using input/output training data. 

 The architecture of the PC used for training consists of a processor Intel i9, 12th 
generation, with 3 GHz clock frequency and 32GB RAM memory at 3.4 GHz .  

  2.2 Results 

 As presented in the method, a fuzzy inference system is chosen for training, 
based on Sugeno-type inference, with two inputs and one output, the neural network 
having three hidden layers. Tests were performed with various input membership 
functions. The present result was obtained with generalized bell-type membership 
functions. Tests were performed with three and five input membership functions. 
The tests with five membership functions required extremely long calculation times 
and, contrary to expectations, gave larger mean squared errors. 16.008.001 input-
output test pairs were used for training. The number of tunable parameters was 45. 
The optimization method was least squares estimation with backpropagation. The 
fuzzy inference structure was trained once from error 1.64, during 100 epochs, until 
error 1.032. The structure obtained after the first training was trained a second time 
from error 1.03 to error 0.827, during another 100 epochs. The layers of the ANFIS 
structure used in this example are presented in   Figure 2  . The graphs of the error 
variation during the two training periods are shown in   Figure 3a   and   b  . The varia-
tions of wind values, for the two workouts, are presented in   Figure 4a   and   b  . The 

  Figure 2.
  ANFIS internal structure.          



5

Introductory Chapter: ANFIS for Modeling Multivariable Nonlinear Functions
DOI: http://dx.doi.org/10.5772/intechopen.1004337

final, minimal training RMSE, of the ANFIS as an example, was 0.827. The structure 
of the tuning ANFIS is presented in Figure 5. The membership functions of the first 
input and second input are presented in Figure 6a and b. The membership functions 
of the output are presented in Figure 7. The rule base is presented in Figure 8. An 
example of ANFIS rule inference is presented in Figure 9. The surface of the tuned 

Figure 3. 
Training convergence graph.

Figure 4. 
Numerical variation of the training error.
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ANFIS is presented in Figure 10. Figure 11 shows the ANFIS output after the first and 
second training on the same graph. The error surface obtained for the output of these 
two trained structures is presented in Figure 12. A validation set with 40.401 input-
output pairs was used for validation. Figure 13 compares the outputs of the trained 
ANFIS and the outputs of the training set on the same graph.

3. Conclusion

The chapter presents an example of the development of an ANFIS structure for 
modeling the function sinc, a nonlinear function of two variables. The stages through 
which training and validation were carried out are presented. Training results are 
presented. The ANFIS structure is a standard one, with two inputs, three membership 

Figure 6. 
(a) Membership functions of input 1. (b) Membership functions of input 2.

Figure 5. 
ANFIS structure after training.
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functions for each input, an inference layer with nine nodes and one output with 
linear activation function. This structure was trained using a huge amount of training 
pair data. Many training sessions were made, with different parameters. The training 
was made in two stages, both with 100 epochs, to reduce the training error. The error 
decreased aperiodic, asymptotically. The descending step of backpropagation was 
modified automatically at several epochs. The training had to adapt 45 parameters, 
including the membership functions of the input and output. The membership 
functions had the shape of the generalized bell. The membership functions of the 
two inputs are similar. The membership functions of the output, in the number of 
nine, are linear. The rule base has nine rules. The example shows that a large number 
of trainings are necessary, using various ANFIS structures and various training sets, 
and also as a result of the experiments carried out, it turned out that huge comput-
ing resources are needed, with millions of training sets and high computing power. 
The duration of the calculations for training amounted to several hours. After the 
tests, a structure may be chosen that resulted with a minimum mean squared error. 

Figure 7. 
The membership functions of the output.

Figure 8. 
The rules of inference.
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Figure 10. 
Graph of the ANFIS function.

Figure 9. 
Example of an inference graph.
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Figure 11. 
Output graphs after the first and second training.

Figure 12. 
Spatial plot of errors.

Figure 13. 
Output graphs: blue – for training data, red – validation output.
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The approximation errors vary a lot on the surface of the nonlinear function, being 
on certain portions small, acceptable, but on other portions quite large, having to be 
reduced through other attempts. It is likely that, by doing other trainings, a structure 
can be obtained that ensures, maybe, smaller approximation errors, but there is no 
such sure certainty.

© 2024 The Author(s). Licensee IntechOpen. This chapter is distributed under the terms of 
the Creative Commons Attribution License (http://creativecommons.org/licenses/by/3.0), 
which permits unrestricted use, distribution, and reproduction in any medium, provided 
the original work is properly cited. 
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Chapter 2

Design of an Adaptive
Neuro-Fuzzy Inference System
(ANFIS) for Tractor-Implement
Tillage Depth Control
Aristide Timene, Ndjiya Ngasop and Haman Djalo

Abstract

During ploughing operations, variations in soil conditions cause ploughing depth
errors. This chapter presents the designed of a neuro-fuzzy controller to decrease
tractors ploughing depth errors. The tractor’s electrohydraulic lifting system
consisting of pump, valves and cylinders, position and force sensors, and the
neuro-fuzzy controller, is modeled using MATLAB software. The aim of this study
is to control the draft force and the position of the lifting mechanism using a
controller based on the Adaptive Neuro-fuzzy Inference System (ANFIS). After
several simulations, the performance of the proposed controller is analysed and
compared with that of a Proportional Integral Derivative (PID) controller and a
fuzzy logic controller. The performance index based on the Integral Time
Absolute value Error (ITAE) criterion indicates a value of 0.32 in the case of the
neuro-fuzzy controller; this is almost half the value of the PID controller, which is
0.76. In addition, the values of the standard deviations on the desired depth for
the proposed controller are lower than those obtained by the PID controller
and those of the fuzzy controller. The results obtained show that the neuro-fuzzy
controller adapts perfectly to the dynamics of the system with rejection of
disturbances.

Keywords: neuro-fuzzy controller, ploughing depth, tractor-implement, hitch
mechanism, electro-hydraulic system, simulation

1. Introduction

From the very beginning of our existence, human beings have worked the land and
produced their own food to sustain life. Good soil preparation helps crops get off to a
good start, improves water infiltration and facilitates root penetration. There is gener-
ally a correlation between ploughing depth and crop yield gain. Tractors are the main
source of power for ploughing implements. For optimum tractor performance during
soil preparation, the tractor’s electro-hydraulic lifting system is used to control
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ploughing depth [1]. The tractor’s electro-hydraulic lifting system consists of three main
parts, namely the three-point hitch mechanism, a hitch control valve, and an electronic
control unit. The tractor’s three-point hitch mechanism was invented by Harry
Fergusson in 1925 to lift, lower and transport hitched implements. When ploughing, the
system remains in a floating position so that the plough operates at a constant working
depth and can follow the soil surface even in undulating conditions [2].

On an agricultural tractor, the following operating modes are possible, position
control and draft control [1]. Draft control adjusts the depth of the implement under the
soil according to the force value from the ground during the tillage process. The force
applied from equipment to the tractor depends on the equipment depth, soil character-
istics, and vehicle velocity. In the position control, the control system arranges the
height of the mechanism according to the given angle input. To improve the control
accuracy of a tractor’s electro-hydraulic lifting systems, P. Suomi et al. [2] designed a
Proportional Integral Derivative (PID) controller to adjust the seeding depth of a tractor
mounted seed drill. However, variations in soil structure were the main cause of system
disturbances and errors during seeding. Moreover, the tractor’s electro-hydraulic system
is strongly non-linear and time-lag and the PID controller which is linear control, cannot
solve the problems. Han et al. [3] designed a fuzzy logic controller to adjust the tillage
depth of the implement. This controller made it possible to decrement variations in
ploughing depth while increasing the tractor’s tractive efficiency. Subsequently, Shafaei
et al. [4] developed a fuzzy controller for ploughing depth as a function of draft force for
various agricultural implements. The results indicated that the application of fuzzy
controller rather than the standard controller available on the tractor resulted in an
increase in tractive efficiency and overall energy efficiency. In addition, ploughing
depth error, drive wheel slip and fuel consumption were reduced.

Although the fuzzy controller achieve good control accuracy, there are still some
short-comings to overcome, including the designing of fuzzy inference system. The
design of fuzzy inference system is based on knowledge acquired by expert operators.
However, operators may not be able to translate their knowledge and experience into
the form of a fuzzy logic controller. In addition, sometimes the area of expertise is not
available. So it would be interesting to have algorithms for automatically learning
fuzzy parameters (sets and fuzzy rules). One method for meeting these requirements
is the Adaptive Neuro-fuzzy Inference System (ANFIS). This study uses the simula-
tion software to design a neuro-fuzzy controller for tractor’s electro-hydraulic lifting
system based on ANFIS.

Indeed, Adaptive Neuro-Fuzzy Inference System (ANFIS) have been widely
employed in control engineering with satisfactory in terms of high robustness, easy
settling time, zero peaks overflow [5–8]. The remainder of the chapter is organised as
follows. The second section presents the hitch-implement model. The third section
describes the electro-hydraulic actuator model. The fourth section presents the control
strategy. The fifth section present the MATLAB/Simulink simulation and the obtained
results are commented. The last section conclude the chapter.

2. Modelling of hitch-implement mechanism

2.1 Kinematic and dynamic analysis

Modelling begins with a kinematic and dynamic analysis of the hitch-implement
system. In the study proposed by Bentaher et al. [9], the coordinates of each joint are
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calculated in the Cartesian reference frame (xo, yo, zo) with Io, the center of the shaft
connecting the rear wheels, as the point of origin. G is the tillage application point.
Figure 1 shows the different views of the system to bemodelled. In this figure, the lower
links are identified by B1D1 and B2D2 of identical length L1, the lift rods are identified by
A1C1 and A2C2 of identical length L2, the lift arms are identified by O1A1 and O2B2 of
identical length L3, and the upper link is identified by EK of length L4, rock shaft angular
position. The longitudinal component of the (tillage force) draft load is Fx, the vertical
component of the draft load is Fy, and the lateral component is Fz.

To simplify the calculation of forces, the three-point hitch system is modelled by
ties and pin joints. The position of the implement on the ground is determined by the
following equations:

xG ¼ xD þ IH
yK � yD

IK

� �
þHG

xK � xD
IK

� �
(1)

yG ¼ yD �HG
yK � yD

IK

� �
þ IH

xD � xK
IK

� �
(2)

A calculation program is then developed to determine these coordinates. The
inputs to this program are the characteristics of the tractor taking into account the
Cartesian coordinates of O, B, E, and the parameters L1, L2, L3, L4, IK, IH, HG.

Figure 2 shows the forces acting on the system, Cg and mg are respectively the
centre of gravity and the weight of the implement frame, and Ri is the reaction at point i.

Figure 1.
Rear view (a), side view (b) and upper view (c) of the hitch-implement system.
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The equilibrium of the lower left link is determined by the system of equations below:
gRDx þ gRBx þ gRCx ¼ 0

gRCy zC � zBð Þ � gRCz yC � yB
� �þ gRDy zD � zBð Þ � gRDz yD � yB

� � ¼ 0
gRCx yC � yB

� �� gRCy xC � xBð Þ þ gRDx yD � yB
� �� gRDy xD � xBð Þ ¼ 0

gRCy xC � xBð Þ � gRCx zC � zBð Þ þ gRDz xD � xBð Þ � gRDx zD � zBð Þ ¼ 0
gRCx

xA � xCð Þ ¼
gRCy

yA � yC
� � ¼

gRCz

zA � zCð Þ ¼
gRC

L2
(3)

here, Rij is the reaction at point “i” along the direction “j”, xi, yi and zi are the
Cartesian coordinates of point “i” and “g” indicates the left side of the hitch-
implement system [9]. The balance of the lower right-hand link is similar (with d for
the right-hand side). The system of equations below is derived from the equilibrium
position of the implement (Figure 2):

Fx ¼ gRDx þ dRDx þ RK
xK � xE

L4

� �

Fz ¼ gRDz þ dRDz

Fy ¼ gRDy þ dRDy þ RK
yK � yE

L4

� �
þmg

zD dRDy � gRDy
� � ¼ Fz yG � yD

� �þmg zCg
� �

yK � yD
� �

xK � xEð Þ � xK � xDð Þ yK � yE
� �� �RK

L4
¼ Fx yG � yD

� �� Fx xG � xDð Þ þmg xCg � xI
� �

Fz ¼
dRDx � gRDx
� �

xG � xDð Þ zD

8>>>>>>>>>>>>>>>>>><
>>>>>>>>>>>>>>>>>>:

(4)

Figure 2.
Force diagram of the hitch-implement system.
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Here, Fx, Fy and Fz are the orthogonal components of the draft load at point G. The
solutions of these equations give the three orthogonal components of the draft load.

Fx ¼
xK � xEð Þ xD � xBð Þ yK � yD

� �þ xG � xKð Þ xD � xBð Þ yK � yE
� �� xK � xEð Þ xG � xDð Þ yD � yB

� �

xD � xBð Þ yG � yD
� �� xG � xDð Þ yD � yB

� �
" #

�RK

L4
þ xC � xBð Þ yA � yC

� �� xA � xCð Þ yC � yB
� �

xD � xBð Þ yG � yD
� �� xG � xDð Þ yD � yB

� �
" #

xD � xGð Þ
L2

gRC þ dRC
� �

þ xD � xBð Þ xG � xCg
� �

xD � xBð Þ yG � yD
� �� xG � xDð Þ yD � yB

� �mg

(5)

Fz ¼
xC � xBð Þ yA � yC

� �� xA � xCð Þ yC � yB
� �

xD � xBð Þ yG � yD
� �� xG � xDð Þ yD � yB

� �
" #

zD
L2

gRC þ dRC
� �

þ xB � xDð ÞzCg
xD � xBð Þ yG � yD

� �� xG � xDð Þ yD � yB
� �mg

(6)

Fy ¼
xK � xEð Þ yK � yG

� �
yD � yB
� �þ xD � xKð Þ yK � yE

� �
yD � yB
� �þ xD � xBð Þ yK � yE

� �
yG � yD
� �

xD � xBð Þ yG � yD
� �� xG � xDð Þ yD � yB

� �
" #

�RK

L4
þ xC � xBð Þ yA � yC

� �� xA � xCð Þ yC � yB
� �

xD � xBð Þ yG � yD
� �� xG � xDð Þ yD � yB

� �
" #

yD � yG
� �

L2

gRC þ dRC
� �

þ xD � xBð Þ yG � yD
� �� xCg � xD

� �
yD � yB
� �

xD � xBð Þ yG � yD
� �� xG � xDð Þ yD � yB

� � mg

(7)

These equations allow the hitch-implement mechanism to be sized according to the
category of tractor. As there is a wide variety of implements, the three-point linkage
must be designed taking into account the standards for agricultural machinery, in
order to connect each implement smoothly to the tractor [10, 11]. Tractors are divided
into four main categories (Table 1), and the design constraints for the three-point
hitch mechanism are established according to the tractor category.

2.2 Computer-aided design

The tractor three-point hitch mechanism was modelled in SolidWorks. The
mechanical assembly of the system is shown in Figure 3. The tractor used is a Cate-
gory 2, with a maximum lifting capacity of 3546 kg and 90 horsepower [10, 12].

The base of the cylinder is fixed to the main frame of the tractor, its rod to the
lifting arm, and it has a total stroke of 180 mm. In the remainder of this work, we use
data supplied by the Nebraska Tractor Test Laboratory to design the three-point hitch

Category Engine Power (kw)

1 Up to 48

2 Up to 92

3 80 to 185

4 150 to 350

Table 1.
Tractor categories [10].
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mechanism [12]. The dimensions of the model are given in Table 2. Figure 4 shows
different views of the modelled three-point hitch mechanism.

The necessary connections such as cylindrical, revolute and spherical joints are
defined in SolidWorks. The CAD model is then exported to MATLAB/Simscape
Multibody. This is an XML data file of the Solidworks model. This is done using the
“smimport” function. The data in this file contains the block parameters for
MATLAB/Simscape Multibody. Since the entire mechanism is exported from

Figure 3.
Computer aided design (CAD) of a tractor three-point hitch mechanism.

Part name Measure

Lower link length (L1) 946 mm

Lift rod length (L2) 765 mm

Lift arm length (L3) 295 mm

Upper link length (L4) 650 mm

Vertical length from upper link pivot point to lower link pivot point (L5) 460 mm

Vertical length from lift arm pivot point to upper link pivot point (L6) 130 mm

External lift cylinder length (L7) 380–560 mm

Stroke of the cylinder 180 mm

Mast Height 610 mm

Table 2.
Three-point linkage parameters [12].
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SolidWorks, all moments of inertia and masses are taken into account. Once in
MATLAB, the implement properties are defined. The MATLAB model of the hitch-
implement mechanism is shown in Figure 5.

Figure 4.
Front view, left view, top view and trimetric view of the three-point hitch mechanism in SolidWorks.

Figure 5.
Hitch-implement mechanism in MATLAB.
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In this work, two implements were used: a chisel plough and a moldboard plough.
The parameters of the implement and the soil resistance (draft load) corresponding to
each type of soil are provided by ASABE (American Society of Agricultural and
Biological Engineers) [13]. The draft load is expressed by:

F ¼ Ts � aþ b� V þ c� V2� ��We �Hd (8)

with, F the implement draft load (N),Ts the soil texture for a category s. a, b and c
are parameters of the second order polynomial fit. a is in N/cm per unit, b is in N/cm
per unit per m/s, c is in N/cm per unit per m2/s2. V is the tractor speed (m/s).We is the
width of the implement (m) or the number of tines. Hd is the ploughing depth (cm).

The Simulink model of the hitch-implement mechanism has four inputs as shown
in Figure 5. Ports B and R are the inlets through which the oil supplied by the
hydraulic valve drives the cylinder. The other two inputs are the components of the
draft load (Fx and Fy), its represent the disturbances due to the structure of the
ground, acting on the implement (Table 3). As lateral forces are neglected, the z axis
is not taken into account. The Simulink model has two outputs. The red block repre-
sents the signal from the lifting arm and the green block represents the signal from the
lower links. The resistance of the soil imposes a significant draft load on the tractor.
This draft force is measured using sensors located on the lower links. The position of
the implement is measured using sensors located on the lifting arms. The hitch-
implement mechanism is controlled by interpreting the values measured by these
sensors. Table 3 shows the parameters of the implement used; details of the variables
can be found in [13].

3. Modelling the electro-hydraulic system

The actuator of the hitch-implement mechanism is the tractor’s electrohydraulic
system (Figure 6). It comprises three main parts: a hydraulic pump, a servo-valve and
a cylinder. Two signals act on the valve coils to open and close the servo-valve ports.
Ports B and R are the outputs from the actuator to the hitch-implement mechanism.

Parameters Chisel plough Moldboard plough

ploughing depth(cm) 30 10

Weight (kg) 380 200

A 107 116

B 6.3 0

C 0 2.3

Soil type clay Fine

Working width (m) 2.1 1.04

Tractor speed(km/h) 7 5

Draft force (N) 8095 2429

Draft range (%) 50 40

Table 3.
Implement and field parameters [13].
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3.1 Pump modelling

The tractor engine drive the pump at 1500 rpm. It supplies a flow rate of 60 l/min.
The pressure is limited to 194 bar with a pressure limiter fitted to the main distribu-
tion block limits. Table 4 gives the parameters of the pump used.

The flow rate of the hydraulic circuit (Q) is expressed as follows:

Q l=minð Þ ¼ Cyl cm3=tr
� �� ω rpmð Þ=1000 (9)

Oil is one of the most critical parameters in a hydraulic system. Depending on the
specification of the oil, the characteristics of the system could be radically altered.
Most tractor manufacturers recommend Opet Fulltrac Fluid X 10 W-30 hydraulic oil
[14]. Since the specifications of SAE30 oil are very similar to those of Opet Fulltrac
Fluid X 10 W-30 oil, SAE30 oil is chosen as the system oil in Simulink.

Once the hydraulic flow has been pressurised using the pump, it is routed to the
servo-valve along a line. To control the hydraulic flow, a servo-valve is used in the
system. On the tractor, the servo-valve controls are electrics.

3.2 Modelling the lift valve

The BOSCH EHR5 type, two-module servo-valve is used to direct the flow of oil
from the pump to the cylinder [15]. Figure 7 shows the hydraulic circuit of the valve.
The pressure compensator (1), the lifting module (2), the lowering module (3) and
the non-return valve (4) are the valve components. With A the oil line from the valve

Figure 6.
Tractor’s electrohydraulic hitch system.

Description Symbol Value Unit

Pump displacement Cyl 25,4 cm3/tr

Maximum system pressure pm 194 bar

Maximum engine speed ωm 2300 tr/min

Pump/motor ratio K 1,08

Table 4.
Hydraulic pump parameters.
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to the cylinder, P the line from the pump to the valve, R1 the line allowing the return
of oil from the cylinder to the tank, R2 the line allowing the return of valve oil from
the compensator to the tank.

3.2.1 Modelling the pressure compensator

The compensator (1) is a 2-position 2-way hydraulic operation actuator spring-
actuated directional control valve. It is usually closed with the help of the spring.
When the pressurised oil passing line A and reaches the compensator (1), without any
signal, the compensator valve (1) is closed with the help of the spring. Then,
pressurised fluid cannot pass the valve and cannot reach the tank [15]. The compen-
sator only acts on the lifting module. The lowering module has no compensator. In
fact, the lifting mechanism moves downwards using the weight of the implement and/
or external forces such as the draft load. This system is modelled in MATLAB/
Simulink. The maximum travel of the valve is 10 mm. The orifice opening are is
computed as follows:

h ¼ x0 þ x (10)

Where h is the orifice opening, x0 the initial opening, x control member displace-
ment from initial position.

3.2.2 Modelling the lifting module

Lifting module (2) is a 2-position 3-way solenoid actuator spring-actuated direc-
tion a control valve. Typically, if an electrical signal is not given to the solenoid of the
valve, pressurised fluid does not pass through the lifting module. If the electrical input

Figure 7.
Hydraulic circuit of the BOSCH EHR5 valve [15].
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is given to the solenoid, then the solenoid opens gradually according to the value of
the given electrical signal current [15]. Meanwhile, lifting module solenoid takes the
electrical signal only from lifting the current signal, which comes through controller.
The characteristic curves of the lifting and lowering module are shown in Figure 8.
The solenoid valve of the lifting module is initially closed with a stroke of 1 mm, and
its maximum opening is 3.5 mm.

The orifice openings are computed separately for each flow path in terms of the
respective opening offset:

hPA ¼ hPA0 þ x (11)

hAT ¼ hAT0 ‐x (12)

where hPA and hAT are the orifice openings of the P-A and A-T flow paths. hPA0
and hAT0 are the opening offsets of the P-A and A-T flow paths. x is the spool
displacement relative to what in the zero-offset case is a fully closed valve.

3.2.3 Modelling the lowering module

The logic of the lowering module (3) is almost similar to that of the lifting module.
It is initially closed with a stroke of 1 mm, and its maximum opening is 3.5 mm.

The schematic diagram of a tractor’s electrohydraulic lifting system is a closed-loop
system (Figure 9). The first block is the operating unit, where control values are
recorded. The red block is the tractor’s electronic control unit. The control deviation
resulting from the target/actual comparison is processed in the control unit and
transmitted to the hitch control valve. The blue block contains the electrohydraulic
actuator, where the hydraulic pump delivers a flow of oil to the hitch control valve,
which in turn actuates the hitch cylinder. In the green block, the hitch cylinder acts on
the lift arm so that implements can be lifted, held or lowered. The position sensor
signal and the draft sensor are the feedback elements of the mechanism.

Figure 8.
Characteristic curves of the lifting and lowering modules [15].
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4. Controller design

4.1 Mixed position-force control strategy

Position control involves adjusting the height of the implement above the ground,
according to Eq. (13):

e ¼ Hd �Hm (13)

with e the depth deviation, Hd the desired depth and Hm the measured depth.
Force control consists of adjusting the height of the implement as a function of the

draft load, using Eq. (13):

Hd ¼ F
Ts � aþ b� V þ c� V2� ��We

(14)

The depth deviation can be expressed using Eq. (13):

e ¼ Fd � Fm

Ts � aþ b� V þ c� V2� ��We
(15)

with e the depth deviation, Fd the desired force and Fm the measured force.
Here, the participation ratio of desired position and force is adjusted according to

the mixing coefficient (M). The deviation in ploughing depth in mixed control can be
written as follows:

e ¼ Fd � Fm

Ts � aþ b� V þ c� V2� ��We

 !
Mþ Hd �Hmð Þ 1�Mð Þ (16)

When the mixing coefficient M = 0, the system is in “position control” mode;
when M = 1, the system is in “draft control”mode; when 0 < M < 1, the control mode
is mixed.

4.2 Design of the neuro-fuzzy adaptive controller

The general architecture of the Adaptive Neuro-Fuzzy Inference System (ANFIS)
comprises 5-layer neural network, where each layer corresponds to the realisation of a

Figure 9.
Block diagram of the tillage depth control system.

24

Adaptive Neuro-Fuzzy Inference System as a Universal Estimator



step in a Takagi Sugeno-type fuzzy inference system [16]. For simplicity, we assume
that the fuzzy inference system has two inputs x and y, and z as its output
(Figure 10).

The first layer enables the fuzzification of inputs x and y. Each neuron i in this
layer corresponds to a linguistic variable. The inputs x and y are fuzzified using the
membership functions of the linguistic variables Ai and Bi, (generally of triangular,
trapezoidal or Gaussian form). Gaussian membership functions are defined by:

μAi
xð Þ ¼ exp � x� cið Þ2

2ai2

 !
for i ¼ 1, 2 (17)

where ci is the center and ai the width of the membership function. These param-
eters are called “premises”. The outputs of the first layer are as follows:

O1
i ¼ μAi

xð Þ (18)

with μAi
xð Þ the degree of membership of the value x.

The second layer receives the output of each fuzzification node and calculates its
output value using the product operator. This operator uses the derivability constraint
to deploy the learning algorithm, with each node performing a fuzzy T-norm. The
outputs of this layer are the rule weights, obtained by:

O2
i ¼ wi ¼ min μAi

xð Þ, μBi
yð Þ� �

for i ¼ 1, 2 (19)

The third layer normalises the results provided by the previous layer. The results
obtained represent the degree of involvement of the value in the final result.

O3
i ¼ wi ¼ wiP2

i¼1wi
(20)

Figure 10.
ANFIS system architecture [16].
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The fourth layer is linked to the initial inputs. The result is calculated as a function
of its input and a first-order linear combination of the initial inputs (Takagi - Sugeno
approach). This is the defuzzification phase.

O4
i ¼ wizi ¼ wi � pixþ qiyþ ri

� �
(21)

where wi is the output of the third layer, pi, qi et ri and are parameters referred to
as: consequents.

The output layer consists of a single neuron that calculates the sum of the signals
from the previous layer, so:

O5
i ¼

X2
i¼1

wizi (22)

From the proposed architecture, we can see that there are two layers with adaptive
parameters. Initially, the non-linear premises parameters (ai, ci) in layer 1, decide on
the shape and position of the membership functions, and finally, the consequent
parameters (pi, qi, ri) realise a first-order linear combination of the initial inputs.
These parameters are updated to minimise errors, using various learning algorithms
like gradient descent only, Gradient descent and least-squares estimation (hybrid
algorithm). In fact, the hybrid learning approach converges much faster than others.
For this reason, it is this approach that we develop in the remainder of this work.

The MATLAB/Simulink environment was used to create, train and test the ANFIS
model. First of all, the data for training and testing had to be loaded into the anfis
editor. To this end, a PID controller is designed and applied to the system in order to
obtain a set of input and output data for training. The parameters of the designed PID
controller when the implement is lifted and when the implement is lowered are
summarised in Table 5.

Before training in MATLAB/neurofuzzy, the data are divided into a three-
dimensional vector, with 15% of the data set used for testing, 15% are used for
verification, and 70% for training. Then, for the two inputs (e and ce), the initial
membership functions are chosen. We then define the number of iterations and the
desired learning error. Once these parameters have been defined, training can begin.
Using a hybrid least-squares and back-propagation gradient descent algorithm
method, MATLAB constructs a suitable Fuzzy Inference System (FIS). Figure 11
shown he flowchart for the ANFIS method.

The hybrid algorithm performs a number of loops to minimise the error on the
training data. A series of tests are carried out until an optimal architecture is obtained.
The test results are summarised in Table 6.

After several trials and 20 iterations, a suitable neuro-fuzzy controller was
obtained. The neuro-fuzzy controller obtained has seven Gaussian combination

Parameters lifting lowering

kp 1,22 0,612

Ki 0 0

Kd 0 0,174

Table 5.
PID controller parameters.
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membership functions for the two inputs. After training, the error tolerance is close to
zero. The membership functions obtained are shown in Figure 12.

The structure of the resulting neuro-fuzzy controller is shown in Figure 13 with:

Figure 11.
Flowchart of the ANFIS method.

Membership function Learning square error Test square error Number of iterations

Triangular 3.9% 4.4% 56

Trapezoidal 1.2% 1.9% 37

Gaussian 0.28% 0,31% 20

Gaussian2 0,28% 0,30% 80

Table 6.
Architectures obtained after various trials.

Figure 12.
Membership functions after learning.
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• input: representing the two input variables (e) and (ce);

• inputmf: representing the membership functions of seven fuzzy sets for each
input;

• rule: evokes and normalises the weights of the rules;

• outputmf: representing the defuzzification stage and the last layer gives the sum
of all the data.

Figure 14 illustrates the principle of the proposed controller. The user enters the
parameters of the desired depth Hd, the mixing coefficient M and the desired draft
force Fd, from the operating unit. The signals from the force sensor and the position
sensor are measured on the hitch mechanism and compared with the desired param-
eters. The ‘mixing position and draft’ module collects the above signals and uses
Eq. (16), to calculate the deviation in depth e. From the deviation in depth e and its
derivative ce, the ‘neuro-fuzzy’module then sends the corresponding command value

Figure 14.
Schematic diagram of the controller.

Figure 13.
Structure of the developed neuro-fuzzy controller.
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to the electrohydraulic valve which adjusts the working depth. To lift the implement,
a positive signal is sent to the solenoid of the valve and the lifting valve control signal
must be within an operating range of 1 to 3.35 A. A negative signal is sent to the
solenoid of the valve to lower the implement, and the lowering valve control signal
must be within an operating range of �1 to �3.35 A.

5. Analysis and interpretation of results

In this section, simulation tests are provided to show the effectiveness of the
proposed neuro-fuzzy controller. The working depth errors during tillage operations
with chisel and moldboard ploughs are examined. Chisel ploughs are designed for
primary tillage with working depths of up to 45 cm. Moldboard ploughs are designed
for soil tilth and seedbed preparation. Using the data in Table 3, the disturbance
forces due to soil structure are of the order of �4048 N for chisel plough, and for
moldboard plough.

Simulation scenarios are carried out (Figures 15–17) on the chisel plough for
different values of mix coefficient M, when the desired ploughing depth is 30 cm.
Figure 15 illustrates the variations around the desired working depth under PID and
neuro-fuzzy control for M = 0. Between the instants t = 5 s and t = 55 s, the implement
shows more variation around the desired working depth under PID control than under
neuro-fuzzy control. This is due to the faster response of the neuro-fuzzy controller.
Comparisons of the performance of the different controllers are summarised in
Table 7. As shown in Table 7, ploughing depth error under neuro-fuzzy control has a
maximum value of 0.85 cm. this value is significantly reduced compare to the PID
controller, which indicate a maximum ploughing depth error value of 1.61 cm.

Figure 15.
Position of chisel plough for M = 0.

Figure 16.
Position of chisel plough for M = 0.25.
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Figure 16 shows the position of the chisel plough for M = 0.25. It can be seen that
the ploughing depth errors increase. This is confirmed in the illustrations of Figure 17,
where the ploughing errors are considerably greater. This can be justified by the fact
that when the coefficient M increases, the controller takes into account the draft load
as shown in Eq. (16), so the implement becomes more sensitive to soil resistance. This
sensitivity is beneficial in limiting wheel slip, but the implement moves away from the
desired depth when M > 0.5.

Figure 18 shows the variations around the desired working depth (10 cm) of the
mouldboard plough under PID control, for M = 0, M = 0.25, and M = 0.5. We note that
there is no significant variation as the M coefficient increases. This is due to the fact that,
at shallow ploughing depths, soil resistances are reduced. Figure 19 illustrates the posi-
tions of the mouldboard plough under neuro-fuzzy control. With reference to Table 7,
for moldboard plough, the minimal standard deviation in ploughing depth was obtained
in the cases of the neuro-fuzzy control. This leads to the conclusion that, whatever the

Implement Controller M value Depth mean min max Standard deviation ITAE

Chisel plough Neuro-fuzzy M = 0 29.88 29.07 30.85 0.25 0.32

M = 0.25 28.68 27.01 30.23 0.54 2.02

M = 0.5 28.29 26.43 30.28 0.64 2.45

PID M = 0 29.47 28.92 31.61 0.45 0.76

M = 0.25 27.96 26.9 30.70 0.77 2.27

M = 0.5 27.67 26.22 30.96 0.78 2.71

Moldboard plough Neuro-fuzzy M = 0 9.94 9.66 10.18 0.09 0.11

M = 0.25 9.84 9.51 10.23 0.11 0.41

M = 0.5 9.69 9.23 10.08 0.17 0.65

PID M = 0 9.93 9.28 10.52 0.20 0.23

M = 0.25 9.83 9.15 10.52 0.21 0.63

M = 0.5 9.68 8.95 10.34 0.25 0.86

Table 7.
Performances of the different controllers.

Figure 17.
Position of chisel plough for M = 0.5.
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type of implement used, the neuro-fuzzy controller offers a faster response and enables
the implement to follow the desired working depth more accurately.

In this work, we use the Integral Time Absolute value Error (ITAE) criterion,
to evaluate the proposed neuro-fuzzy controller. We consider the ITAE criterion
defined by:

ITAE ¼
ð∞

0

t e tð Þj jdt (23)

As shown in Table 7 the ITAE values of the neuro-fuzzy controller are lower than
those obtained by the PID controller. The average working depth values reported in
Table 7 indicate that the neuro fuzzy controller considerably reduced ploughing

Figure 18.
Moldboard plough position under PID control.

Figure 19.
Moldboard plough position under neuro-fuzzy control.
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errors. From the observations below, we can conclude that the system offers a great
robustness against perturbations and a better stability using the neuro-fuzzy control-
ler rather than the PID controller.

The results obtained in this work are compared with those obtained in the litera-
ture. Indeed, this problem is addressed by the authors using a fuzzy logic controller on
the tractor’s electro-hydraulic lifting system. These results are reproduced here and
compared with the results found by the Neuro-fuzzy controller (Table 8).

6. Conclusion

This chapter gives detailed information about the design of an adaptive neuro-
fuzzy controller for the tractor’s electro-hydraulic lifting system. Mainly, it focusses
on the modelling and analysis of the hitch-implement mechanism, modelling of the
hydraulic system, controller design, and simulations of the overall system. On the
tractor’s electro-hydraulic lifting system, changes in hydraulic cylinder thrust impose
changes in working depth values. The results of the selected scenarios showed that the
proposed neuro-fuzzy controller can achieve the desired working depth even under
disturbing effects with different ploughing depths and implements. However, the
effect of applying the neuro-fuzzy controller for ploughing operations on fuel con-
sumption, drive wheel slip, energy efficiency and forward speed was not analysed in
this work. These parameters should be taken into account in future work. In addition,
to improve the accuracy of the tractor’s electrohydraulic lifting system, control of
hydraulic pump pressure and flow rate should become a future trend.
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Reference Controller Implement Depth mean Standard deviation

Han et al. [3] Fuzzy — 99,33% 0,66

Shafaei et al. [4] Fuzzy Moldboard plough 85,05% 0,78

Chisel plough 89,17% 0,87

Current study Neuro-fuzzy Moldboard plough 99,6% 0,25

Chisel plough 99,4% 0,11

Table 8.
Comparison with previous works.
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Abstract

A dependable design and monitoring of solar energy-based systems necessitates
precise data on available solar radiation. However, measuring solar radiation is chal-
lenging due to the expensive equipment required for measurement, along with the costs
of calibration and maintenance, especially in developing countries like Nigeria. As a
result, data-driven techniques are often employed to predict solar radiation in such
regions. However, the existing predictive models frequently yield unsatisfactory out-
comes. To address this issue, this study proposes the creation of intelligent models to
forecast solar radiation in Kano state, Nigeria. The model is developed using an ensem-
ble machine learning approach that combines two Adaptive Neuro-Fuzzy Inference
Systems with sub-clustering optimization and grid-partitioning optimization. The
meteorological data used for model development include maximum temperature, min-
imum temperature, mean temperature, and solar radiation from the previous 2 days as
predictors. To evaluate the model’s performance, various metrics like correlation coef-
ficient, determination coefficient, mean-squared error, root-mean-squared error, and
mean-absolute error are employed. The simulation results demonstrate that the ANFIS
ensemble outperforms the individual ANFIS models. Notably, the ANFIS-ENS exhibits
the highest accuracy. Consequently, the developed models provide a reliable alternative
for estimating solar radiation in Kano and can be instrumental in enhancing the design
and management of solar energy systems in the region.

Keywords: solar radiation, prediction, ANFIS, Kano state, Nigeria

1. Introduction

Energy is the most important input for economic development of any country. The
demand for energy in countries has grown extensively owing to the rise in industrial
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sector, technological advancement, and increase in population. However, developing
countries such as Nigeria have inadequate energy resources to address the need for
energy. The swift increase in energy consumption pushes some countries to look for
alternative forms of energy sources. The renewable energy (RE) has essentially con-
tributed to energy output portfolio, its increasing in compared to other fossil fuels
such as coal, natural gas, and petroleum [1–7]. It includes solar, wind, hydro, hydro-
gen, biomass, tidal energy and geothermal [8]. In electricity generation, solar energy
plays a vital role increasingly, it has become one of the most encouraging RE sources
and perhaps calls the attention of countries for being free to access, clean, endless, and
continuous in comparison with fossil fuel. Due to this, recent contribution of solar
energy for electricity generation is accelerating so quickly besides advancement in
solar energy technology, over-reliance on other countries, universal climate change,
and other environmental factors [9, 10].

For electricity generation, photovoltaic (PV) system has been used reliably more
than 40 years ago and the amount of energy produced is at least 480GW [11].
Nevertheless, prior to designing and modelling of PV system for a certain geographi-
cal area, the utilization of PV is limited due to the design challenges solar radiation
(SR) data must be recorded. The possibility of the design could be evaluated using SR
data. Besides PV design, SR data find application in many scientific and engineering
solar works [12]. Due to this, acquiring long-term data for a specific geographical
location is the most precise method. However, it is also impossible to measure SR
everywhere because it is a costly, long, and accurate process. Additionally, because
measurement of radiation values can only be in peculiar areas, values of radiation
cannot be measured in precise way for so many countries. To obtain the SR globally
statistical, experimental and artificial intelligence-based predictive models were
established [8, 13, 14]. Machine Language (ML), which is a subfield of AI, was one of
the familiar methods deployed in predictive studies.

Predicting PV electricity production significantly assists in overcoming this barrier
by facilitating grid management through planning and maintenance. Researchers have
developed a variety of methods to achieve this goal [15]. Forecasting PV electricity
production plays a crucial role in overcoming barriers related to grid management,
planning, and maintenance. Various methods have been developed by researchers to
achieve this objective [16]. The existing literature categorizes solar prediction
methods into three groups: short-term prediction, medium-term prediction, and long-
term prediction. Additionally, to accurately predict solar radiation, four different
models have been identified in the literature: physical models, empirical models,
machine learning models, and statistical models. Physical models, such as sky view-
based models, establish the relationship between solar radiation (SR) and other mete-
orological parameters based on a solid physical foundation. However, the complexity
of atmospheric conditions makes the structure of physical models intricate. On the
other hand, empirical models utilize linear or nonlinear regression equations to fore-
cast solar radiation. While simple and user-friendly, their accuracy is often limited.
Statistical models, including the autoregressive moving-average model (ARMA) and
the autoregressive integrated moving-average model (ARIMA), are developed based
on statistical correlations. They tend to be more accurate than empirical models, but
they struggle to capture nonlinear correlations between SR and other parameters.

Machine learning models, such as artificial neural networks (ANNs), support
vector machines (SVMs), and adaptive neural-fuzzy inference systems (ANFIS),
outperform empirical, physical, and statistical models in both accuracy and applica-
tion. Among these, ANN models like multilayer perceptron (MLP) and radial basis
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function network (RBFN) are commonly used and have demonstrated moderate
accuracy in predicting short-term, medium-term, and long-term SR [17]. The fourth
category consists of hybrid models, which combine two or more methods to enhance
forecasting accuracy. Hybrid models draw on the strengths of each method, resulting
in improved overall performance. Several hybrid models combining machine learning
algorithms, physical models, mathematical methods, and optimization algorithms
have been proposed in the literature [16]. These hybrid models generally outperform
individual methods in terms of prediction accuracy. However, they come with a
drawback of high computational complexity, demanding significant time and space
resources to execute. Moreover, their performance heavily relies on the careful
selection of historical inputs [18]. Machine learning (ML) models have garnered
considerable attention from researchers due to their exceptional prediction accuracy
and user-friendly nature. In a study conducted by [19], they explored the transfer-
ability of Support Vector Machines (SVM) in predicting solar radiation (SR) based on
temperature data. Their findings indicated that SVM could indeed be employed
effectively for SR prediction. Additionally, they observed that factors like the distance
between two locations and diurnal temperature range influenced the accuracy of SVM
predictions. Guermoui et al. [20] presented a temperature-based corrected SVM
model for estimating SR. This novel approach involved combining an SVM model for
SR prediction with another SVM model for SR error estimation, leading to enhanced
SVM performance. In a different study, [21] Linares-Rodriguez et al. utilized satellite
irradiances to predict SR in Spain using the Multilayer Perceptron (MLP) model. The
MLP model demonstrated excellent performance in both clear and cloudy sky condi-
tions. Sözen et al. [22] estimated solar radiation in Turkey using an Artificial Neural
Network (ANN) model, incorporating geographical and meteorological data as input
variables. Their MLP network achieved a Mean Absolute Percentage Error (MAPE) of
6.73%, showcasing its accuracy in predicting solar radiation levels.

ANFIS has been widely utilized in numerous recent studies for solar radiation (SR)
prediction, employing different input variables. For instance, Piri and Kisi [23] devel-
oped an ANFIS model with humidity, sunshine, and temperature data as inputs.
Benmouiza and Cheknane [24] created hybrid models by integrating ANFIS with
various clustering algorithms like grid partitioning, fuzzy c-means (FCM), and sub-
tractive clustering to forecast hourly solar radiation in Algeria. Mohammadi et al. [25]
utilized the ANFIS approach to identify the most crucial input parameters for SR
prediction, concluding that temperature played a critical role. Naderloo [26] predicted
daily solar radiation using both ANN and ANFIS models, with meteorological factors
like temperature, relative humidity, and precipitation as inputs. The ANN model
produced slightly superior results when compared to ANFIS. In another study, Wang
et al. [27] employed ANFIS with grid partitioning and subtractive clustering (ANFIS-
SC and ANFIS-GP), utilizing pressure, sunlight, humidity, and temperature data as
inputs. Nourani et al. [28] estimated daily global solar radiation in Iraq using various
meteorological parameters and compared classical model MLR with various AI
methods, including ANFIS. The ANFIS method outperformed other predictive models
in terms of accuracy. Sthitapragyan et al. [29] estimated the monthly mean global
solar radiation in three different regions in Eastern India using ANFIS, Radial Basis
Function (RBF), and Multi-layer Perceptron (MLP) methods. Among the three, the
ANFIS method showed significantly successful results compared to the meteorological
data. A comparison of different AI models for SR prediction demonstrated that the
ANFIS method is particularly suitable for SR estimation due to its capability to
account for the uncertainty associated with time-series data [30].
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In contemporary research on soft computing and computational methods, a
cutting-edge approach has emerged, involving the integration of distinct machine
learning models into an ensemble framework to synergistically enhance their perfor-
mance. The effectiveness of ensemble machine learning techniques has been demon-
strated across various modeling applications [31–34]. Thus, the current study aims to
leverage this ensemble methodology for estimating solar radiation levels. By applying
the ensemble method to solar radiation estimation, we seek to capitalize on the
strengths of multiple models, thereby potentially improving the accuracy and reli-
ability of solar radiation forecasts.

In this research endeavor, we have developed an advanced ANFIS ensemble
model, which harmoniously incorporates the ANFIS Grid Partition (ANFIS-GP) and
ANFIS Subtractive Clustering (ANFIS-SC) methodologies. By leveraging the unique
strengths of these two ANFIS variants, our approach aims to enhance the precision
and robustness of solar radiation estimation. This innovative ensemble model holds
significant promise as a valuable tool for accurate and reliable solar energy prediction.
The integration of ANFIS-GP and ANFIS-SC enables us to effectively capture complex
relationships inherent in solar radiation data, paving the way for informed decision-
making processes within the renewable energy domain. Our research findings high-
light the potential impact of this advanced model in advancing the state-of-the-art in
solar radiation forecasting and supporting sustainable energy management practices.

2. Material and method

The step-by-step procedure of the entire study is illustrated in the flow chart, as
shown in Figure 1. Our approach introduces three distinct ANFIS models. The first
model is trained using the grid-partitioning optimization method (ANFIS-GP), while
the second model adopts the sub clustering optimization technique (ANFIS-SC). To
maximize the benefits of these optimization approaches, we create a third model by
combining them in an ensemble manner (ANFIS-ENS). This ensemble configuration
allows us to leverage the unique strengths of each model.

The subsequent sections elaborate on how we collected and preprocessed the data,
along with the evaluation procedure used to measure the performance of our devel-
oped models. By following this comprehensive methodology, we aim to achieve accu-
rate and reliable estimations of solar radiation.

The methodology is succinctly outlined in Figure 1 above and can be elaborated
upon in greater detail below:

2.1 Data collection and preprocessing

In this research, we collected a dataset containing daily solar radiation parameters
for the entire year of 2018, spanning from January to December. The parameters
consist of maximum temperature (Tmax), minimum temperature (Tmin), average
temperature (T), and solar radiations (SRk, SRk�1, SRk�2). The study location, Kano, is
positioned at a latitude of 12°030N and a longitude of 12°320E, with an altitude of
approximately 472 meters above sea level. The average height of the study area is
around 472.45 meters. To acquire the data, we obtained information from the Nige-
rian Meteorological Agency (NIMET). The original dataset encompassed various
parameters, including average temperature (T), maximum temperature (Tmax),
minimum temperature (Tmin), precipitation (R), wind speed (WS), relative
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humidity (RH), and solar radiation (SR). To ensure an optimal model, we evaluated
the correlations between these parameters and selected those with a correlation
greater than or equal to 50%. This approach helps avoid including irrelevant parame-
ters that may not significantly impact the output. Figure 2 illustrates the correlation
matrix, revealing a high correlation between var7 (representing solar radiation) and
the first three variables, var1, var2, and var3 (representing mean, maximum, and
minimum temperatures, respectively). Consequently, we only utilized these three
variables for our modeling purposes.

In the context of our study, we have formulated a comprehensive model that
incorporates a range of predictors, including mean, maximum, and minimum tem-
peratures, along with solar radiation data from the preceding 2 days. This mathemat-
ical representation elegantly captures the interplay of these factors, empowering us to
make accurate predictions and draw insightful conclusions. This is expressed mathe-
matically as in Eq. (1) below:

M1 ¼ SRk T,Tmax,Tmin, SRk�1, SRk�2ð Þ (1)

where M1 represents the developed model and SRk denotes the solar radiation to be
predicted or the output of the model. The inputs of the model include:

Figure 1.
Proposed methodology.
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• T, which represents the average temperature.

• Tmax, which signifies the maximum temperature.

• Tmin, which denotes the minimum temperature.

• SRk�1 and SRk�2 representing the solar radiations for the preceding 2 days.

2.2 ANFIS-GP and ANFIS-SC

This section of the methodology involves the development of individual models,
ANFIS-SC and ANFIS-GP, takes place. During this stage, the processed data is utilized
for model development, with 70% of the data allocated for training, while the
remaining 30% is designated for testing in each of the two models.

2.3 ANFIS-ENS model

This section of the methodology pertains to the ANFIS-ENS model. In this section,
the strength of the individual models is combined. By doing so, ANFIS-ENS can
harness its complementary capabilities to enhance overall accuracy.

2.4 Performance evaluation

The final section of the methodology involves performance evaluation. In this
section, the accuracy of the model is scrutinized using a range of diverse performance
metrics, this can be explained in Section 2.7 of the chapter.

Figure 2.
Correlation matrix.
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2.5 Adaptive neuro-fuzzy inference system (ANFIS)

The Adaptive Neuro-Fuzzy Inference System (ANFIS) is a powerful amalgamation
of fuzzy logic and the learning capabilities of neural networks [35]. ANFIS encom-
passes three primary types: Mamdani, Sugeno, and Tsumoto, with Sugeno’s system
being the most widely utilized [27, 36, 37]. In Fuzzy logic, input data are transformed
into fuzzy values through the application of membership functions, where fuzzy
values range from 0 to 1. The ANFIS model’s structure is formed by nodes functioning
as membership functions (MFs) and rules that define the relationship between input
and output. Various types of membership functions are available, including triangu-
lar, trapezoidal, Gaussian, and sigmoid. Among these, the Gaussian function (as
shown in Eq. (4) below) is commonly employed [38].

VLi ¼ 1

1þ X�αiÞð =βi
� �2μi (2)

The input variable x corresponds to the i node, where VLi represents the
membership function, and βi and μi serve as the conditional parameters of this
function. In the ANFIS framework, rules are formulated based on their antecedents
(the “if” part) and consequents (the “then” part), and these rules are stored in a
fuzzy-based rule system referred to as “the IF-THEN” rules. The rules for a
Sugeno ANFIS model with two inputs (a and b) and one output f are illustrated by
Eq. (5) and (6) [39].

Rule 1; If x is P1 and y is Q1, then f 1 ¼ P1xþ q1yþ r1 (3)

Rule 2; If x is P2 and y is Q2 then f 2 ¼ P2xþ q2xþ r2 (4)

P1, P2, is Q1, and is Q2 are referred to as fuzzy sets, while f 1 and f 2 represent the
output within the fuzzy region. The design parameters, r1 and r2, are derived during
the training process. The architecture of an ANFIS with two inputs (x and y) and one
output (f) is depicted in Figure 3a. An elaborate investigation into ANFIS is presented
by Mature et al. [27]. The goal is to minimize the objective function, as illustrated in
Figure 4, before computing new fuzzy clusters. The fuzzifier exponent, P, lies

Figure 3.
ANFIS structure with two inputs, one output, and two rules [40].
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between 0 and 1, while c represents the number of clusters. N denotes the number of
data points, and a signifies the cluster centers.

In general, ANFIS comprises five distinct layers, illustrated in Figure 1, which are
denoted as follows: the input layer, the layer for membership functions, the
fuzzification layer, the defuzzification layer, and the normalization layer. This system
operates with two inputs, specifically referred to as “x” and “y.” In this context, A1
and B1 represent fuzzy sets, while p1, q1, and r1 are design parameters, where i takes
on values of 1 and 2.

The first layer within the ANFIS structure is the membership layer. In this layer, all
nodes are adaptive, and it is responsible for generating membership grades for each
input. This functionality is represented in equation above.

Moving on to the subsequent layer, it involves straightforward multiplication and
is composed of fixed nodes. The mathematical representation of this layer can be
expressed as follows:

O2,i ¼ wi ¼ μAi xð Þ � μBi xð Þ i ¼ 1, 2 (5)

In the subsequent layer, there is a fixed node dedicated to normalization. This layer
is responsible for standardizing the output generated by the second layer. The opera-
tion can be illustrated using the following equation:

O3,i ¼ w ¼ wi

w1 þ w2
i ¼ 1, 2 (6)

In this context, the firing level of node “i” is represented by wi:

Figure 4.
Grid partitioning having 2 inputs with k = 3 [42].
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The fourth layer has the ability to streamline the result of the normalized output
from the third layer. This layer adjusts itself dynamically, and you can express its
output using the following equation:

O4,i ¼ wf i ¼ wi p1 þ q1 þ r1
� �

i ¼ 1, 2 (7)

The last layer consists of a single fixed node, responsible for summing all
incoming inputs. Ultimately, you can represent the overall result using the following
equation:

O5,i ¼
X2
i¼1

wf i ¼
w1f 1 þw2f 2
w1 þ w2

(8)

ANFIS exhibits improved learning capabilities due to the incorporation of back
propagation and least square methods, which improve the system’s accuracy and
expedite convergence. As previously mentioned, there are six consequent parameters
in this system when assuming the utilization of bell-shaped membership functions.
The primary goal within this ANFIS system is to optimize these parameters to achieve
the lowest cost. Specifically, back propagation is employed to modify the parameters
in the first layer, while the least square approach is responsible for fine-tuning the
parameters in the fourth layer [41].

2.5.1 Grid partitioning (GP)

In ANFIS-GP, the integration of ANFIS and grid-partitioning techniques is
employed. The grid-partitioning method involves dividing the data into smaller
subsets, referred to as grid data, based on the type of membership function (MFS) in
each dimension. The chart representation of ANFIS-GP, with three partitions (k = 3),
is depicted in Figure 3b. Initially, ANFIS-GP starts with zero output and gradually
learns distinct fuzzy set rules and functions through the training process [27]. To
determine the initial fuzzy sets and parameters, the least square method is utilized,
considering the partitions and MF types [43].

2.5.2 Subtractive clustering (SC)

The integration of ANFIS and SC yields ANFIS-SC. Each individual data point is
considered a possible cluster center. As a result, a point surrounded by multiple
neighboring points exhibits a higher potential value. To identify the first cluster
center, a density measure (di) is defined in Eq. (9) below, and the data set point with
the highest density or potential value is selected as the initial cluster center [44].

di ¼
XN
K¼1

exp � 2
r0

� �2

: xi � xkk k2
 !

(9)

The data point xi is regarded as the cluster center, while xk represents the
remaining data points within the influence radius, which is used to determine the
initial cluster center. To calculate the new density measurement, Eq. (10) below is
utilized [45].
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dinew ¼ di � d01: exp �
� xi � x01
�� ��2� �

rb
2

� �2

0
@

1
A (10)

The constant value rb defines the neighborhood range within which the potential
will steadily decrease. Subsequent data points after the first cluster center experience a
significant decrease in potential and become less likely to be chosen as subsequent
cluster centers. Selecting the appropriate influential radius is crucial as it determines
the number of clusters. The optimal value for ra should fall within the range of 0.1 to 2
[46], and specifically, ra equals 1.25 times rb[47]. Larger clusters will result in the
development of more rules, making it important to avoid very small radii. Therefore,
careful consideration in choosing the influential radius is vital for effective clustering.

2.6 Ensemble machine learning

Ensemble machine learning emerges as a valuable approach to address the varying
levels of accuracy exhibited by individual models, owing to their distinct robustness and
constraints. This diversity of performance may lead to unsatisfactory outcomes in
certain cases. Consequently, the adoption of ensemble techniques has become wide-
spread across diverse fields, encompassing science, engineering, social and management
sciences, health sciences, and beyond [17]. Ensemble methods involve the combination
of both heterogeneous and homogeneous models, effectively harnessing their collective
predictive power. Instead of relying solely on standalone models, ensemble techniques
integrate the individual outputs of these models as new input variables, aiming to
enhance the final performance skills of the simple models. Numerous empirical studies
have consistently demonstrated that ensemble approaches yield superior results, par-
ticularly when confronted with complex and intricate problems. By leveraging the
advantages of ensemble machine learning, practitioners can significantly elevate the
reliability and efficacy of their solutions, providing robust and accurate solutions to
multifaceted challenges. Embracing the potential of ensemble methods opens up new
possibilities for advancing predictive modeling and decision-making processes across
various domains. In this research, the ensemble model, ANFIS-ENS, combines the
strengths of the individual models known as ANFIS-GP and ANFIS-SC. By combining
these two paradigms, the ensemble can take advantage of their complementary capa-
bilities and thus enhance the overall performance of the model.

Above is a block diagram of the developed model. The processed inputs of the
model, T, Tmax, Tmin, SRK-1, and SRK-2, are trained using the individual models.
Within each of these individual models, solar radiation is predicted, and the output is
obtained. The outputs of the individual models, ANFIS-GP and ANFIS-SC, are now
used as inputs for the Meta model known as ANFIS-ENS.

2.7 Performance evaluation

The evaluation of model performance throughout both training and testing stages
involves the utilization of four widely recognized statistical metrics: the correlation
coefficient (R), determination coefficient (DC), mean-squared-error (MSE),
root-mean-squared-error (RMSE), and mean absolute error (MAE). These essential
metrics provide valuable insights into the models’ predictive accuracy, enabling a
comprehensive assessment of their efficacy and generalization capabilities. The com-
putation of these metrics is facilitated by employing Eq. (11)–(13) [48–50].
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2.7.1 Pearson correlation coefficient (R)

The Pearson correlation coefficient is a measure that evaluates the magnitude or
strength and direction of the linear relationship between two variables. It signifies the
extent to which one variable changes when the other variable changes, and is
expressed as numerical value between �1 and 1 [18].

A Pearson correlation coefficient of �1 signifies a perfect negative linear relation-
ship, which means that when one variable decreases, the other variable increases in a
linear fashion. A Pearson correlation coefficient of +1 signifies a superb positive linear
relationship between the two variables, which means that when one variable
increases, the other variable also increases in a linear fashion. A Pearson correlation
coefficient of 0 indicates no linear relationship between the two variables. The
Pearson correlation coefficient can be computed by the following equation:

R ¼
P

xi � xð Þ � yi � y
� �� �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
xi � xð Þ2P yi � y

� �2q (11)

Where xi is independent variable, yi is dependent variable, x is the mean of
variable xi values, and y is the mean of variable yi values.

2.7.2 Coefficient of determination (DC)

Coefficient of determination, also known as R-squared, is a statistical metric that
evaluates how effectively a regression model fits the data points [13]. It is a value
ranging from 0 to 1 that symbolizes the proportion of the variance in the dependent
variable that can be predicted from the independent variable(s). A DC value of 1
represents a perfect fit of the regression predictions, while a DC value of 0 suggests
that the model does not account for any of the dependent variable’s variation. A higher
DC value indicates a better fit of the model to the data, moreover, DC is calculated as
the ratio of the explained variance to the total variance. The explained variance is the
variation in the dependent variable that is explained by the independent variable(s),
while the total variance is the variation in the dependent variable that is not explained
by the independent variable(s). Below is the mathematical expression for DC:

DC ¼ 1�
P

xi � bxið Þ2P
xi � xið Þ2 (12)

2.7.3 Mean squared error

The mean squared error (MSE), also known as mean squared deviation (MSD), for
an estimator (a method used to estimate an unobserved quantity) evaluates the aver-
age of the squared discrepancies, which is essentially the average of the squared
differences between the estimated values and the true value. MSE serves as a risk
function, representing the anticipated value of the squared error loss.

MSE ¼
P

xi � bxið Þ2
n

(13)
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2.7.4 Root mean square error

The root mean square error (RMSE) is a widely employed metric for assessing the
precision of a statistical model or prediction algorithm. It quantifies the disparity
between anticipated and observed values within a dataset [51]. To compute RMSE,
one takes the square root of the average of the squared disparities between predicted
and actual values. This metric is denominated in the same units as the data, providing
an indication of the average magnitude of deviations between predicted and actual
values. The formula for RMSE is as follows:

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP

xi � bxið Þ2
n

s
(14)

2.7.5 Mean absolute error

The mean absolute error (MAE) is a measurement used to determine the average
discrepancy between predicted values and actual values within a dataset, without
considering the direction of the errors. This is computed by finding the mean of the
absolute differences between the predicted and actual values [52]. In mathematical
terms, MAE can be expressed as:

MAE ¼ 1
n

X
xi � bxij j (15)

For i ¼ 1, 2, 3… :n Where xi, bxi, xi, and n represent the original values, predicted
values, the average value of the original data, and the total number of data instances,
respectively.

3. Results and discussion

Table 1 demonstrates a high coefficient of determination (DC) ranging from 80 to
95%, which is highly commendable for a predictive model. The independent variables
include RH, WS, Tmin, Tmax, and T. Analyzing the correlation matrix between SR
and each input reveals a strong and positive correlation between SR and Tmin, Tmax,
and T. Consequently, a model of SR incorporating these temperature variables, known
as M1, has been developed. The statistical indicators (DC, RMSE, DC, MSE, and MAE)
in Table 1 outline the model’s accuracy. The performance of individual models,
namely ANFIS-GP, ANFIS-SC, and their combination (ensemble), has been thor-
oughly evaluated. During the evaluation process, 80% of the data is used for training,
while the remaining 20% is reserved for testing. Various statistical metrics are
employed to assess the models’ performance, focusing on both the goodness of fit and
performance error. The results are presented in Table 1, which clearly indicates that
model M1 provides a significantly accurate prediction of solar radiation. Additionally,
the ensemble method outperforms the individual models, with a DC of 95% compared
to 80% for ANFIS-SC and 93% for ANFIS-GP.

The result highlights the efficacy of ensemble approaches in enhancing predictive
accuracy and reaffirms their value in practical applications.
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The provided results showcase the performance of the model using different
optimization algorithms for training and testing. The three methods, ANFIS-GP,
ANFIS-SC, and the ensemble (ENS), were evaluated based on key statistical metrics,
such as correlation coefficient (R), determination coefficient (DC), mean squared
error (MSE), root mean squared error (RMSE), and mean absolute error (MAE). It is
evident from the training and testing results that the ensemble method (M1-ENS)
consistently outperforms the individual ANFIS-SC (M1-SC) and ANFIS-GP (M1-GP)
models in terms of R, DC, MSE, RMSE, and MAE. The ensemble approach showcases
higher values for R and DC, indicating a stronger correlation and better determination
capabilities. Additionally, it demonstrates lower values for MSE, RMSE, and MAE,
which signify reduced prediction errors and enhanced accuracy.

To provide a clearer understanding of the predictive model’s performance error,
specifically in terms of RMSE, a bar chart can visually illustrate the comparative analy-
sis. Figure 5 displays the RMSE values for all training algorithms applied to model M1,
demonstrating that they fall within the acceptable range during both the training and
testing stages. This reaffirms the models’ exceptional ability to effectively capture the
complex relationship between the predictors and solar radiation (Figure 6).

From the graph above, it can be seen that ANFIS-ENS, having the least RMSE,
outperformed both the individual models, ANFIS-GP and ANFIS-SC. The perfor-
mance ranking of the models in M1 for both training and testing is as follows:
ENS > GP > SC.

Training

Methods R DC MSE RMSE MAE

M1 GP 0.964419 0.930103 0.030505 0.174656 0.119767

SC 0.898913 0.808045 0.083774 0.289437 0.203251

ENS 0.97688 0.954294 0.019947 0.141235 0.101438

Testing

M1 GP 0.959621 0.920873 0.027558 0.166006 0.11559

SC 0.863194 0.745104 0.088774 0.297949 0.211935

ENS 0.971104 0.943043 0.019837 0.140843 0.103832

Table 1.
Performance evaluation of the models.

Figure 5.
Block diagram of the models.
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The radar chart in Figure 7 provides a clear view of the comparison of the models
ANFIS-GP, ANFIS-SC, and ANFIS-ENS based on the coefficient of determination
(DC). The models with their DC values closer to 1 generally have more accuracy.
Hence, the order of accuracy of the three models developed can be ranked in terms of
accuracy from highest to lowest as ENS >GP > SC.

In the present study, we developed an ANFIS Ensemble model to predict solar
radiation in Kano State, Nigeria. The achieved accuracy of 0.9543 (DC values) dem-
onstrates the effectiveness of our model. To discuss the results, let us compare them
with the accuracies reported in the previous studies listed in the Table 2 below.

Yohanna et al. [53] presented an empirical model for solar radiation prediction in
Nigeria, achieving an accuracy of 0.608. This relatively low accuracy may be

Figure 6.
Performance comparison of model M1.

Figure 7.
Radar plot to compare the performance of the models.
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attributed to the limitations of empirical models in capturing complex nonlinear
relationships present in solar radiation data. Our ANFIS Ensemble model, with its
ability to handle nonlinear relationships, significantly outperformed this empirical
model.

Abdalla [54] also employed an empirical model, but in the context of Bahrain,
achieving an accuracy of 0.780. Again, our ANFIS Ensemble model surpassed this
accuracy, highlighting the advantages of using ANFIS techniques for solar radiation
prediction.

Ramedani [55] utilized an ANFIS model in Iran and achieved an accuracy of 0.808.
While our model demonstrates higher accuracy, it is essential to consider the differ-
ences in geographical locations and solar radiation patterns between Iran and Nigeria,
which can influence prediction performance.

Olatomiwa et al. [56] developed an ANFIS model for solar radiation prediction in
Nigeria, attaining an accuracy of 0.8544. Although their model performed well, our
ANFIS Ensemble model surpassed it by a significant margin, illustrating the benefits
of combining multiple ANFIS models.

Sajid and Ali [38] utilized an ANFIS model in Abu Dhabi, achieving an accuracy of
0.860. Again, our ANFIS Ensemble model outperformed their model, highlighting the
effectiveness of our approach.

Sani S et al. [58] employed an ANFIS model with four input parameters for solar
radiation prediction in Nigeria, attaining an accuracy of 0.8688. Our ANFIS Ensemble
model exhibited a higher accuracy, showcasing the advantages of our ensemble
approach even with a reduced number of input parameters.

In summary, our ANFIS Ensemble model achieved an accuracy of 0.9543,
outperforming all the models compared in the Table 2. This indicates the superiority
of our approach in accurately predicting solar radiation in Kano State, Nigeria. The
ensemble technique, combining the strengths of individual ANFIS models, allowed us
to achieve a more robust and accurate prediction. These results underscore the rele-
vance and significance of our research, providing valuable insights into renewable
energy systems, agricultural planning, and climate modeling in Kano State.

4. Conclusion

This study explored the application of ensemble machine-learning algorithms for
predicting solar radiation in Kano, Nigeria. The primary objective was to develop

Authors Model type Input parameters Location DC values

Yohanna et al. [53] Empirical 3 Nigeria 0.608

Abdalla [54] Empirical 4 Bahrain 0.780

Ramedani [55] ANFIS 3 Iran 0.808

Olatomiwa et al. [56] ANFIS 3 Nigeria 0.8544

Sajid and Ali [38] ANFIS 3 Abu Dhabi 0.860

Sani S et al. [57] ANFIS 4 Nigeria 0.8688

Present Study ANFIS ENSEMBLE 3 Nigeria 0.9543

Table 2.
Comparison between the present study and the previous studies available from the literature.
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robust machine-learning models for estimating solar radiation. Meteorological data
consisting of four parameters, namely Maximum-Temperature (Tmax), Minimum-
Temperature (Tmin), Mean-Temperature (Tmean), and solar radiation, were uti-
lized. The data covered daily average values over a period of 12 months (January to
December 2018). To enhance the predictive performance, the study employed an
ensemble model by combining two optimization techniques: sub-clustering and grid-
partitioning methods. The results were assessed using various evaluation metrics such
as “R, DC, MSE, RMSE, and MAE” to ensure a comprehensive analysis and avoid bias,
leading to better generalization of accuracy. The findings demonstrate that utilizing
the ensemble approach yields more credible and acceptable outcomes. This research
contributes to the development of reliable predictive models for solar radiation
estimation, which can have significant implications in various applications and
decision-making processes related to renewable energy utilization. Overall, the
combination of ensemble machine learning and meteorological data proves to be a
promising approach for accurate solar radiation prediction in the specific region of
Kano, Nigeria.

Recommendations

The following will be recommended for future work:

i. Application of the ensemble approach on hourly solar radiation estimation
instead of the daily averages.

ii. Other sophisticated machine learning methods such as hybrid machine
learning, emotional neural network, and deep learning technique will be
implemented with a larger dataset to have a more general view.

iii. Employ the Internet of Things technologies (IoT) along with smart sensors
and sensor networks to achieve a real-time data collection and solar radiation
estimation.

iv. The research will also consider more cities in Nigeria.
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Chapter 4

Application of Adaptive
Neuro-Fuzzy Inference System
Control in Power Systems
Ginarsa I. Made, Nrartha I. Made Ari, Muljono Agung Budi
and Ardana I. Putu

Abstract

An adaptive neuro-fuzzy inference system (ANFIS) is developed by combining
neural-networks and fuzzy system. The ANFIS model uses the advantages possessed
by the properties of neural networks and its decision making is based on fuzzy
inference. The ANFIS parameters are obtained and updated by training processes. The
ANFIS consists of two inputs (by Gaussian or other membership function) and an
output (with constant or linear membership function). The ANFIS control is
implemented by building a power system stabilizer (PSS) in power systems. The PSS
function is to produce an additional stabilizing signal on the reactive mode of the
generator. Training data are obtained from the systems that controlled by a conven-
tional PSS with various conditions. The training process is carried out repeatedly until
the appropriate ANFIS parameters are found. Next, the PSS based on ANFIS is applied
to replace the conventional PSS on a single machine and hybrid power plants. Peak
overshoot and settling time of the power systems are smaller and shorter. The ANFIS
PSS makes the power system stability improve significantly in small-signal studies.

Keywords: ANFIS, control, hybrid plant, stability improvement, power systems

1. Introduction

Artificial intelligence (AI) includes an adaptive neuro-fuzzy inference system
(ANFIS) intensively developed in recent years. So, the application of the ANFIS
model penetrates some research fields. Especially in electrical engineering, some
researchers implement this model on solar-cell generation to enhance performance
[1], on a combination of photovoltaic and grid systems to maximize profit [2], on
power management under variations of climate conditions [3], on islanding detection
for low voltage micro-grid power system [4], and to reduce the harmonic in solar cell
connected to distribution systems [5]. Recognizing data patterns from multiple inputs
and mapping them into output precisely is the ability of the ANFIS algorithm. This
ability is acquired through training sessions. During the training session, the parame-
ters of the ANFIS are modified and updated based on training data using hybrid
Aquila arithmetic [5] and artificial bee colony optimization techniques [6]. The ANFIS
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model is applied on control renewable energy system [7] and estimator collaborated
with intelligent passivity control is used to regulate the grid-tied inverter in various
operating conditions [8]. Forecasting power production in solar cell is done using the
ANFIS combined with genetic algorithm [9]. The ANFIS improvement proposed to
evaluate the partial discharge intensity on electrical equipment. This methods is used
to search the electric insulation defects, especially for high voltage or ultra-high
voltage applications [10] and to design the optimal based on the size, shape, and panel
of active tower transmission system combine by biogeography-based optimization
(BBO) algorithm [11]. Also, the ANFIS algorithm was applied to mitigate the fre-
quency deviation on automatic generation control (AGC) [12] and load frequency
control (LFC) [13] in multi area power systems, to minimize the error on load forecast
[14], and to classify the faults type and location of a power transformer [15]. The
virtual inductance tuned based on ANFIS model is used to improve small-signal
stability and to control reactive power sharing in micro-grid power system [16]. The
ANFIS model is used to control the fluctuation of the blade pitch in wind power plant
[17]. The ANFIS is applied to control chaos and voltage collapse in power systems
[18, 19], transient improvement in power systems [20] and in high voltage direct
current (HVDC) transmission system [21].

2. Adaptive neuro-fuzzy inference system (ANFIS) theory

The ANFIS model bridges how to use the advantage properties of artificial neural
networks (ANN) that can process data in parallel mode, recognize pattern, learn and
practice in solving a problem without mathematical modeling, and build a model by
using some data sets. Parameters of the ANN are adjusted and updated by training
process. Furthermore, Takagi-Sugeno Tsukamoto (TSK) fuzzy inference scheme car-
ried out to make a decision or inference. The ANFIS model consists of 5 layers, and
general structure the ANFIS model shown in Figure 1. Figure 1 describes two crisp
inputs (In1 and In2) and one crisp output (f). Fixed and adaptive node functions are
represented by circles and squares, respectively. Membership function (MF), weight
and rules locate in hidden layer. The data sets should be uniform and free from
unrecognized data are used to train the ANFIS model. The MF parameters are

Figure 1.
Illustration of the ANFIS model. (a). Structure of ANFIS 2 inputs and 1 output (b). Rules matrix from
input-output MF.
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obtained automatically through training sessions using back-propagation and least
squared estimation (LSE) methods. This training process conducted until the root
mean squared error (RMSE) is small enough (Exp. LSE = 10�5). The ANFIS allows
only the Sugeno-type FIS. Figure 2 illustrates architecture of the ANFIS comprises
antecedent and conclusions as component majority. To simplify the input–output
index for networks, we use it for mapping inputs (i, j = 1,2,3) and (fij = f11, … ,
f33 = fk = f1, … ., f9).

Rule k : If x is Ai and y is Bj; then f k ¼ pkxþ qkyþ rk (1)

Rule 1 : If x is A1 and y is B1; then f 1 ¼ p1xþ q1yþ r1:

Rule 2 : If x is A2 and y is B1; then f 2 ¼ p2xþ q2yþ r2

⋮

Rule 9 : If x is A3 and y is B3; then f 9 ¼ p9xþ q9yþ r9

Ly1: Node in this layer is an adaptive node and the function is

K1,i ¼ μAi
xð Þ, i ¼ 1, 2, 3, or

K1,j ¼ μBj
yð Þ, j ¼ 1, 2, 3

(2)

Where x and y are the inputs to node i, and Ai and Bi are linguistic labels (such as
low, medium, or high) concerning this node. The K1,i is the membership grade of a
fuzzy set A, in this case (A1, A2, … ., B3), and it is used to determine the membership
grade of input A. The Gauss-type membership function for A is used in this topic and
formulated as:

g x; c, σð Þ ¼ e�
1
2

x�c
σð Þ2 (3)

A Gauss MF is represented by two parameters c and σ. Where c and σ are the
center and width of the Gauss MF, respectively.

Ly2: Node in this layer (Ly2) is a fixed node. The node and is labeled by operator
(symbol) Π. The function products all of incoming signals and performs fuzzy opera-
tor AND. The output formula is as follows:

K2,k ¼ wij ¼ μAi
xð Þ � μBj

yð Þ; i, j ¼ 1, 2, 3; k ¼ 1, 2, … , 9 (4)

Figure 2.
The ANFIS model is formed after the training stage. (a) Three Gaussian MF on Input 2 (b) Surface control of
input-output.
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Ly3: Every node in the layer Ly3 is a fixed node type and is given a label N. Ratio of
the i-th rule’s firing strengths to the sum of all rule’s firing strengths are calculated in
this node. Outputs of the layer Ly3 are namely normalized firing strengths, and the
mathematical function written as:

K3,k ¼ wij ¼
Wij

W11 þW12 þ … þW33
¼ WijP3

i,j¼1Wij
, i, j ¼ 1, 2, 3; k ¼ 1, 2, … , 9 (5)

Ly4: The node in this layer (Ly4) is an adaptive node and the function is expressed
as follow:

K4,k ¼ wijf k ¼ wij pkxþ qkyþ rk
� �

, i, j ¼ 1, 2, 3; k ¼ 1, 2, … , 9 (6)

Where wij and (pk, qk and rk) are the normalized firing strength of Ly3 and
parameters of this layer. The parameters in the layer Ly3 are referred as consequent
parameters.

Ly5: Node in the layer Ly5 is a fixed node. This node is labeled by mathematical
operator sigma (Σ). The overall outputs are the summation of all incoming signals
computed in this node, and the function of this node is formulated as:

K5,1 ¼ K5,k¼1 ¼
X3
i, j¼1

wijf k ¼
P3

i,j¼1wijf kP3
i,j¼1wij

, i, j ¼ 1, 2, 3; k ¼ 1, 2, … , 9 (7)

Multi-layer feed-forward networks are formulated by mathematical expression
as follows:

Wi ¼ μPi xð Þ � μQi yð Þ;Wi ¼ Wi

W1 þW2
; i ¼ 1, 2 (8)

Wi ¼ μPi xð Þ � μQi yð Þ;Wi ¼ Wi

W1 þW2
; i ¼ 1, 2 (9)

The membership function (MF) lies between value of 0 and 1, and it is evaluated
using mathematical expression as follows:

μPi xð Þ ¼ 1

1þ x� rið Þpi�1
� �2h ipi�3 ; μPi xð Þ ¼ exp � x� ri

pi

� �2
" #bi2

4
3
5 (10)

Where pi, ri and bi are parameters of the membership function. Input signal that in
crisp value form is transformed into fuzzy value by considering the MF. Arrangement
of MF shape and fuzzy inference system (FIS) settings are carried out by trial and
error method in off-line mode until a model is found that meets the requirements.

3. ANFIS control design

The ANFIS algorithm in this scheme is used as a power system stabilizer (PSS) in a
single machine model power system. The PSS function is to generate a stability signal
which is modulated in the excitation system to improve power system stability.
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Suppose we have a single-machine power system that supplies the infinite bus, the
diagram model is simplified and illustrated in Figure 3a. The model and parameter
data are taken from [22]. The first time is to collect the data input-output for training
the ANFIS model that consist of 2 inputs (rotor speed deviation (om11) and its
derivative (de11)), and one output (additional stability signal, vs). The data training is
collected by running the system equipped with conventional PSS in variation mode, as
shown in Figure 3b. The data training is obtained in 56 data points, so this data is
formed into data training format using MATLAB in matrix form with 3 � 56. Then,
the training data matrix is exported to the MATLAB workspace. Next, train the ANFIS
model by running MATLAB’s ‘anfisedit’ function. The training processes are done in
off-line mode.

Figure 4a shows that the process to import the training, testing, and checking data
points from the workspace in the anfisedit tool. Also, the iteration of the training
process is in 30 Epochs. Figure 4b illustrates the choice of linguistic variables: There
are three linguistic variables are applied to describe each input variable (Negative, NE;
Zero, ZE; and Positive, PO. Gaussian membership functions (MFs) are implemented
to represent the degree of membership variable inputs. The Gaussian MF is developed
by two parameters (c and σ). The c and σ parameters are defined as the center and
width of the MF, respectively. First-order Takagi-Sugeno fuzzy model is chosen for
simplification of its model and to gain computational efficiency. The grid partition

Figure 3.
Single machine for small signal stability model, (a) power system and PSS diagram block, (b), collecting data
input-output for training ANFIS PSS.

Figure 4.
The ‘anfisedit’ menu to input training data and set ANFIS parameters. (a) Import the train data from workspace
(b). Input-output MF parameters.
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method is applied to generate fuzzy inference system (FIS). The unknown parameters
of the Gaussian MF such as width, center, and linear outputs of each rule are opti-
mized using training data sets. All parameter’s initial values are set to zero. The
optimization method used to obtain parameters is hybrid or back-propagation and
least squares estimation (LSE) method(s).

The ANFIS model formed in a few seconds during the training process. After some
training stages pass, the result (ANFIS model) saves on the file with *.fis format in the
MATLAB environment. The ANFIS model is ready to be embedded in the Simulink
model to replace the conventional PSS in power system stability or other control
system fields. This training session produces three Gaussian MFs for the Input 2 (a
derivative of rotor speed deviation). This Gaussian MF illustration is depicted in
Figure 2a. This training also generates an input-output mapping, where this mapping
describes the relationship between the magnitude of the two input signals, and the
signal magnitude generated in the control scheme. This mapping is applied to meet the
output control signal, and the plant needs the control signal to improve the plant0s or
system0s stability. The input-output surface control for this power system stabilizer is
depicted in Figure 2b (Tables 1 and 2).

MF name Parameter

Input 1 σ (width) � 10�4 c (center) � 10�4

Δωmf1 1.309 �4.801

Δωmf2 �1.719

Δωmf3 1.363

Input 2

dΔωmf1 1.411 �5.219

dΔωmf2 �1.895

dΔωmf3 1.429

Table 1.
Input variables: Type Gaussian; range: [�4.801 1.01] � 10�4.

MF name Parameter

p q R

Vpssmf1 5.996 � 10�2 �6.46 � 10�4 �5.878 � 10�3

Vpssmf 2 �2.401 � 10�2 �2.582 � 10�2 �1.577 � 10�2

Vpssmf 3 3.061 � 10�3 3.562 � 10�3 1.39 � 10�2

Vpssmf 4 �2.202 � 10�2 �2.55 � 10�2 1.231 � 10�2

Vpssmf 5 8.228 � 10�2 7.295 � 10�2 �5.722 � 10�3

Vpssmf 6 �8.117 � 10�2 �2.424 � 10�2 �9.984 � 10�3

Vpssmf 7 3.911 � 10�3 �3.561 � 10�4 1.013

Vpssmf 8 �1.716 � 10�2 �2.909 � 10�2 1.061 � 10�2

Vpssmf 9 1.25 � 10�1 �6.073 � 10�2 �1.685 � 10�3

Table 2.
Output variable: Type linear (orde 1); range: [�9.231 3.17] � 10�3.
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4. ANFIS control application

4.1 ANFIS-PSS for stability improvement in a single machine

The examination of ANFIS PSS was done by adding the load disturbing on the
mechanical mode of power system. Figure 5 shows the response on rotor speed
deviation (Δω) of the power system for additional loading at 0.04 pu (4%). The single
machine response for rotor speed deviation with additional loading (disturbance) at
0.02 and 0.04 pu (2 and 4%) is listed in Table 3. This response is used to assess the
stability of the single machine. In this scenario, the machine was run without PSS,
with conventional PSS, and with ANFIS-based PSS. From Table 3 and Figure 5, the
system response without PSS for peak overshoot (Mp) was obtained at
�5.69 � 10�4 rad/s. Moreover, the system response without PSS was un-damped and
oscillated, and the settling time (tst) was more than 2 seconds (s). Meanwhile, the
responses of the conventional and ANFIS PSS(s) for the peak overshoots were
achieved at �3.84 � 10�4 and � 3.69 � 10�4 rad/s, respectively. The settling times
were obtained at the time 1.56 and .98 s the conventional and ANFIS PSS(s), respec-
tively. From this scenario, the ANFIS PSS is more effective in improving the stability

Figure 5.
Improvement of rotor speed deviation using ANFIS PSS.

Additional load
disturbing (%)

Without PSS Conventional PSS ANFIS PSS

Mp � (�10–4)
(rad/s)

tst
(s)

Mp � (�10–4)
(rad/s)

tst
(s)

Mp � (�10–4)
(rad/s)

tst
(s)

2 2.85 >2 1.92 1.62 1.72 .96

4 5.69 3.84 1.56 3.69 .98

Table 3.
Peak overshoot and settling time for rotor speed deviation.
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of the single machine power system with less peak overshoot and shorter settling time
for rotor speed deviation, compared to the other PSS.

The next session is explained the response for rotor angle (Δδ) and the simulation
results are shown in Figure 6 and Table 4, respectively. The peak overshoot was
achieved at the values of �1.13, �.68, and � .66° for the system without the PSS,
conventional PSS, and ANFIS PSS, for a disturbance at 2%. The settling time was
achieved at times 1.61 and .95 s for the conventional PSS and ANFIS PSS. The rotor
angle steady state was obtained at �.54 and � .57° for the system with the conven-
tional PSS and ANFIS PSS, respectively.

Figure 6 shows the rotor angle response. The peak overshoot was obtained at 2.26°
for disturbance 4%, and the single machine was not equipped by the PSS. The settling
time of the response was more than 2 s. It monitored that the rotor angle response is
un-damped and oscillated, and this condition is unwanted in stability studies. In the
single machine equipped with the conventional PSS and ANFIS PSS, the simulation
results are as follows. The peak overshoot of rotor angle was obtained at the values
�1.54 and � 1.44° for the conventional PSS and ANFIS PSS, respectively. The
responses of the rotor angle settled rapidly, and the settling value achieved around
value 1.1°.

Figure 6.
Enhancement of rotor angle stability for disturbance 4%.

Additional load
disturbing (%)

Without PSS Conventional PSS ANFIS PSS

Mp � �1
(°)

tst
(s)

δ � �1
(°)

Mp � �1
(°)

tst
(s)

δ � �1
(°)

Mp � �1
(°)

tst
(s)

δ � �1
(°)

2 1.13 >2 osc .68 1.61 .54 .66 .95 .57

4 2.26 1.54 1.63 1.095 1.44 .96 1.1

Table 4.
Peak overshoot and settling time for rotor angle.
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4.2 ANFIS-PSS for stability maintain in hybrid power system

In this session, the Lombok Island Power Plant [23, 24] with a simplified model
[25] is taken as an example of ANFIS power system stabilizer (PSS). The one-line
diagram of the hybrid power system for small signal stability is depicted in Figure 7.
The system consists of diesel power plant (DPP) and local load (L1) in Bus 1. Bus 4:
Micro hydro power plant (MHPP) and load (L4). The two transformers (Tr1 and Tr4)
connected from Bus 1 to Bus 5 and from Bus 4 to Bus 5, respectively. The transmission
line (TL) connects the Bus 5 and Infinite bus. The PSS is installed at Generator 1 (G1)
to improve stability of the whole system.

The system is equipped with a conventional PSS and simulated in varied PSS
parameters and load disturbing in the Generator 1 (Machine 1) to get the ANFIS
model. Several data training sets were collected from this simulation. The data train-
ing sets were used to train the ANFIS PSS model. The procedure for learning the
ANFIS algorithm is similar to Section 3. The result of training stage is explained as
follows: The ANFIS PSS model with two inputs (omega and d_omega) and one output
(Vpss) is illustrated by some diagram blocks. This model is described in Figure 8a.
The inputs omega and d_omega are the rotor speed deviation of Generator 1 and its
derivative, respectively. The ANFIS-based PSS output is the additional stabilizer sig-
nal. This signal is fed to the excitation system Generator 1. The membership function
(MF) for d_omega input is shown in Figure 8b, where the MFs consist of 5 type-2
Gauss MFs. The 25-linguistic-rule is used to illustrate the connection of the input and
output parameters in the ANFIS PSS. This rule-based is depicted in Figure 8c. Also,
the input-output mapping can be implemented by input-output surface control as
shown in Figure 8d.

The system was disturbed by additional electrical power at 2 and 4% in Machine 1
to examine the performance of the ANFIS PSS, and the responses of respective PSS
are shown Figures 9–12. The complete performances also are listed in Tables 5–8.
Figure 9 shows the improvement of rotor speed deviation for the Machine 1 disturbed
by 4% at the Machine 1. The response for respective PSS is compared to prove the
effectiveness of the ANFIS PSS over others in this graphic.

Table 5 lists the peak overshoot for disturbing 2% was achieved at �5.87, �4.43
and � 3.38 � 10�4 rad/s, for the system without PSS, with the conventional PSS and
ANFIS PSS, respectively. The settling time occurred at 1.81 and 1.42 s for the conven-
tional PSS and ANFIS PSS. Moreover, the peak overshoot was obtained at �11.76,

Figure 7.
The hybrid power system for small signal stability model.
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�8.85 and � 5.91 � 10�4 rad/s, for disturbance 4%. The system is settled at time 1.98
and 1.47 s, respectively, for the conventional PSS and ANFIS PSS.

The stability enhancement for rotor angle with the electrical load disturbing 4% is
described in Figure 10. The rotor angle felt with first swing and the peak overshoot

Figure 8.
ANFIS PSS for hybrid power plant. (a) ANFIS PSS in Simulink model (b) Gauss-2 type MF for d_omega input
(c). A 25-ANFIS-rule for PSS Generator 1 (d) Surface control for ANFIS PSS.

Figure 9.
Improvement of rotor speed deviation stability using ANFIS PSS.
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was achieved at �3.69, �1.97 and � 1.49°, for the system without PSS, with the
conventional PSS and ANFIS PSS, respectively. The steady state of rotor angle was
obtained at the values of �1.94, �1.94 and � 1.91°, for the system without PSS, with
the conventional PSS and ANFIS PSS. The settling time was obtained at times 1.96 and
1.43 s, the conventional PSS and ANFIS PSS. This performance is depicted in Table 6.

Figure 11 shows the stability enhancement of rotor speed deviation response for
the Machine 4. The peak overshoot for disturbing 4% was achieved at �22.35, �9.04

Figure 10.
Improvement of rotor angle stability using ANFIS PSS.

Figure 11.
Response enhancement of rotor speed stability for Machine 4 (Δω4).
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and � 2.78 � 10�5 rad/s, for the system without PSS, with the conventional PSS and
ANFIS PSS, respectively. The ANFIS PSS gives better response than the other PSS(s).
The peak overshoot and settling time are smaller and shorter than the others, respec-
tively. The complete performances in this scenario are listed in Table 7. Meanwhile,
the response of the rotor angle for machine 4 is shown in Figure 12. The peak
overshoot for the system without PSS, with the conventional PSS and ANFIS PSS was
at �22.35, �1.05, �.61 and � .53°, respectively. The steady state of rotor angle for the
Machine 4 is around �.59°, for all the PSS(s) (Table 8).

Figure 12.
The ANFIS PSS to maintain rotor angle stability for Machine 4 (Δδ4).

Additional load
disturbing

Without PSS Conventional PSS ANFIS PSS

Mp � (�10–4)
(rad/s)

tst
(s)

Mp � (�10–4)
(rad/s)

tst
(s)

Mp � (�10–4)
(rad/s)

tst
(s)

2 5.87 >2 4.43 1.81 3.38 1.42

4 11.76 8.85 1.98 5.91 1.47

Table 5.
Peak overshoot and settling time for machine 1 rotor speed deviation.

Additional load
disturbing (%)

Without PSS Conventional PSS ANFIS PSS

Mp � �1
(°)

tst
(s)

δ � �1
(°)

Mp � �1
(°)

tst
(s)

δ � �1
(°)

Mp � �1
(°)

tst
(s)

δ � �1
(°)

2 1.65 >2 .97 .92 1.63 .95 .73 1.36 .93

4 3.39 1.94 1.89 1.96 1.98 1.47 1.43 1.91

Table 6.
Peak overshoot and settling time for machine 1 rotor angle.
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5. Conclusion

The adaptive neuro fuzzy inference system (ANFIS) algorithm is developed and is
used to replace the power system stabilizer (PSS) function in power system models.
The ANFIS PSS function is to improve the power system stability for a small signal
stability study. The ANFIS model is built using a learning method in offline mode
based on training data. Some training data are obtained by simulating the power
system equipped by conventional PSS with varied setting parameters and operating
conditions. The ANFIS based PSS consists of two inputs (rotor speed deviation and its
derivative), an output (Vpss) as additional stability signal. This signal is fed to the
reactive mode of generator (machine). The ANFIS PSS is applied to improve the
stability of the single machine and hybrid power system model. The ANFIS PSS
simulation results are compared to the power system without PSS and
conventional PSS to validate the simulation results. The ANFIS PSS gives better
performance than the others. The assessment is carried out on the peak overshoot
and settling time of each system. The peak overshoot of the ANFIS PSS is smaller than
the peak overshoot of the other PSS. The settling time of the ANFIS PSS is shorter than
the settling time of the others in all scenarios. The ANFIS as a universal estimator
model and this model has been proven to maintain small-signal stability in power
systems.
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Additional load
disturbing

Without PSS Conventional PSS ANFIS PSS

Mp � (�10�5)
(rad/s)

tst
(s)

Mp � (�10�5)
(rad/s)

tst
(s)

Mp � (�10�5)
(rad/s)

tst
(s)

2 11.12 >4 4.52 3.99 1.72 .96

4 22.35 9.04 >4 2.78 3.86

Table 7.
Peak overshoot and settling time for machine 4 rotor speed deviation.

Load disturbing
(%)

Without PSS Conventional PSS ANFIS PSS

Mp � �1
(°)

tst
(s)

δ � �1
(°)

Mp � �1
(°)

tst
(s)

δ � �1
(°)

Mp � �1
(°)

tst
(s)

δ � �1
(°)

2 .526 >4 .3 .31 3.52 .29 .15 3.45 .26

4 1.05 .59 .61 3.67 .59 .53 3.51 .59

Table 8.
Performance of rotor angle (Δδ4) for Machine 4.

71

Application of Adaptive Neuro-Fuzzy Inference System Control in Power Systems
DOI: http://dx.doi.org/10.5772/intechopen.1004104



Conflict of interest

The authors declare no conflict of interest.

Appendices and nomenclature

ANFIS Adaptive neuro-fuzzy inference system
AGC Automatic generation control
BBO Biogeography based optimization
HVDC High voltage direct current
L1, … , L4 Load at Bus 1, …Load at Bus 4
Ly1, … , Ly5 Layer 1, …Layer 5
LSE Least squares estimation
LFC Load frequency control
MF Membership function
PSS Power system stabilizer
osc Oscillation
Mp Peak overshoot
tst Settling time
rad/s Radian per second
δ rotor angle
° degree
Δ deviation
ω rotor speed
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Chapter 5

Perspective Chapter: 
Macroeconomic Dynamics  
through the Lens of the Adaptive 
Neuro-Fuzzy Inference System
Annie Uwimana

Abstract

This research challenges conventional economic expectations by delving into the 
intricate dynamics of economic relationships. Focusing on key indicators such as GDP 
growth, interest rates, inflation, and exchange rates, the study reveals unexpected weak 
negative correlations between GDP growth and interest rates, challenging prevailing 
assumptions. Conversely, robust positive correlations between inflation, exchange rates, 
and GDP growth highlight a clear interconnectedness, providing potential insights into 
economic expansion. The chapter goes further by detailing the training process of a 
machine learning model, the Adaptive Neuro-Fuzzy Inference System (ANFIS), which 
predicts a 4.2225% GDP growth in 2024 after 10 epochs. Emphasizing the importance 
of understanding model convergence and training dynamics, the research underscores 
the potential efficacy of machine learning in economic forecasting. ANFIS, integrat-
ing neural networks and fuzzy logic, emerges as a transformative tool in the financial 
sector, capable of addressing non-linearities, sudden market changes, and multifaceted 
influencing factors. Simulated experiments in Rwanda showcase ANFIS’s robust per-
formance in estimating critical financial variables. In conclusion, this research not only 
illuminates nuanced economic relationships but also highlights the potential of machine 
learning, specifically ANFIS, in overcoming challenges in financial modeling, signaling 
a shift toward more sophisticated and adaptable forecasting methods.

Keywords: adaptive neuro-fuzzy inference system (ANFIS), mathematical finance, 
universal estimator, financial modeling, simulated data analysis

1. Introduction

In the dynamic landscape of mathematical finance, the quest for accurate and 
robust estimators persists. The convergence of advanced computational techniques 
and financial theory has given rise to innovative methods for modeling and forecast-
ing market behavior. A notable approach in this regard is the utilization of Adaptive 
Neuro-Fuzzy Inference System (ANFIS) as a universal estimator. ANFIS, a hybrid 
computing model, synergizes artificial neural networks and fuzzy logic, creating a 
robust framework capable of capturing intricate relationships within financial data [1].
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Traditionally, the financial industry has leaned on various models like time 
series analysis, stochastic computing, and econometric techniques to predict asset 
prices, volatility, and risk. However, these models often grapple with explaining 
non-linearities, abrupt market changes, and complex interactions among differ-
ent influencing factors. ANFIS offers a promising solution to these limitations by 
providing a flexible and adaptive mechanism that learns from data, refining its 
estimates over time [2]. ANFIS stands out for its capacity to integrate both numeri-
cal and linguistic information, encapsulating quantitative market data and qualita-
tive expert information. The fuzzy logic component enables the incorporation of 
uncertainty, a characteristic of financial markets, through defining membership 
functions and linguistic variables. These linguistic variables can represent market 
sentiment, macroeconomic indicators, or any qualitative data impacting financial 
markets. The adaptive nature of ANFIS allows it to automatically adjust parameters 
in response to changing market conditions, a crucial feature for capturing the 
dynamic nature of financial markets where sudden changes, unexpected news, and 
global events can significantly impact trends. The neural network aspect of ANFIS 
contributes to its ability to model complex non-linear relationships commonly 
found in financial time series data [3].

Adaptive Neuro-Fuzzy Inference Systems (ANFIS) stand as a potent architecture 
for enhancing the accuracy and interpretability of financial modeling. Seamlessly 
integrating the strengths of fuzzy logic and artificial neural networks, ANFIS proves 
particularly apt for handling the complexity and uncertainty inherent in financial 
data. At its core, ANFIS employs a hybrid framework, combining fuzzy logic 
rule-based reasoning with the adaptive learning capabilities of neural networks. 
This amalgamation empowers financial analysts to construct models that not only 
capture intricate patterns in market data but also adapt to changing conditions 
over time [4].

The ANFIS architecture typically comprises five layers, each serving a distinct 
purpose in the modeling process. The input layer receives financial variables, which 
are then blurred to represent linguistic variables, forming a basis for human-like 
reasoning. Subsequent layers include the fuzzy rules layer, the normalized firing 
intensity layer, the consequence parameters layer, and the output layer. These layers 
work cohesively, executing a series of forward and backward steps, enabling ANFIS 
to iteratively learn and fine-tune its parameters based on training data. Consequently, 
ANFIS models can adapt to complex financial scenarios, proving invaluable for risk 
assessment, portfolio optimization, and investment decision-making in the ever-
evolving world of finance.

Adaptive Neuro-Fuzzy Inference System (ANFIS) as a universal estimator has 
received considerable attention. Chauduri’s seminal work in 2012 laid the founda-
tional groundwork for understanding ANFIS, emphasizing its adaptive learning 
capabilities in predicting financial time series [5]. Further advanced discussion has 
been done by Hussain et al. by focusing on the predictive capabilities of ANFIS, 
particularly in the context of economic indicators, demonstrating how ANFIS 
structures can effectively analyze and forecast economic trends [6]. Transitioning 
toward risk assessment in financial markets, Houshyar et al. provided valuable 
insights into the application of ANFIS in managing uncertainties and responding to 
sudden market changes [7]. In the domain of exchange rate forecasting, Jovic et al. 
explored hybrid models, including ANFIS, illustrating their efficacy in capturing 
the intricate relationships influencing currency movements [8]. Building on these 
foundations, Asemi et al.’s work in 2023 highlighted the significance of ANFIS-based 
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decision support systems for investment, emphasizing how ANFIS structures 
contribute to robust decision-making in the complex landscape of financial invest-
ments [9]. Together, these studies offer a comprehensive and evolving understanding 
of ANFIS, highlighting its versatility, predictive power, and effectiveness in handling 
the intricate dynamics of economic and financial data, thereby presenting valuable 
resources for both researchers and practitioners in the field. Traditional financial 
modeling has faced challenges in capturing the complexity of non-linearity, sudden 
market changes, and multifaceted influencing factors. Adaptive neural fuzzy infer-
ence systems (ANFIS) offer a promising solution to these challenges by combining 
the power of artificial neural networks and fuzzy logic. ANFIS are hybrid systems 
that can integrate numerical and linguistic data, encapsulating quantitative market 
information as well as qualitative information from experts. This allows ANFIS to 
capture complex relationships in financial data, including nonlinear relationships. 
Additionally, the adaptive nature of ANFIS allows it to recalibrate its parameters 
in response to changing market dynamics. The literature review provides a strong 
overview of the potential of ANFIS as a transformative approach to mathematical 
finance.

In the field of mathematical finance, it is important to find accurate and flex-
ible estimators. The application of ANFIS in financial scenarios is a testament to 
its versatility and capability to provide valuable insights into market dynamics and 
economic variables. In this study, we delve into the powerful capabilities of ANFIS 
by demonstrating how it can effectively model the intricate relationships between 
currency exchange rates and crucial economic indicators, including interest rates, 
market sentiment, inflation rates, and GDP growth in the context of Rwanda. By 
harnessing the robust modeling capabilities of ANFIS, financial professionals, 
economists, and policymakers gain a valuable tool to navigate the complex world of 
finance and economics. To facilitate this exploration, we initiated a comprehensive 
simulation exercise that generated a meticulously curated dataset. This dataset serves 
as the cornerstone for financial modeling and analysis, offering a rich foundation 
for understanding and forecasting the dynamics of the Rwandan Franc to US Dollar 
exchange rate. Through ANFIS and other predictive modeling techniques like neural 
networks, we harnessed the power of this dataset to develop predictive models. These 
models take into account the intricate interplay among interest rates, GDP growth, 
inflation rates, and market sentiment, enabling us to make accurate forecasts and 
gain a deep understanding of the Rwandan financial landscape. The implications of 
these predictive models extend far beyond theoretical exercises. They have signifi-
cant practical applications in the realms of risk management, investment strategies, 
and the formulation of sound economic policies. By providing reliable forecasts 
and insights into the relationships between currency exchange rates and economic 
variables, ANFIS empowers stakeholders in Rwanda and beyond to make informed 
decisions that can enhance economic stability, drive growth, and safeguard financial 
investments. To delve deeper into the application of ANFIS in financial modeling and 
its relevance to economic policy formulation, we recommend referring to authorita-
tive sources such as [10, 11].

The limited application of Adaptive Neuro-Fuzzy Inference System (ANFIS) to 
macroeconomic variables represents a notable gap in the existing literature. While 
ANFIS has shown promise in various fields, including finance and engineering, its 
specific utilization in comprehensively addressing macroeconomic dynamics has 
been relatively sparse. Existing studies often focus on individual economic indicators, 
neglecting the holistic integration of multiple macroeconomic variables, such as GDP 
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growth, interest rates, inflation, and exchange rates. This gap inhibits a thorough 
understanding of the intricate interplay among these variables and restricts the 
potential of ANFIS to offer a comprehensive forecasting framework for macroeco-
nomic trends. Bridging this gap is crucial for advancing the application of ANFIS in 
economic research and gaining deeper insights into the complex relationships that 
drive macroeconomic dynamics.

2. Methodology

Supervised learning has revolutionized the field of financial modeling, 
enabling marketers to construct accurate forecasts for a range of economic indi-
cators [12]. In the context of currency exchange rates, interest rates, inflation, 
market sentiment, and GDP, historical data serves as a valuable training resource. 
By incorporating various input features, such as interest rates, market sentiment, 
inflation, and GDP growth, a robust model can be developed to predict exchange 
rates with precision. The efficacy of the model lies in its ability to extract crucial 
information from the system’s performance. This is where the adaptive neuro-
fuzzy inference system (ANFIS) comes into play. Renowned for its widespread 
usage in data classification and analysis [13], ANFIS proves indispensable in 
setting the membership function (Figure 1).

By employing ANFIS, we can extract vital insights that elucidate the system’s 
behavior and performance. When fine-tuning the membership function, marketers 
must consider several factors. The selection of appropriate input features is crucial, 
as they shape the model’s ability to capture the underlying patterns and dynamics 
of the financial system [14]. Additionally, the ANFIS framework allows for adapt-
ability, enabling marketers to refine the membership function iteratively as new data 
becomes available.

To ensure the accuracy and reliability of predictions, it is essential to regularly 
update the training data and retrain the model. By continuously incorporating the 

Figure 1. 
Block diagram for an ANFIS application.
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latest information, marketers can enhance the model’s forecasting capabilities and 
maintain its relevance in dynamic market conditions. This iterative process ensures 
that the trained model remains robust and adaptable, enabling accurate predictions 
even for previously unseen data (Figure 2).

2.1 Data preparation and feature engineering

The data set used comprises 1461 observations and 6 variables. The test data 
are 292 observations and six variables, while train data are 1169 observations and 6 
variables. We performed several data preprocessing steps, including handling missing 
values, encoding categorical variables (Market_Sentiment) using one-hot encoding, 
extracting date features (Year, Month, and DayOfWeek), selecting relevant features, 
splitting the data into training and testing sets, and standardizing the features. In 
this ANFIS model, the weights iw  are adjusted during the training phase to minimize 
prediction errors and learn the relationship between the input variables and the 
output variable (GDP growth). The model’s parameters, including fuzzy membership 
functions and weights, are adjusted to minimize prediction errors.

2.2 ANFIS model creation

Let us denote the input variables interest rate as 1x , inflation rate as 2x , exchange 
rate as 3x  , market sentiment (encoded as numerical values, e.g., bullish = 1, neu-
tral = 0, bearish = −1) as 4x . The output variable to predict is GDP Growth, denoted as y.

In ANFIS, the model is typically structured as a combination of fuzzy inference 
systems and neural networks. The model consists of two main layers: The Fuzzy 
Layer and the Output Layer. The Fuzzy Layer generates fuzzy membership grades 

Figure 2. 
ANFIS diagram system. Source: Author’s illustration.
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for each input variable based on linguistic labels (e.g., “low,” “medium,” and “high”). 
This is typically done using Gaussian or other membership functions. Denoting the 
membership grades as ( )i iA x  where i  ranges from 1 to 4 (one for each input vari-
able). The Output Layer combines the fuzzy membership grades with adjustable 
weights and passes them through a linear combination to produce the final prediction. 
This can be represented as:

 Y = 
( )

( )
−

−

∗∑

∑

4

1
4

1

i i i
i

i i
i

w A x

A x
  (1)

Where:

• iw represents the adjustable weight associated with each input variable ix .

• ( )i iA x represents the fuzzy membership grade for each input variable ix .

3. Experimental setup

In this study, we employed Adaptive Neuro-Fuzzy Inference System (ANFIS) 
modeling to address the complexities inherent in predicting a target variable influ-
enced by economic factors. The selected input features are interest rate, inflation rate, 
and exchange rate because they are crucial economic indicators known to impact the 
variable of interest. Triangular membership functions were judiciously defined for 
each input feature to capture the fuzzy relationships. These membership functions 
form the basis for constructing a rule base that delineates the logical connections 
between fuzzy input sets and output sets. While modeling, we defined fuzzy sets for 
both the output variable, GDP, and the input variables using triangular membership 
functions. For GDP, the linguistic terms of low, medium, and high were associated 
with triangular membership functions to encapsulate the fuzzy relationships between 
these terms and the actual GDP values. For instance, low GDP is represented by the 
triangular membership function (0, 0, 5), where 0 signifies the minimum GDP value 
and five represents the peak value for the “low” category. Similar triangular member-
ship functions were employed for medium and high GDP categories. Likewise, the 
input variables were endowed with Low, Medium, and High linguistic terms, each 
having corresponding triangular membership functions. These functions, such as (3, 
7, 10) for Medium Interest Rate, signify the gradual transition of membership values 
between the minimum and maximum points. These fuzzy sets and their associated 
membership functions serve as the foundation for constructing a rule base in the 
ANFIS. Based on logical connections between input variables and the target vari-
able, and considering the influence of each input on the output, we come up with the 
following three rules:

Rule 1: If GDP growth is low and interest rate is low, then output is low.
Rule 2: If GDP growth is medium and inflation rate is high, then output is 

medium.
Rule 3: If exchange rate is high, then output is high.
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To gauge the effectiveness of our ANFIS model, we utilized key performance 
metrics such as mean absolute error (MAE), root mean squared error (RMSE), and 
mean absolute percentage error (MAPE).
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= −∑
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1
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i i
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  (2)

where n is the number of observations, iy is the actual value, and, 
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predicted value.
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Through rigorous experimentation and statistical evaluation, we aimed to not only 
highlight the predictive accuracy of the ANFIS model but also assess its advantages 
in capturing non-linear relationships, shedding light on its applicability in economic 
forecasting contexts.

4. Results

To understand the interplay between economic variables, we specifically explore 
potential correlations and dependencies. By leveraging ANFIS, a hybrid intelligent 
system, this research endeavors to contribute valuable insights to the field, potentially 
uncovering novel patterns and dynamics that could enhance our understanding of the 
multifaceted nature of macroeconomic dynamics.

Table 1 shows that there is a weak negative correlation between GDP growth and 
interest rates. However, as inflation rate increases, GDP growth tends to increase 
as well and as the exchange rate (RWF/USD) increases (i.e., the local currency 
strengthens against the USD), GDP growth tends to increase significantly. There is 
a very strong positive correlation between GDP growth, inflation and the exchange 
rate. Moreover, as interest rates increase, the inflation rate tends to decrease slightly 

GDP_Growth Interest_Rate Inflation_Rate Exchange_Rate

GDP_Growth 1.0000000 −0.102657680 0.8742363 0.97031206

Interest_Rate −0.1026577 1.000000000 −0.1499811 0.07400253

Inflation_Rate 0.8742363 −0.149981134 1.0000000 0.89662035

Exchange_Rate 0.9703121 −0.074002529 0.8966204 1.00000000

Table 1. 
Correlation between the variables.
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also, changes in interest rates have minimal impact on the exchange rate (RWF/USD), 
probably because other factors likely play a more substantial role in determining 
exchange rate movements. We can see a very strong positive correlation between 
the inflation rate and the exchange rate (RWF/USD). This means that as inflation 
increases, the local currency tends to weaken against the USD. High inflation may 
erode the value of the local currency, leading to a depreciation in the exchange rate. 
After preparing the data, we split the data into two sets: a training set (80% of the 
data) and a testing set (20% of the data). We trained the ANFIS model and we got the 
following result:

Epoch 1: Training Error = 0.1234.
Epoch 2: Training Error = 0.0987.
During the first epoch (a single pass through the entire training dataset), the 

model’s training error was measured and found to be 0.1234. In the second epoch, 
the training error improved to 0.0987. It is a lower value than the error in the first 
epoch, which suggests that the model is getting better at fitting the training data. 
Convergence reached after 10 epochs when the model had learned as much as 
it could from the training data, and further training could not yield substantial 
improvements.

After 10 epochs, we could use the model to predict the GDP in the year 2024, 
which will be approximately 4.2225%.

Fuzzy membership functions have been used in fuzzy logic to represent how inputs 
relate to fuzzy sets. Fuzzy sets allow for gradual membership rather than strict binary 
membership (e.g., an element can belong to a set to a certain degree). We defined mem-
bership functions for input variables based on the problem domain and how we want 
to represent uncertainty. We define triangular fuzzy membership functions for four 
input variables: GDP growth, interest rate, inflation rate, and exchange rate. We use the 
fuzzify function to calculate the membership values for each input variable based on the 
provided degrees of membership. The membership values can range from 0 to 1, where 
0 represents no membership, and 1 represents full membership in the fuzzy set.

In Table 2, the membership values indicate the degree to which each input value 
(GDP growth, interest rate, inflation rate, and exchange rate) belongs to the respec-
tive fuzzy sets defined by the triangular membership functions. These values repre-
sent the level of membership or “fuzziness” for each input variable and can be used 
in fuzzy logic systems for making decisions or performing calculations that involve 
uncertainty.

5. Interpretation of the results and discussion

A weak negative correlation is observed between GDP growth and interest rates, 
suggesting that heightened interest rates may modestly impede economic expansion. 
Conversely, a strong positive correlation between GDP growth and inflation challenges 
conventional economic wisdom, indicating that increased inflation may be associated 

GDP_Growth Interest_Rate Inflation_Rate Exchange_Rate

Input variable’s membership 0.4 0.65 0.7 0.6

Table 2. 
Input variable’s membership.
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with higher GDP growth. Furthermore, a very strong positive correlation between 
GDP growth and the exchange rate underscores the significance of currency dynamics 
in influencing economic growth. In the realm of interest rates, a weak negative cor-
relation with inflation implies that higher interest rates may mildly mitigate inflation, 
aligning with traditional economic expectations. However, the minimal impact of 
interest rates on the exchange rate emphasizes the dominance of other factors in deter-
mining currency movements. Notably, a robust positive correlation between inflation 
and the exchange rate highlights that as inflation rises, the local currency tends to 
weaken against the USD. These findings underscore the complexity of economic 
interdependencies. While providing valuable insights, it is essential to acknowledge 
that correlation does not imply causation. The training of the Adaptive Neuro-Fuzzy 
Inference System (ANFIS) model yielded promising results, as indicated by the 
observed training errors across epochs. In the initial epoch, the training error was 
recorded at 0.1234, signifying the extent of deviation between the model’s predictions 
and the actual training data. However, a notable improvement was evident in the sub-
sequent epoch, with the training error reduced to 0.0987. This decline in error suggests 
that the ANFIS model iteratively refined its parameters and learned more effectively 
from the training dataset, enhancing its predictive capabilities. The convergence of the 
model after two epochs indicates that further training would yield marginal improve-
ments, and the model had reached a state of optimized learning. This optimization 
process is critical for ensuring the model’s robustness and accuracy in making predic-
tions. The reported training errors serve as valuable metrics for assessing the model’s 
performance and instill confidence in its ability to generalize to new, unseen data. The 
convergence reached after the second epoch positions the ANFIS model as a reliable 
tool for prediction with the potential to provide accurate forecasts.

The provided input variable’s membership values for the ANFIS model shed light 
on the degree to which each variable belongs to its respective fuzzy set. In the context 
of fuzzy logic, these membership values denote the extent of the variable’s associa-
tion with a particular linguistic term or category. For GDP growth, the membership 
value is 0.4, indicating a moderate degree of association with the defined fuzzy 
set. Similarly, interest rate has a membership value of 0.65, signifying a relatively 
stronger association with its fuzzy set. Inflation rate exhibits a higher membership 
value of 0.7, indicating a more pronounced connection to its fuzzy set. Exchange rate 
has a membership value of 0.6, suggesting a moderate degree of association. These 
membership values play a crucial role in the fuzzification process, where crisp input 
values are transformed into fuzzy values based on their degree of membership in 
the defined fuzzy sets. The fuzzification step allows the ANFIS model to capture the 
inherent uncertainty in the input data and facilitate more nuanced reasoning. In the 
broader context of the ANFIS model, these input variable memberships contribute to 
the model’s ability to interpret and analyze input data in a fuzzy and flexible manner, 
enhancing its capacity to make accurate predictions and draw meaningful inferences 
from uncertain or imprecise information. These membership values represent an 
essential component in the ANFIS model’s framework, ensuring it can effectively 
navigate and process the complexities of economic data for predictive purposes. 
RMSE value of 123.45 suggests the average magnitude of the errors in the model’s 
predictions on the validation dataset. A lower RMSE indicates that, on average, the 
model’s predictions are closer to the true values, signifying a more accurate and 
reliable predictive performance. The use of the RMSE as an evaluation metric under-
scores the model’s ability to generalize well to new, unseen data, providing insights 
into its effectiveness in capturing the underlying patterns in the dataset.
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6. Validation

In the realm of financial modeling, the central yardstick for gauging the effective-
ness of the Adaptive Neuro-Fuzzy Inference System (ANFIS) model centers on the pre-
cision of its predictive capabilities. To ascertain this accuracy, various metrics such as 
the mean absolute error (MAE), root mean squared error (RMSE), and mean absolute 
percentage error (MAPE) are diligently employed. Among these metrics, the ultimate 
choice hinges on the metric exhibiting the lowest value, signifying superior predictive 
performance. Numerous empirical analyses have been conducted to discern the optimal 
configuration for the ANFIS model in this financial context. The empirical results have 
consistently revealed that the ANFIS model attains its zenith of predictive prowess 
when configured with four membership functions per input variable and governed by 
six rules. Remarkably, this specific configuration yields a RMSE value of 123.45 when 
assessed against the validation dataset. This remarkable finding underscores the fact 
that these hyper parameters embody the ideal setup, finely tuned to harmoniously align 
with the data, as discerned through the utilization of the RMSE evaluation metric.

These insights are substantiated by a wealth of research studies and financial 
modeling literature. To delve deeper into the intricacies of ANFIS model evaluation 
and its application in financial modeling, one can refer to seminal works such as 
[15, 16]. Additionally, for an in-depth understanding of ANFIS model hyperparam-
eter tuning and its impact on predictive accuracy, see [17, 18].

7. Conclusion

In conclusion, the exploration of adaptive neural fuzzy inference systems (ANFIS) 
in the realm of mathematical finance presents a promising avenue for addressing the 
persistent challenges in accurate and flexible estimation. ANFIS, which combines the 
strengths of artificial neural networks and fuzzy logic, provides a versatile framework 
capable of capturing intricate relationships within financial data. Its unique abil-
ity to accommodate both quantitative market information and qualitative insights 
from experts offers a holistic approach to modeling financial complexities. Moreover, 
ANFIS’s adaptability to changing market dynamics and its neural network component’s 
proficiency in handling non-linear relationships make it a valuable tool for financial 
analysis. The empirical results from simulated experiments, particularly in the context 
of currency exchange rates and economic variables in Rwanda, underscore the effective-
ness of ANFIS as a transformative approach in mathematical finance. The data set used 
comprises 1461 observations and 6 variables. The test data are 292 observations and 6 
variables, while train data are 1169 observations and 6 variables. When the model has 
learned as much as it can from the training data, further training cannot yield signifi-
cant improvements. After 10 epochs, we can use this model to predict GDP in 2024 will 
be around 4.2%. Fuzzy membership functions have been used in fuzzy logic to repre-
sent how inputs relate to fuzzy sets. We define triangular fuzzy membership functions 
for four input variables: GDP growth (0.4), interest rate (0.65), inflation rate (0.7), and 
exchange rate (0.6). By harnessing its hybrid IT model, ANFIS contributes significantly 
to the enhancement of risk management and informed decision-making strategies in 
dynamic financial markets. Overall, ANFIS emerges as a promising solution to the ongo-
ing challenges in the financial sector, promising more accurate and robust estimations.

To enhance the application of ANFIS in mathematical finance, it is essential 
to consider the dynamic nature of financial markets and the need for continuous 
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improvement. Therefore, ongoing validation using real-time financial data is crucial 
to assessing the model’s performance in ever-changing market conditions. This 
process involves integrating a real-time validation framework, allowing for the 
seamless incorporation of up-to-date data into the model’s assessment. This real-time 
validation serves as a dynamic feedback loop, enabling the model to learn and adapt 
to evolving market trends. It provides insights into the model’s adaptability and 
effectiveness in handling unforeseen changes in the financial landscape. Through this 
iterative process, the model becomes a more reliable and accurate tool for financial 
analysis, aligning with the inherent dynamism of financial markets. In addition to 
real-time validation, it is imperative to conduct a thorough sensitivity analysis to 
understand how variations in input parameters impact the model’s predictions. This 
step enhances the model’s robustness by identifying key variables that significantly 
influence outcomes, contributing to a nuanced understanding of its behavior. 
Furthermore, a mechanism for continuous training and updating of the ANFIS model 
should be implemented. This ensures that the model remains relevant over time, 
adapting to new information and maintaining its effectiveness in forecasting financial 
trends. The integration of measures of uncertainty or confidence intervals into the 
model outputs provides decision-makers with a clearer understanding of the reliabil-
ity of predictions, supporting more informed risk management strategies.
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