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Abstract: This research delves into the development and evaluation of two distinct controllers for
a 3-DoF robotic arm in the context of Industry 4.0. Two primary control strategies are presented in
the study. The first is a Fuzzy Logic Controller that utilizes joint position error and its derivative
as inputs, employing a set of 9 control knowledge rules. The second is an Adaptive Neuro-Fuzzy
Inference System (ANFIS) Controller, trained to learn the inverse dynamic model of the robot through
a structured dataset. The research emphasizes the importance of accurate parameter tuning and
data acquisition to achieve optimal control system performance. Extensive experimentation was
conducted to evaluate the controllers’ performance in trajectory tracking and their response against
external disturbances, such as load variations. The controllers exhibited remarkable precision and
proficiency in tracking reference trajectories, with minimal deviations, overshoots, or oscillations.
A quantitative analysis using performance indices such as root mean square error (RMSE) and the
integral of the absolute value of the time-weighted error (ITAE) further confirmed the controllers’
effectiveness. Notably, the ANFIS Controller consistently outperformed the Fuzzy Logic Controller,
demonstrating superior precision in trajectory tracking. The study underscored the importance of
selecting the right control method and obtaining high-quality training data. Challenges in parameter
tuning for Fuzzy Logic Controllers and potential time constraints in training ANFIS were discussed.
The findings have significant implications for advancing robotic control systems, particularly in the
era of Industry 4.0.
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1. Introduction

In the era of Industry 4.0, robotic manipulation technologies have revolutionized
industrial manufacturing processes, transforming robots into flexible, autonomous, and
intelligent entities [1,2]. Robotic arms, known for their versatility in tasks such as welding,
pick-and-place, assembly, and precision operations, play a pivotal role [3,4].

However, developing effective controllers for these dynamic, nonlinear, and multivari-
able robotic arms poses significant challenges, especially as demands for higher accuracy,
performance, speed, reliability, autonomy, and adaptability increase [5,6].

Among the different types of controllers, the Fuzzy Logic Controller has gained
popularity due to its linguistic structure and its robustness in controlling nonlinear systems.
By implementing knowledge-based control rules, it enables addressing the difficulty or
impossibility of modeling some systems through mathematical equations [7].

This technique is categorized under the realm of expert systems, specifically oriented
towards numerical processing. In these systems, fuzzy logic is employed to define inference
rules and membership functions, facilitating reasoning about data and decision-making.
Expert knowledge is encapsulated in the form of IF-THEN rules, which proves to be better
adapted to the analyzed problem [8].
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In [9], the use of a fuzzy controller for the control of a 2-DoF manipulator is proposed.
The authors employ fuzzy sets to design a trajectory planning scheme using a trapezoidal
fuzzy PID (Proportional, Integral, Derivative), which allows them to effectively control the
symmetric motion of the manipulator. The design of two type-I and type-II fuzzy controllers
is presented in [10] for the position and force control of a robot in an object manipulation
task. This robot is composed of an angular gripper with two fingers attached to a robotic
arm mounted on a mobile robot. A comparison of the performance of both controllers and
a PID was established, with the type-I fuzzy controller obtaining the best results.

A novel iterative feedback method for PID controller tuning using fuzzy logic is
proposed in [11]. The proposed method uses the desired overshoot characteristics and the
settling time of the plant to calculate the error. Then, the error value is sent to the fuzzy
logic based tuning system to calculate the PID gains. In [12], a fuzzy PID controller is also
introduced. In this work, the controller is tuned using the Cuckoo Search (CS) algorithm to
control a highly nonlinear 3-degree-of-freedom robotic manipulator for trajectory tracking.

The work presented in [13] introduces a control method based on fuzzy logic and
fractional-order (FO) operators. It employs an extended PID error manifold and a Takagi-
Sugeno inference system based on the extended PID error and its FO integral. A fuzzy linear
quadratic regulator (FLQR) controller is presented in [14], where an optimal control approach,
as in the linear quadratic regulator (LQR), is combined with a fuzzy control approach.

In [15], the authors address the problem of actuator saturation in controller design.
For this purpose, they present a design method of fuzzy controllers subject to actuator
saturation for nonlinear systems with uncertain parameters. In [16], a fuzzy proportional-
derivative (PD) controller is proposed to overcome the uncertainties of a robotic manipula-
tor in real-time.

Recent advancements in fuzzy control have been directed towards simplifying struc-
tures and reducing computational loads associated with numerous logic rules. In the realm
of adaptive control for nonlinear systems, the focus has shifted towards adaptive mecha-
nisms with minimal learning parameters, alleviating computational challenges linked to
the increasing number of adaptive laws. An event-based adaptive tracking control scheme,
introduced in [17], aims to enhance computational efficiency while ensuring robust tracking
performance. Additionally, a low-computation adaptive fuzzy control strategy, coupled
with constraint-handling techniques, has been presented in [18] for precise trajectory track-
ing and signal boundedness in systems characterized by unknown nonlinear functions and
unmatched disturbances.

Moreover, adaptive fuzzy finite-time control has attracted attention. Research in this
domain has explored applications in pure feedback switched nonlinear systems, lever-
aging dynamic surface control and backstepping techniques to enhance robustness and
anti-disturbance performance [19]. This approach has also found application in [20], em-
phasizing robustness, chattering avoidance, fault tolerance, and saturation elimination.

One of the drawbacks of fuzzy controllers is the lack of a systematic methodology for
their design. These systems are not experts by themselves, as they need an adjustment of
their parameters [21]. In most cases, there is not enough knowledge about the behavior
of the system. For this reason, the trial-and-error method is usually used in the design to
obtain the best performance, which sometimes requires a lot of time.

To overcome this limitation, the use of neural network learning techniques has been
proposed as a way to automate this process, reducing time significantly and increasing
performance. The fusion of Artificial Neural Networks (ANN) and Fuzzy Inference Systems
(FIS) has resulted in the Adaptive Neuro-Fuzzy Inference System (ANFIS) techniques as a
powerful method in the resolution of control tasks.

Based on the input and output data of the systems, ANN learns the behavior of the
system, applies the corresponding rules, and assigns the correct values of membership
functions using error minimization algorithms [22].

In [23], ANFIS is employed to perform an input–output mapping of the inverse
dynamic model of a 5-DoF manipulator robot (Intelbot). The ANFIS system is trained using
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the robot’s joint coordinates (θ,
.
θ,

..
θ) and a payload index (β) to allow the robot to work

with varying loads. A similar approach is implemented in [24], where an ANFIS network is
trained to model the inverse dynamics of the 6-DoF Stanford Robotic Arm. In [25], ANFIS
has been used for cooperative control of two 3-DoF manipulators that grasp a common
object under the constraint of no-slipping.

A controller designed using a computed torque controller (PD type) based on an
ANFIS system is presented in [26]. In the paper, the authors demonstrate that this approach
allows the achievement of high accuracy in trajectory tracking and satisfactory stabilization,
improving the performance obtained with the traditional computed torque method. The
ANFIS network is trained to automatically adjust the gain parameters kp and kv of the
controller to compensate for the inaccuracies of the dynamic model.

In [27], an adaptive fuzzy computed pair control system is proposed. In this case
the ANFIS is used to compensate the deviations caused by the presence of structured
uncertainty and unstructured uncertainty.

The use of ANFIS for controlling a 4-DoF hydraulic manipulator is proposed in [28]
to increase the accuracy of trajectory tracking. Similar to the other research cited here, the
function of ANFIS consists of the adaptive regulation of the parameters of a PID controller
using autonomous learning and its fuzzy reasoning capability.

The focus of this study is on the development of intelligent controllers for a 3-DoF
robotic arm, specifically fuzzy and ANFIS controllers, to address the intricate control
requirements of robotic arms in Industry 4.0 scenarios. The main objective is to contribute to
the development of automatic control systems by analyzing the behavior of both controllers
and evaluating their performance in trajectory tracking using performance indices.

The major contributions of this work are described below:

• A detailed and comparative evaluation is presented for two intelligent control strate-
gies: the Fuzzy Logic Controller and the Adaptive Neuro-Fuzzy Inference System
(ANFIS), specifically applied to a 3-DoF robotic arm. The study emphasizes the preci-
sion and overall performance of both controllers, as demonstrated by comprehensive
assessments, particularly in trajectory tracking;

• A thorough comparison with recently published controllers not only establishes that
the proposed controllers demonstrate robust performance but also demonstrates
their superiority in a competitive manner. This comprehensive analysis extends
beyond trajectory tracking, incorporating an examination of their responsiveness to
external disturbances, providing valuable insights into the controllers’ resilience and
practical applicability;

• The efficiency achieved by the ANFIS controller in precise trajectory tracking and
effective regulation, even in the presence of load variations in the robotic arm system,
is demonstrated. This robust and adaptable performance of ANFIS holds significant
implications across various industrial scenarios where adaptability to load fluctuations
is crucial for operational success;

• This study enriches the field of industrial robotics by providing a quantitative anal-
ysis supported by performance indices. This methodology simplifies the objective
comparison of the controllers, enabling a precise and measurable understanding of
their effectiveness in practical scenarios. This approach significantly contributes to
the development of evaluative standards, thereby consolidating the relevance and
applicability of the controllers in advanced industrial environments.

This paper is structured as follows: Section 2 details the kinematic and dynamic models
of the plant used to test the controllers. Section 3 address the theoretical foundations and
design parameters for the development of the fuzzy controller and ANFIS. Section 4
describes the simulation environment used to test the controllers and discusses the results.
The conclusions are presented in Section 5, as well as potential future work.
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2. Description of the System under Study

Modeling is the first step in the design of controllers. Knowing the mathematical
equations or physical characteristics of the system to be controlled is critical. The kinematic
model and the dynamic model are the base elements for the development of controllers for
robotic arms. Kinematics refers to the science that explains motion, i.e., position, velocity,
and acceleration, as well as their derivatives, without taking into account the forces that
cause such motion. Dynamics is the science that establishes the relationship between
motion and force [29].

2.1. Kinematic Robot Model

Direct kinematics describes the relationship of spatial coordinates as a function of
joint coordinates [30]. The Denavit–Hartenberg (D-H) method is used to obtain the direct
kinematic model. The reference systems of the links used in the modeling are shown in
Figure 1. The D-H parameters are established in Table 1, with d1 = 0.352, a2 = 0.36, and
a3 = 0.445.
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Figure 1. Axis assignment and D-H parameters for the 3-DoF robot. The visual representation
highlights the axis arrangement and clear definition of D-H parameters, offering a quick and compre-
hensible insight into the geometric configuration of the robot [31].

Table 1. D-H parameters of the 3-DoF manipulator.

Joint ai αi di θi

1 0 π
2 d1 θ1

2 a2 0 0 θ2
3 a3 0 0 θ3

Applying the transformations described by Equation (1), the homogeneous transfor-
mation matrix of the system is obtained in Expression (2), from which the relationships
describing the direct kinematic model are derived. Expression (3) represents the position
vector, and Equation (4) represents the rotation matrix describing the orientation of the end
effector with respect to the base, where si = sen(θi), ci = cos(θi), sij = sen

(
θi + θj

)
, and

cij = cos
(
θi + θj

)
.

Ti−1
i = Rot(Zi−1, θi)·Tras(Zi−1, di)·Tras(Xi, ai)·Rot(Xi, αi) (1)

T0
3 = T0

1 ·T1
2 ·T2

3 =

[
R0

3 P
0 1

]
(2)
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where

R0
3 =

c1c23 −c1s23 s1
s1c23 −ss23 −c1
s23 c23 0

 (3)

P =

x
y
z

 =

 a2c1c2 + a3c1c23
a2s1c2 + a3s1c23
a2s2 + a3s23 + d1

 (4)

Inverse kinematics problem consists of determining the joint variables corresponding
to a given position and orientation of the end effector (EF) [31]. The procedure is based
on establishing sufficient relationships between the two coordinate systems, and these
equations depend on the geometry and physical dimensions of the robot [30].

For robots with few degrees of freedom, geometric methods can be employed to
solve the inverse kinematic problem. Trigonometric and geometric relations on the robot
elements are utilized for this purpose [30].

The geometric representation shown in Figure 2 is used to obtain the inverse kine-
matics, where two possible poses of the manipulator have been represented to reach the
desired position

(
px, py, pz

)
of the end effector. From Figure 2, the Expressions (5) and (6)

are derived.
θ1 = atan2

(
py, px

)
(5)

θ3 = atan2
(
±
√

1− D2, D
)

(6)

where,

D =
p2

x + p2
y + (pz − d1)

2 −
(
a2

2 + a2
3
)

2a2a3
(7)
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If a positive value of θ3 is taken, the lower posture shown in Figure 2 is selected, while
if a negative value of θ3 is taken, the upper posture is selected. The value of θ2 is obtained
by the following expressions:

θ2 =


α− β si θ3 > 0
α + β si θ3 < 0
α si θ3 = 0

(8)

β = cos−1

 px
2 + py

2 + pz
2 + a2

2 − a2
3

2a2

√
px2 + py2 + pz2

 (9)
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α = atan2(pz, r) = atan2
(

pz,
√

px2 + py2
)

(10)

Equations (5), (6), and (8) constitute the inverse kinematic model of the 3-DoF manipulator.

2.2. Dynamic Robot Model

The dynamics deals with the relationship between the forces acting on a body and
the resulting motion. Therefore, the dynamic model of a robot aims to understand the
relationship between the robot’s motion and the forces involved in it [33].

Using the Lagrange–Euler formulation, the dynamic model of an n-DoF manipulator
can be expressed by Equation (11) [31].

τ = M(q)
..
q + C

(
q,

.
q
)
+ G(q) + F

( .
q
)

(11)

M(q) denotes the inertia matrix, C
(
q,

.
q
)

represents the matrix of the Coriolis terms,
G(q) corresponds to the vector of gravitational torques of the robot, and F

( .
q
)

to the vector
of frictional forces. τ represents the vector of generalized forces and q,

.
q,

..
q represent the

components of the position vector, velocity, and acceleration of the joints, respectively. The
dynamic model of the 3-DoF manipulator is expressed by Equations (12) through (31).

M(q) =

m11 m12 m13
m21 m22 m23
m31 m32 m33

 (12)

m11 = (m 3lc3
2 + Iy3

)
c3

2 + 2a2m3lc3c2c3 +
(

m2lc2
2 + a2

2m3 Iy2

)
c2

2 (13)

m12 = m13 = m21 = m31 = 0 (14)

m22 = 2a2m3lc3c23 + m3lc3
2 + m2lc2

2 + a2
2m3 + Iz3 + Iz2 (15)

m23 = m32 = a2m3lc3c23 + m3lc3
2 + Iz3 (16)

m33 = m3lc3
2 + Iz3 (17)

Iy2 = Iz2 =
m2a2

2

12
(18)

Iy3 = Iz3 =
m3a3

2

12
(19)

C(q,
.
q) =

1
2

C11 C12 C13
C21 C22 C23
C31 C32 C33

 (20)

C11 = −
{

m2l2
c2sen(2θ2) + m3

(
a2

2sen(2θ2) + l2
c3sen(2θ2 + 2θ3) + a2lc3sen(2θ2 + θ3)

)} .
θ2

−{m3lc3(lc3sen(2θ2 + 2θ3) + 2a2sen(2θ2 + θ3) + 2a2sen(θ3))}
.

θ3

(21)

C12 = −
{

m2l2
c2sen(2θ2) + m3

(
a2

2sen(2θ2) + l2
c3sen(2θ2 + 2θ3) + a2lc3sen(2θ2 + θ3)

)} .
θ1 (22)

C13 = −{m3lc3(lc3sen(2θ2 + 2θ3) + 2a2sen(2θ2 + θ3) + 2a2sen(θ3))}
.

θ1 (23)

C21 = −
{

m2l2
c2sen(2θ2) + m3

(
a2

2sen(2θ2) + l2
c3sen(2θ2 + 2θ3) + a2lc3sen(2θ2 + θ3)

)} .
θ1 (24)
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C22 = −m3a2lc3s23

2

.
θ3 (25)

C23 = −m3a2lc3s23

2

( .
θ2 +

.
θ3

)
(26)

C31 = −{m3lc3(lc3sen(2θ2 + 2θ3) + 2a2sen(2θ2 + θ3) + 2a2sen(θ3))}
.

θ1 (27)

C32 =
m3a2lc3s23

2

.
θ2 (28)

C33 = 0 (29)

G(q) =

 0
(m2lc2c2 + m3(a2c2 + lc3c23))g

m3lc3c23g

 (30)

F
( .
q
)
=

Fv
( .
q1
)

Fv
( .
q2
)

Fv
( .
q3
)
 =

b1
.

θ1

b2
.

θ2

b3
.

θ3

 (31)

3. Control Strategies Design

This section discusses the theoretical principles behind the control strategies that were
examined. A comprehensive description of the parameters and considerations taken into
account during the design of the controllers is provided, offering valuable insights for
future research in the field.

3.1. Fuzzy Logic Controller

Contrary to traditional control methods, fuzzy logic-based schemes provide a more
effective method for the analysis and control of nonlinear, time-varying systems that are
relatively complex and difficult to model mathematically [34]. The Fuzzy Logic Controller
allows to express the general characteristics of a non-linear system through linguistic
expressions by the creation of IF-THEN rules [35].

Fuzzy Logic is a language that allows the translation of sophisticated natural language
sentences into a mathematical formalism. Knowledge is acquired and manipulated in an
inferential and deductive manner, through symbolic reasoning [36].

These systems work with fuzzy sets that do not have perfectly defined boundaries,
with a gradual transition between the membership or non-membership of variables to a
given set. The membership functions provide flexibility in modeling by means of the use of
linguistic variables.

A fuzzy controller is composed of four main parts [37]:

1. The first step in the fuzzy inference process is fuzzification. This is responsible for
converting the controller inputs into fuzzy information that the inference mechanism
can understand and process. In the transformation, each input has its set of member-
ship functions. These functions must be representative of the variable; therefore, they
cover all the possible values of the input;

2. The knowledge base contains all the inference rules (IF-THEN rules) that characterize
the control goals and the policy used by the experts to carry out the control;

3. The inference mechanism refers to the computational procedure used to evaluate the
fuzzy rules. It is the core of fuzzy logic control, as it is responsible for executing the
knowledge base by generating the answers;

4. The defuzzification interface maps the conclusions of the inference mechanism to
obtain the control action. For this purpose, it uses membership functions analogous
to those used by the fuzzifier.
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The two most important and widely used methods in fuzzy inference are the Mamdani
method and the Sugeno method. The main difference between these methods lies in the
consequent part of the fuzzy logic rules. Mamdani-type fuzzy inference methods use fuzzy
sets as the consequents for the rules, while Sugeno-type systems use linear functions [38].

A fuzzy controller is designed, implementing a three-channel independent control sys-
tem. In this approach, each controller focuses on a specific joint, designed to minimize the
influence of other joints. Detailed system modeling of the robot’s kinematics and dynamics
is crucial for achieving a comprehensive understanding of the robot’s behavior and enables
the management of coupling quantities between joints for efficient and decoupled control
of each joint.

To establish independence between joints, fuzzy rules were designed for each joint,
considering its state and desired behavior. Fuzzy inference calculates control signals for
each joint based on its input channel, with the assurance that fuzzy rules do not directly
couple control inputs from different joints. The controller was experimentally tuned by
observing its behavior at each moment.

The fuzzy controller consists of 9 control knowledge rules. The joint error and its
derivative are taken as inputs, and the output is defined as the torque to be applied to the
plant input. The fuzzy controller was developed using the Mamdani inference method
with the Fuzzy Logic Toolbox in MatLab. Three membership functions are defined for the
inputs and five for the output, with trapezoidal-type functions at the corners and triangular
type functions in the center.

The linguistic variables for the input are P, positive value; Z, zero value; and N,
negative value. The linguistic variables for the output are: TPP, large positive torque; TP,
positive torque; TZ, zero torque; TN, negative torque; an TNN, large negative torque. The
rules of the fuzzy controller were implemented following the correspondences given in
Table 2.

Table 2. Fuzzy Logic Controller inference rule base.

e(t)

de/dt
P Z N

P TPP TP TZ
Z TP TZ TN
N TZ TN TNN

Figure 3 shows the scheme used in the implementation of the fuzzy controller. In
Figure 4 the membership functions defined for each input and output of the controller
are shown.
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Table 3 shows the empirically obtained values corresponding to proportional KP and
derivative KD controller gains for each joint.
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Table 3. Fuzzy Logic Controller gains.

Joint KP KD

1 3.2 3.1
2 7.8 7.5
3 5.8 5.5

3.2. ANFIS Controller

ANFIS are also fuzzy logic systems, which have been enhanced with learning, gener-
alization, and adaptation capabilities.

The ANFIS inference system corresponds to a set of fuzzy IF-THEN rules in a neural
network-like structure, which has learning capabilities to approximate nonlinear func-
tions [39]. It is designed to construct membership functions that can accurately fit a
predetermined input–output dataset while maintaining a minimal error tolerance. This
process involves identifying and defining appropriate membership functions to repre-
sent the relationships between input and output variables [40]. The ANFIS is based on
the Takagi–Sugeno fuzzy system method [41], where the final fuzzy inference system is
optimized by training an ANN.

Due to its capacity to handle inaccuracy and uncertainty, the design of ANFIS can be
based on real provided data [42]. The distinctive feature of ANFIS compared to standard
fuzzy systems is that both the parameters of the premises and those of the consequents of
the rules are adjustable.

Figure 5 shows the architecture of the ANFIS network, where adaptive nodes (squares)
and non-adaptive nodes (circles) can be distinguished. Nodes in layers 1 and 4 are adaptive
since their premises and consequent parameters are modified during learning. The rest of
the layers have non-adaptive nodes that implement basic functions such as sum, product,
and normalization and have fixed parameters.
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The hybrid learning procedure used mostly in training ANFIS networks is one of its
most attractive features. In this procedure, the adaptation of network weights is divided
into two steps. Firstly, the least-squares estimation (LSE) is used to identify the consequent
parameters of the output functions. Secondly, the backpropagation gradient descent method
is used to fine-tune the premise parameters of the membership functions.

For the design of the ANFIS controller in this work, a classic computed-torque control
scheme has been taken as a basis. This scheme consists of applying torque to compensate
for centrifugal and Coriolis effects, gravitational effects, and friction.

The implemented control law is described in Equation (32), where M̂, Ĉ, Ĝ, F̂ repre-
sent the estimates of the inertia matrix; the Coriolis matrix, the vector of gravitational forces,
and the vector of frictional forces, respectively; and u(t) is described by Equation (33).

τ(t) = M̂(q)u(t) + Ĉ
(
q,

.
q
)
+ Ĝ(q) + F̂

( .
q
)

(32)
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u(t) =
..
qd + kD

( .
qd −

.
q
)
+ kP(qd − q) (33)

The positive definite and diagonal matrices, corresponding to the derivative and
proportional gain, are represented by kD and kP, respectively. qd,

.
qd,

..
qd represent the

position, velocity, and acceleration of the desired joint trajectory.
Considering small errors in the model estimates, the error in the joints can be approxi-

mated by Equation (34), a second-order linear differential equation.

..
e + kD

.
e + kPe ≈ 0 (34)

..
e =

..
qd −

..
q (35)

.
e =

.
qd −

.
q (36)

ANFIS can be trained to implement Equation (32). However, it is more efficient to
perform the training so that it learns the dynamic equation of the robot, and once this is
completed, the controller is implemented by substituting the input corresponding to

..
qd for

Equation (33). In this way the training time is reduced considerably.
In this work, the ANFIS network is trained to learn the inverse dynamic model of the

robot, using a total of 300,000 samples. To perform the training, it is of utmost importance
to generate a dataset that allows for capturing as faithfully as possible the dynamics of the
robot and mapping its motion space. The performance of the developed controller will
depend on this. The more accurate the training datasets are, the more accurate ANFIS will
be in estimating the required torques.

To select the type and number of membership functions, the combinations that offered
the lowest error as a result of training and the better performance indices were determined.
In the selection, greater weight was given to the value of the performance indices obtained,
selecting the option that obtained the best tracking, without the presence of oscillations
or overshoot.

In all cases, the training process involved utilizing 300 epochs, the Grid Partition
option, and a hybrid optimization method.

Finally, the inference system was designed with 6 Gaussian membership functions for
joint 1 and 5 Gaussian membership functions for joint 2 and 3. A constant membership
function is used for the output since it reports better performance in Takagi–Sugeno type
systems. The ANFIS controller was developed using the ‘anfisedit’ function of the Fuzzy
Logic Toolbox of MatLab R2022b.

Figure 6 shows the diagram used in the implementation of the ANFIS controller.
Table 4 shows the kD and kP gain values established.
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Table 4. ANFIS controller gains.

Joint KP KD

1 700 70
2 800 80
3 900 90

The uniqueness of this approach lies in its ability to avoid direct numerical computa-
tion of dynamic effects compensation. By employing ANFIS as a function approximator,
the system learns the complex relationship between the provided inputs and the required
control torque, thereby enabling precise and smooth control of the robot.

3.3. Stability Analysis

Fuzzy controllers are widely acknowledged for their stability in the majority of cases.
Their fuzzy structure enables efficient modeling and control of nonlinear and complex
systems, demonstrating increased tolerance to system uncertainty and variability due to
the absence of a precise mathematical model requirement. Both theoretical and practical
evidence supports the idea that fuzzy controllers offer robustness and adaptability across
various environments and applications. In dynamic and changing settings, fuzzy controllers
have proven effective, showcasing their ability to adapt to different operating conditions
while maintaining stability.

The stability of fuzzy controllers has been extensively analyzed in various references,
such as [43–47], where BIBO (Bounded Input, Bounded Output) stability conditions are
established using the well-known Small Gain Theorem. Many studies have shown that
fuzzy controllers offer robustness and adaptability in dynamic and changing environments,
indicating their ability to adapt to different operating conditions while remaining stable.

In addition to the existing literature supporting the stability of fuzzy systems, we
conducted an experiment to further assess the stability of the system presented in this
study. A new fuzzy controller was designed with membership functions, as depicted in
Figure 7. The deliberate choice of a membership function with narrow central tendencies,
close to zero at the input of the fuzzy controller, was made to investigate sensitivity to small
variations in tracking error.
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By narrowing the central membership function, the system’s sensitivity is focused
on a specific range of the input signal. While this approach can effectively highlight and
intensively respond to certain error ranges, it may also increase susceptibility to minor
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variations within those ranges. An extremely narrow central membership function can
imbalance the influence of different rules in the system.

Examining Figure 8, displaying torque signals generated by this controller during
tracking of a circular trajectory, constant torque saturations for all three joints are evident.
In this design, the system’s stability is crucial, and the extreme sensitivity introduced by an
extremely narrow membership function can result in abrupt and undesirable responses.
The constant torque saturations observed in Figure 8 serve as an indicator that the system
may not be stable.
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In contrast, this behavior is not evident when analyzing the torque signal of the con-
troller presented in this work, as illustrated in Figure 9. In this case, appropriate tracking
curves and torque signals are exhibited, suggesting that these membership functions are
more effective in providing stability to the system. The design choices, including mem-
bership function shapes, contribute to the stable performance of our controller, ensuring
robust responses even under varying conditions.
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4. Results and Discussions

In this section, the results from simulating the controllers applied to the robot are
shown. The graphs for the tracking of two trajectories and the calculation of the perfor-
mance indices are presented. A qualitative analysis of the obtained graphs is established,



Processes 2023, 11, 3267 14 of 30

as well as a quantitative analysis through the performance indices: residual mean square
value of the error and the integral of the absolute error weighted in time.

4.1. Simulation Environment

The performance of both controllers is evaluated in trajectory tracking. Two trajectories
with sinusoidal type profiles in position and velocity are used. The trajectories are defined
by Equations (37) and (38) and are represented in Figure 10.
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Then, a load variation is applied during trajectory 2 tracking in order to analyze the
robustness of the system and to observe its behavior in the rejection of external disturbances.

r = 0.05sen(2t)
x = 0.2 + rsen(t)
y = 0.2 + rcos(t)

z = 0.352

(37)


x = 0.352

y = 0.15sen(2t)
z = 0.15cos(2t) + 0.4

(38)

Latency and delays play a crucial role in the precise control of robots over time, and
they can manifest in various stages of the control block [48]. The delay in input control
can be attributed to various factors within the control system. Firstly, the dynamics of the
actuator itself can introduce a delay, as it takes time for the actuator to respond and generate
the desired control output. Additionally, the processing of data used for generating the
control signal, such as sensor measurements and calculations, can contribute to input
control delay. Delays in the transmission of sensor information can result from various
factors, including signal processing, data acquisition, or communication systems.

Furthermore, delay can also arise from failures or malfunctions in electronic interface
devices or data acquisition systems, which can impact the overall control loop response time.
Additionally, when filtering out noise components from velocity or force measurements,
there can be a phase shift that indirectly introduces a delay in the control system [49].

With the aim of carrying out a more realistic simulation, a delay of 3 milliseconds (ms)
was incorporated between the plant and the controller. In this way, the simulations include
the inherent delays in the control of a real robotic manipulator.
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4.2. Performance Indices

Performance indices are quantitative measures that specify the cost of system operation
as a function of error and energy. They are used to evaluate the dynamic behavior, the
quality of the transient response and the stress of the controller [50].

These indices allow the measurement and quantification of different performance
characteristics of a robotic manipulator. These metrics facilitate the study, evaluation, and
optimization of the design, as well as the application of manipulator robots. Furthermore,
they enable the establishment of comparisons between architectures and performance of
different controllers or manipulators used in the same task [51].

To evaluate and compare the performance of the implemented controllers, perfor-
mance indices were computed. The root mean square error (RMSE) was employed, provid-
ing a measure of the spread of errors between desired and actual positions of the robot. This
index furnishes a comprehensive evaluation of the control model’s accuracy. Additionally,
the integral of the absolute value of the time-weighted error (ITAE) was utilized. ITAE
emphasizes steady-state error over the initial response [52], offering a holistic perspective
on the controller’s performance. The expressions for calculating these indices are depicted
in Equations (39) and (40).

RMSE =

√
1
n∑n

i=1 ei
2 [rad] (39)

ITAE =
∫ ∞

0
t|e(t)|dt [rad·s] (40)

4.3. Trajectory Tracking

This section shows the simulation plots of the two proposed trajectories, as well as the
performance indices obtained for each case. Figure 11 illustrates the relationship between
the desired Cartesian trajectory and the one traced by the robot using the fuzzy controller.
Figure 12 shows the graph obtained for the joint trajectory.
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It can be seen that a good tracking of the desired trajectory is achieved with this
controller, which is proven by the rather small error values obtained. The error values are
shown in Figures 13 and 14 for the Cartesian trajectory and the joint trajectory respectively.

The tracking of trajectory 1 achieved with the ANFIS controller is illustrated in
Figure 15, for the Cartesian space, and in Figure 16 for the joint trajectory. A good tracking
of the reference is observed, without the presence of overshoots or oscillations, similarly to
the result obtained with the fuzzy controller.
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Figure 14. Joint trajectory error with the fuzzy controller for trajectory 1.

Figures 17 and 18 show the error graphs obtained with ANFIS in the Cartesian and
joint space. Small error values are obtained, considered acceptable, smaller values than
those obtained with the fuzzy controller are observed.

The performance analysis of both controllers for trajectory 1 is carried out from Table 5,
which shows the indices for the Cartesian trajectory, and Table 6, which shows the values
obtained in the joint trajectory.
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The performance analysis of both controllers for trajectory 1 is carried out from Table 
5, which shows the indices for the Cartesian trajectory, and Table 6, which shows the val-
ues obtained in the joint trajectory.  

Figure 17. Cartesian trajectory error with the ANFIS controller for trajectory 1.
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The performance analysis of both controllers for trajectory 1 is carried out from Table 
5, which shows the indices for the Cartesian trajectory, and Table 6, which shows the val-
ues obtained in the joint trajectory.  

Figure 18. Joint trajectory error with the ANFIS controller for trajectory 1.

Table 5. Performance indices for Cartesian trajectory 1.

ITAE RMSE

Fuzzy ANFIS Fuzzy ANFIS

x 0.2267 0.1373 0.0045 0.0029
y 0.2302 0.0901 0.0045 0.0020
z 0.5047 0.0279 0.0106 6.1412 × 10−4

Table 6. Performance indices for joint trajectory 1.

ITAE RMSE

Fuzzy ANFIS Fuzzy ANFIS

q1 0.0441 0.2116 0.0016 0.0047
q2 0.8575 0.5201 0.0189 0.0099
q3 0.9341 0.4584 0.0184 0.0090

Based on these values, it can be stated that both controllers have good performance in
tracking trajectory 1. However, a slight improvement is observed for the ANFIS controller.
This finding is reinforced by the graphical representation in Figure 19, where a side-by-side
comparison of the tracking curves for each joint indicates an improvement in accuracy
achieved by the ANFIS controller in tracking trajectory 1.
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Figure 19. Joint trajectory performance comparison of the of controllers for trajectory 1. (a) Perfor-
mance comparison for joint; (b) performance comparison for joint 2; (c) performance comparison 
for joint 3. 

Next, the results for the tracking of trajectory 2 are analyzed. Figures 20 and 21 show 
the robot’s path using the fuzzy controller for the Cartesian trajectory and the joint trajec-
tory, respectively. 

Figure 19. Joint trajectory performance comparison of the of controllers for trajectory 1. (a) Perfor-
mance comparison for joint; (b) performance comparison for joint 2; (c) performance comparison for
joint 3.

Next, the results for the tracking of trajectory 2 are analyzed. Figures 20 and 21
show the robot’s path using the fuzzy controller for the Cartesian trajectory and the joint
trajectory, respectively.
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Figure 21. Simulated and desired joint trajectory with the fuzzy controller for trajectory 2.

In the case of Figure 21, it can be observed that this trajectory demands greater effort
from the controller as it has a wider range of movement in each joint and along the z-
axis, where it is necessary to compensate for interactions with gravity. By observing
Figures 22 and 23 of the Cartesian and joint errors, it can be verified that although error
values are acceptable, they are slightly higher than those obtained with trajectory 1.
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The results obtained with the ANFIS in the tracking of trajectory 2 are illustrated in
Figure 24, for the Cartesian space, and in Figure 25 for the joint space.
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Figure 24. Simulated and desired Cartesian trajectory with the ANFIS controller for trajectory 2.
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The error plots obtained with ANFIS, shown in Figures 26 and 27, show small error
values, lower than those obtained with the fuzzy controller.
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Figure 27. Joint trajectory error with the ANFIS controller for trajectory 2.

According to the values in Tables 7 and 8, which show the performance indices
obtained in trajectory 2 tracking, it can be concluded that both controllers exhibit good
performance in tracking trajectory 2. However, a notably superior performance is observed
for the ANFIS controller. This outcome is further supported by the graphs presented in
Figure 28, where a detailed comparison between the two controllers is established through
the tracking curves for each joint. It is evident from the graphs that the ANFIS controller
achieves a significantly higher level of accuracy in tracking trajectory 2.

Table 7. Performance indices for Cartesian trajectory 2.

ITAE RMSE

Fuzzy ANFIS Fuzzy ANFIS

x 0.4673 0.1923 0.0087 0.0039
y 0.1211 0.0825 0.0030 0.0023
z 1.17 0.1052 0.0217 0.0023

Table 8. Performance indices for joint trajectory 2.

ITAE RMSE

Fuzzy ANFIS Fuzzy ANFIS

q1 0.1367 0.1213 0.0054 0.0047
q2 2.573 0.3517 0.0482 0.0079
q3 0.7583 0.4471 0.0174 0.0089

Table 9 provides a comprehensive comparison between the controllers developed
in this study and recently published fuzzy controllers, utilizing performance indices as
benchmarks. It is crucial to note that undertaking such comparisons poses challenges due
to inherent variations in system complexity, degrees of freedom, trajectory considerations
for performance measurement, and other specific aspects unique to each study. For the
purpose of this comparison, we have calculated the average values of each index for the
Cartesian trajectory 2.
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Table 9. Comparison between the performance of the controllers designed and results from other
authors.

Controllers DoF
Comparison Criterion

ITAE RMSE

Fuzzy-FO
(fractional-order) [13] 2 0.5812 -

Fuzzy PID [12] 3 0.4860 -
Fuzzy LQR [14] 3 0.313 -
Fuzzy PID [28] 4 - 0.0149
ANFIS PID [28] 4 - 0.00037
Fuzzy PD [16] 2 - 0.0316

Optimized fuzzy
computed torque [53] 3 - 0.00458

Proposed Fuzzy 3 0.5861 0.01113
Proposed ANFIS 3 0.1266 0.0028

From the analysis of Table 8, it can be concluded that the controllers developed in this
study exhibit competitive performance compared to those proposed by other authors, with
the ANFIS standing out as having the best ITAE index and the second-best RMSE. Further-
more, it is concluded that the application of optimization techniques in defining fuzzy sets
significantly enhances the performance of fuzzy controllers, as evidenced in [53], where
the parameters of the proposed controller are tuned using the Archimedes Optimization
Algorithm (AOA).

Additionally, the designed controllers in this work are characterized by their simplicity,
which has proven to be a valuable attribute, yielding robust and effective results. The
inherent simplicity of these controllers offers several significant advantages. It facilitates
system understanding, adjustment, and implementation, streamlining the process and
enhancing operational efficiency. Furthermore, it contributes to system reliability and
stability by reducing complexity.

4.4. External Disturbances

In order to analyze the robustness of the two designed controllers, a perturbation was
applied to the system during the tracking of trajectory 2. This perturbation consisted of
adding a 0.3 kg load on the third joint after 5 s of simulation. Figures 29 and 30 correspond
to the tracking of the joint trajectory obtained in the presence of this disturbance for the
fuzzy and ANFIS controller, respectively.
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presence of external disturbances.

It can be observed that the fuzzy controller exhibits a significant deterioration in
trajectory tracking in the second and third joints when the increase in mass in the third
link is introduced. This indicates that the fuzzy controller struggles to adapt to changes in
the system dynamics and fails to adequately capture the complex and nonlinear interac-
tions between system variables. As a result, its ability to handle external disturbances or
variations in system parameters may be limited.

On the other hand, a more robust response to the increase in mass, in terms of trajectory
tracking, is observed with the ANFIS controller, as the effect is significantly reduced
compared to the fuzzy controller. This is because ANFIS has the capability to adjust its
internal parameters based on the information provided by the input and output data of the
system, allowing it to better adapt to the dynamic characteristics of the system.

On positive slopes, where the trajectory is ascending, the interaction between the
increased mass and the gravitational force poses a particularly challenging scenario for
both the fuzzy and ANFIS controllers.

Rising slopes introduce additional complexities to the control problem due to the
combined effects of gravity and the increased inertia of the system. These factors create
difficulties in generating precise torque commands to compensate for the augmented mass
during upward motion.

The fuzzy controller’s difficulty in precisely modeling the nonlinear dynamics of the
system can hinder its ability to compensate for the effects of increased mass on rising slopes.
The imprecise modeling can lead to deviations in torque generation, resulting in degraded
trajectory tracking performance. Similarly, while the ANFIS controller exhibits a more
robust response to the increased mass, it still faces challenges in fully correcting the torque
signal on uphill slopes due to the intricate dynamics involved.

Figure 31 illustrates the torque graph generated by the fuzzy controller. It can be seen
that the compensations generated by this controller, due to the increase in load, allow the
joints to maintain a relatively smooth oscillatory behavior. There is no significant actuator
saturation observed. This characteristic indicates that the fuzzy controller is capable of
generating control commands that partially compensate for the effects of the increased
mass, resulting in a smoother response from the actuators.

In contrast, the analysis of the torque graph generated by the ANFIS controller, as
depicted in Figure 32, reveals a notable saturation of the torque signal for a considerable
duration. This observation sheds light on a significant limitation of the ANFIS controller
when faced with the increased mass scenario. Despite its ability to adapt to changes in
system dynamics, the ANFIS controller struggles to generate precise control commands
that adequately compensate for the effects of the augmented mass. The saturation of
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the torque signal suggests a restricted operational range or imprecise modeling of the
system dynamics, hampering the controller’s ability to deliver optimal performance in
such conditions.
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The performance indices were recalculated for these conditions. The new values
obtained are shown in Table 10, for Cartesian space, and in Table 11 for joint space.

Table 10. Performance indices for Cartesian trajectory 2 in the presence of external disturbances.

ITAE RMSE

Fuzzy ANFIS Fuzzy ANFIS

x 1.337 0.2167 0.0261 0.0044
y 0.3128 0.08206 0.0065 0.0019
z 5.095 0.6778 0.0955 0.0167
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In the presence of this variation in the load, a variation in the indices with respect to
those obtained in the trajectory tracking is observed. In this test, much higher values of the
ITAE are observed in comparison with the rest of the tests, considering that this index is an
indicator of the time it takes for the system to recover from an error.

Table 11. Performance indices for joint trajectory 2 in the presence of external disturbances.

ITAE RMSE

Fuzzy ANFIS Fuzzy ANFIS

q1 0.1375 0.1126 0.0055 0.0036
q2 11.02 2.101 0.2158 0.0502
q3 2.734 0.5478 0.0452 0.0110

5. Conclusions

In this study, a comprehensive and comparative evaluation of two intelligent control
strategies was conducted, specifically the Fuzzy Logic Controller and the Adaptive Neuro-
Fuzzy Inference System (ANFIS), tailored for a 3-DoF robotic arm operating in the context of
Industry 4.0. The examination focused on assessing the precision and overall performance
of both controllers, particularly in trajectory tracking scenarios.

The results of these evaluations consistently demonstrated that both controllers exhib-
ited commendable performance in the functional tests. Notably, they successfully achieved
accurate tracking of the predefined reference trajectory without any observed oscillations
or overshoots. This consistent and reliable performance underscores the controllers’ effec-
tiveness in meeting the demands of the given scenarios.

The application of the ITAE and RMSE performance indices further verified the preci-
sion attained by the controllers. Specifically, the ANFIS controller demonstrated superior
performance compared to the fuzzy controller, as indicated by its ability to achieve the
smallest indices in the tests. This outcome was validated through a meticulous comparison
with recently published fuzzy controllers.

The ANFIS controller showcases remarkable efficiency in achieving precise trajectory
tracking and effective regulation, even in the face of load variations within the robotic
arm system. This adaptability holds significant implications for a broad spectrum of
robotic applications, particularly in scenarios involving complex manipulation tasks such as
palletizing in the logistics industry. The ability of the ANFIS controller to dynamically adapt
to variations in the weight and size of products is crucial for tasks like assembly, where the
payload may vary due to the manipulation of components with different sizes and weights.
Similarly, in automated loading and unloading applications, such as those seen in robotic
warehouses, the ANFIS controller proves to be a versatile and reliable solution.

For future research, the aim is to continue evolving controllers for robotic arms,
aligning with the precision and autonomy requirements of Industry 4.0 standards. An
exciting avenue for exploration involves the potential integration of bio-inspired controllers,
particularly those based on Spiking Neural Networks, which could emulate the informa-
tion processing capabilities of the human brain and further enhance the capabilities of
robotic systems.
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