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SUMMARY: Orne solution to enhance the accuracy in the trajectory-tracking of a single-
joint robot arm under PID control is to implement a fuzzy PID strategy based on fuzzy logic.
Such a controller may describe the nonlinear behavior of the plant without relying on an
accurate mathematical representation of the controlled object, but it also maintains the
standard PID structure. To further meet the optimization demands of the trajectory tracking,
the Dynamic Population Dead-Zone-Initiated Adaptive Particle Swarm Optimization
algorithm (DP-DZIA-PSO) is applied to adjust the fuzzy PID parameters. On importing a six-
degree-of-freedom robotic-arm dynamic model developed in SolidWorks into ADAMS,
simulation and motion analysis are performed and the target angular velocity is used to
compute the torque required by every joint and thus formulating a foundation of selecting the
motor. Then, PSO, DZIA-PSO, and DP-DZIA-PSO are used to minimize the robotic-arm PID
control system, and the comparative results of the three methods are obtained. The findings
indicate that the enhanced particle-swarm method proposed herein provides a better Pareto
front over the other two approaches. Because the controllers associated with various
optimization solutions possess different control properties, appropriate solutions may be
selected based on particular practical needs.

KEYWORDS: DP-DZIA-PSO; fuzzy PID controller, six-degree-of-freedom robotic arm;
trajectory tracking control

1 Introduction

Due to the accelerated pace of industrial automation, digital technology has been rapidly
integrated into the whole manufacturing process, which offers the technical foundation base
of the industry and helps to hasten the manufacturing transformation and development, thus
being a significant driver of economic growth [1, 2]. As one of the key parts of automated
assembly line, robotic arms have been used in large volumes since they can increase the
efficiency of production processes, reduce operational expenses, and ensure the quality of the
products, which resulted in high demand on them in the sphere of manufacturing, logistics
and warehousing [3]. The simple configuration and versatility of application scenarios of the
single-jointed robotic arm are among other types, with a linkage and joint, which is a
significant reference to the design of multi-jointed robotic arms[4]. Proportional-integral-
derivative (PID) control has been popular in industrial automation due to its simple form,
good stability, and high reliability [5].After decades of development, PID control has become
popular in engineering systems. Nevertheless, in the engineering field, less than a half of the
controllers have reached the user-satisfying control performance, and when dealing with the
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complex, nonlinear robotic arm system and complex environmental disturbances, PID
controllers fail [6-8]. Moreover, parameter tuning and dynamic response are also the most
challenging aspects of conventional PID controllers [9].

The famous Ziegler-Nichols (ZN) method has been used in tuning PID parameters since
the controlled plant can be accessed; nonetheless, in engineering applications, it sometimes
yields significant deviation, and the optimal compromise between fast response and stability
of the system is not easy to obtain [[10]. In recent years, intelligent optimization methods have
found their way into an extensive variety of optimization problems. The use of genetic
algorithms (GA), ant colony optimization, firefly optimization, and particle swarm
optimization (PSO) has become increasingly popular as practical tools of PID parameter
tuning on controlling robotic arms. According to [[11], there was a GA that used the roulette-
wheel selection, one-point crossover, and Gaussian mutation applied to a single-joint robotic
arm that has minimized the main performance indicators of the PID controller and
consequently enhanced the transient and steady-state behavior. A PID controller was
constructed in reference to[/12] based on an advanced GA in which rise time and settling time
were minimized to 1.23 seconds and 1.81 seconds respectively and the horizontal line
accuracy and diagonal accuracy were increased by 23.98 percent and 23.64 percent
respectively. Reference [13] also optimized the PID sliding-surface parameters of a planetary
rover via an enhanced GA, which resulted in more precise control, smoother movement of the
rover, and greater flexibility and real-time operation. In [14], GA was used to adjust the PID
parameters and then fuzzy control was used to optimize the secondary controller and achieve
a maximum overshoot of 5.01 and improve the trajectory tracking and stability. Nevertheless,
since the mechanism of GA-PID is based on the nature of the natural-selection mechanism, it
could also experience a long convergence time, low efficiency of computation and sensitivity
to some parameters of the controllers.

Reference [15] integrated the whale optimization algorithm with a multi-objective ocean
predator algorithm for PID tuning, generating multiple candidate solutions and achieving
more balanced overall behavior. That method shortens the frequency stabilization time and
preserves high stability under load uncertainty. In [16], the invasive weed optimization
algorithm was used to determine PID parameters, and it was further combined with an
artificial neural network for parameter selection, making it possible to obtain zero maximum
overshoot of the control system while reducing the rise time of some joints to 0.1 s. Reference
[[17] introduced a dynamically weighted artificial bee colony algorithm into robotic-arm PID
design to provide a better control strategy, improve end-effector trajectory behavior, and
strengthen resistance to external disturbances. In [18], the colony size of the artificial bee
colony algorithm was modified to obtain optimal parameter values for a robotic-arm PID
controller initialized by ZN tuning, and the optimized results showed improvements in several
time-domain indicators along with better dynamic characteristics. Reference [19] combined a
dynamic-weight artificial bee colony optimization algorithm with fuzzy theory to establish a
real-time machine-learning-based control strategy for articulated robots, enabling online
parameter adjustment with improved convergence performance. In [20], fuzzy technology
was incorporated into a PID controller built on a social spider optimization algorithm,
allowing the robotic arm to achieve zero steady-state error and more accurate positioning,
which in turn improved coordination among all joints. Nevertheless, although these
approaches reduce controller error indices and enhance several time-domain performance
measures, maintaining a satisfactory balance between convergence speed and control
accuracy remains difficult, and artificial bee colony optimization may still be trapped in local
optima.

A robotic-arm PID controller was created using the SISTOOL PID auto-tuning program,
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and ant colony optimization was introduced to find the best gain combination that enhanced
the performance of the controller and its operating efficiency as described in Ref. [21]. Ant
colony optimization was used as a basis of a PID tuning algorithm in reference [22], and it
was found out that the mean absolute error and normalized root mean square error were much
lower than fuzzy-PID and ZN-PID and that the tracking accuracy, convergence rate and
stability were also higher. In[23], an optimal nonlinear PID control algorithm of micro-robot
was developed using ant colony optimization which effectively eliminated the low
performance of linear PID controllers in low-friction conditions or in the presence of system
disturbances. Reference [24] used the firefly algorithm to optimize the PID parameters of
robots with various degrees of freedom and integral time square error analysis revealed that
the firefly approach was superior to the ZieglerNichols method in terms of suppressing
overshoot and also reducing the rise time and settling time. In [25]], both the traditional and
upgraded versions of the firefly algorithms were applied to improve the PID control of the
flexible beam structures. The firefly-based PID controller successfully reduced the
uncontrolled vibration of the flexible beam by more than 96.2 percent compared to the
heuristic method, and the improved firefly algorithm increased the attenuation ratio up to 98.8
percent. Nevertheless, ant colony optimization has its own disadvantages like slow
convergence and dependence on parameters, and therefore the quality of search and accuracy
may be reduced progressively in the course of the subsequent optimization.

In literature [26] a PID control strategy was introduced based on the combination of
firefly optimization technique with a neural network. This approach minimized the integral
time multiplied squared error and enhanced the precision of tracking, recovery and stability of
work of robots without multiple repeated retraining. In literature [27], two neural networks
were created to recognize the target system and propose PID parameters depending on the
recognition outcomes which resulted in reduction of the number of parameter changes by 92.9
percent and increased efficiency in controller operation. Literature [28] used a radial basis
function neural network algorithm to optimize a PID controller to enhance response time,
reject disturbances and track behaviour of a bilateral upper-limb rehabilitation robotic arm of
hemiplegics. Even though neural-network-based PID optimization has been proven to be
more accurate and stable in terms of tracking and less frequent in terms of parameter
adjustment than its counterparts, the overall control effect remains limited by a long training
period, slow convergence, and sensitivity to initial weights.

Particle swarm optimization (PSO) is an evolutionary technique driven by swarm
intelligence and has been widely applied in function optimization, neural-network training,
pattern recognition, and fuzzy control. Owing to its simple structure, convenient
implementation, high computational efficiency, fast convergence, and relatively low tendency
to become trapped in local optima, PSO has shown favorable performance in many
applications. Reference [29] presented an optimized PID controller based on PSO. Compared
with a conventional PID controller, the PSO-based PID system reduced response time,
enhanced resistance to external disturbances, improved control accuracy, and yielded more
stable dynamic behavior. In [30], adaptive PSO was combined with an advanced Drosophila
optimization algorithm to optimize the parameters of a nonlinear neural fractional-order PID
controller for non-complete differential-drive mobile robots, reducing the mean square error
to 0.00059 and decreasing energy consumption during circular motion. Reference [31]
compared PID controllers tuned by Ziegler - Nichols, empirical tuning, PSO, and beetle
antennae search over different test paths, and the results showed that PSO and beetle antennae
search produced comparable errors, although PSO performed slightly better.

Reference [32] employed ZN, GA, ant colony optimization, and PSO to tune the PID
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controller of a single-link underwater dual robotic arm. Among these methods, PSO achieved
the best trajectory-tracking performance, and the integral of time-weighted absolute error of
the dual arm was reduced by 96.44% and 98.6%. In [33], PSO was incorporated into a
backpropagation-neural-network-based PID controller to strengthen the global search
capability of the network, reduce controller overshoot to 1.37%, and improve response speed,
control precision, and robustness. Reference [34] used intelligent PSO to optimize the gain of
a PID controller and further refine the parameters of a sliding-mode controller, thereby
constructing a proper and stable nonlinear controller for a robot manipulator and reducing
vibration during motion. In [35]], PSO was adopted to calculate the optimal tuning parameters
of a PID controller for a six-degree-of-freedom robotic arm, which reduced uncertainty in the
control system and provided higher efficiency, stronger stability, lower overshoot, and less
vibration. Nevertheless, most existing studies remain at the level of theoretical simulation,
practical implementation is still rather limited, and the robustness of PID control systems
requires further continuous improvement.

In order to solve the problems mentioned above, this paper explores fuzzy PID control to
track trajectories of a six degrees of freedom robotic arm with an articulated structure.
Initially, the kinematics of the articulated system are discussed followed by formulation of the
kinematics equations through D-H parameters and calculation of the forward and inverse
kinematic solutions. The next step is to add fuzzy control rules to the traditional PID system
and design a suitable fuzzy PID controller. An approach chosen to simplify the process of
controller-parameter optimization is to use the DP-DIZA-PSO algorithm. Based on the classic
PSO architecture, the approach is refined in four directions: inertia weight, the learning
coefficient, number of individuals and initialization of particles. A dynamic simulation model
of the six degree of freedom robotic arm is subsequently developed using ADAMS and the
torque that should be supplied by each joint is calculated. Lastly, the efficacy and efficiency
of DP-DIZA-PSO in optimizing fuzzy PIDs to robotic arms could be validated by comparing
the behavior of various algorithms.

2 Method

2.1 Structural design of the robotic arm

D-H parameter approach has become one of the most popular methods to characterize a
kinematic chain. One can consider a robotic arm as a spatial open-chain mechanism with
multiple links connected via joints. Using a separate coordinate frame to every link allows
expressing the geometric relationships between adjacent joints and links with greater
precision through the D-H parameters. At the same time, the transformation matrix can be
reduced to a simplified form to calculate the coordinate frame of another link, simplifying the
development of both the forward and inverse kinematic solutions. The linkage model of the
robotic arm based on D-H is shown in Figure 1.
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Shaft i-1 Shaft i

Connecting rod i-1

Figure 1: The mechanical arm linkage D-H parameter model

The coordinate frame of the ith joint is established by choosing the axial direction of the
i th joint as z,-axis, the common normal between z,and z,,, that points to the successive joint
as X; -axis and thereafter the y,-axis by using the right-hand rule. In this convention, four
parameters of the connecting link may be specified:

(1)the distance measured between z,, and X,_;and z;, or the link length;

(2)the rotation between z; ; and z;,i.e. X, the twist angle ¢, , ;

(3) the measurement of distance from z; to X, along X, ,, i.e. joint offset d,;

(4) X, to X, rotation around z,, which is the joint angle 6, .

In the present work, the six-degrees-of-freedom robotic arm is designed on the
SolidWorks platform as per the requirement of D-H parameter modeling. There are six
revolute joints in the manipulator, each of which is attached to the appropriate link. The first
three joints are responsible with the control of the location to which the arm arrives, while the
other three are used to control its orientation. Because the axes of the final three joints meet at
the same point, the origins of the three coordinate frames are all at the same point. Therefore,
some of the D-H parameters are zero and this simplifies the process of deriving forward and
inverse kinematics solutions.

To simplify the transformation matrix, the robotic-arm D-H parameter model is arranged
as shown in Fig. 2, when z,, is parallel to z,, the {i —1} origin is taken at the place that

makes d, =0, and when z, , intersects z, at a_, =0, the {i—1} origin is taken at the
intersection point of the z,_,. Table 1 shows the parameter list of the robotic arm linkage
D—H model.
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Figure 2: Mechanical arm D-H parameter model

Table 1: Mechanical arm linkage D-H model parameter

I o, (2) d; (mm) a,,(9) 8,4 (mm) Range of joint transformation
1 6, 0 0 0 -1802~180¢2

2 0, 0 -100 60 -1602~45¢

3 0, 0 0 300 -802~802

4 0, 350 -100 100 -1802~180¢

5 0, 0 100 0 -902~902

6 0O, 0 -100 0 -2702~270¢2

T 0 85 0 0

2.2  Kinematic analysis of the robotic arm

2.2.1 Positive kinematic solution of the robotic arm

The forward kinematics of a robotic manipulator is concerned with finding out the position
and orientation of the end effector after the arm configuration is determined and all the joint
rotation variables are determined. Depending on the modeling data given by the D—H
parameters, the link coordinate frame {i} transformation with respect to frame {i —1} can be

calculated by four consecutive transformations, which are the link transformations | T .

(1) Rotate ¢, ; about axis X; ,, so that z, ; becomes parallel to z;.

(2) Translate a, ; along X, ,, so that z; ; lies on the same line as z;.

(3) Rotate &, around axis z; , allowing X, , to turn parallel to X; .

(4) Translate d, along axis z; , so that the origin of coordinate frame {i} coincides with
the origin of {i —1}.

Express this in terms of the transformation matrix:
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IT = Rot(x, ¢, ,)Trans(x,a,_,)Rot(z, 8,)Trans(z,d.)
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where S is Sin and C is COS.

0 0 0

The transformation matrix between the coordinate systems is:
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T
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As a result, the manipulator endpoint coordinates may be calculated based on the rotation
parameters of every joint, thus finishing a one-way mapping between joint space and
Cartesian space.

2.2.2 Inverse solution of the kinematics of the robotic arm

Inverse kinematics is the inverse problem of forward kinematics. The aim is to find out the
joint variables in joint space based on a given end-effector position and orientation in
Cartesian space. It is often more complex than forward kinematics. In forward kinematics,
there is a direct mapping between joint space and Cartesian space but in inverse kinematics
there is the reverse transformation between Cartesian space and joint space. Moreover, the
amount of possible inverse solutions can also differ and increase exponentially with the
number of manipulator joints. A six-degree-of-freedom robotic arm might contain up to 16
inverse solutions.

At present, two main categories of inverse-kinematic methods are commonly adopted:
analytical methods and numerical methods. The numerical method is to find the point with the
smallest change from the current position by iterative method, which adopts a step-by-step
approximation solution method, so the numerical method will only get a group of inverse
solutions. Commonly used inverse solvers are KDL and TRAC-IK based on numerical
methods, both of which are based on the Jacobi matrix using Newton-Raphson iteration
method to find the kinematic inverse solution, which is characterized by fast convergence and
self-correction.

Let X denote the generalized position vector of the end position of the robotic arm and &
be the joint coordinate vector of the robotic arm to establish the kinematic differential
equation:

Y . 1]d d o
X = =lim— =D= = lim XAt 4)
W | A=0AL|S O a0

As per the definition of the Jacobian matrix, it depicts how the robotic arm Cartesian-
space velocity maps to the joint space velocity or in other words, how the joint-space motion
rate converts to Cartesian-space motion rate. It could be represented in the form of:

X=J6 (%)
It can be converted to:
D = lim X At = lim JOAt = Jd6 (6)
At—0 At—0

Since J may be a square matrix of non-full rank, J may not have an inverse matrix, so
the pseudo-inverse J* of J is used:

dé=J3"D (7)
By performing a Householder-based singular value decomposition of the Jacobi matrix J :
J=UZV =J" =vz'U’ (8)

Get:
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dé=VZ'U'D )

cur >

If the robotic arm moves from a previous position of T to a current position of T

then there is:

Tcur=Tpre(I+A):>A=T’1T -1 (10)

pre " cur

Since the robotic arm is moved from a previous positional attitude of T, to a current

positional attitude of T, by translation and rotation, it is obtained:

A =Trans(dx,dy,dz)Rot(k,d&)—I

1 0 0 dx][ 1 -ox 8y 0] [1 0 0 0
|01 0 dy|[sz 1 &z 0] |0100
10 01 dz||-6y ox 1 0] |00 1 0
000 10 0 o0 1/]0 00 1

0 -ox oy dx
0z 0 o6z dy (11)
-0y ox 0 dz
0 0 0 O
0 -ox oy dx
ST, 1 = 6oz 0 Jdz dy
-0y ox 0 dz
0 0 0 O

By equalizing the wvalues of the corresponding elements we can get
D =[dx dy dz 6x 5y 5z]", and then from Eq. we can compute d@ , and finally use the

iterative method to set up the iteration by jumping out of the loop to end the iteration when
dé is less than a certain accuracy, thus obtaining the kinematics of the six-degree-of-freedom
robotic arm Inverse solution.

Although both TRAC-IK and KDL solvers are based on numerical methods, they differ in
their iterative algorithms. The KDL solver is a simple extension of Newton's convergence
algorithm, which may fall into a local minimum. And TRAC-IK is using SQP nonlinear
optimization method, which can better optimize the iteration, compared with KDL can
quickly get the inverse solution, but also can solve the problem of KDL local minimum, can
solve the situation that KDL can not get the inverse solution, have higher reliability and
solving efficiency. In summary, so in this paper, the TRAC-IK solver is selected.

2.3 Design of Single Joint Controller

2.3.1 PID controller design

The PID algorithm has become popular in the field of industrial robots and numerous other
control systems due to its ease of configuration, easy implementation, high reliability and
good robustness. The core of PID control is that the error between the measured output y and

9
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the desired value r is acted upon via proportional, integral, and derivative terms in a linear
combination to produce the control input U, thus controlling the controlled plant. Figure 3
illustrates the schematic of the PID controller.

Proportional n
re) T e(t) : + ue Controlled Yo
ntegral Object >
— +
Derivative
Figure 3: schematic diagram of PID controller
Among them:
e(t) =r(t)-y(t) (12)
Control Law for:
1 de(t)
ut)=ky|et)+—|et)dt+T, —=
® p[o T JeatT, dt] (13)
The transfer function is of the form:
U(s) 1
G(S)=——=k, | 1+—+T,s
©=% ( T ] (14)

In Egs. (13) and (14), k, denotes the proportional gain, T, represents the integral time
constant, and T, stands for the derivative time constant. It should be noted that k, =k, /T,,
kp =Ko /T, .

The three PID correction term functions can be summarized like this:

Proportional term: The error is the difference between reference input and measured value
and is transformed directly into a proportional control signal. To put it differently, as soon as a
deviation occurs, the controller acts instantly to remove the deviation. A bigger proportional
gain K, tends to reduce the response time of the system, but it also makes the system more
susceptible to overshooting.

Integral term: It plays the major role in removing the steady-state error of the system. The
bigger value of integral time constant T, means less strong integral action and smaller T,
indicates more powerful integral effect.

The differential term: The term is primarily aimed at the dynamic properties of the system.
It can show the direction of the deviation by reflecting how fast the system deviation changes
and provide a useful anticipatory behavior to the control process, thereby reducing the
regulation time as well as assisting in damping the oscillation.

In practical tuning, the parameters of the PID controller are generally chosen via
experience. The integral coefficient Kk, is initially set to 0, after which the proportional

10
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coefficient k, and differential coefficient k, are tuned, frequently by orders of magnitude.
Oscillation can be reduced with an appropriate increase in K, . With a steady-state deviation
present, the integral parameter K, needs further adjustment until the system error achieves the
required value.

2.3.2 Fuzzy PID controller design

(1) Fuzzy PID controller structure

The adaptive fuzzy PID controller takes the error € and the error change eC as inputs,
which can satisfy the requirement of self-tuning of PID parameters by e and ec at different
moments. Using fuzzy control rules to modify the PID parameters online, it constitutes an
adaptive fuzzy PID controller, the structure of which is shown in Figure 4.

»

| Fuzzy Logic
Ake|Aki|  |Akp
rM  + e(t) v oy v
> BID Controller .| Controlled | ¥(®
- L i "] Object >
de/dt

Figure 4: Fuzzy PID controller structure diagram

(2) Determination of affiliation function
A new FIS file of type Mamdani is created with the error € and the rate of change of the
error €C as inputs, and the output quantities Ak, , AK,, and Ak, through the fuzzy rule editor.

Take the fuzzy subsets of the inputs €, eC and output quantities Ak, , AK,, and Ak, as
{NB, NM,NS,Z,PS,PM, PB} , which represent respectively represent negative large,
negative medium, negative small, zero, positive small, positive medium, positive large. The
argument domain is [-3,3] and the quantization level is {-3,-2,-1,0,1,2,3} . The input
quantities € and Ak, affiliation functions are chosen to be Gaussian, and the output
quantities Ak, , Ak, and Akg are chosen to be triangular.

(3) Setting of fuzzy rules
According to the effects of k,, K, , kK, on the output characteristics, it can be generalized

that the fuzzy rules can be set at different e and ec, as well as at different Ak, , Ak,, Akp, so
that the fuzzy rules can be obtained.

11
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Table 2: Fuzzy rules
ec € NB NM NS Z PS PM PB
NB | PB/NB/PS | PB/NB/PS | PM/NB/Z | PM/NM/Z | PS/NM/Z | PS/Z/PB Z/7/PB
NM | PB/NB/NS | PB/NB/NS |PM/NM/NS|PM/NM/NS| Z/Z/Z Z/Z/NS Z2/7/PM
NS [PM/NM/NB|PM/NM/NB|PM/NS/NM| PS/NS/NS 2/2/7 NS/PS/PS | NM/PS/NM
Z PS/NM/NB |PS/NM/NM | PS/NS/NM | NS/Z/NS NS/PS/Z | NM/PS/PS [NM/PM/PM
PS | PS/NS/NB | PS/NS/NM Z/Z/NS NS/PS/NS | NS/PS/Z [NM/PM/PS| NM/PM/PS
PM Z/Z/NM Z/Z/NS NS/PS/NS |[NM/PM/NS|NM/PM/Z| NM/PB/PS | NB/PB/PS
PB Z/7/PS NS/Z/z NS/PS/Z NM/PM/Z | NM/PB/Z | NB/PB/PB/| NB/PB/PB

2.4  Optimization of fuzzy PID controller based on improved PSO

The fuzzy PID controller can be effectively used to overcome the limitations of the
conventional PID controller to dynamically adjust the parameters, its parameters cannot be
tuned manually, which complicates the optimization process. Not only does this introduce a
significant amount of subjectivity, but also makes it difficult to get the optimal parameter
match, which will impact control performance. Also, the controller design cycle increases,
which negatively impacts robustness and overall control quality. The approach adopted by this
paper to address these problems is to come up with an optimization method of the controller
that is based on an advanced particle swarm strategy. As a result, to optimize the fuzzy PID
controller, an improved PSO algorithm is suggested accordingly.

24.1

This dead-zone-initiated adaptive particle swarm optimization algorithm, known as DZIA-
PSO, has been proposed earlier in order to address the natural weaknesses of the PSO.
Nevertheless, in the given algorithm, the population size, inertia weight and learning factors
cannot be changed, and their values should be defined prior to the program run. With
increasing the population size to a higher number, the chance to find the optimal solution goes
up, but the computational load also becomes much higher. In the case of the robotic arm that
1s discussed in this paper the use of the fitness function implies that one call to the entire
control system is made during each execution of the fitness function, which consumes a lot of
time. To overcome these weaknesses, the present research additionally suggests a dynamic-
population dead-zone-initiated adaptive particle swarm optimization algorithm, which is
represented by DP-DZIA-PSO. The following four concepts: dead-zone initiation, dynamic
population, inertia weight, and learning factor are presented and enhanced in this approach.

(1) “Dead zone” activation strategy

The dead-zone initiation policy is to define a circle of a certain radius in the middle of the
local region, i.e., the dead zone, and then to check if a particle belongs to such an area based
on the relevant regulations. When the particle comes into this range, it is re-initialized,
allowing it to leave the local region. Hereby, when a particle enters the dead zone, it is
restarted at a point outside the neighborhood of the local optimum. The exact procedure is
stated as follows:

In particle iteration, to find out if a particle has ended up in a local optimum, the optimal
solution of a particle is used to update its state. The detailed procedure is stated below:

Take the K th step of evolutionary iteration as an example:

Order:

Improved Particle Swarm Algorithm

12
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R = max{p{} (15)
mean 1 \ k
R = 2P (16)
i=1

where p; is the maximum adaptation value possessed by the ith particle during the iteration

history, and F™, F™" each represent the global optimal adaptation value and the average
individual optimal adaptation value during that iteration.

Order:
H, =FY >FR™ (17)
H, =F75" > F™" (18)
Particle initialization:
X3 =Py +(01,— 01, ) X™ (19)

Particle initialization constraints limit the boundary:

max

X = max {1,(Kmax —1)} (20)

Xmaleiximax’xgnax'n.'x:nax:l (21)

X% is the particle i position after reinitialization. P, is the particle local extreme
position. o;,, o0, are random numbers between [0, 1]. X" is the range of positions

reinitialized at the K th iteration. K is the number of dead zones. K™ is the maximum
number of dead zones, where k™ >1 is to be satisfied. X™ is the dynamic range of the
particle in R -dimensional space. X' is the maximum position that the particle can be
assigned in r(1<r <R) space.

After determining whether the particles evolve normally or not, the Sharing function is
used to take exclusion operation for the particles in the dead zone. The specific steps are as
follows:

sharing (d(i, j)) = ! d a3y <d, (22)

0,---d(i, j)>d,

d

particles i and j . exclusion operation:

. is the radius of the dead zone, given by the user. d(i, j) is the distance between

13
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X'n
in—new = I- (23)
1-sharing(x)

X/ :(Xil, Xiz,---X-”) are the coordinates of the position of the particle i at the K th step.

1

Xin—new
(2) Dynamic population strategy

Dynamic population strategy is added to the DZIA-PSO algorithm to adaptively change

the size of the population during the particle evolution iteration process, so as to improve the
convergence speed of the algorithm.

The main method of the dynamic population strategy is to perform evolutionary state
estimation (ESE). Take the K th step of evolutionary iteration as an example to illustrate the
specific implementation steps of the DP strategy.

Calculate the average distance between the current particle i and all particles:

is the coordinate where particle | is redistributed.

d 1 N D
N1 &

j=1, j=i

(4 = X)? (24)

1

where N and D denote the population size size and particle dimension, respectively.
The average distance d; of the globally optimal particle is denoted as d . If d_ is smaller

than d; of all other particles, the population is in a “converged” state. If dg is larger than the

d, of all other particles, the population is in a “jumping out” state. If it is in between, it is not

processed.

After determining the state of the particles, particles can be added or deleted according to
the state. The deletion of particles obeys the principle of randomness, but the current position
and the historical optimal position of the deleted particles cannot be optimal.

(3) Inertia weight improvement

In order to improve the performance of the algorithm, the improved PSO algorithm adopts
a strategy to adaptively adjust the inertia weight w with the current adaptation value. The
formula is as follows:

(Wmax_Wmin)(f_fmin) f<f

W.. + hS
min ave
W= fave - fmin (25)
Wmax f > fave
Woin s W are the set minimum and maximum inertia weights, respectively. f is the

adaptation value of the current particle. f f.. are the minimum adaptation value and the

min > ‘ave
average adaptation value of the particle swarm, respectively.
(4) Learning factor improvement

The learning factors ¢, and C, represent the learning degree of own experience and group
experience, respectively. The strategy to adjust the learning factor is to adjust ¢, and C,

according to the relative difference between the adaptation value of each particle and the
adaptation value of the local optimal particle and the global optimal particle:
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k,, k, are the inertia factor weights of ¢, and c, respectively, ranging between [0,3.5].

f (Xik) is the fitness value of particle i at the K th iteration.
The complete flowchart of DP-DZIA-PSO algorithm is shown in Fig. 5.

Randomly initialize each particle

»]

Evolutionary State Estimation (ESE)

v

Dynamic Population Strategy (DP)

v

Evaluate each particle's fitness value

v

Update each particle's historical
optimal position

v

Update the population's global
optimal position

v

Update inertia weight w and learning
factors c1, c2

Increment
iteration - )
count by 1 Did the particle Process
x evolve normally? particles

Update each particle's velocity and
position

[P
<

Has the
maximum iteration count
been reached?

Figure 5: DP-DZIA-PSO algorithm process

2.4.2 Fuzzy PID controller optimization

In this study, the adjustable parameters of the controller are tuned offline with a particle
swarm method to obtain an optimal parameter set and thereby improve control precision.
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Subsequently, the fuzzy-control parameters in the fuzzy PID controller are further tuned
through the DP-DZIA-PSO algorithm, and the corresponding schematic is presented in Fig. 6.

DP-DZIA-PSO Optimization
Algorithm
|

2
| Fuzzy Rule Weight |

ec

~»{ de/dt T Kec

Figure 6: Optimization principle diagram

uolealyzzn4
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Controlled | Y()
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=
s3]j08u0D AId
v

A\ A 4

The parameters optimized by the improved particle swarm algorithm are the fuzzy rule
weights and quantization scale factors k., k.., K, , K, and Kk, in the fuzzy PID controller.

ec ? up ? ui

The particle swarm algorithm searches for the optimal solution on the basis of the fitness
function. Since ITAE exhibits better performance in evaluating both dynamic and static
characteristics of the control system, the ITAE index is selected as the fitness function in this
study.

The procedure for optimizing fuzzy-controller parameters with the DP-DZIA-PSO
algorithm can be divided into two stages:

(1) The DP-DZIA-PSO algorithm performs parameter reinitialization and updating for
variables such as population size and learning factor according to the corresponding rules.

(2) The Simulink program, which acts on the controlled plant, calculates and compares the
adaptation values of the particles.

Each particle in the DP-DZIA-PSO optimization process is subjected to a sequence of
processes, which include initialization of the rule weights, quantization of the velocities and
positions of the scaling factors, write the optimized parameters into the fuzzy controller to
produce an updated controller, evaluate the fitness values, identify the best solution, renew the
particle velocity and position. The operations are repeated until the maximum iteration
number defined is obtained.

Figure 7 depicts the workflow of optimizing fuzzy-controller parameters using the
enhanced particle swarm algorithm. Initially, the evolutionary state estimation (ESE) is
applied to the particles to enable adapting the size of the population. Then, the fuzzy-
controller parameters are set and the particles update their flight velocity and position. The
initialized parameter set obtained at the current stage is then assigned to the fuzzy controller,
and the Simulink program is run once to obtain the ITAE index at this time, i.e., the adaptive
value, as a way of updating local and global optimums, as well as the inertia weights and
learning factors. Finally, the particles are re-initialized or not according to the corresponding
criteria, so that an iterative update is completed. The above process is looped until the
maximum number of iterations is reached, and then the optimization search is finished.
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Figure 7: DP-DZIA-PSO algorithm optimises fuzzy controller process

3 Results

3.1 Dynamics Simulation

3.1.1 Simulation Parameter Settings

The solver of ADAMS uses the Lagrange equation method, which can be used to establish the
dynamics equations and simulate and analyze the dynamics and kinematics of the virtual
prototype. Here, ADAMS is used to analyze the moments required for the motion of each
joint.

Because ADAMS is not suitable as a direct three-dimensional modeling tool, the model
created in SolidWorks is used. In order to lessen the computational load, the six-degree-of-
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freedom robotic arm model built is simplified prior to importing it into ADAMS. The robotic
arm model is constrained and all the parts are assembled into a single part. As per the design
requirements, every joint of the robotic arm is driven by one of the motors. Hence, a rotary
vice is installed on every one of the six joints, and the base is made stationary. The specific
constraints are outlined in Table 3.

Table 3: Model constraints

Serial number | Motor pair | ADAMS Constraint name Connection component
1 Fixed pair Joint 1 Base and earth
2 Rotating pair Joint 2 Shoulder joint and arm
3 Rotating pair Joint 3 The arm joints and the small arm
4 Rotating pair Joint 4 Small arms and wrist 1
5 Rotating pair Joint 5 Wrist 1 joint and wrist 2
6 Rotating pair Joint 6 Wrist 2 joint and wrist 3
7 Rotating pair Joint 7 Wrist 3 joint and end finger unit

After the constraints are added, the material of the six-degree-of-freedom robotic arm
needs to be defined, considering the actual application environment, the said six-degree-of-

freedom robotic arm is made of titanium alloy, density p =4.5x10°kg/m?®, elastic modulus

E =1.0x10°GPa, Poisson's ratio U = 0.33. Due to the limitations of the actual use of the
working conditions, it is necessary to add a constant damping to the joints of the robotic arm
and to ignore the effect of the gravitational acceleration.

Because the six-degree-of-freedom robotic arm prototype is driven by motors, the drive is
added at each rotating vice, and the corresponding motion function of each joint can be
calculated according to the end motion speed (180mm/s) and the length of each arm in the
design requirements. After inputting the driving function of each motor, a complete dynamics
simulation model of the six-degree-of-freedom robotic arm prototype is established, and then
the running time of 10s is selected, and the torque required for the rotation of each joint is
obtained through simulation measurements, and the torque curves of each joint are shown in
Fig. 8, and Figs. (a) ~ (f) are the torque curves of joints 1~6, respectively.

1

Moment/10°(N-mm)
& BV o v r o » o
Moment/103(N-mm)
(3]

0,
24
-4 T T T T
0 2 4 6 8 10 0 2 4 6 8 10
T/s T/s
(a) Joint 1 (b) Joint 2
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Figure 8: Each joint moment curve

3.1.2 Analysis of simulation results

The simulation findings of the six-degree-of-freedom robotic arm six-joint simulation
reaching the target speed in ADAMS are presented in Figure 8. Examining the individual
curves, it can be seen that every joint achieves the desired speed, and then the required torque
curve slows down. It is due to the fact that the joint starts accelerating at zero speed to the
highest target speed, and assuming that gravity is not considered, the drag torque does not
change. Consequently, as the joint achieves the highest speed and goes into steady state, the
necessary torque begins to reduce and eventually approach zero. Hence, upon achieving the
maximum velocity, the joints run with a fixed velocity and the required torque reduces to zero
over time. With the angular velocity plots of all the joints combined, it is possible to
determine that the angular velocity keeps increasing until it becomes steady, thus the relevant
torque profile can be extrapolated within reason. The torque curve peak value is used as the
basis of motor selection of each joint and the resultant findings are as shown in table 4. The
maximum moments required for the six-degree-of-freedom robotic arm joints 1~6 are
0x10°N'mm, 8x10°N'mm, 5x%10°N'-mm, 4x10*N-mm, 5x10°N'-mm, and 7x10*N-mm,
respectively.
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Table 4: Needs maximum torque for each joint

Joint Maximum torque required /(N-mm)
Joint 1 9x10°
Joint 2 8x10°
Joint 3 5x10°
Joint 4 4x10*
Joint 5 5x10*
Joint 6 7x10%

3.2 Analysis of optimization results

In order to evaluate the effectiveness of various optimization techniques, PSO, DZIA-PSO
and DP-DZIA-PSO are used to optimize a fuzzy PID controller to track the trajectories.
Parameter settings of these three optimization algorithms are provided in Table 5.

Table 5: Three optimization algorithm parameters

Algorithm PSO Algorithm DZIA-PSO | DP-DZIA-PSO
Population size 200 Population size 200 200
Iteration number 100 [teration number 100 100
Selection probability 0.9 Inertia term 0.6 0.6
Cross probability 0.9 Maximum speed 0.08 0.08
Mutation probability 0.07 Mutation probability 0.07 0.07

Fig. 9 shows the Pareto optimal fronts after optimization with the help of three
algorithms. One can see that the Pareto front created by PSO is far worse than that created by
the enhanced particle swarm algorithms, but the fronts found by DZIA-PSO and DP-DZIA-
PSO are much alike. Hence, the enhanced particle swarm algorithm is more suitable to
optimize fuzzy PID controllers. As shown in Fig. 9, the Pareto front of DP-DZIA-PSO is
spread across a larger area, whereas the solution set based on DZIA-PSO is placed within a
smaller area. Then, DZIA-PSO can output a solution set which is nearer to the actual Pareto
frontier and the solutions related to it will be spread across a wider and more uniform area.
Three representative solutions on the Pareto fronts of DZIA-PSO and DP-DZIA-PSO i.e.
point A, B, and C in Fig. 9 are chosen to form the respective fuzzy PID controllers. The
values of the parameters of the fuzzy PID controllers relating to optimization points A, B, C
are given in Table 6. Additional information on the detailed fuzzy-rule parameters of the fuzzy
PID controllers related to these three points of optimization are available in Tables 7 to 9.
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Table 6: Optimises the parameters of the fuzzy PID controller for the three points

Optimization Fuzzy Domain of The vertex position of the unilateral triangle
points variable Discourse of the membership function X, X,, X,
e 4.341 0.797 2.288 3.958
ec 9.9 0.042 2.479 9.947
A AK, 4.008 1.153 2.155 4.143
AK, 10 9.324 9.951 9.48
AK, 10 8.417 9.452 10
e 3.581 0.308 1.561 3.422
ec 3.589 0.058 0.589 3.483
B AK, 3.295 3.254 3.164 3.14
AK, 10 9.675 9.916 9.986
AK, 9.954 9.208 9.846 9.92
e 9.231 0.236 1.095 9.156
ec 4.756 0.092 0.634 4.759
C AK, 2.86 0.08 0.336 2.926
AK, 10 9.379 9.887 9.884
AK, 9.619 8.806 9.674 9.465
Table 7: Optimization point A for fuzzy PID controller fuzzy rules
AK,,AK,, €
AK, NB NM NS z PS PM PB
NB |NB/NM/PB | NB/PM/PB | NB/PS/PB |NM/PS/PB| Z/PB/PB | Z/PB/NB | Z/NB/NB
NM | NS/PM/PB | NS/PB/PB | NS/Z/PB |NS/PM/PB |NS/NB/PB |NS/NB/PB | NS/PS/NB
NS | NS/PB/PB |[NS/NM/PB| NS/Z/PB | NS/PS/PB | NS/PB/PB | NS/Z/PB |NS/PM/NB
ec Z | NS/PB/PB | NS/Z/PB | Z/NB/PB |NS/NB/PB |NS/NB/PB| NS/Z/PB |NS/NB/NB
PS | NS/PB/PB |NS/NM/PB | NS/NM/PB | NS/NB/PB | NS/NB/PB | NS/NB/PB | NS/NS/NB
PM | NS/NB/PB | NS/PM/PB | NS/PB/PB | NS/PB/PB | NS/PB/PB | PS/NB/PB | NS/NS/PB
PB | PM/Z/PB |PM/NB/PB | PM/PB/PB | PS/PB/PB |PB/NB/PB| PB/Z/PB | PB/NB/PB
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Table 8: Optimization point B for fuzzy PID controller fuzzy rules

AK,,AK,, €

AK, NB NM NS z PS PM PB
NB |NB/NS/PB |NB/NM/PB |NB/PM/PB |NB/NB/PB | NB/PB/PB | PB/PS/NB | PB/NB/NB
NM | NB/Z/PB | NB/NB/PB |NB/NB/PB | NB/PB/PB | NB/NS/PB | NB/Z/PB | PB/PB/NB
NS | NB/PS/PB | NB/NB/PB | NB/NS/PB | NB/NB/PB | NB/PB/PB | NB/NB/PB | PB/NB/NB

ec Z |NB/PB/PB | NB/PB/PB | NB/PB/PB |NB/NB/PB| NB/PB/PB |[NB/NB/PB| PB/PB/NB
PS |NB/PB/PB | NB/PM/PB | NB/NB/PB | NB/NB/PB | NB/NB/PB | NB/NB/PB | PB/NM/NB
PM |NB/NB/PB| NB/Z/PB |NB/NB/PB|NB/NB/PB |NB/NM/PB| NB/Z/PB | NB/PB/NB
PB | NB/PB/PB | NB/PB/PB |NM/PB/PB | NB/PB/PB | NB/PB/PB | NB/PS/PB | NB/NB/NB

Table 9: Optimization point C for fuzzy PID controller fuzzy rules

AK,, AK,, €

AK, NB NM NS z PS PM PB
NB | NB/PS/NB | PB/PS/NB | PB/NS/PB | PB/NB/NB | PB/PS/NB | PB/PB/PB | PB/Z/NB
NM | NB/PB/PB |NB/NB/PB |NB/PM/PB | NB/PB/PB | NB/NB/PB | NB/NB/PB | NB/PB/NB
NS | NB/Z/PB | NB/PS/PB | NB/PB/PB | NB/NB/PB | NB/PB/PB | NB/NB/PB INB/NB/NB

ec Z NB/Z/PB | NB/PB/PB |NB/PM/PB | NB/NB/PB | NB/PB/PB | NB/NB/PB |[NB/NB/NB
PS | NB/PB/PB | NB/PS/PB | NB/NB/PB | NB/NB/PB | NB/NBPB | NB/NB/PB |[NB/NB/NB
PM |NB/NM/PB |NB/NB/PB|NB/NB/PB |NB/NB/PB| NB/Z/PB | NB/Z/PB |[NB/PM/NB
PB | NB/PB/PB | NB/PB/PB | NB/PB/PB | NB/PB/PB | NB/PB/PB | NB/NS/PB |[NB/NB/NB

These fuzzy PID controllers are applied in simulations of articulated-robot trajectory
tracking based on the aforementioned optimization points. The performance indices of the
given controllers, namely, objective function 1, objective function 2, joint-angle deviation and
controller-output patterns are presented in Table 10. Figures 10 depicts the deviations of the
trajectory-tracking of the six joints of the articulated robot arm under the fuzzy PID
controllers related to various optimization points, with Figs. (a) (b) (c) (d) (e) (f) representing
Joint 1, Joint 2, Joint 3, Joint 4, Joint 5, and Joint 6 respectively. Figure 11 shows the torque
changes generated by the controller at each joint, and Figs. (a) (b) (c) (d) (e) (f) also represent
robot-arm Joints 1, 2, 3, 4, 5, and 6 respectively. Figure 12 illustrates the end-effector tracking
deviation in Cartesian space. According to Table 10 and Figs. 10-12, the lowest trajectory-
tracking deviation is observed by the fuzzy PID controller associated with optimization point
A, and the lowest controller output is observed by the controller associated with optimization
point C. The fuzzy PID controller associated with point B shows a middle level of
performance when it comes to trajectory-tracking deviation and the controller output.

Table 10: Optimization points corresponding to fuzzy PID controller control effect

Optimization points A B C
Objective function 1 32.641 36.254 41.126
Objective function 2 15354 15137 14662
Joint Angle deviation norm 4.135 4.211 4.259
Controller output norm 137.812 135.043 133.844
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Figure 10: The space trajectory of the joint space is tracked by deviation
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To sum up, the analysis of the optimization outcomes of PSO, DZIA-PSO and DP-
DZIA-PSO has shown that the best fuzzy PID controller optimization outcomes are achieved
using DP-DZIA-PSO, which confirms the usefulness of the modified particle swarm approach
suggested in this paper to optimize the fuzzy PID controller. The improved particle swarm
algorithm can give a better Pareto frontier than the standard particle swarm algorithm when
used on the optimization of fuzzy PID controllers in articulatory-robot pathway tracking, and
the right solution in the Pareto set may then be chosen based on particular engineering needs.
Other simulation results also show that controllers with various optimization points have
different control properties at various control goals.

4 Conclusion

In order to enhance the accuracy of the trajectory-tracking of a robotic arm, this paper
suggests an application of a fuzzy PID controller to a six-degree-of-freedom robotic arm. In
order to make fuzzy PID control even more efficient at robotic-arm trajectory tracking, a
dynamic-population dead-zone-initiated adaptive particle swarm optimization algorithm is
presented to optimize the fuzzy PID controller. The simulation and analysis of the motion of
the six-degree-of-freedom robotic arm and the torques needed by the six joints are carried out
using the ADAMS software 9x10°, 8x10°, 5x105, 4x10% 5x10% and 7x10*N-mm,
respectively. Besides, optimization experiments on trajectory trackers fuzzy PID controllers
are conducted with the use of PSO, DZIA-PSO, and DP-DZIA-PSO algorithms whereas
parallel controller optimization experiments are conducted with enhanced PSO algorithm. The
Pareto frontier produced by the new approach is superior to that of the conventional PSO
algorithm. Pareto frontier solutions of DZIA-PSO and DP-DZIA-PSO are chosen based on
their respective Pareto frontiers and the corresponding fuzzy PID controllers constructed. The
solution achieved by DZIA-PSO is that of a small-output fuzzy PID controller that has the
lowest overall performance but the greatest combined performance in terms of both tracking
error and output torque. Conversely, the solutions developed by DP-DZIA-PSO are more
versatile, and they may be selected depending on various conditions of operation.
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