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Application of Chaotic Particle Swarm Optimization to
PID Parameter Tuning in Ball and Hoop System

Hamed Mojallali, Reza Gholipour, Alireza Khosravi, and Hossein Babaee

Abstract—In this paper, an intelligent PID controller based
on Chaotic Particle Swarm Optimization (CPSO) algorithm for
Ball and Hoop system is designed. In this system, two goals are
tracked; the first one implies on set-point tracking, and the
second one includes both set-point tracking and disturbance
rejection. The classical methods of PID tuning such as
Ziegler-Nichols are based on trial and error, and generally,
their responses have a high settling time and overshoot;
however, the proposed CPSO-PID controller determines the
parameters of PID controller automatically and intelligently by
minimizing the integral absolute error (IAE). The simulation
results on Ball and Hoop system show that the proposed
CPSO-PID controller leads to superior performance compared
to Ziegler-Nichols method in both set-point tracking and
disturbance rejection in terms of rise time, settling time,
maximum overshoot, and the integral of absolute error (IAE)
performance criterion.

Index Terms—Chaotic particle swarm optimization, PID
controller, ball and hoop system, integral of absolute error
(1AE).

. INTRODUCTION

Even though several control theories have been developed
significantly, we do see the widely popular use of
proportional-integral- derivative (PID) controllers in process
control, motor drives, flight control, and instrumentation. The
reason of this acceptability is its simple structure which can
be easily understood and implemented. Unfortunately, it has
been quite difficult to tune properly the gains of PID
controllers, because many industrial plants are often
burdened with problems such as high order, time delays, and
nonlinearities [1]-[6]. Over the years, several heuristic
methods have been proposed for the tuning of PID
controllers. The first classical tuning rules proposed by
Ziegler and Nichols. In general, it is often hard to determine
optimal or near optimal PID parameters with the
Ziegler-Nichols formula in many industrial plants [1]-[3].
For these reasons, it is highly desirable to increase the
capabilities of PID controllers by adding new features. Many
artificial intelligence (Al) techniques have been employed to
improve the controller performances for a wide range of
plants while retaining their basic characteristics. Al
techniques such as neural network, fuzzy system, and
neural-fuzzy logic have been widely applied to proper tuning
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of PID controller parameters [1], [2].

Chaos can be described as a bounded nonlinear system
with deterministic dynamic behavior that has ergodic and
stochastic properties [7]. It is very sensitive to the initial
conditions and the parameters used. In what is called the
“‘butterfly effect’’, small variations of an initial variable will
result in huge differences in the solutions after some iteration.
Generating an ideal random sequence is of great importance
in the fields of numerical analysis, sampling and heuristic
optimization. Recently, a technique which employs chaotic
sequences via the chaos approach (chaotic maps) has gained a
lot of attention and been widely applied in different areas,
such as the chaotic neural network (CNN) [8], chaotic
optimization algorithms (COA) [9],[10], nonlinear circuits
[11], DNA computing [12], and image processing [13]. All of
the above-mentioned methods rely on the same pivotal
operation, namely the adoption of a chaotic sequence instead
of a random sequence, and thereby improve the results due to
the unpredictability of the chaotic sequence [14].

PSO shows a promising performance on nonlinear
function optimization and has thus received much attention
[15]. However, the performance of the traditional PSO
greatly depends on its parameters, and it often suffers the
problem of being trapped in local optima [16],[17]. In order
to avoid these disadvantages, the chaotic particle swarm
optimization (CPSO) method based on the logistic equation
has been proposed [17].Such an algorithm which is known as
Chaotic Particle Swarm Optimization (CPSO) is used in this
paper in order to determine the  optimal
proportional-integral-derivative (P1D) controller parameters.

The performance of the closed-loop system can defined in
terms of rise time, overshoot, settling time and steady state
error. In general, the system with fast rise and settling time
under no steady-state error and almost zero overshoot is
desired. Hence, in this study to provide a desired
performance, the Integral of Absolute Error (IAE), is
minimized by using CPSO. The merits of the proposed
controller are illustrated by considering the Ball and Hoop
system.

The rest of the paper is organized as follows. Section 2
describes typical CPSO. Section 3 is concerned the Ziegler-
Nichols tuning method. In section 4, the proposed CPSO-PID
controller is described. The results obtained from simulations
performed by considering the Ball and Hoop system is
discussed in Section 5. Finally, in section 6, the general
conclusions are presented.

A. Particle Swarm Optimization (PSO)
In original PSO [18], each particle is analogous to an
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individual ‘‘fish’’ in a school of fish. It is a population-based
optimization technique, where a population is called a
swarm. A swarm consists of N particles moving around in a
D-dimensional search space. The position of the ith particle

can be represented by x; = (xil,xiz,...,xiD) . The velocity

for the ith particle can be written asv; =V ;,,V5,-.Vip ).

Each particle coexists and evolves simultaneously based on
knowledge shared with neighboring particles; it makes use of
its own memory and knowledge gained by the swarm as a
whole to find the best solution. The best previously
encountered position of the ith particle is denoted its

individual best position p; = (Pi;, Pj5,- Pip) . @ value

called pbest; . The best value of the all individual pbest;
values is denoted the global best position
g; =(94,9,,...9p) and called gbest . The PSO process is

initialized with a population of random particles, and then the
algorithm executes a search for optimal solutions by
continuously updating generations. At each generation, the
position and velocity of the ith particle are updated by

pbest; and gbest in the swarm. The update equations can
be formulated as:

old

new
—Xig )+

old
Vig =W XV +C; xr x(pbest;

C, x I, x (gbest, —xﬁj'd )

1)
old new

new
=Xjg *tVig

Xig
2

r,andr, are random numbers between (0, 1), and ¢, and

c, are acceleration constants, which control how far a

particle will move in a single generation. Velocities vy

vi‘;'d denote the velocities of the new and old particle,

and

respectively. x %" is the current particle position, and X "

is the new, updated particle position. The inertia weight w
controls the impact of the previous velocity of a particle on its
current one [19]. In general, the inertia weight is decreased
linearly from 0.9 to 0.4 throughout the search process to
effectively balance the local and global search abilities of the
swarm [20]. The equation for the inertia weight w can be
written as:

Iteration,,,, — Iteration, @)
W= (Wmax = Whin ) X . Winin
Iteration,
In EQ. (3), Wy 1S 0.9, W, is 0.4 and lteration, is

the maximum number of allowed iterations.

B. Chaotic Particle Swarm Optimization (CPSO)

In the field of engineering, it is well recognized that chaos
theory can be applied as a very useful technique in practical
application. The chaotic system can be described by a
phenomenon, in which a small change in the initial condition
will lead to nonlinear change in future behavior, besides that
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the system exhibits distinct behaviors under different phases,
i.e. stable fixed points, periodic oscillations, bifurcations, and
ergodicity [21]. Chaos [22] is also a common nonlinear
phenomenon with much complexity and is similar to
randomness. Chaos is typically highly sensitive to the initial
values and thus provides great diversity based on the ergodic
property of the chaos phase, which transits every state
without repetition in certain ranges. It is generated through a
deterministic iteration formula. Due to these characteristics,
chaos theory can be applied in optimization.

In PSO, the parametersw , r,and r, are the key factors

affecting the convergence behavior [23],[24]. The inertia
weight controls the balance between the global exploration
and the local search ability. A large inertia weight favors the
global search, while a small inertia weight favors the local
search. For this reason, an inertia weight that linearly
decreases from 0.9 to 0.4 throughout the search process is
usually used [20]. Since logistic maps are frequently used
chaotic behavior maps and chaotic sequences can be quickly
generated and easily stored, there is no need for storage of
long sequences [25]. In CPSO, sequences generated by the

logistic map substitute the random parameters r, and r, in

PSO. The parameters r, and r, are modified by the logistic
map based on the following equation.

=4xCr

© x(l—Cr(t))

Cria
(4)
In Eq. (4), Crio) is generated randomly for each

independent run, with Crg, not being equal to {0, 0.25, 0.5,

0.75, 1}. The velocity update equation for CPSO can be
formulated as:

old

new
—Xjg )+

Vig =W xvi‘;'d +¢; xCr x (pbest,,
¢, x (1-Cr) x (ghbest, —xi‘ﬂd)

®)

In Eqg. (5), Cr is a function based on the results of the
logistic map with values between 0.0 and 1.0. Fig. 1 shows
the chaotic Cr value using a logistic map for 200 iterations

where Crip =0.0011. The pseudo-code of CPSO is shown
below [26].

CPSO pseudo-code

01: begin

02: Randomly initialize particles swarm
03:  Randomly generate Cr,

04:  while (number of iterations, or the stopping criterion
is not met)

05:  Evaluate fitness of particle swarm

06:  forn=1 to number of particles

07: Find pbest

08: Find ghest

09: for d = 1 to number of dimension of particle

10: update the Chaotic Cr value by Eq. (4)

11: update the position of particles by Eq. (5) and
Eq. (2)

next d
nextn
update the inertia weight value by Eq. (3)
15:  next generation until stopping criterion
16: end
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Dynamics of logistic map with Cr(0)=0.00011
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Fig. 1. Chaotic Cr value using a logistic map for 200 iterations;
Cr(0)=0.00011

In fact,
todetermine

In CPSO, a chaotic map was embedded

the PSO parameters r and T, The

PSOparametersr, and r, cannot ensure optimal ergodicity in
the search space because they are absolutely random [27] i.e.
the r, and r, are generated by a linear congruential generator

(LCG) with a random seed. The generated sequence of LCG
consists of pseudo-random numbers that have periodic
characteristics [28]. Furthermore, the generated sequence of a
logistic map also consists of pseudo-random numbers, but
there are no fixed points, periodic orbits, or quasi-periodic
orbits in the behavior of the chaos system [29]. As a result,
the system can avoid entrapment in local optima [17].

I1l. ZIEGLER-NICHOLS CLOSED-LOOP TUNING METHOD
(ULTIMATE GAIN AND ULTIMATE PERIOD METHOD)

The closed-loop tuning method proposed by
Ziegler-Nichols requires the determination of the ultimate
gain and ultimate period. The method can be interpreted as a
technique of positioning one point on the Nyquist curve [30],
[31]. This can be achieved by adjusting the controller gain (

K. ) till the system undergoes sustained oscillations (at the
ultimate gain or critical gain), whilst maintaining the integral
time constant (T, ) at infinity and the derivative time constant

(T4) at zero.

A significant drawback of this closed-loop tuning method
is that the ultimate gain has to be determined through trial and
error and the system has to be driven to its stability limits.
Another disadvantage is that when the process is unknown,
the amplitudes of the undampened oscillations can become
excessive when using trial and error to determine the ultimate
gain of the system. This could lead to unsafe plant conditions.
The closed loop tuning rules for P, Pl and PID control are
given in Table I.

TABLE I: ZIEGLER-NICHOLS CLOSED LOOP TUNING PARAMETER

Controller K=K, Ti=Ky/Ki T=Kdo/Kp
P 0.5K, o 0
Pl 0.4K, 0.8P, 0
PID 0.6K, 0.5P, 0.125P,
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IV. PROPOSED CPSO-PID CONTROLLER

The basic form of the PID controller composes from sum
of the multiplication, integration and differentiation of the
error signal and each operator is multiplied by three control
parameters. Time domain representation of PID control
equation is presented in Eq. 6, and the transfer function of the
controller is given in Eq. 7:

u(t) =k et)+k, fe(t)dt +kp d(zt(t»
(6)
G(s)=U (s) _ sz2+kps +k,
E(s) S
)

where k. k; and kp (three-term) are the control

parameters, u(t) is the controller output/system input, and
e(t) is error signal. In frequency domain, the transfer
function of the PID controller has one pole at the origin, and
two zeros with locations depending on the tuning strategy.
The ‘‘three-term” functionalities are highlighted below
[32].
* The proportional term — providing an overall control
action proportional to the error signal through the all
pass gain factor.
The integral term — reducing steady state errors through
low frequency compensation by an integrator.
The derivative term — improving transient response
through high frequency compensation by a
differentiator.
The proposed CPSO-PID controller structure is shown in
Fig. 2. In CPSO-PID controller, CPSO algorithm is utilized

to determine three optimal PID gains, i.e., k,, k, ,and k.
Obviously, PID gains optimization is in a three- dimensional
searching space. In this paper, the Integral of absolute

magnitude of the error(IAE) performance criterion [33]is
used for the PID gains optimizing, which is as follows:

AE = | le (1) ct
’ (®)

wheret; is the final time in seconds and t is the time, in

seconds. 1AEgets the absolute value of the error to remove
negative error components. In steady state, the performance
criterion must be minimized by CPSO algorithm.

V. SIMULATION RESULTS

In this study, a system simulation was carried out on the
combination of the CPSO algorithm and the PID control
system as shown in Fig. 2. The input variables of the
proposed CPSO-PID controller is the error e(t) and the

output variable is the control variable u (t) . r (t) denotes the
step input signal, disturbance input signal d(t) acts as an
additive with the controller output signal u (t) such that the

process input is governed by u (t)=u()+d (). The

process
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process output v (t)is fed back to the input of the controller

TABLE Il: PARAMETERS USED IN THE CPSO

. Population size 20
to form the error signal e(t) . ]
. L. Acceleration constant c, 2
To achieve the goal of minimizing the 1AEof the control
system, we used the CPSO algorithm. The parameters of the Acceleration constant ¢, 2
CPSO Algorithm are set as shown in Table Il. The sampling Inertia weight w started from 0.9 and decreased linearly
time in this simulation is 0.01. o 004
Number of iterations 20
|- - T T T T T T 1
| |
: — = IAE :
| |
| |
| |
| Chaotic Particle | |
I Swarm :
| Optimization | da)
'l k| kK ko| |
| ‘ | P st
w7 O ! PID Controller :“(ﬂ T i Plant Y@
| : N\ 4
> |
L ___ |
Fig. 2. The block diagram of the CPSO-PID controller
TABLE I1I: COMPARATIVE STUDY OF CONTROL SYSTEM PERFORMANCES WITHOUT DISTURBANCE.
method
kp k, Kp t, M o (%) ty (5%) IAE
zn-pid controller 6 1.9078 47178 1.2900 58.4 10.6 3.5549
cpso-pid 5.8653 0.0001 11.4188 1 14.6 4.88 1.2955
controller

A. Tuning of Ball and Hoop System for Optimal Set-Point

Tracking

The objective of this experiment is to compare the control
performance of a CPSO Algorithm tuned loop to a loop tuned
using the ZN tuning method.

The Ball and hoop system used in this experiment is given
as [35], [36

1

s? +65° +11s? + 65

G(s)=
9)

Table Illsummarizes control system performance by
setting the control parameters [kp k, kp] yielded by the

two methods: Ziegler-Nichols and Chaotic Particle Swarm
Optimization.

In CPSO-PID Controller, the searching ranges for the PID
parameters kp , k,,and k are limited to [0, 20].A sample

of the trajectory of the PID parameters and performance
criterion during optimization is shown in Figs. 3 and
4,respectively. The PID parameters are obtained for 20

iterations. In this example t; is equal to 20 seconds.

The step responses of the controllers mentioned above are
simulated and the responses are plotted in Fig. 5. The
performance indices (rise time, settling time, maximum
overshoot, andlAE) of the results are evaluated and these
parameters are compared in Table Ill. It is shown that the
proposed controller exhibits better performance as compared
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to ZN-PID controller in terms of rise time (t, ), settling time (

t, ), maximum overshoot ( M p), and IAE.

B. Tuning of Ball and Hoop System for Set-Point Tracking

and Disturbance Rejection

The objective of this experiment is to demonstrate the
effectiveness of the CPSO algorithm method to tune the PID
controller for set-point tracking and disturbance rejection.
The ZN tuning methodology is chosen for comparison with
the CPSO Algorithm. A unit step load disturbance d (t) is

introduced into the process input at t,,, = 20 seconds.Table
IVsummarizes control system performance by setting the
control parameters [kp k, kp1yielded by the two methods:
Ziegler-Nichols and Chaotic Particle Swarm Optimization.In
CPSO-PID Controller The searching ranges for the PID
parameterskp, k,,and k, are limited to [0, 20]. A sample
of the trajectory of the PID parameters and performance

criterion during optimization is shown in Figs. 6 and
7,respectively. The PID parameters are obtained for 20

iterations. In this example,t; is equal to 40 seconds.

The step responses of the controllers mentioned above are
simulated and the simulated responses are plotted in Fig. 8.
The performance indices (rise time, settling time, maximum
overshoot, andlAE) are evaluated and these parameters are
compared in Table IV. It is shown that the proposed
controller exhibits better performance as compared to



ZN-PID controller.Also, the proposed method delivers the

Fig.
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best recovery to load disturbance.

TABLEIV: COMPARATIVE STUDY OF CONTROL SYSTEM PERFORMANCES WITH DISTURBANCE.

Performance Criterion (|AE)

Output Response
o
@

Method
k, k, t, M, %) t, (5%) IAE
ZN-PID 6 1.9078 47178 1.2900 58.4 26.2 4.3225
Controller
CPSO-PID 10.8626 3.9774 16.5134 0.71 51.6 24.22 2.1282
Controller
14 f{ 23
” \: "b_.-o--o-o--o-o——o—-o—-o——o—o—o—o——o——o——o—-o—-; 23l |
m-““ --o-- KP| | o i
" H —-e- K < H
ERrT “To KDY § 22511 ]
F IR 2 |
g 5l Bg-9-0-0-8-0—0-0-0-0-0-0-0--0--0-0-1 3 III
E E 22f & q
24;\ i 215 :I:K 4
‘\‘ b"c‘"0'O'O'CP-O"O-'Q-‘O-O-CP-CP-O"O“O"O'
I 0-0-0-0-0-0-00-0-0-0-0-0-0-0-0-0-9 T
2 4 6 8 10 12 14 156 18 20 21 y : ; y

Iteration

Fig. 3. The parameter values trajectory
28

261
24

22

r
|
i
|
|
1
}
i
|
\
L
H
\
|
}
18114
)
1
\
i
1
\
i
H
i

"‘o--o--o-o-o--o--o—-o--o--o-o-o--o—-o—-o--o--o-?
.

. n . L .
2 4 6 8 10 12 14 16 18 20
Iteration

Fig. 4. the performance criterion trajectory
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Fig. 8. The step responses (0-40sec) of the Ball and Hoop for set-point
tracking and disturbance rejection

VI. CONCLUSIONS

In this paper, we treated two goals of set-point tracking and
disturbance rejecting in Ball and Hoop system. For this
purpose, an intelligent CPSO-PID controller is designed. In
this controller, the parameters of PID controller,
automatically and intelligently are determined by CPSO
Algorithm without trial and error. The IAEis the minimized
fitness function via the CPSO. The experimental results on
Ball and Hoop system show that the proposed CPSO-PID
controller is superior to classical Ziegler-Nichols method in
both goals of set-point tracking and disturbance rejection in

terms of rise time, settling time, maximum overshoot,
andIAE,
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