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ABSTRACT This paper proposes a closed-loop and implements some metaheuristic optimization
approaches to regulate an unstable active magnetic bearing (AMB) system. First of all, a hardware model
of an AMB is fabricated in the laboratory. Mathematical analysis is carried out and a linearized open-loop
transfer function is obtained for an equilibrium point of operation, using the parameters of the hardware
model. Then, a closed loop is proposed for this AMB system, which comprises a PID controller, power
amplifier, and position sensor. Further, three different metaheuristic nature-inspired hunting-based optimiza-
tion algorithms i.e., Ant lion optimization (ALO), Grey wolf optimization (GWO), and Whale optimization
algorithm (WOA) are implemented individually to calculate the gain parameters of the PID controller.
Separately, the performance of these optimization algorithms is evaluated and observed on four different
performance indices: integral of absolute error (IAE), integral of squared error (ISE), and an integral of time
multiplied absolute error (ITAE) and integral of time multiplied squared error (ITSE). For a stable, efficient,
and reliable bearing operation, it is vital to perform an analysis of the performance of optimization techniques
with different objective functions for the proposed system. Therefore, few comparisons are conducted, first
based on data obtained from statistical analysis. The second is based on data obtained from transient state
performance and phase margin. Third on the scale of algorithm execution time. Finally, with the assistance of
observed data effectiveness of each optimization technique to control the proposedAMB system is concluded
which can serve as theoretical and experimental foundations for the continued use of AMB in high-speed
applications.

INDEX TERMS Active magnetic bearing, metaheuristic, nature-inspired hunting-based algorithms, Ant lion
optimization, Grey wolf optimization, Whale optimization algorithm.

I. INTRODUCTION
Active magnetic bearings (AMBs) [1] are very popular
because of their very high rotational speed, zero friction,
high precision, fewer vibrations, longevity, low maintenance,
ability to perform in high temperature and vacuum, etc [2].
Due to these advantageous characteristics, AMBs are highly
demanding in many applications like satellite applications
[3], machine tools [4], flywheel energy storage applications
[5], marine rotor systems [6], and compressors [7] and in
different other prominent areas [8].

The associate editor coordinating the review of this manuscript and

approving it for publication was R. K. Saket .

It is evident from various research that active magnetic
bearing is an inherently unstable system because of the non-
linear relation between attractive force (coil current) and
position of the rotor (air gap) [8]–[10]. As a result, a closed-
loop control with a position controller must be designed to
stabilize the rotor position at the nominal air gap. Numerous
control strategies [10]–[16] have been proposed in literature
but most of them are specific to their designed magnetic
bearing model.

Among the available controlling techniques, PID is exten-
sively used in the magnetic bearing control industry because
it does not require a model and the controller design and
debugging are untroublesome [17]. Mostly, in high-speed
industrial operation, a conventional lead controller or a PID
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controller is implemented [18]. These controllers employ a
sufficient phase leading to the closed-loop bearing system
such that the rotor position becomes stable. The problem
associated with a conventional controller, especially a PID
controller, is tuning the gain parameters [19] i.e., Proportional
gain, integral gain, and derivative gain. An inappropriate
combination of which can lead to unstable bearing operation.
Other than this an improper value of derivative gain will lead
to amplifying noise signal which results in more vibration in
the system and hence required filters [20]. Therefore, to meet
these varieties of standard for a closed-loop AMB system,
a complex combination of conventional PID controller with
a notch and low pass filter is required which results in a
high order system transfer function and complicate the whole
configuration [14].

To eliminate the use of complex additive circuits with
PID controllers, values of gain parameters must be optimized
in such a way that without disturbing the system stability
the close loop performs well. In literature, different research
and analysis have been carried out to rectify the aforesaid
problems. In 2015, [19] C. Wei and D. Söffker, introduced
a controller design for the AMB system using a nondomi-
nated sorting genetic algorithm [(NSGA-II), a variant of the
multiobjective genetic algorithm (MOGA)]. In their work,
an extended PID controller for two AMB systems is opti-
mized with the NSGA-II optimization technique. In 2018
[21], J. Sun et. al. proposed a strategy to calculate PID gain
parameters for a radial active magnetic bearing (RAMB) sys-
tem based on the dynamic stiffness model and Routh-Hurwitz
(RH) criterion. Later, A. Dhyani et. al., [22] implemented
the moth flam optimization (MFO) technique to design a
fuzzy-PID controller for an AMB system. In 2019, Y. Liu et.
al., [23] calculated the gain parameters of a PID controller
for eight-pole radial magnetic bearing using the variable-step
fourth-order Runge–Kutta iteration method. Further, in 2021,
S. Zhang et. al., [17] analyzed the dynamic behavior of PID
controlled AMB system under the combined action of the
Alford force.

Still many new metaheuristic optimization techniques are
untouched which may optimize the gain parameters of a
PID controller in a much more efficient way. Although there
are various optimization techniques available in the liter-
ature [24] and feasibility of any optimization method can
be observed only by implementing it. So, following the no
free lunch theorem [25], the performance of some recently
famous novel metaheuristic hunting based optimization algo-
rithms i.e., ant lion optimization (ALO), grey wolf optimiza-
tion (GWO), and whale optimization algorithm (WOA) have
been analyzed to design a PID controller for the proposed
closed-loop AMB system. A pictorial representation of the
major contribution of the manuscript is depicted in Figure 1.

The main contribution of this research article is listed
below-

1. A hardware model of an active magnetic bearing system
is fabricated in a laboratory. This magnetic bearing has an
electromagnet and a rotor (suspending object) which are

FIGURE 1. Major contributions of the manuscript.

made of iron having a relative permeability of 11000 and
5000 respectively. On the horizontal limb of the electro-
magnet, the copper winding is stacked which has a relative
permeability of 0.88 and thickness of 17 SWG.

2. After observing some set of experiments on the proposed
system resistance and inductance value is calculated using
andwith the help of somemathematical analysis the proposed
system is linearized at a nominal point of operation in a form
of transfer function where the operating current (io) is 2.44 A
at an airgap (xo) of 0.01 m.

3. Due to the instability of the open-loop AMB system, a
closed-loop is proposed which comprises a PID controller,
power amplifier, and a position sensor as a feedback path.

4. The gain values of the PID controller are calculated
using three hunting-based optimization techniques which are-
ant lion optimization, grey wolf optimization, and whale
optimization algorithm. Each hunting algorithm is calibrated
on the scale of four separate evaluation indexes i.e., integral of
absolute error (IAE), integral of squared error (ISE), integral
of time multiplied absolute error (ITAE) and integral of time
multiplied squared error (ITSE).

5. To observe and analyze the performance of these opti-
mization techniques several comparisons are carried out on
the basis of statistical measures, closed-loop transient state
performance including bode plot analysis, and time is taken
in execution of the algorithm.

The remaining sections of this manuscript are organized
as, Section 2 describes the modeling, analysis, and lineariza-
tion of the hardware model of the proposed AMB system.
Section 3 briefly explains three hunting-based optimization
algorithms i.e., ALO, GWO, andWOAmethods. Section 4 is
the results and discussion which contains an implementation
of this algorithm on the proposed AMB system and a com-
parison of their performances. Section 5 concludes the work.

II. MODEL DESCRIPTION AND ANALYSIS OF ACTIVE
MAGNETIC BEARING (AMB) SYSTEM
A. HARDWARE MODEL DESCRIPTION
For the experiment, a hardware model of an active magnetic
bearing system is constructed in the laboratory as depicted
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FIGURE 2. Fabricated model of the proposed active magnetic bearing
system.

FIGURE 3. Simplified diagram of the active magnetic bearing system.

in Figure 2. Here, the electromagnet and rotor (suspending
object) are made of iron having a relative permeability of
11000 and 5000 respectively. On the horizontal limb of the
electromagnet, the copper winding is stacked which has a
relative permeability of 0.88 and thickness of 17 SWG [18].
To calculate resistance and inductance of electromagnet some
tests are performed in the laboratory [26] and obtained results
are- resistance of the coil (R) = 1.2 ohms, inductance of coil
(Lcoil) = 20.598 mH. Rotor of this AMB system is of disk
shaped having a mass(m) of 0.0654 Kg.

Some assumptions need to be made before modeling an
AMB system. It is assumed that at first electromagnet is not
magnetized. The energy given to the coils of the electro-
magnet is fully utilized and converted into magnetic energy
[22]. This generated energy in form of the magnetic field
passes through the rotor considering magnetic hysteresis and
the leakage flux is negligible due to the very small air gap
between electromagnet and rotor [16], [27].

B. ANALYSIS OF ACTIVE MAGNETIC BEARING SYSTEM
A simplified diagram of the AMB system is shown in Fig-
ure 3,

According to Maxwell’s electromagnetic theory, Magnetic
force (FEM )exerted by a single electromagnet is formulated
as [28],

FEM (icoil, x) = C
i2coil
x2

(1)

where, icoil = current in electromagnet coil, x = air gap
between electromagnet and rotor, and C = a constant rep-
resents as,

C =
1
4
µoN 2

coilAEM (2)

here, µo = permeability of vacuum = 1.257 ∗ 10−7 H/m,
Ncoil = number of coils turn in electromagnet and AEM =
cross-sectional area of the pole of the electromagnet.

A small change in the air gap (δx) between the electromag-
net and rotor leads to a change in coil current (δicoil) of the
electromagnet, Equation 1 can represent as,

FEM (icoil, x) = C
(icoil + δicoil)2

(x − δx)2
(3)

Equation3 is nonlinear and hence Taylor series expansion is
used to linearize the system equation at a nominal point of
operation i.e., icoil = io and x = xo,

FEM ≈ FEM (io, xo)+
∂FEM
∂x

∣∣∣∣
(io,xo)

(x − xo)

+
∂FEM
∂icoil

∣∣∣∣
(io,xo)

(icoil − io)+ . . . (4)

Simplifying Equation 4 and after neglecting the higher-order
terms, we can get,

FEM (io, xo) = Caio + Czxo (5)

where,Ca andCz are constant for the nominal operating point
(io, xo) and can be calculated as,

Ca =
µoAEMN 2

coil io
x2o

CZ =
µoAEMN 2

coil i
2
o

x3o
(6)

Analyzing further, in Figure 3, at point ‘O’ during nominal
operation the dynamics can be given as,

FEM (io, xo) = m
d2xo
dt2

(7)

Solving the Equation 5 and Equation 7 using Laplace trans-
form and arranging in we can get the transfer function of the
proposed AMB system in s- domain which is,

TAMB(s) =
X (s)
I (s)
=

Ca
ms2 − Cz

(8)

For the fabricated model of AMB depicted in Figure 1 nom-
inal operating point (io, xo) are taken as –

io = 2.44A

xo = 0.01m
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FIGURE 4. Proposed closed-loop control of AMB system.

At equilibrium, from Equation 6,Ca andCz are calculated for
the proposed system, using these values a transfer function at
a 10 mm air gap (equilibrium position) is calculated as,

TAMB (s) =
7.69

s2 − 1877.49
(9)

The open-loop transfer function of Equation9 has a pole
on the right side of the imaginary (jw) axis. Therefore, this
system is unstable and for proper operation, a closed loop is
needed consisting controller and power amplifier as depicted
in Figure 4.

The proposed closed-loop AMB system is shown in above
Figure 4, where GPA is power amplifier gain and GPS is
position sensor gain parameter [29]. Both parameters are
constant for a model. The objective function is formed using
an error signal and the optimization technique is implemented
to minimize the error. Gain parameters of the PID controller
are optimized using three different metaheuristic hunting-
based algorithms. Those algorithms are further explained in
the next section.

Problems associated with the controller design along with
the complete work of the manuscript is represented in a
pictorial form as shown in Figure 5.

III. HUNTING-BASED OPTIMIZATION ALGORITHMS
A. ANT LION OPTIMIZATION (ALO) ALGORITHM
In the field of natural-inspired hunting mechanism-based
optimization, Ant Lion Optimization (ALO) is one of the
advantageous optimization technique proposed by

S. Mirjalili [30] in 2015. ALO resembles the natural hunt-
ing mechanism of grey antlions and their preferred attack
target is ants. This algorithm incorporates population-based
and local-based search strategies to form a smart algorithm
that can perform both, global exploration and local exploita-
tion search [31] for a given optimization problem. The pro-
cess of hunting ants by ant lions is graphically represented
in Figure 6, later this optimization algorithm is explained
mathematically and in a flowchart.

The algorithm starts by initialization of population of ants
(A) and antlions(AL) in a dimension (d) with a maximum

FIGURE 5. Complete pictorial representation of the manuscript.

FIGURE 6. Graphical presentation of ant lion optimization algorithm.

number of iterations (T ). As ants travel stochastically in
nature when looking for food, a random walk is used to
represent their movement as follows [30]:

xi (t) = [0, cumsum (2r (t1)− 1) , cumsum (2r (t2)− 1) ,

. . . .cumsum (2r (tT )− 1)] (10)

where, xi (t) = random walk of ithant, cumsum refers to
cumulative summation, T = maximum number of iterations,
t1 shows the 1st iteration and r (t) is a random function that
is given by,

r (t) =

{
1 if rand > 0.5
0 if rand ≤ 0.5

(11)

where rand is a randomly generated number in the interval
[0, 1] and t = iteration index
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As it is a population-based algorithm, so the position of
each ant and antlion is stored in a matrix formwhere the num-
ber of columns is the dimension(d), as shown in Equation 12.

PAnt =

A1,1 · · · A1,d...
. . .

...

An,1 · · · An,d


PAntlion =

AL1,1 · · · AL1,d...
. . .

...

ALn,1 · · · ALn,d

 (12)

where, PAnt = stores position of ants, PAntlions = stores
position of antlions,Ak,m or,ALk,m shows the k

th ant or, antlion
position at mth dimension, n = number of ants, and d =
number of dimensions

Using the objective function, ants and antlions are eval-
uated and results are stored in a matrix as shown in Equa-
tion 13,

POAnt =

 f ([A1,1,A1,2 . . . .,A1,d ])...

f ([An,1,An,2 . . . .,An,d ])


POAntlion =

 f ([AL1,1 ,AL1,2 . . . .,AL1,d ])...

f ([ALn,1 ,ALn,2 . . . .,ALn,d ])

 (13)

where, POAnt = stores fitness value of ants, POAntlions =
stores fitness value of antlions, Ak,m or, ALk,m shows the k th

ant or, antlion value at mth dimension, n = number of ants,
d = number of dimensions, and f = objective function.
To maintain ants walking randomly inside the search

region, Equation 14 is used to update the position of each ant
[30],

Xi(t) =
(X ti − ai)(D

t
i − C

t
i )

bi − ai
+ C t

i (14)

where, ai = minimum value of random walk of ith variable,
bi = maximum value of random walk of ith variable, C t

i and
Dti shows theminimum andmaximum value of the ith variable
at t th iteration respectively.
Antlion traps have an effect on the random walk of ants

Equation 15 and Equation 16 are given to mathematically
describe this assumption,

C t
i = AtLk + C

t
;Dti = AtLk + D

t (15)

C t
=

C t

I
;Dt =

Dt

I
(16)

here, C t and Dt is the minimum and maximum value of all
variables at iteration t respectively, similarly, C t

i andD
t
i is the

minimum and maximum of all variables for ith ant at iteration
t respectively, AtLk represents position of k th antlion at itera-
tion t and I is a sliding ratio represented by Equation 17,

I = 10v
t
T

(17)

FIGURE 7. Flowchart of ant lion optimization (ALO) algorithm.

FIGURE 8. The hierarchical order of grey wolf society.

where, t = current iteration, T = maximum iteration, and v
changes as Equation 18,

v =



2, if t > 0.1T
3, if t > 0.5T
4, if t > 0.75T
5, if t > 0.9T
6, if t > 0..95T

(18)

All ant motions are influenced by the fittest antlion and this
finest antlion is designated an elite. As a result, it is believed
that every ant goes around a randomly picked antlion by the
roulette wheel and the elite at the same time as follows [32],

Ati =
RtA+R

t
E

2
(19)

here, RtA is the roulette wheel-selected random walk around
the antlion at iteration t , RtE is random walk around elite at
iteration t and Ati represents the position of i

th ant at iteration
t .
To simulate the final step of hunting, when the ant is drawn

into the sand and eaten. Then, antlion updates its position
following the Equation 20,

AtLi = Ati ifA
t
i < AtLi (20)

A generalized flowchart for this algorithm is depicted in
Figure 7.
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FIGURE 9. Pictorial representation of grey wolf optimization algorithm.

The ALO algorithm efficiently handles applications from
a wide range of fields including engineering [33] computer
science, mathematics, medicine, energy, etc [31].

B. GREY WOLF OPTIMIZATION (GWO) ALGORITHM
Another famous optimization technique based on the hunting
mechanism of wolves is Grey wolf optimization (GWO),
proposed by S. Mirjalili et. al., in 2014 [34]. It imitates the
process of surrounding, encircling, and attacking the prey by
a grey wolf pack. Wolves establish cooperative groupings
known as packs to live in the hazardous and competitive
outdoor environment.

Depending upon their fitness value, from top to bottom,
the grey wolf society is organized in rigid hierarchical order
as depicted in Figure 8 [35]. The topmost order is the leader
wolf, alpha (α), having the best fitness value. The leaders
of a pack of grey wolves (alpha) are frequently in charge of
making decisions for their pack such as where to sleep, where
to hunt, and when to get up. Most of the time, the rest of
the pack must obey the alpha’s choice. The second topmost
order in the hierarchical society of grey wolves is the beta (β)
wolf and the beta’s function is to assist the alpha in making
judgments. Beta can be either male or female wolves, and
beta is the ideal candidate for alpha replacement. The order
next to beta is the delta (δ), the delta wolves obey the αand β
wolves and rule the omega (ω) wolves. In the pack, they serve
as caretakers, hunters, scouts and elders. The lowest order
in the hierarchy of grey wolves is omega (ω), which serves
as a scapegoat. The wolves at the ω level must accept other
wolves’ directives and are the last wolves to be permitted
to devour food [36]. At first, the number of grey wolves
(search agents) and a number of iterations are initialized and
using them grey wolf optimization (GWO) algorithm can be
mathematically modeled in the following three steps [37] a
pictorial representation of which is depicted in Figure 9.

1) ENCIRCLEMENT
During the hunt, the very initial stage is to track and encircle
the prey. Equation 21 and Equation 22 are used to mathemat-

FIGURE 10. Flowchart of grey wolf optimization (GWO) algorithm.

FIGURE 11. Hunting process of humpback whales in WOA.

ically describe the encircling behavior.

Xt+1 = XPt − A.D (21)

D =
∣∣C .XPt − Xt ∣∣ (22)

where, Xt = position of the grey wolf at t th iteration, Xt+1 =
position of the grey wolf at (t + 1)th position, XPt = prey’s
position, A, and C are coefficient vectors that can be repre-
sented as,

A = 2r1.a− a

C = 2r2 (23)

where, r1 and r2 are random vector in [0, 1], components of a
are linearly decreased from 2 to 0 with increment in iterations
with the help of Equation 24,

a = 2.
(
1−

t
tmax

)
(24)
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FIGURE 12. Flowchart of whale optimization algorithm (WOA).

here, t = current iteration and tmax = maximum number of
iterations
With the help of Equation 21 and Equation 22, the grey wolf
updated its location around the prey.

2) HUNTING
Grey wolf pack hunt together and the hunting is commanded
by the alpha. The alpha may choose which possible prey to
follow, or he may opt to abandon the hunt if things aren’t
going well. The beta and delta may occasionally join in
the hunting. It is supposed that α, β, and δ have the most
hunting experience and they can predict the most possible
position of prey. The omegas follow the lead of α, β, and δ.
As a result, this collective hunting behavior is mathematically
represented as,

D∝ =
∣∣C1X∝t − Xt

∣∣
Dβ =

∣∣C2Xβt − Xt
∣∣

Dδ =
∣∣C3Xδt − Xt

∣∣
X1 = X∝t − A1D∝
X2 = Xβt − A2Dβ
X3 = Xδt − A3Dδ

Xt+1 =
X1 + X2 + X3

3
(25)

where, X∝t , Xβt , Xδt and Xt represents the position of α, β, δ,
and ω wolves respectively at t th iterations.

3) ATTACKING
The grey wolves encircled the prey when it stops moving and
conclude the hunt by attacking the prey. To mathematically
represent approaching the prey, the value of a is reduced
linearly from 2 to 0 in Equation 23 and due to this the value
of A gets changed in the range [−2a, 2a]. So, it may represent
as follow,

FIGURE 13. (a) Step response of proposed closed-loop AMB system
observed by implementing ALO with IAE, ISE, ITAE, and ITSE objective
functions, (b) for time, 0.005sec- 0.016 sec.

If |A| ≥ 1,exploration means it compels the grey wolves
to deviate from the current prey in the hope of finding a fitter
prey.

If |A| < 1, exploitation means the grey wolves attack the
prey and finish it.

A flow chart for the implementation of the GWO algorithm
is shown in Figure 10.

Application of GWO algorithm is in various fields like
engineering, control, power system, electromagnetics, etc
[37], [38].

C. WHALE OPTIMIZATION ALGORITHM (WOA)
In 2016, S. Mirjalili and A. Lewis have proposed a novel
optimization technique named Whale Optimization Algo-
rithm [39] to metaheuristic algorithms. Whales are thought
to be extremely intelligent creatures, as they have double
the amount of spindle cells as an adult human [40]. It has
been found that whales can think, learn, assess, communicate,
and even get emotional in the same way that humans do,
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FIGURE 14. Bode plot of proposed closed-loop AMB system optimized by ALO with (a) IAE (b) ISE (c) ITAE and (d) ITSE objective
functions.

but at a far lower level of intelligence. Whales (particularly
killer whales like humpback whales) have been discovered to
be capable of developing their own vernacular. These killer
whales are a little slow and because of that, they are not able
to chase and swallow their prey, due to this they hunt in a
very special manner. Their hunting activity is referred to as
the bubble-net feeding approach which is a unique activity
found solely in humpback whales[41]. An image describing
the whale hunting process is illustrated in Figure 11.

This algorithm beginswith the initialization ofwhale popu-
lation in n dimensional search space for Tnumber of iterations
and the WOA is a mathematical model in the following parts
[42]-

1) ENCIRCLING THE PREY
In this algorithm, it is considered that the current best solution
is the finest one and all the other search agents strive to
improve their positions to become the finest search agent.
That can be mathematically represented as Equation 26,

EX (t + 1) = EX∗ (t)− EA.
∣∣∣ EC . EX∗ (t)− EX (t)∣∣∣

EX (t + 1) = EX∗ (t)− EA. ED (26)

where,

ED =
∣∣∣ EC . EX∗ (t)− EX (t)∣∣∣ (27)

here, t = current iteration, EX∗ = position vector of the best
solution, EX = position vector, EA and EC are linear coefficient
vectors that can be defined as Equation 28,

EA = 2Ea.Er − Ea
EC = 2.Er (28)

where, Er = random vector in the range [0,1] and Ea = a
vector that linearly decreased from 2 to 0 with an increment
in iteration number.

2) BUBBLE NET ATTACKING
After encircling the humpback whales swim around the fish
school in a shrinking circle and along a spiral-shaped path
simultaneously. It is assumed that there is a 50% chance
of selecting either the shrinking encircling method or the
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TABLE 1. Parameters required for initialization of ALO algorithm.

TABLE 2. Optimized PID controller values for proposed AMB system
using ALO.

spiral model to update the position of whales throughout the
optimization. mathematically it can be shown as,

EX (t + 1) =

{
EX∗ (t)− EA. ED if p < 0.5
ED′.ebl . cos (2π l)+ EX∗ (t) if p ≥ 0.5

(29)

where p is a random number in the range [0,1]

3) SEARCH FOR PREY
De facto the humpback whales randomly search for prey.
Therefore, to improve the optimization and to perform a
global search, the position of a search agent in this exploration
phase is determined by a randomly picked search agent rather
than the best search agent discovered thus far. This method
along with EA > 1 can be mathematically modeled as,

EX (t + 1) = EXrand (t)− EA.
∣∣∣ EC .EXrand (t)− EX (t)∣∣∣

EX (t + 1) = EXrand (t)− EA. ED (30)

here, EXrand = randomly chosen position vector from the
current population

A flowchart for WOA is shown in Figure 12.
The whale optimization algorithm is frequently utilized

in a variety of fields like aerospace, management, robotics,
cloud computing, energy, etc [41], [43].

IV. RESULTS AND DISCUSSION
This section of the manuscript presents three different nature-
inspired hunting-based optimization techniques to control the
proposed closed-loop active magnetic bearing system. These
three optimization methods are- Ant lion optimization, grey
wolf optimization, and whale optimization algorithm.

TABLE 3. Obtained value of transient state parameters, final value of
objection function, and phase margin using ALO.

These algorithms are used to tune the PID controller of the
proposed closed system in such a way that the proposed sys-
tem becomes stable for the nominal operating position. Gains
values obtained by these optimization methods are calibrated
based on four well-established integral performance indices
which are listed as follows [44] -
1. Integral of absolute error (IAE),

IAE =

T∫
0

|e(t)| dt (31)

2. Integral of squared error (ISE),

ISE =

T∫
0

e2 (t) dt (32)

3. Integral of time multiplied absolute error (ITAE)

ITAE =

T∫
0

t |e(t)| dt (33)

4. Integral of time multiplied squared error (ITSE),

ITSE =

T∫
0

t.
(
e2(t)

)
dt (34)

where, e (t) = error signal which can be calculated as,

e (t) = r (t)− c(t) (35)

where, r (t) = reference signal and c (t) = feedback signal
The above-listed four performance indices are used as

the objective function in the optimization process to mini-
mize error signal magnitude. The optimization methods are
hunting-based algorithms and the first one is ALO.

A. IMPLEMENTATION OF ANT LION OPTIMIZATION (ALO)
ALGORITHM
In the initialization process of ALO value of some parameters
need to be defined, those parameters with their assumed
values for optimization are listed in Table 1.

As PID controllers have three variable gain parameters
(i.e., proportional gain (KP), integral gain (KI ) and derivative
gain (KD)) so, the number of dimensions is considered three
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TABLE 4. Parameters required for initialization of GWO algorithm.

for implementing the ALO algorithm. For each objective
function, execution of the ant lion algorithm is carried out
as depicted in flow chart Figure 7 for T number of iterations.
After termination criteria, the algorithm gives the optimized
value of gain parameters of the PID controller which are listed
in Table 2.

The performance of the controller with the obtained opti-
mized gain values in a closed loop with the proposed system
needs to be studied. For this purpose, a unit step signal for
0.15 seconds is applied to the proposed closed-loop system
and a step response is observed as shown in Figure 13.

This step response analysis has complete data of transient
state performance of the closed-loop system with an opti-
mized controller as are listed in Table 3 here, %Mp repre-
sents peak overshoot, tr represents rise time in seconds, tp
is peak time in seconds, ts is settling time in seconds, Ess is
a steady-state error and J is the final value of the objective
function.

Observed time-domain analysis represents that with ITSE
objective function peak overshoot got reduced as compared
to IAE, ISE, and ITAE objective function. In addition to this
rise time, peak time, and settling time get reduced too which
leads to faster system response.

To understand the system stability, the bode diagram is
plotted as shown in Figure 14. Here it is observable that
the maximum phase margin (P.M) is allowed by the ITSE
objective function having a value of 86.40 at an absolute gain
margin of 0.0507.

Ant lion optimization based on IAE, ISE, and ITAE objec-
tive functions shows almost the same transient state character-
istics. But ALO-ITSE performance dominates in every aspect
rather it is time-domain analysis or, stability analysis.

B. IMPLEMENTATION OF GREY WOLF
OPTIMIZATION (GWO) ALGORITHM
Some parameters must be defined to implement the GWO
algorithm. Table 4 contains the list of those variables.

Here, the lower and upper bound are the minimum and
maximum allowable limits for the gain value of the PID
controller. Which means the range of proportional gain (Kp)
is limited to [0, 10], integral gain (KI ) is limited to [0, 100]
and derivative gain (KD) is limited to [0, 0.15] respectively.
Using Equation 21-Equation 25 and following the flowchart
shown in Figure 10 this GWO algorithm is executed for T no.

FIGURE 15. (a) Step response of proposed closed-loop AMB system
observed by implementing GWO with IAE, ISE, ITAE, and ITSE objective
functions, (b) for time, 0.006 sec - 0.015 sec.

TABLE 5. Optimized PID controller values for proposed AMB system
using GWO method.

of iterations and the realized gain values of the PID controller
are presented in Table 5.

To illustrate the effectiveness of GWO optimized PID con-
troller for the proposed closed-loop system a step response
analysis is carried out by applying a unit step signal for
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FIGURE 16. Bode plot of proposed closed-loop AMB system optimized by GWO with (a) IAE (b) ISE (c) ITAE and (d) ITSE objective
functions.

TABLE 6. Obtained value of transient state parameters, final value of
objection function, and phase margin using GWO.

0.15 seconds. Step responses of the GWO algorithm with
different objective function is depicted in Figure 15.

Parameters of time-domain analysis observed from this
step response are shown in Table 6.

From Table 6, it is evident that minimum overshoot
(%Mp = 6.32) is attained by ITSE objective function and at
the time the speed of the proposed closed-loop is the fastest

with a rise time (tr ) of 0.00209 sec and settling time (ts) of
0.0729 sec which is minimum as compared to the perfor-
mance of IAE, ISE, and ITAE objective functions. To study
the stability of the proposed system, a bode plot is drawn and
the phase margin is observed too as shown in Figure 16.

The Maximum attained phase margin is shown with the
ITSE objective function followed by IAE with a value of
86.20 and 860 respectively. ISE and ITAE objective functions
have the almost same value of phase margin.

C. IMPLEMENTATION OF WHALE OPTIMIZATION
ALGORITHM (WOA)
Similar to GWO and ALO, to implement a whale optimiza-
tion algorithm initialization of some parameters is required.
Those parameters with their assumed values are listed in
Table 7. For a better comparative analysis, the number of
whales in WOA, number of antlions in ALO, and number of
grey wolves in GWO have the same value. All optimization
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TABLE 7. Parameters required for initialization of WOA method.

TABLE 8. Optimized PID controller values for proposed AMB system
using WOA.

TABLE 9. Obtained value of transient state parameters, final value of
objection function, and phase margin using WOA.

techniques implemented in this paper have the same number
of iterations.

To demonstrate the efficacy of these hunting-based algo-
rithms the upper and lower bound of the PID controller are
kept the same for all methods. Execution of whale opti-
mization algorithm is carried out in three-dimensional search
space for T number of iterations and the obtained value of
PID controllers for different objective functions is listed in
Table 8.

The effect of these WOA optimized PID controllers on
the proposed closed-loop system is studied by applying a
step signal for a duration of 0.15sec and the step response
is depicted in Figure 17.

With the help of step response values of the various tran-
sient state, parameters are observed for different objective
functions which are listed in Table 9.

Similar to the observation made in Table 3 of ALO and
Table 6 of GWO, In Table 9, the ITSE objective function
shows a minimum overshoot

(
%Mp

)
of 6.44 with the least

value of rising time (tr ) and settling time (ts) of 0.00212 sec
and 0.0718 sec respectively. From the perspective of stabil-
ity, the bode plot is shown in Figure 18 and the observed
allowable phase margin is 86.20 which is maximum with
ITSE objective function at an absolute value of gain margin
of 0.0518.

FIGURE 17. (a) Step response of proposed closed-loop AMB system
observed by implementing WOA with IAE, ISE, ITAE, and ITSE objective
functions, (b) for time, 0.006 sec - 0.018 sec.

TABLE 10. Data of statistical analysis on ant lion optimization (ALO)
algorithm.

With these three optimization techniques, the ITSE objec-
tive function shows a better performance in the context of
time domain and frequency domain analysis.
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FIGURE 18. Bode plot of proposed closed-loop AMB system optimized by WOA with (a) IAE (b) ISE (c) ITAE and (d) ITSE objective functions.

TABLE 11. Data of statistical analysis on grey wolf optimization (GWO)
algorithm.

Later in this manuscript, a comparison among the per-
formance of these optimization techniques with different

TABLE 12. Data of statistical analysis on wolf optimization algorithm
(WOA).

objective functions is examined based on statistical data,
time-domain analysis, phase margin, and time taken in the
execution of the algorithm.
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FIGURE 19. Performance of objective functions with ALO, GWO and WOA technique with (a) IAE, (b) ISE, (c) ITAE, and (d) ITSE, for 100 no. of iterations.

D. PERFORMANCE COMPARISON OF ALO, GWO, AND
WOA ALGORITHMS WITH DIFFERENT OBJECTIVE
FUNCTIONS
Each optimization technique is executed with four different
objective functions separately for T number of iterations.
Variations in the obtained value of an objective function
concerning the number of iterations are observed and plotted
as depicted in Figure 19 (when T = 100) and Figure 20(when
T = 500)
Case A- when T = 100,
Case B- when T = 500,
Apart from the variation in objective function value con-
cerning the increasing number of iterations, various statis-
tical data have been observed like the mean of the objec-
tive function value over the number of iterations, standard
deviation, variance, the minimum and maximum value of the
objective function, the difference between the minimum and
maximum value of objective functions. These data are used to
perform a comparison among optimization techniques which
is explained in the next part of this section.

1) ON THE BASIS OF DATA OBTAINED FROM STATISTICAL
ANALYSIS
Statistical analysis is a scientific approach that empowers us
to expand our understanding of analyzing data and extract
meaningful information from the available data [45]. In this
manuscript, basic mathematical tools used for analyzing
numerical data are- Mean, standard deviation, and variance.
The value of these three statistical parameters is calculated
for data obtained from the execution of optimization tech-
niques. Realized value of statistical parameters for the differ-
ent objective functions and optimization techniques is listed
in Table 10- Table 12.

En masse, analyzing the data of Table 10-12, a comparison
is observed as shown in Figure 21.

The significance of this comparison is to get a clear under-
standing of variations in parameters of statistical data. The
first statistical parameter - The mean shows the final value
of the objective function and from Figure 21 (a) it is evident
that the IAE objective function gives the maximum value of
the objective function followed by the ISE objective function.
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FIGURE 20. Performance of objective functions with ALO, GWO, and WOA technique with (a) IAE, (b) ISE, (c) ITAE, and (d) ITSE, for 500 no. of iterations.

On the contrary, with ITSE objective function optimization
gets improved and the objective function value gets reduced
to a minimum. The second best minimum value of the objec-
tive function is obtained by using ITAE objective function.

Next statistical parameter- Standard deviation represents
a measurement of data dispersion regarding the mean. From
the calculated data it is observable in Figure 21 (b) that the
value of standard deviation is closer to zero therefore the data
points are close to the mean. This explains that for most of
the iterations objective function value is closer to the mean
value. That’s the reason for selecting the mean value as the
final value of an objective function.

Variance indicated how much data in a set of data differ
from one another. Mathematically, it is defined as the average
of the squared differences from the Mean. Diverseness in
observed data is depicted in Figure 21 (c).

2) ON THE BASIS OF DATA OBSERVED FROM TRANSIENT
STATE ANALYSIS AND PHASE MARGIN
The main objective of this work is to make the proposed
closed-loop system stable for a smooth and proper bearing

operation. The performance of a closed-loop can bemeasured
with the help of transient state analysis and comments on
stability can be made by analyzing the phase margin of the
system. The proposed system value of various transient state
parameters like, peak overshoot, rise time, peak time, and set-
tling time is listed in Table 3, Table 6, and Table 9 using these
data, a comparison is observed and depicted in Figure 22.

The low value of peak overshoot results in less vibration in
the system at a transient state which is an essential require-
ment for a steady bearing operation. So, the major challenge
is in the selection of optimization techniques along with
objective function. It is evident from Figure 22(a) that the
ALO optimization technique with ITSE objective function
(ALO-ITSE) shows a minimum overshoot of 6.07% followed
by GWO-ITSE and WOA-ITSE with a value of 6.32% and
6.44% respectively. From the aspect of the objective function,
the ITSE objective function shows a better transient state
performance than other objective functions.

Another parameter that is required for the selection of
optimization technique and objective function is the speed of
response of the closed-loop system. Comment on the speed of
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FIGURE 21. Calculated data from statistical analysis (for 100 no of iterations): (a) Mean, (b) Standard deviation, (c) Variance, and
(d) Difference between maximum and minimum value of the objective function.

response of the closed-loop system can be made by observing
the data of rising time, peak time, and settling time. For a
sluggish response value of rising, peak and settling time is
more and for a rapid response, these values should be as min-
imum as possible without disturbing the stability of the sys-

tem. Readily, it is observable from Figure 22(b)- Figure 22(d)
that the ITSE objective function shows a faster response as
compared to other objective functions. From the perspective
of optimization technique, ALO has a faster rise time and
settling time followed by GWO and WOA. The most crucial
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FIGURE 22. Observed data from time domain analysis: (a) Peak overshoot (%), (b) Peak time (in seconds), (c) Rise time
(in seconds), (d) Settling time (in seconds) and (e) Phase Margin (in degree).
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FIGURE 23. Algorithm execution time for (a) 100 iterations, (b) 500 number of iteration.

parameter in the selection of a controller for an unstable
system is stability. It is the reason for the stable close loop
operation of a system after then only transient state and
steady-state analysis can be observed. The stability of a
closed-loop system can be measured by measuring the phase
margin of the system. Greater the phase margin greater the
range of stability of the system. From Figure 22(e) it can be
observed that among all, ALO-ITSE has the greatest value of
phase margin of 86.40 followed by GWO-ITSE and WOA-
ITSE.

3) ON THE BASIS OF ALGORITHM EXECUTION TIME
The efficiency of an optimization algorithm depends on the
number of computational resources used and the time taken
by the algorithm to generate the desired outcome. Required
mathematical resources for all three optimization techniques
are almost observed. Therefore, the remaining parameter i.e.,
algorithm execution time, will need to calculate for realizing
the performance of the optimization technique. For 100 num-
ber iterations (T = 100) and 500 iterations (T = 500), the
algorithm execution time for all three optimization techniques
is calculated as listed in Table 13. A comparison is carried out
as depicted in Figure 23(a) for T = 100 and (b) for T = 500.
For T = 100, the minimum algorithm execution time is

taken by the grey wolf optimization technique followed by
ALO and then the WOA method. Whereas, the minimum
average algorithm execution time for T = 500 is taken by the

TABLE 13. Execution time (in seconds) of fa, goa and abc algorithm with
objective functions.

whale optimization algorithm followed by ALO and GWO
methods.

V. CONCLUSION
In this manuscript, three different metaheuristic nature-
inspired hunting-based optimization strategies- ALO, GWO,
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and WOA, are implemented separately, to calculate the gain
parameters of a PID controller for the proposed closed-loop
AMB system. Execution of these algorithms is carried out on
IAE, ISE, ITAE, and ITSE objective functions individually
and their performance is statistically analyzed. Further, the
action of the controller on the closed-loop is observed for each
combination of algorithm-objective functions on the scale of
step response analysis and bode plot. Using which transient
state parameters and phasemargin are calculated. Thoroughly
comparing the obtained data it’s realized that-
• Statistical analysis shows that algorithms with ITSE
objective function have attained a minimum value com-
pared to other objective functions.

• Also, transient state analysis data show that algo-
rithmswith ITSE objective function demonstrate a better
closed-loop performance than other objective functions.

• Among these three optimization techniques, ALO with
the ITSE objective function shows the best transient state
characteristics with a lesser overshoot, faster response,
and a wider phase margin.

• The time taken in execution of the algorithm is least
using GWO-ITAE (for T = 100) and WOA-ITAE (for,
T = 500).

This comparative study delivers a clear idea of the selection of
optimization techniques along with objective functions from
the perspective of their workability and performance, which
will help in implementing them in a real-time situation.
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