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ABSTRACT 
 

This paper investigates the use of time-domain response with recent meta-heuristic optimisation techniques such as; 
Grey wolf optimisation, Whale optimisation algorithm, and Genetic algorithm for the estimation of the parameters of 
a servomechanism with insufficient datasheet information. First, to estimate the servomechanism’s closed-loop posi-
tion second-order transfer function, the known servo gear mechanism and unknown speed first-order transfer func-
tions were used. In the experimental investigation, the average time constant of the Servomechanism was found to be 
162mS for both forward and reverse rotations. Thereafter, the meta-heuristic algorithms were used in MATLAB to 
simulate the identified position closed-loop velocity feedback transfer function to obtain the Servomechanism’s elec-
tromechanical parameters. The simulation and experimental response of the servomechanism were in excellent 
agreement, with the Genetic and Whale optimisation algorithms having the best and worst root mean squared error 
fitness scores of 0.00706 and 1.90374 respectively. 

Keywords:Systems Identification, Genetic Algorithm, Grey Wolf Optimization, Whale Optimization, Servomecha-
nism  

1. INTRODUCTION 
 

A Servomechanism controls position and motion and 
consists of a minimum of one mechanical part. Furthermore, 
the principle of control is such that the control may be im-
plemented in an open-loop or closed-loop configuration. 
The open-loop configuration usually consists of a propor-
tional controller which affects the feed-forward loop when 
varied (Armstrong, 2015). The open-loop control is inade-
quate in tracking the output response as a high-gain results 
in overshoot and steady-state error. Also, the closed-loop 
control implementation is such that a negative feedback 
loop derived from the output response and the input refer-
ence demand are summed up to give an error signal. This 
error signal is then used to drive the servo mechanism input 
(Armstrong, 2015; Kabita, 2015). 

According to Bartelt (2010), two branches of control ex-
ist Process control and Servomechanism. In process control, 
the reference input demand rarely gets altered rapidly for 
this reason the speed of tracking process variables such as 
temperature and pressure is typically slow. However, in 
servomechanism control, the set-point changes much more 
rapidly such that the system tracks the output variable as 
fast as possible, where such variables may include position 
and speed. Additionally, to enhance the transient response 

of the position servo control systems, a cascaded control 
loop consisting of the position and velocity feedback is used 
simultaneously. The effect of the velocity feedback is basi-
cally to dampen out the overshoot in the transient response 
and is analogous to derivative control action. More so, 
Bartelt (2010), asserts that the velocity feedback also pro-
vides for a better torque rejection hence, leading to a robust 
control configuration.  

Nevertheless, it is desirable to identify the Servomecha-
nism parameters from their transfer function, where they 
may be unknown or partially known in other to carry out 
analytical studies and establish the transfer function equa-
tion governing the control of the Servomechanism (Garrido 
and Miranda, 2012). Therefore, the Servomechanism pa-
rameters may be determined analytically using methods 
such as the step response time plot or the frequency domain 
Bode plot (Throne, 2005; Kabita, 2015). Nevertheless, the 
frequency response method is quite tedious and less intui-
tive compared to the time domain step response. Thus, by 
obtaining the time constant and DC steady-state gain of an 
open-loop step response, the transfer function of the system 
can be determined by comparing it with a classical 
first-order equation.   
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Furthermore, in Garrido and Concha (2010), the least 
square error (LSE) technique is utilised for parameter iden-
tification wherethe input excitation reference signal is usu-
ally of the rich frequency component. The authors (Kim and 
Chung, 2003; Fuh and Tsai, 2007) suggested the use of two 
biased input square wave signals for accurate parameter 
identification of a linear servomechanism. In the process of 
identifying the systems transfer function and estimated pa-
rameters, the input square wave biased signal was used and 
the corresponding output signal with the assumption that the 
DC servomechanism is a linear system. 

More recently, artificial intelligencebased on na-
ture-inspired meta-heuristic optimisation algorithms, such 
as genetic algorithm (GA) (Pan et al., 2021), particle swarm 
optimisation (PSO) (Nyong-Bassey and Akinloye, 2014), 
Grey wolf optimisation (Mirjaliliet al., 2014), whale opti-
misation algorithm (Mirjalili and Lewis, 2016), which do 
not use gradient techniques to solve complex mathematical 
and engineering problems (Mohamed et al., 2018). 

Specifically, in (Chun and Kim, 2018) a novel hybridized 
particle swarm optimisation (PSO) algorithm was used to 
effectively demonstrate the simultaneous identification of 
both model structure and the associated parameters in a 
magnetic levitation system and a flexible robotic manipula-
tor. Also, in Wu, et al., (2019) validation in MATLAB and 
ADAMS showed that control error and steady-state accu-
racy were improved by 75% and 50% with PSO and finite 
time servo system control used to estimate the systems 
physical parameters. 

In Nadwehet al., (2020), the GWO had a better reduction 
in total harmonic distortion and ripple factor current in the 
DC link of a variable speed drive system for the estimated 
optimal controller parameter estimation 

In Nayak and Sahu, (2019) the dc motor parameters were 
estimated using meta-heuristic whale algorithm optimisa-
tion (WOA) which mimics the bubble-net foraging process 
of humpback whales. The experimental data of the dc motor 
speed response was used to generate a reference model 

which was compared to an adaptive model tuned by mini-
mising the error speed response between the models via 
three independent integral time square error fitness func-
tions. 

 Furthermore, in Guo et al., (2022) a proposed WOA 
improved with a reverse learning strategy and the Levy 
flight disturbance strategy was used to accurately identify 
the parameters of a static var compensator model.  

In Rezazade, (2010) GA and LSE were used to estimate 
the parameters of servo electrical drives. The GA compared 
to the LSE had better results in the start-up phase lacking 
persistent excitation.Salah and Omar (2019), estimated the 
parameters of a DC motor using an offline identification 
toolbox in MATLAB/Simulink based on experimental step 
response.  

Similarly, in Fang et al, (2021) the use of an adaptive GA 
with a fractional-order UKF was proposed to improve state 
error caused by inaccurate parameter estimation of a lith-
ium-ion battery model and state of charge respectively. 
Also, in Wu et al, (2020) WOA and UKF were combined 
for Battery model parameters and SOC estimation respec-
tively. 
While, the GA (Fang et al, 2021), GWO (Nadwehet al., 
(2020)), and more recently WOA (Guo et al., (2022),) have 
been usedindividually for parameter estimation,to the best 
of our knowledge fromavailable literature, GWO has not 
been used for DC servo motor parameter estimation. More 
so, the performance of all threeGA, WOA and GWO has 
never been compared simultaneouslyforparameter estima-
tion of anexperimental modular MS150 DC servo motor-
system. 
Therefore, themain contribution of this paper is to compara-
tively investigate the unknown parameters of the MS150DC 
servo motor system, using the GA, WOA and particularly 
GWO technique for DC motor parameter estimation by 
adapting a simulation model in MATLAB software to the 
closed-loop position step response transfer function of a 
cascade servomechanism obtained from experimental data. 

2. METHODOLOGY 

 
The DC servo system under investigation is the modular 

MS150 designed by feedback instrumentswhich consistsof 
the DC servomotor; armature-controlled DC Motor, and 
servo amplifier DCM150F+SA150D, a tachometer GX150X 
withservo motor speed to angle converter system, oscillo-
scope and the pulse generator/power supply. 

The experiment to determine the unknown parameters of 
the MS150 DC servo system was performed in the United 
Kingdom at Newcastle University’s Electrical and Elec-
tronics Engineering Laboratory. 
 The MS150 experimental setup is implemented in the 
open-loop configuration. The input power supply to the 

system is -/+15V, while a pulse generator is used to excite 
the DC servo motor with a reference voltage signal (𝑉𝑚)of 
range +/-3.0V. Thereafter, as a consequence of the (+/-) 
excitation voltage the DC servo motor SA150D+DC M150F, 
rotates in the clockwise and anticlockwise directions re-
spectively.While the output speed of the motor in revolutions 
per minute and tachometer voltage is measured using the 
tachometer and the oscilloscope. Figure 1, shows the MS150 
modular DC servo motor system. 
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Figure 1: MS150 DC Servo modular system (

2.1 Servo Motor Modelling  

To mathematically model the DC servo motor, the si
plified schematic diagram presented in Figure 2
The modelling of the DC Servo motor involves the use of 
both Kirchhoff’s voltage law and Newton’s second law of 
motion to obtain the mathematical equations for the electr
cal armature coil winding and the 
nents respectively (Nyong-Bassey and Akinloye, 2014; 
Adewusi, 2016).  

 

Figure 2: DC Servo motor

Thus, the electrical armature differential equations of the 
DC Servo motor are presented in (1) as follows:
   

= (𝑉 − 𝑅𝚤 − 𝐸)
̇

…        

 
Where 𝐿 is the inductance of the armature coil winding (in 
Henry), 𝑅 is the Resistance of the armature coil (in Ohms), 
𝐸 is the back E.M.F in the armature winding (in Volts), 
the current in the armature winding (in amperes)
voltage across the armature winding (in Volts).

 
The mechanical rotor equation is presented in (2) as follows:

= (𝐾𝑖 − 𝐵𝑤)…                   

Where, 
𝐸 = 𝐾 ∗ 𝑤…         (3)                                                                                                                          
𝐾 = 𝐾𝑒…                           

𝑇 = 𝐾𝑒 ∗ 𝑖…                           
T is mechanical torque (in Nm), 

of the rotor (in Kgm-2), B is the motor’s coefficient of fri
tion (in Nm/(rad/sec)), K is Back E.M.F motor constant 
(Nm/A), 𝜔 is the angular velocity of the mechanical rotor 
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: MS150 DC Servo modular system (Feedback Instruments, 2013) 

 

o mathematically model the DC servo motor, the sim-
schematic diagram presented in Figure 2, is used.  

The modelling of the DC Servo motor involves the use of 
both Kirchhoff’s voltage law and Newton’s second law of 
motion to obtain the mathematical equations for the electri-
cal armature coil winding and the mechanical rotor compo-

Bassey and Akinloye, 2014; 

 
2: DC Servo motor 

Thus, the electrical armature differential equations of the 
DC Servo motor are presented in (1) as follows:  

…                           (1) 

is the inductance of the armature coil winding (in 
is the Resistance of the armature coil (in Ohms), 

is the back E.M.F in the armature winding (in Volts), 𝐼 is 
the current in the armature winding (in amperes), 𝑉 is the 
voltage across the armature winding (in Volts). 

The mechanical rotor equation is presented in (2) as follows: 

                   (2)                                   

(3)                                                                                                                          
              (4) 

                           (5) 
T is mechanical torque (in Nm), J is the moment of inertia 

is the motor’s coefficient of fric-
is Back E.M.F motor constant 

angular velocity of the mechanical rotor 

(rad/sec), 𝜃 
(rad). 

 
The transfer function 
of the Servo motor is obtained by taking the Laplace tran
form of (1) and (2) is giv
 

𝐺(𝑠) =

Also, by integrating speed, 
therefore, the position transfer function is as follows:

 

𝑇(𝑠) =
(

(

   

2.2 Servo Motor Time Constant and gain

The servomotor transfer function 
first-order system structure and is given by:

 

𝐺(𝑠) =

Where, 𝜔
excitation voltage, 
𝜏 is an equivalent electro

The servo gain can be determined 
 

𝐾 = ω / Vm
 
Also, Servo gain may be determined by:            
 𝐾 = 𝑉 /
 
Therefore, since the servo gear transfer function H(s) is 

known and coupled
transfer function is 

 

𝑻𝑶𝑳(𝒔) =

Where,  
𝐻(𝑠) =  6

2.3 Meta heuristic Optimisation Algorithms

This section describes the fundamental principles of the 
nature-inspired meta
which are based on swarm intelligence and GA which is 
based on evolution.

2.3.1 Grey wolf optimization

The grey wolf optimiser (GWO) which is based on 
meta-heuristics is a recent and novel type of swarm intell
gence optimisation algorithm, first introduced in (Mirjalili
al., 2014; Wang and Li, 2019). The fundamental principles 
of the GWO
social hierarchy of grey. 
grey wolf hunts prey using three steps; encircling, hunting 
and attacking while adhering strictly to 
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(2)                                                                                                     

(3)                                                                                                                          

 is the angular position of the mechanical rotor 

The transfer function for the output speed and input voltage 
of the Servo motor is obtained by taking the Laplace tran
form of (1) and (2) is given below: 

( )

( )
 =  

{( )( ) }
 …              (6)                         

Also, by integrating speed, the position can be derived 
therefore, the position transfer function is as follows: 

( )

( )
 =  

{( )( ) }
  …             

  

2.2 Servo Motor Time Constant and gain 

The servomotor transfer function 𝐺(𝑠) is based on a 
order system structure and is given by: 

= …                  (8)                                                                                                                      

𝜔 is output angular velocity, 𝑉 is servomotor 
excitation voltage, 𝐾  is the servomotor gain constant and 

is an equivalent electro-mechanical time constant.   
The servo gain can be determined in two ways: 

Vm     …(9)                                                                                               

Also, Servo gain may be determined by:             
/(𝑉 ∗ 𝐾 )… (10)                                                                                         

Therefore, since the servo gear transfer function H(s) is 
known and coupled to the G(s), the position open-loop 
transfer function is 𝑻𝑶𝑳 (s): 

=  ∗  𝐻(𝑠)…(11) 

6.65/𝑠  …(12)                                                                                                     

heuristic Optimisation Algorithms 

This section describes the fundamental principles of the 
inspired meta-heuristic algorithms; GWO, and WOA 

which are based on swarm intelligence and GA which is 
based on evolution. 

2.3.1 Grey wolf optimization 

grey wolf optimiser (GWO) which is based on 
heuristics is a recent and novel type of swarm intell

gence optimisation algorithm, first introduced in (Mirjalili
, 2014; Wang and Li, 2019). The fundamental principles 

of the GWOare based on the hunting behaviour and 
social hierarchy of grey. To obtain an optimal solution, the 
grey wolf hunts prey using three steps; encircling, hunting 
and attacking while adhering strictly to the social hierarchy 

 
 

                                                                  

(3)                                                                                                                          

angular position of the mechanical rotor 

the output speed and input voltage 
of the Servo motor is obtained by taking the Laplace trans-

(6)                         

position can be derived 

             (7)

is based on a 

(8)                                                                                                                      

is servomotor 
is the servomotor gain constant and 

(9)                                                                                               

(10)                                                                                         

Therefore, since the servo gear transfer function H(s) is 
loop 

(12)                                                                                                     

This section describes the fundamental principles of the 
WOA 

which are based on swarm intelligence and GA which is 

grey wolf optimiser (GWO) which is based on 
heuristics is a recent and novel type of swarm intelli-

gence optimisation algorithm, first introduced in (Mirjaliliet 
, 2014; Wang and Li, 2019). The fundamental principles 

ng behaviour and the 
o obtain an optimal solution, the 

grey wolf hunts prey using three steps; encircling, hunting 
social hierarchy 
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of leadership. Therefore, the social hierarchy from top to 
bottom consists of four groups of wolfs; the alpha (𝛼), beta 
(𝛽) delta (𝛿) and omega (𝜛). Thus, excluding the omega 
wolf, each wolf group is followed by their subordinate wolf 
groups. For instance, the alpha wolf leads the rest of the wolf 
groups i.e. beta, delta and omega, while, the beta wolf leads 
the delta and omega wolfs. Hence, the alpha wolf guides the 
pack during hunting while the beta, delta and omega follow 
accordingly. Consequently, the pack's movement is dictated 
by the three best solutions termed alpha beta and delta re-
spectively with less optimal solutions considered omega 
wolves (Kushwah and Shrivastava; Kraiemet al., 2021). 

A. Encircling  

The encircling process is the first step the wolf pack 
adopts in hunting down prey. The process involves the grey 
wolf pack encircling the prey which is analogous to the 
optimum solution. It is expressed mathematically as follows:  

 

𝑀 = |�⃗�. 𝑋⃗(𝑖) − 𝑋 ⃗(𝑖)                               (13)                                                                                                                         

𝑋 ⃗(𝑖 + 1) = 𝑋⃗(𝑡) − �⃗� ∗ 𝑀                         (14)   
 
Here 𝑖 denotes the current iteration time step, �⃗�, 𝑀 and 

�⃗� are vector coefficients, 𝑋 ⃗ and 𝑋⃗represents the position 
vectors of wolf and prey respectively. The vector coeffi-
cients  𝑀 and �⃗� are obtained as follows: 

 
𝑀 = 2�⃗� ∗ 𝑟⃗ …                             (15) 
�⃗� = 2𝑟⃗ …                               (16) 
 
Where values of the vector �⃗� is linearly decreased from 2 

to 0 during the iteration while,  𝑟⃗and 𝑟  ⃗are random vectors 
𝜖[0, 1]. 

B. Hunting  

Since the position of the optimum location is unknown 
unlike in a practical hunting scenario, the alpha, beta and 
delta solutions are used as a rough estimate since they are 
representatives of the top three best solutions respectively. 
Thus, the mean position of the alpha, beta and delta Wolfs 
were revealing of the prey’s location as in (17). While in 
equations (18) the alpha, beta and delta Wolfs locations 
respectively are updated towards the prey’s location which is 
indicative of the optimal solution.  

 
𝑋⃗(𝑖 + 1) = (𝑋⃗ + 𝑋⃗ + 𝑋⃗)/3…                (17) 

 
Where, 
 

𝑋⃗ = 𝑋 ⃗ − �⃗� ∗ (𝑀 )

𝑋⃗ = 𝑋⃗ − �⃗� ∗ (𝑀 )

𝑋⃗ = 𝑋⃗ − �⃗� ∗ (𝑀 )

      and 

𝑀 = 𝑉 𝑋 ⃗ − 𝑋 ⃗

𝑀 = |𝑉 𝑋⃗ − 𝑋 ⃗|

𝑀 = |𝑉 𝑋⃗ − 𝑋 ⃗|

                  …             (18) 

C.Attacking 

Practically, like the grey wolf inches close to the prey, its 
movement will become smaller and it will finally attack the 
prey. Similarly, in the GWO, the decreased movement of the 
grey wolf towards the prey is analogous to the simulated 
annealing of vector �⃗� from 2 to 0, as the optimal solution 
(prey) is approached. Figure 3, shows the GWO algorithmic 
flowchart. 

 

 
Figure 3: GWO algorithm flowchart (Pan et al. 2019) 
 

2.3.2 Whale Optimization Algorithm 

The whale optimisation algorithm (WOA) first proposed 
in(Mirjalili and Lewis, 2016) is a swarm intelligence 
meta-heuristic optimisation algorithm inspired by the bub-
ble-net foraging social behaviour of humpback whales (Ning 
and Cao, 2021). The whale bubble-net foraging involves 
three stages; encircling prey, bubble-net attack and hunting 
prey. 
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A. Encircling prey 

The humpback whales (search agent) 
and encircle it. Nevertheless, since the optimum location of 
the solution is unknown, the current best candidate is su
stituted as the solution, while 
their information on the position towards the best candidate. 
The behaviour is defined mathematically as follows:

 

𝐷 = |𝐶 ∗ ∅∗⃗(𝑘) − ∅⃗(𝑘)|   …

∅⃗(𝑘 + 1) = ∅∗⃗(𝑘) − 𝐴 ∗ 𝐷…
 
Where k is the current iteration, 

efficients, ∅∗⃗(𝑘) is the position vector of 

candidate solution,  ∅⃗(𝑘) is the position vector. 
The vector coefficients 𝐴 and 

 

𝐴 = 2�⃗� ∗ 𝑟 − �⃗�…                       
𝐶 = 2. 𝑟⃗   ...   
 
Where, 𝑟  and 𝑟⃗   are randomised vector coefficients 

[0,1] while,  �⃗� is annealed from 2 to 0 during the iteration to 
allow exploration and exploitation respectively.

B. Bubble-net attack 

The whale's feeding behaviour entails a constricted 
movement towards the prey. Therefore, th
proaches; shrinking and surrounding are presented to explain 
this mechanism mathematically as follows:

 
∅⃗(𝑘 + 1) = 𝐷⃗ ∗ 𝑒 ∗ cos (2

Where, 𝐷⃗ is the variance between the 
current optimal solution, 𝛾 is the constant value which d
fines the logarithmic spiral form or circular movement, and 
is a randomised value [-1,1].  

C. Hunting prey 

In addition to the bubble-
humpback whale can randoml
behavioural dynamic is modelled as follows:

 

𝐷⃗ = |∅∗⃗(𝑘) − ∅⃗(k)|…   (24)

𝐷⃗ = |𝐶∅⃗(𝑘) − ∅⃗(k)|…(25)                                                                                            

∅⃗(𝑘 + 1) = ∅⃗(𝑘)-𝐴 ∗ 𝐷…  (26)
 

Where, ∅⃗(𝑘) is the position of a random candidate.
 
Thus, the search agent’s position is updated by a random 

agent if |A| > 1 and by the best solution if |A|< 1 this ensures 
exploration and exploitation respectively and the algorithm 
is terminated if the terminating 
shows the Whale algorithm. 
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The humpback whales (search agent) see prey (solution) 
and encircle it. Nevertheless, since the optimum location of 
the solution is unknown, the current best candidate is sub-
stituted as the solution, while the other candidates update 
their information on the position towards the best candidate. 
The behaviour is defined mathematically as follows: 

…                        (19) 

…   (20) 

Where k is the current iteration, 𝐴 and 𝐷 are vector co-

is the position vector of the current best 

is the position vector.  
and 𝐶 are obtained as follows: 

                       (21) 
...          (22) 

are randomised vector coefficients 

is annealed from 2 to 0 during the iteration to 
allow exploration and exploitation respectively. 

s feeding behaviour entails a constricted spiral 
movement towards the prey. Therefore, these two ap-
proaches; shrinking and surrounding are presented to explain 
this mechanism mathematically as follows: 

2𝜋𝑙) + ∅∗⃗(𝑘)…      (23) 
is the variance between the 𝑛 whale and the 

is the constant value which de-
fines the logarithmic spiral form or circular movement, and 𝑙 

-net foraging behaviour, the 
humpback whale can randomly search for prey. Thus, this 
behavioural dynamic is modelled as follows: 

(24) 

(25)                                                                                            

(26) 

is the position of a random candidate. 

position is updated by a random 
agent if |A| > 1 and by the best solution if |A|< 1 this ensures 
exploration and exploitation respectively and the algorithm 
is terminated if the terminating criterion is satisfied. Figure 4, 

Figure4: Whale Algorithm (

2.3.3 Genetic Algorithm 

The Genetic Algorithm is an intelligent meta
optimization tool that mimics natural selection and genetics 
theory. Individuals forming a population exist in GA as a 
reasonable solution to a particular problem. Some merits of 
GA include its easy implementation and the fact that 
knowledge of plant traits is not necessary for the evaluation 
(fitness) function. It 
avoids convergence to local minima. GA consists of three 
major phases: selection, crossover, and mutation 
(Nyong-Bassey and Akinloye, 2014).

A. Selection Phase

El-Bakly (2009) use
for the first generation, whereas Gadoue
stochastic uniform to select individuals for the first gener
tion. Each iteration represents a generation in an iterative 
process. As a result, at the end of each generation, individ
als are compared to an evaluation function and chosen for 
mating to produce new offspring. As specified in the alg
rithm, the offspring usually have the good traits of their 
progenitor and have evolved through some degree of mut
tion and crossover genetic process 
rithm Shuaib and Ahmed, (2014)
sentation determines the population size for subsequent 
generations:

Number of offspring = 
where, 𝑃 is Population size
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(25)                                                                                            

: Whale Algorithm (Elazab et al. 2018) 

2.3.3 Genetic Algorithm  

The Genetic Algorithm is an intelligent meta-heuristic 
optimization tool that mimics natural selection and genetics 
theory. Individuals forming a population exist in GA as a 
reasonable solution to a particular problem. Some merits of 
GA include its easy implementation and the fact that 
knowledge of plant traits is not necessary for the evaluation 
(fitness) function. It also works for non-linear systems and 
avoids convergence to local minima. GA consists of three 
major phases: selection, crossover, and mutation 

Bassey and Akinloye, 2014). 

Selection Phase 

Bakly (2009) used a roulette wheel to select individuals 
or the first generation, whereas Gadoueet al., (2009) use a 

stochastic uniform to select individuals for the first gener
tion. Each iteration represents a generation in an iterative 
process. As a result, at the end of each generation, individ

compared to an evaluation function and chosen for 
mating to produce new offspring. As specified in the alg
rithm, the offspring usually have the good traits of their 
progenitor and have evolved through some degree of mut
tion and crossover genetic process as specified in the alg

Shuaib and Ahmed, (2014). The mathematical repr
sentation determines the population size for subsequent 
generations: 

Number of offspring = 𝑃  * relative fitness…(27) 
is Population size. 

 
 

(25)                                                                                             

 

heuristic 
optimization tool that mimics natural selection and genetics 
theory. Individuals forming a population exist in GA as a 
reasonable solution to a particular problem. Some merits of 
GA include its easy implementation and the fact that 
knowledge of plant traits is not necessary for the evaluation 

linear systems and 
avoids convergence to local minima. GA consists of three 
major phases: selection, crossover, and mutation 

a roulette wheel to select individuals 
(2009) use a 

stochastic uniform to select individuals for the first genera-
tion. Each iteration represents a generation in an iterative 
process. As a result, at the end of each generation, individu-

compared to an evaluation function and chosen for 
mating to produce new offspring. As specified in the algo-
rithm, the offspring usually have the good traits of their 
progenitor and have evolved through some degree of muta-

as specified in the algo-
The mathematical repre-

sentation determines the population size for subsequent 
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B. Crossover Phase 

The mating pairs after the selection phase undergo 
crossover genetic procedure which is performed by cros
over probability to give rise to new offspring with enhanced 
genetic traits. Mathematically, crossover operation is given 
as: 

𝑃 = 𝛼𝑃 + (1 − 𝜆)𝑃           
 
Where, 𝑃 and𝑃  are dissimilar parent chromosomes, α is 

a stochastically acquired natural number, 
  A small crossover value is usually selected for 

population size in other to enhance the individuals while 
retaining the best characteristics of both parents 
(Nyong-Bassey and Akinloye, 2014)

C. Mutation Phase 

The mutation phase occurs after the crossover process 
mimicking the real-life process of m
the modification of the genome on rare occasions. Hence the 
occurrence of mutation is usually low for the preservation of 
good chromosomes.  The objective of introducing mutation 
is to avoid convergence of local minima and increase t
fitness of the individual as a possible solution by chrom
some mutation. The authors (El
using the following formula to determine 

𝑃 =
√

 … (29) 

 

3.1 Determination of Servo Motor Open
Transfer function  

The experimental setup was implemented based on Figure 
6.To determine the servo gain constant 
supply is connected to the tachometer
0 to 3V was applied to utilise
AU150B to connect the first input of PA150C and the Servo 
amp SA150D.  

 
 
 
 
 
 
 
 
 

 
Figure6: SA150D+DCM150F+GT150X block diagram (Kabita, 2015)

Thereafter, the Servomechanism param
termined by observing the scope traces, 
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pairs after the selection phase undergo a 
crossover genetic procedure which is performed by cross-
over probability to give rise to new offspring with enhanced 
genetic traits. Mathematically, crossover operation is given 

      ∶      𝑃 ≠ 𝑃 …(28) 

are dissimilar parent chromosomes, α is 
a stochastically acquired natural number, 𝜆 ∈ [0,1]. 

A small crossover value is usually selected for a large 
population size in other to enhance the individuals while 
retaining the best characteristics of both parents 

Bassey and Akinloye, 2014).  

The mutation phase occurs after the crossover process 
life process of mutation which involves 

the modification of the genome on rare occasions. Hence the 
occurrence of mutation is usually low for the preservation of 
good chromosomes.  The objective of introducing mutation 
is to avoid convergence of local minima and increase the 
fitness of the individual as a possible solution by chromo-

s (El-Bakly, 2009) suggested 
using the following formula to determine the mutation rate: 

Where, 𝑃

tion size and 
Figure 5, shows the GA algorithmic flowchart

Figure 5: GA Flow Chart (Nyong

3. RESULTS AND DISCUSSIONS

3.1 Determination of Servo Motor Open-loop Speed 

experimental setup was implemented based on Figure 
o determine the servo gain constant Km, a 15V power 

tachometer module GT150X. Also, 
to utilise the second socket of the 

AU150B to connect the first input of PA150C and the Servo 

SA150D+DCM150F+GT150X block diagram (Kabita, 2015) 

Thereafter, the Servomechanism parameters are to be de-
termined by observing the scope traces, and voltage readings 

and by performing arithmetic calculations as shown in Table 
1a and Table 1b.

Table 1a: Experimental parameters of the 

Servomotor 
Input Voltage 

𝑽𝒎(𝑽) 
 

1.00 

1.50 
2.00 

2.50 
-1.00 

-1.50 

-2.00 
-2.50 
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𝑃  is the finest mutation rate, 𝑃  is the popu
tion size and L is the length of an individual random string.

shows the GA algorithmic flowchart. 

: GA Flow Chart (Nyong-Bassey and Akinloye, 2016) 

RESULTS AND DISCUSSIONS 

and by performing arithmetic calculations as shown in Table 
1a and Table 1b. 

Table 1a: Experimental parameters of the DC servomotor. 

Input Voltage  
Tachometer 

speed (n) 
(𝑹𝑷𝑴) 

Angular velocity  
𝛚 

(𝒓𝒂𝒅/𝒔𝒆𝒄) 

Tacho-meter 
Voltage 
𝑽𝒕(𝑽) 

3120 326.73 8.62 

3150 329.87 8.64 
3150 329.87 8.67 

3150 329.87 8.69 
-3130 -327.77 -8.83 

-3150 -329.87 -8.83 

-3150 -329.87 -8.83 
-3150 -329.87 -8.83 

 
 

is the popula-
individual random string. 

 

and by performing arithmetic calculations as shown in Table 

meter 
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Table 1b: Experimental calculated parameters 

Servomotor 
Input Volt-

age  
𝑽𝒎(𝑽) 

 

Tacho-meter 
Sensitivity  

𝑲𝒕 = (𝐕𝐭/𝛚) 

Servo Gain
𝑲
=

1.000 0.026 

1.500 0.026 
2.000 0.026 

2.500 0.026 
-1.000 0.026 
-1.500 0.026 

-2.000 0.026 
-2.500 0.026 

 
To determine the time constant 

was used to generate a square wave voltage which served as 
the servomotor input voltage, 
0.25Hz. The amplitude range of the square wave voltage was 
+/-1.0V and +/-2.0V while, the resulting Tachometer voltage
Vt and Time constant, Tmvalues were recorded accordingly 
as shown in Table 2. 

 

Table 2: Time constant and tachometer voltage values captured from 
scope traces during anti/clockwise rotation

Square 
wave am-

plitude 
(Vm) 

Tachometer 
Voltage 

(Vt) 

Time 
Constant

(Tm) 

1.0V 8.7 V 162 mS

2.0 V 8.7 V 162 mS

-1.0V -8.7V 162mS

-2.0V -8.7V 162mS

 
Therefore, the average time 

which resulted from the output response curve for the fo
ward and reverse motoring as displayed on the scope was 
162mS. Thus, the speed open loop T.F of the Servo motor is:

 
𝐺(𝑠) =  272.27/(0.162𝑠 + 1
 
 The experimental open-loop speed step response of the 

Servomechanism and angular speed versus voltage are 
shown in Figure7. 
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parameters for the DC servomotor 

Servo Gain 
𝑲𝒎

= 𝛚 /𝐕𝐦 

Servo Gain  
𝑲𝒎 = 𝑽𝒕/(𝑽𝒎 ∗ 𝑲𝒕) 

 

272.27 272.27 

219.91 219.91 
164.93 164.93 

131.95 131.95 
273.14 273.14 
219.91 219.91 

164.93 164.93 
131.95 131.95 

o determine the time constant Tm, a function generator 
was used to generate a square wave voltage which served as 
the servomotor input voltage, Vm and had a frequency of 
0.25Hz. The amplitude range of the square wave voltage was 

2.0V while, the resulting Tachometer voltage, 
values were recorded accordingly 

Time constant and tachometer voltage values captured from 
scope traces during anti/clockwise rotation 

Time 
Constant 

 

Angular 
velocity  

𝛚 

Servo 
Gain  

𝑲𝒎

= 𝛚 /𝐕𝐦 

mS 329.87 
rad/sec 

272.27 

mS 329.87 
rad/sec 

164.93 

162mS -329.87 
rad/sec 

272.27 

162mS -329.87 
rad/sec 

164.93 

Therefore, the average time constant values in Tables II, 
which resulted from the output response curve for the for-
ward and reverse motoring as displayed on the scope was 
162mS. Thus, the speed open loop T.F of the Servo motor is: 

1)                        (30) 

loop speed step response of the 
and angular speed versus voltage are 

 Therefore, since the servo
function H(s) is known, the open
function is as follows: 

 
𝑇(𝑠) = 𝐺(𝑠)
 
Therefore, the open
 
𝑇(𝑠) =  272
 
And the closed
 
𝑇(𝑠) = 1800

Figure7: Experimental open

3.2 Comparison of Meta
rithms  

The closed
function which is obtained from the experimental open
speed step response of the servomechanism is simulated in 
MATLAB. Thereafter, the meta
gorithms WOA, GWO and GA were independently deployed 
to estimate the servomechanism 
parameters. 
algorithms, a fitness function is used to iteratively minimises 
the mean squared error between the experimental step r
sponse data and the corresponding step response gener
by the optimisation algorithm. Thus, the corresponding fi
ness function scores for WOA, GWO and GA were 1.09351, 
1.90374 and 0.000706 as presented in Figures 
respectively, with Figures 10 (b) 
the best individuals, 
ness score ranges for the GA.
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Therefore, since the servo-gear mechanism’s transfer 
function H(s) is known, the open-loop position transfer 
function is as follows:  

) ∗ 𝐻(𝑠)                                    

Therefore, the open-loop position T.F is expressed as: 

272.27 ∗ 6.61/(0.162𝑠 + 1)𝑠(32) 

And the closed-loop position with velocity feedback T.F:

1800/(0.162𝑠  + 273.27𝑠 + 1800)          

: Experimental open-loop speed step response of the Servo 
motor 

 

3.2 Comparison of Meta-heuristic optimisation alg

The closed-loop position with velocity feedback transfer
function which is obtained from the experimental open-loop 
speed step response of the servomechanism is simulated in 
MATLAB. Thereafter, the meta-heuristic optimisation a
gorithms WOA, GWO and GA were independently deployed 
to estimate the servomechanism electrical and mechanical 
parameters. To perform the parameter estimation using the 
algorithms, a fitness function is used to iteratively minimises 
the mean squared error between the experimental step r
sponse data and the corresponding step response generated 
by the optimisation algorithm. Thus, the corresponding fi
ness function scores for WOA, GWO and GA were 1.09351, 
1.90374 and 0.000706 as presented in Figures 8, 9 and 10 (a)

, with Figures 10 (b) - (d) consequently, showing 
the best individuals, individuals in a generation and the fi

score ranges for the GA. 

 
 

gear mechanism’s transfer 
loop position transfer 

                                    (31) 

feedback T.F: 

          (33) 

 
loop speed step response of the Servo 

heuristic optimisation algo-

loop position with velocity feedback transfer 
loop 

speed step response of the servomechanism is simulated in 
heuristic optimisation al-

gorithms WOA, GWO and GA were independently deployed 
electrical and mechanical 

o perform the parameter estimation using the 
algorithms, a fitness function is used to iteratively minimises 
the mean squared error between the experimental step re-

ated 
by the optimisation algorithm. Thus, the corresponding fit-
ness function scores for WOA, GWO and GA were 1.09351, 

10 (a) 
(d) consequently, showing 

the fit-
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Figure 8: Closed-loop position step response 
ity feedback loop with the WOA method

 

 

 

 

Figure9: Closed-loop position step response 
feedback loop with GWO method 

 

 

Figure 10 (a): Closed-loop position step response fitness score with 
velocity feedback loop with GA method
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loop position step response fitness score with a veloc-

WOA method 

loop position step response fitness score with a velocity 

loop position step response fitness score with a 
velocity feedback loop with GA method 

 

 

Figure10 (b): Best Individual for

 

 

Figure 10 (c): Individual

 

 
Figure 10 (d): Score range for individuals with 

 
Hence, the GA has the best fitness score, 
was only negligibly better than GWO. 
Furthermore, as seen in Figure 
teristics of the position close loop with velocity feedback 
step response of the estimated servomechanism with GA 
closely match that of the experiment. In Fig. 8, the e
perimental benchmark step response had a rise time of 
0.33s i.e., the response marked up from 10% reaches 90% 
of the steady
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Best Individual for GA method 

Figure 10 (c): Individual per generation for the GA method 

Figure 10 (d): Score range for individuals with a GA algorithm 

Hence, the GA has the best fitness score, while the WOA 
was only negligibly better than GWO.  
Furthermore, as seen in Figure 11, the transient chara
teristics of the position close loop with velocity feedback 
step response of the estimated servomechanism with GA 
closely match that of the experiment. In Fig. 8, the e
perimental benchmark step response had a rise time of 

the response marked up from 10% reaches 90% 
of the steady-state value of 1 radian. While the GA had the 

 

 

 
 

the WOA 

, the transient charac-
teristics of the position close loop with velocity feedback 
step response of the estimated servomechanism with GA 
closely match that of the experiment. In Fig. 8, the ex-
perimental benchmark step response had a rise time of 

the response marked up from 10% reaches 90% 
state value of 1 radian. While the GA had the 
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fastest rise time which took 1.2s compared to the ex-
perimental step response, the GWO had the second-best 
rise time of 17.9s which was closely followed by WOA 
which had the slowest rise time of 21.3s. Similarly, the 
experimental step response had a settling time of 0.59s 
which was closely followed by the GA with 2.18s. The 
GWO which had a settling time of 31.9s was only better 
than the WOA which had 37.9s. Table 3, summarises the 
results of estimated parameters of the servomechanism 
and RMSE fitness score for the meta-heuristic algorithms. 

The generic pseudo-code for the DC parameter estimation 
using GA, GWO and WOA have been presented in Table 
4. 
 

Figure 11: Position closed-loop step response with velocity feedback for 
the estimated Servomechanism. 

 

 

 

 

 

 

 

 

 

 

 

 

Table 3: Estimated Servo Motor parameters and Performance index  

Motor Parameters Value WOA GWO GA 
Mechanical damping (Friction) factor ‘B’ in Nms 0.024    0.01517   0.1 

Moment of inertia for motor rotor ‘J’ in Kg.m2 0.00082         0.00046278         0.009 

Inductance of the armature ‘L’ in H 0.01 0.01       1e-6 

Resistance of the armature ‘R’ in Ω 11.9 9.5317       0.862 

Back E.M.F constant ‘K’ in Nm/A 9.65 8.1422 
 

0.319 

RMSE Fitness Score 1.90374 1.90351 
 

0.00706 

Table 4: Generic Pseudo Code for Parameter Estimation using GWO, WOA and GA. 

1 Initialise the optimisation i.e., GWO or GA or WOA. 

2 Specify the initialization parameters such as fitness function, iteration, number of particles for GWO and WOA or population size and number of 

generations GA. 

3 Run the GWO or WOA or GA optimisation algorithm using initial guess parameter values. 

4 Compare the fitness score of the Model output to the Experimental Data. 

5 

 

(a) If GA is activated,select parents and reproduce offspring generation using crossover with 5% mutation. 

(b) If GWO is activated or selected; 

i. Update all the individual search agents (grey wolfs) based on the average position of the agents, then update a, A and C. 

ii. Update the Alpha, beta and delta wolf positions. 

(c) If WOA is activated by equal probability of h<0.5 

i.  if |A|< 1, update the agents (Whales) in the ocean with the fittest whale  

ii. If |A|>1, update the whales based on the position of a random whale. 

Else If h>0.5 update the whales based on equation 

6 Repeat 4 and 5 until iteration or number of generation criteria are exceeded. 

7 Return optimised estimated parameters for the DC Servo motor (i.e., represented by the Alpha Grey wolf in GWO, fittest individual and Whale in 

GA and WOA respectively). 

8 End 
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4. CONCLUSION 

The paper dealt with Servomechanism parameter system 
identification using the time domain response and 
meta-heuristic algorithms. Firstly, to determine the position 
closed-loop transfer function of the servomechanism for 
parameterisation, the first order speed response transfer 
function parameters; time constant and DC gain of the ser-
vomechanism were investigated experimentally. The servo 
gain which was determined for a range of input voltages 
showed an inverse relationship. The time constant deter-
mined as 162ms was found to be the same in both forward 
and reverse rotation.  Thus, the step response method was 
used to identify the servo time system parameters for the 

open-loop speed and position response. Thereafter, the 
meta-heuristic algorithms were compared to the simulated 
closed-loop transfer function and the experimental step re-
sponse of the servomechanism. 

Investigating the parameters of the servomechanism, GA 
resulted in the least RMSE fitness score of 0.00706 in con-
trast with the GWO and WOA which had a score of 1.90351 
and 1.90374 respectively. Therefore, the parameters ob-
tained using the GA method depicted the most practical and 
realistic agreement with the experimental position (velocity 
feedback) closed-loop step response of the servo mechanism.  
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