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In this paper, the uncertain dynamic parameters of an experimental target tracker robot are identified
through the application of genetic algorithm. The considered serial robot is a two-degree-of-freedom
dynamic system with two revolute joints in which damping coefficients and inertia terms are uncertain.
First, dynamic equations governing the robot system are extracted and then, simulated numerically.
Next, an open-loop experiment with finite duration step inputs is implemented on the experimental
setup to collect practical output data. Accordingly, a desired objective function is defined as the sum of
discrepancy between the experimental and simulated output data. Subsequently, a genetic algorithm is
employed to explore the best damping coefficients and inertia terms of the simulation scheme so as to
minimize the presented cost function and taking into account the same input data for both simulation
and experiment. Finally, the simulated output data based on the identified robot parameters reveal an
acceptable agreement with the measured outputs through which validity of the identification scheme is
affirmed.
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NOMENCLATURE

by Damping coefficient of the base (kgs™) R Distance between center of the robot base and the barrel joint (m)
b, Damping coefficient of the barrel (kgs™) T Torque (N.m)

D Dissipation function u Distance between camera and barrel joint (m)
Ey Kinetic energy (J) £ Lagrangian

E, Potential energy (J) 0 Base rotational angle of the base (radian)

g Gravitational acceleration (ms?) 0 Simulated base angle

Jo Base inertia (kgm?) 0,  Experimental base angle

Ja Barrel inertia (kgm?) a Barrel rotational angle (radian)

| Length of barrel (m) ag  Simulated barrel angle

m Mass of barrel (kg) a,  Experimental barrel angle

h Mass of camera (kg) p Mass of unit length (kgm™)

1. INTRODUCTION

presented an overview on dynamic parameters
identification of serial and parallel robots. Many

The success of controllers design highly depends on the
adjacency of estimated parameters of the dynamic
system to their real values. As a result, parameters
identification of a dynamic system plays a key role in
the proper design of the control systems. Wu et al. [1]
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traditional parameter identification methods have been
devised in the past, i.e. least square method, maximum
likelihood method, etc. The least squares method has
been the dominant algorithm for parameter estimation
due to its simplicity in concept and convenience in
implementation. Gu and Ding [2] studied the
identification problems of linear systems based on the
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state-delay state space models with unknown
parameters. They developed a least squares algorithm to
estimate the system parameter vectors. Brunot et al. [3]
considered three methods based on the least square
method and compared them experimentally for physical
parameter identification of a one-degree-of-freedom
electromechanical system that operates in the closed
loop. More details on the least square method can be
found in [4, 5]. Another identification method is known
as  maximum likelihood. Maximum likelihood
estimation method is a class of important approaches for
dynamical system identification and have been utilized
in many works [6, 7]. However, for complex nonlinear
systems, the traditional approaches do not have efficient
and accurate identification results. With the
development of the optimization theory, some new
intelligent algorithms have been rapidly developed and
widely used, such as genetic algorithm, ant colony
algorithm, particle swarm algorithm and so on. Chang
[8] applied a real-coded genetic algorithm to the system
identification and control of a class of nonlinear
systems. First, a real-coded GA was utilized to identify
the unknown system and then, according to the
estimated system model an optimal off-line PID
controller is optimally tunned using the real-coded GA.
The identification of a simple time-delay system,
namely, first-order-plus-dead-time was investigated in
[9]. West et al. [10] applied a genetic algorithm to
estimate parameters of a 7-DOF robot manipulator.
They used an output error system identification
framework for the developed model of the Hydrolek
arm. Sharifzadeh et al. [11] used a genetic algorithm for
parameters identification problem. They obtained the
optimum values of uncertain parameters of the inverse
dynamic and friction models by a white-box
identification approach based on genetic algorithm.
Tavakolpour-Saleh et al. [12] applied a modified genetic
algorithm to identify a flexible system for the purpose
of active vibration control. The presented results clearly
demonstrated the effectiveness of modified GA in the
vibration control application. Zare and Tavakolpour-
Saleh [13] proposed a novel frequency-based design
approach of the free piston Stirling engines using
Genetic algorithm. In this work, the optimum values of
design parameters i.e. mass and spring stiffness of the
power and displacer pistons and the cross-sectional area
of the displacer rod were obtained using GA. Other
intelligent methods like gravitational search algorithm
[14], particle swarm algorithm [15], ant colony
algorithm [16], bee colony algorithm [17] and Gray
wolf algorithm [18] were also utilized for parameters
identification.

Brancati et al. [19] described a methodology for the
calculation of inertia parameters. Their methodology
was based on the rigid-body complete motion equation.
They used a least-square optimization to identify 10

inertia parameters starting from the experimental data
acquired during both, static and dynamic tests. Lopez et
al. [20] developed an adaptive controller to estimate the
inertia tensor of underactuated Quad-rotor mini-aircraft.
The proposed control scheme used a parameter
estimation approach issued from gradient type
algorithm. Naghipour [21] studied the various frequency
domain methods to estimate drag and inertia
coefficients. Zhao et al. [22] proposed a method based
on curve fitting of acceleration power spectral density
for damping parameters identification of a cabin
suspension system for heavy duty trunk. The sine signal
was used widely in the signal processing,
communication, system analysis, and  system
identification. Xu [23] proposed a damping parameter
estimation algorithm for dynamical systems based on
the sine frequency response. The proposed method was
an iterative estimation scheme.

The main contribution of this paper is on parameters
identification of an experimental vision-based tracker
robot. The tracker robot is a 2-DOF dynamic system
consisting of a base and a barrel. In this article, a
genetic algorithm approach is proposed to estimate the
inertia terms and damping coefficients of the base and
the barrel of the robot as uncertain parameters. First, the
dynamic equations of the robot were found using the
Euler-Lagrange method. Then, the model of the robot
was simulated in the MATLAB/Simulink. Next, an
open-loop test was performed on the experimental rig.
A specified voltage was applied to the base and the
barrel of the robot and the desired data were picked up
through data acquisition system. Then, an identification
scheme based on GA was introduced to achieve the
inertia terms and damping coefficients. Finally, for
validating the identification approach, the output data
from simulation and experimental work were compared.

2. ROBOT DYNAMICS
The considered robot was a 2-DOF system with two

rotary motions. It consists of a base and a barrel as
shown in Figure 1.

Figure 1. Schematic of the 2-DOF target tracker robot
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The base rotates around its axis and the barrel rotates
around the axis along its joint which is parallel to the
base.

The dynamic equations governing the robot system
are obtained using the Euler-Lagrange method. In this
approach, total energy of the system including potential
and Kkinetic energies must first be calculated. The
principal equations of this technique are as follows [24]:

£=E,— Ep O
D(@) = 3 ed? 2
d (0f aD J0f

at (6_q,) + B_ql - 3_111 = X Texternal 3)

Calculating potential and kinetic energies of the robot
links, the Lagrangian defined by Equation (1) can be
acquired. Substituting the obtained Lagrangian into
Equation (3), the final dynamic equations governing the
robot system are obtained as:

TBase = (]9 + (m + m)RZ - (m + Zrhu)R cosa +
Jo cos? a)d +((ml + 2rAu)Rd sina — @)

2] G cosasina + bg)é

Tgarret = Jad — (% (ml + 2mmu)R sina —
®)

J o cos a sin a) 02 +bgd + mgécos a + mgucos a

As can be seen, Equations (4) and (5) are coupled
nonlinear differential equations.

As mentioned earlier, the inertia terms (J, J,) and
damping coefficients (bg, b,) are unknown and
consequently, the paper aims at presenting an
identification approach based on experimental data so as
to achieve the mentioned uncertain parameters.

3.MODELING OF ACTUATORS

In this work, two DC-gear motors with a power
amplifier are used as robot actuators. In order to
obtaining an accurate model of the robot, a
mathematical model of the actuators for the base and the
barrel must be extracted. For this purpose, an
experiment is done and the result of the experiment is
demonstrated in Table 1. At last the mathematical
model of actuators is obtained through experimental
results. The input of the actuators is voltage and the
output is DC-gear motor torque.

According to Table 1, proposed mathematical model
of the actuators is presented in Equation (6).

T =0.1(v — 1.68) v>1.68
T =0.1(v + 1.68) v<—1.68 (6)
T=0 —1.68<v <168

TABLE 1. Experimental results of actuator model

Voltage (v) Torqgue (N.m)
3.6 0.1176
24 0.0882
1.68 0
-1.68 0
-2.4 -0.0882
-3.6 -0.1176

4.EXPERIMENTAL OPEN LOOP TEST

Figure 2 shows the constructed visual target tracker
robot considered in this investigation. For parameters
identification, an open-loop test is first implemented on
the experimental setup. Figure 3 depicts a schematic
block diagram of the open-loop robotic system.

First, a two-level finite duration step input voltage as
shown in Figure 4 is applied to the DC-motor of the
robot base while the input voltage to the barrel DC
motor is kept at zero level. Then, the variations of the
base angle as the output data are collected in terms of
degree using data acquisition system. Figure 5
demonstrates the robot base response corresponding to
the applied voltage. Afterwards, the DC-motor of the
barrel is excited by the considered input voltage (See
Figure 4) while the base motor voltage was low. The
output data pertaining to the barrel angle is represented
in Figure 6.

Figure 2. Experimental target tracker robot

VBase

| DC-motor of the base

|
lm

Visual Tracker Robot

4 a
M' DC-motor of the barrel | B

Figure 3. Block diagram of the open-loop robot system
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Figure 4. A two-level finite duration step input voltage
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Figure 5. The base rotational angle obtained from experiment
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Figure 6. The barrel rotational angle obtained from

experiment

5. PARAMETERS IDENTIFICATION PROCEDURE

In this section, a brief explanation on genetic algorithm
is presented and then, the identification procedure is
described. At last, the validity of the identification
scheme is verified.

5. 1. Genetic Algorithm GA is a meta-heuristic
algorithm inspired by the process of natural selection
where the strongest members will survive and
reproduce. In the GA, a set of solutions which called
population are first generated. Each solution is named as
chromosomes. The process begins with creating a
random population of potential solutions which are
evaluated by a fitness function. The strongest member

of that population is found with a weighted roulette
wheel selection method. In the next step, two random
parent chromosomes are selected and combined to form
two new chromosomes. This step is known as crossover.
There are many methods for crossover, for example, by
combining the front half of one parent with the end half
of the other parent. Mutation is the final stage, where
single elements may be randomly changed to create a
more versatile population. The process then starts again
with the new population and repeats until the desired
criteria are satisfied [10]. Figure 7 shows the flowchart
of GA procedure.

5. 2. Parameters Identification The procedure of
identification is initiated with an experimental test.
First, the experimental open loop test is carried out and
the angles of the base and the barrel are measured as
seen in Figures 5 and 6. As described later, these data
are used in the proposed genetic algorithm-based
identification scheme. Then, the open loop test is
implemented within the simulation environment. For
this purpose, Equations (4) and (5) are simulated using
MATLAB/Simulink according to the mechanical
parameters of the target tracker robot described in
section 4. The values of known parameters are given in

Table 2.
@ Roulette
selection of
parents

(Generate initiall 1
population Crossover to
produce
l children
[Calculate fitness l
of individuals
Mutation of

children

!

Calculation
fitness of
children

|

Figure 7. Flowchart of genetic algorithm

Are
optimization
criteria

satisfy?

TABLE 2. The mechanical parameters of visual target tracker
robot

Mechanical Parameters Value
M 0.9456 (kg)
D 0.32 (m)
R 0.09 (m)
m 0.043 (kg)
hm 0.103 (kg)
| 0.26 (m)
u 0.036 (m)
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Because the equations of the robot are coupled, the
uncertain parameters must be estimated simultaneously.
Accordingly, a genetic algorithm-based optimization
scheme was organized such that both open loop test in
the simulation for the base and the barrel are run at the
same time. The inputs of the genetic algorithm are the
inertias and damping coefficients of the base and the
barrel. First, the algorithm considers random values for
the mentioned parameters. Then, the open loop
simulation is executed for both sections of the robot and
the output angles of the base and the barrel are acquired.
In the next step, the sum of the errors between the
experimental and simulation tests is proposed as a cost
function. The genetic algorithm is thus utilized to
achieve minimum value of the sum of the errors
between experimental and simulation tests. Figure 8
shows the procedure of optimization scheme. It is
important to note that the applied input voltage to the
model of the robot in the Simulink environment is the
same as Figure 4.

The proposed cost function in this paper for
parameters identification (denoted by F) is as follow:

FUg.Ja bo, ba) = Xi=1(165(k) — 6 (k)| +
las (k) — ae()D)

where, 6, 6,, ag, a,, and k are the simulated base angle,
experimental base angle, simulated barrel angle,
experimental barrel angle, and time step respectively. In
addition, the uncertain parameters (Jo,Jo,bo, b,) are
defined as the chromosomes of GA. The rest of GA
parameters and operators are given in Table 3. Figure 9
demonstrates the convergence of the fitness value using
the proposed GA. The parameters identification is also
done via particle swarm optimization (PSO) algorithm
as an alternative to GA for comparison purposes.
Finally, the estimated mentioned parameters by both
proposed optimization algorithms are found and
reported in Table 4.

The performance of the algorithm is evaluated by
the value of cost function.

™

TABLE 3. Parameters of the genetic algorithm

According to the defined cost function, the algorithm
that finds the lowest value of the cost function has a
better performance. The average values of cost function
after 10 executions for both GA and PSO approaches
are presented in Table 5.

As seen in Table 5, performance of the genetic
algorithm is better than that of the PSO algorithm
according to the obtained value of the average cost
function.

For better comparison, the simulation response of
the robot based on the identified values of the uncertain
parameters (see Table 4) and experimental data for both
base and barrel angles are represented respectively in
Figures 10 and 11.

TABLE 5. Comparison of the average cost function value for
both optimization methods after 10 executions

PSO GA

8496.2 4194.63

Parameters Type/Value

Population size 20

Selection strategy Stochastic uniform

Mutation Constraint dependent
Crossover Scattered
TABLE 4. Identified parameters
Parameters PSO GA
Jo 0.11 0.117
s 0.1 0.1
bg 1.925 1.9
b, 1471 1.495

Genetic New
algorithm parameters
process generate

Data acquired
from simulation
open loop

determine as
cost function,

The process end
after the criteria

Data acquired
from experimental
open loop is satisfy.

Figure 8. Flowchart of the identification scheme using GA
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Figure 9. convergence of the fitness value
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Figure 10. Comparison between simulation response of the
robot with obtained parameters and experimental response for

the base angle
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Figure 11. Comparison between simulation response of the
robot with obtained parameters and experimental response for
the barrel angle

Figures 12 and 13 show the error between simulation
and experimental results for the base and the barrel,
respectively.
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Figure 12. Error between simulation and experimental results
of the base
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Figure 13. Error between simulation and experimental results
of the base

6. CONCLUSION

This paper presented a genetic algorithm approach for
parameters identification of a visual tracker robot. Two
parameters which can’t be obtain without experimental
work are inertia and damping coefficient. For this
reason, this work proposed a method for identifying the
true values of these parameters. The identification
procedure was done through an open loop test. The open
loop test was done in both simulation and experimental
environment. After that, a cost function was proposed
and the genetic algorithm was run for parameters
identification. At the end, the values of the base and the
barrel inertia and damping coefficient were obtained
0.117, 0.1, 1.9 and 1.495 respectively. Finally,
according to the presented results, a good agreement
between simulation and experimental open loop tests
was seen with obtained parameters.
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