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1 Introduction 
 
Robot manipulators have been widely used in various 
applications in industrial field for example: material 
preparation, assembly, etc. For robot manufacturers, to 
enhance the productivity of the autonomous production, 
the common task is to develop a more accurate dynamic 
model of the robot. Although the dynamic model is well-
researched, the dynamic parameters are often difficult to 
obtain because of the complexity of the robot. Therefore, 
experimental robot identification which deals the problem 
of estimating the robot model has been studied 
extensively[1][2][3].The most common technique for 
parameter  estimation  is  the  Least  Square  (LS)  
method[3][4], however, several disadvantages such as 
noise sensitivity, linear-in-parameter requirement limit the 
performance of the technique. Recently, nature-inspired 
optimization methods, which do not reply on the 
differentiability and continuity, have achieved many 
successful results in various applications[5][6]. In this 
paper, with the hope to provide an alternative to the 
traditional LS method, the use of one new optimization 
method named Particle Swarm Optimization (PSO)[7] to 
estimate the dynamic parameters is studied with the case 
study of Staubli robot RX60 for its first three links. 
The rest of this paper is structured as follows. In Section 2, 
the dynamic model of the manipulator is derived. Section 
3 briefly reviews PSO and its development. Then Section 
4 presents the Adaptive Elitist Learning Strategy PSO 
(AELSPSO) approach in detail. After that, the experiments 
procedure, estimation result, as well as validation are made 
in Section 5. Finally, conclusions are drawn in Section 6. 
 
2 Dynamic model of manipulator 
 
The dynamic model of the Staubli RX60 is derived using 
the Lagrange-Euler method. The Figure 1 shows a sketch 
of the manipulator with its first three joints and links as well 
as the assigned frames according to the Denavit Hartenberg 
convention[8]. The Table 1 lists the corresponding DH 
parameters[9]. 

 
Figure 1: Manipulator sketch 

Table 1 DH parameters 

i   [m] [m] 

1 q  0 0 0.237 

2 q  90 0 0 

3 q  0 0.29 0.049 

Where : joint angle, :link twist, : link 
length, : link offset. 
Applying Lagrange-Euler method, the dynamics of robot 
manipulator for the first three link can be formulated as: 

= ( ) + ( , ) + ( ) 
Where D(q) is the inertial matrix, C(q, ) is the Coriolis 
matrix, G(q) is the gravity matrix. The dynamic model is 
implemented in Robotics Toolbox symbolically, and 
generates joint torque as functions of inertial parameters 
and joint parameters such as angle, velocity, as well as 
acceleration. The derived model will later be used to 
simulate the behavior of manipulator as well as to estimate 
inertial parameters. 
 
3 Particle Swarm Optimization 
 
Particle Swarm Optimization algorithm (PSO) is a 
population-based stochastic search algorithm and powerful 
method to solve complex engineering problems. The 
algorithm was first introduced by Dr. Kennedy and Dr. 
Eberhart in 1955[7]. The basic idea is to mimic the social 
behavior of animals such as bird flocking, bee swarm in 
which the individual knowledge is shared among the 
swarm with purpose of finding the best food location. Even 
though the swarm has no knowledge of this position, if any 
individual encounters the favorable location, through 
communication within swarm, the rest will follow quickly. 
Over time, the swarm has the tendency to fly towards best 
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position until a good-enough suitable position is found. 
The swarm consists of a pre-defined number of particles 
and each particle represents a potential solution. Particles 
randomly move through the space and searches for the 
optimum solution. Each particle defined by two properties: 
position and velocity and has the memories of the position 
it was in where it had its best fitness value so far (personal 
best) and the position with the best fitness value that 
particles in entire swarm have experienced (global best). 
The two governing equations of GPSO are: 
 

= + + [ ]  
= +  

 
Where w is inertia weight, c1 and c2 are positive 
acceleration constants; r1 and r2 are random positive 
number between 0 and 1. 
Generally, the inertia weight w is a linearly decreasing 
function with respect to time in the range of [0.4 
0.9][10][11]. However, in multimodal problem, it poses the 
problem of inability to recover once w had decreased, 
resulting in the lack of dynamic of particles in the later 
phase of searching process. Because of that reason, 
Adaptive inertia weight is discussed in the next section. 
 
4 AELSPSO 
 
Adaptive inertia weight based on Evolutionary state 
estimation 
Figure 2 shows various possible population distributions of 
a swarm during the optimization process. 

 
Figure 2: PSO population distribution (a) exploring, (b) 

exploiting/ converging, (c) jumping out 
 

It is proposed in [12] that based on the relationship between 
the mean distance from global best particle to all other 
particles and the mean distances of the others, the 
evolutionary state can estimated, so that the appropriate 
inertia weight can be assigned. In this way, the PSO could 
overcome the drawback of linearly-decreasing inertia 
weight scheme, offering better optimum solution. The 
following steps are used to determine the inertia weight. 
1. Calculate the mean distance of each particle i to all other 
paticles: 

=
1

1 ( )
,

 

2. Compute the evolutionary factor,f: 
 

= (   )/(   [0,1] 
 
Where   is the mean distance of globally best 
particle;   and   are the maximum and 
minimum mean distance respectively. 
 
3. Adaptive inertia weight is calculated: 
 

( ) = 1/(1 + 1.5 . [0.4,0.9] 
 
Elitist Learning Strategy 
Typically, to overcome the problem of lacking diversity of 
the population in the later stage of the search process, a 
variety of diversifying techniques is employed to force one 
or more particle(s) to jump out of the local minimum. In 
this paper, the technique of ELS[12] is a jumping-out 
techniques in which the global best particles is pushed out 
of the local minimum in one randomly chosen dimension 
d, according to below equation: 
 

= + × ( , ) 
 
Where the search range [ , ] is the same as the 
lower and upper bounds of the problem. The 
Gaussian( , ) is called “elitist learning rate”, a normally 
distributed number with zero mean  and standard 
deviation  . It is proposed in [reference] that  should 
be linearly decreased with the generation number: 
 

= ( /  
 
With suggested = 1 and = 0.1[12] 
The current global best particle will be updated if the fitness 
value of jumped-out position is the better than the current 
global best value. 
 
AELSPSO 
As the adaptive inertia weight is capable of generate the 
suitable w, reflected from the population distribution, it is 
well-complementary with ELS technique. Thus, better 
search performance could be expected from the 
combination of these two techniques. 
 
5. Parameter estimation 
 
Experiment procedure 
From the equation of dynamic model, there are totally 
thirteen parameters to be identified. The list of parameters 
is: 
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=
      

        

 
For the purpose of validation the estimation results as well 
as replacing the need of a real manipulator, a set of 
proposed parameters are presented: = 5.0091,  
= 1.279,  = 2.4129,  = 5.0991,  =  -
0.0405,  = -0.0498,  = 0.2143,  = 
0.2394,  = 1.3125,  = 0.5472,  = 0.0057, 

 = -0.0066,  = -0.4939. 
 
Figure illustrates the experiment design for both noise-free 
measurement case and noised measurement case for the 
two PSO schemes: GPSO and AELSPSO. 
 

 
Figure 3(a) Noise-free experiment 

 

 
Figure 3(b) Noised experiment 

 
Where the reference trajectory for joint 1, joint 2, joint 3 are 
formulated: 

( ) = × × sin ( /4) 
( ) × × cos( /4) 

( ) = cos ( /4) 
Where c= 0.6, r=-1.1, t=[0:0.001:7] 
 
The corresponding velocities and accelerations of the joints 
are obtained from derivation of joints’ position during 
motion. Measurement noises are all considered as normally 
distributed noises with standard deviation . For 
measurements of position, velocity, acceleration, = 0.01 
and for torque measurement, = 0.1. The common PSO 
parameters are assigned according to [13] and both 
algorithm are implemented using [14] and a modified 
version of it in Matlab.  
 
Estimation results 
Each experiment configuration is run 10 times.  
 

Table 2 Estimated results 
 

 

 

 
 
Estimation validation 
To evaluate the accuracy of estimated results to predict joint 
torques, a validation trajectory is used:  
 

( ) = × × sin( /4) 
( ) × × cos( /4) 

( ) = cos( /4) 
 
The following figures show the comparison between the 

estimated torque and the measured torque for four 
configurations. The figures show that the original PSO 

achieve better performance than AELSPSO in both noised 
and noise-free cases.

 
Figure 4 Noise-free AELSPSO 

 
Figure 5 Noised AELSPSO 

Czz1 Axx2 Byy2 Czz2 D2
Mean 4.95 1.05 2.11 5.08 -0.04
Std 0.82 0.51 0.59 0.03 0.01

Mean 5.05 0.8 1.87 5.08 -0.04
Std 0.52 0.59 0.55 0.05 0.01

Mean 4.94 1.21 2.32 5.06 -0.03
Std 0.45 0.54 0.68 0.2 0.1

Mean 4.79 1 2.16 5.14 -0.07
Std 0.45 0.5 0.43 0.12 0.07

Ori_n

Ori_nf

ELS_n

ELS_nf

E2 F2 Axx3 Byy3 Czz3
Mean -0.03 0.2 0.65 1.74 0.55
Std 0.06 0.01 0.45 0.45 0.002

Mean -0.06 0.22 0.81 1.9 0.55
Std 0.14 0.03 0.53 0.54 0.005

Mean -0.24 0.15 0.48 1.49 0.55
Std 0.35 0.09 0.36 0.51 0.03

Mean 0.08 0.16 0.86 1.96 0.54
Std 0.21 0.13 0.38 0.4 0.03

Ori_n

Ori_nf

ELS_n

ELS_nf

D3 E3 F3 fbest
Mean 0.004 -0.01 0.5 0.2102
Std 0.002 0.01 0.004 0.0001

Mean 0.01 -0.01 0.49 0.0161
Std 0.003 0.03 0.01 0.0075

Mean 0.01 0.03 0.46 0.2188
Std 0.03 0.07 0.03 0.007

Mean 0.02 -0.03 0.46 0.0657
Std 0.04 0.04 0.08 0.0179

ELS_nf

Ori_n

Ori_nf

ELS_n
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Figure 6 Noised GPSO 

 
Figure 7 Noise-free GPSO 

 
To quantify the error of each algorithm, the relative 
absolute error (RAE) is used. Table gives the RAE’s of 
each configuration. 
 

 
 
As shown in Table, GPSO has superior performance 
compared with one of AELSPSO. Moreover, the 
insignificant differences between noise-free case and 
noised case show the robustness of PSO algorithm to noise. 
In a closer look, the inferior performance of AESLPSO can 
be justified by its sensitivity to the distribution of 
population. The desired property is the general relation 
between the globally best particle to the majority of the 
swarm; thus considering entire swarm can make 
evolutionary factor prone to error. It is advisable to employ 
addition decision-making stages to determine more precise 
f. 
 
6 Conclusion 
 
In this paper, inertial parameters of robotics manipulator 
are estimated by two PSO schemes (GPSO and 
AELSPSO). It is shown that GPSO can estimate inertial 
parameters with significant accuracy while AELSPSO, 
presumed to be better algorithm, needs to improve. 
However, PSO scheme can still be considered to be a viable 
option beside the traditional LS approach. 
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Ori_n 0.0434 0.009 0.0145
Ori_nf 0.0275 0.0066 0.0062
ELS_n 0.3062 0.0187 0.0358
ELS_nf 0.2112 0.0137 0.0276
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