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Intelligent algorithms that are commonly used to obtain errors in the geometric parameters 
of industrial robots have a low accuracy, easily fall into the local optimal solution, and involve 
complicated coding such that they are unsuitable for use in engineering. In this study, we first apply 
the D-H method to establish a model of error in industrial robots, and then use the set of errors in 
their geometric parameters as the objective function. Following this, we improve the accuracy of 
global optimization of the particle swarm optimization (PSO) algorithm by drawing on the wandering 
behavior of the wolf pack algorithm and hybridization behavior of the genetic algorithm. We balance 
the convergence of the PSO algorithm by using a linearly diminishing weight. This leads to an improved 
PSO algorithm that can accurately determine errors in the geometric parameters of industrial robots. 
We compared our improve PSO algorithm with commonly used particle swarm algorithms, and the 
results showed that the former had a higher accuracy of convergence on average. Moreover, the errors 
in the geometric parameters obtained by the improved PSO algorithm can enhance the accuracy of 
localization of errors in industrial robots.
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Factors such as the deformation of the rods connecting industrial robots affect positioning accuracy1,2. The 
resultant positioning error in industrial robots is usually handled through error modeling, acquisition of error-
related data, and parameter identification and compensation. Commonly used error models to this end include 
the D-H and MD-H models3. The identification of error in their geometric parameters is the focus of research on 
compensating for localization errors in industrial robots, and a number of methods have been developed to this 
end. Marquardt et al. proposed the Levenberg–Marquardt (L–M) algorithm to identify error in the geometric 
parameters of robots, but this algorithm has inefficient iterations, and the influence of the initial systemic 
parameters on it reduces its accuracy of identification4.

With the development of intelligent algorithms, a number of evolutionary algorithms have been used to 
control the optimization of robots. Mohamed et al. used the zebra optimization algorithm, artificial gorilla troops 
optimizer, Coot optimization algorithm, and a neural network to optimize the controller of a robot, and verified 
the performance of their method through simulations5–7. These results have helped widen the application of 
manipulators to various fields8. Jiang et al. used the least absolute shrinkage and selection operator (LASSO) 
algorithm to identify the kinematic parameters of industrial robots, and showed that it is more effective than the 
common least-squares method9. Cao et al. used an improved migration learning method for error compensation 
in a two-robot system, which reduced the average error of the two robots to 0.594 mm and 0.255 mm10. Sergio 
et al. proposed an online method of error compensation that can evaluate different operating conditions of the 
robot to reduce its online error by about 90%11. Fang et al. used the quantum particle swarm algorithm to identify 
errors in the geometric parameters of parallel and series robots, but this algorithm was too complicated to code 
and difficult to implement12. Robert et al. used the simulated annealing algorithm to identify the geometric 
parameters of robots, but this method suffered from slow convergence and extended periods of time to complete 
its iterations13. Zhong et al. used a neural network to inversely compensate for the localization error of the PUMA 
robot. However, this algorithm required a large amount of training data and had a poor overall efficiency14. In 
summary, each of the above algorithms has advantages as well as disadvantages when used to compensate for 
the localization error in industrial robots. We consider the particle swarm optimization (PSO) algorithm in this 
study because of its simple parameters, highly efficient iterations, and wide use15,16. However, the classical PSO 
algorithm is prone to premature maturity in the late iteration stage, which reduces the identification accuracy of 
the robot’s geometric error parameters.
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In this study, we combine the wandering behavior represented in the wolf pack optimization algorithm 
with the global optimal solution of the PSO algorithm to improve its ability to search for the globally optimal 
solution17–19. Moreover, we propose a hybridization-based, stochastic perturbation-related, linearly decreasing 
particle swarm optimization (BWPSO-RP) algorithm by drawing on the stochastic behaviors of the hybridized 
PSO algorithm and artificial fish swarm optimization algorithm to improve the diversity of the swarm20–22. We 
also use a strategy of linearly decrease in values of the inertial parameters of the PSO algorithm23 to improve 
its ability to search for the globally optimal solution. Finally, we verify the accuracy of the proposed algorithm 
through simulations that involve modeling the D-H error of the robot.

Robot D-H model
KR10R1420 robot
In this paper, a KR10R1420 robot from KUKA was used for the study24, which is a six-degree-of-freedom 
tandem industrial robot with six rotary joints as shown in Fig. 1:

As can be seen in Fig. 1, the KUKA industrial robot consists of a base, a large arm and a small arm, as well as 
a wrist mechanism with six rotary joints.

D-H model of KR10R1420 robot
The commonly used model for robots is the DH model, which is widely used in industrial robots, and the 
coordinate system of the robot is established by the DH method as shown in Fig. 2 below24:

The DH parameters of the KUKA robot can be further obtained by referring to the robot coordinate system 
in Fig. 2, see Table 2 below.

Adaptation function and robot position generation
Postural generation
The validity of the proposed algorithm was verified by the KR10R1420 robot manufactured by Kuka (KUKA) 
Robotics Ltd. the parameters of the DH model of the KR10R1420 robot are shown in Table 1. the errors of the 
geometric parameters are shown in Table 224.

We randomly generated errors in the intervals of [− 0.25,0.25] (unit: mm) and [− 0.05,0.05] (unit: rad), and 
added them to the nominal geometric parameters of the robot provided in Table 1 to obtain the angles of its 
joints. We then compared these values with the theoretical angle of the robotic joints to obtain the adaptation 
value.

Fitness function
fitness function used is shown in Eq. 1 below:

	
F = min(

N∑
i=1

√
( (δPxi)2+(δPyi)2+(δPzi)2)� (1)

N in Eq. (1) denotes the number of robot error sampling points, and N is 20 in this paper.where N denotes the 
number of sampling points of error and was set to 20 in this paper. F is a function of (∆ai, ∆di, ∆ai, ∆θi, )
, and represents the error ensemble of N points. When the robot moves in space, the difference between the 
nominal and actual positions of each of its joints is obtained by sampling different points. The improved PSO 
algorithm is then used to obtain the actual parameters of error, which are in turn used to compensate for the 
error in the robot to improve its final accuracy of positioning.

Fig. 1.  KUKA robot.
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Principles of improved particle swarm algorithm
When the traditional PSO algorithm is used to obtain error in the geometric parameters of the industrial robot, 
it can easily converge prematurely owing to its stochastic nature, and the large number of parameters that need to 
be solved for. The solution to these parameters constitutes a problem of optimizing a high-dimensional function 
with constraints. We propose improving the traditional PSO algorithm below.

Improved global optimal solution
The wandering behavior of the wolf pack optimization algorithm enables the wolves to identify the position of 
the prey. The relevant expression is as follows:

	 Xp
id = Xid + sin(2π × P/h) × stepd

a� (2)

Jointi ∆ ai/mm ∆ α i/rad Δi/mm Δdi/mm

1 − 0.16 − 0.01 − 0.02 0.18

2 − 0.04 0 0.01 − 0.13

3 − 0.01 0.03 0.0 0.21

4 0.11 − 0.01 − 0.03 − 0.06

5 0.22 0.0 0.01 0.05

6 0.05 − 0.02 − 0.02 0.08

Table 2.  Geometric parameters errors of KUKA robot.

 

Jointі ai/mm α i/deg di/mm ?i/deg
1 150 − 90 450 -185-185

2 610 0 0 -155-35

3 20 − 90 0 -130-154

4 0 90 660 -350-350

5 0 − 90 0 -130-130

6 0 0 160 -350-350

Table 1.  Nominal geometric parameters of KUKA robot.

 

Fig. 2.  KUKA robot coordinate system.
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where h is the total number of directions searched by a probing wolf, P denotes a certain direction (p = 1, 2, …, h), 
and Xid denotes the current position of the probing wolf. Its position in d-dimensional space after optimization 
is, and stepa is the length of its wandering step.

The global optimal solution to the PSO algorithm is a single particle that lacks the capability for local search. 
We propose enabling the algorithm to search for the global optimal solution Pg according to the wandering 
behavior of the wolf pack algorithm.

We then have:

	 Pgnew=Pg+sin(2π × P/h) × step� (3)

Population-level stochastic perturbation behavior improvement
The accuracy of late convergence of the PSO algorithm is low due to the loss of diversity in its population. 
Stochastic behavior is a search-related strategy that can improve the diversity of the given population, and has 
been widely used in a variety of intelligent algorithms, including the fish swarm optimization algorithm. We 
also draw on the hybridized PSO algorithm in the iterative process of the particle swarm. A specified number of 
particles are selected according to their probability of hybridization, and are entered into a hybridization pool to 
improve the diversity of the population20–22.

Inspired by the above, we integrate stochastic behavior into the PSO algorithm. Some particles are first 
randomly perturbed in each iteration, and some of them are then optimally replaced according to the fitness 
value to enhance the diversity of the particle swarm.

	 Xnew = X ∗ (1 + rand)� (4)

In Eq. (4) rand represents a random number within 0 to 1, so some particles are selected from the particle swarm 
according to a certain probability Pm, and their fitness values are compared with X* (1 + rand) to optimize the 
next search. In this way the solution of geometric error parameters of industrial robots is optimized from the 
population level.

Linearly decreasing weight values w
Based on work by Shi et al.25, we use a linearly decreasing weight as follows:

	
w=wmax-(wmax-wmin)*

T

Tmax
� (5)

where wmax denotes the maximum value of the inertial weight, wmin is its minimum value, T denotes the number 
of iterations of the particle swarm at the given time, and Tmax denotes its total number of iterations.

Improved particle swarm algorithm for identifying geometric parameters
The flow of the proposed improved PSO algorithm is as follows:

	1.	�  The algorithm is initialized and the fitness value of each particle is calculated.
	2.	� The particle swarm is updated according to the standard formulae for updating its velocity and position. The 

weight coefficients w are updated according to the process of linear reduction.
	3.	�  The globally optimal solution is searched for according to the wandering behavior of the wolf pack algo-

rithm. If the new solution obtained from the search is better than the previous solution, it is set as the new 
globally optimal solution. Error in the geometric parameters of the robot is locally optimized based on this 
globally optimal solution.

	4.	� Some particles from the population are selected according to a certain probability, Pm, and their fitness 
values are compared with Pg*(1 + rand) to optimize the next search. This optimizes the parameters related to 
the geometric error of the robot at the level of the overall population.

	5.	�  Determine whether the condition for terminating the iterations of the algorithm has been met. If it has not 
been met, return to step 2. If it has, output the globally optimal solution and obtain the relevant optimal 
parameters.

The flow of the proposed improved PSO algorithm is shown in Fig. 3.

Simulation experiment and result analysis
The geometric parameters of the robot were identified by using the proposed improved PSO algorithm in 
comparison with the basic PSO algorithm, linearly decreasing weights-based PSO (WPSO) algorithm, and 
hybridization-based PSO (BPSO) algorithm in MATLAB R2016b.

The population for the proposed PSO method was set to 200, the learning factors were c1 = c2 = 1.49, the 
inertial weights were wmax= 0.8 and wmin= 0.4, the coefficient of variation in the population during the iterative 
process of the algorithm was pm = 0.2, and the coefficient of the iterative process of the globally optimal solution 
was P = i, where i is the number of iterations of the particle swarm at the given time. The direction T was set 
to 200, and signified the total number of iterations of the swarm. The step size was set to two, the maximum 
number of iterations was set to 200, and we used the average of six iterations and the average fitness value of each 
algorithm, as shown in Table 3.

Table 3 shows that the classical PSO algorithm had an average fitness value of 5.39 over six iterations, and 
delivered the worst performance. The average fitness values of the BPSO and WPSO algorithms were 4.58 and 
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4.02, respectively, while the proposed BWPSO-RP algorithm yielded the best average fitness value of 3.12. Its 
average adaptive accuracy was higher than those of the PSO, WPSO, and BPSO by 42.1%, 22.4%, and 31.9%, 
respectively.

The curve of optimal iterations of the proposed method in Fig. 4.
The trend of iterations of the improved PSO algorithm is shown in Fig. 4. Combined with the information 

listed in Table 3, it is evident that it had a higher accuracy of convergence than the ordinary PSO algorithm when 
updating the speed and positional information of the swarm because its particles had been optimized during 
the iterative process.

Figure 5 shows the absolute positional errors of the robot along the x-, y-, and z-axes before and after its 
optimization by the proposed method.

It is evident from Fig. 5 that before error compensation, the absolute positional errors of the industrial robot 
on the x-, y-, and z-axes oscillated in the interval [− 40, 40] mm, with a maximum error of 40 mm. After error 
compensation, these errors decreased, and oscillated in the interval [− 0.25, 0.25] mm with a maximum error of 
0.25 mm.

Figure 6 shows that the absolute positional error of the robot oscillated in the interval [5,40] mm before error 
compensation, with a maximum value close to 40 mm and a minimum close to 5 mm. After error compensation, 
its absolute positional error decreased to oscillate in the interval [0.0.2] mm, with minimum and maximum 
errors of 0 mm and 0.2 mm, respectively. Therefore, the improved PSO algorithm improved the accuracy of 
positioning of the industrial robot. This, along with Table  3, shows that the proposed method also had the 
optimal stability.

Arithmetic PSO WPSO BPSO BWPSO-RP

Average adaptation 5.39 4.02 4.58 3.12

Table 3.  Comparison of experimental results.

 

Fig. 3.  Improve PSO process diagram.
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Fig. 5.  Error in x, y, and z axes before and after robot calibration.

 

Fig. 4.  iterative curve of algorithm.
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To further validate the effectiveness of the proposed algorithm, we randomly generated 15 points in the space 
of movement of the industrial robot. The errors in the absolute position of the robot along the x-, y-, and z-axes 
on the validation set before and after its calibration are shown in Fig. 7.

Figure  7 shows that error in the position of the robot on the x-, y-, and z-axes oscillated in the interval 
[− 30,30] mm before calibration. The error incurred in the calculation of individual points was close to 50 mm. 
After calibration based on the proposed BWPSO-RP, however, these errors decreased to oscillate in the interval 
[− 0.2,0.2] mm. The error at certain points was close to 0  mm. This further verifies the effectiveness of the 
BWPSO-RP algorithm.

Figure 8 shows errors in the absolute position of the robot on the validation set before and after its calibration.
From Fig. 8, it can be seen that the absolute position error of the validation set before calibration is in the 

interval of [-10,50] mm, and the absolute position error of most points is near 25 mm, and the absolute position 
error of the validation set falls back to [0.1,0.4] mm after calibration with the BWPSO-RP algorithm, and the 
absolute position error of most of the points is in the interval of [0.1,0.2] mm, and from the validation results of 
the validation set It can be seen that the BWPSO-RP algorithm can effectively improve the absolute localization 
accuracy of industrial robots.

Concluding remarks

	1.	�  This paper proposes a new particle swarm algorithm, combined with the iterative law of the standard par-
ticle swarm algorithm, firstly adopts the linearly decreasing weight value w, and then introduces the wan-
dering behavior of the wolf pack algorithm into the iterative process of the particle swarm algorithm, which 
improves the local optimization ability of the particle swarm algorithm, and meanwhile adopts the hybrid 

Fig. 6.  Absolute position error before and after robot calibration.
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operation of the genetic algorithm in the late stage of particle swarm algorithm iteration, which further 
improves the global optimization ability of the particle swarm algorithm. Simulation experiments show that 
compared with the common particle swarm algorithms such as PSO, WPSO, BPSO, the BWPSO-RP al-
gorithm proposed in this paper, the average adaptive accuracy is improved in order, 42.1%, 22.4%, 31.9%.
The results of the BWPSO-RP algorithm identification can effectively improve the end localization error of 
industrial robots.

	2.	� Future work in the field should seek to apply the idea used to improve the PSO algorithm in this study to oth-
er intelligent algorithms, such as the cuckoo and ant colony algorithms. This is because the globally optimal 
solution of many intelligent algorithms is a key factor influencing their overall convergence.

	3.	� The algorithm proposed in this paper can also be used in robot path planning and friction force parameter 
identification, but the corresponding experiments are needed to verify the effectiveness of the algorithm 
proposed in this paper.

Fig. 7.  Error in X, Y, and Z axes before and after robot calibration (validation set).
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