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Abstract

Due to insufficient absolute positioning accuracy, industrial robots frequently face chal-
lenges in efficiently performing drilling and riveting operations during the assembly of
aircraft and other large-scale workpieces. To enhance the absolute positioning accuracy of
industrial robots, this paper proposes a novel kinematic calibration method for industrial
robots based on the Improved Grey Wolf Optimization (IGWO) algorithm. Specifically, the
method employs an enhanced selection and update strategy to avoid convergence stag-
nation and local optimum traps. The proposed method features a novel boundary search
strategy, which leverages the Dimension-oriented Learning (DL) search strategy to enhance
search speed and stability. Through parameter identification and calibration experiments,
the effectiveness of the method was validated using an ABB IRB4600 industrial robot and a
Leica laser tracker. Additionally, compared with the Levenberg–Marquardt (LM) algorithm,
Particle Swarm Optimization (PSO), and Genetic Algorithm (GA), the IGWO algorithm
demonstrates faster convergence and superior optimization performance. According to the
calibration experimental results, by applying the IGWO algorithm, the absolute positioning
accuracy of the industrial robot is ultimately improved from 1.918 mm to 0.475 mm and the
absolute positioning accuracy is improved by 75.2%.

Keywords: industrial robot; kinematic parameters calibration; optimization algorithm;
positioning accuracy

1. Introduction
Component assembly constitutes a critical process in aircraft manufacturing, serving

as the final step to ensure the operational performance of the aircraft. This stage accounts
for over 50% of the total workload and incurs costs ranging from 35% to 45% of the
total manufacturing cost [1,2]. During the assembly process, a considerable number of
connection holes need to be drilled and riveted to achieve component joining. The quality
of drilling and riveting significantly impacts the fatigue life of connectors and the overall
production efficiency [3]. To enhance drilling–riveting accuracy, reduce damage, and
minimize uncertainties caused by manual operations, industrial robot-based automatic
drilling–riveting technology has been widely adopted in aircraft assembly.

Industrial robot automatic drilling–riveting systems leverage the robot’s advantages
of high flexibility, high integration, a small footprint, and a large work envelope. Equipped
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with multi-functional end-effectors, industrial robots can perform automated drilling
and riveting on aircraft production lines, featuring fast processing speeds and simple
operations [4]. This has substantially improved the efficiency and economic benefits of
aircraft automated assembly, leading to the extensive application of industrial robots in
the aircraft manufacturing industry [5]. Although industrial robots typically achieve a
repeatability of up to ±0.1 mm [6], their absolute positioning accuracy is only ±2–3 mm.
However, aircraft assembly technology often requires absolute positioning accuracy below
0.6 mm [7–9], thus necessitating the calibration of industrial robots.

Currently, offline calibration is the most widely adopted approach to improve the
absolute positioning accuracy of industrial robots in practical manufacturing systems [10].
Factors affecting absolute positioning accuracy are numerous, primarily stemming from
environmental factors (temperature or preheating processes), parameter errors (kinematic
parameter variations due to manufacturing and assembly errors; dynamic parameter
influences), measurement uncertainties (resolution and nonlinear errors of joint position
sensors), computational errors (computer correction and steady-state control errors), and
application-related factors (installation errors) [11]. Among these, kinematic parameter
errors play a dominant role in the total positioning errors of industrial robots [12]. Therefore,
calibrating the kinematic parameters of industrial robots can effectively enhance their
absolute positioning accuracy.

Over the past few decades, extensive research has been conducted on the kinematic
parameter calibration of robots [13,14]. Jiang et al. [15] employed the extended Kalman filter
and particle filter algorithms to identify the kinematic parameters of a Kawasaki RS10N
robot, achieving an improvement in absolute positioning accuracy with the positioning
error reduced from 3.1407 mm to 0.263 mm after calibration. Gao et al. [16] proposed a
novel hybrid algorithm combining BP neural networks and Particle Swarm Optimization
(PSO) for kinematic parameter identification, improving the positioning accuracy of the
ER20-C10 robot to 0.4 mm after parameter error compensation. Luo et al. [17] developed
a calibration method based on a hybrid algorithm of Levenberg–Marquardt (LM) and
Differential Evolution (DE) to calculate kinematic parameter deviations, and comprehensive
experiments on a FANUC M710ic/50 industrial robot showed that the method significantly
enhanced the calibration accuracy of the robot arm.

Meanwhile, meta-heuristic optimization algorithms have been applied to kinematic
calibration of industrial robots, as they can search for approximate optimal solutions through
iterative searching and diversity strategies. Zhong et al. [18] used an Improved Whale Opti-
mization (IWO) algorithm to calibrate a two-segment hydraulic mechanical leg, successfully
obtaining kinematic parameter deviations. The results showed that the algorithm featured
fast search speed and avoided local optimization traps, though it involved complex calcula-
tions. Li et al. [19] combined the extended Kalman filter with a quadratic interpolation beetle
antenna search algorithm to calibrate robots, searching for optimal kinematic parameters and
improving the absolute positioning accuracy of an ABB IRB120 industrial robot by 5.17%.
Chen et al. [20] proposed a kinematic calibration method based on an Improved Beetle Swarm
Optimization (IBSO) algorithm, verifying its effectiveness through simulation and calibration
experiments on a KUKA KR500L340-2 industrial robot system.

While these methods can calibrate robot parameters and improve positioning accu-
racy to varying degrees, each has its own advantages and disadvantages in terms of the
comprehensive consideration of calibration accuracy and efficiency. Therefore, developing
new calibration methods can provide more options for industrial robots in different fields
to enhance their positioning accuracy, which holds significant practical application value.

The robot kinematic model is a highly nonlinear system, typically linearized by ne-
glecting second-order and higher-order error terms, followed by rapid identification of
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kinematic parameters using the least squares method [21]. However, this introduces lin-
ear truncation errors, causing the LM algorithm to perform poorly on highly nonlinear
systems, especially leading to stagnation when approaching the optimal solution. The
Grey Wolf Optimization (GWO) algorithm, a population-based global search optimizer,
effectively addresses nonlinear problems due to its high reliability, strong robustness, and
superior optimization performance. Nevertheless, the need to identify numerous kinematic
parameters and the computational complexity lead to issues such as poor stability, slow
convergence, and vulnerability to local optima in the GWO algorithm [22].

To address the above issues and further improve the absolute positioning accuracy of
industrial robots, this paper proposes a novel kinematic calibration method for industrial robots
based on the Improved Grey Wolf Optimization (IGWO) algorithm, built upon the established
robot kinematic error model. By introducing a Dimension-oriented Learning (DL) search
strategy into the traditional GWO algorithm, the stability and the optimization performance of
the algorithm are significantly enhanced. Experimental validation, conducted using an ABB
IRB4600 robot, confirms the effectiveness and correctness of the proposed method.

The remaining sections of this paper are structured as follows. Section 2 establishes the
calibration model and fitness objective function for industrial robots. Section 3 elaborates
on the kinematic calibration method for industrial robots employing IGWO in detail.
Section 4 validates the effectiveness of the proposed method through error compensation
experiments and compares it with three other optimization algorithms. The conclusions of
this paper are presented in Section 5.

2. Kinematic Error Parameter Calibration Model
This section first establishes the kinematic model and error model of typical industrial

robots, then transforms the calibration problem into an optimization problem. Additionally,
the objective fitness function to be solved in the optimization problem is provided.

2.1. Kinematic Model of Industrial Robot

In general, the calibration process of industrial robots involves four fundamental steps:
error modeling, measurement, parameter identification, and error compensation. This
paper employs the most commonly used robot kinematic modeling approach, namely the
Denavit–Hartenberg (DH) method proposed by Denavit and Hartenberg, to establish the
kinematic model of industrial robots. This method uses four link parameters to describe
the kinematic relationships between robot arm joints, where α, a, d, and θ denote the link
twist angle, link length, link offset, and joint angle, respectively [23–27]. Equation (1) shows
the calculation method of the transformation matrix i

i−1T from link i to link i − 1, and the
transformation matrix Ai is expressed as Equation (2).

i
i−1T = Ai = Rot(X, αi−1)Trans(X, ai−1)Trans(Z, di)Rot(Z, θi) (1)

Ai =


cos θi − sin θi cos αi sin θi sin αi ai cos θi

sin θi cos θi cos αi − cos θi sin αi ai sin θi

0 sin αi cos αi di

0 0 0 1

 (2)

By consecutively multiplying the transformation matrices, the transformation matrix
6
0T between the end-joint coordinate system and the base coordinate system is obtained, as
shown in Equation (3), where PN denotes the theoretical position matrix and RN denotes



Actuators 2025, 14, 403 4 of 17

the theoretical rotation matrix. Therefore, the position and the orientation of the industrial
robot’s end-effector are primarily determined by 24 parameters (αi, ai, di, θi), where i = 1−6.

6
0T = 1

0 A2
1 A3

2 A4
3 A5

4 A6
5 A =

[
RN PN

0 1

]
(3)

This paper focuses on the drilling and riveting system of the ABB IRB4600 industrial
robot. ABB (ABB Asea Brown Boveri Ltd., Zurich, Switzerland), headquartered in Zurich,
Switzerland, is a company specializing in the production of automation equipment. Based
on the DH modeling method, the kinematic model of the ABB IRB4600 industrial robot is
established for the research object of this study. Figure 1 and Table 1 show the kinematic
model of the robot and its theoretical kinematic parameters, respectively.

Figure 1. Kinematic model of ABB IRB4600.

Table 1. Theoretical DH parameters of ABB IRB4600.

Joint i αi (◦) ai (mm) di (mm) θi (◦)

1 −90 175 495 0
2 0 1095 0 −90
3 −90 175 0 0
4 90 0 1270 0
5 −90 0 0 0
6 0 0 135 0

2.2. Error Model

There are numerous factors affecting the end-effector pose accuracy of industrial
robots. According to their sources, the errors of industrial robots can be categorized into
external errors and internal errors. External errors refer to pose errors caused by factors
in the robot’s external working environment, while internal errors are errors induced
by the robot’s own characteristics. Specifically, internal errors primarily include force-
induced deformation of links, kinematic parameter errors, and control precision errors.
In different environments, the influence of various error factors on the end-effector pose
accuracy varies. Some scholars have pointed out that among the many factors affecting the
absolute positioning accuracy of industrial robots, geometric parameter errors account for
approximately 80% of the end-effector pose errors [28–31]. Establishing a geometric error
model involves deriving the end-effector error model of the robot based on its kinematic
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equations while considering geometric error factors. Ideally, the actual pose of the robot’s
end-effector should be consistent with the calculated pose in the controller. However,
due to the influence of multiple error factors, there exists a certain deviation between the
actual end-effector pose and the commanded pose. Using the differential transformation
method in robotics, errors generated at each joint can be transformed into the end-effector
coordinate system, and then the geometric error model of the entire robot can be established
based on the end-position deviation.

The geometric parameter errors of industrial robots mainly include joint angle error
∆θi, link length error ∆ai, link torsion angle error ∆αi, and link offset error ∆di. Among
these geometric parameter errors, ∆ai and ∆di are errors caused by precision issues during
the manufacturing, processing, and assembly of the robot’s links; ∆θi is a rotational angle
error caused by the zero-position error of the encoder; ∆αi is an error resulting from
deviations in the perpendicularity or parallelism between adjacent joint axes. An error
schematic diagram of the adjacent link coordinate systems is shown in Figure 2. Kinematic
parameter calibration of industrial robots is a process of compensating the end-effector
pose and thereby improving the end-effector pose accuracy by identifying the errors of the
above-mentioned geometric parameters.

Figure 2. Schematic diagram of joint link parameter errors.

According to Equation (4), the position error of the robot end-effector can be expressed
as follows:

dT = Tr − T6 (4)

where dT represents the magnitude of the position error at the end-effector of the industrial
robot, Tr denotes the actual position reached by the robot end-effector, and T6 represents
the theoretical position of the robot end-effector. Taking the total differentiation of dT, it
can be expressed as Equation (5):

dTi =
∂Ti
∂αi

∆αi +
∂Ti
∂ai

∆ai +
∂Ti
∂di

∆di +
∂Ti
∂θi

∆θi (5)

From Equation (5), dT is calculated jointly from the error coefficients and the four error
variables ∆α, ∆a, ∆d, and ∆θ. Therefore, the error coefficient matrix can be represented
using an extended Jacobian matrix, thereby deriving Equation (6):

dT =
6

∑
i=1

Jiei = J∆q (6)

where J is the extended Jacobian matrix, representing the error coefficient matrix, and ∆q
denotes the kinematic parameter errors to be identified, including ∆α, ∆a, ∆d, and ∆θ. ei is
the error generated by each joint relative to its joint coordinate system.
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2.3. Optimization Problem and Fitness Function

The process of parameter identification involves solving the error equation system to
obtain the kinematic parameter errors of the robot. Owing to the large number of unknown
parameters in the error model, multiple sets of end-effector pose data are required to
formulate the equation system for parameter identification.

F = min(
n

∑
i=1

|TRi − TCi|)= min(
n

∑
i=1

√
(δxi)

2 + (δyi)
2 + (δzi)

2) (7)

In Equation (7), i denotes the number of target position collection points of the robot.
F is a function of the geometric parameter error set (∆ai, ∆di, ∆αi, ∆θi), serving as the fitness
function for the optimization algorithm. When the industrial robot is at different positions,
the error between the actual position and the theoretical position is acquired, and the true
values of (∆ai, ∆di, ∆αi, ∆θi) are solved through the optimization algorithm. The objective
calculation process of the optimization algorithm aims to minimize F as much as possible,
thereby reducing the actual error. Here, TRi = (xRi, yRi, zRi) represents the actual position of
the collection point, and TCi = (xCi, yCi, zCi) is the theoretical position of the industrial robot
calculated using the optimized kinematic parameters.

3. Robot Calibration Method Based on IGWO
3.1. Introduction to the GWO Algorithm

The GWO algorithm is a novel meta-heuristic algorithm inspired by the group preda-
tion and foraging behavior of wild grey wolves in nature. Proposed by Mirjalili et al. [32]
in 2014, it optimizes the search process through the collective cooperation of the wolf pack.
The wolf population is divided into four social hierarchy categories: three leading wolves α,
β, δ and the remaining subordinate wolves ω, which correspond to the optimal solution and
parameters to be optimized, respectively. Each grey wolf represents a potential solution,
with the relative positions among wolves reflecting the quality of these solutions. Through
interaction and collaboration, wolves complete the search process by surrounding, hunting,
and attacking prey. The mathematical model for the “prey surrounding” behavior in the
hunting process is described by Equations (8) and (9):

E =
∣∣M × Vp(t)− V(t)

∣∣ (8)

V(t + 1) = Vp(t)− N × E (9)

In this context, E represents the distance between a grey wolf individual and its target
prey. Vp denotes the prey’s position, while V stands for the position vector of the grey wolf,
and t refers to the current iteration count. The coefficient vectors N and M are computed
using Equations (10) and (11), respectively.

N = 2 × N × c1 − a(t) (10)

M = 2 × c2 (11)

where c1 and c2 are random vectors with values constrained within the interval [0, 1].
Additionally, the elements of vector a undergo a linear reduction from 2 to 0 throughout
the iterative process, as defined by Equation (12).

a(t) = 2 − (2 × t)/MaxIter (12)
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In order to mathematically formulate the hunting behavior of grey wolves, it is hy-
pothesized that the α, β, δ wolves possess superior awareness of the prey’s location. Con-
sequently, the remaining ω wolves are required to follow the guidance of these three
top-performing individuals (α, β, δ), whose positions correspond to the optimal solutions.
The mathematical description of this hunting mechanism is provided in Equations (13)–(15),
where the coefficient vectors M1, M2, and M3 are derived from Equation (11).

Eα = |M1 × Vα − V(t)|
Eβ =

∣∣M2 × Vβ − V(t)
∣∣

Eδ = |M3 × Vδ − V(t)|
(13)

Vi1(t) = Vα(t)− Ni1 × Eα(t)
Vi2(t) = Vβ(t)− Ni2 × Eβ(t)
Vi3(t) = Vδ(t)− Ni3 × Eδ(t)

(14)

V(t + 1) =
Vi1(t) + Vi2(t) + Vi3(t)

3
(15)

where Vα, Vβ, and Vδ stand for the three most optimal solutions at iteration t. The vectors
Ni1, Ni2, and Ni3 are computed using Equation (10), while Eα, Eβ, and Eδ are defined in
accordance with Equation (13). The hunting procedure comes to an end the moment the
prey stops moving, which triggers the wolf pack to launch an attack. From a mathematical
perspective, this shift is controlled by the parameter a. Its value drops linearly with each
iteration, serving to balance exploration and exploitation. As laid out in Equation (12), a
gets updated in each iteration, with its range limited to 2 to 0. According to Emary et al. [33],
the iterative process is split into two equal parts: one for exploration and the other for
exploitation, with a smooth transition between these two stages. At this point, each wolf
changes its position to a random spot between where it currently is and the prey’s location.

When the GWO algorithm is applied to the kinematic calibration of industrial robots,
it firstly generates an initial wolf pack with random positions in a large search space. This
random selection method is prone to causing local optimization issues during the iteration
process, thus failing to find the global optimal solution. Meanwhile, the GWO algorithm
itself lacks sufficient boundary handling mechanisms, often leading to stagnation in the
search for the optimal solution. Additionally, the calibration of industrial robots requires
the identification of 24 kinematic parameters, which poses a severe challenge to the GWO
algorithm. Therefore, to improve the robustness and accuracy of the GWO algorithm in
industrial robot calibration, further improvements to the GWO algorithm are necessary.

3.2. Improvements to GWO for Kinematic Calibration

To address the issues of the GWO algorithm in industrial robot kinematic calibra-
tion, corresponding improvement strategies have been proposed. These improvements
mainly involve new search strategies applied in three stages: initialization, movement, and
selection–update.

(1) Improvements to the initialization phase.

Since the GWO algorithm generates an initial wolf pack with random positions during
the initialization stage, the algorithm often fails to find the global optimal solution in
the iterative process. Therefore, the positions of the wolf pack are rearranged in the
initialization stage by selecting random wolves with lower fitness values and eliminating
those with excessively high fitness values.

During this phase, a total of W grey wolves are randomly placed within the search
space, with their positions bounded by the given range [yi, zj] as specified by Equation (16).
For the i-th grey wolf in iteration t, its location is characterized as a real-valued vector
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Vi(t) = {vi1, vi2, ..., viP}. p signifies the dimensional attribute of the optimization task. The
entire wolf population is stored in a matrix Pop, featuring L rows and p columns. To
determine the fitness of Vi(t), the fitness function f(Vi(t)) is employed for calculation.

Vij = yi + randj[0, 1]× (zj − yi), i ∈ [1, L], j ∈ [1, P] (16)

In Equation (16), yi and zj represent the lower bound and upper bound of the j-th
dimensional variable in the search space, respectively. They define the value range [yi, zj]
for variables in each dimension, which functions to constrain the initial position distribution
of grey wolves and ensure they are within a reasonable solution space. Vij indicates the
position coordinate of the i-th grey wolf in the j-th dimension.

(2) Improvements to the boundary-processing strategy.

Beyond synchronized group hunting, solitary predation stands out as another notable
social characteristic in grey wolves, forming the cornerstone for our proposed adjustments
to the GWO. The IGWO incorporates an additional movement protocol known as the DL
search strategy. Within the DL structure, each wolf is regarded by its adjacent peers as a
substitute candidate solution during the update of Vi(t)’s new position. The following steps
elaborate on how the traditional GWO and DL search strategies generate two separate
candidate solutions.

In the standard GWO search mechanism, as discussed previously, the three highest-
performing wolves within the Pop matrix are designated as α, β, and δ. Following this,
the linearly diminishing coefficient a, together with coefficients N and M, are computed
using Equations (10)–(12). Subsequently, the encirclement area of the prey is determined
by incorporating the positions of Vα, Vβ, and Vδ through Equations (13) and (14). Lastly,
the initial candidate solution for the new position of wolf Vi(t), denoted as ViGWO(t + 1), is
derived using Equation (15).

In the standard GWO, each wolf produces a new position with the support of the three
dominant wolves in the population. This method results in the slow convergence of the
algorithm, the early depletion of population diversity, and a tendency for the wolf pack
to become stuck in local optima. To mitigate these limitations, the proposed DL search
strategy integrates the individual hunting behavior of wolves, where such behavior is
learned from their neighboring individuals.

Within the DL search strategy, each dimension of the new position for wolf Vi(t) is
computed using Equation (19). In this progress, the wolf gains insights from a range of
adjacent individuals and a randomly chosen wolf within the population matrix Pop. Apart
from the standard updated position ViGWO(t + 1), the DL strategy produces an additional
candidate solution for the new position of Vi(t), known as ViDL(t + 1). To accomplish this,
the radius Ri(t) is initially computed through the Euclidean distance between the current
position of Vi(t) and the candidate position ViGWO(t + 1), as stated by equation (17). Next,
the neighbors of Vi(t), referred to as Si(t), are generated using Equation (18) with reference
to the radius Ri(t). Ei(t) represents the Euclidean distance between Vi(t) and Vj(t).

Ri(t) = ∥Vi(t)− Vi−GWO(t + 1)∥ (17)

Si(t) =
{

Vj(t)
∣∣Ei

(
Vi(t), Vj(t)

)
≤ Ri(t), Vj(t) ∈ Pop

}
(18)

After the neighbor set of Vi(t) is determined, multi-neighbors learning is carried out
with the use of Equation (19). In this equation, the d-th dimension of ViDL(t + 1) is computed
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by integrating the d-th dimension of a randomly picked neighbor Vn,d(t) from Si(t) and the
d-th dimension of a randomly chosen wolf Vr,d(t) from the population matrix Pop.

Vi−DL,d(t + 1) = Vi,d(t) + rand × (Vn,d(t)− Vr,d(t)) (19)

(3) Improvements to parameters update strategy.

In this phase, the winning candidate solution is first selected by comparing the fitness
values of the two candidates ViGWO(t + 1) and ViDL(t + 1) using Equation (20).

Vi(t + 1) =

{
Vi−GWO(t + 1) , i f f (Vi−GWO) < f (Vi−DL)

Vi−DL(t + 1) otherwise
(20)

Subsequently, when updating the position of Vi(t + 1), a comparison is made between
the fitness value of the chosen candidate solution and that of Vi(t). If the former is lower,
Vi(t) is substituted with this optimal candidate; otherwise, Vi(t) retains its original position
in the population matrix Pop. Eventually, once this operation is applied to every individual
in the pack, the iteration counter (iter) is incremented by 1, and the search process repeats
until it reaches the maximum number of iterations (Maxiter).

To clearly describe the application of the IGWO algorithm in the kinematic calibration of
industrial robots, the process is illustrated in Figure 3. The algorithm first randomly generates
an initial wolf pack within the search space and evaluates the positions of the wolves based
on the fitness function. In each iteration, the top three wolves with the best fitness values
are identified as α, β, and δ. Thereafter, each wolf updates its position according to the
aforementioned steps to encircle, hunt, and attack the prey. Finally, by repeating these steps,
the optimal position of the prey is determined. Specifically, the position of α can be found,
until the termination criteria are met, which include achieving a sufficiently good fitness value
or reaching the preset maximum number of iterations. In this context, a sufficiently good
fitness value indicates that the calculated error value F is less than the preset error value.

Figure 3. IGWO algorithm application flowchart in industrial robot calibration.
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4. Error Compensation Experiment
The experimental object of this paper is an automated assembly system with the ABB

IRB4600 industrial robot as its core component. This section aims to verify the effectiveness
of the IGWO algorithm primarily through experiments on the kinematic error compensation
and calibration of industrial robots. Additionally, a comparison will be made between the
IGWO algorithm and other algorithms, including the LM algorithm, Genetic Algorithm
(GA), and PSO algorithm, in terms of their calibration effects on robot kinematic parameters.
Meanwhile, the calibration experiment of industrial robots requires the identification of
24 kinematic parameters. When the GWO algorithm is applied to the kinematic parameter
identification of industrial robots, it often suffers from low search efficiency. For instance, it
may take hundreds of iterations to find the optimal solution. Moreover, due to the inherent
limitations in GWO’s search mechanism, issues such as failure to converge to the optimal
solution or significant deviation between the found optimal solution and the true value
(resulting in invalid solutions) may arise during the iteration process. This indicates that
the GWO algorithm exhibits low computational efficiency and weak robustness in the
kinematic parameter identification of industrial robots, failing to meet our requirements for
industrial robot parameter identification. Therefore, this paper will not compare the GWO
algorithm with other algorithms.

4.1. Experimental Instruments

According to the error model of industrial robots established in Section 2.2, the kine-
matic parameters to be calibrated can be obtained. The accuracy of these parameters can be
verified by identifying them and performing error compensation. The theoretical position
can be calculated by the robot kinematic model, while the actual position is measured by
instruments. Figure 4 shows the theoretical model diagram of the calibration experiment.

Figure 4. Theoretical model diagram of robot calibration experiment.

Figure 5 shows the experimental system used to verify the effectiveness of the
proposed IGWO algorithm in calibrating industrial robots. The drilling and riveting
robot system mainly consists of an ABB IRB4600 robot with a payload of 40 kg and
a repeatability of ±0.06 mm. The laser tracker used in this experiment is the Leica-
AT960-MR model, a portable dynamic 6DOF laser measurement system manufactured
by Hexagon Metrology GmbH in Wetzlar, Germany. This instrument features high
measurement accuracy, reaching 15 µm ± 6 µm/m. The tracking target of the laser
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tracker is a Leica 1.5-inch spherically mounted reflector (SMR) detectable by the laser
tracker, which can be installed on the adapter plate at the robot’s end-effector with
a maximum measurement distance of 20 m. The base coordinate system of the laser
tracker is established using SpatialAnalyzer (SA) software. SA is a professional grade
3D measurement and analysis software developed by New River Kinematics, a U.S.
company. With this software, geometric features such as circles and planes can be easily
fitted using the collected spatial points. Additionally, this software allows for convenient
coordinate system construction, enabling any coordinate system to be set as the current
measurement coordinate system. When the constructed robot base coordinate system
is set as the current measurement coordinate system, the actual position coordinates of
the collected points relative to the robot’s base coordinate system can be easily obtained.
Meanwhile, the position of the robot’s base coordinate system must be consistent with
the system coordinate system of the laser tracker’s measurement software.

 
Figure 5. Robot calibration experimental system.

4.2. Experimental Setup

Figure 6 shows the calibration process. Since the robot has six degrees of freedom, a
total of 24 DH parameters need to be determined. Firstly, the kinematic model and end-
effector position error model of the robot are established based on the kinematic parameters
of the ABB IRB4600 industrial robot. The laser tracker is used to measure the end-effector
position of the robot, calculate the position error, and record the corresponding robot joint
angles. Then, optimization methods are employed to identify the errors in the kinematic
parameters. When using optimization algorithms, invalid solutions may occasionally arise.
Therefore, it is necessary to check the validity of these obtained parameter error solutions.
Finally, based on these error data, position compensation is performed on the robot to
improve the end-effector positioning accuracy. Theoretically, the more positions provided,
the higher the accuracy of parameter determination.

In industrial robotics, the base coordinate system of a robot is typically located at
the center of the robot’s bottom mounting surface, but its exact position is difficult to
measure directly. Therefore, during the experiment, the correlation between the base
coordinate system, measurement coordinate system, flange coordinate system, and end-
effector coordinate system was first established. After completing the establishment of the
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flange coordinate system and base coordinate system, according to the calibration process
given earlier, the collection of end-position points began.

 
Figure 6. Robot kinematic parameter calibration procedure.

In the industrial robot controller, 150 robot pose coordinate points were predefined as
the theoretical positions of the robot, and these 150 points were distributed as evenly as
possible throughout the robot’s entire workspace. A 3 s waiting time was set between each
motion command in the program to facilitate position measurement by the laser tracker.
The robot was then controlled to move at 100% speed. When the robot reached the given
target position, it paused for 3 s. During this time, the theoretical sampling point positions
measured by the laser tracker, the corresponding joint angles of the robot, and the actual
sampling point positions were recorded.

4.3. Parameter Identification

After completing the measurement of sampling points, the LM, PSO, GA, and IGWO
algorithms were used to identify the kinematic parameters of the industrial robot. The
calculation process was repeated 30 times, and the average change curve of the fitness
function values during the solution process is shown in Figure 7. Figure 7 depicts the trend
curves of the fitness function values for these four algorithms, where the abscissa represents
the number of iterations of the algorithm, and the ordinate represents the fitness function
obtained during the iteration process.
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Figure 7. Search processes of IGWO, PSO, GA, and LM algorithms.

Figure 7 shows that the LM algorithm achieved the best fitness function value of 1.132
after 145 iterations. The GA and PSO algorithms obtained the best fitness function values of
0.847 and 0.685 after 134 and 126 iterations, respectively. In contrast, the IGWO algorithm
obtained the best fitness function value of 0.452 after only 95 iterations. Compared with
other optimization methods, the IGWO algorithm demonstrates faster convergence speed
and superior fitness function values. Furthermore, due to the adoption of the DL search
strategy, the IGWO algorithm can converge more rapidly in the initial stage, effectively
reducing the calculation time of the algorithm.

After obtaining four sets of different kinematic parameters for the industrial robot,
error parameter compensation was performed, and the position error of each of the
150 initially collected sampling points was compared before and after compensation.
Table 2 presents the kinematic parameters of the industrial robot calculated using the
IGWO algorithm. Figure 8 illustrates the position error data of the robot before and after
compensation using the four optimization algorithms.

From the compensation results, it can be observed that after compensating the
150 collected points of the industrial robot, all four algorithms, IGWO, PSO, GA, and
LM, improved the calibrated positioning accuracy. Specifically, the average positioning
errors were reduced from 1.935 mm to 0.471 mm (IGWO), 0.697 mm (PSO), 0.868 mm
(GA), and 1.207 mm (LM), respectively. Although all four algorithms enhance the robot’s
positioning accuracy, the IGWO algorithm demonstrates faster convergence and yields
more effective compensation results.

Table 2. DH parameters of ABB IRB4600 after calibration by using the IGWO algorithm.

Joint i αi (rad) ai (mm) di (mm) θi (rad)

1 −0.4999 174.95 494.95 −0.0001
2 0.0003 1094.9628 −0.0499 −0.4999
3 −0.5001 174.9509 −0.0498 0.0002
4 0.4996 −0.05 1269.9501 0.0007
5 −0.4993 −0.049 −0.0489 0.0001
6 −0.049 −0.051 134.9566 −0.0476
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Figure 8. The comparison of sample point positioning errors after calibration.

4.4. Error Compensation Verification

To validate the calibration effectiveness of this experiment at other positions within the
robot’s workspace, the calibration results were verified in accordance with the industrial
robot position accuracy detection method specified in GB/T 12642-2013 [34] “Industrial
robots—Performance criteria and related test methods”. As illustrated in Figure 9, within
the industrial robot controller, a cubic region most frequently utilized in robot applications
was selected according to the robot performance verification protocol, and the positions of
five test points were calculated. A program was then developed to instruct the robot to
cycle 30 times in the sequence of P1 → P2 → P3 → P4 → P5, with a laser tracker employed
to measure the actual positions of these points.

Figure 9. Industrial robot absolute positioning accuracy detection.
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Error compensation was performed on the five test points based on the identified
parameter errors. The robot was subsequently controlled to execute another 30 cycles of
motion, and the laser tracker was used to measure the actual positions of the compensated
test points. Table 3 lists the average values (Mean), maximum values (Max), and standard
deviations (STD) of the robot position errors for 150 test points at five positions before and
after calibration using the four optimization algorithms.

Table 3. Comparison of calibration results of four optimization algorithms.

Position Errors (mm) Mean Max STD

Before calibration 1.918 2.747 0.348

After
calibration

LM 1.194 1.965 0.286

GA 0.845 1.632 0.245

PSO 0.672 1.423 0.197

IGWO 0.475 1.035 0.153

Table 3 shows that the absolute positioning accuracy of the industrial robot before
calibration is 1.918 mm. Using LM, GA, and PSO, the accuracy can be reduced to 1.194 mm,
0.845 mm, and 0.672 mm, respectively, while using IGWO can reduce it to 0.475 mm.
Therefore, the kinematic calibration based on the IGWO algorithm is more accurate and
effective than the other three methods.

5. Conclusions
To address the issue that industrial robots fail to meet precision requirements during

the drilling and riveting of large-scale components like aircraft parts due to insufficient
absolute positioning accuracy, this study proposes a kinematic calibration method for in-
dustrial robots based on the IGWO algorithm, aiming to enhance their absolute positioning
accuracy. Firstly, the kinematic model and the error model of typical industrial robots were
established. Then, the kinematic parameters to be optimized in the calibration process
were determined, and these parameters were used to calculate the target fitness function
to be solved. Secondly, leveraging the established robot kinematic error model, a novel
IGWO-based kinematic calibration method was developed. By integrating a DL search
strategy into the traditional GWO algorithm, the stability and optimization performance of
the algorithm were significantly enhanced. Next, the effectiveness of the IGWO algorithm
was verified through kinematic error compensation and calibration experiments. Using an
ABB IRB4600 industrial robot as the test subject, the proposed IGWO algorithm was applied
for kinematic parameter identification, and its calibration performance was compared with
that of other traditional optimization algorithms. Calibration experiments were conducted
using a laser tracker, and the results demonstrated that the absolute positioning accuracy
of the industrial robot was ultimately improved from 1.918 mm to 0.475 mm. Overall, this
method resolves the long-standing issue where low absolute positioning accuracy hinders
industrial robots from meeting processing requirements in high-precision industrial fields.
Additionally, it overcomes the inherent limitations of the traditional GWO algorithm, such
as convergence stagnation and vulnerability to local optima during computation. As a
result, it provides a high-precision and robust calibration solution for industrial robots.
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