Scientific and Social Research, 2025, Volume 7, Issue 5

B I % BYWO R D https://ojs.bbwpublisher.com/index.php/SSR
F

Online ISSN: 2981-9946
Print ISSN: 2661-4332

NT! HING PTY LTD

Research on the Accuracy of Robot End Position
Based on Joint Motion Error

Hualin Zheng'*, Yang Liu', Yangqiu Xia’, Xiaobing Hu’

'School of Mechanical and Electrical Engineering, Southwest Petroleum University, Chengdu 610500, China
*National Machine Tool Production Quality Supervision Testing Center, Chengdu 610200, China
*School of Mechanical Engineering, Sichuan University, Chengdu 610065, China

*Author to whom correspondence should be addressed.

Copyright: © 2025 Author(s). This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC
BY 4.0), permitting distribution and reproduction in any medium, provided the original work is cited.

Abstract: In robotic intelligent manufacturing engineering, the machining accuracy of workpieces is directly related to the
end positioning accuracy of six-degree-of-freedom serial robots, so compensating for the latter is of great significance. This
article proposes a method to improve the absolute positioning accuracy of a robot by correcting the joint angles of the robot
without changing the parameters of the robot controller. Firstly, establish a forward kinematics model of the robot based on the
spiral theory. Then, the motion errors of each joint of the robot are measured using a laser tracker, and the RBF neural network
is trained to predict the motion errors of each joint of the robot. Finally, the predicted joint motion errors are compensated for
the theoretical joint angles, thereby improving the accuracy of robot end positioning. The experimental results show that the
precision of the robot’s end position has been improved from 0.2456 mm to 0.0716 mm, verifying the effectiveness of this
method.
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1. Introduction

The motion accuracy of robots is a key factor limiting their performance in high-precision industrial applications .

Among the important performance indicators of robots, repeatability and absolute positioning accuracy are the most
commonly used metrics *'. Currently, robots have achieved a relatively high level of repeatability, typically around
0.1 mm. However, the level of absolute positioning accuracy remains significantly lower, generally within the
range of 2-3 mm "', In order for robots to be effectively applied in precision machining, it is essential to improve
their absolute positioning accuracy. Therefore, studying and compensating for the end errors of robots holds
significant theoretical importance and practical value.

Currently, there are two primary approaches to improving robot end positioning accuracy: online compensation
and offline compensation “*. While online methods can yield high compensation accuracy, they entail high cost,
are sensitive to environmental factors (e.g., temperature, humidity, and noise), and lack generality. Oftline methods
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are more commonly used: they involve error modeling of the robot’s kinematic parameters, measurement of the
robot end pose using high-precision external instruments, parameter identification based on the error model, and
correction of the identified errors in the robot controller to improve positioning accuracy . For example, Filion et
al. employed iterative least squares to identify kinematic parameters, improving end accuracy from 0.496 mm to
0.197 mm 7. Wang et al. combined DH-based modeling with visual measurement and an Extended Kalman Filter
(EKF) to estimate and compensate error parameters, achieving approximately 90% improvement in orientation
accuracy, though encountering singularity issues . Zhu et al. used the Levenberg-Marquardt (LM) algorithm
to identify kinematic parameter errors of a dual-arm robot, significantly reducing the average positioning error
after compensation "'”. Liu et al. applied the LM algorithm on a UR10 robot, reducing its maximum and average
distance errors from 5.60 mm and 2.50 mm to about 0.50 mm and 0.30 mm, respectively """,

However, these methods require detailed modeling and identification of kinematic-parameter errors,
involving complex calculations. Moreover, many industrial robots have closed control systems that do not allow
external modification of identified error parameters, rendering compensation infeasible. Literature indicates that
joint angle errors account for approximately 90% of the total end error ">, Therefore, reducing joint angle errors
can effectively improve robot end positioning accuracy. Some researchers have directly established relationships
between Cartesian-space poses and end errors or between joint-space angles and end errors to enhance positioning
accuracy. This paper first develops a forward kinematic model of the robot using screw theory, measures each
joint’s motion error with a laser tracker, and trains an RBF neural network to predict these errors. Based on this,
a complete forward-kinematic model is constructed to predict the actual robot end pose. Finally, a single-joint
compensation strategy is applied to adjust joint angles and improve robot end positioning accuracy.

2. Theoretical method

2.1. Kinematic modeling based on screw theory

2.1.1. Forward kinematics

Unlike the D-H method, forward kinematic modeling using screw theory does not require establishing a
coordinate system at each joint of the robot ¥ Instead, it only requires two coordinate systems: the base coordinate
system {S} and the tool coordinate system {T}. Typically, the base coordinate system is connected to the robot’s base,
and the tool coordinate system is connected to the robot end. Additionally, a screw & is associated with each rotational
joint ™', Figure 1 represents the twist model of the IBR robot. Table 1 presents the position vectors of specified
points on the robot’s joint axes.

(a) Robot model (b) Robot twist model
Figure 1. 3D model of the robot and its twist model
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Table 1. Axis specified point position vector

Vector name p(o) pk) p(r) p() pp)
0 L L Li+L, L+L,+L,
Vector value 0 0 0 0 { 0 }
0 H, H, +H, H, +H, H +H,

All joints of the robot are rotational joints. w, € R’ is the unit vector along the direction of the rotational
axis, and p; € R’ represents an arbitrary point on the axis. & = (— w; X q;, w;) is defined as the screw

coordinate of the joint, and &; can be defined as the motion screw of joint i, g&6: is the screw motion of joint 7.

e (I—e")(wxv)+ waTv] w0 (1)
o) Lo 1 ’
[I Hv] w=0
0o 1V

Assuming the initial pose of the robot in the global coordinate system oxyz is gs¢(0), and the unit screw of
each rotational jointis §; (i =1, 2, ..., 6), the ideal kinematic equation of the robot end can be expressed as:

95t(0) ideas = 0101 . g8202 . 8303 . p€abs . o&s505 . pEe0s . 9s:(0) 2)

2.1.2. Inverse kinematics
In inverse kinematics, given the robot end pose of the robot, the joint angles can be obtained by solving the
Paden-Kahan subproblem. For the IRB robot in this study, which has a special configuration with multiple
parallel joint axes, the inverse kinematics is decomposed into several Paden-Kahan subproblems and Paden-
Gahan subproblems for solving !'®. Taking the robot shown in Figure 1 as an example, inverse kinematics is
solved using screw theory.

First, the values of 0,, 0,, and 0, are solved using the PG7 subproblem. According to screw theory, the point
¢q located on the axis of rotation remains stationary regardless of the rotation angle, i.e.

e‘q=q 3)
Therefore, by multiplying both sides of equation (2) by gsr(0)™1f (where fis the intersection point of the
last three joints), get:

eflél .efzéz .ef3é3 .ef4é4 .ef5é5 .el‘ﬁéﬁ ‘f — gy (é)gy (O)—lf (4)

It can be simplified as follows:

eilél _efze‘z 'ef3é3 f =g (e*)gjr (0)—1f =p, (5)

The right-hand side of the equation is a known quantity, denoted as P,. By solving the PG7 subproblem,
the angles of the first three joints can be obtained. Similarly, the values of 0,, 05, and 6, can be solved through
the PG6 subproblem and the Pk1 subproblem, respectively.

Given the robot end pose of a six-degree-of-freedom robot, the inverse kinematics can yield 8 sets of
inverse solutions, each corresponding to a different motion posture of the robot. Based on the principle of

minimizing joint movement, the appropriate set of inverse solutions is selected in this study.
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2.2. Identification of joint motion errors
2.2.1. Robot joint motion errors
As shown in Figure 1, all joints of the robot are rotational joints, and their motion errors mainly manifest
as joint angle errors A8, which represents the difference between the ideal joint angle 6 and the actual joint
angle 0” of each joint. These errors directly affect the robot’s volumetric errors, causing the actual robot end
pose to deviate from the ideal pose. During the robot’s actual motion, the joint motion errors change as the
corresponding joint rotation angle varies, meaning they are dependent on the magnitude of the joint rotation
angles.

Although the motion errors of each joint are small, the cumulative errors from multiple joints can
significantly increase the robot end pose error, especially in high-degree-of-freedom robots or complex motion

paths. The impact of joint motion errors on the robot end volumetric errors is shown in Figure 2.
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Figure 2. The influence of joint motion error on the end errors of the robot

2.2.2. Joint motion errors measurement using a laser tracker

There are many instruments for identifying robot joint motion errors, among which the laser tracker is a
commonly used measurement tool. When using a laser tracker to measure joint motion errors, one joint of the
robot rotates while keeping the other joints fixed. The rotating joint changes its angle incrementally, and the
laser tracker continuously tracks the position of the robot end target ball in real time. After each movement, the
robot returns to the zero position, as shown in Figure 3.In this setup, assuming the ideal position of any selected
point within the robot’s motion range in the robot’s base coordinate system is p,(i=1,2...n), and its coordinates

in the laser tracker coordinate system are , the following expression can be obtained:

p,=0" (/-1 (6)
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Joint  Axis
- Laser Tracker

Figure 3. Measurement of joint motion errors using a laser tracker

where T is the translation vector, and Q is the rotation matrix between the robot coordinate system and the
laser tracker coordinate system. A method for obtaining this matrix is proposed in reference !'"". By transforming
the measurement points in the laser tracker coordinate system to the robot coordinate system, and knowing the

ideal robot end position of the robot, the actual joint rotation angles can be solved through the rotation center.

3. RBF neural network for error prediction

The joint motion error data of the robot measured by a laser tracker consists of discrete points. A neural network
is used to perform data fitting on this information. The joint angles are used as the input variables, and the
motion errors are used as the output variables to train the neural network, enabling the prediction of motion
errors corresponding to any given joint angle.

The Radial Basis Function (RBF) consists of three layers: the input layer, hidden layer, and output layer,
as shown in Figure 4 "*. Its working principle involves using symmetric functions to convert multivariate
problems into univariate approximation problems. At present, RBF networks are commonly used in fields such

as numerical approximation and image processing.

—— —— —

— — ——— ——— — —

——— ——— —

Output
layer |

Figure 4. Schematic diagram of RBF neural network
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The Radial Basis Function (RBF) neural network offers a variety of activation functions. In this study,
the Gaussian function is employed as the activation function of the network. Its output expression is given as
follows:

h (_M)

y=2we g

In the above expression, x = [xq,x2:-x,]7 denotes the input vector, y = [y1,y2*Ym]" represents the
output, w; is the weight matrix, and ¢ = [cy, cz++-cp]” indicates the center of the hidden layer nodes. The term
also represents the variance between the expected and actual outputs of the sample, which is defined as follows:

| 2
° :;]Z:;”d] _yfci|| (8)

In this expression, i=1,2...4 denotes the number of hidden layer nodes, i=1,2...m represents the number
of network outputs, k=1,2...n is the number of network inputs, and d corresponds to the expected output of the
sample. In this study, joint angles are used as the input variables x and the corresponding joint motion errors as the
output variables y to train the neural network, enabling the prediction of motion errors for arbitrary joint angles.

In summary, this study first establishes the robot’s forward kinematic model based on screw theory. Then,
joint motion errors are measured using a laser tracker, and an RBF neural network is trained to predict the
motion error corresponding to any given joint angle. Next, a set of discrete points along the robot end trajectory
is designed to obtain the ideal robot end poses. Using the inverse kinematic model, the corresponding ideal
joint angles are calculated, and the predicted joint motion errors are compensated for in these angles to improve
robot end positioning accuracy. Finally, a ball-bar instrument is employed to verify the enhancement in end

positioning precision.

4. Experiment and analysis

This section validates the effectiveness of the robot end volumetric errors optimization compensation method
through experiments. The test subject is an IRB1600 industrial robot (6 axes, 10 kg payload, 1450 mm working
range, repeatability accuracy of £0.05 mm). The robot operates under a rated load of 0.02 kg, as shown in
Figure 5. The robot parameters used for screw theory modeling are listed in Table 2.

Figure 5. Industrial robot
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Table 2. Robot parameters for screw theory modeling

Joint e 520 et Rz 05505 eséses
o) [010]" [010]" [010]T [100]" 0101 [100]"
0 [ 0.15 0.15 0.75 0.75 0.815
P 0 0 0 0 0 0
0 | 0.4865 1.1865 1.1865 1.1865 1.1865
v qxw qxw qxw qxw qxw qxw
0 0, 0, 0, 0, 05 05

4.1. Joint motion error identification

Using the measurement method described in Section 2.2, the joint motion errors of the robot are identified. The
robot is kept at its zero position, and starting from the first joint, a target point is selected every 5° within the
robot’s motion range. A laser tracker is used to measure the target ball position as the joint moves from the zero
position to the target point. Each target point is measured three times. Once the data for the first joint target
points are collected, the robot returns to the initial zero position and the measurements for the next joint are
performed sequentially. The experimental setup is shown in Figure 6.

Laser tracker

Figure 6. Laser tracker measures the motion error of each joint of the robot

The data measured by the laser tracker are trained using the RBF neural network from Section 2, and the
training results are shown in Figure 7. By inputting the joint angles of the robot, motion errors for any given
joint angle within the robot’s motion range can be predicted.

As shown in Figure 7, the motion errors of joints 2 and 4 tend to increase as the joint angles increase,
while the motion errors of joints 3 and 5 decrease as the joint angles increase. The motion errors of joints 1 and

6 stabilize as the joint angles increase.
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Figure 7. Distribution diagram of joint motion error

4.2. Verification of robot end position error compensation

To evaluate the effectiveness of joint motion error compensation on the robot end positioning accuracy, a ball-
bar system was used to measure the end position error. First, a set of discrete points along the desired robot end
trajectory was designed, as shown in Figure 8. Given the ideal pose at each trajectory point, the corresponding
ideal joint angles were calculated using inverse kinematics. The ball-bar tool cup was mounted to the robot end,
and the robot was programmed to follow a semicircular path in a 45° inclined plane through the predefined
discrete points. The variation in ball-bar length at each point was recorded to assess the positioning accuracy.
The experimental setup and the measured length variations are shown in Figures 9(a) and 9(b), respectively.

Figure 8. Design of discrete points for robot end trajectory
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Figure 9. Identification of robot end position accuracy with ball rod instrument

As shown by the compensation results in Figure 9, before error correction, the ballbar length varied by a
maximum of 0.7582 mm with a mean of 0.2456 mm. After incorporating the identified joint motion errors into
the robot’s actual joint angles, the maximum length variation decreased to 0.2593 mm and the mean to 0.0716

mm. Consequently, the robot end positioning accuracy improved from 0.2456 mm to 0.0716 mm ",

5. Conclusion

This paper proposes a method to improve the absolute positioning accuracy of the robot end by correcting the
joint angles of the robot without changing the parameters of the robot controller. The experimental results show
that the end position accuracy of the robot has been improved from 0.2456 mm to 0.0716 mm after joint motion
error compensation, which verifies the feasibility of the error compensation method proposed in this paper in
robot position accuracy compensation.
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