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Abstract

To improve robot positioning accuracy, traditional neural network-based robot
accuracy compensation methods are enhanced. Two accuracy compensation
methods based on Particle Swarm Optimization-Extreme Learning Machine
(PSO-ELM) models are adopted to compensate robot joint coordinates and
Cartesian coordinates, respectively. Simulation case analyses and comparisons
are performed for both methods, and they are further contrasted with the Ge-
netic Algorithm-Extreme Learning Machine (GA-ELM) model. The simulation
results indicate that the PSO-ELM robot accuracy compensation method for
Cartesian coordinate compensation is superior to other compensation methods
and achieves higher prediction accuracy.
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Abstract: To improve robot positioning accuracy, this paper enhances
traditional neural network-based robot accuracy compensation methods. Two
accuracy compensation approaches based on Particle Swarm Optimization-
Extreme Learning Machine (PSO-ELM) models are employed to compensate
for robot joint coordinates and Cartesian coordinates. Both methods are
analyzed and compared through simulation examples, and contrasted with a
Genetic Algorithm-optimized Extreme Learning Machine (GA-ELM) model.
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Simulation results demonstrate that the PSO-ELM robot accuracy compen-
sation method for Cartesian coordinates outperforms other compensation
methods and achieves higher prediction accuracy.

Keywords: robot; accuracy compensation; extreme learning machine; PSO-
ELM

0 Introduction

In recent years, robots have been widely employed in high-precision applications
such as offline programming and robot-assisted surgery. However, due to manu-
facturing tolerances, assembly errors, structural deformation, and other factors,
the actual kinematic model parameters of robots deviate from their nominal
values, significantly reducing positioning accuracy. Therefore, necessary cal-
ibration procedures must be performed before robot deployment to enhance
positioning precision.

Error sources in robot kinematic models can be categorized into two types:
geometric parameter errors (e.g., link length and link twist errors) and non-
geometric errors (e.g., gear backlash, link and joint compliance). Some studies
have focused on model establishment and geometric parameter identification
while neglecting non-geometric errors, assuming their impact on robot position-
ing error is minimal. However, non-geometric errors still affect robot positioning
accuracy. Consequently, some researchers have proposed real-time error com-
pensation methods based on neural networks, which can be broadly classified
into two categories: one uses joint angles and corresponding joint angle errors
as BP neural network inputs and outputs to obtain error values at arbitrary
joint angles, achieving position error compensation by correcting joint angles;
the other uses joint angles and corresponding actual coordinate position devi-
ations as BP neural network inputs and outputs to improve robot positioning
accuracy through joint angle compensation.

Although traditional BP neural networks demonstrate some effectiveness in real-
time robot compensation, they suffer from inherent model limitations, including
susceptibility to local optima and long training times, which compromise real-
time compensation efficiency. Extreme Learning Machine (ELM), proposed
by Huang et al. to address the inherent drawbacks of conventional neural net-
work algorithms, is a single-hidden-layer feedforward neural network learning
algorithm. Unlike traditional BP algorithms, ELM randomly generates connec-
tion weights between input and hidden layers and thresholds of hidden layer
neurons. Due to its extremely fast learning speed and excellent generalization
performance, ELM has been widely applied in pattern recognition, computer
vision, data mining, signal processing, and control systems.

This paper improves upon the two aforementioned neural network-based robot
accuracy compensation methods by employing a PSO-ELM model that com-
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bines Particle Swarm Optimization (PSO) with Extreme Learning Machine
(ELM). Additionally, a GA-ELM model combining Genetic Algorithm (GA)
with ELM is introduced for comparison, followed by a comparative analysis of
the improved methods’ effectiveness.

1 Extreme Learning Machine Model

The ELM network training adopts a single hidden-layer feedforward structure.
Assuming there are n input layer neurons and o output layer neurons represent-
ing n input variables and o output variables, respectively, with h hidden layer
neurons, and given N distinct samples {(z;,t;)|z; € R™,t, € R°,i=1,2,...,N},
the ELM training model is shown in [Figure 1: see original paper].

The ELM network model can be expressed as:
h
i=1

K3
where w; = [w;;, Wy, ..., w;,]T is the weight vector connecting all input layer
neurons to the ¢-th hidden layer neuron, b, is the threshold of the ¢-th hidden
layer neuron, w; - x; denotes the inner product of w; and z;, g(-) is the activation
function, and 3; = [B;1, Biz; - Bio] L is the weight vector connecting the i-th
hidden layer neuron to all output neurons. The cost function can be expressed
as:

N [/ h 2
C(W,b,3) = Z (Z Big(w; - x;+b;) — tj)

J=1

where W = [wy, Wy, ..., wy] and b = [by, by, ...,b,]. The goal of ELM training is
to find optimal W, b, and § that minimize the error between output values and
actual values. Therefore, W, b, and 3 take the following form:

HB=T

where H is the hidden layer output matrix of samples, and 7T is the target matrix
of the sample set. Equation (3) is equivalent to finding the least squares solution
of H3 =T, i.e., finding the optimal weight BA that minimizes the cost function,
where 3 = H*T and H™" is the Moore-Penrose generalized inverse matrix of H.

According to the basic principle of ELM, the input layer weight matrix W and
hidden layer threshold matrix b are randomly generated. Therefore, with a fixed
ELM model structure, this randomness can lead to large prediction errors. Since
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PSO exhibits excellent global optimization capability, it can find optimal initial
W and b for the ELM model, thereby obtaining an optimal ELM model.

2 PSO-Optimized ELM Algorithm

The Particle Swarm Optimization algorithm was proposed by Eberhart and
Kennedy based on social behavior theory in populations. As an emerging evo-
lutionary algorithm originating from bird flock foraging simulation, it features
simple principles and easy implementation for optimal identification of multiple
parameters.

The main steps of the PSO-ELM algorithm are as follows:

2)

b)

Experimental data preprocessing: Divide experimental data into
training and testing sets, and perform normalization.

Initialization: Initialize particle swarm parameters and ELM model net-
work structure parameters. The position of the j-th particle X; represents
the connection weights between input layer neurons and hidden layer neu-
rons, as well as the thresholds of hidden layer neurons.

Finding initial extrema: Substitute particle positions X; and training
sample data into the ELM model to obtain output predictions, thereby
calculating particle fitness values. Identify individual and global extrema
while recording their positions and fitness values. The particle fitness
function is defined as:

1 & 5o
=y 2 1)

where 571 is the ELM output prediction for training samples, Y; is the true value,
and N is the number of training samples.

)

where w,,, and w,;, are the maximum and minimum inertia weights, and J,

Inertia weight selection: After several iterations, each particle’ s posi-
tion gradually converges to the optimal position. To enhance global search
capability in early iterations and local optimization capability in later it-
erations, the inertia weight w decreases linearly with iteration number k:

W — Wy

o max min

w(k) = wyax — e x k
max

max

is the maximum number of iterations.

e)

Iterative optimization: During each iteration, particles update their
velocities and positions based on individual and global extrema, ultimately
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obtaining the optimal individual’s fitness value and corresponding particle
position.

f) PSO-ELM model completion: The particle position corresponding to
the optimal individual represents the optimal initial weights and thresh-
olds for ELM. Substituting these into the ELM model, the testing set
samples are used for model testing and performance evaluation.

The PSO-ELM algorithm flowchart is shown in [Figure 2: see original paper].

3.1 ABB Robot Geometric Model

This paper employs the DH method to establish the kinematic model of the
ABB robot. The structural diagram of the ABB robot is shown in [Figure 3:
see original paper|. After establishing coordinate system 0, coordinate system i
is defined using coordinate system ¢ — 1 starting from coordinate system 1. The
homogeneous transformation matrix between two adjacent links’ DH coordinate
systems is:

1T, = Rot(z, ;) - Trans(0, 0, d,) - Trans(a,, 0,0) - Rot(z, a;)

which expands to:

cosf; —sinf;,cosa; sinf;sina; a,cosb;

i-1p _ |Sin 0, cosB,cosa; —cosh,sina; a,;sinb,
¢ 0 sin o, cos oy d;
0 0 0 1

where a,, ;, d;, and 0, represent the link length, link twist, link offset, and joint
angle of the i-th axis, respectively. The standard D-H parameter values for the
ABB robot are given in , where a; and d; are in mm, and «; and 6, are in rad.

Multiplying the individual link transformation matrices yields the transforma-
tion matrix of the manipulator end-effector relative to the base coordinate sys-
tem:

op. 0 1q 27 37 4 5 _ [Ty Oy Gy Dy
6 10 Lty Ay T 50 g n, o, a, p,
o 0 0 1

The end-effector position vector can be expressed as P = [p,, p,, p,]*. The end-
effector position error can be represented as AX = /Az2?+ Ay? + Az2.

chinarxiv.org/items/chinaxiv-201806.00115 Machine Translation


https://chinarxiv.org/items/chinaxiv-201806.00115

ChinaRxiv [$X]

If superscript letters N denote theoretical values and letters R de-
note actual values, the total position error can be expressed as AX =

V@Y =R+ (1) —pf)? + (Y — ).

3.2 Experimental Data Acquisition

Assuming the geometric errors of the standard D-H parameter values for the
ABB robot in are as shown in , where Aa; and Ad,; are in mm, and Aq; and
Af; are in rad, the actual D-H parameters of the ABB robot can be obtained
as: al' = al¥ + Aq;, aff = al¥ + Aq,, dFf = dN + Ad;, 0F = 0N + A6,.

Based on the variation ranges of each robot joint angle and actual operational
requirements, 5,400 different joint angle combinations are generated, with 5,000
groups serving as the training sample set for the ELM model and the remaining
400 groups as test data.

3.3 PSO-ELM Robot Accuracy Compensation Method for
Joint Coordinates

The PSO-ELM robot accuracy compensation model for joint coordinates uses
the robot’ s theoretical joint angles as inputs to the PSO-ELM model and joint
angle errors as outputs for training. The training process block diagram is
shown in [Figure 4: see original paper]. The theoretical joint angles 6%V are
calculated through forward kinematics (using theoretical D-H parameters) to
obtain the theoretical end-effector pose X~. This theoretical pose is then pro-
cessed through inverse kinematics (using actual D-H parameters) to solve for
actual joint angles 0%, yielding joint angle errors Af = 6~ — 0. Therefore, the
PSO-ELM model has 6 input layer nodes and 6 output layer nodes.

The positioning process for the robot end-effector can be performed using the
steps described in [Figure 5: see original paper]. Here, 6,,,, represents the
corrected joint angles after compensation, and X,, 4 is the predicted position.
The goal is to move the robot end-effector to the theoretical position X in its
workspace, where € represents the upper limit of robot accuracy.

To demonstrate the model’ s accuracy and superiority, it is compared with the
GA-ELM model, which uses genetic algorithms to find optimal W and b for ELM
(see reference [14] for detailed algorithm flow). After extensive experimentation,
the PSO-ELM parameters are determined as: 68 hidden layer nodes, population
size of 40, 300 iterations, C; = Cy =2, V.. = 1, V,;, = —1, maximum inertia
weight w,,. = 0.9, and minimum inertia weight w,;, = 0.4. The GA-ELM
parameters are: 58 hidden layer nodes, population size of 100, 350 iterations,
crossover probability of 0.6, and mutation probability of 0.01. Both models use
the “sig” activation function for the hidden layer. Using 5,000 training samples
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and 400 test samples, the position errors after robot inverse kinematics accuracy
compensation are shown in [Figure 6: see original paper].

To verify the generality of input data, 200 random data points are generated
within each joint angle’ s variation range based on actual operational require-
ments. These are fed into the trained PSO-ELM model for simulation, with
position errors shown in [Figure 7: see original paper].

3.4 PSO-ELM Robot Accuracy Compensation Method for
Cartesian Coordinates

The PSO-ELM robot accuracy compensation model for Cartesian coordinates
uses the robot’ s theoretical joint angles as inputs to the PSO-ELM model
and the position error between actual and theoretical positions as outputs for
network training. The training process block diagram is shown in [Figure 8: see
original paper]. The theoretical joint angles 6V are calculated through forward
kinematics (using theoretical D-H parameters) to obtain the theoretical end
position XV and through forward kinematics (using actual D-H parameters)
to obtain the actual end position X%, yielding position error AX = XV — X7,
Thus, the PSO-ELM model has 6 input layer nodes and 3 output layer nodes.

The trained PSO-ELM model is then used to compensate for robot position
errors. The detailed steps for robot end-effector positioning are shown in [Figure
9: see original paper]. Since the ABB robot’ s position depends only on the first
three joint angles 0,, 05, 05, position compensation only targets these three joints.
J(0) is the Jacobian matrix of the robot joint variables, and 6,,,,, represents the
compensated joint angles. The experimental objective is to move the robot end-
effector to the theoretical position X in its workspace, where ¢ is the upper
limit of robot accuracy.

To demonstrate accuracy and superiority, comparison with GA-ELM is again
performed. After extensive experimentation, PSO-ELM parameters are set as:
65 hidden layer nodes, population size of 50, 300 iterations, w,, ., = 0.9, W, =
0.4 (other parameters same as above). GA-ELM parameters are: 73 hidden
layer nodes, population size of 80, 400 iterations, crossover probability of 0.6,
and mutation probability of 0.01. Both use the sig activation function. Using
5,000 training samples and 400 test samples, position errors after robot inverse
kinematics accuracy compensation are shown in [Figure 10: see original paper].

To verify input data generality, the same 200 random data points from Section
3.3 are fed into the trained PSO-ELM model, with position errors shown in
[Figure 11: see original paper].
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3.5 Results Analysis and Comparison of Two Accuracy
Compensation Methods

Comparative analysis of the two compensation methods yields and based on

[Figure 6: see original paper|, [Figure 7: see original paper], [Figure 10: see
original paper], and [Figure 11: see original paper].

TABLE:3 Comparison of Position Accuracy for Two Methods (Test Data Com-
parison, 400 Groups)

Method Max Error (mm) Min Error (mm) Avg Error (mm)

Joint Coordinate GA-ELM
Joint Coordinate PSO-ELM
Cartesian Coordinate GA-ELM
Cartesian Coordinate PSO-ELM

TABLE:4 Comparison of Position Accuracy for Two Methods (Random Data
Comparison, 200 Groups)

Method Max Error (mm) Min Error (mm) Avg Error (mm)

Joint Coordinate GA-ELM
Joint Coordinate PSO-ELM
Cartesian Coordinate GA-ELM
Cartesian Coordinate PSO-ELM

Analysis of both test and random data reveals that compensated robot posi-
tion errors are significantly lower than uncompensated errors, with Cartesian
coordinate compensation producing lower errors than joint coordinate compen-
sation. In both methods, PSO-ELM outperforms GA-ELM. Compared to un-
compensated data, joint coordinate GA-ELM reduces average position error by
69.48%, joint coordinate PSO-ELM by 72.57%, Cartesian coordinate GA-ELM
by 92.60%, and Cartesian coordinate PSO-ELM by 95.06%. For random data,
the corresponding reductions are 69.17%, 71.58%, 91.69%, and 94.88%, respec-
tively.

4 Conclusion

To improve the absolute positioning accuracy of industrial robots in practical
applications, this paper proposes two methods: robot joint coordinate compensa-
tion and Cartesian coordinate compensation. The Particle Swarm Optimization-
Extreme Learning Machine (PSO-ELM) model is employed to predict joint co-
ordinate errors and Cartesian coordinate errors, and compared with the Ge-
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netic Algorithm-Extreme Learning Machine (GA-ELM) model. In both sim-
ulation experiments, PSO-ELM demonstrates superior prediction performance
over GA-ELM. Moreover, the Cartesian coordinate compensation method signif-
icantly outperforms the joint coordinate compensation method. The PSO-ELM
accuracy compensation method for Cartesian coordinates achieves the highest
prediction accuracy and exhibits excellent robustness.
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