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Abstract: The high-end intelligent manufacturing field has put forward higher requirements for the abso-
lute pose accuracy of industrial robots in high-accuracy application scenarios. This paper investigated the
improvement of robot accuracy performance based on Support Vector Regression (SVR). Kinematic mod-
eling and error analysis were performed on the Staubli TX60 series industrial robot. A robot measurement
experiment platform was established based on the Leica AT960 laser tracker, and a large number of spatial
position points were measured. The SVR model was trained and optimized based on real data sets. The
actual pose error of the robot is predicted by Support Vector Regression Model, which avoids the compli-
cated error modeling in the model-based robot accuracy improvement method. The average position error
and average attitude error of the robot are reduced from (0.706 1 mm,0.174 2°) to (0.055 6 mm,0.024 6°)

before compensation, respectively, and the position error is reduced by 92. 12% and the attitude error is re-
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duced by 85.88%. Finally, the comparison with BP neural network, Elman neural network and tradition-

al LM geometric parameter calibration method verified the effectiveness and balance of spatial error predic-

tion based on SVR model in reducing robot position and attitude errors.

Key words: Support vector regression (SVR) ; non-model calibration; industrial robots; error predic-

tion; robot calibration
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Fig.1 Schematic diagram of the joint coordinate system
for the Staubli TX60 industrial robot
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Tab.1 Theoretical MD-H parameters of Staubli TX60 robot
i 0/rad  d/mm  a/mm  a/rad  B/rad
1 n 0 0 n/2 —
2 n/2 0 290 0 0
3 n/2 20 0 /2 —
4 T 310 0 /2 —
5 T 0 0 n/2 —
6 0 70 0 0 —
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Industrial robot calibration system

Fig. 2
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Fig.5 Position error compensation for Staubli TX60 robot
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Fig. 6 Attitude error compensation for Staubli TX60 robot
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Tab.2 Neural network parameter settings

Number Inputs Middle Outputs
of layer Layer Layer Layer
BP 4 6 20/20 6
Elman 4 6 20/20 6
1 7~181 8 53 39 &5 R ml M, 2k T
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Tab.3 Comparison experimental results of robot pose error compensation
Average error Maximum error Standard deviation of error
Model Position/mm Attitude/(*) Position/mm Attitude/(*) Position/mm Attitude/ (")
Origin 0.706 1 0.174 2 1.1947 0.2804 0.276 0 0.0510
BP 0.052 6 0.057 5 0.1368 0.1340 0.024 1 0.024 5
Elman 0.0517 0.059 0 0.140 4 0.145 3 0.0234 0.0269
LM 0.196 8 0.0659 0.587 6 0.201 8 0.083 2 0.0375
SVR 0.0556 0.024 6 0.152 3 0.107 3 0.0239 0.017 5
125 o SVR T XA Y 1R 22 1 BE IR AR B2 BP 4 22
8 - W 26 A5 8 TF T 57, 27% , %% Elman ¥ 2 [ 4 A5
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0TS g oo = o 5 BP 2 0 45 AT SR T T 19, 89% , 4 Elman
ERER A T 25 I 45 A AR TF T 26.15% , 8 LM 55 3 41 24
RO AT A T J4 T 46.82% . LI T A SCHE T SVR 4L
AN 98\ 7 [A] 15 22 F 77 3 10 A 0 R A 1 L L

0.25

0.00 1 s - . 1
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B 7 4R 7R IR 22U R R L

Fig.7 Comparison of four methods for fitting position errors
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Fig.8 Comparison of four methods for fitting attitude errors
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