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Modeling for Robot High Precision Grinding Based on SVM
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Abstract: To improve the removal control for robot grinding process, we propose a modeling method based on SVM
(support vector machine) regression. By analyzing a group of measurable variables relevant to grinding removal, such as
robot’s speed, contact force and curvature of the workpiece’s surface, a regression model is built using machine learning
method to predict the grinding removal. In this way, the analysis on a series of complicated dynamic variables could be
avoided. The experimental results show that this method could achieve good performance. The prediction accuracy of the

model reaches higher than 90%, which basically meets the demand of practical grinding.
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the grinding process based on SVM)
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periment and modeling result analysis)
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Fig.1  The robot grinding system
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Tab.1 Part of original data
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Fig.2 Relation between removal and curvature

R2 BRI T AR

3 BEHIR SR AR R

BEHIE /mm | B | OO /N | (m/s) | BEHIE /mm | R | BTN | TR (mds)
0.073 0.2813 25 0.2 0.24 0.094 2 75 0.1
0.0515 0.1305 25 0.2 0.339 0.086 8 75 0.1
0.0605 0.0957 25 0.2 0.366 0.098 8 75 0.1
0.0575 0.0974 25 0.2 0.3625 0.1086 75 0.1
0.066 0.094 5 25 0.2 0.3555 0.1036 75 0.1
0.0385 0.077 5 25 0.2 0.3555 0.086 75 0.1
0.0575 0.0576 25 0.2 0.3355 0.0656 75 0.1
0.039 0.0419 25 0.2 03115 0.048 75 0.1
0.066 0.0306 25 0.2 0.298 5 0.0356 75 0.1
0.056 0.0219 25 0.2 0.321 0.0262 75 0.1
0.056 0.0157 25 0.2 0.321 0.0204 75 0.1
0.046 0.0126 25 0.2 0.353 0.0158 75 0.1
: : 0.7
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Fig.3 Relation between removal and speed/contact force

Tab.2 Results of training and prediction

MZRREARS | SCFpmEs | IBRKE MSE MAPE
1 166 117 1166 3.07e—04 0.083903
2 166 132 1115 2.64e—04 0.077742
3 166 140 1214 2.50e—04 0.077034
4 166 132 879 4.42e—04 0.097 457
5 166 127 912 2.42e—04 0.076 864
6 166 131 965 2.81e—04 0.081285
7 166 126 1027 2.66e—04 0.07911
8 166 126 1249 3.15e—04 0.086 07
9 166 121 1356 2.42e—04 0.075799
10 166 131 1192 2.62e—04 0.080922
SERIME 166 128.3 1107.5 2.87e—04 0.081619
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5 %5i® (Conclusion)
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