H18% 411 e K TR Vol.18 No. 11
2010 4F 11 Optics and Precision Engineering Nov. 2010

XEHS 1004-924X(2010)11-2407-06

ETmNRFRENH
SN B H = E AR AE T &R 4

BEALEALLFEKLKEZ L EXE
(L EMAF RAF 5 TRF R, F4F K& 130020;2. e AF HUR IR ¥, 4R F4F 1320215
3R A Hlo TRER. T R 071001)

FEE e BN T2 P28 2 0 LSS Sh Ak T 00 TR, e S 1 3R 5 1 2% RS BB I R R EAT TR, FE
G307 EEE P I000 T vk i B b ST T B T e/ e SRR ) am AL 0 A1 I N 1 B ) 2 TEDOREL R B TN AT, R R
S A 0 IR SR R — A~ U R ] A A SR AR — S Stk Ty B AL, TR ELA AR, B AR SR R L 3 T 3 W N
VF) e IR R g T RS R 2% E BP MR R 4% TN vk /N 4 0%, b AR A 2 I 4% (BP 4 GA) B Jr /L. 3 %6, T £ 1t
B T 77 32 AT LA S B G T A7 3R THREURS JBE A AR R N o R R T AR B A 1] B I BB R e P L SE i T SR WA S 45 e M
BEREMZEME, 51 R B L R ARG G EB IS8, S0 ge sl BUS T BFmser .

X 8 WISTEASER R R IFEEAG R @

hE 432 :TG580.6;TP391. 4 XEKFRIRAD A doi: 10. 3788/OPE. 20101811. 2407

Prediction system of surface roughness based on
LS-SVM in cylindrical longitudinal grinding
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Abstract: A prediction model of surface roughness based on the Least Square Support Vector Machine (LS~
SVM) in cylindrical longitudinal grinding is proposed. By converting the inequality constraints into equality
constraints, the model transformes solving the SVM from a Quadratic Programming (QP) problem to a group
of linear equations, which simplifies the learning process and improves the calculating efficiency. Experimental
results indicate that the construction speed of the prediction model based on LLS-SVM is more faster , and the
measurement error( MSE) is less 4% and 1. 3% than those of the BP neutrol algorithm and BP+GA algo-
rithm, respectively. The method has been used in a intelligent system for cylindrical longitudinal grinding to

predict the surface roughness of a workpiece in real time. By calculating the differences of predicating values
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and giving values and by directing the correct of grinding parameters,it completes a closed loop and intelligent

control and obtains good grinding results.

Key words: cylindrical longitudinal grinding; Least Square Support Vector Machine (LS-SVM) ; sur-

face roughness
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Tab.1 Array sequences of grinding parameters

No o, £, aq S R,
1 18 4 5 0.12 0.61
2 18 6.4 8 0.12 0.71
3 18 10 10 0.12 0.75
4 30 4 5 0.12 0.62
5 30 6.4 8 0.12 0. 64
6 30 10 10 0.12 0.74
7 42 4 5 0.12 0.65
8 42 6.4 8 0.12 0. 69
9 42 10 10 0.12 0.79
10 18 4 5 0. 06 0.38
11 18 6.4 8 0. 06 0.47
12 18 10 10 0. 06 0.51
13 18 4 5 0. 06 0.45
14 18 6.4 8 0.12 0.51
15 30 10 10 0.12 0.55
16 42 4 5 0. 06 0.48
17 42 6.4 8 0. 06 0.55
18 42 10 10 0.12 0.57
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Tab. 2 Contrast results of prediction models

HERETT % YIZRmEE] /s kiR 2% (MSE)
BP 22.3 0.056 4

BP+GA 9.7 0.026 1
SVM 2.9 0.237 0

LS-SVM 1.1 0.013 9
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