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Quantitative prediction of mechanical properties of 7005 Al alloys from

processing parameters via support vector regression

CAI Cong-zhong, WEN Yu-feng, ZHU Xing-jian, PEI Jun-fang, WANG Gui-lian, XIAO Ting-ting

(Department of Applied Physics, Chongqing University, Chongqing 400044, China)

Abstract: The support vector regression (SVR) approach based on the particle swarm optimization (PSO) for its

parameter optimization, combined with leave-one-out cross validation (LOOCYV), was proposed to predict the mechanical

properties (tensile strength oy, yield strength oy, and hardness HB) of 7005 Al alloys under different processing

parameters including extrusion temperature, extrusion velocity, quenching type and aging time. The results strongly

support that the prediction precision of SVR-LOOCV method is superior to those of partial least squares (PLS),

back-propagation neural networks (BPNN) and their combination PLS-BPNN model by applying the identical dataset.
The root mean square errors (RMSE) for oy, 0y, and HB achieved by SVR-LOOCYV are 4.531 9 MPa, 14.550 8 MPa and

HB 1.414 2, respectively, and their mean relative errors (MRE) are 0.72%, 2.61% and 0.66%, respectively, which are less

than those predicted by PLS, BPNN or PLS-BPNN approach.

Key words: 7005 Al alloys; mechanical properties; support vector machines; particle swarm optimization; leave-one-out

cross validation; regression analysis
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Table 1 Experimental data of mechanical properties of 7005 Al alloy under different processing parameters

Extrusion temperature Extrusion velocity/ Aging time
Sample No. . Quenching type o/MPa  aq, /MPa HB
/ (m'min ') (155  )h
1 460 1 2 16 325 240 87
2 460 1 1 16 315 220 85
3 460 5 2 16 305 200 85
4 460 3 1 16 285 169 78
5 480 1 2 16 310 225 85
6 480 1 1 16 295 215 82
7 480 3 2 16 310 235 84
8 480 5 2 16 300 215 85
9 500 1 2 16 305 220 83
10 500 1 1 16 290 295 82
11 500 3 2 16 285 205 79
12 500 5 1 16 290 220 82
13 460 1 2 4 345 245 97
14 460 1 1 4 345 235 97
15 460 5 2 4 350 220 96
16 460 3 1 4 370 220 102
17 480 1 2 4 330 230 91
18 480 1 1 4 335 230 93
19 480 3 2 4 325 230 91
20 500 5 1 4 325 220 90
21 460 1 2 8 345 260 94
22 460 1 1 8 345 255 93
23 460 5 2 8 340 235 95
24 460 3 1 8 345 220 97
25 480 1 1 8 310 225 85
26 500 5 1 8 300 220 82
PLS-BPNN 3%
229 20 SVR-LOOCV
3 SVR-LOOCV / 0
18 13 20 LOOCV
2 SVR-LOOCV 7005 PLS-BPNN / 0
1 2 5 SVR-LOOCV
2 [1] PLS-BPNN 3 PLS BPNN PLS-BPNN
LOOCV 3 PLS SVR 4
BPNN PLS-BPNN  SVR 7005 3 (ob 00» HB) SVR
2 SVR-LOOCV Op 002 (RMSE) (MRE)
HB (24/26=92.31% 4.531 9 MPa 14.550 8 MPa HB1.414 2
20/26=76.92%  24/26=92.31%) 0.7225% 2.6070%  0.6561% PLS BPNN
3% LOOCV  PLS BPNN PLS-BPNN
PLS-BPNN 3 SVR-LOOCV 3
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Table 2 Measured values and predicted results of mechanical properties of 7005 Al alloys using PLS-BPNN and SVR models via
LOOCV
Sample o,/MPa 00, /MPa HB
No. Exp. "> REM SVR REM Exp. . REM SVR REM Exp. . REM% SVR REM%
NN BPNN!! NN
1 325 322 092 320 -1.54 240 236 -1.67 240 0.00 87 88 1.15 87 0.00
2 315 313 -0.63 315 0.00 220 213 -3.18 220 0.00 85 86 1.18 85 0.00
3 305 312 3.00 314 295 200 214 7.00 226 13.00 85 86 1.18 85 0.00
4 285 297 421 285 0.00 169 186 10.06 169  0.00 78 81 385 84 7.69
5 310 312 0.65 317 226 225 233 356 229  1.78 85 85 0.00 86 1.18
6 295 299 1.36 295 0.00 215 220 233 215 0.00 82 82 0.00 82 0.00
7 310 305 1.61 310 0.00 235 220 —6.38 222 —5.53 84 84 0.00 84 0.00
8 300 298 0.67 300 0.00 215 204 =512 215 0.00 85 83 -2.35 85 0.00
9 305 300 1.64 305 0.00 220 225 227 220 0.00 83 82 -1.20 83 0.00
10 290 301 379 290 0.00 295 282 -4.41 231 -21.69 82 84 244 82 0.00
11 285 293 281 300 526 205 207 098 219 6.83 79 81 253 82 3.80
12 290 283 241 290 0.00 220 230 455 223 136 82 80 —2.44 82 0.00
13 345 345 0.00 345 0.00 245 245 0.00 245 0.00 97 97 0.00 97 0.00
14 345 350 290 345 000 235 245 426 238 1.28 97 94 -3.09 97 0.00
15 350 338 3.43 350 0.00 220 224 1.82 231 5.00 96 101 521 96 0.00
16 370 363 1.89 370 0.00 220 211 -4.09 220 0.00 102 93 -8.82 102 0.00
17 330 338 242 328 -0.61 230 242 522 230 0.00 91 92 1.10 91 0.00
18 335 330 1.49 330 -1.49 230 240 435 225 217 93 91 -2.15 93  0.00
19 325 334 277 325 0.00 230 230 0.00 230 0.00 91 93 220 91 0.00
20 325 310 462 325 000 220 222 091 222 091 90 87 -333 89 -1.11
21 345 336 2.61 345 0.00 260 241 -7.31 260 0.00 94 92 -2.13 94 0.00
22 345 336 2.61 340 -145 255 239 —6.27 243 —-4.71 93 93 0.00 93 0.00
23 340 333 2.06 340 0.00 235 222 -5.53 233 -0.85 95 92 -3.16 95 0.00
24 345 346 029 345 0.00 220 210 —4.55 220 0.00 97 96 -1.03 95 -2.06
25 310 315 1.61 320 3.23 225 231 2.67 231 267 85 87 235 8 0.00
26 300 296 1.33 300 0.00 220 228 3.64 220 0.00 82 83 122 83 122
3 PLS BPNN PLS-BPNN SVR LOOCV
Table 3 Comparison of prediction performances among PLS, BPNN, PLS-BPNN and SVR using LOOCV
Method o,/MPa 00, /MPa HB
RMSE ~ MRE/% R RMSE ~ MRE/% R RMSE ~ MRE/% R
pLS!! 12.163 5 29930 - 239877 7.300 2 - 3.4530 29178 -
BPNN!" 9.6745 22978 - 19.0082  5.0589 - 27598 24539 -
PLS-BPNN! 89223 2.142 1 0.903 8 15.499 7 44365 0.788 1 2.168 4 1.890 4 0.8335
SVR-LOOCV  4.5319 0.722°5 0.964 8 14.550 8 2.607 0 0.563 7 1.4142 0.656 1 0.958 8
002 (0.964 8 0.958 8) PLS-BPNN
(0.5637) PLS-BPNN  0.788 1 (0.9038 0.8335)
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