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Table 1  Composition of Al-Cu-Mg-Ag alloy
Cu Mn Mg Ag Fe Si Al
5.8 0.2 0.3 0.7 0.02 0.02 Bal.

* —test sample; others—training samples
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Fig.1 Strength properties of the alloy aged at 165°C
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Fig.2 Strength properties of the alloy aged at 200°C
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Table 3 Comparison of predicted result between BP

neural network and SVR

Tensile strength / MPa Yield strength / MPa

NO
E BPNN SVR E BPNN SVR
xp- Pre. Pre. xp- Pre. Pre.
26" 483.23 478.44 480.99 508.25 505.92 509.33
27" 429.76 427.78 429.76 467.01 467.67 467.01

K4 BP M AEEDR SVR A5 R Ay B 4 R AR
Table 4 Comparison of prediction between

BP neural network and SVR

Tensile strength Yield strength

Method
MAE/MPa MAPE/ % MAE/MPa  MAPE/ %
BPNN 3.53 0.76 1.973 0.30
SVR 1.12 0.23 0.539 0.11
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Strength Prediction for Al-Cu-Mg-Ag Alloy Based on
Support Vector Regression

TANG Jiang-ling, CAI Cong-zhong, HUANG Si-jie, XIAO Ting-ting

(Department of Applied Physics, Chongging University, Chongqing 401331, China)

Abstract: To explore the strength properties of Al-Cu-Mg-Ag alloy at different aging temperature and aging time, the support vector re-
gression (SVR) approach combined with particle swarm optimization (PSO) algorithm was proposed to construct a SVR model based
on experimental data. In the modeling process, the aging temperature and aging time were employed as input parameters, the tensile
strength and yield strength acted as outputs. By comparison with BP neural network, it was found that the prediction accuracy of the es-
tablished SVR model was higher than that of BPNN model by applying identical training and test samples. This investigation would pro-
vide a theoretical foundation for further study on the effect of aging condition on mechanical property, and the optimal design of the ag-

ing process for fabricating Al-Cu-Mg-Ag alloy.

Key words: Al-Cu-Mg-Ag alloy;strength property; support vector regression; particle swarm optimization ;regression analysis



