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Prediction of Al alloy ingot crack tendency based on
artificial neural network

HUANG Song-lin"+2, CUI Jian-zhong'

(1. The Key Laboratory of Electromagnetic Processing of Materials, Ministry of Education,
Northeastern University, Shenyang 110004, China;
2. Academy of Mechanical Engineering, Shenyang University, Shenyang 110044, China)

Abstract: A prediction model based on multiplayer feed-forward artificial neural networks(ANN) was developed for
modeling the correlation among different process parameters and cracks tendency of Al alloy ingot. The input variables
were the size, composition and process parameters of ingots. The output variable was the quantified value of ingot cracks.
The model was trained by the improved BP algorithm. The results show that the maximal relative error of prediction
value is 13.9% and the minimal one is 0. The prediction curve makes a good performance in reflecting the ingot crack
tendency.
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Table 2 Quantified value of ingot crack
tified
Crack grade Quantifie Evaluation standard
value
0 0 No crack
0-02 With thin inside crack,
’ but no crepitation
1) 02-0.5 With biggist inside crack,

- but no crepitation

0.5-0.8 With blgglst ext[er{or crack,
with crepitation

0.8-1.0 With le?rge ext?rlgr crack,
with crepitation
1.1
(2l BP 0.1

0.97 500
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2
2.1
1) 6 P(P )
[0.909 1.000 0.048 1.000 1.000 1.000]"
0 1000 0 1.000 1.000 1.000
p_|0909 0.640 0360 0.500 0.667 1.000
10909 0 1.000 0500 0 0
1.000 0.640 0.440 0.500 0.667 1.000
|1.000 0.640 0.440 0.500 0.889 0 |
2) 6
6 T
T:
[0.2728 0.0000 03655 0.6474 0.8760 0.9949]"
3) P 6
4)
5)
2.2
1)
7050 7055 7075 TA60 4
3~6
2)
TC4
16
3 7050

Table 3 Chemical compositions of 7050 Al alloy (mass
fraction, %)

Zn Mg Cu Zr Al

6.1 2.3 2.2 0.14 Bal.
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Table 4 Chemical compositions of 7055 Al alloy for
experiment (mass fraction, %)

Zn Mg Cu Zr Al

8.0 2.0 2.3 0.05 Bal.

5 7075
Table 5 Chemical compositions of 7075 Al alloy for
experiment (mass fraction, %)

Zn Mg Cu Zr Al

6.0 2.8 1.2 0.23 Bal.

6 TA60
Table 6 Chemical compositions of 7A60 Al alloy for

experiment (mass fraction, %)

4 7055

Zn Mg Cu Zr Be Al
8.6 2.6 2.3 0.15 0.000 8 Bal.
kA-turn 30 Hz
3)
PLC PID
=+0.2 mm/min
3 L/min +1
+1A
#+1.5mm
2.3
22 6
1
1 17050
0.2 2% 7075
0 3% 7050
0.4
4" 7050
0.7 5% 7055
0.8 6" 7A60
1.0
7
7
13.9%
0
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1
Fig.1 Pictures of real crack of test samples: (a) Ingot 1, 7050 alloy; (b) Ingot 2, 7075 alloy; (c) Ingot 3, 7050 alloy; (d) Ingot 4,
7050 alloy; (e) Ingot 5, 7055 alloy; (f) Ingot 6, 7A60 alloy

7 1.0 =
Table 7 Prediction value and practice value of crack for test E 05 :’: Fggtiicﬁ?ofaugﬁve c g
samples ;;n : e

Ingot No. Practice value  Prediction value  Error/% E
1 0.2 02728 13.9 g
2 0 0 0 >
3 0.4 0.3655 —8.6 %
4 0.7 0.647 4 -7.5 g
5 0.8 0.876 0 9.5 < 0 . . .
6 1.0 0.994 9 -0.5 1 2 3 4 5 6
Sample No.
( 2
7) MATLAB 2 Fig.2 Comparison of crack prediction curve with practice
2 curve for ingot sample
2" Cu 1.2%
Cu 2.2% 2" Zn
ot
6" Cu
3 2.3% 6"
Cu
3.1
1 6 Al-Zn-Mg-Cu

Cu Zn 1)
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