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Intelligent Model for Predicting the Microstructure of Aluminum Alloys

Zhou Zhimin, Wang Qian, Wang Zekai, Xie Zhengxi
(School of Materials Science and Engineering, Northeastern University)
Abstract: A neural network model with multi-layer NALU algorithm for the prediction of microstructures of alu-
minum alloys was carried out. The principle and model of NALU algorithm were explained in detail, and the ap-
proaches of modeling and training for the prediction with local grain characteristics were introduced. A satisfying
model can be trained with the combination of both optimization algorithm RMSProp and Adam., and appropriate
adjustment of learning rate. Taking aluminum alloy casting as instance, 26 input factors including alloying ele-
ments, processing conditions as well as equipment parameters were concerned, and microstructure parameters
containing 18 local grain characteristics were targeted. Hence a neural network model containing 4 layers of
NALU algorithm was established with (26,32).,(32,28).,(28,23).(23,18) as the number of input/output neu-
rons. The mean square error for the trained network model reaches 0.000 6. Prediction error of average grain size
of 8 groups of aluminum alloys under different conditions is less than 9%, suitable for intelligent prediction of mi-
crostructures and design of new aluminum alloys. The results indicate that it is feasible to construct an intelligent
prediction model for the microstructure and properties of alloys by multiple-layer NALU. Multi-layer NALU neu-
ral network model can realize the intelligent prediction for exquisite expression of aluminum alloy microstructure
by local grain characteristics.
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Tab.1 Format list of input/output parameters for the training samples
G & o TZEH . i L RUSE B o [ BE / pm
S Mg Fe b W fie/mn BB oamn 2wan sims s Ta
0.21 1.25 0.40 710.0 25.0 40.0 30.03 31.27 32.51 30.34 30.65
9.00 0.20 0.10 710.0 40.0 40.0 21.29 22.17 23.05 21.51 21.73
6.93 0.49 0.02 710.0 40.0 50.0 44,07 45.89 47.71 44,52 44.98
7.00 0.50 0.20 710.0 40.0 250.0 148.83 154.98 161.13 150.37 151.91
0.00 1.50 0.00 730.0 75.0 350.0 618.56 644.12 669.68 624.95 631.34
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AL 2 (T 25 SR L3R 4, R 22/ T 11% . WL,
TR 2 FUINA B RN Y SRR AN LAY 1,
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(RFREHN 710.0 C $5EHE A 40.0 mm/min)

Tab.2 Parameters of semi-continuous casting aluminum alloy

x4 BHE2XEHRBERTHRNIRE

Tab.4 Prediction errors of average grain size by model 2

i/ gy L/ R/ %
SR BE SRl B

21.99 22.56 2.58 14.51 14.82 2.15
21.58 22.56 4.53 14.24 14.82 4.09
20.94 20.22 —3.46 13.82 13.25 —4.14
20.48 20.22 —1.29 13.52 13.25 —2.01
20.05 20.22 0.82 13.23 13.25 0.13
138.95 145.58 4.77 91.71 96.99 5.76
142.53 155.72 9.26 94.07 104.15 10.71
149.64 158.90 6.19 98.76 106.49 7.82

wy/% BHIKE/ 45 b

Si Mg Fe Sr \% In (L+min™H 12&/mm
9.00 0.20 0.10 0.03 0.00 0.00 30.0 40.0
9.00 0.20 0.10 0.03 0.00 0.00 30.0 40.0
9.00 0.20 0.10 0.04 0.00 0.00 30.0 40.0
9.00 0.20 0.10 0.04 0.00 0.00 30.0 40.0
9.00 0.20 0.10 0.04 0.00 0.00 30.0 40.0
7.00 0.50 0.05 0.00 0.50 0.30 40.0 250.0
7.00  0.50 0.10 0.00 0.50 0.30 40.0 250.0

7.00  0.50 0.15 0.00 0.50 0.30 40.0 250.0

®3 HEINFHRERTHRNRE

Tab.3 Prediction errors of average grain size by model 1

PR/ pm N/ pm

SRE BWE . C* Tamm mwE | e
21.99 21.16 —3.76 14.51 14.31 —1.36
21.58 21.16 —1.93 14.24 14.31 0.51
20.94 20.27 —3.19 13.82 13.79 —0.23
20.48 20.27 —1.02 13.52 13.79 1.98
20.05 20.27 1.10 13.23 13.79 4.22
138.95 137.21 —1.25 91.71 91.22 —0.53
142.53 153.76 7.88 94.07 102.20 8.64
149.64 152.03 1.60 98.76 101.21 2.48
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