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Abstract: A new model for predicting rheological stresses based on particle swarm optimization BP
neural network is proposed for 0Cr17Ni4Cu4NDb stainless steel as an example. Based on the quasi-static
(0.001 s ") compression testing data at room temperature and the impact testing data at four temperat-
ures (25, 350, 500 and 300 °C) and six strain rates (750, 1 500, 2 000, 2 600, 3 500 and 4 500 sfl), a ran-
dom forest prediction model for rheological stress of 0Cr17Ni4Cu4Nb stainless steel, a Particle Swarm
Optimized Random Forest prediction model, a Back Propagation (BP) neural network, and a Particle
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Swarm Optimized BP neural network are constructed. Four indicators including the statistical coeffi-
cient of determination (R”), mean absolute error (MAE), mean square error (MSE) and root mean square
error (RMSE) are used to analyze and evaluate the four models mentioned above. The comprehensive
performance of the prediction models is in sequence of particle swarm optimization BP neural network
model, BP neural network model, particle swarm optimization random forest model, and the random
forest model. The coefficient of determination R°=0.9997, mean absolute error MAE=1.5773, mean
squared error MSE=5.5053 and root mean squared error RMSE=2.3463 are determined for the particle
swarm optimized BP neural network model, which can predict the rheological stress of
0Cr17Ni4Cu4Nb stainless steel very well.

Key words: 0Cr17Ni4Cu4Nb stainless steel, rheological stress, prediction model, machine learning,
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Table 1 Chemical composition of 0Cr17Ni4Cu4Nb stain-
less steel %

C Si Cr Ni  Mn P S Cu Nb Fe

0.05 080 1625 3.60 0.82 0.03 0.02 3.83 0.28 Bal
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Table 2 Random forest predictive capability evaluation

index
ntree R MAE MSE ESE
5 09477 244079 10692639 323405
10 09500  23.9846 1022440 8 312505
15 09526  23.4958 969.309 6 30.961 1
20 0.964 5 20.936 4 725.6117 26.8710
25 09629  21.1896 759.266 0 27.4315
30 0.967 6 19.558 7 661.3547 25.692 1
35 09672  20.1650 671.321 8 25.9012
40 09664 202319 687.360 5 26.186 7
45 0.968 4 19.770 9 645.141 9 25.366 1
50 09667  20.006 2 680.3112 26.035 1
55 09666 201374 681.869 9 26.1012
60 09647  20.6059 721.031 4 26.838 9
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Table3 Particle swarm optimization random forest pre-
diction capability evaluation index

ntree R MAE MSE ESE
20.020 5 25.899 8

16 0.967 2 670.948 2
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Table 4 Evaluation metrics under different training num-
bers of neurons

b EZSTwy ey )ig MAE MSE ESE
3 09777 165449 4559399 213527
5 0.9802 154572  404.0375  20.1007
7 0.9951 74794 1002042  10.0102
9 0.9968  6.0398 65.481 1 8.092
11 09982 44221 36.896 9 6.0743
13 0.9978 47259 45.189 5 6.7223
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Table 5 Evaluation metrics under different training num-
bers of implied layers

R EE R MAE MSE ESE
1 0.998 2 4.4194 36.9513 6.078 8
2 0.999 3 25569 14.478 0 3.8050
3 0.999 6 2.089 8 8.959 8 2.9933
4 0.999 5 2.146 4 10.309 6 3.2109
5 0.999 5 2.049 8 9.738 8 3.1207
6 0.999 7 15773 55429 23543
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Table 6 Evaluation metrics under particle swarm optim-

ization BP neural network training

[ S22 R MAE MSE ESE
12 09969 58513  63.677 7.9798
12x12 09995 21863 109691  3.312
12x12x8 09997 14770 55053 23463
9x11x12x12 09997 1.6695 6.6039 25698
12x11x10x12x11 09996 17680 73263  2.7067
12x12x12x12x12x12 09997 1.5030 56700  2.3812
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Fig. 5 Correlation between predicted and experimental values of true stress by different models
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