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and Variable Weighted EEM
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[ Abstract] Many key variables in the modern industrial production are elosely related to the product quality or production
efficiency.Monitoring such key variables on a regular basissis an,effective method of maximizing profits, saving energy, and
reducing consumption.This study presents a regression predietion model based on a Stack Supervised Auto-Encoder(SSupAE )
and a variable weighted Extreme Learning Machine (vwELM ) to address problems such as inaccurate feature extraction and
low prediction accuracy in regression prediction tasks.First, the Stacked Auto-Encoder( SAE) is trained in a supervised manner
by stacking multi-layer Auto-Encoders( AEs)‘and,adding a regression network to each layer of the AEs, to obtain the output-
related feature representation.Then, the parameters of the SSupAE network are fine-tuned by applying back-propagation to
optimize the model parameters of the AEs.Finally,the correlation between the extracted features and the output variables are
analyzed, and the input weight and biastof the Extreme Learning Machine( ELM ) are weighted to obtain the predicted results.
The experimental results show that.,compared with those of the regression prediction model based on the ELM and SAE-ELM,
the Root Mean Square Error( RMSE)uof the proposed model on the G6 product dataset of polycrystalline silicon ingots is
reduced by 0.056 7 and 0.011°2,and the coefficient of determination(R?) is increased by 0.489 3 and 0.290 3, indicating that
the proposed model hasibetter regression prediction accuracy,robustness, and generalization performance.
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Table 2 Comparison of regression prediction results on public dataset

R 4R A 8 bR ELM SAE-ELM SAE-vywELM SSupAE-ELM  SSupAE-vwELM
RMSE 0.967 7 0.604 8 0.401 8 0.2910 0.277:2
Abalone R? 0.898 3 0.924 2 0.9353 0.941 5 0.942 3
B AT /s 7.950 1 8.1598 8.098 0 9.1222 12.641 6
RMSE 0.0317 0.031 1 0.029 1 00278 0.027 1
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RMSE 0.1229 0.107 2 0.094 5 0.070 3 0.066 8
Bank R? 0.784 1 0.930 0 0.936 6 0.935 8 0.950 1
B 47 [ /s 10.103 9 14.854 7 13.132 8 13.050 5 15.507 4
RMSE 0.016 2 0.0156 0.014 8 0.012 8 0.009 0
Computer Activity R2 0:792 8 0.803 8 0.820 7 0.857 4 0.901 2
& A7 I lds 15.842 4 30.932 0 34.794 5 41.997 3 48.603 4
RMSE 1.490 7 1.023 5 1.006 6 1.001 0 0.965 0
Kinematics R> 0.9123 0.958 7 0.960 1 0.970 4 0.978 7
B4 AhE] /s 16.834 3 29.5332 30.913 2 33.477 4 35.848 8
RMSE 0.208 7 0.205 8 0.193 7 0.171'5 0.168 8
Wine Quality R? 0.987 1 0.990 7 0.9919 0.993 6 0.999 1
BATRE] /s 8.313 4 18.3279 19.618 3 21.2142 28.336 1
RMSE 0.7399 0.5135 0.340 2 0.3357 0.308 2
Yacht Hydrodynamics R? 0.983 1 0.988 1 0.988 6 0.992 6 0.996 4
AT A /s 1.844 2 2.5382 2.799 0 1.828 9 19175
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Fig.10 Comparison between predicted values and actual

values on the test set
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Table 3 Partial G6 data examples

R R P

TR HE A R A o

sasn e T T e gy PR A
400 25 50 30 175 225 190 6.45
430 25 25 25 0 60 200 6.51
290 25 0 0 205 30 180 6.62
260 25 20 30 215 190 190 6.74
300 20 50 40 145 130 210 6.70
270 25 20 20 205 30 170 6.95
40 25 25 40 195 215 190 6.56
50 25 50 40 100 30 160 6.70
400 25 0 40 30 0 190 6.79

W 22 SRk TR B IR 4 81 2 43 M VIl 2 g I iR
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Kot fe L IEAT S L, S IR A5 R KA T /R &
x4 ZREHREESEREEENE R
Table 4 Comparisoniof regressionyprediction results

on polycrystalline siliconiingot dataset

L BN A R
RMSE, 0.0934 0.0479 0.0460 0.0376 0.0367

G6 R? 0.1215 03205 03550 0.6044 0.6108
iz frAflEl/sd 1.4194 3.0598 3.5042 28903 4.2704

RMSE  0.0525 0.0480 0.0470 0.0433 0.0417

G7 R? 0.2195 03261 03354 04792 0.5167
iEfrAfE/s 2.0176 3.5653 3.6451 20692 4.0187
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