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Table 1 The results of cross-validation

Hidden unit 1 2 3 4 5
Mean square error 0.16 0.089 0.0079 0.010 0.0095
Hidden unit 6 7 8 9 10
Mean square error ~ 0.0103 0.011 0.0096 0.0095 0.0095
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Fig.1 Comparison of logsig functions with different exponent coefficients
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Table 2  The statistical results of air-knife parameters and zinc layer weight

Operation Variable Maximum value  Minimum value Mean Standard error
Air-knife pressure (kPa) 46.998 7.500 25.786 77.59

Input Distance from air-knife to strip (mm) 32.20 9.99 14.29 3.95
Galvanizing set velocity (m/min) 150.00 37.78 113.98 26.51

Output Mean of zinc layer weight (g/m?) 149.00 40.00 85.84 20.72
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Fig.2 Neural network structure before pruning
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Fig.3 Neural network structure after pruning
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Table 3 The overcast ratio of samples

Class Training Testing Overall
Zinc weight=115 36/38 17/18 53/56
80<Zinc weight<115 517/540 256/269 773/809
Zinc weight<80 166/178 81/89 2471267
Overall 719/756 354/376 1073/1132
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Table 4 Comparison with RX (rule extraction) method

and SRE (structure-based neural network rule
extraction) method

Structure-based neural Rule
Class . - Proposed
network rule extraction  extraction
. . 53/56 53/56 53/56
>
Zinc weight=115 (94.6%) (04.6%)  (94.6%)
. . 646/809 757/809 773/809
<
80<Zinc weight<115 (79.8%) (93.5%) (95.5%)
. . 242/267 218/267 247/267
z h
inc weight<80 (90.6%) (BL6%)  (92.5%)
941/1132 1028/1132  1073/1132
Overall
(83.1%) (90.8%) (94.8%)
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Strip Hot-dip Galvanizing Quality Monitoring Model Based on Neural Network Rule Extraction
WANG Jian-guo*?, YANG Jian-hong®, ZHANG Wen-xing?, XU Jin-wu'

(1. Mechanical Engineering School, University of Science and Technology Beijing, Beijing 100083, China;
2. Mechanical Engineering School, University of Science and Technology Inner Mongolia, Baotou, Inner Mongolia 014010, China)

Abstract: To overcome the difficulty of production quality monitoring model based on traditional neural network which is usually used
poorly, a strip hot-dip galvanizing quality monitoring model based on neural network rule extraction is proposed. Taking the quality
monitoring of zinc coating weight in strip hot-dip galvanizing as the investigated subject, the sample datasets are trained by neural
network rule extraction method to obtain the quantitative relationships in the form of knowledge rules among input variables (such as the
parameters of raw materials and control parameters of production) and output ones (the quality parameters), with which the production
control parameters can be set and updated easily. 756 training and 376 testing examples are chosen as variables of the network. The
results show that the new model has a rule-overcast-ration of 94.8% and has provided an effective tool for auto-control of product quality,
because in the new model the range of each input variable can be readily set up based on the target range of the output variables.

Key words: neural network; rule extraction; strip hot-dip galvanizing; quality monitoring



