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Steel quality prediction based on improved ensemble learning algorithm

LIANG Bode, WANG Ruimin, SUN Jianzhi
(College of Computer Science, Beijing Technology and Business University, Beijing 100048. China)

[ Abstract] Steel surface quality is not qualified will reduce the strength of steel, and even safety accidents. In order to diagnose the
steel quality online, a steel quality prediction model was established based on the actual production data collected. Based on the
feature extraction algorithm to find out the key process parameters affecting the quality of steel, and by analyzing the potential
relationship between the process parameters and the quality of steel, an integrated learning algorithm for predicting the quality of
steel was proposed. The ensemble learning algorithm uses heterogeneous bagging method to generate individual classifiers and adopts
a binding strategy with bias. The experimental results show that the improved scheme can effectively improve the classification
performance and stability of the integrated model, and has a high accuracy in steel quality prediction. The mean prediction accuracy
of the model is 91.4% , and the variance is 5.1% , which can be applied to actual production.
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Fig. 1 Data collection process
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Fig. 2 Feature extract process
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Tab. 2 Comparison of generalization performance between basic

classifier and PHB algorithm

Mean Std Mean-2 #* std Mean+2 * std
PSR 82.15 9.40 63.43 100.00
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K 34 80.20 7.60 65.04 95.36
B 83.20 8.00 67.29 99.11
BP #Z M4 83.80 6.70 70.45 97.15
PHB % 91.40 5.10 81.29 100.00
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