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Fault Diagnosis of Aluminum Ingot Demoulding Based on RBF Artificial

Neural Network Evaluating Feature

HUANG Jiangcheng' SHEN Tingjie' ZHANG Chi®

(1. College of Atrtificial Intelligence and Big Data Chongging College of Electronic Engineering Chongqing 401331 China;
2. College of Mechanical Engineering Dalian University of Technology Dalian 116024 China)

Abstract: Because the bonding of aluminum ingot with container wall may occur in the process of demoulding electrolysis

aluminum a novel model of fault diagnosis is established based on the feature evaluation. The original knocking signals are

processed by empirical mode decomposition ( EMD) thus providing 8 intrinsic mode functions ( IMF). Then time domain

dimensionless features are selected from 8 IMF and original knocking signals and ordered by magnitude of sensitivity those features

are input to RBF neural network thus selecting the sensitive features and finishing RBF neural network training too. The model is

verified by the test signal sensitive features it is found that it not only can be used to choose the sensitive features from a large

number of the features so as to reduce the number of weft artificial neural networks but also to accurately diagnose the failure in

aluminum ingot demoulding process and it diagnostic accuracy is 100%.
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