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The dynamic characteristics of industrial processes frequently cause an abnormal situation

which is undesirable in terms of the productivity and the safety of workers. The goal of fault-

tolerance is to continue performing certain activities even after the failure of some system

components. A fault-tolerant intelligent monitoring and control system which is robust under

disturbances is proposed in this paper. Specifically, the fault-tolerant monitoring scheme proposed

consists of two process models and the inference module to preserve such a robustness. The

results of turning experiments demonstrate the effectiveness of the fault- tolerant scheme in the

presence of builtup edge.
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Table 1 Correct recognition rate for tool wear monitoring

Conventional Turning Diamond turning
Workpiece AISI4340 Al6061-T6
Tool Kennametal TPGF-322 K68 Kennametal TPG321
Cutting speed, m/min 76.2~106.7 191.5
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Table 2 Correct recognition rate (%) for tool wear monitoring.
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