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Wear Detection on Cutting Tools Based on Wavelet Neural Network

Huang Hua Li Aiping
(Tongji University, Shanghai 200092, China)

Abstract

Wavelet neural network (WNN) is used widely in tool wear detection, but the curse of
dimensionality and shortage in the responding speed and learning ability is brought about by the
traditional models. An improved WNN algorithm which combined with modified particle swarm
optimization (PSO) was presented to overcome the problems. Based on the cutting power signal, the
method has been used to estimate the tool wear. The Daubechies-wavelet was used to decompose the
signals into approximation and details. The energy and square-error of the signals in the detail levels
was utilized as characters which indicated tool wear, the characters were input to the trained WNN to
estimate the tool wear. Compared with BP neural network, conventional WNN and genetic
algorithm-based WNN, a simpler structure and faster converge WNN was obtained by the new
algorithm, and the accuracy for estimate tool wear has been tested by simulation and experiments.
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Fig.1 Principle of tool monitoring
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Fig.2 Wavelet decomposition (V' =0.03 mm)
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Tab.1 Example of experimental data

5= E, E, E; E, o1 oy o3 N V /mm
1 0.0310  0.0652  0.2101  0.1993  0.0052  0.0081  0.0101  0.0142  0.033 1
2 0.0185  0.0540  0.1523  0.2101  0.0048  0.0070  0.0120  0.0183  0.0810
3 0.0221  0.0523  0.1450  0.23¢8  0.0038  0.0085  0.0115  0.0149  0.110 1
4 0.0192  0.0610  0.1625  0.3301  0.0043  0.0078  0.0124  0.0174  0.1287
5 0.0242  0.0553  0.1422  0.2506  0.0050  0.0075  0.0118  0.0167  0.1340
6 0.0211  0.0622  0.1820  0.3289  0.0041  0.0085  0.0144  0.0187  0.1424
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Fig.3 Graph of wavelet neural network
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Fig.4 Process of MPSO - WNN algorithm
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Fig.6  Comparison of accuracy with different methods
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