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ABSTRACT: In order to predict surface roughness of the workpiece accurately, an approach for surface roughness prediction in
machining based on multi-sensor fusion considering energy consumption is proposed. The power signal and the vibration signal
of the turning process were collected firstly. Surface roughness was measured. The time domain and frequency domain charac-
teristics of the vibration signal were extracted by using the EEMD and wavelet packet analysis. And the vibration features with
the time domain feature of power signal, energy features and cutting parameters constructed the joint multi-eigenvectors. Then

the KPCA was used to fuse the joint multi-eigenvectors to generate the fusion feature. Finally, the fusion feature was taken as
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the input characteristic of the SVM-based surface roughness prediction model. In addition, GA was used to optimize the relevant

kernel parameters of SVM model to improve the prediction accuracy. For the prediction results obtained by multi-sensor fusion,

the mean relative error was 4.91%, the maximum error was 0.111 pm and the prediction time was 9.24 seconds. The experi-

mental results showed the proposed method had the highest prediction accuracy compared with the joint feature and single sen-

sor. A comparative study with multi-sensor joint feature prediction method and signal-sensor feature prediction method shows

the information collected by multi-sensor is more comprehensive and accurate, which ensures prediction accuracy and the pre-

diction accuracy can be further improved by fusing the features.

KEY WORDS: energy consumption; multi-sensor fusion; surface roughness; prediction approach; KPCA; SVM
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/(rmin ") /mm (mm-r ) /um /(J-mm ) (r'min ) /mm (mm-r ) /um (Jrmm ~)
1 900 0.05 0.05 0.792 23.74 15 1100 0.15 0.09 1.514 5.52
2 900 0.05 0.06 0.874 15.56
3 900 0.05 0.07 0.970 13.51 114 2000 0.15 0.08 1.290 6.54
4 900 0.05 0.08 1.149 13.47 115 2000 0.15 0.09 1.322 6.13
5 900 0.05 0.09 1.468 10.17 116 2000 0.2 0.05 0.747 9.37
6 900 0.10 0.05 0.834 11.94 117 2000 0.2 0.06 1.144 7.43
7 900 0.10 0.06 0.887 9.57 118 2000 0.2 0.07 1.136 6.67
8 900 0.10 0.07 1.038 8.59 119 2000 0.2 0.08 1.230 5.78
9 900 0.10 0.08 1.349 8.91 120 2000 0.2 0.09 1.329 5.64
10 1100 0.10 0.09 1.518 7.69 121 2000 0.25 0.05 0.838 6.70
11 1100 0.15 0.05 0.914 8.07 122 2000 0.25 0.06 1.092 5.83
12 1100 0.15 0.06 1.044 6.45 123 2000 0.25 0.07 1.134 4.55
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14 1100 0.15 0.08 1.358 5.20 125 2000 0.25 0.09 1.357 4.29
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Tab.5 Theindex for features

Index Feature
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Index Feature
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73 Peak value Pl The maximum value
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The minimum value of power
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Fig.12 The comparative results of different prediction methods
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Tab.6 The prediction precision of different
prediction methods
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