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Fault diagnosis of harmonic reducer based on multiple feature spaces

adaptive network
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(1.Chongqing Engineering Laboratory for Transportation Engineering Application Robot, Chongqing Jiaotong University,
Chongqing 400074, China; 2.Chongqing Robotics Institute, Chongqing 400714, China)

Abstract: Due to the differences in data distribution caused by different locations of multiple measuring points, the fault diagnosis
of the harmonic reducer is often ineffective. A fault diagnosis method for the harmonic reducer, based on a multiple feature spaces
adaptation network (MFSAN) , is proposed. Firstly, the vibration signal of the harmonic reducer is transformed using continuous
wavelet transform to construct a time-frequency diagram that characterizes its operational state. Secondly, the data measured by
sensors at different positions are divided into multiple source domain and target domain data, which are mapped to different feature
spaces to obtain feature representations for each measuring point position. Then, the adaptive network is used to automatically
transfer the knowledge learned from the source domain to the target domain features and automatically align the feature distribution
of a specific domain to learn multiple domain-invariant representations. Finally, a domain-specific decision boundary is used to align
the output of the classifier, effectively solving the data distribution differences caused by sensor location. Experimental results of
harmonic reducer diagnosis of an industrial robot show that the identification accuracy of this method is 99.72% , which is higher

than that of other comparison methods. The effectiveness and feasibility of this method are thus verified.
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Fig.1 Multiple feature spaces adaptation network structure
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Tab.1 Data sample set of harmonic reducer
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B—C 94.17 C—>B 77.50 C—A 58.33
A—C 65.83 A—B 64.17 B—A 40.83
ResNet 60.42 92.25
B—C 80.83 C—B 69.17 C—A 41.67
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Tab.3 Classification accuracy under different batch sizes

Gy JEUER A/ Y
E(i N
MEFSAN DAN DDC  ResNet DSAN
8 97.50 96.67 93.38 92.83 93.23
16 98.33 95.83 91.20 90.25 94.31
32 100 96.97 94.70 93.33 95.83
40 96.67 88.33 86.67 80.42 88.64

£4 FELIRTHHLEBRE

Tab.4 Classification accuracy under different learning

rates
SrRUER R/ %

Rk
MFSAN DAN DDC ResNet DSAN
0.1 95.68 86.67 80.83  73.56 77.56
0.01 96.36 96.67 94.70  77.50  80.23
0.001 98.33 93.26  89.85  84.17 90.34
0.0001 84.17 81.67 76.67 8541 95.83
0.00001 83.37 79.58 64.58 93.33  87.15

3.4 100% i#HFEETRWER RS
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Tab.5 Classification accuracy at 100% full speed

‘ IR %
0k
AB>C A.C>B B.C>A FE¥H
MFSAN 100 99.83 100 99.94
DAN 94.17 96.67 82.50 91.11
DDC 70.42 95.42 60.42 75.42
DSAN 96.25 92.92 80.83 89.33
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