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Abstract

The gear box is a mechanical device used to increase the output torque or change the speed of the
motor, which is widely used in mechanical equipment such as automobiles, conveyors and fans.
During the operation of the gearbox, the vibration signal collected by the acceleration sensor can
be used to judge whether the gearbox is abnormal. The traditional method of analyzing the data
takes a lot of time, and instead, the machine learning diagnosis method can effectively diagnose
and predict the problem data to judge the mechanical failure. To solve this problem, this paper
puts forward three classification models based on support vector machine (SVM), decision tree
classification and BP neural network classification, establishes the fault data classification model,
classifies and compares the fault data respectively, and finally obtains the best classification model.
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Figure 1. Support vector machine architecture
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2.1.2. B5F SVM

FiolE SVM R HE T 0428 I B T B, o0 BT AR 22 40 K L. B FEARME SVM (R Eiety
7 AL R 2 AN R SR T DASEIRE AR I 2 0 28, @ IMSEHLA “ — X £ (one-against-all)” F1 ¢ —Xf —
(one-against-one)” [3]. —X}% SVM X m Nr2EH L m MREID R, B RED R AT N H 4
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Figure 2. Multilayer neural network topology
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Table 1. Sensor data analysis

=1 RSB S

' T IR 1 LIRS 2 L% 3 TRIRES 4
- - Max = 0.121 Max = 0.049 Max = 0.094 Max = 5.501
Min=-0.132 Min =—-0.053 Min =—-0.097 Min =—-0.284
N Max =0.152 Max = 0.005 Max = 0.127 Max = 5.509
i Min =—-0.133 Min =-0.061 Min=-0.119 Min =-0.235
Y Max = 0.127 Max = 0.057 Max = 0.105 Max = 5.511
I Min =-0.129 Min = —0.049 Min =-0.102 Min = —0.237
- Max = 0.130 Max = 0.053 Max = 0.102 Max =5.51
= Min=-0.126 Min =-0.061 Min =-0.114 Min =-0.229
Max = 0.159 Max = 0.074 Max = 0.126 Max = 5.505
e Iy _
Min =-0.151 Min =-0.062 Min=-0.114 Min =-0.231
Table 2. 12 groups of gearbox fault states
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Figure 4. SVM prediction graph
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Figure 5. Scatter diagram
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Figure 6. Minimum classification error
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Figure 7. ROC curve
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Table 3. Decision tree data classification of gearbox

= 3. WRARRWEIE S 2

WHEAH 0 IEH 1 ke 1 2 W 2 3 Wk 3 4 Wik 4
WHAE 1 91 77 682 119 31
VikeHH 2 100 735 73 58 31
WA 3 791 64 70 28 49
WHEHH 4 759 74 44 32 39
ViR 5 95 731 61 80 33
WHHH 6 97 60 708 106 30
WiesE 7 161 321 63 27 428
Vike A 8 189 61 71 20 659
vikeRE 9 72 154 120 633 20
VifeAH 10 91 157 134 590 27
WA 11 186 61 86 24 642
Yk A 12 228 551 75 47 99
¥ IR B EHE AT AT AL B 4 R 4] 8-
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Figure 8. 12 groups of gearbox data classification diagram
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Table 4. Classification of decision tree algorithm for gearbox fault state
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Figure 9. Fault trend line chart
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Table 5. Classification of gearbox fault state by BP neural network
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