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Abstract

A gearbox fault diagnosis method based on a support vector machine classification algorithm is
proposed to address the issue of low efficiency and weak functionality caused by the need to study
equipment mechanisms for existing gearbox fault evaluation. Firstly, the vibration signal data col-
lected by the sensor is analyzed and relevant features are extracted. Then, the time series func-
tions of vibration signals of different sensors in different states are drawn, and the characteristics
of these functions are briefly analyzed. Secondly, two characteristic variables, mean and variance,
are extracted from the data to describe the overall trend of vibration data, as well as kurtosis and
skewness, which are important for determining gearbox gear faults. Feature data calculations are
performed on each set of data using MATLAB and SPSS PRO. Finally, three classification algorithms,
namely isolated forest, naive Bayes, and support vector machine, are used to solve the model for
the dataset. Then, by comparing the accuracy, recall, and fit between the test and training sets of
the three algorithms, the optimal fault detection performance of the support vector machine clas-
sification algorithm for the gearbox is obtained.
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Figure 1. Model flowchart of the isolated forest algorithm
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Figure 2. Model flowchart of naive Bayesian algorithm
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Table 1. Partial vibration signals collected under normal working conditions of the gearbox
=1 ARBEESTATREZNBORNES

sensorl Sensor2 sensor3 sensor4
1 0.0158906 0.0128281 0.0524688 5.00525
2 —0.0421406 0.0036875 —0.0527969 5.00525
3 0.03225 -0.0147031 0.0178906 5.00525
4 -0.0129688 —0.00684375 -0.0100313 5.00525
5 —0.0190625 0.0107969 0.0679688 5.00525
6 0.00464063 0.000140625 —0.00426563 5.00525
7 0.00798438 —0.0023125 —0.00760938 5.00525
Table 2. Partial vibration signals collected under fault state 1
2. BPERES 1 TREFNT O RIES
No sensorl sensor2 sensor3 sensor4
1 0.0005 0.0100781 0.0150313 5.00175
2 —0.0164688 —0.0217031 0.0197813 5.00175
3 0.00732813 0.00728125 0.0119063 5.00175
4 0.00460938 0.00645313 —0.0095 5.00175
5 0.0251406 0.0214531 0.00175 5.002
6 —0.0670156 -0.0088125 -0.00282813 5.002
7 0.00570313 —0.00735938 —0.00090625 5.00175
Table 3. Partial vibration signals collected under fault state 2
T 3. WS 2 TREZNHHRINES
sensorl sensor2 sensor3 sensor4
1 0.0301719 0.00289063 0.0403438 5.00325
2 0.0253906 —0.0180781 0.0295156 5.003
3 —0.00329688 —0.00414063 0.00660938 5.003
4 —0.0719219 —0.00434375 —0.02725 5.00325
5 -0.0266563 0.0195781 0.00460938 5.003
6 0.0555156 0.0237813 -0.00110938 5.0035
7 0.0304063 -0.0080625 0.00471875 5.004
Table 4. Partial vibration signals collected under fault state 3
e 4 BPERTS 3 TREFNH I RINES
sensorl sensor2 sensor3 sensor4
0.0333594 —0.0184844 0.02875 5.00275
—0.0342031 0.000421875 0.0132813 5.00325
0.0154375 -0.001875 0.017625 5.00375
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4 —0.0103594 0.0227656 —0.0370781 5.00475
5 —0.012375 —0.0199219 —0.0230313 5.0055
6 0.0165469 —0.00453125 —0.00301563 5.006
7 0.00879688 —0.00714063 0.0685469 5.00625
Table 5. Partial vibration signals collected under fault state 4
= 5. HIERTS 4 TREZNHHRINES
No sensorl Sensor2 sensor3 sensor4
1 0.0262813 —0.00629688 0.0390156 5.00475
2 0.0321719 0.0008125 —0.00459375 5.005
3 —0.0530781 0.0254219 —0.0174531 5.005
4 —0.0538125 —0.00453125 —0.0239844 5.005
5 —0.00598438 —0.0103281 0.0693594 5.005
6 0.0104219 —0.0166875 —0.00329688 5.005
7 —0.0146875 0.00464063 —0.036375 5.00525
Table 6. Partial data after labels
6. REERH S BIE
sensorl sensor2 sensor3 sensor4 label
0.015891 0.012828 0.052469 5.00525 0
—0.04214 0.003688 —0.0528 5.00525 0
0.03225 —0.0147 0.017891 5.00525 0
—0.01297 —0.00684 —0.01003 5.00525 0
—0.01906 0.010797 0.067969 5.00525 0
0.004641 0.000141 —0.00427 5.00525 0
0.007984 —0.00231 —0.00761 5.00525 0
—0.02672 0.001656 0.009313 5.002 1
—0.07889 —0.01736 —0.04166 5.00225 1
—0.02125 —0.03292 —0.02936 5.002 1
0.028031 0.016438 0.010344 5.00225 1
0.081344 0.010109 0.023766 5.002 1
0.008484 0.018156 0.030344 5.002 1
—0.03786 —0.00544 —0.03494 5.002 1
—0.01747 —0.00236 0.02475 5.004 2
—0.01355 0.013422 —0.0525 5.00325 2
—0.03339 0.018688 0.036078 5.00325 2
0.041313 0.019469 0.017813 5.00325 2
—0.001 0.006359 —0.00634 5.00325 2
—0.00936 0.021984 —0.03022 5.00325 2
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0.000516 —0.00011 0.042188 5.0035 2
0.023734 0.023734 0.027375 5.0285 3
0.046484 0.026313 —0.02438 4.9685 3
0.01525 —0.00308 —-0.01581 5.0685 3
-0.06122 —0.05052 —0.00467 4,90525 3
—-0.05677 —-0.01256 —-0.02478 5.16475 3
0.041203 0.001875 0.013766 474125 3
0.041266 0.008078 0.023688 5.50525 3
—0.10467 —0.00884 0.029516 5.0005 4
—0.0388 —-0.01134 —0.02344 5.0005 4
0.064688 0.026297 0.021 5.0005 4
0.089594 0.000141 —0.02586 5.0005 4
—0.03778 —0.00564 0.01875 5.0005 4
—-0.1003 —-0.00192 0.000109 5.00025 4
—-0.0307 0.016969 0.000328 5.00025 4
3.2. IR E X
FIFI MATLAB AT ARIER R, 5100 T 4509 7. 143 B
Table 7. Results of gearbox fault detection model based on isolated forest algorithm
= 7. BTN AMEARNSR AR NERESR
roundl round2 round3 round4 round5 round6 round7 round8 round9 roundl0
auc 0.54557 0.54172 0.53966 0.54946 0.55323 0.54829 0.54264 0.54401 0.54401 0.53712
AUC
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Figure 3. AUC probability distribution trend of gearbox fault
detection model based on isolated forest algorithm
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Table 8. Gearbox fault detection model results based on support vector machine algorithm
2 8. ET T HEENEENEREHIERMIERILER

W Bl B F1
I 0.792 0.792 0.679 0.711
W4E 0.793 0.793 0.679 0.713
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Table 9. Results of gearbox fault detection model based on naive Bayesian algorithm
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HERf2R BHEZE B F1
pIIEES 0.802 0.802 0.643 0.714
M4E 0.796 0.796 0.633 0.705
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