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Edge intelligent fault diagnosis method in the application of gearbox
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Abstract: To address the problems such as difficult data transmission and storage due to the large amount of operational status monitoring
low-value density data, poor real-time performance of fault identification due to bandwidth impact, and the difficulty of deploying
effectively large and deep learning models to edge-side hardware, this study proposes a gearbox edge intelligent fault diagnosis method
based on multiplicative-convolutional network (MCN). Firstly, motivated by the merits of feature representation in signal filtering and
feature extraction in deep learning, a lightweight MCN model is formulated. Secondly, a set of end-side edge intelligent processing unit
prototype is made by using the embedded microcontroller unit. The system can be deployed directly at the edge of the gearbox, where the
parameters of the MCN-based edge model can be trained and updated on the cloud side and deployed to the edge. The edge-side
completes data acquisition, processing,and fault status identification, which can consume a large amount of sensor data directly. The
experimental results show that MCN has an average recognition accuracy of 99. 75% , and the gearbox edge intelligent diagnosis system
deployed with MCN can accurately identify the fault state at 0. 696 s.
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Fig. 1 The structure of MCN
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Fig.2 The flow chart of gearbox edge intelligent diagnosis

system based on MCN
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Fig. 6 Classification accuracy comparison for different methods
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Ne + Nr
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Table 2 Offline accuracy verification results

Tm YEUEREAR ERAE HRRADNEL R
B (Nr) (Ne)  (Ace)/%
200 rpm 150 148 2 98.6
300 rpm 150 150 0 100
500 rpm 150 150 0 100
700 rpm 150 150 0 100
900 rpm 150 150 0 100
1 100 rpm 150 150 0 100
IR APl R ) R 1 T ik, Tang 25 BOBF ST 56RA T

Bt B2 1 53 A — BOCHE P X AR AR i s RS 1Y)
BRHZ —, B, R T 5B 200 rpm FORS BE 8K Y
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1 100 rpm Hsf 4 45T 1 B 43 A7 175 O, 45 SR an /&1 7 Wi, 7l
DL B, FEARRES 3 40 200 rpm R 530 9 5 i 28 A0 7y 4 i
WEEL 3 A5 X HE B 5 340 1100 rpm — PR 2% | X A4 A
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i MCN TR BEEAIG . 5381, 20 A BHie 7 A 2 s st 4
AT — B2 1 5 A, 76 200 rpm B T30 B i B 145 %6 14 v i)
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(a)200rpm ﬁmiﬂ%ﬂﬁﬁﬁg (b)llOOrpm fﬁﬁill’i‘éﬂ‘]iﬁtg

(b) Spectrum amphtude distribution at
1 100 rpm for tooth surface spalling

(a) Spectrum amplltude distribution at
200 rpm for tooth surface spalling
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(c) Spectrum amplitude distribution at ~ (d) Spectrum amplitude distribution at
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Fig.7 Comparison of spectrum amplitude distribution

at two speeds
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Fig. 8 Real-time fault identification experiment
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Table 3 Comparison of fault classification accuracy

between two groups

LERING SRR T SRAEREE T
HHAME R HHAMER
(e85 0. 000 050 0. 000 027
PR 0.999 947 0.999 972
VTR % 0. 000 003 0. 000 001
=y 0. 000 000 0. 000 000
Wikt 0. 000 000 0. 000 000
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2.231 s, di B9 80. 6% , ASTa] AV AL A& 26 R AR KU
S 2H B S AR 0. 696 s 2245 R 2H S0 6 S ) e
XF HEEE RN 4 PR

x4 FWHIWSAEISLE
Table 4 Comparison of real-time performance

between two groups
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i RAsEA R
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Table 5 Lightweight comparison of models

pom [ - FLOPS FLASH RAM

/MB /kB /kB
CNN 5 181 317 17.74 728. 68 385.25
ResNet18 18 3851269 175.35 15001.60 196.02
MLP 7 1751 173 1.75 6 840. 32 10. 02
LeNet 5 3327 0.29 13. 00 48.12
MobileNet 54 2229701 97. 46 8642.56  316.02
LCNN 9 65 726 22.26 249. 88 409. 49
VGG16 16 37965701 6965.69 90 767.36 644.02
MCN(4 #%) 3 5197 1.31 19. 82 36. 04
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Table 6 The influence of the model parameter number

on the model lightweight

Wk WP TLASH RAM
M HERBE % o o
4 96.38 5197 19.82kB 36.04 kB
8 96. 81 6 997 37.13 kB 68. 02 kB
16 97.01 10 597 71.75 kB 132.02 kB
32 98. 50 17797 141.00kB  260.02 kB
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