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A multi-task fault diagnosis method of rolling bearings based on the residual network
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Abstract:  The current technology in the diagnosis of rolling bearing fault diagnosis based on deep learning can only
handle a single task. To solve this issue, a multitasking residual network-based fault diagnosis method for rolling bearings
was proposed, which adopts the deep residual network for feature extraction and shares the main frame, to establish a
model for fault diagnosis of many tasks at the same time. First of all, in data preprocessing, the time domain signal of
vibration acceleration of rolling bearings is converted into a spectrum graph and directly used as the input of the network.
Then the fault category labels are smoothed by label smoothing technique to improve the testing accuracy of the network.
Finally, two sets of actual rolling bearing fault data sets were used to verify the established multitask model, and the
diagnosis tasks were divided into: fault state identification ( normal and abnormal) , fault position identification ( inner
ring, outer ring, and rolling body faults) , and fault degree identification ( damage size prediction) . Results show that the
accuracy of the proposed multi-task model in fault state identification and location diagnosis reaches more than 97% .
Meanwhile, the damage size prediction achieves satisfactory accuracy in fault identification, which fully shows that the
proposed method has strong multi4ask fault diagnosis capability.
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Fig.2 Network model structure
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Tab.1 Rolling bearing information from Western

Reserve University dataset

S AR/ AME R RERER W RIR
( SKF) mm mm mm mm mm g
6205 25 52 15 7.94 39.03 9
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Tab.2 Data set of rolling bearing information of

Nanjing University of Aeronautics and Astronautics

WA, AMRL RN RIKEAR, YRS RER

mm mm mm mm mm %{

6206 30 62 16 9.5 46 9
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Tab.3 Bearing fault characteristic frequency
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Fig.3  Vibration signal sampling
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Tab.4 Sample information of the data set

i Lo FEA (T N
R P HIES it % mm
B T 1148 492 0 0
286 151 1 0.177 8
287 153 1 0.3556
el 281 160 1 0.533 4
283 156 1 0.711 2
283 154 2 0.177 8
i ik 284 156 2 0.3556
282 154 2 0.533 4
284 151 2 0.711 2
288 151 3 0.177 8
N 282 155 3 0.3556
287 155 3 0.533 4
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Tab.5 Information of the Resnet

45 S LT AN
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[(3x3,512 ] x2
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Fig.5 Diagnostic outcome
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Fig. 6 Damage size prediction results
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Tab.6 Network diagnostic results

" IRZSTR A FAL I R4 %t .
B el g W% iRt s/mm VIR
AX 100,00 100. 00 0.003 5 0.003 5
CNN  99.69 99.23 0.034 5 0.042 2
DNN  99.13 98. 63 0.096 2 0.109 9

26 PSE UL, M L H Al P AR 24T 55 5% 22 W
ERABIIRY AR SO 22 AT 55 % 25 9 245 R R A 43 2RS4t
iR /NP i T A S . R AR 5 /N
W7 T ARSC A Fe KL X 25 46 XHE 6 =0.003 5, i H:
Mk R B U A X R 0. 034 5, 249 g AR ST 1Y
10 1%, FEHMIE R T A SCRE A b
2.2 EEMEMRREHEINENMEZIIEFE
PR 30 25 H PR IR I B2 T

A6 FH 2 i i e 1 A L 358l ML (9 A 28 & sl
PRI A% L AT002 fif B FE ££ g L IM5937 Bh& 15
ST R G . AL RIS K S TR
o #iw SOFE I 8 o 3o B A Sk e A 6 BN T PR L %
RIS F &L 13 il il 1 S A B S & bl iR
-5 Be A A0 R Wi 23 ke s LR Sl A5 5 7R AL i o 7R v

IR o IR L T 9 4~ HRB 6206 ¥4 34 Bkl
TR K L AL L DRI B, N e A1 Bl B A 18l 26 1
S3BIINT Y O A AN [ 58 R Y U1 R e A5 4DUA [m] i o X
SELMAE G AR S 1.0 mm, 1. 4 mm, 1. 8 mm Al
2.2 mm, WEIN TR 8 iR, IR AR IR EE A
O AMhR , F) 2 e A i 00 e il s LI B B 5 R
AKAPI7I] E R 3 A i R A g R AR R S 1R 5, A A
ek bz E R 5 g B 3 9] S 1000 r/min,
1 500 r/min,2 500 r/min,3 000 r/min, FHFEHIREE
732 kHzo RIS EL L SN R B0 {5 S AT 2 & Sl
G R AR R B R AR SO T A K S LIR
St RZ Wb B A RO, AR SOk R A S LI Y 2
BN EE D AT W

K7 s A shiflids s

Fig.7  Acro-engine rotor tester
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Fig.8 Processing details of bearing fault
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Fig.9 Training target parameter change curve
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Fig. 10  Fault size prediction results
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Fig. 11 Fault state diagnosis results

RPN G AT AR

Fig. 12 Fault location diagnosis results
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Fig. 13 Fault size prediction results
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Tab.7 Network diagnostic results

VN8 99.11 99. 05 0.020 0.038 4
CNN 96.67 94.15 0.120 0.211 8
DNN 93.55 90. 53 0.262 0.4212
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Tab.8 Network test results

- REWRH] FBA2 W

) >
R KR 1% K 1% §/mm v
AL 94.03 94.51 0.356 7 0.471 3
CNN 90. 26 91.12 0.523 6 0.709 8
DNN 80.06 80.13 0.647 8 1.045 9
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Fig. 14 Inner ring fault size prediction results
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Fig. 15  Outer ring fault size prediction results
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Tab.9 Statistics of damage size prediction results

R ~F N z=1.8 mm AN z=1.4 mm
T BEAE  EAW/%  REAR HAH/%
220. 1 1520 50. 67 2 557 85.23
220.2 2330 77. 65 2 831 94. 36
220.3 2 666 88. 85 2 943 98. 10
220.4 2972 99.05 2 984 99.45
HAth, 28 0.93 16 0.53
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Tab.10 Network test results after adding noise

RSP A2

g KR 1% K 1% 8/mm v

ViNg'q 92.56 92.78 0.413 6 0.560 2
CNN 84.46 82.46 0.602 0 0.932 8
DNN 74.36 71.23 0.756 4 1.300 5
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Fig. 16  Prediction results of inner ring damage

size after adding noise
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Fig. 17  Prediction results of outer ring damage

size after adding noise
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