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Mechanical Fault Diagnosis Under Variable Working Conditions Based on Sharpness Awareness
Reinforced Convolutional Neural Network

FAN Jiayuan' ,XU Desheng® ,LUO Lingkun' and HU Shigiang'
1 School of Aeronautics and Astronautics,Shanghai Jiao Tong University, Shanghai 200240, China

2 State Key Laboratory of Airliner Integration Technology and Flight Simulation,Shanghai 201210, China

Abstract Traditional deep transfer learning networks have effectively addressed the challenges arising from the asymmetry intro-
duced by cross-domain data distributions in variable operational scenarios. It is achieved by leveraging knowledge learned from la-
beled fault data and applying it to the task of diagnosing unlabeled fault data collected under varying conditions. However, the in-
clusion of knowledge transfer modules has added complexity to the deep network’s structure, resulting in a more intricate loss
landscape. This,in turn, presents challenges for optimization. Traditional methods often struggle to navigate the sharpness of this
loss landscape,leading to the model’s parameters getting stuck in local minima characterized by high sharpness. This hinders
model generalization and reduces accuracy. To tackle this challenge, this paper proposes the sharpness awareness reinforced con-
volutional neural network(SA-CNN). This approach involves a joint optimization of the loss function and its flatness by assessing
sharpness within a specified range. This process steers the fault diagnosis model parameters away from regions of high sharpness,
ultimately improving model generalization. Extensive experiments on established mechanical fault diagnosis datasets demonstrate
that,compared to traditional deep transfer learning-based fault diagnosis models,the proposed SA-CNN significantly enhances the
performance of bearing fault diagnosis under varying working conditions.

Keywords Bearing fault diagnosis,Loss function landscape analysis, Transfer learning, Convolutional neural network
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Table 3 Part of CWRU dataset at 1797rpm-0HP

I A R H [ B 42 /Inch R4 i
i Bk A (NA) 0.000
Pk 1AF) 0.007
Pk E 2(1F) 0.014
P Ik B 3(IF) 0.021
R o 76 #CE 1(BF) 0.007
R o 6 A # E 2(BF) 0.014

R 3 76 #EE 3(BF) 0.021
S I B 1(OF) 0.007
SR HCE 2(0F) 0.014
SR 3(OF) 0.021
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Table 4 Part of SEU dataset at 20 Hz-Ov
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MMD) ) A fie K ¥ 22 5+ % (Joint Maximum Mean Dis-
crepancy , JMMD) 0 388 % 3t #f 28 W 4% (Domain Adversarial
Neural Network, DANN)E 4 5 XF 5% 7 (Correlation Align-
ment, CORAL) P F1 4 {4 B0 % 477 it 22 18 4% (Conditional Ad-

versarial Domain Adaptation Network, CDAN)F2)
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Fig. 3 Structure and parameter selection of 1D-CNN
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Table 5 Important hyperparameters of algorithms in experiment

#k AN FoE g Wk E

JMMD
MK-MMD
CDAN
DANN
CORAL
CNN
SA-CNN
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Table 6 Accuracy comparison of algorithm with different batch

size settings
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Table 7 Accuracy comparison of algorithm with different epoch

settings
Epoch
75 150 300 600
A—B 0.3106 0.3123 0.4707 0.4604
MK-MMD

— A 0.4399 0.4223 0.5528 0.5001
A—>B 0.3182 0.3842 0.4326 0.4252

JMMD
B—A 0.4487 0.4296 0.5381 0.5279
A—>B 0.3079 0.3695 0.3931 0.4293

DANN
B—>A 0.3754 0.4589 0.5305 0.5267
A—B 0.3196 0.2874 0.4736 0.4648

CORAL
B—A 0.3094 0.4707 0.4971 0.5543
A—>B 0.3226 0.3241 0.4956 0.4897

CDAN
B—A 0.3901 0.4853 0.5205 0.5204
CNN A—>B 0.2478 0.3255 0.4457 0.4971
) B—>A 0.3768 0.4443 0.5117 0.5367
A—B 0.5011 0.5321 0.5432 0.5431

SA-CNN -

B—A 0.4987 0.5012 0.5632 0.5631
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Table 8  Accuracy comparison of algorithm with different learning rate

Batch size Learning rate
16 32 64 128 256 512 0.1 0.01 0.001 0.0001
—B  0.3372 0.3578 0.3255 0.3651 0.3211 0.3461 A—>B 0.3915 0.2683 0.4707 0.2918
MK-MMD MK-MMD o )
—>A  0.5352 0.5073 0.4839 0.5411 0.4839 0.4428 B—>A 0.2831 0.5806 0.5528 0.2815
A—>B  0.3402 0.3959 0.3842 0.3534 0.3314 0.3313 A—>DB 0.2815 0.3959 0.4326 0.2683
JMMD JMMD )
B>~A 0.5191 0.4677 0.4882 0.5337 0.5117 0.4472 B—~>A 0.2874 0.4135 0.5381 0.3241
A—>B  0.3724 0.4018 0.3563 0.3974 0.4011 0.3709 A—>B 0.2831 0.4428 0.3921 0.2874
DANN DANN
B>A 0.5264 0.5396 0.4663 0.5073 0.5059 0.4853 B—>A 0.4648 0.5147 0.5315 0.2624
A—>B  0.3167 0.4032 0.3871 0.3504 0.3827 0.3974 . A—>B 0.3489 0.2829 0.4736 0.2991
CORAL CORAL B
B>A 0.5337 0.5015 0.5308 0.5073 0.5001 0.5161 B—>A 0.3754 0.5235 0.4971 0.2859
A—>B  0.3519 0.3534 0.3812 0.3651 0.3079 0.3802 . A—>DB 0.3504 0.3944 0.4956 0.2922
CDAN CDAN
B—A 0.4985 0.5308 0.5015 0.5161 0.5303 0.4839 B—~A 0.3006 0.5204 0.5705 0.2703
ONN A—>B  0.3709 0.4179 0.4428 0.4408 0.3812 0.3915 CNN A—B 0.2171 0.3358  0.4457 0.2346
N B>A 0.4191 0.4091 0.4824 0.4369 0.4311 0.5234 ' B—>A 0.1965 0.4501 0.5117 0.2889
A—B  0.4275 0.4277 0.4319 0.4345 0.4399 0.4502 . A—>B 0.3202 0.4632 0.5432 0.5031
SA-CNN SA-CNN
B>A 0.3987 0.5203 0.5423 0.5539 0.5601 0.5512 B~>A 0.3601 0.5321 0.5632 0.5002
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Table 9 Accuracy comparison of algorithm with different loss weight

Tradeoff parameter

0.1 0.2 0.4 0.6 0.8 1.0

A—>B  0.3269 0.3826 0.3358 0.3856 0.3519 0.4707
MK-MMD

B—>A 0.4575 0.4941 0.5132 0.4619 0.5455 0.5528

A—>B  0.3636 0.3241 0.3901 0.3358 0.3754 0.4326
JMMD

B>A 0.4413 0.5499 0.5044 0.5219 0.5587 0.5381

A—B  0.4018 0.3871 0.3563 0.3123 0.3827 0.3931
DANN

B—>A 0.5264 0.5279 0.4809 0.4633 0.4487 0.5305
CORAI A—>B  0.3827 0.4062 0.4633 0.4194 0.3152 0.4736
) © B—>A 0.5117 0.4633 0.4604 0.5513 0.5102 0.4971

A—>B  0.3929 0.3196 0.3299 0.3255 0.3006 0.4956
CDAN

B>A 0.4912 0.5307 0.4326 0.5073 0.5001 0.5308
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Table 10 Accuracy comparison of model diagnosis on CWRU dataset

MK-MMD JMMD DANN CORAL CDAN CNN SA-CNN
A—B 0.996 0.977 0.988 0.981  0.991  0.988 1.000
A—>C 0.969 0.946  0.998 0.933 0.983  0.987 1.000
A—>D 0.877 0.872 0.991 0.866 0.994  0.926 1.000
B—~A 1.000 0.989  0.994 0.992  1.000 0.961 0.999
B—~C 1. 000 0.998 1.000 0.999 0.981  0.950 0.998
B—~>D 0.935 0.957  0.914  0.894  0.987 0.872 0.999
C—~>A 0.973 0.937 0.959  0.932  0.987  0.848 1.000
C—>B 0.968 0.988  0.976  0.971  0.982  0.921 1.000
C—>D 0.991 0.977 0.984 0.960 0.971  0.924 1.000
D—A 0.905 0.928 0.965 0.810 0.952  0.874 1.000
D—B 0.931 0.934 0.961 0.834 0.901  0.864 1. 000
D—~C 0.989 0.902  0.974  0.893 0.943  0.901 1.000
AVG 0.961 0.950  0.975 0.922  0.973 0.918 1.000
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Fig.4 Accuracy comparison of model diagnosis on SEU dataset
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Figb Feature visualization of the methods used in experiment
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Fig. 7 Loss function landscape visualization of methods use in in experiment
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Table 11  Analysis of training time of task A—>B on CWRU dataset

23 UEL N
CNN X1
MK-MMD X1.5
JMMD X1.6
DANN X 1.65
CORAL X1
CDAN X 1. 64
SA-CNN X1.78

T YNGR ] L CNIN I 5 i [0 Ay o 3047 09 — fL Ak 24 o

FILLR B, b T B0 R SRR e /B B A B R I R 7R
T BN HEAT — WM B TG, DR ot BT R B 9 A I 5 Y o R
TETZMR AR A, (AR FREETBSE I LD IM-
MD Fl MK-MMD %53k 75 2450 70 09 31 5 2 X i R 2 7



328

Com puter Science

THEPLEZE Vol. 51,No. 10,0ct. 2024

PEAT A, AR R B R 48 I CDAN #l DANN 75 %58 i 45 4E
2 TBUA AR AT 35K ) 50 85 1 Xt B S 2 ST SRS B R AE L 3 £ K
ST B S 2 U B N ek R I B2 4 R D R
PRI R 30 4012 G TR SR B 2 T v AR ST 4 O 1 R AR
PEI Zhad B v B 0 T B B BT S (PR FE 2 LA
B2 AT 55 vh A% T e BB R HERe iR Tt

AE LB 532 W 408 L I R B0 45 S Bk N P I A B A
B SR AR AR SR BN S A 22 R R R AR s
A A2 W32 25 5 45 TR S A0 B0 kST IR 43 A 1 IR RSB
AR SCIT B Tk 3 A o 56 R 1 JR R e B 1k 1 2 Ak MR L T
AT oA 2 R BN M4z AL T RE T M. B b, R B
i 22 5 RN P8 7 ik Y REAE — e AR AR TR 4 1 12 Ak
PEBE L T4 RS RS . (HR R R R M R T
TG I 1] AR B R B LR A 2 IR YI B AR AR AL A
HIS Wik B 225Kk g 2 7 il AR SO 7 i

GEHRAE AT XA BE TR T R AR A (19 AE T AL
12 Wi B AR A T 1 T 1 SR AL 2 bR b S B B LY A 2
5 WA AR (04 1) RE, 2 TR 5 41 1 400 8 JER 6T 348 iR 114 4 B 8 R0
gty Hod, R R BT BRI NE N S REE KRS
BB S BB ANZ Ak 25 10 JR) S A% 1 2 4503 R 1 ] 8, A B
FE51A B IR R /MRS L R P A 2 R BRI B R e A
B2 AR BE T SR AT DR AL 38 T A R B A RS PR R . FE S 5G BR
WL IR IR S 5 AR I SR R A A 2 ST O IR TR L
H7 VG i R 25 il 7 B B R 7R K B R S 4 AT R L
S 25 BT WO IE T T B B AR R R A i R
HAE TOHA SRR 2 Wi 4 h 2R m iz etEfe. 5
S 508 22 R 45 4 40 B RN 5 3 00 2 3 10 I8 U IR 14 W
T fiff R DT 2 20 HE 2R 3 A7 A 14 A 2% SUZ 99 4% 45 4 5 B0
A X B 1 B4 T A0, A 3 B A8 T3R8 TR e Y B A 52 W

2 £ x o

[1] ZHANG Y P.LIU B G,LIU G,et al. Equipment fault diagnosis
technology based on data-driven [ J]. Mechanical Engineering
and Automation,2022(2):130-132.

[2] JIAO J,ZHAO M, LIN J,et al. Deep Coupled Dense Convolu-
tional Network with Complementary Data for Intelligent Fault
Diagnosis [ J]. IEEE Transactions on Industrial Electronics,
2019,66(12) :9858-9867.

[3] XIAO Q H. Survey of mechanical fault diagnosis methods based
on machine learning theory [[J]. Modern manufacturing engi-
neering,2021(7) :148-161.

[4] XU P. Research on bearing fault diagnosis method based on neu-
ral network [ D]. Yancheng Institute of Technology.2023.

[5] SUN S. Research on real-time fault diagnosis of motor Bearing
based on Deep Learning [ D]. Daqing: Northeast Petroleum Uni-
versity,2023.

[6] MA B T.Abnormal detection of industrial robot joint health
state based on current signal [ D]. Shanghai: Donghua Universi-
ty.2023.

[7] ZHAO Z.,ZHANG Q.YU X,et al. Applications of Unsupervised

Deep Transfer Learning to Intelligent Fault Diagnosis: A Survey

[8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

and Comparative Study [J]. IEEE Transactions on Instrumenta-
tion and Measurement,2021,70:1-28.

LYUC H,CHENG ] J,HU Y G.et al. Servo Online Fault Diag-
nosis Based on Multi-source Domain Deep Transfer Learning
[J1. Journal of Ordnance and Equipment Engineering, 2022,
43(9) :60-67.

XU S M.LUO L K,HU ] L,et al. Semantic driven attention
network with attribute learning for unsupervised person re-iden-
tification [ J]. Knowledge-Based Systems,2022,252(27) :10935.
1-10935. 13.

LUO L K,CHEN L,HU S,et al. Discriminative and Geometry-
Aware Unsupervised Domain Adaptation [ ]J]. IEEE Transac-
tions on Cybernetics,2020,50(9) :3914-3927.

LUO L K. Transfer Learning and Interactive Image Segmenta-
tion [ D]. Shanghai: Shanghai Jiao Tong University.2019.

TAN M, QUOC V L. EfficientNet: Rethinking Model Scaling
for Convolutional Neural Networks [ C]// Proceedings of Inter-
national Conference on Machine Learning. PMLR, 2019: 6105-
6114.

ZHANG C,BENGIO S,HARDT M R,et al. Understanding
deep learning requires rethinkinggeneralization [J]. Association
for Computing Machinery,2021,64(3):107-115.

KESKAR N S, MUDIGERE D, NOCEDAL J,et al. On Large-
Batch Training for Deep Learning: Generalization Gap and Sharp
Minima[ C] // Proceedings of International Conference on Lear-
ning Representations. Palais des Congrés Neptune: ICLR, 2017
1-16.

FORET P, KLEINER A, MOBAHI H, et al. Sharpness-aware
minimization for efficiently improving generalization[ C] // Pro-
ceedings of International Conference on Learning Representa-
tions. 2021 :1-18.

WANG J. Research on Text Representation and Classification
with Deep Learning [ D]. Beijing : Beijing University of Posts and
Telecommunications,2019.

KAVIANPOUR M,GHORVEI M,KAVIANPOUR P,et al. An
Intelligent Gearbox Fault Diagnosis under Different Operating
Conditions using Adversarial Domain Adaptation[ C] // Procee-
dings of International Conference on Control, Instrumentation
and Automation. Tehran:ICCIA,2022:1-6.

WANG Q,TAAL C,FINK O. Integrating Expert Knowledge
with Domain Adaptation for Unsupervised Fault Diagnosis [J].
IEEE Transactions on Instrumentation and Measurement, 2022,
71:.1-12.

NESTEROV Y E. A method for solving the convex program-
ming problem with convergence rate O(1/k2) [J]. Dokl. Akad.
Nauk SSSR,1983,269:543-547.

KINGMA D P,BA ]J. Adam: AMethod for Stochastic Optimiza-
tion[ C]// Proceedings of 3rd International Conference on Lear-
ning Representations. 2015:1-15.

DZIUGAITE G,ROY D M. Computing nonvacuous generaliza-
tion bounds for deep (stochastic) neural networks with many
more parameters than training data [ C] // Proceedings of the
Thirty-Third Conference on Uncertainty in Artificial Intelli-
gence. 2017:1-14.



TSR A5« 5 T B0 A 0 A Bl 2 I 2% ) 78 T LML B 12 i 329

[22]

[23]

[24]

[25]

[26]

[27]

[28]

NEYSHABUR B,MCALLESTER D, SREBRO N,et al. Explo-
ring generalization in deep learning[ CJ // Proceedings of 31st
Conference on Neural Information Processing Systems. 2019
5947-5956.

CHEN X,HSIEH C,GONG B. When vision transformers out-
perform resnets without pretraining or strong data augmenta-
tions[ C] // Proceedings of International Conference on Learning
Representations. 2022:1-20.

ABBA S.MOMI N,QUAN X, et al. Sharp-MAML: Sharpness-
Aware Model-Agnostic Meta Learning[ C] // Proceedings of In-
ternational Conference on Machine Learning. 2022 :10-32.
BAHRI D,MOBAHI H,YI T. Sharpness-aware minimization
improves language model generalization[ C]// Annual Meeting of
the Association for Computational Linguistics. 2022:1-12.
SMITH W A,RANDALL R B. Rolling element bearing diag-
nostics using the case western reserve university data: A bench-
mark study [ J]. Mechanical Systems and Signal Processing.
2015,64:100-131.

SHAO S Y.STEPHEN M M. Highly accurate machine fault di-
agnosis using deep transfer learning [J]. IEEE Transactions on
Industrial Informatics,2019,15(4) :2446-2455.

ZHANG Y,REN Z,ZHOU S. A new deep convolutional domain
adaptation network for bearing fault diagnosis under different

working conditions [J]. Shock and Vibration,2020,2020;1-14.

[29] JIAO J,ZHAO M,LIN J,et al. Residual joint adaptation adver-

[30]

sarial network for intelligent transfer fault diagnosis [J]. Me-
chanical Systems and Signal Processing. 2020,145:106962.

GANIN Y, USTINOVA E, AJAKAN H, et al. Domain-adver-
sarial training of neural networks [J]. The Journalof Machine

Learning Research,2016,17(1):2096-2030.

[31] SUN B,SAENKO K. Deep coral; Correlation alignment for deep
domain adaptation[ C]// Proceedings of European Conference on
Computer Vision. Switzerland: Springer International Publi-
shing,2016:443-445,

[32] LONG M,CAO Z,WANG J,et al. Conditional adversarial do-
main adaptation[ C]// Proceedings of Advances in Neural Infor-
mation Processing. Burlington: Morgan Kaufmann, 2018 1640-
1650.

[33] RAUBER P E,FALCAO A X, TELEA A C. Visualizing time-
dependent data using dynamic t-SNE[ C] // Proceedings of the
Eurographics/IEEE VGTC Conference on Visualization: Short
Papers. 2016 :1-5.

[34] LI H,XU Z,TAYLOR G,et al. Visualizing the loss landscape of
neural nets[ CJ // Advances in Neural Information Processing

Systems. Burlington: Morgan Kaufmann,2018.

FAN Jiayuan, born in 1998, postgra-
duate. His main research interests in-
clude deep learning and mechanical fault

diagnosis.

HU Shiqiang, born in 1969, Ph.D, pro-
fessor, Ph. D supervisor. His main re-

search interests include pattern recogni-

tion and application and optimization of

machine learning on aviation tasks.

TEAT S 3 - AT D





