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Fault diagnosis method based on masking modeling and

contrastive learning

Cheng Qijun

(School of Instrument and Electronics, North University of China, Taiyuan 030051, China)

Yang Ruifeng Guo Chenxia

Abstract: While image and audio data often dominate fault diagnosis research, the exploration on fault diagnosis of
tabular data remains of paramount significance. In the field of tabular fault diagnosis, prior endeavors primarily focused
on traditional supervised learning methods, and the evaluation of cross-condition fault diagnosis tasks was insufficient.
In this paper, we introduce a self-supervised learning method customized for cross-condition fault diagnosis in tabular
data, which combines contrastive learning strategy and tabular masking modeling strategy with a Transformer-based
autoencoder architecture. The results of diagnostic instance on the Case Western Reserve University datasets
demonstrate that after proper fine-tuning, our method can generally outperform the diagnostic accuracy of the
supervised learning baselines in the target tasks. Compared with the self-supervised learning baselines, the introduction
of contrastive learning strategy and tabular masking modeling strategy increases the average diagnostic accuracy of the
autoencoder by 0. 74% and 3. 35% respectively in the three target tasks. Furthermore, our comprehensive analysis and
discussion on the fidelity and utility of the proposed method serve to demonstrate its rationality.
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Fig. 1 The implementation of the encoder
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Fig. 2 The implementation of the masking mechanism in the TMAE

1.2 X3

TEXT 2 3T B B, AR SO A0 3 i — AN bE 2 T3k AR
DC e 45 A B4R AE TR G . TCMAE 2244 1 AR HEZR Un 18] 3 T
TN o AR SO AR R T Y 18] 0 3% $5E 5F AR e o TE X R R
0 B R ST AR e %, [els] 378 ([class] token, 471
S WAE 4t e N BTV = R v S =i R a2 N N L7 B SO
A IE fAXTHE DT &0t SRR g 3 5 S A R B P E]
Cels] 85T b e m) 3 i, [els ] 18] 0 I 1% 4 3K 1 576 A 356 &
o I AR SOk B 28 gt as st [els] R oo



AT F R TRt b 3] 69 M E B &

%22

TR LB 2 . DT A4t 2K i SO HSEAR 28 {0, 1) AT
It B 22 I A A S SO B R L N

—1 ) )
LM:*Z*ZkyﬁgWQ+%1*yﬂbg1*%))
b oi=1

4)
Horr, Ly ACRIEESR . n, oA BRI/, y,
FRIETXIRZ (1,0}, 3, FREMEZMGE .

Matching Loss

Classification Reconstruction Loss

t t
t

Multi-Modal Encoder

Positive pair T
Negative pair | x| x, X,

ois| ¢! [k foed ol | e ok o [ e | s | ]
T Concatenation
Linear Embed2 Linear Embed|

f f

Matching Input x{ BINIETRIEGRECT| ... x{; X, | X x| X, | x| -

IMasking Input

X, | Input

K3 455 M SRmS A H o > 19 TCMAE 284 50 8
Fig.3 The TCMAE architecture which combines the masking

strategy with the contrastive learning

1.3 ilg%EX

SR 28005 T 00 SR BL . A SO T 48 1 i B R i AT
SR 1 S T = W = N3 [ S N W e 1

R D AETRIUR AR R B ARARIC B AFEAS (7E H AR
KA AREA IR HAEATAR IO ERAE . 250 A U5 A
A EFRIC I B AR AR AR U ZR4E , Fo A H AR B A A
I ik £ N 3 4

SUR 2) TN 2 B B o o AR A i 9 0 2 R AR 4 Sy A TR
A TR B XA T AT S e R R E . PN
0 A B X AR R AT 200 IS B AL . 7R — AN
ZHBCE T AR B A K 53 3 AT HE RS FUXT 4R L 5E
12 3) V2 () e SRR R bR RO AR T S B0 AT AL
FL 8 200 WBE S5 ) PR RE 28 AR

B DM AR EREE SNBSS E, T
UK A B AR R LA

SR OX NGRS /R AT RO . o B ZR AR
B B HOT A% & H bi 80 R 2 Wi AT 55 5 i 2 58 SO B R
AR T S 400, e FL 3T BT 19 B 32 W AT 55

B 5) MM A B AN 5 G B B rp AT I R 2
VT A 55, W SRS 2 A8 35 1) T 000 T 2 W 1 i

2 EWRITRWIE

2.1 HIF&EHIE
ST PG it K 2R BOHE SR 12 AN 2 i R 2 T SE 9 G R
SRR AR . DU PUAE R F 0 SRSE R F S D

B I A% e 0 7 3R R . B0 P i K < Tl AR
PEEPEMRET 6 MRMYFIBIRIE S, LHFEFR
# (normal condition, NC) | 4 B i [ (inner raceway fault,
IF) TR ER % (ball fault, BF) LA M #h B % Couter raceway
fault, OF)  HerfA R S B8 09 15 17 5 76 B2 6 R Bl L3 Bl
12 gl 3 AL E SR . BRIEH RS (NC) S, & Fl
T3 B2 28 TR AR 15 A I 4% 43 9l 2 7 mils | 14 mils Al 21 mils 43
R 3 AT RAL L 2 A 5K 2l s 0 0 RE 3L AR 1 797
1772,1 750 Ffl 1 730 rpm (revolutions per minute, r/min)
HUT REIRSNEE . RAEBURKE N 12 kHz, W%
AR A FEAR B0 B LB AE 0,.1.2 F1 3 hp ZEN Y 4 Fi
T O T MHEAE, A3CK 0 hp T FMIRIIGESH T
BRI WSS 4 1.2 DL 3 hp AT MR BI(E 516
AR 2 Wi 55 . Ah, 1 hp IRENGE S FXF L% . F
REE BRI T E bR B A R DL BRI Y PRI HE , A SO AV
X —/INEB 43 H bR A BEAT AR, T TR GO . 2 I
Ding %" R FE A SR BB A SOREBR IERE A 003 0 iR
95,10, 15.,20 X AF 1 5 E BE 2 18 31 92 B Toll P 3R BCH A
Bl i O A TSN 1 X R R R A AR T U ¢ 3 A
RTREARR BRI, BUREMIEME R MR 1R,

R1 HHAEFXFHESFARMR

Table 1 Detailed information of the Case Western
Reserve University datasets

) e Fes/ R/ W
T R RS (remin ') hp NN

A NC, IF, BF, OF@6/3/12 1797 0 0.021 in.

B NC, IF, BF, OF@6/3/12 1772 1 0.021 in.

C NG, IF, BF, OF@6/3/12 1750 2 0.021 in.

D NC, IF, BF, OF@6/3/12 1730 3 0.021 in.
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Table 2 The results for self-supervised methods and supervised methods
1% A—B A—>C A—>D
A B AE TMAE TCMAE AE TMAE TCMAE AE TMAE TCMAE
5 53.26410.70 56.00£5.71 65.1940.75 65.5547.95 56.4945.41 60.71+7.49 60.71+£7.49 62.40+3.38 63.7043.31
10 75.37+4.64 79.91E8.41 85.21%+7.76 79.69+11.17 81.6943.92 67.66£7.76 67.6647.76 72.99£7.79 75.0349.51
15 75.36418.51 87.48+11.84 83.36740.95 75.02+17.03 91.9241.47 82.29413.73 82.29413.73 86.78+17.72 95.89=+1.00
20 91.4644.50 96.9941.69 97.974+1.95 94.52+0.97 95.68£0.40 95.43£2.20 95.43£2.20 96.6141.37 98.0440.83
ResNet Vanilla-T FT-T ResNet Vanilla-T FT-T ResNet Vanilla-T FT-T
o) 91.6240.37 91.09%1.41 91.87%2.78 89.09£1.03 88.8341.33 92.84£1.31 89.3141.16 85.93£1.80 89.6941.16
SVM RF XGB SVM RF XGB SVM RF XGB
91.3040.30 83.7842.70 88.354+6.82 90.43+4.20 85.72+3.47 83.60+2.95 82.49740.99 84.0740.57 80.7644.52
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AHEAT ORI DR B, T 97, 920 IS TR R
M TCMAE 7E P A~ i B AE % (A—>B Ml A—>D) H LA
97.97% A1 98. 04 %6 M R IR FI T 5. FUME =T
2 W7 AR AH L, A SCHY J7 125 TR R 28 B H 5 R SE 4 5
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98.63% . BT MR RE TS &L T Y B iR S HE Y
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MR ERE . FLROR UL, 32 20 T P A BE AR AR - 2 7 AR R
7% (root mean square error, RMSE) ] 77 £ 55 7 (8 F1 B 52
B 2 [ {H /) D BE 2 . W B (wasserstein distance, WD)
JH T i i WA O3 A R LS o A 2 ) B DU R BE L X T
BAE 2 A T e 2 H B RAE i 28 T A (area under
the receiver operating characteristic curve, AUROC) ff }y
BREEEL

ASCHE 3 A HFIZ WAL 55 T LA 20 AR 2 A fi
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(ERy W OR <R T A e o 3 S s R P u - K DOl
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HEAE R A G 2 1) 1 25 R AR HE B ARER B, A T — 2
BiiE X — 4510 AR SCRAE IR ER 7 BT A B W 5 e oM By
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&6 s . CKA AR & —Fh AT 4 i 7 D Hidls Ros 2
(AR BL PR A 5 i o 7T AR 2 3], A B A Soid 72 oh T 4R 1
7 CRA 43 808 BE 25 Y 5 58 H0m 1 i £2 26 3 s
HHAERL 20 MG BFEREN T HAT B, x&kY
TCMAE B 4f 195 B 1 5@ AT 55 . i m] DL B HL A 5 T 00
B RS AT 55 Hh A R

#3 TCMAE RXfEb#EE A 20 MRt EARANREE
Table 3 The fidelity of TCMAE and baseline with 20

labeled samples for fine-tuning

s RMSE WD
AE TMAE TCMAE AE TMAE TCMAE
A—B 0.110 0.103 0.100 0.051 0.053 0.049
A—C 0.101 0.099 0.099 0.052 0.050 0.049
A—D 0.096 0.094 0.092 0.048 0.048 0.047
0.90 -
085} - - * *
< 0.80 | o
M »
U A { 4
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0.70 &
065 1 L | | l
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Fig. 6 The CKA similarity between the reconstructed

representations and inputs representations
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[ 32 WiAT 45 v ELAG W I e A Journal of Electronic Measurement and Instrument,

2023,37(6):93-100.
# 4 TCMAE RXLEHEA 20 MR R RIAK A [4] AR AL S . T B U0 1L VR FE 0 45 i1 B0
Table 4 The utility of TCMAE and baseline with 20 BB W ST T ], I S A R ), 2024,
labeled samples for fine-tuning 38(2):219-230.
» BT v L= PENG F T, XU K, WU SH X, et al. Research on
e ResNet Vanilla-T FT-T XGB RF SVM track circuit fault diagnosis based on intelligent
AUROC 0.982  0.977  0.987 0.976 0.993 0.948 optimization deep network[J]. Journal of Electronic
AE TMAE TCMAE Measurement and Instrument, 2024,38(2):219-230.

AUROC 0.987  0.996  0.999 (5] BRIETE. B R ME. R, 55, B T /N DR 805 U B
SVM fy 7R 52 4 Wb o3 28 0 ik L) . A SR AR 2 4

2023,44(10):179-188.

3 % it CHEN S S, YANG CH X, CHEN CH, et al. Composite
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