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A Fault Diagnosis Method for Roller Press Bearings Based on Self-supervised Learning
SHU Qingyu
School of Artificial Intelligence, Anhui University of Science and Technology, Huainan 232000, Anhui, China

Abstract: Objective This study aims to improve the efficiency of cement production, realize real-time fault diagnosis of
cement roller press bearings, and solve the problem that it is difficult to obtain a large amount of labeled fault data for
training in the engineering field. Methods A Transformer model using continuous wavelet convolution layers is proposed.
The model enhances the network’ s learning ability for mechanical fault features by using wavelet kernels instead of
traditional convolutional kernels in the first layer of the feature extraction network. It then utilizes mask-training self-
supervised learning to enable the network to learn useful relevant features from a large amount of unlabeled data.
Additionally, the model is trained using a designed contrastive loss transfer learning strategy to learn domain-general
discriminative features from relevant public data. Finally, through fine-tuning, the model completes training of the cement
roller press fault diagnosis network. Results Experimental validation shows that this model effectively accelerates
diagnostic progress. With the self-supervised learning and transfer learning training strategies, the model achieves an
accuracy of 78% in fine-tuning with only 1% of the training set data, approaching the performance of supervised training
using 100% of the data with only 10% of the training set data. Conclusion This method effectively addresses the
challenge of acquiring large amounts of labeled fault data in engineering practice, improving diagnostic accuracy and
maintaining diagnostic precision with limited target data.
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Wk F1:2023-11-13 {01 H 81:2024-01-10 L4 : 1672-058X(2025) 06-0072-06

FEBIH R A AR RS2 (2108085UD07) .

TEETAT  RPKT(2000—) , 5, LB NG BP0 A, S e 30000 | B i2 e 5

SRS AR T BT B 2 ) BRI W50k [T ] BRI RS2 ( A AR B2 RR) ,2025,42(6) :72-77.
SHU Qingyu. A fault diagnosis method for roller press bearings based on self-supervised learning [ J]. Journal of Chongqing
Technology and Business University (Natural Science Edition), 2025, 42(6): 72-77.

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



%6 4

FRTF AT B MBS 8RR AL R Sk i 73

1 51 &

KSR EALE K Y 2 77 2k b 2R 4, iz
FPIRZS 5K AR 7= sl R B A OGRSk U
RN Sy A R, B B2 WMR S i =i
AJHBCHRE T AL A 7R P 552 P bR 285 RE A R0 S A 1l ok
YA | RAB LA R 15 A 7 A6 T i, DR R i v /K g 2 7
ROR BRI AE BUA . A SCRT HIT: 55 508l R 4 Tk e
A PR A P AR B W A LU FEE L g AN RE
RO A, SR A R HHE 25 5, (L s B s 25 X
MBS T 52 J 3G Ay I ) BT DA K R 4 B0
o BRI RS B NER AT o

TEABGE RS W 5 1 vh 3 OB T 5 R R 1Y
ICHBEE S Hu 451 i — R FH 28 56 45 20 0 i
( Empirical Mode Decomposition, EMD) J5 7%, MR 1715
SRS AR S0 R R A RO R E 1]
N TITAGIN ER AL B G fpfe 2 B 1 P B R R AR it
THEBCRFIE A L 25, BV 58 FN S 328 BBCRS) R AL >k 11 24
B AoV A et . i T e X — [m] R
BATR RS ICRE ) B TR B 2 2] T kgl i s H
TS W SR, A R 2 2] B T BaE L 12 W R
M BEARRAE 2 TISWOREEE T L O T R DR B2 2
W 28 S IBURFAE 19 1] i R R) R, DL R A I G A A b
I X 28 X LA 272 ] 1) 5 0 o AH G 19 532 Wi 73 £ [ T, A 2
P R SN A FUZRAE IR 26 15— 2 LA
H Bl 22 ) 46 R BRAT — 52 DB R LI B A
Lit" S — T 1) /0N D BIK 3h % BB i I 4% R Ry
Wavelt Kernel Net (WKN) , H: i i1 7 % 22 /N i 5 F1
(CWConv) EAACEEFRME CNN (55— B BUZ . X (i3
Hi— > CWConv JZREMS K LA B XN, L5050
Bk  ESE/N A BUZ TR T B Bl R iR 2 Btk 45 B
15 TARGF R RBOR AR T+ T2 Wk B2 . B HA W
BN Ty s A e TR SEBR i I3 5 Tl T i /)N
WA FUZ IEAS RE i Db 28 504l ke = i3 ok 1) 1) 8L, 12 W
W B TR RE

B S R RS 27 2] — B R JIE 27 2] 45Ul fife o
H bR s st = /9 BT 507 10, AR, A B
TER DRI E T A AN S P ARAS Ko SOARE
EAEMELLET XS H AR 55 K AR AR 2 19 ) b O 1
TR I, WSO YT B Y AR
223 AL B AT 55 8 F) FH R MU T A 2 48, B
rheg S X HARTE 55 MO RRE TR 2% ) & —Fh
STAH DG | BRIl 2 ) B AR AL R T H A
B, 32 SR Ay 3 ek W B R DG 45 R A I 3 e S s el

DR 28 2 > SR8 FH B RRAE , LA SR P B AR A AS 12, JE
227 2] B AT SERRE A ) R,

Lt , S 1 7843 R K B Te bR 28 e | $ eI 25
PRBA R 092 Wiks BE A SCHE 0 —Fp (i ] 3 B 2
TINGLEG TR 2T R B AL 5%, B R Rz b
B AGE L /NE G TR 15 2 5e 0% S i 4h 2 R
HRARAS ) — 2 1) 22 2 B 5 155 e e bR 85 1) o e A
IREAE Y W i Jey 8 5 AR ) 56 & o Transformer (19 H
BT AR G b A 3R 45 oy AR 285 1) £ 5 HAth =) 75
DRI ) 8 AR DG | (EUH AR A 2550 025 TR BB P 1, 152
B LB X A R 4l o 17 3 P, BT DL SCR A
Transformer Z %45 & 73V W RFHE SR IO 2% | e A 2 4
R0 e R E W= | EZ NI S B R TR R )
18 TS5, 300 o0 08 55 358 70 A= 0 PR A ) 2, 5 6T 2
57 B A ) 1) ke 0 X6 7 A7 B A e ik sl B a1 A5
W28 ) B Y ET AL EORS S HA A B Z R CR, Z
JEARSCETT T — B LA %, o 35 Sk 5040 A ] o 5 AH
() A 25 (A A 3 2o A 1 1 I 8% B 113 R AR A [m] 2 A AL
JEJSFTBE R, AN I BRZEFEAS B AH AL E JS AT RE AR, >R fifi 4%
TIEHRE ) 286 2 1) 25 ke FH 0 R 1R . s 78 B An AR
s, B A2 1 /0 1 AR R ALt R 3% 2h 208 1 A7 oM
Yk, SIS Wi A

ASCHE H —Fh 45 5 1% 22 /N i B FUZ Y Transformer
BERY 256 B WE 5 2 I 25 5 38 B8 2 2T SR w5 Y i
TR, NTCHR B AR DL K AH S T s v 2% > i,
A FDNERE . A7 k0T DA S o TR SEPR I
T RAE Kb 5 B 5 i 1 ) T, 4 R A R 2 W
e R B AR EE T, SRR R 2 Wk B L 6T A
FEZSARL IR P T AR5 e €50 3k, 52 BF 12 W [ 0 1) fe ke EL A
—EMSEENL,

2 FETRTEAE BRI WT R 2% 2 T ik

ARATTEAA AT A W 2= 2 2 W 8 2
SIREAY L B 43 o 0T TR A GE sk A 3 R /N
GRZ 155 B B 2] IR 25 1] 2 5 A Transformer 4
fithss 7 43 F A7 4 A 52 B0 P o BE AL M 6D O 55
Transformer B84 & 55 A, TN 88 55 358 43 X6 7 JER s e e
B, gt 252 21 25 B ZIR S 2 (R ) S M T
X LA 2 O i AR AN [R) 38T () A 28 5080 1) 2 )
Sy A T AR (P SR R A, AS TR) A 2 B %) Gt 15 4 i 1
) e AR AR e /M, D2 2] SN A2 B R AT 5 B i i
1E/D i HbRSEdE R0 |, SCIE RIS W R
2.1 ESMNERIZ

TEIZ WBE SRy — ol i A5 425 o 7 i sk, /N 30k 72 J

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



74 ERIHAFFR(AARFER) F42%
WERERS S L 15 5 B 03 A2 A A5 B, SCRE R R4S 3 A I K1 B B ARSRIE A

SRARAT B0 D9 T B RO AR AN [ AR L f y (t)_ilp(t;u) (4)
ik AR SR 3 107 /) 0 B 4 A Bk 2 IR0 45 11 2 — VA W

JZ ¥ —4 Laplace Morlet ,Mexh /NI FEAE B, 5
MG T AT SRR . BNl 5 0 RO I R RS
1R R A 38 /N 2T Z NG iS4k

Fagdt B 3E NN R R A, R A (1) —
K(3),
Mexh /NBE &R .

I GO
()T o

Laplace /N .«

-0.03

E=0.08 % e V100 4 (21-;f>x< ((t_—u) -0. 1))><

N

oo (o)) o

Morlet /N BRI .

*e_(t)z*cos(ZTrm) (3)

A (1) K (2) R (3) s /NBEIERRSFIR T u h
ERE T,

W s u MERAT 2 2] IS4 TGS B AR e NI R 1Y
TR, Zead N 2545 3 A 3G /NS s u

FRENZ W B 1A B 20 [R] /N 56 AN TR RUJEE /I
A2 S A A 2 R 2 PR TR S e, R B T
I ZFE R RUTR XS TR R A B RS, S/ N R
JZEHEE 1R,

k =1T0' 25

g |
NN '-,«‘."q'-'f'.'é“";‘",“?r',"-" i My mAfse
g=x(t)

‘D) ~ (e
i, (1)

®

A
[ \
I I ...... I JE TR 2 1)
F

B1 #ZMNKERERER

Fig.1 Schematic diagram of continuous

wavelet convolution layer
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Table 1 Results of model comparison experiments
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Table 2 Results of ablation experiment
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