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Small-sample cross-domain fault diagnosis method based on
attribute-guided fine-grained feature contrast
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Abstract: In real industrial scenarios, due to the difficulty in obtaining fault data and the continuous emergence of new fine-grained fault
modes under variable operating conditions, the demand for small-sample cross-domain fault diagnosis under variable operating conditions
has gradually come to the fore. However, in the context of large-scale fine-grained fault classification, the current small-sample cross-
domain fault diagnosis methods have shortcomings such as weak feature screening ability, poor model generalization, and difficulty in
identifying new categories. To this end, this paper proposes a small-sample cross-domain fault diagnosis method based on attribute-
guided fine-grained feature comparison learning, integrating supervised contrastive learning and multi-attribute learning on the basis of
multi-task learning method, guiding the fault diagnosis model to efficiently differentiate the known fine-grained fault features in the source
domain through the attribute learning process, and realizing the accurate identification of unknown new faults in the target domain based
on the extracted semantic information on cross-category attributes and the fine-tuning of fewer samples. In this paper, by comparing the
performance of each fault diagnosis method on the sample-small, multi-classification bearing fault dataset, we verify that the proposed
method has superior cross-domain diagnosis performance in small-sample fine-grained scenarios.
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Table 1 Fine-grained fault attribute segmentation

R TR TR PEA
BRI S 4 P R 1
g 202530354060 oy e o R Tt

65.70.75.80.0~40 H .,
” 1 RAE(E T

X(HEHFEE) (0. 5X (P4

R
Hie) MR T MARNFRRE

R

LA RERE ) O (SRR ) |

WAL B(RRI) (C(RAHEL) |
H( R

R R A 2 ) B
FARIEAL ALHE 4 Pl

A5l s e B 2RO B R 5 s AN 1 2 B, AR
TE 2(a) B 2(b) ~ (d) 7030 A 1 Ff .2 F 3 B PR
WHEA A, TTLAE % TACA 1l 2 B A 1]
HIPIZE RS RS RRAE AR |k [ I Xz
VERLEE 20 AL, RIS 15 5 rRARMEEA T IX 3 5 T X T
PRI 22 5 B I B A 5, LI 38 & AT T B o i 22
SRR W , SEE B TR A A AR R, X X
LA FE AR Bl B 22 S 0 3 0 AHORL R R AR S R AT 2 T
%k,

a1
; 0.5¢ \‘L“““'I“EH ‘\‘”““i‘w
0 IR
-0.5F (IS
-1.0

W AEL/(

0 2 4 6 8 10 0 2 4 6 8 10
B 1) /s i [R)/s
(a) 35 Hz_ W &5 F5 BE P P e e

(a) 35 Hz _moderate inner

(b) 40 Hz_ PAEFERE P BB e

(b) 40 Hz _moderate inner

ring failure ring failure
0.2 ‘ ~ 1.0

: 0,(]) ; o 0.(5) il e

& 01 ‘ g -o.s| NI
I 0.2 B0
-0.3 -1.5

0 2 4 6 8 10 0 2 4 6 8§ 10
I [/ I [7/s

(c) 35 Hz = EFRSE Al
(¢) 35 Hz _severe_ outer
ring failure

P2 25 AL i 7 191

Fig.2 Examples of various fine-grained faults

(d) 40 Hz =B 3 i

(d) 40 Hz _severe_roller failure



12 3

ST IR ES | AR R RFIEXT HE A/ NREAS B Sl 2 W 07 7 - 25 -

P 3 JI 7 by 200K 88 4 o A 45 — Pl B AR i 19 X
Bo M T — M BB (1B 3 (a) ), 4I0REJEE SRRt
E(PE 3 (b)) 7E B RS i SE Al bk — 2P Al 7 726, 28
SRR RN 2 WTERE R B 3 (b) il R
FHIC B AR IE S0, HEARRAIE 6] 9 2 S LBy , = 30 26
PRI, X AR B AR 2R 5y TRE A I AL ), AR
FAHIMEBEAN He— SRR SR A, A 3 (b)) WL,
PR T 2R RE 2 31 60 22 T A AR 0 A B, A8 750 2 o g R A
AU 28 5 B DX 73 ROR B T 23 9 20 FEAB AR 2R
B, B 5y it 400 & 20 B i) i 28 40 B AR 2 S LA
HSORH PG — g BRI A £ JBOIR 52 K50 WUASE, 2400 AL 32 5
YR oA B T A R PR AR B 51, 2
TR A AT A RETE S 2 AL RE D, AR i R ik RE RS A
RCDX T AR 3 I R S, PRIk, SR O 4 5 T 3
SR 2R L S BEARFAIE 64 1 331 g 592 AP, BE A B THASE B %)
TR B AR AT 14 B8 ) 28R AR B e e F) 70 R BE
A BT AL B ) e B2 i A

« KHNRE
KRHE
KARE

- RHIRFE
HRSHHE

* KHICHIE

LS SETE
%4
(a) — MR R AE

(a) General fault features

60
40
20

B2

-20
-40
-60

R R

B e e e e T

SOONP 0N YO NEIONONE O NO MO MNP SO O YO NEIONONEND

BRDEDEDEDEDEDEDEDEDEDE DEDE DD D DR DE DD D

0
%4
(b) kL B SRR AiE

(b) Fine-grained fault features
Pl 3 — i BRI 5 AR BRI P X L
Fig.3  Comparison of general fault features and

fine-grained fault features

3.2 NEREESHEE

e P55 00 4R BE R AE X L 2% 2 ik B o, UL AR
BRI R IS 5 2 0 BB 1) RS B AR rh gl
%5 500 > Epoch , % 2] [ & 2 0. 001, & & 1F W AL 19 4T:
FANESE y = | DSTAT 2y > 1 2 2] 78 400k
REAE B2 IO 19 STERME ORI E XS L T R E S T =
0.05, JrR A 1DCNN HEAFE S A 2 % SClk[ 21 ], BERY
S5 2 BTN, SRR R 512 4,

P S RIS R R AN L B S A AR U 1 B —
v BT LA U S 00 1) 2D AR 2 i) FH R Rl ROk
FEBIE , I ORAF 50 TE AN B o e 1 —Fe A7 (R 71
SRR Z A A T A REAS R AT I3, e DI 25 SR

R2 HERBFESH

Table 2 Parameters of the feature extractor
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Kb 1 — 2x2 [32,128] —
BRIZE 2 32 % 4x1 — [32,128] ReLU
AR 2 — 2x2 [32,64] —
HBEZE3 64 = 4x1 — [64,64] ReLU
R MALZ 3 — 2x2 [64,32] —
LR)ZE 4 64 * 4x1 — [64,32] RelU
wBRMAL)Z 4 — 2%2 [64,16] —
BRUZES 128 = 4x1 — [128,16] ReLU
R MALZ 5 — 2x2 [128,8] —
HBRIZ 6 128 = 4x1 — [128,8] ReLU
AL 6 — 2x2 [128,4] —
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Table 3 Experimental group information

S TEIRNEL - PR R SETRIEEIN
BbpEas BUIZE MOMME SursE alsE

4:1(10) 80:19(~4:1) 10 10 10

4:1(20) 80:19(~4:1) 20 20 20

4:1(50) 80:19(~4:1) 50 50 50

4:1(100) 80:19(~4:1) 100 100 100

3:1(10) 75:24(~3:1) 10 10 10

3:1(20) 75:24(~3:1) 20 20 20

3:1(50) 75:24(~3:1) 50 50 50

3:1(100) 75:24(~3:1) 100 100 100 Hppr

2:1(10)  66:33(2:1) 10 10 10 HEeA

2:1(20) 66:33(2:1) 20 20 20

2:1(50) 66:33(2:1) 50 50 50

2:1(100) 66:33(2:1) 100 100 100

1:1(10) 50:49(~1:1) 10 10 10

1:1(20) 50:49 (~1:1) 20 20 20

1:1(50) 50:49 (~1:1) 50 50 50

1:1(100) 50:49 (~1:1) 100 100 100
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Table 4 Training strategies for each method
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Table 5 Comparison of the accuracy of the methods in different diagnostic situations

T RERE %
VK HHFE T SimCLR 25T Moco 0 S A RN ZRESDE RSS9
HARBRERE A8 malExe gl R sy DR ORIERRIE WA ORUERMER I
3] 23] - i He ) B 2 (R
10 52.47£5.46  56.02+5.02 64.85+5.39 73.92+6.29 69.68+4.41 77.48+3.84 77.73+3.96 85.88+4.37
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Fig. 8 Feature correlation of the methods under various fine-grained fault categories
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Table 6 Fine-grained fault attribute segmentation on the gearbox dataset
(B4 e Ja PR A
[ ARVA 25.26.27.28.29.30.31,32,33,34,35.36,37.38.39 .40 Hz VEHEHT I Rl 2, F 4 16 7l 2 00
AR BABOIREE 1/8 HLUREE 1/4 FBOREE 172 WiSREE 1/3 JCi ks P % 1 SLLCRN K D R B
VSR & A 7 B A4 2 P e e
art |J J/J\: e — J)\:‘ o=y
3= KA FE R A7 R v A i (R | F A

A T SimCLRIf @ BT HE 5]
HEFMoCoffy | Wil B rt Ha: 5]
100 -

80

60

KEE /%

40 -

20

RN
XX XX K
SRR

&

..

S
o

|Imma R 22
B AU

EEE SRS
BB 15| TR EERHE RS Hh 5 )

% RESSH BB
BN 5 T AR AR He 2 5

,',,,
5
SRR
%
KRR

X
0. 0. 0.0
XK

ok
XK

XXX

TR
RRIBIEE,
pletelelelele
RIS
X
SRS

&

L.
XXX

&

KRKHKIKKIKK KK

CHRHRAXRAKS

X

RRRXRARKHS

S

3
X
0%l

s
%

%
2
&

20

HRXHIIXRRLRK XKL 4TeTeTeTeTeTe T
<
&

25

XX
o
XK

X

<>
X
%

..
X
L

0
3

=

,.
%5
H
.0
%5

9.9

.,.
5
55
i
X
5
’0

o0

0

10FF 42 SOFf 4% 4
FE T-SimCLR ) [ I B X EE 22 5] 14142 87 18.56+3.07 37.4419.53 54.12+4.63
JETMoColfy Fi T 5 RO [E5 5] 15.4512.46 20.1142.85 40.7214.82 62.4313.71
TR AT 16.74+2.21 24.62+2.71 45.10+3.59 74.80+4.05
HREA S 17.09+2.92 32.10+3.44 67.53+3.95 82.12+6.30
REF>] 21.87+2.32 33.85+3.37 64.91%4.66 89.26+2.89
b5 51 5 B AR R (A L7 > 23.16+2.21 39.80+3.54 84.31+4.53 93.50+0.70
ERENSA BB L] 29.44%8.43 44432316 80.92:3.98 91.66+2.94
JEE S| I AR R E XS L322 25.03x2.42 48.63x4.17 90.65%2.78 96.87+1.70

B 10 e Bodin B 1T AR BEX L

Fig. 10  Comparison of method accuracy on the gearbox dataset
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