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A Bearing Fault Diagnosis Method Based on Multi-Modal Data Fusion
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Abstract: In view of such flaws as insufficient precision and limited diagnostic ability under complex fault modes
found in bearing fault diagnosis of traditional single mode signal processing, a bearing fault diagnosis method, which is
based on convolutional neural network (CNN) and gated recurrent unit (GRU), has thus been proposed. With the time-
domain and frequency-domain features of current signals and vibration signals integrated for fault classification, CNN
is used for feature extraction, and GRU for capturing the long-term dependencies of time-series data, thus improving
the diagnostic ability of the model. In addition, an optimization of the training process and prevent gradient vanishing or
exploding can be achieved by adopting batch normalization (BN) method. Experimental results show that the proposed
method is characterized with a high classification accuracy in different fault states, especially in normal operation
and inner ring fault states, with its accuracy and recall rates close to 1, indicating that the proposed method possesses
a strong robustness in the fault diagnosis task of multimodal data fusion. The comparative experimental results with
CNN, ResNet, and MS-CNN also demonstrate that the proposed method has a higher accuracy in fault diagnosis under
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variable speed conditions.

Keywords: fault diagnosis; convolutional neural network; data fusion; gated recurrent unit; rolling bearing

il

1 HIRE=

TEIAC T RS, AR A AT b
HIZAT, ARSI A 2 EAE R R A8 ST TRCR I
Wb, ATRER | R E AR, B
BRI S AR A U DRI, R RS T EL AL
R b e v il — S S e i

A (AR 2 i 7 i R BORT 43 AL 7 >
RBE 2 SRR 2 ) ik By ST HLAR 4 2T b2
Wy ok AL B SR A L R IE SR LA M 2
IR Y N T A ARSI e R, IR
PUTEIERR A HLER 2% 2] i A TR . W0 Yu X % B
KAWL, IF45G k-means J5 o MIBRIEZE
Ve T B AL, Mao W. T, 45 O J i T KL 4%
P RFAEIE PR B SRS R I2 W vk, IR 51 ARFIARIR 5
TRV TRAE GRS, Sl e ) LA TR 12 T
AR T L RE A AT O B IR AR )R A FRAE LS B
H T T N TARMERE RS S MiabHE, HE
LGN PERS S, JUIAE RS 24 A e s, AR
LG F 2 T ek R T R

G TR 2 I AR IARWT R, Rl Bih &
M2 ( convolutional neural network, CNN ) FIfEERfH
22 M %% (recurrent neural network, RNN ) 54125 [ 4%
BRI, Gl 2 T 5 2 T DS GE A RRAIE T
TR [ SRR 2] )y 578 ®, ONN il 2258
WALHRAE, BRRS A RO RS AE B, $E M RR IR
HIUERRE , JCHAETRD SRR, REfS o 4Tt
R 43256 S P, Tian Y. L. 2 "R T —FH T
S B AS D VR - S AR A B TR BE G R 2 N 4%,
softmax PRE AT 5 2 (i B TN . ki A U B
T ZREFEESHLE ( convolutional block attention
module, CBAM )l CNN 43 i FR 4B HLE 2 W7 1k
T8 1 PR AR A Ay R A RREREE . SR
CNN F =M TR REE R, X T8 EA PR
PR S E R AAE— & 1Y R PR

RNN A% Lo B PR G5 #4 7] LA e 51 50a 1647 14 26
BOg, RE BT UEE, B S T A sh A%k
WERET AR IR ", S. Hochreiter 25 ' £ 1997 4F
T RNN 1—Fxt F il Zrid B AL 1 AR A ——K
E 2 M 2% (long short-term memory, LSTM) .
LSTM 7EL- 8 T RNN X J7 51 45 F4 B0t 1A 7 s L %

pl

I fa] Fp A AL S [ F, A4k T RNN ZEYIZRI 2
25 W B AR BT O R K B 2 1

HJg5, I'T#1E ¥ H$ It (gate recurrent unit,
GRU ) 1 R—Fhlciff (9 LSTM 25k i eh ), ool
RIS, REOS A RO 5 B Y
fGid ., fEZBSEPR AL, GRU RBBEHITEE S
BEE AR AR SRR, BRI W e Sy = E
PSS

1T CNN 1 RNN £ — & f £ | n] DL A,
IMHOR B2 (2 F s P 25 Ak, T Tl s 12
WifF5% . Chen X. H. &5 " il P ASRIZ R/ MY A R
M2 A 2R BUR IR (E S5 ME S RHE, JFE KA
ARG 2 SRR AE U A, AR GE 1 il
FRU ) FE BE A2 M 2% ( bidirectional long short-term
memory, BiLSTM ) $& Bl iz i 1 F Hh (R I PP AR AR
(7] B ) CNIN 2 B 25 AR AE R 1 Tl B 531 5 432
fHR, PR B mr o KER o A X (5 5T T
o)A, T2 T AL S TP RS S

T FIRE R, AR E T AT CNN Al
GRU 1Y Z B 5048 fl G i B2 oy i, 1 Jc il i
TR 3MIE , R XHR S5 5 MRS 5 21T
AFR, SRIEHEATRRERE G . — 7 H, A SO gk
CNN 5 GRU J5i% A sh$2 BURFE, selle 755N
TR R 3 — 5, 8 RS E I
G, e TRATHUT 2 WG

2 HAKFEE
2.1 CNN &#3

JEF CNN RHMIESE N, fe o B RZEf k)2
R A B i 4, HEARBA A 1 s .

[ WA
HRZ;
A2
[ ESiEan
B k)2

1 AEERMEMEENE

Fig. 1 Typical convolutional neural network structure diagram



18 7= DA | /A = S 4

2025 4F

B 1 FrRREg CNN g5k, SRZ 8 g G
Ak AN s FIE T R R A, BEAEHTTE 2R
TR 23 A R -

(ZWIx’ 1+bj (1)

ol b MR ERRE; w BB py ETHE;
X AT AL SRS REG [ R)ZEG | RN
J N RRE S

P T AR SO A B BCE AR B R A A, T LA
PReLU(x) % pREL. SAESEH PReLU(x) WIS BREA
], A SCIHEBUY PReLU(x) JAIE BT L/ AE DI Zhad P
e SRR, SRR R R b PR 7 A AR T
JNZRTE

PReLU(x) =1 ¥ (2)
e. X)=
ax, x<0o

T a NI SE, S — MR N IER
W Ak)= EEHAT T ORAE, TECRIEARAIE R AR
METHE T I N, s RR T
x;.=f(w§_ldown(x;.'l +b§))o (3)
T down RFERAE BRER
SRR IS W E I 2ot A
fiE2>], AlERoRANE -
y=fwx+b,)- (4)
22 HREIREAT
GRU J&—F el G A b 28 I 28 454, 5]
UNRECTIN B S 3 RISk N RSB S Lk Eida g
G b R RO G 2 o [AI), GRU A% T LSTM,
Heht B, HASHT TMES], Wb ritEs

, AT

Zepg, HEARZERIME 2 s
h_ /
<
X

2 IEREIRATEE
Fig.2 Gated recurrent unit structure diagram
SEOBT T 760 i — I 220 R PR A AR 5 2 T P 22
AR R AR e, FHEMOR, BiAMZ, H
B TRER AR R ANE

z, —0'( [h_, x ]) (5)
A ok sigmoid BLIE RS b, AEFE] =1 BBZEL
R 2k ¢ 2R TE T

HE S HEORT TR SIRERML, B TR T —

REA 2P AE BB A YRS v, HAARR
uR /(1
r, =0'(wr , X, ) 5 (6)
WEES DR WSL&? T, S84
it ] 2 IR S
h=tanh(w, [r,-h_,, x,]) (7)

FLH tanh jﬂXﬂHﬁEﬁ]%‘({ﬁuﬁo

Tm, SEAHHT TR, W B RS TE
ZRFEEE TR B TH B BRECHRS AR R R

h=(1-z) h_+z ho (8)

23 #EA—K

ftmIH—fk (BN) , F 250 K B k4714 —
FRAb PR LA AL AP RIS 00 22 1 1Y
B, RSS2 280, AT LUyl
SR SGEE . BN EEFORINT

1m
_;gxi; (9)
:_ LS v pY,
as_m;(x; ﬂB)’ (10)
—(x,-m,)/ i +es (11)
Y,=yX,+B=BN, 4(x,)o (12)

A 00y 53 B AR DO 9 7 22 A x,
AR B S 2 AR AL A B BB & SR ET;
y F BRI B m R R P R AR B
B IR
24 ML

PR B X RS E R A A A T I s h i, KR
WS IREME S FE AR WM 4%, AT RIE S H
G, BAPRRmE 3 pos.

LR [ PReLUBUE REUZ s [l] RJRrEbiLR s | | Az

Bln—tezs | s zsez; [lerui.
3 MEEEHE
Fig. 3 Network structure diagram

HE, MEPANEE, MRSE SRR S



55 5 3

REK, & HETZREERRS RS W5 19

AR, R SRR — RS, $RE
HAPRHEE R IABEHLZFFIZPT 1L M2 U5

Hk, WEASEIE R AT I AR B, 2
1 GRU LA a2 A4 B . GRU RERE AT Al
S A K B AR, R T 5 5 Bl ) A2
PRZH AR . 4Rt AR A AR g dan ARk P e
A 81 E R/ NAFAE ) i, SRR R, i
BENRPIEE E I (E, D TRFERZERE,  [R]Of
BT HEEER,

BB SO TR B BRI T 691, PR A
YA IR VB G I, MRS A S
FHLERGAE S, ARG R Z M4+
BT IR 2484, IR RIS WA

3 (ESHHEAIE

3.1 HFERREX
3.1 BPRAFAEFR IR

IHERFIE PR B 2 — 2o G e s, A=
HRPR L TC AT, JEX R 5 5O EE AR
TEERBOT s ARG S PR X, F FHR IR
TEHH AT

1) ¥ (mean) fpes

(13)

A N A B
2) W HME (root mean square, RMS ) s,

(14)
3) FrifEZE (standard deviation ) O,
1 & 2
Osu™ —Z(Xi _:umean) 5 ( 15)
NI
4) ffE (skewness) dye, .
1 al 3 3
dskcw= _Z(Xi _lumcan) O-Sld 5 ( 16 )
NS
5) I (kurtosis ) di,
1 & 4/ 4 .
dkunzﬁz(xi_:umcan) Gstd_3’ ( 17)
i=1
6) WEH (peak) p,
p=max (|x,); (18)
7) WEERF (crest factor) C,
C=p/tlinso (19)

VSN o o e 73 SN 5" SN S (S ES R R
WANERR, MENIE, PO bR L RN A
AR

312 FURAFAERIK

{GE X5 B AR T, FEEMELLTE
O3 AE S TR S Ze RS RRE . JCIRAEA R |
it B AT B S LT .

WAFESE R, SRS S ST,
FLREUS A 850 RALAF 5 (4 38 1 43 LA S L fig 1 1) 43
e, HARGTE.

1) BRIME (frequency mean ) £,

1231, P(5) [ 2 P(1)

K MOAAFSIRERSE PR £ R
2) SR BRI 2 (frequency standard deviation )

(20)

.f;’

=By r0)]Er)

3) /NI R B bR UEZ (wavelet features ) Oy,

ou=[o(c).o(e), - a(e,)]s (22)
K. o(c) W kE/DMNERBIREZE, H
a(ck)=Jii(ck D-u): ()
N, S
4) & 1EH4{E (envelope mean ) e,
MF%EM@h (24)

K x, () HAENTE S IIRE (%) .
5) G145 % AR UE 2 (envelope standard deviation )

€S 9

o 2l (- )

i=1

32 HEESWIW

EEXHREIE S 1 4 st T Lo, XRS5
FESEAT 3T, AR AR AR o 2R 1) X S5 fiE
J1, Priggs R LK 4, b class 0~3 43R IE R 2
7. PRI . SMREIRARS . VR T, AR BRI
WUE, bRy, HE MRz iy 1.

XF & 4 ORGSR T30, FTLAE H 7R AE
o, WO AR AR AEZE ot AR RE T, RE
SR IEF RS SRR A X5 |

TEATUSRFAE TR, AR IR R E 22 A ]
WA 0 ) JR SR AN [ A A A, JC IR AE P Rl
W R P A3 AT RRAE 5 A0 A A BH S DX 1] AR
AT ATIE R R 0~3.5, S H s R 2 iy sk R
U o [FIEE, /ARt A AN TR ROBE B3R AL T B R Mk
Bl R, JUHOE AR 3R A7 i 2 1 X 53

&b
He ) o



20 7= DA | /A = S 4 2025 4F

140 2.5 2.5
120F — classO; — class0; — class0;
— classl; 201 —— classl; 2.0 — classl;
i 100F __ class2; i — class2; = — class2;
?-E 80F — class3. gg L5f — class3, ?3 L5 — class3,
¥ 60F - 1.0F M- 1.0
| = =
»ob 0.5t 0.5
0 . A . L L ) L . A
-006 -004 -0.02 0 0.02 0.04 0 05 10 15 20 25 30 0 05 10 15 20 25 30
53 T Al
FHEHUE FEEHE FEFHRUE
a) ¥{H b) I ) bRz
4.0 1.6 0.6
35F — classO; 1.4 — class0; 0.5 — classO;
30F — classl; 1.2 — classl; - —— classl;
| — class2; o — class2; 0.4 — class2;
= 2.5 w 1.0 %
B — class3. st — class3, e — class3.
3 201 % 08 & 03
£ 157 £ 06 202
i o
0 4 A N A ) . .
~125 -075 =025 025 0.75 (12 0 2 4 6 8 1012 1416 0 2 4 6 8 10 12 14
REAIEE FHIE SRR
FHIEHUE FHIEHUE RHIEHRE
d) P e) WEHE f) WEfE
1.0 0.10 0.05
— class0; — classO; — class0;
0.8 — classl; 0.08 — classl; 0.04 — classl;
e — class2; e — class2; = — class2;
st 0.6 — class3. ot 0.06 — class3. X2 0.03 — class3,
54 P A
g 0.4 = 0.04 = 0.02
0.2 0.02 0.01
0 : . 0 : L 0 . .
2 3 4 5 6 7 8 40 60 80 100 120 140 160 180 20 40 60 80 100 120 140
FEIEHUE FEIEHUE FEAEHUE
g ) W ¥ h) AR {E i) MiRbREZ
. 35 0.9
%3(5) — classO; — classO; 08t — class0;
’ — classl; . 30 — classl; . 0'7 L — classl;
{L:é :;2 — class2; 3.( 2.5 — class2; 3_( 0'6 L — class2;
‘M‘ l:()i') — class3. :;i 2.0 — class3. :’: 05 — class3.
£ 075 =15 = 04
050 1.0 o3
- 0.2
0.25 0.5 0.1
0 05101520 25 3.0 3540 0 0.5 1.0 15 20 25 0 1 2 3 4 5 6 7
FEEHUE FEAEHUE FEAEHE
j) EEIEE k) fIZRIEbRIE 2 1) /INBEFFAE 1
2.00 2.25 7
175+ —class0; 200 — classO; 6 — class0;
sol —classl; 175 —classl; . — classl;
**fi( 1.5 — class2; = I.Sb — class2; =] — class2;
& 1251 — class3. ¥ 55 — class3. ¥y — class3,
# 1.00f :; Loo ;s:- 3
2 0757 =075 =
0.50F 0.50
025} 025 1
0 05 10 1.5 20 25 30 35 0 05 10 15 20 25 30 0 0204 06 08 10 1214
FEIERUE FEEHUE FEEHRE
m) /NEAFAE 2 n) /NEAFE 3 0) /NERHE 4

4 FHEBESHE
Fig. 4 Distribution of feature probability

RS AR, RS SR A R -
FACRIRBSITIHO, LSS SRR A,
A CNN [, 0T LLE— 82 S SR IR 2R E, 34 m
RIS WTHER R

4 SBWES

AR i FARBR A A TS0, TR AR A
RIHEATXS L e, AR UEA SOy g

4.1 HiREHIA

SRR AR kR HORBE (KAIST ) (147K
MK Y g, WE s R, A FEH 1A
hige. 2R 1R . AR . 1 MR
TR T AN HLAL . 4 4 S i1 ( PCB352C34 )
FE 2 AR EE A A B () x J7 [ ALy T 1) B 4R 3
4w, 1 3> CT i A% % 2% (Hioki CT6700 )
W e A e o IR 2848 B PH 1] SCADAS Mobile



555 4 REK, & HETZREERRS RS W5 21

SPMS0 SR £, RSN %l 25.6 kHz;  HL 3 2048
NI9O775 KA, RARMIE N 100 kHz, %508 5 LAHE
FEHMEUREE T 600 s, 7EA[EHE &M (680 rmin”
12 460 rmin™") FULET 2 100 s. FHaEH 75 4
P00 CIEHR 81T . R | MRS RV -k e )

. . " !M ' iR I
LI SREDRIFELT S, A OB I ) B KAIST SAILA
RHEHALTS, BB 6. 7 BT

Fig. 5 KAIST bearing test stand

amplitude/g
amplitude/g

0 2000 4000 6000 8000 10000 65 2000 4000 6000 8000 10000
sample points sample points

a ) normal condition-8 192 points b ) inner condition-8 192 points

4 4
3 3
20 M 2
50
%0 1 g 1f
Zo Z0
= =5
St £-1
o )
) |
-3 -3
o 2000 4000 6000 8000 10000 -0 2000 4000 6000 8000 10000
sample points sample points
¢ ) outer condition-8 192 points d) ball condition-8 192 points
Eeo iREMESHE
Fig. 6 Vibration signal diagram
1.5 25
10 2.0
L5
3 0.5 <10
@; 0 % 05
=05 g0
H =05
10 10
-15 15
-2.0 - : - : -2.0
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000
sample points sample points
a) normal condition-8 192 points b ) inner condition-8 192 points
20 2.0
1.5 15
1.0 10
<
< 05 3 0.5
] = 0
2 ]
= 0 T -05
£-05 3 10
-1.0 -L5
-15 -2.0
2.0 -2.5
0 2000 4000 6000 8000 10000 0 2 000 4000 6000 8000 10000
sample points

sample points

¢ ) outer condition-8 192 points d) ball condition-8 192 points

E7 BERESE

Fig. 7 Current signal diagram



22 i = R DA /A = S S

2025 4F

42 BEIEE

TE CNN-GRU #E R i 35 B 1) KN i
H3x3, LR EN 1 x 1, BRZMET—E
358 64 Fl1 128, GRU JZHYHICHCH 128, &iEH:
2 B 4350 R 256, 128, 4. ¥ Dropout J5 i BEALZ
FIMERIEEE N 03 (FEERZE) 04 (FESIE
FIFFIET T ) o

A S8 B F Tensorflow 2.16.1 AE 22 A1 Python %
FRIB TR AL, %35 R A GPU S NVIDIA
GeForce GTX1050 Ti, CPU 2 Intel(R)Core(TM) i7-
8750H.,
43 LIGHR

X I aE Rk raeit, aT LA RanE 8 fis
FTRIE R A SN 1 RGeS .

856735E-4 000305 000171

ER W AN ET EW miE s ET
a) TR VBAE MR A b) IRWEHFE A 53 oA
B8 WFEISHTRIEERE
Fig. 8 Confusion matrix for fault diagnosis
F1 WEZHITMEREESR

Table 1 Fault diagnosis evaluation indicators

2551 B PEImES F,-score
BT T 0.93 0.99 0.96
A Pl i e 0.98 1.00 0.99
ER 0.97 0.89 0.93
R 0.93 0.92 0.92

A1 AT LA H, BB E B ASN P Lk
BRI o, AR 0.99 F 1, dgiaiek
FHIVFEATR . AT, X TFAMNE . Rk
oy R 2%, HHLEAM R 0.92 LU L, X iiBH
BARIAE A T 2B s R A iR I B, ] DABURAS
FEIIRICR

WX RS TR, R BRI L5 1E
WIS OLHINE, n LIS RIS R ol SR Tk
B L 1A [l 535 0] DL H] 0.96, Xtk Bk
ST A3 PRSI A A WA 155 100 T AT AR B2 0.97
PRI EE OB TR 73 28 A By TR A i —
ALY ZS ]

44 XfEESEEG
N T REE AT I UE AR SO R T A AR E A TR

RIS WTHERG R, BEBULAMES % AR, .
CNN. ResNet, MS-CNN #E17 %} L3256, 1545 1
i 9 Fron.

1632 227 539 EBUM 7%= T 209 |

54

1904
10 505

10 370 10 362

¥ MM S RT
a) CNN ZE%%5H

ER N SNE O ET
b ) ResNet 255453

BT 1376 209 1689 WEA

W NE SN RT
¢ ) MS-CNN 7%
B9 XfLbRIREHER
Fig. 9 Confusion matrix of comparison experiments
A1 5 - 9 s g5 AT b, TR,
IR 3 MW AR IE FB A TS N R Y X 73 rh i
B TARGFAEER, (HAEAME S TR TR iR IR
b, WASONEAER A SO 5 2) Ty ik
WOkE 2 o X FE UL A SO AT e T oL R 12
Wb FLA e R

5 Z5iE

AR SO X e e . — A A 5 A B AR Y B 12
W F TR e 4R AN A RS 2R B S N 2 W BE I A
FREG ML, 421 T —Fh AT CNN-GRU #) ZHE5%L
PRt Wk

B, i RS S SRS ST RIS H
Ve R AL, T8 AT CNN 28X P AR
SRR, R, Zid GRU 522 R
O SZA5HE AT IR AP P ] P R 4 88 O - DR A
SRR, HAR, KRR E S A B R TRE A
TE R P B IBRAIE , LA R 52 2% T00 T Bk
BESWER A IIREE SRR, Ay Ik AE S s
5 BT T RAFRZ s R

55 4 48 J7 3k BE AT xF e kR B, A BT ONN
ResNet DA Jz MS-CNN Jrik, AU IETEL Wkl
T3 G TR



%

54

HO

RER, % ETEZEERAERS KRR WO 23

Sk

(1]

JUY M, TIAN X, LIU HJ, et al. Fault Detection of
Networked Dynamical Systems: A Survey of Trends and
Techniques[J]. International Journal of Systems Science,
2021, 52(16): 3390-3409.

CHEN X H, YANG R, XUE Y H, et al. Deep
Transfer Learning for Bearing Fault Diagnosis: A
Systematic Review Since 2016[J]. IEEE Transactions on
Instrumentation Measurement, 2023, 72: 3244237.
LEI'Y G, YANG B, JIANG X W, et al. Applications
of Machine Learning to Machine Fault Diagnosis: A
Review and Roadmap[J]. Mechanical Systems and Signal
Processing, 2020, 138: 106587.

LI W, NIUY G, CAO Z R. Event-Triggered Sliding
Mode Control for Multi-Agent Systems Subject to
Channel Fading[J]. International Journal of Systems
Science, 2022, 53(6): 1233-1244.

YU X, DONG F, DING E J, et al. Rolling Bearing
Fault Diagnosis Using Modified LFDA and EMD with
Sensitive Feature Selection[J]. IEEE Access, 2018, 6:
3715-3730.

MAO W T, WANG LY, FENG N Q. A New Fault
Diagnosis Method of Bearings Based on Structural
Feature Selection[J]. Electronics, 2019, 8(12): 1406.
fhesfe, VAL, o5 W, &% . —Fhim e pi 2
AR S W RS B G TR IR ITTk [1]. T
HESER, 2025, 47(1): 244-259.

WU Zhangjun, XU Renli, FANG Gang, et al. A
Modal Fusion Deep Clustering Method for Multi-Sensor
Fault Diagnosis of Rotating Machinery[J]. Journal of
Electronics & Information Technology, 2025, 47(1):
244-259.

W, RN . EHHR SAARSR R HE bR E (L CNN-
LSTM 287 J5 3% [J]. TH5 LA m il 7 R 48, 2022,
28(12): 3944-3953.

SHEN Tao, LI Shunming. CNN-LSTM Method
with Batch Normalization for Rolling Bearing Fault
Diagnosis[J]. Computer Integrated Manufacturing
Systems, 2022, 28(12): 3944-3953.

Mok, s, F/NK, S5 RO R CNN-
LSTM & SR E G2 Wik (7], Mers SR sl ,
2025, 45(1): 105-111.

CHEN Yongzhan, QU Jianling, WANG Xiaofei, et al.
Rolling Bearing Fault Diagnosis Based on CNN-LSTM

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

with Time Sequential Memory Enhancement[J]. Noise
and Vibration Control, 2025, 45(1): 105-111.
TIANY L, LIU X Y. A Deep Adaptive Learning Method
for Rolling Bearing Fault Diagnosis Using Immunity[J].
Tsinghua Science and Technology, 2019, 24(6): 750-
762.

X, BREEAL. HET CBAM-CNN 35 JiE 45 LK
BLi2 W (0], 4R 8h -« M52 W, 2024, 44(5): 900-
906, 1036.

LIU Tao, MA Dequan. Fault Diagnosis of Scroll
Compressor Based on Improved CBAM-CNN[J]. Journal
of Vibration, Measurement & Diagnosis, 2024, 44(5):
900-906, 1036.

LECUNY, BENGIOY, HINTON G. Deep Learning[J].
Nature, 2015, 521: 436-444.

HOCHREITER S, SCHMIDHUBER J. Long Short-
Term Memory[J]. Neural Computation, 1997, 9(8):
1735-1780.

GRAVES A, JAITLY N, MOHAMED A R.
Hybrid Speech Recognition with Deep Bidirectional
LSTMJ[C]//2013 IEEE Workshop on Automatic Speech
Recognition and Understanding. Olomouc, Czech
Republic: TIEEE, 2013: 273-278.

Woow, REE, ERW, 5. IR ML LE
WY LN A, 2018, 38(34T)2): 1-6, 26.
YANG Li, WU Yuqgian, WANG Junli, et al. Research
on Recurrent Neural Network[J]. Journal of Computer
Applications, 2018, 38(S2): 1-6, 26.

CHEN X H, ZHANG B K, GAO D. Bearing Fault
Diagnosis Base on Multi-Scale CNN and LSTM
Model[J]. Journal of Intelligent Manufacturing, 2021,
32(4): 971-987.

FIA, REH, ®ER, % JET DAE-BILSTM-
CNN HRE SRS 2 W vk (3], PUbkieit, 2024,
41(11): 123-129.

WANG Yingjie, ZHU lJingjian, GONG Zhiqiang, et
al. Method of Fault Diagnosis for Rolling Bearings Based
on DAE-BiLSTM-CNN[J]. Journal of Machine Design,
2024, 41(11): 123-129.

JUNG W, KIM S H, YUN S H, et al. Vibration,
Acoustic, Temperature, and Motor Current Dataset of
Rotating Machine Under Varying Operating Conditions
for Fault Diagnosis[J]. Data in Brief, 2023, 48:
109049.

(WAES SR B AR )



