$39% A5 KA TR AR Vol. 39 No.5
2025410 A Journal of Rocket Force University of Engineering Oct. 2025

DOI: 10.20189/j.cnki.CN/61-1527/E.202505012

22 W) R 5T AR B IIR B il ok
T A F5 iy P i

ShEAE, M, EX, Hk, ¥ #
CREFETRERY:, P4 710025)

B E: #t9RAwHAR AL F4 (remaining useful life, RUL) T 47 3k 77 £ 89 B 48 9)| 4 54T
WEE. AIRERBREEGCSa AT EFLABRAMERAEZLAENA, RELTS
EEHSHATUEENR A EZGTN T &, WET SEARGEFAT A0 EE TN
A, B, AAEFRZHEAE LW —LRACSEM N _EEE, FUBRAT R
S REMRHE SRR A RMNARPE A, £k, BX0EAERAEHESLR
ERHMEERTESR, SR TKERBOGBAMAT L EERMERAREGEREE %

BNMER; &, EXITU-SY R AL EREE LHTTAEGTN LR, 1R
FH: TR 7 ERBI-LSTM-Att 5 CDBN-D & & Fl & B €&, B 0 & e 7 4 b
SEWTAZME, i, IRFTEERFEREGE T TERNER, BHEATERE,
R B AE T 2 8 Y A G AT AL AR T T AR A

X A s A, BEYEE; RULTIM,; =B EMH; EHED

hESES: THI33 XERERER: A FR R FFRIRAS(OSID):

NEHS: 2097-2741(2025)05-0127-10

Spatial Reconstruction and Parallelizing Modeling-Based Remaining
Useful Life Prediction Method of Rolling Bearings

HAN Qihui, YANG Lihao, ZHENG Jianfei,

DU Dangbo, PEI Hong
(Rocket Force University of Engineering, Xi’ an 710025, China)

ABSTRACT: To address the challenges in predicting the remaining useful life (RUL) rolling
bearings, such as the parallelized difficulties in network training, information loss of high—frequen-
cy signal details, and nonlinear degradation information arising from manual feature extraction—an
ovel RUL prediction method based on spatial reconstruction and parallelized modeling was pro—
posed. A deep predictive model integrating spatial encoding and parallel fusion mechanisms was
constructed. First, one-dimensional vibration signals were reconstructed into two—dimensional

matrices using the Morton space—filling curve, effectively preserving the integrity of the original
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signal and characterizing spatial correlations. Second, a multi—scale time—frequency feature ex-

traction module was constructed using grouped convolutional network, and the problems of joint

multidimensional degradation information and temporal attribute embedding were addressed

through feature tensor fusion technology. Finally, life prediction experiments were conducted on
the XJTU-SY rolling bearing standard dataset. The results show that the proposed method
achieves higher prediction accuracy than both Bi-LSTM-Att and CDBN-D, and the predicted

lifespan curves exhibit closer alignment with the true values. It maintains original signal integrity

while optimizing computational efficiency, thereby successfully verifying the synergistic effects of

spatial encoding and parallelized modeling.
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Fig.1 Morton code and mapping relationship
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Fig. 3 Flowchart of the spatial reconstruction and parallelized modeling-based RUL prediction method for rolling bearings

B2 v

B X ok S ] J, A SR BB 4% ) EE R 1
R B 50 B () SR AR RO, ELORHR AR R AN I 4 57
TR o BN SR S AL R B 4 DL 25.6 KHz 19 4 5
WOAE 1.28 s IR IR AR S G, DRI, BORFESSREA
Bl KB 32 768 4~ o HLAN SRR A I B 28 0 B
0 B J, — 2 B ORI e Ab R/ 128 X 256
B Gl B L B S B A R A e A B 22 0
WAL 5, AT RE A B A 67 B A AR AT R, 4R R
ENGE B Vi ge 3 1 I i L Va0
B iz FE R AR A A0 SRR B[R] R S0, R i Bh
) 2 Sk AT R AL, RN E A 6,
e A A W A B T A B O — e 8 B
FHIERAE

WA BTG AT
W -

AN —
— =
_ |\\ Nt
zZ ) ~

O

4
- —— .
' v
Pk
I Ve
- .8

B4 HiE=REARRE

Fig. 4 Flowchart of data space reconstruction

22 EFHEERME REFERR
0 T A J5 A ) P S T 2 A 114 22 R B
Vi, R AN R B4 e K508 2 A1 10 B A I ) o

FE DI, BEOREE TR S, WO T B
AR IE o TERFIESRIBOT, AT RIS 2 RE &
B, (A5 B U AT ri) A 4% rf T LA TR] A3 AR A BE Y
< Jay VA ) R i B B SR R R IR AR, AT
kG N TR I 8 IR i e 90 A Y R AR e PR IR Ak
EY=S N -1

T D R AR R S ) B AR LS, ]
3 2L R 5 12 52 BRR R R0 e i 1 B B
WiE2 by P, oy B Al 1E 7> 2
4, AT SRR, KA Z 5 R
o, kAR R o R 2 R0 B A T IE Y
W, AOED TR R R E MBS,
REAE 51 AEIE 0] 1 70 SR 454, 45 00 2% RE A% 27 >
B X PR A RFAE o

N T AR X 4 Jey S ok B3 A ) AR AL E
Bt T BA A E AL SR 1 22 0 A, DL
AR RUEE B e AR AR B g 08 b ol o0 3 45 15 5
H R R N g R A, AT RE R o A R B o
OB T U A B i S I SR LIRS
Bl TR SR BB ACIR A o o T 3R b il
gy, SR 3 5y 4 LR IR A 1 B
3, DU v o i R A 2 VR AR . T T AR
WAt R KA R, B RS
AL+ 24 B A+ 73 416 BRI Rk 4R R
W, (R Z 0y S RA BRI B, B S i
ARSIy . B T ORI TR —
S =0 SRS B Z W] b AL SR, SR e A B
AL+ 73 41 FR it A+ 23 4 6 BRI R AR B 05 5



132 KT AR

55 39 B4 5 1)

B AR BCRRAE 0 RO R . R 3 B, 3432
SERM R A AN — A B E Tk, EIP A
YO ACERAE, TR R — B,
YR T /4 WA, B R T
1/2 Ak e, A A F5 263428 1/2,

TER SR A, IRIESEHEES
Fow A Y, AR R S A A T R
Rt R X EE, Wt 20 HERMYE, /D
JAZ B 6 B AL BR A AR IR S A5 5 P i R o i
BRAY, 3 A R X I A TR S A R R R TR O 5
KRz B ER ANk Rasna, K
WLV Bl R B RCR S . 2 ROBE AR AIE $2 B 2%
R LR RZA, EF AT T, WA
Sl UGS A A B R E R R, R T AT
P HURFAIE A >R 1Y) 28 50 B BIF FAS B R o X AN 4
5 TRRIE SR O ROR I RE S T 4y b R R A D
A 35 -

2.3 BYiE FFFUFFAEFR 1T AL IR M 4%

I8 A ol 228 ) 2% B G708 AR A I T 4 5 A 31 45 4k
o7 A, BRI A BR A A R 8 X 8 B
H R BT TR AR DG R AT AR, (7S RNIN A AR {4
EIEF RG] . BARE S AT B[] 5 0 A5 AT
55 R 3 R . BRI, T RN 2R AU A 2R
SERIRE A, AU S B b A AR ME LR AT AR
S 7 VTS b/ s g o TS 2 SN 8 @
THT— A ] 20 0 BRBIR A, 76 AL 3 51 45 4 B
H B P AR U5, T 5 A A I A 3k
ATt A SR B A ARG, X Rl oA
ISR RCEZ B E RS Flan, fER
AR BB M g e b, R A B P S S
Bt o] Be Ik 2 ], RNN AR () 1 5 B[]
S EROIN, X LA 2 S B S A B R R

PRLI 3 3 5] A A FEURf 28 I 245 Sfe S5 8 It [) 2
FEREAE LR G IR TR 38 . 22 B 45 RN
KPRWRAAE , 2 G 5 AR T A I ) 4
MVRRE B . B B TE B (R 4 BE L AT #4E, BG
B[R] 7 PN 45 SRR SRR AR AR B, X AR s ] 28
WINRFIE AT BRI . A, 2GR
A TAE LA 23 ) B2 BOUAS [R] 9 R AE, e SE IR 471k
FIFFIE B IR B, Nl 3 FR, AR RS
R AL+ FLAG AR 1t A+ RS R Ak + 3
BRI MR, AW TR RSO i . [AIA
3 o AR AR DR D SR i, O 2 i R L
A BURHE

BTy ke G 24 E R, BTk
AR SRS ITIRES WA, X 4Rk
BB AT R EN M, Wik, TR ESE
NG LA S, I LR R AR LR 4k
JIT 5 7 10 18 AR A A b AR RO A URR AR, S SRR
RUL U4 (A 77 3CHF . SR 28 W 2 S HAR
AR L, PP AT Ak B 7 A KO KR 1 5
AT RE % DR A RE AR 4R RO, AT DL A% 8
2 IR I AR 5 A BRAT 55
24 FRERF M

I8 1 22 KB RRAIE B8 ) 286 i B A% SR A A 1 R
fIEJG . P FH o 22 I 4 I 47 A 34 2 G BRI 4% oR
FERURRE, BJ5, 380 A $E 45 Ab 3R 5 S )
FEAE,  LATUI 7R Sl il 00 3 2 0 FH A o A i 4
W28 2 R R AN, B2k R Z
AP Tk ) i A s 2 1R Y A 2 AR 2k
PECR, fefs S BN EE 2] RUL 56 %% 1) sty 21 v 130
MLy RE

A5 TY Fg D1 2 3R 2 3 o S ) A% 1 R AR AR BT 7Y 1Y
BCE R 22, Dhie/MEIUR sRE, BT e ik
BT, 285 LA R LA R pRBC R L,
2K FH Huber Loss 1E A Il 25 B A% #2 2¢ PR %L . Hu-
ber Loss & —Fl 45 4 1 J7 15 25 F1 - ¥ 26 % 135 22 40
SRR PRI TE LTI L Y P S RS
{8 2 18] B iR 22 8 /EF, Huber Loss 2R JH 377 1% 2%
HIE R, 3050 I 34 5 158 2 0 15 28 /N i 0o 2 22
TRORR L, DTTORS B M P AR B 70 S 80 i iR
ZRR BT, Huber Loss ] 4 b - 32 4 % 152 22 1) 1B
o, ARG T R 25 70 AL B R 5 25 I AT R BN
LAk, Huber Loss BT K78 A

1 ¢ - .
gZE (}’i__’)/i)z ’ ‘y,-—yi|§5

Lsz (1)
%ZM%—@|—%y,”ﬁ¢4>5
sy Ty 400 Ry E AR RN B AR s n Sl DI
AN s 8 R H T 1A

3 SRIEFMERSM

3.1 BIEENA

SR 1 VY 22 2 388 R~ I R B 7R 3l i 7R B AL Kt
SR VA BT $2 07 1% B AT PR o BdE 4R v TR Sl il
TR 75 A 120 5 R 4R IR h 2 4> 2 e e
20 VR By b R KPR LD 1) A T R AR



2025 4

BROME, M. FETAs 6] HA S IR AT AR Y VR Sl il R IR A 7 i 0 O i 133

FEA SRR 2N EIRES . BT
S 5 1 28 A 2 AE A T T it A, T
J5 ) AN 32 R sl R i il ) g, OK S D 1) Y
WREE S EZRGE . ik, UK
6] F)4IR B 15 51 D i A 888 247 RUL B . 5256
HORFEAIR N 25.6 kHz, RFERFE N 1.28 s, HF:F
1 minidsg—K, RIREUCR AR E SR80 1 7 32 768
A RAE R ZBR SRR 3 TS, T—m
T3 A 1200 N, #3842 100 r/min; T4 Y17
#% M1 100 N, #3 J92 250 r/min; .0 = 4 1 2%
J91 000 N, %35 4 2 400 r/min, 4351 3% BT 0 —
FTOE T By 54~ 4 54 Ja] 0 A 50t 4R 2R A7 52 56
32 ERiRE

JIT H A5 A rp 43 2 45 U S LR B U K
INEG 33, KON 1%, BRUZ G AR A R
IH— 1L )JZM Leaky RelLU 475 B3, 4> L4519 3
MERZBRZWAE R 32, 64, 128, 55—
O3 S LA AZ 1 R /INRIE 35 Sk 44 FL A T A b
FEAZ R NFIAE K34 R 2%2 443 LB FUZ 1Y 4:
BUZABU A 64, 128, 128, 256, 4% 2H
QAT 4 006 I, BB —AN R R IR E
dropout 0.3
3.3 g%z

I WK 5256 7E 5 2 NVIDIA 4090 &k & i9-
14900 CPU 1y Windowsl1 - FJFJE, 3T Py-
Torch 2.6.0 #2425 Python 4 f2 i 5 , &/ H
GPU Ik o, Y1125 i 35 1 Adam P4k #5585 B 2% 2
B, WIHR RN 0.001, BEEEAZELHEE
0.000 05, f K ERRBCK 100 %, HER KN 32,

YT AR TN B IR 4 5, A R T
Bl—F1 T 00— HEAT 2 R 908G . T — DLIR shilk
12 %ds il e, Ha 4 18 Al g s T
TR BGR shhR 23 oA, Hifh 44l
BAEAE IR . DIRTF IR T, 15X R G Hds
PEAT FALFE ) FH B g A %o 2K S T 1) B4 G AR
G5 AT E R, I SR W S a] Rk E
TTBARAE , e X BT A — e Aab 2, T —
PR ALY 5 58 BUE , R T80 Z i Bl 23 di
VE N2 OB IESE 5 T 00 — A RN ghoe il ,
A — 5K 12 Bl o &2 RS . 1E Bk
SIS SAET, T — U s PR I S R

H &S o] LAE Y, AR AR 30 IR A2 A TR AR
WeB, IR 1.5 P2 0.08, Fi# 2%~ %K
MR, DIZREEIR BARIE S TR, (R

M IRAEEE SO A BB IR/, Z IR I IREsh
] b, IR TT A6 A i 1005 A XU

L4y Iz j0.001 0
12} R LSS
“l A 000 8
: 0.000 6
# 038 w
E 0.000 4 *
0.000 2
0
0 20 ] 60 80 1000002

IERREL
5 TR—wilg%I R

Fig. 5 Training process data of condition 1

34 ZERHH

MR ZR 5 s, b2 PEA R M GE , 76 [A)
TS T o &M 4 sl armiat, Jfi2 FH X ¢
R 58 % ] — A5 78 72 S [a] P 4 B Y R AT IR A
hr. B 6 R T KRR shfh & 1 2 AR s
A 2 3FE[R] T A T AR R | A 300 45 SR X L

1.0

o -~ TG
!»‘.,7,:{;.',,-\:‘\ %Iﬁ A
3\ — A2 XA

20 40 60 80 100 120 140

L7 [l /min
(a) Hh7&1 2
1.0
P, T
0.8 — XA

b T
et
f %})

My |
T00 200 300 400 500
A4 BT [E] /min
(b) H7&2 3

6 FMMERSERLELE

Fig. 6 Comparison between predicted and actual values



134 KA LR R A2 AR %039 B 5
PR, T A 0 16, 2 1of —
LB R KX 15 5 00T A BT 25 A 45 o -
P 6 TLAE M, BURAER TR RS e, R, L
U 2% A 5 SO 2, 0 T R T o 06
e U 5 S TR A G 5 0 0 A %M
= 0.

Rk

SR, HE— M KB, TR — A T A A [
WEFWMEAFEREES . MNERSWK 125
2 3 @y Ia] T A T Gk SR AT X ¢ A R
(p<0.05) KB, TERZHHR 1.2 0y T50 0K
H, FISE R 24T 0.6 A 0.2 BT, RS
K2 3RS, KRB AN T
B T A AR AR B R 2SR . AT RN, RO
TRT 2 B R E LR A 2257, BOR7E I 2%
AR AR TR, SR AT
BN BIZALRE I Z R . BRI S, LR RAE N
WE B T T 2y vk AR IR T W b A s vk RE TR
ARt 48 0% 1 B T 05 0 O £ Bk AR
3.5 xFEEIREg

T LS b UE BT B A PR RE L U AR
[ 2 AN VR Bl b K 7 fay 100 45 4 5 vk Bi-LSTM -
At FTCDBN-D™ E R xf b, 2407 ¥ 359 0 1 %t
TR Sl il R T A ol ) 5 A T A R R . TR T RN
T 3R AR VR Bl 12 R sl 2_3
A T 5 R

M7 AT LA e, 307 vk B Re A AT R 3h
bR 0 ) A A A, 73R Bi-LSTM - Att fl
CDBN-D 7£ & gl fill 7K 32 1749 1 9000 1) &5 5K i 52
EHABRKIRYE, H CDBN-D 1E4 F W H# A 5K m
W dh, WOMAR EYE N o I AT R T R A i R A T
W25 B0 FLSAA , RARPII A — kg, A
Je W0 B AR /N, TT LRSS M T R S b R )
Tl A FH A o

1.0
— A
/ - B
08 - Bi-LSTM-Att
£ 06
i
&

Wt

30 40 60 80 100 120 140
A= F A A] /min
(a) Hi7k1 2

0.2

. . . G
0 100 200 300 400 500
A Tl i) /min
(b) 72 3

E7 FRAZEHRMERN L
Fig.7 Comparison of predicted results obtained using
different methods

BEXT A JE T RNN 2244 1) 15000 J7 3 2 9+ 174k
TR AE 32 07 18 (G Ry PR, 2 — 3k T
Ii) B 4 5 I A7 Ak AR 109 VR B b i e 4 A i T
%, BEZEBRWT .

D S5EGR R T E BB RUAR L, T4 5k
BIFT ML G A T IR 73, AU E Tt
TR, O HAE— 2 B LA A R )
1) T i ARG T 7 Fe ] A

2) BT AL Ge il L T 2l P2 BURFAE P4 A I 45
HEAT T T3 v, B4R O ik I b M iz P S 0 G 1
FeAR, Hufa F o) EA N —4E i, R T
E8/GEA /TR S U S O ) = s T R
TAEBERE T 10 S 1 K0 Sl

3) I FE XITU-SY & gh il iz 17 500 % T
1 SEER 2 B, AR SOy vk LA AR v Y T o A
2 A

AW FADAFAE— SN 2Z AL, B I 7E FRAE 42
B v, Ak 22 RO 43 4136 BURHIE $2 107 75 BB
L S G = = SN (£ I 7 N i R T/ <]
Bl et 196 B R ST R o3 43R g AT 5 iiE— 2
WEIEFEAL . HeAh, B 25 AlA oK i SR AR 7 Ik ROR
[ B & SR AR POV L N d SR (LB DN
FUAE . 0 i B S, AR R 4R R A i
TR RE SN . J5 22 TAEWS H 5 2 H LT LA
Jrif: — RSB Sk s, L
i v A5 A A A TR) 90 R MR ) 3 g R TR R
TORES A bR Tl N Y R, Rz (R
SR AR TN SCYG U0 IE , 36 TE AR AR (i 52 A 0 T A



FROME, A5 BT s ) A S R AT AL B VR S il R IR A4 7 i 0N O i 135

2025 4
SRR HAD R I E LS, R
sAbE ) L BRI A, LR 2D SR TR A R

REAIZALRE ST 5 DU AT 5 Ay e IR AR TR Ay T+ &2
O BEFIAEAR A SR, LATE W RORUARE | ey 4 88 I 4
P g A BT OR A gl e A i A BELBOR 7 Tl 43
S B B2 N

S % Hk

(1] BREZE, BBEHs, BRBidd, ff KT Al AR EE 4 2V

SR F BN LR (1], 30 s TR, 2025,
25(1): 29-47.
LYU Y J, ZHAO X W, CHEN R B, et al. Re-
view on frictional properties and residual life pre—
diction of spherical plain bearing[J]. Journal of Traf-
fic and Transportation Engineering, 2025, 25(1) :
29-47.

(2] f&vJe, W, BB 57 e a1 AR gl ek

BP0, K E TR K%M, 2025, 39
(2): 22-28.
XIONG Z L, CAO Z. Health assessment method
for inertial navigation systems with consideration of
test impact[J]. Journal of Rocket Force Uniersity
of Engineering, 2025, 39(2): 22-28.

[3] &k, WEME, "U/NE, 5. BETHLE T RS T

AR A B O iR L)L WU T AR AR, 2019, 55
(8): 1-13.
PEI H, HUCH, SI X S, et al. Review of ma-
chine learning based remaining useful life predic-
tion methods for equipment[J]. Journal of Mechan—
ical Engineering, 2019, 55(8): 1-13.

(4] B3, b, mAEEE, %, 4G LSTM M Self-At-

tention A4 V& 2l il A o 43 (I & ap 00N O vk (7). R 3h
TRz, 2023, 36(6): 1744-1753.
HUANG Y, FENG K, GAO J F, et al. Combi—-
nation of LSTM and Self-Attention for remaining
life prediction of rolling bearings[J]. Journal of Vi-
bration Engineering, 2023, 36(6): 1744-1753.

(5] BRAA, BB, WEQ, % RS FET Bi-

LSTM-Att ) il 7R o A% A iy 000 (I s ) 42 ol 2 A
SR, 2023, 49(4): 29-39.
CHEN D N, HU C H, ZHENG J F, et al. Pre-
diction of bearing residual life based on Bi-LSTM-
Att under state partition[J].
Application, 2023, 49(4)- 29-39.

(6] 5k%E, skFEEE, TIR-F, 4. ZALEERES FIMHA-
ISTME’J%MJAH%T'%# ﬁf{'ﬂ' RINE e ==
2024, 45(3): 84-93.

ZHANG W, ZHANG T Y, JIA M P, et al.
Prediction of remaining life of motor bearings using
multi-sensor fusion and MHA-LSTMI[J].

Aerospace Control and

Chinese

Journal of Scientific Instrument, 2024, 45(3): 84-93.
(7] ®#uk4s, EhE, R, . 3T i m
GRU [ 25 %y 7 0 4% i 1T 7 i B0 7 2= (0] LB T
&, 2024, 41(1): 130-136.
MENG L S, ZHANG Y X, ZHANG Q, et al.
Prediction method of RUL of bearings in GRU
network based on Bayesian optimization[J]. Jour—
nal of Mechanical & Electrical Engineering, 2024,
41(1): 130-136.

[8] VLM, w2lfEgg, XI¥, % . Bh4 Inception V1-

CBAM-CNN 1§l 2 0 4% 75 i DU ASE A [J] . ML T
T, 2024, 41(1): 107-114.
YU J H, PENG X L, LIU T, et al. Residual

life prediction model of bearings based on Inception
V1-CBAM-CNNU[J]. Journal of Mechanical &. Elec-
trical Engineering, 2024, 41(1): 107-114.

(9] XB®EK, B&#T, #anvr, 4. JEF MsTCN-Trans-

former #5454 f) Bl A ) 4% 1) A i UM T 5 (0] IR 5
Hipidi, 2024, 43(4): 279-287.
DENG F Y, CHEN Z, HAO R J, et al. Re-
search on bearing remaining useful life prediction
based on an MsTCN-Transformer model[J]. Journal
of Vibration and Shock, 2024, 43(4): 279-287.

[10] B oe ke, XURAT, BREM, 4. HT Transformer—
GRU If-47 1 2% B VR S il R A A5 B0 (0], HLKR S
WE, 2024, 52(19): 188-195.

TANG G J, LIU S H, CHEN J P, et al. Re-
maining useful life prediction of rolling bearings
based on Transformer-GRU parallel network[J]. Ma-
chine Tool & Hydraulics, 2024, 52(19): 188-195.

(11] AR, Aede, sk, 4. BT 2y MU

CNN-BiLSTM & 5 ff) 7& 3 3 7& F 4% 77 iy 5000 [T
¥idh 7y T, 2023, 44(S2): 33-38.
FU G Z, DU H, ZHANG Z Q, et al.
ing useful life prediction of rolling bearings based
on attention mechanism and CNN-BiLSTMU[J]. Nu-
clear Power Engineering, 2023, 44(S2): 33-38.

(12] HOEH, Tfd, RA, 5. T A EES CNN-

BILSTM Ry 7 3h il 2K ) A Al 1 B e W00 (0], ok,
2024(3): 92-98.
HUI J M, WANG J, WU S, et al.
useful life prediction for rolling bearings based on
self-attention CNN-BILSTM[J]. Bearing, 2024(3):
92-98.

(13] WS, AN, RIN, %. T TCNMKZE AT
B AR T T IR shih R T4 5 ar i B 10 (0]
g5y, 2024, 43(1): 145-152.

PAN X J, DONG S J, ZHU P, et al. Transfer

prediction of RUL of rolling bearing under variable

Remain-

Remaining

operating conditions based on TCN and residual

self-attention[J]. Journal of Vibration and Shock,



136 KA T AR AR

039 B 5

2024, 43(1): 145-152.

[14] TAN C, GAO Z Y, WU L R, et al. Temporal
attention unit: towards efficient spatiotemporal predic—
tive learning[C]//2023 IEEE/CVF Conferenceon Co-
mputer Vision and Pattern Recognition (CVPR). Pis-
cataway, NJ, USA: IEEE, 2023: 18770-18782.

[15] ZHANG F, CHENG Y Y, HUA Q, et al. A
multiscale spatiotemporal attention network for grou-
nd-based remote sensing cloud image sequence pre—
diction[J]. IEEE Transactions on Geoscience and
Remote Sensing, 2024, 62: 5646113.

[16] LATJ Y, GAN L Q, ZHU J H, et al. Explor-
ing spatial frequency information for enhanced video
prediction quality[J]. TEEE Transactions on Multi-
media, 2024, 26: 8955-8968.

[17] TENG Q, LI W, HU G W, et al. Innovative
dual-decoupling CNN with layer-wise temporal-spa—
tial attention for sensor—based human activity recog-
nition[J]. TEEE Journal of Biomedical and Health
Informatics, 2025, 29(2): 1035-1048.

[18] MO F B, HUANG Y X, WU M, et al. MMS-
ISP: a satellite image sequence prediction network
with multi-factor decoupling and multi-modal fusion
[C]//International Conference on Pattern Recogni-
tion. Cham, Switzerland: Springer Nature, 2025:
221-236.

[19] =&, HR¥R, WEIEE. —Fh kT SO0 a0 & 514 g i

IO N SURERE Y (D). RS5O i, 2024, 41
(3): 467-473.
YUAN Y, XU J, GU J F. A balanced octree
based on Morton code and mirror code[J]. Chinese
Journal of Computational Mechanics, 2024, 41(3):
467-473.

[20] CHOLLET F. Xception: deep learning with dep—
thwise separable convolutions[C]//2017 TEEE Con-
ference on Computer Vision and Pattern Recogni-
tion(CVPR) . Piscataway, NJ, USA: IEEE, 2017:
1800-1807.

[21] NASIR T, MALIK M K. Efficient CRNN: to-
wards end-to—end low resource Urdu text recogni—
tion using depthwise separable convolutions and
gated recurrent units[J]. Information Processing &
Management, 2024, 61(1): 103544.

[22] FE~PAN, REJH, WNAE, 4F. I F S RHE 42

TEM SRR ], NIRRT RN R 5L, 2021, 42
(2): 271-278.
REN S G, ZHANG J X, GU X J, et al. Over-
view of feature extraction algorithms for time series
[J]. Journal of Chinese Computer Systems, 2021,
42(2): 271-278.

[23] ¥ m, =aff, &, . ETZHIWS] M

HZEEG L ERE L] RS FE TR RF%R,
2024, 38(5): 35-43.
CUI Z G, LAN Y W, WANG N, et al. An im-
age dehazing algorithm based on multi-teacher guided
knowledge distillation[J]. Journal of Rocket Force
University of Engineering, 2024, 38(5): 35-43.

[24] WANG B, LEI Y G, LI N P, et al. A hybrid
prognostics approach for estimating remaining useful
life of rolling element bearings[J]. IEEE Transac-
tions on Reliability, 2020, 69(1): 401-412.

[25] PEI H, SI X S, HU C H, et al. An adaptive
prognostics method for fusing CDBN and diffusion
process: application to bearing data[J]. Neurocom-
puting, 2021, 421: 303-315.

(%m#F: T4



