ERVES e
2024 47 A

k o T

Journal of Vibration Engineering

% R Vol. 37 No. 7

Jul. 2024

B4 EE AW S R Bi-LSTM M 2% (4 Z5 35 4 B
Rt R R
g, BRI, Re%?

(1. AR R IR EE + 5 100 S IR B+ S5 B S S S0 =, V198 Mt 2100965 2. AR K2k AR TR 2B,
L9 M At 211189; 3. A KM Bl S M A IT A TN 0, 1L fg &t 211189)

T BT A By (0 B SR B 5 U LA RO, R (L A7 o LA A 2 58 0 B b R A0 SRR A B A
A R AR OIRZS o DB, B2 TR T I L R 26 3 B 0 AR AR Al G B2 (ALFF-Net) o %48 @ 1 1l
BHIEEMZE R T BILSTM $ITX I ] 7 41 22 R RRAE S S A R RE 77 o [ Ieh 25 4 1 2y HIL A FRR L il 45 5K
W, o AR T % o 2 ) 45 T Wit 4 S 0 TR0 Afl 52, Bk — 2D 4R T TR X 4 0 R B RO OC R L RE T .
DR S D7 A T AN T B TRT A SF 4 J3E R0 4 T Y 0 Al 4 0 ALFF -Net 858 8 g A7 52450 01 R 030 1 B A7 25
Mk S5 R LW ALFF-Net 88147 22 i LSTM ¥ 26 76 1 25 B AR 1 380 A A [ 55, 453 3 TR 310 o 0 3 e o T 42 T
19.30%0 , HLA G T AN 48 TN B RR 22 39/ T 3000 #E— 203, 3l i X b ATLFF-Net B85 A ] 1 0 £ 4l 9K 5

77 Z T IR BIRT BE S0 iE 1 P[] 22 50 0 S B A A 2

ey 453 400 A 00 445 2R B Oy 5 A

KGR : R RBIAN s ERR GRS KA A2 M4 s TR I HLE ; FRIERL S

RESES: Udd6.3; Uddl' 7 XERFREAD: A
DOI:10.16385/].cnki.issn. 1004-4523.2024.07.001

5l

i

Fy Tl % 95 A PR BT AE T 2 R R R AE AT,
B B2 14 & Ak I 00 H: 22 4 e 4% 7 AR B R B .
20 T 2L AR TT U6 , O PR B AT SRR 25 4 14 %2 A ] SEas
5 AE N B SR AGL I R SR 1 (AR 2 e SRR ) 45 A
FHE M N0 2R 490 8 W A R Ok A = ARk, T A
20 JAEATR R 0 e R B B A b ) I T L A R AR
e TR AR 1) 45 e £t T M 0 2R 5 g RS D 9 Ay M e
Aok M B 1 R A SR A R A A IR S A B
38 B M RO 9 AR

235 Py 8 03 S T fe ) < R N T F R T 7 i B
A R W I S W S B TR T
R S Ao o A 28R 5 B IR B AR S TR
i, BRI B AL AR RS R 5 R G A Witk 25 (il
15 T 4IR Bl ) 45 R A BE W 0 D7 S A B SO A S8R e
ff U 45 R R AR B 5 R T R Hop R T
- A5 Uk Bl B B 2% 50 A B W S A5 A 0 O 1%
X 3 73 A # Sl A R 0 OB A L MOBE A2 ) Bl
TR AE v B IO A AT TR A O R R AL L )T iz A

Y5 B #3: 2023-04-10; 1&1T H #3: 2023-08-28

X EHS: 1004-4523(2024)07-1089-09

SRy 2 — b U AT S B B R AR R Y. Feng
AU T — G A S 3 Kl N S S
R A7 % 408 0 4G T 7 9% 30 ek T e 4 O R 67 B T )
2 L — i 5 25 i R i 2R B, 30 T S8 R W R
{14 5 A7 A1 i A Oshima 55 5R FHEE 28 42 0 KA 22
I B [N, F A B A B R AR S iR 8 X A R 4 IR
BT VAL IF BT T 8% 180 AN SF- 8 B R BA B35 M 7 4%
VP4l 25 B0 R ) 5 Sieniawska 55 5 4R K
% 51 Ji 301 1o 2% A P RO 9% 465 0 057 B Wi 107, 45 2 75 1)
TR g 0 5 ) I, A ST R AR B S S
10 A7 T 55 R e 25 M R A s

TR ) B A R LR 2 > S0 Y B B2 5
AT A R £ JHL 5 R A A 6 M i B i O AN OE TR T 3 4
fE TR B R, B FE A2 TR 52 B P BUTS T B8 F G
WE. SR BE B T B AU IR R R
W 5 J K 30 T 2R B A A A SRR Xt 4 A fit
JFE W R G B R AT RE AR T R A R
Db, 3 T TR B 2 o) B OF B L LR kR R R
K 0 AR SAE AT o Xiong 25 R DY [ fy BE - 1
XU 2R 406 PO A 78 G A L% B I 1T S T3 B R R
ARG FEAR K R R Z UG PR AR B AR

EETHE: b e 5 KA R L 55 2 4 W05 4 98 B H (2242024K40013) 5 78 T K 2% 30 1k 2000 B 3 3h 2 2 % Bh i B
(RF1028623149) 5 H [# [ K 4k it 4 A A R4S w) BHE I 55 FF 2 1R 9 B i H (P2022G054) o



1090 & 3 T

%37 &

BP i 28 [ 2% ASLA0L 1 A R4 03 100 5 L L U 5 ]
26 ICAFE A R 0 H R A R T AR AR A R
PR 20 25 M 2 AT T 0B R S DL 2 A 5 4%, A BP
225 ) 2% S ST 0 S g 7 AR A 475 R 2 2 M) ik
9 K % s Locke 58 R AL F 1/4 A4 LAY 1Y Z2-4F
A I Sl BB BR8], A Ao Sl P o — 4 3 AR A 28 )
280 M B A [) 45 40 A BT AR 1 G A 3 A S
A7 Ab 33T P2 ) 45 A R A £ 1 2 A L S BRI
W 75 BT AR S A R ) 8 U0 A R R 4T M BB T
Hajializadeh'"* 4% & 45 RO 56 R 42 19 351 42 Jon sk g
70 AR AR 5 Ak BRER SR HIC & 0T 78 27 > S5
SRR W 1) Y A B 8 X 2% AT M R AR UL A
WE& e T A A A K 2 A A% S B R AT AT
059 A A A5 o Sarwar FENT L T A 5 R
R TR B B P FLAE L BRI T — R R
W A IR AR A5 B Rl 0 B 58 o 28 I 2% 7 1%, i 7 1%
RE8 52 LM RO IR S 1 S VAL . BT, 455 R
JIE Bl 25 90 2% 5 25 R G iR 2l IS Y 25 0 45 0 )
J7 BT AR A A UL, HOA SC SR AE B 2 A B T
DU 22 A% S8 a5 B3 5] N AT SR A ZEASE L PO 003 A JE 45
[R) A

A ST S A T B AL R Bi-LSTM B8 1) 18
B, B — R 3K 2l Y B T R I I IS R 2 R 2%
BB o B FE AE Bl A B R (Attention-
LSTM-based Feature Fusion Model, ALFF-Net) ,
B ERAL T 43 LSTM W 2% i) i 550 i 2 i 3500 A
JE L JF OB A AR T AR R G IR B B Y B B
PR BRI S b BRI 30 g 7 TN O
JE R R A TR S R A R I DAh A4S AE B L 45 T Y
LA A IR R G, B T IR B 2 W 2% 3E 17 AN []
T 3¢ 50 55 25 R AN [m) e 0 250 90 3K 3 ) 7 2 4 A

AV IR T

1 E-HEeER

1.1 B A FEEERHIR

S TH A 2 () b 9 T 5 0 A0 A A 2 T T AS S
R R 3 A O 2 R R R R B AR S iR B
(Bl M R AR SR HISCHRL 19 15 iy Ty A 3 %
J3E o5 BRGNP 28 R R | B HLRE R A
AN I T JE T A R B9 SE 0 28, Hold) 70 o A 9 (B
U ) ~H % (e 22 ) 36 8 A5 g M5 T 1 52 2 1l 1o e
TET AN - 28 JEE — JBEAH X B, AR SCACR I SCHR (19 ]
FRHIT 4 1 B% O AF 2 o ST AN P R R A A A 50

r(.r):z:«/éLGkAn cos (2mn,x + @) (1)
k=1

Gy=Go () (2)

7,
K () BB A3 AF 5 5 N Oy I DLAE i
H] AN - 5 BE 1Y 9 I B0 5 An SRy 2 R) AR Y ) R
An=(n,—n,)/N, — & B n,=0.011l m "', n,=
2.83 m s MR E AR 0, WA A T
[0, 2n [ BENLAH AL £ 5 G, o 50 B8 T 2R 4% 2 i ok 45
ny KR kAU I Y A5 RIS s g Sl 255 S [ R, —
MEHR 0.1 m "5 G 2 275 25 (A 3R n XF I 18 5 78 )
TG AW, e % T AN P R 0 A OB

1.2 E-HBERIES

AR SCR TR T 1/4 G A5 Y 1 A W I 3
RGBTSR A P 1R o o M R Oy
24 R AR 155 ) ) SR, 4 0 10 LA S e R
v il AR TS A O p R A e AR . ] 1
IR B AR B Ry m, AR5 R IG BB 2 N e A
2R 5L M J3E M B JE 2R K003 0 O e L o, B M )
T MU B2 B e 28 K00 T R ey e

Wz(t)
o k. c

’ wi() —

L,ELp,¢
F1 e R R85

Fig.1 Vehicle-bridge coupling vibration system

MR R TEM A TR RE T
B3 DL it BRI LA 21 WA -{F 55 ) 25t 4R B 2R A b
TR AR R R T B 3h A T R

4 2

wlx, t)+p

d
¥ wlx, t)+ caflw(x, t)=

F(t)o(x—wvt), 0<<z<L (3)
b w(a, o) B REEH B B WAL S s ET R BE Y
PO W BE 5 0 S R B2 B3 AT OK 9 BT 4t 5 ¢ R R A BELJE
FHG o () NIK SRR B F, (0) R R0 32 77 2R
0 3h R A T RN

F,(t)=(m,+m,) g+ mw, + myd, (4)
BE T G 10 3 25 748 2% AT LA S A B 3
YIRS IR
Pilw+w—r7r)tc(w+w—7r)=

_mlié)l_ﬂ72i@2 (5)

EI

4
X

ko (wy, — wi )+ (W, — W, )= —m, W,
X w ()M w, ()73 5 Fm B2 5 86 i 1y
18 1] 5 B8 R A2 A 5T o A 6 ) 62 S, HL 34 DL 4R A A
12 HEAEHIT 0w ) A8 5 o
R I 0 78 o vk S AL 3R 78 B A4 185 i) 7 R Wil



]

WO

Fil 5 13 2 7 LR R Bi-LSTM I 2% 1) 4 S 5 B A7 B2-450 40 PPl

1091

g
e

w(x,z)=j§0i(l‘)qf(l)
Ao X TR RS IR R o, ()=

2
2 : inx e TN i
|— sin ,%ZFJI‘T%?&%%%()
N oL L L

(6)

EI
0

hy A L 75 5 W 5o A 75 RO
HR (6 AR (), HIFATR ¢, (2)IFFRK L

FRI> Al 1% .

G (t)+ 28w.q,(t)+ wiq(t)=F,(t)g,(x)o (7)

FHLJE LE

BRAr A (5) (7)), w4 bk AW 5 I s AL 28

2 ALFF-Net &8

A SCHR Y 1 ALFF-Net £ 8 g %4 4 2 5
iE il 5 AL B o )2 R, AR ZE R AN 2 BT
Forp  FRAE RS RLHRBLE T E R AALEI X LSTM 2
A HORY BEOBURR AR FE AT 3 AR, 38 5 2 O B A
2R R W v TR B R n] LA A A
B A 4 A R D e A Y B XA 2
POPIRE B PG 2K

_____________

Hel T2

Vo

X, —LSTM > Attention—*>LSTM
T 7 V4

___________________________________________

® &

(3 1227 R
M(t)i+ C(r)x+K(1)x=F(t) (8)
A BRI M () BSR4 C () R 36 1

X, —LrLSTM'T:Attention'gr);'>LSTM

i
)

(=) X, - LSTM = Attention 45>~ LSTM

"
ih

K ()35 9 AR TR B 73 50 278 O

m, m, 0 0 0]
0 m, 0 0 0
—mig, 0 —m,p, 0 1 0 0
M(1)= —mp,0 —mup,0 0 1 01
—m¢,0 —myp,0 0 0 1 |
o 0 el g g |
—Cy Gy 0 0 0
0 0 28w, 0 0
C(t)= ,
0 0 0 25w, 0
L O O O O ngwm_
I kl 0 /31501 k1¢2 /»’1§0m_
_kg kg O O O
2
K(1)= 0 0 w7 07 0 ’
0 0 0 w5 0
L 0 0 0 0 w? |
_wl(l)_ [ (‘17;+k1r
w, (1) 0
0 q. (1) 0 —o(m,+m,) go
x\l)— s F )= o
g, (1) *¢2<m1+m2)85
_L]m(l‘)_ —ga,,,(ln1+ﬂzz)g5_

FI I Newmark-g 75 3 %f 30 (8) #E 47 % £ 3k
fift, AR MR IR Sl R LR B A WA N o A SO i
R {7 AR OB AR 3 R A i R TR
22 10 245 52 OGS BF RS AT AL O ik (9 AR

@ X, —:-IPLSTM_L:Attention——o»LSTM
ii conca?% concatl
1

2 ALFF-Net 5 5 5 A 25
Fig.2 The basic structure of ALFF-Net model

2.1 KEBHZIZ W%

76 Pl 25 00 246 2 — A BB AT 1153 91 Ak B A )
FRAE Y 775 , 18 5 AR B0 B 91 25 224X 2 i Kodls b
19 bR SCAE L S5 X 41 G SR AR G R A A
SR, 18 1t 25 0 2% 7 7 K 3 A0 0] R, 7 43 A A Ak
P AT B Y 0 BCHE B AT RE 23 7 AR R I SR R AR
FE I B 52 . Hochreiter %™ 4 1 (4 K Ji #F g 12
(Long Short Term Memory, LSTM ) #fi £ [ £% & —
T RAC B 006 B P 2 N 2%, — e R B TR A A
25 19 245 1) SRS ) R

LSTM [ 4 — B0 & Z A M B E 5 9 LSTM
TG, FH AR B AR I 4 v i sl S AL 3, A
SR 3R

A LSTM HCE A5 fir AT 8 ] A i
T =AS T4 T, i 2 T AL AT LA i R Ak B i

RN 2RRFIAN T, 33 R tanhZ; 4R~ HH 17,
K3 LSTM B CHE A 45

Fig. 3 The basic structure of LSTM cell



1092 & 3 T

%37 &

RS AR SC TR AR R s
f;:O'<W;|:}L,71,.1‘,:|+b(> (9)

i—o(W[h, \x]+8b) (10)
¢, =tanh(W.[h, 2]+ b.) (11)
O,:U<Wo[h,71,x,]+bu) (12)
(=fRc, +¢Xi, (13)
h,= o0,& tanh(c,) (14)

A o(«)FE IR Sigmoid 315 PR #L; tanh () 32 78 XL
i IE D) BB W, W, WO W03 i 3R R BT
AT RS A T B 5 b, by, bR b,
Gy F R BT AT IR S R T B
s h,, o, Fl e, 50 0 3 R LSTM BT A8 i Z1 ¢ X 1
H B i A RIEAZARAS s QO TR HE B T R M

2.2 Bi-LSTM E#iEEHE

1) 77 41 7 B A B R RS AR B T AR AR
B, OB R E 38 R B T S B i AR e . Dy
It , ALFF-Net £ 508 Bi-LSTM 2450 Fl 7 & iy A
RS, DL TF LSTM 8T % iy A A5 5 4 i 3
R AE SN BE 7, i DRSS 7 A e 22 i o b BB S TR A R
fIE 4 A5 50 508 1) T 22 BROCRRAE .

4 Fif 7R B9 BLSTM M % f1 94> 77 1] A 2 19
LSTM G4 i, 43 5l ¥ 1 [a) F1 2 ) B9 B[] 25 ik 34
B B 72 R T S0 B0 B R Sk i SR A R,
ANTR) 7 1) b Az 04 B J2 R AT 25 5 s a0 T S B %k
B ATy HE B RRAE IR

. - > - - -
(A h] (73 (A 1 [A,; h]
A A 4 4
LSTM || [LSTM backward LSTM backward LSTM
Lcell T cell JT- "~ (Lcel JT ™ (Cell
. TS - il [ — I}

: L forward forward '
LST™M|  (LsT™M| forward (LSTM| forward: [LSTM
Cell [T Cell = "L Cell T T Cell

I N Ve S

I I T 1
X, X X, X

K4 BIrLSTM [ 5L A 454
Fig.4 The basic structure of BIrLSTM network

A5 v g BBl R O ik A S

i Z Zy—4
i i i
I o R
i 2
chorg_ . . . (15)
i . cese -l
L5 T Lo dsstu—a)

Xinpul:[Xriorg'.' Xrieorg Xr/éurg].shxrn—m (16)

A n ISR A 1] B YA RE 5 A B A R 2 N 4%

B9 7 9] A2 i s X o M 55 £ A JSUHR P 9 4 S 4 T
HETE 35 X N2 TG JF 5RO 1 PFH A% 2

R i A 2 0 2% 114 22 A ki [ 5 81 K F ol

B S A A )7 91 X = [ ) e 2] A
J R J R 2y e A AR A S I A A B A
N I S o s N 7 il =1 P2 2 R P S N W U R U S
Xii;};m:[xi Tii1 Tyyo Tips Ij-4:|:o i 3 AT B RE
S 1) T AR A, LSTM BT BE % 78 45 A~ B 1] 25 14 12
AR Rl 30 KSR SR i A O DS A NS NTIE /AN
R AIF 5 LAY SR 7 BT

e R — Wk AT S b B A OA R W
Bi-LSTM H.IT , AN AE i B 5L 46 I (8] 7 2] 75 24 Hif
B 2] B s et A5 8 [) BoF A B 6% 245 5 Jm) 8 U 0 1]k
AR T BRRAE i B B PR O REZ RIELE T
1R 5 FIE 4 B 4%

2.3 FEANBERHEMRE

LSTM 4475 58 e 2 X6 A AKH6 ¢ 2 19 A Ak it
AR T, 10 B WL S 6 R B A LA R
R ALFF-Net 81254 Bi-LSTM #oc 5 1F
B IWLE AT RRAE BRI, 51 A AT AW T 2
T R A (L [ s 8 oA 780 S 28 S5 114 3%
BLRE J7 , 1 — A5 3R T 0o Z2 785 s s (1] 5 51 O B RS AIE 114 2%
BRI AR R L S5 R W 5 TR

h, C () \
__\% hi.mmpul
lta;
h, (7?)
l
\ M

5 RSP S5

Fig.5 The structure of attention mechanism

AR SCR I 4 BRTE B L T X A
6] 5 1 DU C AT 23 BEAT RRAE e 4%, OB A X T
7

Q=tanh (A, W?9) (17)
K,=tanh(h,W¥) (18)
c‘,»ZKIQ (19)
Jd
h it — w h[ (20)
>exple,)

Ao WOR WS B Sk A ) R X R 1) A B
d R LSTM Bt th iy B2 B0 H 55 R B iR 2 1 4k
H sk, B Z0 7 00 B IR 28 1) 55 A o 9 2004 08 00
B AR S 1) i

ALFF-Net 5 A1 2R HI ¥ )2 R AF F1 R 2 FR AR 24 7
Pr42 09 FR AR Bl A SN, — 0 T 38 2o 78 43 R B e AR
TR ol /055 7 119 1 I 25 2 B0 DU AR T S E A R % 5 )



] B4 AlA R I HLEI A BILSTM I 45 (¥ 42 505 4l B 7 3% 2 3 1A 1093

— 7 THD I 58 R i A 6 A4 T 40 1) B0 4 SR R B
WAL 55 o TR, O DR UETE 0 R 00 B A RSO ik 2
AE B 2 B 73 32 58 73 ML, A SCd 38 2o 4R A i A
{14 75 20 5 T3 ML JZ 32 R i AR A BE AT Rl
v REAE 0 0 SR W T 1 AR A Y 2 R
A MRS AR (] A4 BEOBOIR 2 i £ B PR GIE T 77 B
TR AR £ B EZ AR TR BE

3 HEWIE
S b3 2 AR R 2 Y

A& 6 BT 7 1Y B8 56 UE i AR L X ALFF-Net 5 £1 78
B R A AT 55 1 ROk BB 2E A7 25 5 Tk

_____________________________________________________

(R R )
| TR BN RS T BHLER | |
L (P sy TR O 8 :
: | !
' I/ BE—— \i
i!ﬁﬁ%ﬁiﬂ%ﬁaﬁﬂéﬁaﬁﬂﬂﬂ-ﬁﬁﬁﬁmﬁ|
-~ 1 - | — 7 A
TR E

3| I
= I
G I 4 R . G . -~ B !
3R I
fE !
H I
) I
= I
|

) I e 1 S o |

e e e

6 Hfe s e e

Fig. 6 The numerical verification process

3.1 TR#R

i 3k SR A b3 AR AR IR SRR AR AR B AR
IR B0 N, T LA AR AU 52 Bz 4 B0 B v A A 2 A
DA 3 AR AR AR 19 B S IR B 15 5, AR SO
LB AR A BT RN 7R s o e R A AR

. 11 3 . NN .
%%%ﬁzgﬁlﬁﬁﬁkﬂﬁﬁhuﬂiwﬂ

D A AT T PR A A R AR e I AR A
9 A 2 A Tk R S 4 T A AR A B
$2 2 () oF A 0 Jo 3k 8 g o 3 A7 4 B, T A4 22 0 0 A
QR S AT R . W BRI AE S BEAT A LA
VAN [ ) RS B Bl 5 58, R 22 1) 45 AR T gt AT )
SRR o LS HARAL G DT R ANE 1R .

Xt A G A B 2SI A 4 i A AU 5 A A 40
3, FAR iR JEE B PPA 20 JAR A I3 2 Fi o

3 N7 T TR M 2 T 45 R B R R AR
BT DR G MRS R 3 3] A 2% 1 i TS F R
ST AR A 500 AR R AR B BEAS 8 42 1300 20l

v fukstemkas  AS-2_]

U hniE E fe A
AS-1

DS-1

DS-2

DS-3

B 7 R S 0 A s A
Fig. 7 Sensor layout for vehicle and bridge

®1 FRERBEAGHE

Tab.1 Different sensor combinations schemes

e W E ey

I R B R B

CE S PSS 3
AR Wr[E1 4K 8l 75 28 3

DS-1/DS-2/(AS-1, AS-2)
DS-1/DS-2/DS-3

T (AS-1, AS-2) 375 It 42 40 B4 Jon 3ok 88 W 0 4500 2 5K (4) 3 53 )

FeSPAE S A2 M 2%

R2 HMRBGGREDE
Tab. 2 Classification of bridge damage state

Ry T B R0 W
State | HARRI SN T 5%
State Il HEAR NI BE BT 5 %6 ~10%
State Il A NI BE AT 1026 ~15%
State IV S VAR B T K 15 %6

SRAR MBI 4R o S B I BEE R AR R Ol 50 Hz,
A 0 R R A DN A A% 4 A S S N 3R 3 T

xR3 E-HRARIRFEXSH
Tab.3 Relevant parameters of vehicle-bridge coupling

vibration system

EREE 2 WA RS WUl
m,/kg 1425 L/m 40
m,/kg 32025 EI/(Nem ?) 1.275x 10"

B/Nem™)  2.85X10° | p/(kgem ) 1.2X10°

ky/(Nem ™) 6.5X10° £ 0

¢,/(Nesem ') 0
¢,/(Nesemn ™) 2.1x10"

Ry A5 AU S AE A G A2 2R PR B R Y S B as i T
0, FE N (R T8 0 0 55 9 349 R P Bl AL B 1 AN -
JEE R o T M AR AR, ELZE AT R R
28 W BE 47 98 Ee 491 43 5 ik AAL10, 15] m/s #1[0.75,
1.0] BRI A 504 o LA D 9% 10 A P-4 B T B9 40455
FEARAE R 5], A WRE A B 40 1Y) 2 SR B e 25 W
Gy AT WA 8 BT AR, FH LA WA 43 FF A 10 1 5% R A 4
R AE S BN 9 R 10 fir s o 75 B8, S B i
ANV B S G T i B AN R R AR B iR B R 5 22
S 23N, X 2 o 2 AR 1) R E 4 IR T 4
TR

b AR 2 T A 22 0 4 1 A AT R A R B



1094 W oz TR % M %37 %
x10" K H 28K o1 B B0 Dk Y 2% 2 38 50 35 R L TR
L25¢ DL E 4 25 ) 255 e 5 2 oE M ISl 3 e A A . 2R 0 R
T l20f A adiy AL TAUNRGTER T AP IR Ao AR A0 PR 11 R
.1.15"— b B B =g = = = =gpE—
a " fﬁ " . lq- e 3
110} = ;r-"-‘l"m“'.h"- A LA x10*
i —.—o—'l—*—-—n—r—&wwi—z—
E 105k e W ‘et gL
"SR EERTER AR SO & ST 8.0
\li o ‘, L 3. . . "
= 100t e "...y o % hlj\g
Eoost T e R 401
State | State II
20F
0.90F = State [IIl ¢ State [V 0(5); L : .
10 11 2 13 4 15 0 250500 1000 1500 2000 2500 3000
W /(m s ERIKEL

P8 450 P R A ) 42 RIS S 0 25 I 2 93 A1

Fig.8 The distribution of vehicle speed and bridge flexural
stiffness in damage sample set
1
B
E
=
0 1 2 3 4
M /s
B9 B AL R iR N {5 5
Fig.9 The displacement response signal of the bridge
400
% 300
g 200
%—é 100
0 . s .
0 1 2 3 4

W] /s
RS e (B
Fig. 10 The time-history of vehicle dynamic action

F 5 TE M BB W EE 0 3 A R AN T R
It Y BE LR PG 0T A2 . Forh B R T W
FERARFR A F G000 B 6l 2 850, o J2 28 0 246 H
1953 Jehn % ol 8 T, SR AR T2 I il Gk Ak i R
AR Y B0 S R BB A Ry 42 0, 2% T LAY B 4
WARAE 5 HA —E W Ak, W IR S Bris & 1
PR 245 e 450 0 A 0 37 5

i 3 L F Python ¥ 355 1) Pytorch AE 42 X % B #f
Mg AT R IFE AL B O 12 % 20 &
i7-12700 CPU HI NIVIDIA RTX-3060Ti GPU, #|
FHARACAHE 42 Optuna 52 390 BE HLIE R Jr 5 9F % 2% 2] %2
(0.0001~0.005) . 4t REE K /v (16~128) F1 LSTM
Be 2597 s (50~750) #E4T A s AL Ik . A
RUYIN 2 Z i, 0 i A B R BObR 1 22 )3 — Ak 07 ¥, L
T B 40 22 53 1 AR 2 80 AL i W BGHR FE . A I 2
o AR v AR Y BT AT SIS R R A 3 AN, AR S

BT 270 03 B Bos i ih 26
Fig. 11 The curve of learning rate with a piecewise constant

decay strategy

R AR R BGPTSR T 2 I, R
HEW 2 Accuracy R BN P oo BB R HE R o0
T FL B F ero VE N 53 ST F5 A X6 o1 25 9] 245 45 754
R 45 AT v R . Herb R R O IR
B T ) A (7 AR P R AR S 0 A A e, Al S A
338 7 A3 R R

1 TP,

Pmacro - [ E—— 21
n Z TP, + FP, (21)
1 TP,
Rma(‘ro - L s 22
n 2 TP, + FN, (22)

i=1
2 X Pma(‘m X Rmacm
macro 2 R
macro macro

K TP R IEFEAS IE B FOM 0 B FP o SRR AR
Gl TN B4 K 5 N SR T RE AR A 45 00 A4 H0
MO FAT S B .

b R bR T 4 T A i 22 43 2 ) R P 4% 2 )
PUN 5 B0 B R T2 RE T

(23)

3.2 ERHGMH

ARCHE S ALFF-Net BRI 2 ML LSTM W 2%
T 22 5 W I S0 U 1R 5K 30 5 28 R W25 A PR e R A T U
JEA N 7 N [ 0T N 293 3 N =V U g S AR = 2
AR K A 43 ) TR R0 2, o 2 R 1 2 o R Y
2 PR BT [ il 2 RN 06 UE 4R o B R 4 0 i L 12 A
L3 Fr7R o FR PRI 0, 5 A5 70 (9 AR 15 25 i 4 35 1K
G TV Fa, ALFF-Net B R 45 22 1 LSTM R 4%
FE I 25 3k B v 2R B B G %) 0L BB T R IR A
A B B A 5 T A P R A Y 4 v SE I

Pl 14 1 15 43 1) %65 I 19 248 A5 780 A AN [+] i 18 AN -
e A G P R AR AR T B AR S B RN I 2
Ko ZA NG R RMATLLL M, ALFF-Net 1
RUAE FUM 6 ) A S A R4 M LSTM W 2% H
L RTA gl g



1095

— 1 ~ALFF-Net|

— — ~ALFF-Net|

BB, & 16 A 17 43 i Ay T 2 A R A DY A B
AT AS S i 45 20T M 232 460 403 R 301 & SR R TRV I
HICZ R &7 A Ta] 33405 IR 75 i 0 3 B A A ol 1 531)

.0 1000 2000 3000
EARIE
(a) Class A

|~ TALFF-Net|

0 1000 2000 3000
EARIREL
(c) Class C

. 0 1000 2000 3000

LS ANV €
(b) Class B

. 0 1000 2000 3000

IEARREL
(d) Class D

F12 R KT B2

Fig. 12 The descent curve of the loss function

=X
@_100
ﬁ 60 LSTM
W 40— ALFF-Net
&0 1000 2000 3000
X (a) Class A
&;100
& 80
& 60 LSTM
ﬁ 401 —— ALFF-Net
50 1000 2000 3000
BARIKEL
(c) Class C

3

~100

@ %0 W‘Y‘/

ﬁ 60 LSTM

o 40f ——ALFF-Net

&0 1000 2000 3000
IRARIEL

3 (b) Class B

~100

g 80

ﬁ 60 LSTM

o 4007 ———ALFF-Net

&0 1000 2000 3000
BRI
(d) Class D

P13 ALt 0 o 1 %
Fig. 13 The accuracy of the validation set of the models

T g 25 458 £ DR 25 288 ) ) A AR

B8 mukal B

AT A IR A5 B T AN - B B PRl 2 26 Y
Y B 56 a5 R, 4 ML LSTML IO 266 7 [ 1 48 25 i 11
DAL 2> TR 22 T ER A I AR UK A B TR A

2 IR601 0 0fff, X IR634 0 0fl),
R 12237 0 R IF42326 0
5‘%&;]11-0 4 225 3 ||{100 ﬁm-o 0 228 9 ||7100
Vo o 72410, Vb 2%
I IV I IV
TR RS TR RS
(a) Class A (b) Class B
ﬁ 11236 5 00114500 200
& 122370 0
B o 7 253 5([7100 100
=yl 24!
i sl Lo 0
I I WV
TR RS TR 3R A
(c) Class C (d) Class D

B 16 ALFFE-Net £ 45

IRVIIERES

Fig. 16 Damage identification results of ALFF-Net model

6
6 X 10
—&—LSTM |
e —— ALFF-Net _
& 4r -
%\_‘} P P
® 2F e a7
0 1 1 L L
Class A Class B Class C Class D
PRI ARG

K14 BB EAESH0E

Fig. 14 The optimum number of parameters of the models

X10°

—&—LSTM

2 5| —— ALFF-Net
M
E
§ | f
=

o L2 . i i

Class A Class B Class C Class D
BRI A PR S

K15 BRIRm K
Fig. 15 Training time of the models
Shy 2 03X R 2 A TR G A SR A 0 1 o DS PR A
PERE , AR SCIE I 7F 45 G i R P 8 R A ik s B
A 1000 4~ 81 5 #E A /G b Szl k4R, DL & I
ALFF-Net £ %1 1 2 i LSTM [ % X 45 2 35 45 4R 25

3 5]
ﬁ 200 i 200
& &
St 100 X 100
2 K
g o £ 0
[ II II IV [ II I IV
TR IRES TR IRES
’ (a) Class A ’ (b) Class B
ﬁ 0% 200 ﬁ 200
R
ﬁ 100 = 100
# #
ok 0 fmk 0
I TNV I T IV
T IRES T RES
(c) Class C (d) Class D
K17 LSTM 44545 51 45

Fig. 17 Damage identification results of LSTM network

T IRVE B 43 535 ALFF-Net 155 7 i1 25 #
LSTM M %% B 50 2 P REVE M 48 b, TH B 45 SR n ke 4
JIi7R o 45 5B, 78 DU AN AN [R] [ T AS 7 56 B S i
M7 A 4R P, ALFF-Net £ 5 %) o iy 5% | 22 A o
BRAERFMEFL & TEMLSTM M4,
H ALFF-Net £ B 75 £ 900 1] 1% 00 F 19382 51 152 2 3
INF 3%

TE VI3 150 i A AT 5% R0 2 05 2 SRS T AR A S i
PEAG A 55 1, ALFF-Net #5551 32 9 H 00 K A 18 51 %
fig o HF— 20 b, AR SCHEAT I Ml S5 B E T RS R
JIAL A A R | [ B 3 2o 5 i A A A S 1
TAXA B e e R i AT R W IR 9K Bl ZE 4R Sl
R o R [ 0 0 5040 3K 3l 7 %8 ALFF-Net 85 8 (1 45
P 0 A R G BT 18 i



1096 & 3 T

%37 %

F4 BRESEERTHER

Tab.4 The calculation results of the classification index of

the models
i 1h AT B Accuracy/
R wiceo! V0 Reer/ N0 Fraeeal
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Class A 97.60 97.54  97.56  97.55
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Class D 97.00 97.01 97.10  97.05
Class A 93.40 93.41 93.42 9342
Class B 90.40 90.52  90.22  90.37
Class C 87.90 87.99 87.77  87.88
Class D 77.70 78.15  77.88  78.01
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Vehicle-assisted bridge damage assessment by combining attention mechanism
and Bi-LSTM network

ZENG Yan®, FENG Dong-ming"**, LI Jian-an®
(1.Key Laboratory of Concrete and Prestressed Concrete Structures of Ministry of Education, Southeast University,
Nanjing 210096, China; 2.School of Civil Engineering, Southeast University, Nanjing 211189, China;
3.National and Local Joint Engineering Research Center for Intelligent Construction and Maintenance ,

Southeast University, Nanjing 211189, China)

Abstract: Vehicle-assisted bridge damage identification has great application potential, but it is still difficult to extract damage-sen-
sitive features from multi-source monitoring data and accurately evaluate the bridge damage status. To solve this problem, an At-
tention-LSTM-based Feature Fusion Model (ALFF-Net) is proposed. The model improves the perception ability of Bi-LSTM
cells for multi-scale feature information in time series data through a preset data reconstruction layer. Furthermore, by employing
attention mechanism and feature fusion strategy, the model reduces the prediction difficulty of downstream branches of deep neural
networks and further improves the modeling ability for the important dependency relationships in the sequence data. A monitoring
dataset under different road roughness and vehicle speeds is generated through a vehicle-bridge interaction system simulation, and
the bridge damage identification performance of the ALFF-Net model is comprehensively tested. The results show that the ALFF-
Net model improves the damage identification accuracy by up to 19.30% compared to the classical LSTM network while signifi-
cantly reducing computational costs, and the identification errors under different road roughness levels are less than 3%. More-
over, by comparing the identification accuracy of the ALFF-Net model under different data-driven schemes, the robustness of the

bridge damage detection results with synergistic multi-source monitoring data is verified.
Key words: bridge damage assessment; vehicle-bridge coupling vibration; LSTM network;attention mechanism ; feature fusion
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