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Joint recovery method for multi-channel bridge monitoring data

considering spatiotemporal correlation

XIN Jingzhou'?, YANG Weitong"*, ZHOU Jianting"*, TANG Qizhi"*, ZHOU Chaoying'”,
ZHANG Hong'*
(1.State Key Laboratory of Mountain Bridge and Tunnel Engineering, Chongqing Jiaotong University, Chongqing 400074,
China; 2.School of Civil Engineering, Chongqing Jiaotong University, Chongqing 400074, China)

Abstract: Bridge health monitoring data often encounter missing values due to sensor failures and other factors. Existing data recov-
ery methods have not effectively utilized the temporal and spatial correlations in the data. In this paper, a multi-channel recovery
method for bridge monitoring data based on temporal and spatial correlations is proposed. The original data is preprocessed using a
Kalman filter to eliminate random errors. The preprocessed data is divided into training and testing sets, and training samples are
constructed using a sliding window approach with masking. The data recovery issue is formulated as a time series prediction issue.
Besides, an end-to-end LSTM network architecture is trained to leverage the temporal and spatial correlations in the historical data
of the sensors which enables the recovery of missing data. The proposed method 1s validated using the measured deflection and ca-
ble force data from a suspension bridge, and the performance of single-channel and multi-channel data recovery is discussed. Com~-
pared to the traditional RNN models, results show that the proposed method achieves a 22% improvement in accuracy when the
data missing rate is 60%. Moreover, the method effectively utilizes the temporal and spatial correlations among different channels,

enabling simultaneous recovery of data from multiple channels.

Keywords: bridge health monitoring; bridge engineering; data recovery; long short-term memory neural network; spatiotemporal

correlation

W 3 A i o ] Y TR ST, B SR AR R I T BE o A A R 0 R ) e R D A B M
RGRR ) @ R 2R R T EE R HUWIIRER G ATAE . SR, i T I B A AR

%5 B #1: 2023-08-26; 1&1T B #i: 2024-01-23
HEE&WB:H % | R P & 4 % 8wl B (52278292, 52208264) ; K i A W 4E B 2 i 4 % 3w H
(CSTB2023NSCQ-JQX0029) ; 5t M 45 52 18 3z fy JT RH 01 H (202371227001)



553

VSRS A5 2 IR 23 R G A S 0 AT 2 G 1S R R vk 559

2 e 5 R 5 DXL 2R 08 T L T R R R B R A
X EE 5 T4 R 5 405 TR 0 2 A TEAT Y o P
PRI I A2 e 2 W0 00 5 i, 6 T P 6 A 0 45 48 7 T
PEMER L E R RRESEAEEM R ELS
TR M

I AF A, A 3K Bl ) W T Ak 2 T AR B T
Pk & R KRBT 43 A 32, B3 T 4 J8% 1) R
507 BT G A B A2 7 1k DL RO TR FE A
2 RS 7k o o T R A RN K O T kR
HR A O SR A AT 5 F A 38, ) 08 000 66 P A 4%
52 B 4 25 [A] 45 21000000 1] 5, 55 J 8 R i A AL Ak
7] S B A S R . Hean B AR R T
B (R W 4 AR BT S MRES MK E
HUANG %5742 T — ol DL 307 1 208 J8% 20 3 2 o ik
S B W KAl 5 CAO A5 R I s 4 R R, 52
BT T L AL IR W 28 BRI 5 o B S 7 s
P Z e g R AR R, Tk S S R A
It HAz 7 AR AR KRR B b MR B0 A 4R 2 SRR AIE 25 )
AR B, RIS T O e R R AR B

T3 A0 Ry A 3 R T W DU RS A R G PR R AR T
JE T T SR AR A M B K R B . tedn, S
A5 | AR 23 2 143 43 T v Sk ik B2 ke 2 WA T
B 5 R i 585 M T SR T 4 Ry s R I R
{8 3 fiff B8 47 40 ol 2 B0 s CHEN 89 JF & 7 —F
Mk 25 43 A 819 7 3k, R ok [ G Al A% Bk 25 119 50 3% 4L
o Pk 2 B B 5 Y ANG %5 ) 080 45+ 14 2 56
IR S B AL Bk 2R %) 235 ) % 2l e iy B AR L SR, I
K7k Rk B Z18  if5 5, AN E H T s Ay
SHRE

BiE N TR REH R By & R B 27 > Iy LT
AN TR R S AR TR 2 2T AT LA
B v B BT A A i AR 2 MR DG 1 TR B AT
R ERGEEN . He A, LETZE "5 7 5 My ke gk
DN SCH , B8 8 T — IR B A BRAE R T I 45 5 o 2 T
A TRR TG W B AR 2 I 4% T i T RO A TR
¥ 5 OH 450 5 4 07 A8 W B8, #  1 % FL b
2 M 2% (convolutional neural network, CNN) %% #iz 1%
SEASEARY DL PR 52 R ) N AR i N 5 AR A
CNN Fl B 45 B AR R Bt I 28 ofe Pk 52 B A 5 o
BRI TR B 2% ) I W AR R A2 A R K 2
K& AR J5 1k K 2 0 R AR s 2 ] (1 25 6] A
PRI EEE vt TRk TS E= QiR EP S i 3=
P RS 5 — .

B BLA WFFE AN L A S5 0 A1) H M 0 AR 1
i [R] 5 25 [R]AH Sk, 41t 2% F I 2 AR DG 9 7 22 A
BAE 2 m E AR g R R R R R R R
W ISR IR A2 1 S48 3 AT eI ik A Rk o

1 KEHICIZHENLE
1.1 HEAFEE

Bt Xt % B2 4 38 4 28 W 4% (recurrent neural net-
work , RNN) [ 66 J3£ 71 2% 1K 040 6t ) A=, 4 2 1
1012 M 2 ™ 2% (long short-term memory neural net-
work, LSTM) il it 7 X — A FFik iy« 117k 45 6l 5
§SNET ) I ST 2 e PN VA e N D S AR VA
WAREE BN AE 2, BAT B SR iR BL ) .

LSTM 4% 3FhEAAY 1], RIS i AT
T LR . BATTE — R RE T
RE 75 30 5 240 AR A

f;:a<Wf'|:ht 1wTJjL bf) (1)
A,/ R e B2 T 5 0 () R sigmoid P PREL
W R AE 2, AR s o e — 120 B9 i
{8 ;6,0 M 2550

B AT DA 25 I A ] e RS AE R

IO A A A AR S
i=0(W.[h_2]+0b) (2)
C,=tanh (W [ h, 1, 2]+ b.) (3)
A, o 2B AT 5 C 3R I T 12 BT
R W, W RIS ALHE 5 tanh (o) B 800G PR %L 0,.0. 3%
A 25 30T, 3 XS R A AR

C,=£OC, +iOC, (4)
A, CoR e R TR S ;O BR B IR

Fe ik
55 2 AT AR AR Y [Tt ) 20 N i R R . B
oo =0(W,[h 1, 2]+0b,) (5)
K, ok B ZIBY 5 1 T] s W, RORAUHE 5 0, 3R R I
B, TR, M A
h,= 0,tanh(C,) (6)
yo=r(W,h+ b,

) (7)
D : D
i 4 (EED (R
N [ les

T A
cuf ey
iiitz) v at7)
| ® a5
hy; h,, .y
5

® © ®

BT K S0 M 22 9 4 A
Fig.1 The model of LSTM



560 & 3 T

%38 %

b,y S i ) a1 B W BRI 45
JERCE R 5 0, 0 i EL 5 f () 0 it 2 B30 pRE

1.2 IZRAH

LSTM 75 [ 45 2544 R85 pR 8L Bl S, FLIl 25
RN B ST IR A R 2% 28, AR i 3 o A 1 A5 4 R
ORI B 2 P R 25 B 1) £ 1% ST N 2% 2
B, K 2R o b by 3R WA BOBCIR 2 (— Bk
Tt ). IE AR IR 2 vh B HT S T7 AT R
7 B 1) A 4 42 I8 2o (0 7 K O 1) AT o ASUER A i 2 0T
i e /N b ok R 5K AT SR ol S T
PREHT 2R, R IR B P R B R Ak b e A 2R
SRR BRAL I R S B0 T IR 2 B v

[M>§][M%%Iiﬂ&%l BB

E2 LSTM Il
Fig.2 The training mechanism of LSTM

2 HREMHFERE T E

2.1 FHERE

B 22 W Bt B R R e e AR M g AR
Ao TR TR I E A 220 T R I O, AR SR
00 50 A 1 s R OGP B R R M B8 2
TEEEA IR T & 3 s IR E AR T .

(1) 2R FH R R 2 il 0 Ak BB 18] ) 50 8640, 51 X6
W S ) B AT U — f Ak

(2) K¢ 28 2ok 004b 2R 0 B e B a4l 43 Rl B 5
MR, I i s T AR I A 56 IE
BEAY 1 12 Ak fig

(3) R JHT I [] 740 3 2h 4% 59 if 1y B0, 48 3 I 2k
FEA

(4) 5% 44 385 5 B RE AR 04T HE A5 Ak B, B it %
Bt AT e A A I 25 RN B e kA2 b g o R AR HE
T4 Fry Hef 28 A DG 1

(5) 5 #2038 T8 A5 K A2 P 22 T 2 B R 5 )l
YRey ) Z2 30 8 B ) A I 23 A DGk

JR Y6 22 Fr B

| | kxmawa—k |
' )

mwn [ gmmunEnses |
|
|
|

'
| mAER G NE

[ ———

! | secmisEny

|
v
BRI |

P 3 T I s A OGP 0 A SR M 5 40 22 Ik 5 R R vk

Fig. 3 Multichannel joint recovery method of bridge moni-

toring data based on spatiotemporal correlation

(6) K I3 4 16 AN 25 B0 B30 W S A R v 3
B0 5 B 9 K A2, Bk A L 1 32 fL i
(DR E BT

2.2 FEf4bIE

TE AT G A B I R G b, Bdis kO R B AL K A
(1, RO 0 B S BRI R R PE REA 5 e . IE,
S SCE o 4 A Ak B T e O R A R A I g i
i P BE W 78 73 R SCHE A B 2 R G A 52 A% SR 4 2
LIS EATRENISE R VS Yo & /iy /R DR R el

e ’EJFXTgé’ﬁHTI‘ETJJ?WX—[Il,x?,-~-,1‘T]ERTX”
2, €RY, T=1,Hrh Ty %0, D o B
R g 52 B4, A A lﬁﬂiﬁ?ﬂ%ﬁ%%ﬁf@
mask! €{0, I}Dﬂéﬂéﬂ?%ﬁﬁ% kK
mask! = 0, aiBX (8)
1, /R

A, ol LR N EIE R dME
X X HEAT HE RS b FRAS B X, B X, o 09 25 550
R O, A il I B0 A0 o D G 11
X = X©Omask (9)
W X AF Ry Ji5 22 I 28 B Ry A A5 T By o S
Y, Y 4ERE 5 X — 3, i 2k B 0 T (e >

X, = YO(1 — mask) (10)
B2, B 2 ) P 235 5
X7X1<@X (11)

Ao, D S HE X B TC R AR .
2.3 EEEMIER

H T VAR R AR S fE L R BT 4 PR 3E
Fr L 4% 50y )5 5% 25 MSE B 7 AR % 25 RMSE . F- 1
“HiXF iR 22 MAE Flge g RBUR, Ha b A e



553

VSRS A5 2 IR 23 R G A S 0 AT 2 G 1S R R vk

561

(12)

(13)

(14)

(15)

3, R SRR TR BB 9 R 5 A T 5y R
5 AN JEURR B 5y M A SRR B i . MSE
RMSE MAE RSB/, 2 W28 R 0K SN 2
i 5 R {ELAI A, 50 ITASE Y 14 405 E ) R

3 EBISH

3.1 HREFAR

DIRE R HIE & 2B A IRIE TR e
K 1650.5 m, EAFK 1120 m, #5522 m. F#H
BRREE LRIRG S R RS
WM B BE RN EE VR SRR AR . A AR R ) AR
oM 5 A E TP 1/4.1/2.3/4 5 8% im0 K b
1/8.1/4.3/8.1/2.5/8.3/4.7/8 5 # i , 4 Hf 3£ 13
AR, A B 34 A PSS (I T /R
1A A ), T 30 AN A (B 2 A4S SE s Fn 2 A4
B oS o FLARWE TN A A R 4 RTR o

- (Fas) RE) -
S
D e o) e
: 5 e 7 8 9 10 11 12 3 4 15 6 17 1 18119
5 C(D)|H T
|D(2)| |D 2)|D(2)|D(2)| i |D(2)| |D(2)| D(2) |D(2)| |D(2)| D(2) |D(2)| |D 2)|D(2)|D(2)| |D(2)|
B(1) B(1),

i 17K A

<51 51 3 6 b 63 6

L

B-HafER
VE: S WO RAR AE .

C-FEifE &S

Gt oohhoeg

D-ERPE E-R MRS

P4 AT T REGEE 5 27 Y a0 A

Fig.4 Arrangement of the deflection and cable force monitoring point of the background bridge

Ve HOZ AT 5 1/8.1/4.3/8.1/2.5/8.3/4.7/8
WO /R R AR AT 4 b B 1/8 1A
%R DL, FUEA D2 KUK A 24, B &b igs 7/8
Tk D14, FREZN T 2021410 1HE 111
g 00 5 A, B > /N B 4 A Ay 8 B i 8 ) i
B A BT Sk 4230 AN B0HE Y 3 B R RO A

R HIERE

T 5 DA B W AR S ) SO B Y B
AH G , 25 52 BT 5 7 1L AE AN Rl i Ok 8 e 2k B 50
MRS PERE 5 SR J5 AR 32 1 R & 1 R ), ik — L ik
D7 1 0 35 A
3.2.1 HEFLE

Sk T T B R A R 2R T [ R
B R % 1 5 R T R 2 08 U T 1 R AT R T
AR IR TR 25 R GE AR B AR B UL
REHBEMEH T E N, AR ENERE PR
Wrti . D7 M DS R IE I 45 R A 5 Fr s . KIS
TRl DL 8D S EE I Sh X /N T R DR I i Y i

3.2

1692 2538 3384

i 18] / 3 min

846 4230

1692 2538 3384
Bt A / 3 min
FE5 R R 2 R B R R s

Fig. 5 The deflection data after Kalman filtering

846 4230



562 & 3 T

T

%38 %

BIAE B, U T BR B i BE PR 22 5 e A R T S
S 1 4 Ak B 5 54T
3.2.2 X4 4EFnKE

VEH D7 A Ry $ s 4, % D7 B 4 170 — 1k
Ab B IF 0 — A0 JS A ERHE Fi R 8 2 1Y L B R A3
YRR 5 MR
3.2.3 MBmIGHELR

SR FH B e g 0 O 2B 5 T T R RO
Wkl e 6 s, WEAK N 1L EKE
S 10. FET T 3R 0T 5 5R i B A IR
3375 AREAS MK AL AT 84 AN REAS , BEASFEA 1 K B
10,
3.2.4 BAEHKFERIHER

TR [ 286 — i £R i A2 B R e R AR,
W 24 J22 05 I 246 2 3010 8 R PR e 0 4 7% 6 11 KD
It HL 5% ma P 52 ALY 99 AL RE ) FNERR . 25 R ) 1)

Y,
—
BB R RENEENEN MR
o~
X, |xz|| xil"'lxk| Xt | Xz II KXisi ll Xiem l Kietmret l
i Y
pa
Xy Xy e | xn.m-kl"' | Krvm | Kol l Koz || xn—ll Xnz I xnl
X,

n-m-k
K16 18 Sl ) B R 3 I 2Rk A
Fig.6 The training sample constructed by sliding time

window

R 52 P R R R AR B LA, O HL Ol T fil 48 R g
fi ~7 > ) 5 vy 9 1) B4 B[R] ARE AL, AR SCR A T A EL 7
JIr 7R B R 2% A5 o e A ] Adam AR AR 24T 2
BOHET, MU MSE #5326 s B0 R S S B {E 2
[ F) % 22

Input LSTM Dropout LSTM Dropout Dense Output
(None, 10, 64) (None, 10,64) (None, 64) (None, 64) (None, 10)
LST™M LSTM
e ™
A
=]
i, _— LSTM » LSTM - 2 paandh
\ 4'},\4 A 2 = qé 5 .
I—— ? ? g > 3
A A T A 2
: : : : E
W H\“ \\‘V\‘M"»‘wLmM
{ \
i LWLRPN ww“ﬁ et
i Rl LSTM LSTM
7 BT LSTM%4:H
Fig.7 The structure of LSTM
3.2.5 HABWA P, EAF 2 B S (B 5 LSS {H Z AP A — 2 1 22 5%

(1) A [A] it 2R 8T 4K &2 1 g

FE B BE AL e B R TR TR il 2k R
(10%6~90% ) T8, IF 5 1% 5t RNN KA 3E 47 4,
A BANE 8~10 2R 1 FT/R .t &h a4 %L
P B 2 R 3k B 60 %0 B, R ASE AL 34 RE K AR Bk 2k X

HLJEUPR AT i 2 A BOH 2 T 6000 I, B He Ik iR
BLH E R4 T2 o Bl i 2R 38 A 15 i, A5 2R 4K
A2 R 2Rl 2 B, {8 LSTM K & # Y H RNN K
I RN ST

HE—2 R LRI T R AL AE AN [ Bl 2k R R

F1 BFERRERENL

Tab.1 Comparison of data recovery error

s - B R
S S 10% 20% 30% 40% 50% 60% 70% 80% 90 %
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Tab.2 The recovery error of the two models under
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Tab.3 Comparison of recovery error of cable force data
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Tab.4 Comparison of recovery error of different models

‘ P S bR
WLy ik -
RMSE MSE MAE R

LSTM 0.49 0.24 0.38 0.82

RNN 0.61 0.38 0.49 0.76
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Tab.5 Recovery error with data missing rate of 10%;

. VAT b 9
RMSE MSE MAE R

D1 0.47 0.22 0.35 0.87
D2 0.64 0.41 0.42 0.65
D9 1.34 1.80 0.84 0.53
D10 1.49 2.22 0.94 0.49
D3 0.86 0.75 0.58 0.85
D4 0.87 0.75 0.59 0.82
D7 1.03 1.06 0.77 0.94
D8 1.16 1.35 0.82 0.93
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Fig. 17 RMSE of each channel data under different data

missing rates
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