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Abstract: In long-term monitoring processes, the structural health monitoring(SHM) system often encounters data
incompleteness due to various factors, including sensor malfunctions, power interruptions, and network
transmission issues. To address this challenge, this study proposes a missing data reconstruction method for
structural monitoring based on ensemble empirical mode decomposition(EEMD) and bidirectional long short-term
memory(BiLSTM) networks, leveraging their advantages in time-series processing. The proposed approach
utilizes EEMD to adaptively decompose the monitoring time-series data into a set of intrinsic mode functions
(IMFs), each representing different time scales. This decomposition effectively transforms the nonlinear and non-
stationary time-series signals into stationary components. The IMFs are then input into a BILSTM network for
missing data reconstruction, enhancing the prediction accuracy of the BILSTM model. Analysis is conducted on a
six-story scaled structural model and a benchmark finite element simulation model. Experimental results
demonstrate that, compared to the mainstream methods such as EEMD-LSTM, BiLSTM, and LSTM, the
proposed EEMD-BILSTM approach achieves the highest prediction accuracy. In cases of 5%, 10% and 15%
missing data, the R? value remains above 0.8. Therefore, the use of the EEMD method for preprocessing non-
stationary structural acceleration response data significantly improves the prediction accuracy of BiLSTM,
providing a more adaptive solution to the problem of missing data in structural monitoring.

Keywords: structural health monitoring; data reconstruction; ensemble empirical mode decomposition; bi-

directional long short-term memory network
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Fig.1 Flowchart of missing data reconstruction based on EEMD-BIiLSTM
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Fig.3 Schematic diagram of the six-storey shear building

22 XWRBLE

Kl 4 7R T 5T EEMD J7 35 X6 il B2 i 5 il £ 147 9 2 ROBE R AR o M 4 2R . Hob 20 B 2R I AR Y
i B2 iR il £ HE (2103 EEMD 23 i BT 15 29 2 S IMF 38 o N rpon] UEDULA ), EEMD J5 1204 J5 i
B RS AL RE LA A A 2 e B i A R 0% O 22 A IR 9 B Utk ST i ELAR GE Y IMF 734, 32 W] EEMD
AE RS A AR BUE 5 i B A TR ROBE R AE o 3 2o 3 Bl i, ey 52 4% 140 D3k 88 o B2 A5 5 BB 23 O 221 S [ AR
TR AR E 15 5, B A5 S AR T 25 M e 8 Ui T A AR AR sh A8, 3 b o i W 46 7R 115 5 BT & 19
S T AR B oy, A A T2 — 20 03 B AR 5 BB R o X b o A A B RS E R S I R TS 2R
BIiLSTM 535 #EAT I F3 45 A1 114 $1 B K% e 2% J 0

N AR HOCE Z YN RREAS |, SR I8 5 R /I B9 3 2l 78 10 68 Jis e s 32 540 47 3 23, AR I3 g M 4l o 7
PRIV E NSRRI AR 1/20 2838 57 A FRUS ARA5- 29 9 500 NFEAS, 12 62 22 2 14 LL Bl K A A K40 46 %l 23 o VI
ZRAE IR SE RTINS o R ZR A i A EEMD BB BEAT 15 5 0 it L 13 B 20 IMF 20 4 AR 22 Res. #4 0 ik )5
(9 IMF 4% 73 45 O g AL, B A BILSTM AR HEAT I 25 o 7B B3Il Zheid 72 v, BILSTM RE 68 255 5 7% JE 2 il
I 5] 25 F) i AR AE 810 DL R 3 25 FOR R B F SCAR B 58 U SRR RO R . O 4R THEEARLIZ A BE T A
Dropout Jz Fifi L5 e 73 1 28 50 , BRI Gk 58 R, AT X4 K df 10 A 4 280 JU00 , O 5 O SE 45 2R LA, LAY
i 5 TR g T P E



%2 & . @4 EEMD 5 BILSTM iR B M & o 45 M ml s X I E M 41

o)
By
By
4%0

eyl
S o
s 5

IMF1
so
oo
=]

IMF2
Soo
e N N
=3=

0 25 50 75 100 125 150 175 200
o 0.005F
E 0.000
= -0.005F / ) ) . . |
0 25 50 75 100 125 150 175 200

IMF4
oo
[l el
OO
noWn

IMF5
gy
oL
888
=$=1)
AN
wnown

0 25 50 75 100 125 150 175 200
BEAR R

4 ETEEMDHIMEEREMES REFESFE
Fig. 4 Multi-scale feature analysis of acceleration time-history curve based on EEMD
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Fig. 5 Training process of different missing data ratio
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Fig. 6 Comparison of true and predicted values for different missing ratios
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Table 2 Evaluation indicators for different prediction methods
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R 0.835 15 0.816 56 0.787 07
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Fig. 7 Prediction error of different algorithms under missing ratio
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Fig.9 Analysis of prediction results under different missing data ratios based on EEMD-BILSTM
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Table 3 Evaluation indicators base on different prediction methods
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R 0.807 32 0.757 31 0.722 65
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MSE 0.358 56 0.450 38 0.524 59
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