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Fig.1 Technical process of time-domain partial time series model of bridge deflection change
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Fig. 4 Noise term deflection prediction results of short-term
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Tab. 2 Noise deflection accuracies and errors of short-term

and middle-term

Epyg/mm E\;/mm
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223 EBRBETN AL

AR e 20 M7 S HL K 0 0T 45 2 T (L A 7




552 1 B0, A PR EE (1 DWT—LSTM 43 55 PR 7 & T F51 F 39
i, A E | s B G SR AR A N 4 R 3 Fh AR AR 2.3 KATERAREBIFUNLE R
TR A BT 25 5 UL I 5, T ERE BB A A TR A RN R K iz il REA RS
MARZENLF 3, P 5SS TR DRI 4 3 i 5
7 — HEFTA A BT RRS R T X8 PR PR
70 e LSTMHUI{i ARG B BB B S oM, AR ST K
65t R o A B TBLR  SEF 2023 459 1 11 1
g 60 F19 J1 13 H PR A7 Wi i (3 240 NE R D) L 53
% 55 SRR KB B 1 A I B 2, FH T2 A5 I TRk BE 56 IF
50 BRI BEHT 75% (18 h) FEE I 25 LSTM TR AY | f
45 25%(6 h) A ECE AR TR Y TR RE 1 , 2548 3 AR 7E
40 SIS B (] RUBE b AR R4 B YR BE ) o R 3R 2.2 715
T I SV 7 e JITIR Y PRSI XS AS SCRSE R ) PR BE 1A T J0 o
W ] /s 23.1 AEIRGE TN B
N (=) B SRR 3 RS TR 6 KB SR 2 e A g A
e S E THEm , T 25 S WL I 6 , PR ASE B2 SRS i S 1R 22 WLk 4.
01 —e— LSTMTAIMIE 75
65 L —a—LSSVMil{# e S

—v— BPHil{H

R /mm

3 6 9 12 15
I 8] /min
(b) e B
5 38 PR RTRE TN R

Fig.5 Cumulative deflection prediction results of short-

term and middle-term

3 EPHERRREBERRRE

Tab.3 Cumulative deflection accuracies and errors of short-
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(e MATB hEtBe R hEtB R PRt
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BP 0.96 0.91 1.36 1.66 1.26 1.60
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x4 KETREZIRETBEREIRE
Tab.4 Prediction accuracies and errors of long-term trend
deflection

Epyg/mm Ey o /mm

i R
B opppr1 KmfBR2 KMERD KB KIEEL KB

LSTM  0.83 0.81 1.70 1.76 1.54 1.60

LSSVM  0.70 0.70 231 2.57 2.03 2.36
BP 0.57 0.72 2.79 2.60 241 2.44
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Fig. 7 Prediction results of long-term noise term deflection
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Tab.5 Prediction accuracies and errors of long-term noise
deflection

Epyg/mm Ey o /mm

T R
B fomppr Kb KRB KB KB KRR

LSTM 0.74 0.77 2.52 2.19 2.29 2.20

LSSVM 043 0.48 4.20 4.32 3.77 3.52
BP 0.59 0.37 4.39 4.90 3.93 3.53
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Fig. 8 Prediction results of long-term cumulative deflection
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Tab. 6 Prediction accuracies and errors of long-term cu-
mulative deflection

Epys/mm Eyy/mm

i R
B ponppr1 KRB KB KIFE2 KRB KB

LSTM  0.86 0.77 2.18 2.20 2.05 1.91

LSSVM  0.80 0.59 2.82 3.52 2.45 3.13

BP 0.84 0.60 3.06 3.53 2.89 3.24
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DWT-LSTM Separation Prediction Model for Bridge Deflection and Its Engineering Application
ZHENG Shuai', JIANG He', WANG Zhongchang', DING Jia®, YANG Yi'

(1.School of Transportation Engineering, Dalian Jiaotong University, Dalian 116028, China;
2.China Railway Construction Bridge Bureau Group 1st Engineering Co. Ltd., Dalian 116033, China)
Abstract:

Objective Accurate prediction of deflection variation holds significant importance for bridge operation and maintenance. The complex and non-
linear dynamic characteristics of bridge deflection consistently challenge traditional prediction models, as hysteresis in the deflection response
and interference from irregular waveforms in historical monitoring data reduce prediction accuracy. This study proposes a deflection separation-
prediction model for bridges by integrating wavelet optimization and long short-term memory networks to capture multi-scale features of deflec-
tion signals and account for external influences.

Methods Firstly, an Internet of Things monitoring system was employed to investigate the deflection behavior of in-service bridges. Focusing on
the Xiongshang High-speed Railway Bridge over the Daguang Expressway, sensors installed on the structure were utilized to record variations in
deflection, dynamic load, and temperature. Secondly, given the decoupling of different deflection components across multiple time scales, a
wavelet-based optimization approach was applied to decompose historical monitoring data into trend deflection generated by prestress loss and
noise deflection induced by external influences such as temperature and dynamic loads. Thirdly, based on the decomposed deflection components
and the associated external factors, two LSTM-based time series prediction models were developed, including a multi-factor model for noise de-
flection and a single-factor model for trend deflection. Vehicle load, temperature, and noise deflection served as the inputs for the noise model,
while trend deflection was used as the sole input for the trend model. Separate predictions were conducted, and the final cumulative bridge deflec-
tion was obtained by summing both predicted components based on the principle of time series superposition. Traditional models were adopted
for comparison across short-term, medium-term, and long-term periods to evaluate prediction accuracy. Prediction performance was assessed us-
ing three metrics: correlation coefficient (R), root mean square error (£y,,q), and mean absolute error (E,;,). Fourthly, a comparative analysis was
performed between the proposed model and the single LSTM prediction model to demonstrate the necessity of the combined model for forecast-
ing bridge deflection. Fifthly, in order to verify the necessity of incorporating external factors, the proposed model was compared to a time series
model including a single external factor and another excluding external influences, emphasizing differences in prediction accuracy. Sixthly, the
maximal information coefficient was introduced to identify the dominant factors affecting noise deflection by analyzing its correlation with tem-
perature and dynamic load.

Results and Discussions 1) Comparison of the prediction results for short-term, medium-term, and long-term periods with the BP neural network
and LSSVM models showed that the prediction accuracy for all three models remained similar in the short and medium periods. However, in the
long-term deflection prediction, the DWT—-LSTM-based bridge deflection separation model achieved the highest accuracy and demonstrated
stronger generalization ability, with correlation coefficients of 0.86 and 0.77, Ey,,s of 2.18 and 2.20 mm, and mean absolute errors (£};,) of 2.05
and 1.91 mm. In contrast, the LSSVM model produced Ey,,q values of 2.82 and 3.52 mm, with E,;, values of 2.45 and 3.13 mm. The BP neural
network produced Eg,, values of 3.06 and 3.53 mm, with E,,, values of 2.89 and 3.24 mm. Compared to the LSSVM model, the DWT-LSTM
deflection separation model reduced Ey,q by 22.70% and 37.50% and reduced E,;, by 39.26% and 38.98%. Compared to the BP neural network,
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the DWT-LSTM deflection separation model reduced £y, by 28.76% and 37.68% and reduced E,,, by 29.07% and 41.05%. 2) Compared to the
DWT-LSTM deflection separation model, the prediction accuracy decreased when the single LSTM model was used. The Ey,,s reached 3.74
mm, and the E};, reached 3.45 mm. These relatively large deviations indicated that this model had limited suitability for bridge deflection predic-
tion. 3) Compared to the time series models that considered only temperature, only vehicle load, or excluded external factors, the model that ex-
cluded external factors exhibited the lowest prediction accuracy, with Eyy o of 3.91 mm and E,,, of 3.38 mm. Among the models that considered a
single external factor, the time series model that considered load showed higher prediction accuracy, with Ey, ¢ of 2.81 mm and E,,, of 2.65 mm,
outperforming the temperature-only model, which had Eg,s 0of 2.97 mm and E,;, of 2.83 mm. In contrast, the DWT-LSTM deflection separation
model achieved the highest accuracy, with Ey s of only 2.18 mm and E,;, of only 2.05 mm. 4) Analysis of the dominant factors that influenced
noise deflection using the Maximal Information Coefficient (MIC) showed correlation coefficients of 0.35 for temperature and 0.51 for load, indi-
cating that vehicle load has a greater impact on noise deflection than temperature.

Conclusions This study presents a DWT—-LSTM-based bridge deflection separation prediction model that is suitable for predicting long-term de-
flection variation patterns. Compared to traditional prediction models, the proposed model shows higher accuracy, reduced errors, and improved
capability in addressing time-lag effects, providing a new approach and method for long-term bridge deflection prediction.

Key words: long short—term memory; wavelet optimization; bridge deflection; multi-factor prediction; vehicle impact parameters
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