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Abstract. The maintenance and management of bridge is crucial to their normal operation. The application 
of big data technology makes the processing of massive data in the process of bridge maintenance and man-
agement more timely and accurate. In order to evaluate the status of suspension bridge in operation period 
more accurately and timely, on the basis of summarizing the big data sources of bridge, wavelet separation 
method is used to separate the waveform of displacement data at the support of suspension bridge. Consider-
ing the influence of temperature on displacement data, the sections with inconsistent temperature and dis-
placement curves were eliminated, and the data were divided into three continuous time periods for fitting 
analysis. The analysis results show that the fitting and analysis of the temperature - beam end longitudinal 
displacement data in each continuous period can more accurately and timely evaluate the status of the key 
constraint devices of the bridge, and then provide data support for the bridge maintenance management. 

1 Introduction 

The With the construction and operation of large number 
of Bridges, maintenance management is inevitable, but the 
management and maintenance of bridges rely on data re-
flecting the status quo of Bridges. Big data, cloud compu-
ting and other technologies have been widely used in fa-
tigue life analysis of bridges [1], establishment of degra-
dation models [2], deformation of Bridges [3], cost opti-
mization [4] and other aspects. For bridge management 
and maintenance data volume, quantity type complex and 
diverse characteristics, based on manual processing of 
massive data has been unrealistic, with the help of cloud 
computing [5], deep learning [6] and other big data pro-
cessing methods, data storage, cleaning, analysis, and then 
obtain real and reliable actual measurement data, accu-
rately reflect the real comprehensive state of the bridge, to 
provide data support for the realization of intelligent 
bridge management and maintenance [7]. 

However, Structural health monitoring (SHM) tech-
niques have been widely used in long-span bridges[8].The 
condition assessment as well as damage detection could be 
done based on the big data collected by this real-time dy-
namic health monitoring system[9].Taking the data of do-
mestic large bridge health monitoring systems as an exam-
ple: the daily data volume of the Su-tong Bridge is about 
10 GB, and the annual data volume is about 3TB; the daily 
data volume generated by the Xi hou-men Bridge is about 
3GB, and the annual data volume generated is about 
1TB[10]. With the need for later maintenance and man-
agement, new sensors are constantly installed and the data 
volume will further increase. How to store, extract, ana-
lyze and utilize such a huge amount of data [11], and eval-
uate and control the safety and durability of bridges, and 

provide data support for bridge management and mainte-
nance in a timely and effective. 

2 Main sources of bridge maintenance 
management data 

Bridge health and environmental monitoring data. Bridge 
health and environmental monitoring data are the sum of 
data on the structural response and mechanical state of the 
bridge and the additional environment under operational 
conditions. It generally includes: load data obtained by 
load detection sensors, internal force response data ob-
tained by structural static and dynamic response monitor-
ing sensors, surface morphology data obtained by geomet-
ric monitoring sensors, physicochemical environmental 
data obtained by environmental monitoring sensors [10], 
and signal density data obtained by signal detection sen-
sors. 

Numerical model and simulation data. The numerical 
model of a bridge is the computer data file about the bridge 
created during the design, construction, and operation 
phases, including drawings and models related to the 
bridge structure, as well as numerical models of ship col-
lision, explosion, earthquake, heavy vehicle, and environ-
ment required for bridge risk assessment.  

Data of Manual collection and performance evalua-
tion. Data from manual collection and performance evalu-
ation is an understanding of the bridge operating condi-
tions obtained through human experience and subjective 
analysis. According to the specifications, bridge inspec-
tions are divided into regular, periodic, and special inspec-
tions, with special inspections divided into specialized in-
spections and emergency inspections.  
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Specification and maintenance reinforcement data. 
Various materials, components, diseases, evaluations, as 
well as spatial attributes, material attributes, geometric at-
tributes and other information of the bridge are quantified 
based on the parameters set by the specification, which is 
manifested in the coding and definition of the information 
classification and clustering process.  

3 Application case of big data in bridge 
condition assessment 

Expansion joints and bearings are important components 
to meet the deformation needs of bridges and to transfer 
load deformation. For large span suspension bridges, ac-
curate assessment of the bridge expansion and contraction 
function can detect the disease in time. The longitudinal 
displacement sensors are installed upstream and down-
stream of towers A and B respectively, with one end of the 
sensor fixed to the upper part of the lower crossbeam of 
the main tower and the other end fixed to the end of the 
main beam across the expansion joint. 

The girder end longitudinal displacement data with a 
sampling frequency of 1Hz for 1 month (30 days) of the 
bridge was selected, and the initial value was subtracted 
from the real-time measurement value to arrive at the valid 
girder end longitudinal displacement data, which was used 
as the source data for subsequent analysis. 

 
Fig. 1. Schematic diagram of background bridge(self-drawn) 

Wavelet separation method is used to separate the 
waveform of the longitudinal displacement source data of 
the upstream and downstream side beam ends of the back-
ground bridge A and B towers respectively. Wavelet trans-
form is based on Fourier transform and uses finite-length 
or fast decay waves (i.e. wavelet basis functions) to recon-
struct the signal, which has the characteristics of multi-res-
olution analysis and can characterize the local features of 
the signal in both time and frequency domains.  

By stretching and shifting the parent wavelet y(t), a 
wavelet sequence is obtained. For the continuous case: 

𝜓 , 𝑡
√

 𝜓 , 𝑎, 𝑏𝜖𝑅; 𝑎 0        (1) 

Where: a—factor of stretch: b—factor of translation. 
Then the continuous wavelet transform of any function f(t) 
is: 

  𝑊 𝑎, 𝑏
√

𝑓 𝑡 𝜓∗ 𝑑𝑡      (2) 

This method converts the studied signal into approxi-
mate and detail terms through multi-resolution analysis. 
The coarse resolution subspace (i.e., approximate sub-
space) contains the information of low-frequency decom-
position and retains the main features of the original sig-
nal; the fine resolution subspace (i.e., detail subspace) re-
tains the information of high-frequency components and 
reflects the detail features of the original signal. 

According to the above method, multiple waveforms 
such as long-period and short-period fluctuations can be 
separated. Fig. 2 takes the waveform separation diagram 
of the downstream side of tower A for 1 day as an exam-
ple, and Fig. 2 and Fig. 3 show the short-period fluctua-
tions caused by noise and vehicle load, respectively (at 
0:00-6:00, the waveform in Fig. 3 has a smaller amplitude 
than other moments, and the waveform in Fig. 3 is signif-
icantly smaller, which is consistent with the little human 
activity in the early morning hours). As can be seen from 
the figure, the latter two fluctuation frequencies are signif-
icantly higher than the temperature-induced waveform fre-
quencies, so the source data can be averaged at lower fre-
quencies to eliminate the effects of short-period factors 
such as wind and vehicle impact, while maximizing the 
retention of the effects caused by anomalous factors. 
Based on the magnitude of the high frequency fluctuation 
at the details of the daily fluctuation curve, we can deter-
mine whether the key restraint device of the large span 
suspension bridge is continuously subject to the effect of 
abnormal factors, and propose the content of the key in-
spection in the face of such problems, so as to provide data 
support for the subsequent maintenance management. 

 
Fig. 2. Displacement waveforms affected by noise(self-drawn) 

 
Fig. 3. Displacement waveforms affected by vehicle load(self-

drawn) 

3.1 Analysis of daily fluctuation curves of 
temperature and displacement data 

Using the 1Hz longitudinal displacement source data of 
the beam end and the temperature source data of the beam 
body at every 0.003Hz, the daily fluctuations of the beam 
body temperature and the longitudinal displacement of the 
beam end along the two longitudinal axes were plotted 
over time. Fig. 4 is the data graph of one day. 
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(a) upstream of pylon A(self-drawn)          (b) downstream of pylon A(self-drawn) 

Fig. 4. Diurnal fluctuation trend of temperature and longitudinal displacement of beam 
According to Fig.4, the overall trend of long-period 

fluctuation of temperature - displacement is analyzed. Af-
ter the time lag effect is removed, the temperature of each 
side of the background bridge and the displacement of 
beam end have a good consistency over time. It is con-
cluded that the key constraint devices of the bridge do not 
have serious problems such as complete jam. However, 
the displacement fluctuation curve is obviously not 
smooth, and it is considered that the longitudinal displace-
ment of the background bridge end has a relatively fre-
quent transient stagnation and stuck condition. 

3.2 Correlation analysis between temperature 
and longitudinal displacement of beam end in 
specific time period 

Due to external factors such as sunrise and sunset or the 
inevitable difference in response speed and time lag effect 
between temperature sensor and displacement sensor, in-
valid data (box selected area) are generated. In this regard, 
through the analysis and processing of displacement wave-
form and temperature change curve after averaging, the 
sections with inconsistent overall trend of temperature and 
displacement curve are accurately eliminated for sunrise 
and sunset periods. Then, considering sunshine and other 
factors, the remaining time is divided into three continuous 
periods, as show in Fig.5. 

 
Fig. 5. temperature displacement scatter diagram (self-drawn) 

For fitting the data analysis of a month, and the corre-
lation coefficient of correlation strength standard, with 0 < 
| R | 0.3 as weak or less relevant, 0.3 < | R | 0.5 or less for 
low-alcohol, 0.5 < | R | 0.8 or less significant correlation, 
0.8 < | R | < 1 is highly related to 0.80. The result of one 
day of pylon A were presented in Fig.6. 

The data of one month were similarly processed, and 
the results showed that the correlation coefficients were all 
greater than 0.80 in each period, whilst there was no sharp 
mutation in the graph, indicating that the displacement of 
the expansion joint was linearly correlated with the height 
of the temperature trend of the beam body. It was prelimi-
narily determined that the key constraint device did not 
have serious blockage and jam in each period. 

             
(a) upstream of pylon A                 (b) downstream of pylon A 

Fig. 6. Fitting of L1temperature displac   ement scatter of one day(self-drawn) 

4 Conclusion 

Big data has been widely used in the fields of damage anal-
ysis, condition assessment and intelligent management 
and maintenance of bridges. However, in general, the ap-
plication of big data in bridge engineering is still in the 
development stage. Due to the many kinds of data on 
bridges, large volume, complex sources, and different data 
structures and formats, how to establish a multi-source 
heterogeneous big data fusion platform and realize low-
cost, highly fault-tolerant and portable data storage are the 

primary requirements for the implementation of big data 
applications in bridge engineering. Deep learning research 
in the context of big data is flourishing, which can help 
unify the inspection and monitoring condition assessment 
and contribute to the intelligent maintenance management 
of bridges. 
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