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1. Introduction

Cable-stayed bridges are widely used due to their
elegant appearance and long spanning capability. As the 
dynamic deflection is meaningful in reflecting the bridge 
health state, its real-time monitoring is essential for the 
cable-stayed bridges (Ni et al. 2019, 2020). Various 
methods for measuring bridge deflection have been 
developed in recent years. Instruments such as theodolite, 
level, and total station were widely used to measure bridge 
deflection in the early stage (Beshr and Kaloop 2013). 
However, these traditional measurement methods cannot 
achieve continuous and automatic measurement due to the 
need for constantly changing the monitoring positions and 
reference points, and the measurement accuracy is seriously 
affected by climatic factors. 

At present, there are four main type methods to monitor 
deflection directly, specific as: (1) Displacement sensors, 
such as laser vibrometer and linear variable differential 
vibrometer (Nguyen et al. 2016, Shin et al. 2016, Li et al. 
2020), which need to be installed on a fixed reference 
position, thus it is difficult to implement for actual long-
span bridges; (2) Visual-based methods, such as cameras 
(Avsar et al. 2014, Khuc and Catbas 2017, Xu et al. 2018, 
Yu et al. 2021, Lee and Koh 2021) and multi-UAS (Zhuge 
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et al. 2022), which are highly influenced by weather and 
vision situations; (3) GPS (Gaxiola-Camacho et al. 2017, Yi 
et al. 2017, Stiros 2021), which has the disadvantages of 
low sampling rate, low resolution and high cost; (4) 
Connecting tube (Zhou et al. 2021), which can only 
measure the dynamic deflection with low sampling rate. 

To overcome the above-mentioned drawbacks of direct 
methods, various indirect methods have been developed. 
Park et al. (2005) proposed a method for estimating the 
initial velocity using bridge acceleration response and then 
reconstructing the deflection response. Pendharkar et al. 
(2010) developed a neural network for the continues 
composite beams to predict the in elastic mid-span 
deflections. Tadesse et al. (2012) developed neural 
networks for predicting the deflection of steel-concrete 
composite bridges under service loads. Ma et al. (2014) 
recovering the structural displacements from acceleration 
measurements. Huang et al. (2017) used persistent scatterer 
interferometry to monitor the dynamic deflection of the 
Dashengguan Yangtze River high-speed railroad bridge. 
Wang et al. (2021) proposed an indirect strain based 
dynamic displacement reconstruction methodology for 
high-speed railway box girders. He et al. (2022) estimated 
the moving load induced deflection based on the fusion of 
acceleration and strain response data. However, such 
methods are valid for small span bridges as a large number 
of sensors are required to be installed for long-span bridges 
in order to provide accurate monitoring results. 

Therefore, attention has been further paid to indirect 
deflection measurement for long-span bridges, especially 
cable-stayed bridges. Huang et al. (2018) established the 
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relationship equation between the cable force and the 
displacement of the anchorage point between the cable and 
the main girder. And then the displacement of the anchorage 
point was monitored by the time-varying cable force 
obtained by cable acceleration response and the relationship 
equation. However, only the deflection of the anchorage 
point corresponding to the measured cable could be 
monitored via this approach. A large number of acceleration 
sensors should be installed when the deflections of many 
anchorage points were required. 

In addition, with the development of deep learning, 
neural networks have been extensively used for dynamic 
response reconstruction in the field of structural health 
monitoring. Fan et al. (2019) recovered the lost data of 
health monitoring system based on convolution neural 
network. Further, this methodology was refined by using 
residual convolutional networks to remove noise from 
health monitoring signals for accurate structural modal 
identification (Fan et al. 2020), and a generative adversarial 
network based method for reconstructing the structural 
dynamic response was proposed accordingly (Fan et al. 
2021). Meanwhile, deep learning has been also proven 
invaluable in the health monitoring of cable-stayed bridge. 
Tian et al. (2021) used bi-directional long short-term 
memory (BiLSTM) neural network to describe the 
relationship between cable force and bridge deflection 
based on long-term monitoring data, and then employed the 
measured deflection to monitor the cable force. However, it 
is normally difficult and expensive to continuously monitor 
the deflection of actual bridges. Besides, if this relationship 
model was used to monitor the deflection through cable 
force, unnecessary errors would be introduced during the 
estimation process from cable acceleration to cable forces. 

In view of this, this paper proposes a main girder 
deflection response (MGDR) monitoring method directly 
using cable acceleration response (CAR). As the 
relationship between CAR and MGDR is difficult to 
represent by explicit expression, the fitting ability of 
BiLSTM neural network is utilized to model the 
relationship between CAR and MGDR in terms of spatial 
and temporal variation. The indirect monitoring method for 
MGDR through measuring the CAR is then proposed 
accordingly. Numerical simulations and field tests are 
conducted to verify the feasibility and effectiveness of the 
proposed method. The root mean squared error (RMSE) of 
numerical simulations are less than 4, while the RMSE of 
the field test is 1.5782. 

 
 

2. Methodology 
 
2.1 The geometric deformation relationship 

between the girder and cable 
 
Assuming that the stiffness of the bridge tower is 

infinite, then the cable force change is mainly caused by 
girder deflection. The geometric deformation relationship 
without considering the effect of the longitudinal motion of 
the girder on its deflection is shown in Fig. 1 (Huang et al. 
2018), in which the red solid line and blue dashed line 
denote the geometric before and after deformation 

respectively. The following equation can be obtained 
 𝛿 ൌ 𝛾𝑠𝑖𝑛 𝛼 ൌ 𝐿𝐸𝐴 𝑠𝑖𝑛 𝛼 𝛥𝑇 (1) 

 
in which 𝛿 is the anchorage deflection between the cable 
and the main girder; 𝛾 is the cable elongation caused by 
the anchorage deflection; 𝛼 is the angle between the cable 
and the main girder; 𝛥𝑇 is the cable force change caused 
by the anchorage deflection; 𝐸, 𝐴and 𝐿 are the elasticity 
modulus, cross-sectional area, and length of the cable, 
respectively. 

According to Eq. (1), the cable tension is linearly related 
to the anchorage deflection. Besides, the relationship 
between cable frequency and cable force can be expressed 
as (Irvine 1981) 

 𝑇 ൌ 4𝑚𝑙ଶ ൬𝑓௡𝑛൰ଶ (2) 

 
where 𝑓௡ is the 𝑛th order frequency; 𝑇, 𝑚 and 𝑙 are the 
cable force, the mass of per unit length of cable and cable 
length, respectively. 

It can be concluded from Eq. (2) that the frequency 
changes with the variation of the real-time cable force, and 
the frequency change will significantly influence the signal 
characteristics. For example, when the MGDR change 

 
 

 
Fig. 1 Deflection of the anchorage 

 
 

 
Fig. 2 Relationship between CAR and MGDR 
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causes a sudden change (inflection point) in the cable force, 
the CAR response will oscillate violently, as shown in Fig. 
2. Thus, it is possible to develop a data-driven model for 
monitoring MGDR through CAR by taking advantages of 
the characteristics of spatial and temporal variation of CAR 
and MGDR. 

 
2.2 Architecture of the BiLSTM model 
 
Developing a detail finite element model for response 

analysis is challenging due to the spatial and temporal 
distribution of various loads on complex bridges. Therefore, 
a data-driven neural network technique is employed to 
represent the relationship between CAR and MGDR based 
on BiLSTM. As shown in Fig. 3, the BiLSTM combines 
forward and backward LSTM, which consists of inputs 𝑿௧, 
forward transmission hidden states 𝑯௧ , backward 
transmission hidden state 𝑮௧, intermediate state 𝑺௧ , and 
outputs 𝑈̑௧. CAR and MGDR are set as inputs and target 
outputs in this study, respectively. The input and target 
outputs are represented as 

 𝑋௧ ൌ ሾ𝑋௧ଵ,𝑋௧ଶ, … ,𝑋௧ெሿ (3a)
 𝑈̑௧ ൌ ሾ𝑈̑௧ଵ, 𝑈̑௧ଶ, … , 𝑈̑௧ேሿ (3b)
 

where 𝑀  and 𝑁  denote the number of input (CAR) 
channels and output (MGDR) channels, respectively. Noted  

that 𝑋௧  and 𝑈̑௧  are the input and output data after 
preprocessing, and the detailed preprocessing procedure 
will be described in Section 3. 

And LSTM is the basic cell of BiLSTM, which is 
composed of immediate input gate 𝑥௧ , cell state 𝐶௧ , 
temporary cell state 𝐶ሚ௧, hidden state ℎ௧, forgetting gate 𝑓௧, 
memory gate 𝑖௧ , and output gate 𝑜௧ . The computation 
process of LSTM is shown in Fig. 4. During network 
training, the useful information for subsequent moments of 
computation is passed while the useless information is 
discarded through forgetting the old information and 
remembering the new information in the cell state, and the 
output at each time step is provide by hidden state. The 
value of forgetting gate 𝑓௧  in the LSTM cell can be 
calculated as 

 

 
 𝑓௧ ൌ 𝜎ሺ𝑊௙ ⋅ ሾℎ௧ିଵ, 𝑥௧ሿ ൅ 𝑏௙ሻ (4) 
 

where 𝑊௙ and 𝑏௙ denote the weight and bias of forgetting 
gate 𝑓௧, respectively; ሾℎ௧ିଵ, 𝑥௧ሿ denote the vector spliced 
by ℎ௧ିଵ  and 𝑥௧ ; 𝜎ሺ⋅ሻis the sigmoid activation function. 
The computation method of input gate 𝑥௧ and output gate 𝑜௧ are the same as forgetting gate 𝑓௧ except the values of 
the parameters. 

The cell state 𝐶௧ consists of two parts: one is related to 
the multiplication of the previous cell state 𝐶௧ିଵ and the 
forgotten gate 𝑓௧, and the other is related to the temporary 
cell state 𝐶ሚ௧. It can be computed by Eq. (5) 

 𝐶ሚ௧ ൌ 𝑡𝑎𝑛ℎሺ𝑊௖ሾℎ௧ିଵ, 𝑥௧ሿ ൅ 𝑏௖ሻ𝐶௧ ൌ 𝑓௧ ⋅ 𝐶௧ିଵ ൅ 𝑖௧ ⋅ 𝐶ሚ௧ (5) 
 
Then, the hidden state ℎ௧ is calculated by the current 

cell state 𝐶௧ and the output gate 𝑜௧ as 
 

ℎ௧ ൌ 𝑜௧ • 𝑡𝑎𝑛ℎሺ 𝐶௧ሻ (6) 
 

where • denotes the point multiplication of two vectors. 
The loss value computed by the loss function 𝐿 is used 

to update the network model by error back propagation 
from outputs to inputs. The model parameters are iteratively 
optimized by the backpropagation algorithm based on 
gradient descent. Taking 𝜔  as general parameter to be 
optimized and 𝜂  as learning rate, the parameter 
optimization process is carried out by Adam optimizer 
(Kingma and Ba 2021) 

 𝜔௞ ൌ 𝜔௞ିଵ − 𝜂 ൈ 𝐴𝑑𝑎𝑚ሺ𝜕𝐿ሺ𝑘 − 1ሻ𝜕𝜔 ሻ (7) 

 
where 𝐿 is loss function, as 

 𝐿 ൌ 1𝑚𝑛෍෍ሾሺ𝑈௧௜ − 𝑈̑௧௜ሻଶ ൈ ห𝑈௧௜หሿ௡
௧ୀଵ

௠
௜ୀଵ  (8) 

 
where 𝑈௧௜  and 𝑈̑௧௜  denote the measured output and 
predicted output of 𝑖 -th channel at time 𝑡, respectively. 

 
 

 
Fig. 3 Architecture of the BiLSTM model 
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2.3 The BiLSTM model for bridge CAR and MGDR 
 
Considering the spatial and temporal variation effects 

between CAR and MGDR, the BiLSTM neural network is 
used to establish a data-driven model for the sequence 
relationship between CAR and MGDR. The parameters 𝐻௧, 𝐺௧, 𝑆௧ of the same layer are shared for each time step. If 
only the information corresponding to the time moment is 
taken as input, the available relevant information will be 
reduced, which will lead to a large prediction error. 
Therefore, the input length is set to be greater than the 
output length in this study. Three interconnected hidden 
layers are designed considering that a single hidden layer is 
unable to simulate a complex system. 

The MGDR produces significant peaks when the bridge 
is subjected to vehicle loads. Therefore, an effective 
weighting strategy is introduced in order to fit these peaks 
more accurately. Specifically, the ห𝑈௧௜ห is used as a weight 
which is multiplied with (𝑈௧௜ − 𝑈̑௧௜)ଶat each discrete time 
point 𝑡. This approach ensures that the results are more 
focused on the characteristics of the peaks described above. 
As a result, the fusion of ห𝑈௧௜ห and (𝑈௧௜ − 𝑈̑௧௜)ଶ improves 
the accuracy of the peak fitting while downplaying the 
effect of fluctuations around the zero point, thus building a 
more robust analytical framework for monitoring the 
MGDR under vehicle loading. Consequently, the fusion of ห𝑈௧௜ห and (𝑈௧௜ − 𝑈̑௧௜)ଶ not only augments the precision of 
peak fitting, but also attenuates the perturbations in 
proximity to the zero. 

 
2.4 Deflection monitoring procedure 
 
To overcome the limitations of existing methods, a new 

method for monitoring the cable-stayed bridge deflection 
using the CAR response is developed based on the BiLSTM 
model. And the new method consists of five steps: 

Step 1: An acceleration sensor is installed at any 
position of the cable and a displacement sensor is installed 
at the position of the main girder of the cable-stayed bridge 
to be monitored. The CAR and MGDR response are 
collected synchronously. 

Step 2: The BiLSTM neural network as introduced in 
Section 2.2 is established and the acquired signals are pre-
processed. The specific pre-process will be described in 
Section 3. 

Step 3: The CAR in the training set is used as model 
input. The output results and measured MGDR are used to 
calculate the loss function for updating the network. When 
the loss function remains stable, the network updating is 
stopped and the trained model is preserved. 

Step 4: The CAR in the test set is fed into the trained 
model, and the final output is data-reduced by inverse 
transformation according to the data pre-processing 
procedure described in Section 3. Reasonable 
hyperparameters are determined by testing. The model is 
used as the final monitoring model until the output of the 
network agrees well with the monitoring results. 

Step 5: Real-time monitoring of MGDR is achieved by 
inputting the monitored CAR into the trained model and 
data reconstruction of the corresponding outputs. 

In summary, a model established by a small amount of 
CAR and MGDR data can be used to obtain the real-time 
deflection at certain locations of the cable-stayed bridge via 
the CAR. Therefore, the MGDR can be monitored by 
substituting the CARs that are already automatically 
monitored via the health monitoring system into the trained 
model. Compared with traditional methods, the proposed 
provides a more economical and convenient way to measure 
the real-time deflection. 

 
 

3. Data pre-processing 
 
3.1 Data normalization 
 
Normalization is essential in data pre-processing when 

high variation exist in dataset features. The purpose of data 
normalization is to make the features have the same metric 
scale. Data that are not normalized may flatten in the final 
result due to the activation functions 𝜎(⋅)and 𝑡𝑎𝑛ℎ( ⋅). 
Thus, the following normalization method is used in this 
study. 𝑋௧௜ = 𝑋෨௧௜𝑚𝑎𝑥(𝑋෨௟௜|𝑙 = 1… 𝑘) , 𝑖 = 1…𝑀 (9a)

 𝑈௧௝ = 𝑈෩௧௝𝑚𝑎𝑥(𝑈෩௟௝|𝑙 = 1…𝑘) , 𝑗 = 1…𝑁 (9b)

 
where 𝑋෨௧௜  and 𝑈෩௧௝  denote the original CAR data and 
MGDR data at time t, respectively; 𝑋௧௜ and 𝑈௧௝ denote the 
corresponding normalized data; 𝑙  denote the number of 
sampling points; 𝑀 and 𝑁 are the number of data points 
of the CARs and MGDRs, respectively; 𝑖, 𝑗 and 𝑙 are the 
subscripts and superscripts, respectively. 

Compared with the traditional normalization of data to 
the interval [0, 1], this method normalizes 𝑋௧௜ and 𝑈௧௝ to 
the interval [-1, 1], which is more suitable for 
function𝑡𝑎𝑛ℎ( ⋅). Finally, the results are converted to real 
scales by the corresponding normalization factors to obtain 
the actual response. 

 
3.2 Data conversion 
 
The data needs to be converted into a 3D torch 

according to the input format of BiLSTM. Generally 
speaking, the responses are often sampled at high sampling 
frequency for CAR and low sampling frequency for 
MGDR, i.e., the CAR and MGDR are not in one-to-one 
correspondence in time sequence, and it is necessary to 
divide the measured data into the format of [𝑏𝑎𝑡𝑐ℎ_𝑠𝑖𝑧𝑒, 𝑠𝑒𝑞_𝑙𝑒𝑛, 𝑖𝑛𝑝𝑢𝑡_𝑠𝑖𝑧𝑒]  according to the 
sampling frequency, where 𝑏𝑎𝑡𝑐ℎ_𝑠𝑖𝑧𝑒 denotes the data 
set size of each batch of input network which is determined 
by experiment; 𝑠𝑒𝑞_𝑙𝑒𝑛 denotes the time step length; 𝑖𝑛𝑝𝑢𝑡_𝑠𝑖𝑧𝑒 denotes the input sequence data length. The 
data tensor is generated using transformed dataset in 
Section 3.1, and the data set is then divided into training set 
and test set. 
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4. Implementation details 
 
The proposed BiLSTM model is trained on Pytorch 

(Paszke et al. 2019) which is a deep learning framework 
developed by Facebook. Pytorch provides various tensor 
operations and allows gradient computation through 
automatic derivation that facilitating the construction of 
various dynamic neural networks. Gradient-based Adam 
Optimizer is used for network parameter updating. The 
numerical experiments are carried out on a computer 
equipped with Intel Core i7-12700K CPU (with 16 GB 
RAM) and NVIDIA RTX 2070 GPU (with 8 GB RAM). 
The input dimension of the BiLSTM model is equal to the 
sampling frequency of CAR, while the output dimension is 
equal to the sampling frequency of MGDR. In this paper, 
the input dimension, output dimension, and hidden state 
dimension are set to be 1024, 60, and 128, respectively. The 
batch size and the number of iterations are set to be 16 and 
2000, respectively. The initial learning rate is set to be 0.01 
and decrease exponentially with the epoch. 

 
 

5. Numerical verification 
 
A numerical example of a cable-stayed bridge with a 

total length of 104 m is shown in Fig. 5. The cable-stayed 
bridge is a floating system, with the main girder supported 
by fixed bearings on the left pier and longitudinal movable 
bearings on the right pier, with no vertical supports between 
the main girder and the tower. The cables are numbered C1 
~ C14 from West to East (Fig. 5). The finite element model 
(FEM) of the cable-stayed bridge is established using 
ANSYS (Ansys Inc. 2014), in which the tower and main 
girder are simulated by Beam 188 element, and the cable is 
simulated by Link 10 element. The main parameters of the 

 
 

 
 

bridge are listed in Table 1. The MGDR of the monitoring 
point is calculated directly by the cable-stayed bridge 
FEM(BFEM), and then the displacement at the anchorage 
of the cables is extracted accordingly. Finally, the cable 
FEMs (CFEM) are established for each cable, and the 
displacements at the anchorage are applied on the cable 
FEMs as the vertical displacement excitation to extract the 
CAR responses. For simplicity, only the moving vehicles 
are considered as the external dynamic loads in the 
numerical study. 

The basic procedures of the numerical verification are: 
(1) Obtaining the CAR and MGDR from the CFEM and 
BFEM, respectively. (2) Developing and training the 
BiLSTM neural network model using the CAR and MGDR. 
(3) Substituting the untrained CAR into the trained network 
to obtain the output results. (4) Estimating the real MGDR 
by anti-normalizing the output of the model. 

 
5.1 Monitoring of MGDR induced by single vehicle 
 
Fig. 5 shows the five CAR monitoring points (Point C1-

C5) and four deflection monitoring points (Point M1-M4) 
on the cable-stayed bridge. Shock excitation is first applied 
on the midspan to make bridge vibrate freely, and then a 
single vehicle load with random mass and velocity is 
assumed acceleration response time histories of C1 and C4, 
respectively. Figs. 6(c)-(d) display the main girder 
deflection time histories of point M2 and M4, respectively. 
Further the CAR and MGDR responses obtained by the 
FEM are substituted into the BiLSTM neural network for 
training. In this part, three groups of vehicles with different 
velocities and masses are selected. The two vehicles 
included in each group pass the cable-stayed bridge at 
different times, and the values of these velocity and mass 
combinations do not appear in the training set. In these 

 
 

 
 

 
Fig. 5 The numerical cable-stayed bridge 

Table 1 Parameters of the numerical cable-stayed bridge 

 Young’s modulus 
(GPa) 

Density 
(kg/m3) 

Cross-sectional area 
(m2) 

Inertia moment 
(m4) 

Hight 
(m) 

Cable 200 8500 3.31665e-3 9.35e-7 \ 
Girder 36 2600 5.330 49.050 8.5 
Pylon 36 2600 2.762 0.686 25.0 
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Fig. 7 The Loss curves for the monitoring model of MGDR 

induced by single vehicle 
 
 

 
 

groups, the acceleration responses of Cable C1 are taken as 
input of the trained model, and deflection response of point 
M2 is predicted accordingly. Then, the training and 
validation loss curves are shown in Fig. 7. 

Fig. 8 compares the MGDR of point M2 predicted by 
the proposed method and the FEM results (the three 
operating cases are not included in the training set). The 
predicted results are in good agreement with the FEM, and 
the maximum relative error is only 4.7%. The maximum 
deflection predicted by the proposed method for each case 
occurs at t = 9.6 s, t = 38 s and t = 6.7 s, with values of 44.3 
mm, 42 mm and 46.2 mm, respectively. While the 
maximum deflection obtained b FEM also occurs at the 
same time, with values of 44 mm, 41 mm and 45.8 mm 
respectively, thus the relative errors of the maximum 
deflection are 0.6%, 2.4% and 0.6%, respectively. And the 

 
 

 

0 500 1000 1500 2000
Step

0

0.05

0.1

0.15

0.2

0.25

0.3 trainloss
testloss

  
(a) The acceleration of C1 (b) The acceleration of C11 

 

  
(c) The deflection of M2 (d) The deflection of M4 

Fig. 6 Response of numerical cable-stayed bridge induced by single moving vehicle 

   
(a) Results of the first test group (b) Results of the second test group (c) Results of the third test group 

Fig. 8 The predicted results of the numerical cable-stayed bridge induced by single moving vehicle 
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Fig. 9 The position and mass ratio of vehicles in the random 

traffic flow 
 
 

RMSE of each case is 0.0224, 0.0222 and 0.0281, 
respectively. The model output results fluctuate around zero 
due to the fact that loss function tries to reduce the effect of 
the data near the zero and enhance peak fitting. 

 
5.2 Monitoring of MGDR induced by 

random traffic load 
 
As single vehicle cannot simulate the real vehicle load 

in operation, the meta cellular automaton (Chen and Wu 
2011) is used to simulate the random traffic flow. The 
simulated random traffic load is substituted into the BFEM 
to calculated the dynamic response. And the CFEM is used 
to calculate CAR. Fig. 9 shows the typic random traffic 
load, and Fig. 10 displays the corresponding CAR and 
MGDR responses. 

 The first 300 s of CAR and MGDR responses induced 
by the random traffic load are classified as training set and 
the last 100 s are classified as test set. The training set is 

 
 
 

substituted into the BiLSTM neural network for training. 
The acceleration of C1 in test set that are substituted into 
the trained BiLSTM neural network to obtain the real-time 
deflections of point M2 and the results are plotted in Fig. 
11. It can be seen that the results of the proposed method 
agree well with the FEM results. The maximum deflection 
of the predicted results (28.7 mm) and FEM results (29.6 
mm) both appear at time t = 60 s, and the relative error is 
only 3.1%. Besides, the relative errors between the 
monitoring results and FEM results when the deflection 
over 15 mm are all less than 7.8%. And the RMSE of the 
result is 3.9795. 

 
5.3 Measurement noise effect 
 
In real operation environment, measurement noise is 

unavoidable. To evaluate the measurement noise effect on 
the effectiveness of the proposed method, measurement 
noise is intruded in the CAR response of test set in Section 
5.2 according to the signal-to-noise ratios of 10 db, 20 db 
and 30 db, respectively. Then the noise-polluted responses 
are substituted into the trained model in Section 5.2, and the 
corresponding results are shown in Fig. 12. The results 
indicate that the output results of the trained model are 
almost unaffected when the signal-to-noise ratio reaches 20 
dB, while they deviate but with the same trends when the 
signal-to-noise ratio is 5 dB. The predicted results with the 
signal-to-noise ratio of 5 dB, 10 dB, and 20 dB as input are 
13.9 mm, 14.8 mm, and 15.2 mm at t = 60 s, and the 
corresponding relative errors are 9.1%, 3.2%, and 0.6%, 
respectively. The proposed model is proved to be robust and 
effective for application. 

 

  
(a) The deflection of point M2 in train set (b) The acceleration of C1 in train set 

 

  
(c) The deflection of point M2 in test set (d) The acceleration of C1 in test set 

Fig. 10 The dataset of the numerical cable-stayed bridge induced by induced by random traffic load 
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Fig. 11 The predicted results of the numerical cable-stayed 

bridge induced by random traffic load 
 
 
5.4 Sensor arrangement effect 
 
It is promising to use a limited number of sensors for a 

real bridge health monitoring system considering economic 
cost and maintenance workload. This subsection aims to 
investigate the effect of sensor arrangement on the 
effectiveness of the proposed method. 

 
(1) Effect of the measuring cable length. The MGDR 

of point M2 is predicted with C1 (Length of 32 m) and C7 
(Length of 6 m) at the same time, and the results are shown 
in Fig. 13. Noted that the distance from point M2 to C1 and 
C7 anchorage are both 12 m. When the CAR of C7 is taken 
as input for network training, significant errors can be found 
in the predicted result. The RMSE of the CA1 and CA7 as 
the input is 3.9795, 9.078 respectively. On the contrary, 
when the CAR of C1 is taken as input for network training, 
the final result match the real deflection well. It can be 
concluded that taking the acceleration of long cables as 

 
 

 

 
Fig. 13 Effect of the length of the measuring cable 

 
 

 
Fig. 14 Effect of the distance between the measuring cable 

and the target point 
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Fig. 12 Measurement noise effect on the proposed method 
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model input is better than short cables. 
(2) Effect of the distance between the measuring 

cable and the target point. The point M4 is predicted by 
C1 (Length of 32 m) and C14 (Length of 32 m) at the same 
time, and the results are shown in Fig. 14. Noted that the 
distance from point M2 to the anchorage points of C1 and 
C14 are 14 m and 42 m, respectively. The predicted result 
with the CAR of C1 as input for network training is much 
better than that of CAR of C14. The RMSE of the CA1 and 
CA14 as the input is 3.9795, 11.3993 respectively. The 
maximum deflection is 28.6 mm at t = 60 s, and the 
corresponding relative error is 2.8%, which indicates that 
taking acceleration of cables closer to the monitoring point 
as model input led to better results. 

 
 

6. Field test 
 
The proposed method is applied to a real bridge to 

verify its effectiveness and superiority. Fig. 15 shows the 
G15 (Shenhai Expressway) Guan-he Cable-stayed Bridge in 
Jiangsu Province, China. The main parameters of the bridge 
are listed in Table 2. The cables are numbered LS1 ~ LS52 
from left to right (Fig. 16). And Fig. 16 shows the CAR 
monitoring points at the LS27 and deflection monitoring 
points (Point M1-M3) on the cable-stayed bridge. 
Acceleration sensors are arranged on the cable to obtain 
CAR (Fig. 16). Luminous sheets are placed under the main 
girders and a non-contact multi-point dynamic displacement 
detection system is used to obtain MGDR (Fig. 16). Fig. 17 
presents the instruments for acquiring CAR and MGDR. 

Due to the limitation of monitoring conditions, the data 
monitored from 3:00 pm to 3:40 pm on September 1, 2022 
are selected for comparative analysis. During this 

 
 

 

Fig. 15 Guan-he Bridge 
 
 

 

 

Fig. 17 Guan-he Bridge 
 
 

period, the traffic flow is more complex and the monitoring 
data are more complicated, which is more representative to 
examine the effectiveness of the proposed method. 
However, the temperature effect is neglected, since the 
temperature variation is small in such a short time. The 
relationship model to monitor MGDR through CAR based 
on BiLSTM neural network is established following the 
steps described in Section 2.4. The acceleration sensor was 
installed on the cable LS27, and Fig. 18 shows the 
measured acceleration response. While the non-contact 
multi-point dynamic displacement detection system is used 
to monitor the MGDR of the position of the luminous lights 
installed at the mid-span (Fig. 19). The first 700 s and last 
1100 s of monitored CAR and MGDR are taken as test set 
and train set, respectively (Figs. 18 and 19). The deflection 
at the t = 0 s is set as the initial deflection, and the 
monitored deflections are the relative deflections with 
respect to the initial deflection. 

Firstly, the CAR and MGDR in the training set are used 
as input and output to the model based on BiLSTM neural 
network for training. Then the CAR in test set is substituted 
into the trained model to predict the MGDR. Finally, the 
predicted MGDR is compared with the results obtained 

 

LS1-LS13 LS27-LS39LS14-LS26
LS40-LS52

Acceleration Sensor

Luminous Sheet

Multi-point 
dynamic 

displacement The camera field of view

M1 M2 M3

 

Fig. 16 The measurement layout of the Guan-he Bridge 
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Fig. 18 The CAR of LS27 of Guan-he Bridge 

 
 

 
Fig. 19 The MGDR at mid-span of Guan-he Bridge 

 
 

by the non-contact multi-point dynamic displacement 
detection system (Fig. 20). Although the amount of dataset 
is small, the model based on BiLSTM neural network 
achieves high prediction accuracy. Though minor 

 
 

differences can be found between the dynamic deflections 
obtained by the multi-point dynamic displacement detection 
system and the proposed method, the changing trends are 
basically the same. 

The peak point of the deflection curve represents the 
time when the vehicle passing the bridge midspan. The 
maximum deflection measured by the non-contact multi-
point dynamic displacement detection system at the time t = 
255 s is 12.6 mm and the predicted deflection is 12.3 mm, 
with a relative error of 2.4%. And the RMSE of the result is 
1.5782. However, the monitoring results are shifted around t 
= 650 s, which may be due to the poor fitting ability of the 
model near zero caused by the weighting factor of the loss 
function, and the peak point of the monitoring results at t = 
630 s shifts, the reason may be that the similar distributions 
are not included in the small train set. The results of the 
field test proves that the proposed method provides a cost-
effective and convenient way for real-time deflection 
monitoring of long-span cable-stayed bridges. 

 
 

6. Conclusions 
 
This paper presented a dynamic deflection monitoring 

method for cable-stayed bridges based on the BiLSTM 
neural network. Firstly, the CAR of one cable and MGDR at 
the target point were measured through sensors 
simultaneously. Then a data-driven relational model was 
established by the measured CAR and MGDR data and 
updated by the Adam optimizer. Subsequently, the 
hyperparameters of the relational model were adjusted 
according to its performance on the test set. Finally, the 
output of relational model was used to reconstruct real time 
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Fig. 20 The results of the field test 

306



 
Dynamic deflection monitoring method for long-span cable-stayed bridge based on … 

MGDR. The feasibility and effectiveness of the proposed 
method were verified by numerical examples and field test. 
The results of the numerical examples indicated that the 
relative error of the deflection predicted by the proposed 
method was within 8%, and the RMSE of results are less 
than 4, and taking the acceleration of the long cables and 
cables closer to the monitoring point as model input would 
lead to better results. The proposed method was further used 
to monitor the main girder deflection of the Guan-he 
Bridge. Minor differences could be found between the 
dynamic deflections obtained by multi-point dynamic 
displacement detection system and the proposed method, 
but the changing trends were basically the same, the relative 
error of the result at the maximum peak point is 2.4%, and 
the RMSE of result is 1.5782. Since the acceleration 
responses of the cables were already automatically 
monitored in the health monitoring system without 
additional equipment, the proposed method was a cost-
effective and convenient way for real-time deflection 
monitoring of long-span cable-stayed bridges. 
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