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1. Introduction 

 
Bridge displacement response induced by moving load 

is an important index to evaluate the bridge safety (Hester et 
al. 2017). The sensing technology for directly measuring 
dynamic displacement mainly includes linear variable 
differential transformer (LVDT) (Joshi and Harle 2017), 
Laser Doppler Vibrometer (LDV) (Nassif et al. 2005), 
interferometric radar, Real Time Dynamic Global 
Navigation Satellite System (RTK-GNSS), and computer 
vision-based methods (Ni et al. 2019, Martini et al. 2022). 
However, there are several concerns for the above-
mentioned direct methods, such as additional supports 
under the bridge are required for LVDT (Moreu et al. 2015), 
LDV and interferometric radar are expensive and 
inconvenient for long-term monitoring, the accuracy and 
sampling rate of RTK-GNSS are low, the accuracy of 
vision-based system is greatly affected by illumination and 
weather thought it can track the initial condition of dynamic 
displacement response is usually acceleration or strain, have 
attracted much attention. As the physical quantities related 
to displacement, such as unknown, the displacement 
reconstruction method based on double methods for 
reconstructing displacement by displacement of multiple 
points. In view of this, the indirect measuring integration of 
acceleration suffers error caused by numerical integration in 
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discrete time domain. Besides, the error will be amplified 
by continuous integration, which results in low-frequency 
drift on the reconstructed displacement (Stiros 2008). 
Though techniques have been developed for suppressing 
low-frequency drift, they often cannot distinguish the 
difference between actual structural response and noise in 
the same low-frequency band (Lee et al. 2010). Modal 
superposition or curvature fitting techniques are normally 
used for most of the strain-based displacement estimation 
methods (Cheng et al. 2018). Wang et al. (2014) used the 
cross-correlation function of dynamic strain data to identify 
strain mode shape of simply supported beam and then 
estimated dynamic displacement according to the principle 
of modal mapping and modal superposition. Vurpillot et al. 
(1998) obtained the curvature function of the cross-section 
from strain response and then estimated vertical 
displacement of bridge by integrating the curvature function 
twice. Strain-based methods can reconstruct the low-
frequency part of displacement, but the reconstruction 
accuracy decreases in the high-frequency part due to the 
influence of measurement noise. As the bridge displacement 
induced by moving load includes high-frequency vibration 
displacement and low-frequency pseudo-static 
displacement, obvious limitations appear when using 
indirect method of acceleration or strain alone to reconstruct 
displacement. Therefore, data fusion of different responses 
would be a natural choice (Duan et al. 2022, Hassani et al. 
2023, Ma et al. 2021, Smyth and Wu 2007). Data fusion 
methods use a variety of sensors or data sources to estimate 
more accurate bridge displacement, which can be mainly 
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Abstract.  Bridge dynamic displacement reconstruction methods based on neural networks usually use single-input neural 
networks, and most of the hyperparameters are determined by experience, which seriously affect the reconstruction accuracy. In 
this paper, a reconstruction method for bridge displacement response induced by moving load is proposed by using a small 
number of sensors and a triple-input IPSO-BiLSTM network. Firstly, the input strain and acceleration data are normalized in 
advance for data fusion. Secondly, IPSO-BILSTM network model with three-time sequence responses as input is constructed, 
and IPSO algorithm is used to optimize the network hyperparameters. Finally, three-time sequence responses are input into the 
trained iterative particle swarm optimization (IPSO)-Bidirectional LSTM (IPSO-BiLSTM) neural network to reconstruct the 
bridge displacement response. The proposed IPSO-BiLSTM network realizes the data fusion of three-time sequence responses 
and automatically establishes the relationship between input response and output displacement. Numerical examples indicate 
that the reconstruction accuracy is sensitive to road roughness and measurement noise. Experimental studies reveal that the 
reconstruction accuracy is insensitive to vehicle velocity and weigh. 
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classified into three categories: 
 

(1) Combination of direct and indirect methods. As GPS 
usually performs better at low-frequency band, 
while accelerometers perform better at high 
frequency band, Kogan et al. (2008) estimated the 
bridge dynamic displacement by utilizing 
displacement and acceleration response measured 
by GPS and accelerometers, respectively. Kim and 
Sohn (2017) fused velocity measured by laser 
Doppler vibrometer and displacement measured by 
lidar for displacement reconstruction. However, 
mixing multiple measurement methods cannot 
completely overcome their own defects. 

(2) Combination of two indirect methods. Park et al. 
(2013) proposed an indirect displacement estimation 
approach by fusing acceleration and strain data 
based on Kalman filter and least squares method. 
However, inaccurate scaling factors used for strain-
displacement transformation usually reduced the 
estimation accuracy. Ma et al. (2021) presented a 
displacement estimation technique based on finite 
impulse response filter in which a scale factor was 
introduced to suppress integral drift and noise 
interference, but its effectiveness depended on the 
accuracy of scale factor. 

(3) Machine learning algorithms such as neural 
networks can establish the relationship between 
input and output data. Moon et al. (2019) used 
multi-layer feed-forward neural networks, and 
Wang et al. (2022) developed an LSTM-based 
fusion method to estimate the bridge dynamic 
displacement. However, most existing neural 
network-based methods rely on single-input 
architectures and manually selected 
hyperparameters, which significantly limit their 
reconstruction accuracy. These limitations stem 
from the inability of single-input networks to 
effectively fuse multi-source dynamic responses and 
the lack of systematic optimization for critical 
hyperparameters. 

 

To overcome the above-mentioned limitations, this 
study proposes a reconstruction method for bridge 
displacement response induced by moving load based on 
iterative particle swarm optimization (IPSO)-Bi directional 
LSTM (IPSO-BiLSTM) neural network. The main 
objectives are: (1) achieve high-precision data fusion of 
multi-source dynamic responses; (2) automatically optimize 
network hyper-parameters using the IPSO algorithm, 

 
 

Fig. 1 BiLSTM expanded according to time

eliminating reliance on empirical selection; and (3) enhance 
the robustness against measurement noise and varying load 
conditions. The remaining sections of this study are 
organized as follows. Section 2 outlines the basic theory of 
the proposed method. Section 3 provides a detailed 
implementation procedure. Section 4 presents the 
effectiveness of the proposed method according to the 
outcomes of numerical study. Section 5 discusses the 
robustness of proposed method. Section 6 demonstrates the 
effectiveness of the proposed method in experimental 
verification. Section 7 concludes the study. 

 
 

2. Basic theory 
 
2.1 Network model construction 
 
The neural network model is used to describe the 

relationship between the measured strain and acceleration 
response (input) and displacement response (output). 
Generally, the output of a moment is related to the 
information of past and subsequent moments 
simultaneously. Therefore, this paper adopts a BiLSTM 
network including forward and backward LSTM neural 
networks. The BiLSTM network expanded according to 
time is shown in Fig. 1, and the hidden layer state ℎ௧ at 
time 𝑡 is 

 

ℎ௧ଵ = 𝑓(𝑈ଵℎ௧ିଵଵ + 𝑊ଵ𝑥௧ + 𝑏ଵ) (1)
 

ℎ௧ଶ = 𝑓(𝑈ଶℎ௧ିଵଶ + 𝑊ଶ𝑥௧ + 𝑏ଶ) (2)
 

ℎ௧ = ℎ௧ଵ ⊕ ℎ௧ଶ (3)
 

where ⊕ is the vector splicing operation. 
The displacement response of an actual bridge at target 

point is related to the response of other points. As a single-
input neural network, BiLSTM network still has 
shortcomings in displacement reconstruction. To address 
this problem, several BiLSTM network layers are added to 
input the temporal responses of other points, and a multi-
input BiLSTM network is constructed accordingly. Then, 
according to Eq. (3), the hidden layer states of all BiLSTM 
network layers are spliced together as the final hidden layer 
state ℎ௧. Typical dual-input BiLSTM network is presented 
in Fig. 2 as an example. 

The bridge dynamic displacement induced by moving 
load includes vibration displacement caused by inertial 
force and pseudo-static displacement caused by gravity. If 
only the acceleration response is used, the reconstruction 

 
 

Fig. 2 Dual-input BiLSTM network
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accuracy will be affected by low-frequency noise. On the 
contrary, the reconstruction accuracy of high-frequency 
components is low if only the strain response is used. 
Therefore, the strain response of the symmetric points on 
the left and right sides close to the target point and the 
acceleration response at the target point are taken as inputs 
to construct the BiLSTM network in this paper. 

 
2.2 Network model optimization 
 
The main difficulty in neural network training is finding 

the global optimal solution, so the network model needs to 
be optimized. This section mainly introduces 
hyperparameter optimization, loss function and 
optimization algorithm involved in network model 
optimization. 

 
2.2.1 Hyperparameter optimization 
Hyperparameters significantly influence the network 

performance. Network structure including the number of 
hidden layers, the number of neurons in each layer, and 
optimization parameters. Training period and learning rate 
batch size are typical hyperparameters. Particle swarm 
optimization algorithm is widely used in the field of 
optimization. However, it suffers premature convergence to 
local optimum, slow convergence speed at the later stage of 
iteration and low search accuracy. In view of this, this paper 
utilizes improved particle swarm optimization (IPSO) to 
optimize network hyperparameters, including the number of 
hidden layers, the number of neurons in the hidden layer, 
the training period, and the learning rate. 

Assuming that the particle swarm size is 𝑁, the current 
number of iterations is 𝑡, the position of the 𝑖thparticle is 𝑥௜(𝑡) , and the velocity of the 𝑖th particle is 𝑣௜(𝑡) , the 
historical optimal positions of all particles in the entire 
particle swarm are 𝑔𝑏𝑒𝑠𝑡(𝑡), and the historical optimal 
positions of the 𝑖th particle is 𝑝𝑏𝑒𝑠𝑡௜(𝑡). The velocity and 
position of the particle are updated according to Eq. (4) and 
(5). 

 𝑣௜(𝑡 + 1) = 𝜔𝑣௜(𝑡)𝑡ଵ𝑟ଵ൫𝑝𝑏𝑒𝑠𝑡௜(𝑡) − 𝑥௜(𝑡)൯                       +𝑡ଶ𝑟ଶ൫𝑔𝑏𝑒𝑠𝑡(𝑡) − 𝑥௜(𝑡)൯ 
(4)

 𝑥௜(𝑡 + 1) = 𝑥௜(𝑡) + 𝑣௜(𝑡 + 1) (5)
 

where 𝑟ଵ and 𝑟ଶ are uniform random numbers distributed 
in [0, 1]; 𝜔 is the inertia weight; 𝑡ଵ and 𝑡ଶ are individual 
learning factor and social learning factor, respectively. 

The optimization performance of PSO depends on the 
inertia weight and learning factor. IPSO adopts adaptive 
inertial weight and adaptive learning factor, which improves 
the optimization accuracy of the algorithm on the premise 
of ensuring efficiency. Inertial weight is a parameter to 
balance global and local search capabilities in PSO, and 
IPSO adopts the adaptive inertial weight as in Eq. (6) 

 
where 𝜔min  and 𝜔max  represent the minimum and 
maximum values of 𝜔, respectively; 𝑓௜(𝑡) represents the 
current fitness value of the 𝑖th particle at the 𝑖th iteration; 𝑓avg(𝑡) and 𝑓min(𝑡) are the average and minimum fitness 
values of all particles at the 𝑖th iteration, respectively. 

Individual learning factor 𝑡ଵ and social learning factor 𝑡ଶ  determine the influence of particle individual and 
population on particle trajectory, respectively, which reflect 
the information exchange between particle swarms. IPSO 
algorithm adopts the adaptive learning factor, which can 
effectively control the velocity of particles and achieve the 
balance between global search and local search. The 
calculations of individual learning factor 𝑡ଵ  and social 
learning factor 𝑡ଶ are shown in Eqs. (7) and (8). 

 𝑡ଵ = 0.5 + 2𝑒[ି(ସ௧/்)మ] (7)
 𝑡ଶ = 2.2 − 2𝑒[ି(ସ௧/்)మ] (8)
 

where 𝑇 is the total number of iterations. 
 
2.2.2 Loss function 
Loss function is used to evaluate the prediction results 

of the network model, and is important for adjusting 
parameters of neural network. The loss functions in the 
regression model include mean square error (MSE), mean 
absolute error (MAE) and smooth mean absolute error 
(HuberLoss), which are specific as 

 𝑀𝑆𝐸 = 1𝑚 ෍൫𝑦௜ − 𝑓(𝑥௜)൯ଶ௠
௜ୀଵ  (9)

 𝑀𝐴𝐸 = 1𝑚 ෍|𝑦௜ − 𝑓(𝑥௜)|௠
௜ୀଵ  (10)

 

𝐿ఋ(𝑦௜) = ൞ 12 ൫𝑦௜ − 𝑓(𝑥௜)൯ଶ, |𝑦௜ − 𝑓(𝑥௜)| ≤ 𝛿𝛿|𝑦௜ − 𝑓(𝑥௜)| − 12 𝛿ଶ, |𝑦௜ − 𝑓(𝑥௜)| > 𝛿 (11)

 
For MSE, when the difference between 𝑦௜ and 𝑓(𝑥௜) 

is larger than 1, the error will increase, and MSE will give 
larger penalty, and vice versa. Therefore, if there are outliers 
in the sample, MSE will give the outliers a higher weight, 
which will affect the prediction effect of other normal 
points and ultimately lead to the reduction of the overall 
performance of the model. On the contrary, MAE calculates 
the absolute value of the difference between 𝑦௜ and 𝑓(𝑥௜), 
so the outliers are punished to the same degree and occupy 
the same weight. Compared with MSE, MAE is less 
sensitive to outliers and more inclusive. HuberLoss is a 
synthesis of MSE and MAE which reduces the sensitivity to 
outliers and is derivable everywhere. The hyperparameter 𝛿 
determines the emphasis of HuberLoss on MSE and MAE. 

𝜔 = ൞𝜔min − (𝜔max − 𝜔min) ቀ𝑓௜(𝑡) − 𝑓min(𝑡)ቁ𝑓௔௩௚(𝑡) − 𝑓min(𝑡) , 𝑓௜(𝑡) ≤ 𝑓௔௩௚(𝑡)𝜔max, 𝑓௜(𝑡) > 𝑓௔௩௚(𝑡) (6)
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In this paper, HuberLoss is used as the loss function. 
 
2.2.3 Optimization algorithm 
Optimization algorithms for training neural networks 

can be divided into two categories: (1) adjusting the 
learning rate to make the optimization more stable; (2) 
correcting gradient estimation to optimize training speed. 
The RMSprop algorithm and the momentum method are 
commonly used for learning rate adjustment and gradient 
estimation correction, respectively. Adam algorithm is a 
combination of RMS prop algorithm and momentum 
method (Kumar et al. 2022), which takes momentum as the 
direction of update parameter, and the learning rate is 
adaptively adjusted. In this paper, Adam algorithm is used 
to search model parameters of IPSO-BiLSTM network by 
gradient descent, and then the error back propagation of the 
network is carried out to update the parameters of the 
network model according to the loss value. 

 
2.3 Data preprocessing 
 
As the numerical values of different types of bridge 

responses are quite different, the collected response data is 
normalized by quantifying each feature of the sample into a 
unified interval and eliminating the correlation between 
each feature. The value range of strain and displacement 
data is normalized to [0, 1] by Eq. (12), and the value range 
of acceleration data is normalized to [-1, 1] by Eq. (13). 

 𝑥௡′ = 𝑥௡ − min({𝑥௡}௡ୀଵே )max({𝑥௡}௡ୀଵே ) − min({𝑥௡}௡ୀଵே ) (12)

 𝑥௡′ = 2൫𝑥௡ − min({𝑥௡}௡ୀଵே )൯max({𝑥௡}௡ୀଵே ) − min({𝑥௡}௡ୀଵே ) − 1 (13)

 
where {𝑥௡}௡ୀଵே  is a set containing 𝑁 samples; 𝑥௡′  is the 
value normalized for the original input at the time 𝑡 ; 𝑚𝑎𝑥({𝑥௡}௡ୀଵே ) and 𝑚𝑖𝑛({𝑥௡}௡ୀଵே ) are the maximum and 
minimum values of the set {𝑥௡}௡ୀଵே , respectively. 

The output data can be obtained and de-normalized 
through the preprocessed input data and the trained IPSO-
BiLSTM network, and finally the dynamic displacement 
can be reconstructed. 

 
 
 

3. Displacement response reconstruction method 
 
The procedures of the bridge displacement response 

reconstruction are shown in Fig. 3, specific as: 
 

Step 1: Data preprocessing. The collected bridge 
dynamic response data are normalized and divided into 
training set and verification set according to a 
predetermined proportion. 

Step 2: Network optimization and training. An BiLSTM 
network with three-time sequence responses as input is 
constructed, and IPSO algorithm is used to optimize the 
network hyperparameters, in which the fitness value of each 
particle is the average value of all sample losses in the 
verification set. The optimized network is trained using the 
training set. 

Step 3: Displacement response reconstruction. The 
network parameters are preserved once the network model 
is optimized and training is completed. The preprocessed 
input data is loaded into the trained IPSO-BiLSTM network 
to reconstruct the bridge displacement response. 

 

Only a small number of sensors are required for the 
proposed method, which is meaningful in solving the 
problem that traditional dynamic displacement 
measurement is limited by installation difficulties. Besides, 
the proposed method effectively makes up for the 
shortcomings of the data fusion method based on neural 
network by constructing a triple-input IPSO-BiLSTM 
network with IPSO algorithm optimizing the network 
parameters. 

 
 

4. Numerical study 
 
Numerical study is conducted on a simply supported 

beam to investigate the performance of the proposed 
method. The finite element model (FEM) of vehicle-beam 
system is established to calculate the dynamic response of 
beam caused by moving vehicle load, and a dataset is 
constructed for IPSO-BiLSTM network. 

The main parameters for the beam are as follows: beam 
length 𝐿 = 3 𝑚, linear density 𝑝 = 8.75 kg/𝑚, elastic 
modulus 𝐸 = 70 Gpa, and inertia moment 𝐼 = 1.4 ×10-7 𝑚ସ. The half vehicle model (Zacchei et al. 2023) 

 
 

 
Fig. 3 Bridge dynamic displacement reconstruction procedure 
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(Fig. 4(a)) is adopted in this example. In Fig. 4(a), 𝑏ଵ and 𝑏ଶ represent the front and rear axle lengths, respectively; 𝑘ଵ  and 𝑘ଶ  represent the stiffness of the front and rear 
wheels, respectively; 𝑐ଵ and 𝑐ଶ represent front and rear 
wheel damping, respectively. The sensor arrangement is 
shown in Fig. 4(b). Two strain sensors are arranged at the ଶହ 
span and ଷହ span of the bridge, and one acceleration sensor 
and one displacement sensor are arranged at the mid-span 
of the beam. The simply supported beam is evenly divided 
into 20 beam elements, and the FEM of vehicle-bridge is 
established to calculate the strain, acceleration and 
displacement responses of the beam. The sampling 
frequency is set as 1000 Hz. 

The triple-input BiLSTM network with three neurons in 
the hidden layer to be optimized is established. The strain 
response of two measuring points and the acceleration 
response at the mid-span are taken as input response, while 
the measured displacement response is used for reference. 
The vehicle weight is assumed to be 2 kg to 5 kg with 
step of 0.05 kg, while the vehicle velocity is assumed to be 0.2 𝑚/𝑠 to 1.5 𝑚/𝑠 with step of 0.01 𝑚/𝑠. The vehicle 
travels on the simply supported beam with different 
combinations of vehicle weight and velocity. The front and 
rear axle length, front and rear axle stiffness, and front and 
rear axle damping of the vehicle are randomly determined 
according to the interval in Table 1. A total of 7991 samples 
are established as the training set. The value range of strain 
and displacement data is normalized to [0, 1] by Eq. (12), 
and the value range of acceleration data is normalized to 
[-1, 1] by Eq. (13). For Case C-N in verification set, the 
vehicle weight and velocity are 1.9 kg  and 1.6 𝑚/𝑠 , 
respectively. IPSO is used to optimize the hyperparameters 
(number of hidden layers, number of neurons in the three 
hidden layers, training period, and learning rate) of the Bi-
LSTM network. The range of the position and speed of the 
hyperparameter are listed in Table 2. The parameter 
initialization of IPSO is shown in Table 3. The normalized 
root mean square error (NRMSE) is defined to evaluate the 
reconstruction accuracy as (Eq. (14)). 

 𝑁𝑅𝑀𝑆𝐸(%) = 100ඨ∑(𝑢௣ − 𝑢௟)ଶ∑(𝑢௟)ଶ  (14)

 
where 𝑢௟ and 𝑢௣ denote the reference and reconstructed 
displacement, respectively. 

The optimization of hyperparameters is critical for 
balancing the capacity and generalization of network model. 
For instance, an insufficient number of neurons fails to 
capture high-frequency vibrations in strain data, while 
excessive neurons amplify noise interference. And 
insufficient neurons may result in the loss of pivotal 
features, while too many neurons increase the computa-
tional cost and introduce redundant parameters, reducing 
model robustness. Besides, too few training cycles can lead 
to model underfitting, while too many training cycles will 
lead to overfitting. Similarly, a high learning rate causes 
unstable convergence, whereas a low rate slows down the 
training process. The IPSO algorithm adaptively adjusts 
these parameters based on real-time fitness values, ensuring 

(a) One-half vehicle model 
 

(b) Sensor arrangement 

Fig. 4 Vehicle model and sensor arrangement
 
 

Table 1 Uncertainty in vehicle model 
Vehicle parameters Value interval 

Front and rear axle length (m) [0.079,0.081] 
Front and rear axle stiffness (kN/m) [5.2 × 104, 5.2 × 104] 

Front and rear damping (N/m/s) [30,35] 
 
 

Table 2 Range of the hyperparameters 

Hyper parameter Position range Velocity range
Number of hidden layers [1, 3] (integer) [-2, 2] 

Number of neurons [64,128] (integer) [-20, 20] 
Training cycle [1, 8] (integer) [-3, 3] 
Learning rate [0.00005, 0.00015] [-0.0003, 0.0003]

 
 

Table 3 Parameter initialization of the IPSO 

Parameter Value 
Population size 10 

Inertia weight 𝜔௠௜௡ 0.4 
Inertia weight 𝜔௠௔௫ 0.9 

Maximum number of iterations 15 
 
 

that the network maintains optimal performance under 
varying load and noise conditions. 

Firstly, 50% of the training set samples are used for 
hyperparameter optimization. As shown in Fig. 5, the 
optimal fitness value tends to be stable and the optimal 
solution can be obtained after 8 iterations. The number of 
hidden layers in the optimal network is 2, and the optimal 
number of neurons corresponding to the three input 
responses is 112, 124 and 95, respectively. The optimal 
learning rate is 0.000087, and the optimal training period is 
6. Then the optimal hyper-parameters are input to the triple-
input IPSO-BiLSTM network, and the network model is 
trained by using the training set. Finally, the verification set 
samples are input into the trained network to output the 
dynamic displacement at mid-span, and the results are 
shown in Fig. 6. Table 4 compares the reconstruction 
accuracy of a dual-input IPSO-BiLSTM network with strain 
response at 2/5 span and 3/5 span as input and a dual-input 
IPSO-BiLSTM network with acceleration response at 2/5 
span and 3/5 span as input. The reconstruction error of 
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Fig. 5 Optimal fitness value in Case C-N

 
 

 
Fig. 6 Comparison of reconstructed and reference 

displacement of Case C-N 
 
 

triple-input IPSO-BiLSTM network is 2.36%, which is 
1.61% and 2.72% lower than that of dual-input IPSO-
BiLSTM network based on strain only or acceleration only. 
It can be concluded that fusing acceleration and strain 
response can reduce the reconstruction error of moving 
vehicle load induced displacement. 

 
 

5. Discussion 
 
5.1 Road roughness 
 
In “Vehicle vibration-describing method for road surface 

irregularity (GB/T7031-86)”, the road surface is divided 
into 8 grades according to the power spectral density. The 
influence of road roughness on bridge dynamic displace-
ment reconstruction accuracy is investigated by the simply 
supported beam in Section 3 with vehicle weight 1.9 kg and 
vehicle velocity 1.6 m/s. In this section, “Grade A” and 
“Grade B” road surface are simulated, and the road 
roughness coefficients are taken as 0, 8, 16, 32 and 64, 
respectively, which are deemed as Cases C-R-0, C-R-1, C-
R-2, C-R-3 and C-R-4, respectively. The reconstructed 
displacement at mid-span is shown in Fig. 7, and the error 
indexes are listed in Table 5. The NRMSE is 3.57% when 
the road roughness coefficient is 8. However, the NRMSE 
increases to 7.05% when the road roughness coefficient is 
32, which means that the road roughness significantly 

 
 

influences the reconstruction accuracy. The sensitivity to 
road roughness (Fig. 7) highlights a critical challenge: the 
performance of the network is bound by the diversity of 
training scenarios. For instance, the NRMSE escalates to 
10.65% under Grade D roughness (Case C-R-4), where 
high-frequency vibrations exceed the effective bandwidth of 
strain sensors. Besides, the dynamic response is more 
complex for high road grades, therefore it is difficult to map 
the complex nonlinear relationship under different road 
roughness. Therefore, the current framework requires 
further improvement in handling untrained road conditions. 
Future work could integrate physics-informed constraints 
into the neural network to enhance extrapolation capability. 

 
5.2 Measurement noise 
 
In real bridge test, the measured signal inevitably 

contains noise due to the influence of sensor, acquisition 
system and environment. To explore the robustness of the 
proposed method, noise is added to the simulated signal 
according to Eq. (15) 

 𝑢௭ = 𝑢 + 𝐸௣𝑁௡௢௜௦௘ × 𝜎(𝑢) (15)
 

where 𝑢௭  is the response signal with noise, 𝐸௣  is the 
noise level, 𝑁௡௢௜௦௘  is the independent random variable 
vector obeying the standard normal distribution, and 𝜎(𝑢) 
is the standard deviation of the response. 

The simply supported beam in Section 3 is reused to 
examine the measurement effects. Four noise levels, 
specific as 0, 3%, 5% and 7% are added into the strain 
response and acceleration response, respectively, which are 
deemed as Cases C-N-1, C-N-2, C-N-3 and C-N-4, 
respectively, while other parameters remain unchanged. The 
displacement reconstruction results are shown in Fig. 8, and 
the error indexes are summarized in Table 6. The results 
manifested that the reconstruction error increases with the 
noise level. When the noise level is less than 5%, the 
NRMSE is within 5%, and when the noise level is 7%, the 
NRMSE increases to 7.38%. 

The degradation under high noise levels reveals a 
critical trade-off between noise suppression and feature 
preservation. While the IPSO-BiLSTM network inherently 
mitigates noise through multi-source data fusion, its 
performance is constrained by the spectral characteristics of 
sensor signals. For instance, strain sensors’ low-frequency 
dominance makes them vulnerable to baseline drift, 
whereas acceleration noise aliasing during integration 
amplifies high-frequency errors. To further enhance noise 
robustness, future work could integrate domain-specific 
denoising techniques. For example, wavelet-based filtering 
for strain signals and band-stop filtering for acceleration 

 
 

 

Table 4 Comparison of reconstruction accuracy of different networks 
Network model NRMSE (%) 

Triple-input IPSO-BiLSTM network 2.36 
Dual-input IPSO-BiLSTM network (strain-based only) 3.97 

Dual-input IPSO-BiLSTM network (acceleration-based only) 5.08 
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Table 5 Displacement reconstruction accuracy under 
different road grades 

Case Road roughness coefficient (10ି଺𝑚ଶ/𝑚ିଵ) 
NRMSE 

(%) 
Case C-R-0 0 2.36 
Case C-R-1 8 3.57 
Case C-R-2 16 5.55 
Case C-R-3 32 7.08 
Case C-R-4 64 10.65 

 

 
 

Table 6 Displacement reconstruction accuracy at different 
noise levels 

Cases Noise level NRMSE (%) 
C-N-1 0% 1.54 
C-N-2 3% 1.76 
C-N-3 5% 4.78 
C-N-4 7% 7.38 

 

 
 

data may suppress noise without distorting the response 
patterns. 

 
 

6. Experiment verification 
 
A vehicle-beam model is established to verify the 

effectiveness of the proposed method in the laboratory 
environment. The experimental procedures are as follows: 

 

(1) Experiment arrangement. The layout of the experi-
mental model is shown in Fig. 9. Aluminum simply 

 
 

supported beams are selected as the main beam, and 
approach beams with a length of 1 m are set at both ends. 
The front-end approach beam is used for acceleration to 
ensure the trolley to reach a predetermined velocity, while 
the rear approach beam enables the trolley to slow down at 
enough distance after getting off the main beam. All beams 
are erected on triangular iron bearings. The parameters for 
the main bridge are: length 3 m, width 0.125 m, height 
0.025 m, elastic modulus 70 Gpa, and density 2700 kg/𝑚ଷ. The test trolley with a wheelbase of 0.16 m and a 
weight of 0.1 kg is shown in Fig. 10(a). Baffles are set on 
both sides of the beam to limit the straight movement of the 
trolley. A motor is used to tow the trolley in which the 
vehicle velocity is controlled by a frequency modulator. The 
sensors used in the experiment are shown in Fig. 10(b). One 
strain sensor is arranged on the lower surface of the beam at 
2/5 span and 3/5 span of the main beam, and one 
displacement sensor and one acceleration sensor are 
arranged below the middle span of the beam. The top of the 
displacement sensor is placed at the lower part of the beam, 
and the strain sensor and acceleration sensor are adhered to 
the lower part and positioned on the central axis of the 
beam. The top of the displacement sensor is placed at the 
lower part of the beam, and the strain sensor and 
acceleration sensor are adhered to the lower part and 
positioned on the central axis of the beam. 

(2) Training set establishment. The FEM of the 
experimental system is established to generate enough data 
for network training. The trolley mass is assumed to be 2 kg to 5 kg with step of 0.05 kg and the vehicle 
velocity is assumed to be 0.2 𝑚/𝑠 to 1.5 𝑚/𝑠 with step 
of 0.01 𝑚/𝑠. The trolley passes through the beam with 
different combinations of trolley weight and velocity. The 
front and rear axle length, front and rear axle stiffness and 
front and rear axle damping of the trolley are random 

 
 

(a) Case C-R-1 (b) Case C-R-2 
 

(c) Case C-R-3 (d) Case C-R-4 

Fig. 7 Comparison of reconstructed and reference displacement under different road roughness 
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determined according to the intervals in Table 4. A total of 
7991 samples are taken to calculate the beam response and 
establish training set. 

(3) Hyperparameter optimization and network training. 
The triple-input IPSO-BiLSTM network is constructed 
firstly. Then, the value range of network hyperparameters is 
determined according to Table 1, and the parameters of the 
IPSO algorithm are initialized according to Table 2. 50% of 

 
 

 
 

 
 

the training set samples are used for network 
hyperparameter optimization. The optimization results 
manifest that the optimal fitness value tends to be stable 
after 11 iterations, and the optimal solution of 
hyperparameters can be obtained accordingly. 

(4) Verification set establishment. The trolley with the 
weight of 1.5 kg is towed by the motor with the constant 
turning frequency of 3 Hz on the beam. The dynamic 

(a) Case C-R-1 (b) Case C-R-2 
 

(c) Case C-R-3 (d) Case C-R-4 

Fig. 8 Comparison of reconstructed and reference displacements with different noise level 

 
(a) General layout

 

(b) Sensor layout

Fig. 9 Experiment layout

  

(a) Test trolley (b) Sensor 

Fig. 10 Experiment equipment
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responses of the measuring point are collected by a data 
acquisition instrument, and the sampling frequency is set to 
be 1000 Hz. The corresponding data is employed to 

 
 

 
 

 
 

establish the verification set, deemed as Case C-C-0. 
(5) Dynamic displacement reconstruction. Two strain 

response sequences and one acceleration response sequence 

Table 7 Influence of the vehicle velocity and weight 
Factor Case classification and reconstruction accuracy 

Trolley velocity 
Motor rotation frequency 1 Hz 2 Hz 3 Hz 4 Hz 

Trolley weight 2 kg C-V-1 C-V-2 C-V-3 C-V-4 
NRMSE (%) 4.56 4.41 4.62 5.32 

Trolley weight 
Trolley weight 1.5 kg 2.5 kg 3.5 kg 4.5 kg 

Motor rotation frequency C-M-1 C-M-2 C-M-3 C-M-4 
NRMSE (%) 4.05 4.94 5.36 6.23 

 

 
(a) Case C-V-1 (b) Case C-V-2 

 

 

(c) Case C-V-3 (d) Case C-V-4 

Fig. 12 Comparison of reconstructed and reference displacement in Case C-V-1 to Case C-V-4 

 
(a) Case C-M-1 (b) Case C-M-2 

 

  
(c) Case C-M-3 (d) Case C-M-4 

Fig. 13 Comparison of reconstructed and reference displacement in Case C-M-1 to Case C-M-4 
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collected in Step (4) are input into the trained network. The 
dynamic displacement at mid-span is reconstructed and 
shown in Fig. 11. Similar to the numerical study, the 
proposed method can effectively reconstruct the moving 
load induced displacement by in the experimental 
environment. 

(6) Influence factor analysis. To examine the influence 
of trolley velocity and weight on the reconstruction 
accuracy, the trolley passes through the aluminum beam 
with different combinations of vehicle trolley and velocity 
(Table 7). When the trolley weight is 2 kg , the motor 
frequency is set to be 1 Hz to 4 Hz with step of 1 Hz, 
which are deemed as Cases C-V-1, C-V-2, C-V-3 and C-V-
4, respectively. When the motor frequency is 3 Hz, the 
trolley weight is set to be 1.5 kg to 4.5 kg with step of 1 kg, which are deemed as Cases C-M-1, C-M-2, C-M-3 
and C-M-4, respectively. The reconstruction results are 
presented in Figs. 12 and 13, and the error index NRMSEs 
are about 5% (Table 7). It can be concluded that the trolley 
weight and vehicle velocity have little influence on the 
reconstruction accuracy of the proposed method. 

 
 

7. Conclusions 
 
A reconstruction method for bridge displacement 

response induced by moving load was proposed by using a 
small number of sensors and IPSO-BiLSTM network. The 
effectiveness and superiority of the method were verified by 
numerical simulation and laboratory experiment, and the 
effects of road roughness, measurement noise, vehicle 
velocity and weight on the reconstruction accuracy were 
systematically investigated. The conclusions are as follows: 

 

(1) The proposed triple-input IPSO-BiLSTM network 
realized the data fusion of three-time sequence responses 
and automatically established the relationship between input 
response and output displacement with the hyperparameters 
determined by IPSO algorithm. 

(2) The proposed method used only a small number of 
sensors, which effectively relieved the problems of 
traditional dynamic displacement measurement limited by 
installation difficulties. 

(3) The results of numerical examples indicated that the 
reconstruction accuracy was sensitive to road roughness and 
measurement noise. When the road roughness coefficient 
was less than 16 or the input signal noise level was less than 
7%, the reconstruction displacement was basically 
consistent with the reference displacement. The experiment 
manifested that the reconstruction accuracy was insensitive 
to vehicle velocity and vehicle weight, and the displacement 
reconstruction error under different load conditions are no 
more than 6.23%. 

 

The transition from laboratory validation to real-world 
deployment necessitates addressing scalability, sensor 
durability, and environmental adaptability. For instance, 
while the proposed method reduces sensor deployment 
costs, its reliance on low-cost sensors introduces bandwidth 
limitations that may miss critical high-frequency vibrations 
in complex bridges. Future work should explore hybrid 
sensing systems combining fixed low-cost sensors with 

mobile high-precision equipment (e.g., UAV-mounted 
LiDAR) to balance cost and accuracy. Besides, 
environmental robustness can be enhanced through 
hardware innovations (e.g., hermetic sensor packaging) and 
algorithmic adaptations (e.g., temperature-invariant feature 
extraction). 
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