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1. Introduction 

 
Large-span bridges undergo prolonged construction and 

transitions in structural systems. Precise control over the 
construction process is essential to ensure successful 
closure of the spans and optimal alignment. Design 
parameters, often based on theoretical or standard values, 
can exhibit randomness due to uncertainties in construction 
methods and materials. Accurate construction control 
requires consideration of the impact of these parameters’ 
random variability (Mia and Kameshwar 2023, Tubaldi et 
al. 2019). Given the randomness of structural design 
parameters, real-time error identification, state prediction, 
and timely adjustments are crucial to ensure the safety and 
functionality of the large-span bridge structure (Wang et al. 
2023). 

The variation in bridge alignment is closely associated 
with various construction parameters. To mitigate the 
impact of parameter randomness, several studies have 
introduced diverse approaches to enhance the precision of 
alignment analysis in long-span bridges. Jorquera-Lucerga 
et al. (2016) proposed a method to evaluate the effect of the 
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ratio of main span length to side span length and the 
stiffness of pylons and the bridge deck. Mei et al. (2022) 
utilized uniform experimental design and multivariate 
stepwise regression analysis to identify key structural 
parameters that influence the structural response of long-
span cable-stayed bridges. Shan et al. (2021) introduced a 
statistical sensitivity analysis framework designed to predict 
and control deviations in structural parameters during the 
construction of long-span cable-stayed bridges, thereby 
enhancing the precision of construction control. Cheng et 
al. (2019) explored the impact of structural parameters on 
the load-bearing performance of double-layer flat plate 
composite steel beams. Although existing research has 
extensively explored the randomness of structural 
parameters, current studies are still insufficient in terms of 
applying these insights to practical alignment control to 
enhance the construction precision of bridges. 

Building on the consideration of parameter randomness, 
many studies have further concentrated on bridge alignment 
control. Some of these research efforts utilize computational 
models and optimization algorithms to enhance the 
accuracy and generalization capabilities of bridge 
construction alignment predictions (Rageh et al. 2019). Lu 
et al. (2021) proposed an intelligent agent model based on 
mind evolutionary computation-back propagation (MEC-
BP) for predicting the alignment of continuous rigid frame 
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bridges during construction, effectively controlling 
alignment errors. Zhou et al. (2019) enhanced the predictive 
accuracy for the construction alignment of long-span 
continuous beam bridges by employing an optimized 
extreme learning machine (ELM) model. By analyzing the 
impact of key construction parameters and incorporating 
them into model training, these studies effectively manage 
the vast amounts of data and inherent randomness generated 
during the construction process, ensuring the reliability of 
the predictive outcomes. Other studies utilize specific data 
processing techniques, such as adaptive Kalman filtering 
and variational mode decomposition, to optimize alignment 
prediction tasks under construction conditions (Chen et al. 
2016, Li et al. 2012). Li et al. (2023) took into account the 
randomness of influencing factors and combined the 
response surface-Monte Carlo method with the stochastic 
Kalman filter (SKF) approach to predict bridge alignment. 
Xin et al. (2022) employed an improved variational mode 
decomposition (IVMD) and conditional kernel density 
estimation (CKDE) to precisely predict bridge deformations 
during construction and usage, based on structural health 
monitoring data. However, these studies do not fully 
consider the randomness of construction parameters, which 
may limit their effectiveness in handling complex 
construction scenarios. Although existing research provides 
a multifaceted analysis of bridge alignment prediction, it 
often overlooks a thorough assessment of parameter 
sensitivity and the extent of its impact on construction. 
Future research needs to more deeply identify and evaluate 
these highly influential parameters to further optimize 
construction control strategies. 

Artificial neural network (ANN) models are widely 
adopted for their nonlinear mapping capabilities. By 
integrating statistical analysis with numerical simulation, 
they accurately predict and identify changes in critical 
structural parameters (Saadatmorad et al. 2024a, b, 
Benaissa et al. 2024). Algorithms such as YUKI-
RANDOM-FOREST demonstrated high precision in 
predicting complex structural behaviors (Seguini et al. 
2024). In addition, neural network methods based on sparse 
regression provide efficient solutions for damage detection 
(Ghandourah et al. 2023). Saadatmorad et al. (2024c) 
proposed a novel damage detection method based on 
wavelet selection criteria, which significantly enhanced the 
accuracy of wavelet transform in detecting damage in 
metallic beam structures. ANN models showcased their 
capability to learn and predict the effects of 
multidimensional nonlinear factors, significantly improving 
the accuracy of structural deformation predictions and 
providing reliable technical support for evaluating the 
construction quality of large-span bridges. 

In this work, the response surface-Monte Carlo method 
is employed to conduct sensitivity analysis on construction 
parameters, and then a parameter identification model is 
developed to identify and adjust key parameters influencing 
alignment. Furthermore, a neural network model is 
established for predicting the alignment of the main beam 
during the construction process. Finally, based on a case 
study of a large-span bridge, three parameters with the most 
significant impact were identified and adjusted. The neural 
network model was then used to predict the deformation of 

subsequent beam segments. This approach validated the 
feasibility and rationality of a large-span bridge alignment 
prediction method that incorporates the randomness of 
sensitive parameters. Therefore, the method proposed in 
this work can accurately identify and modify the sensitive 
parameters, predict deviations in the construction alignment 
of the subsequent beam segments, and facilitate the 
prediction inversion and intelligent control of the bridge 
alignment. 

 
 

2. Sensitivity analysis for bridge cantilever 
construction 
 
The randomness of construction parameters can lead to 

discrepancies between the measured state of a bridge 
structure and its theoretical design state (Jia et al. 2022). 
This work employs the mean value theorem expansion with 
the response surface-Monte Carlo method to perform 
uncertainty analysis on the construction parameters, 
conducting sensitivity analysis based on the statistical 
distribution of the construction parameters. 

 
2.1 Establishment of response surface function 
 
Response surface function is created by constructing 

explicit functions to approximate the real target function. 
Since the influence of each structural parameter on the 
target function is independent and uncorrelated (Su et al. 
2010), and different construction parameters must be 
considered at each stage of construction, response surface 
functions are used to simulate the construction stage. 
Separate response surface functions are established for each 
independent construction stage. The expression of the 
response surface function is shown as Eq. (1). 

 𝑅ത = 𝑎 + ෍ 𝑏௜𝑋௜௡
௜ୀଵ + ෍ 𝑐௜𝑋௜ଶ௡

௜ୀଵ + ෍ 𝑑௜𝑋௜ଷ௡
௜ୀଵ + ෍ 𝑒௜𝑋௜ସ௡

௜ୀଵ  (1)

 
Where 𝑅ത  represents the structural response of a 

construction stage. 𝑋௜(𝑖 = 1,2, … . 𝑛) are the computational 
parameters that influence the structural response, and 𝑎, 𝑏௜, 𝑐௜, 𝑑௜, 𝑒௜ are the coefficients to be determined. 

 
2.2 Experimental design 
 
In this work, (4n+1) sample points are selected to 

establish a set of equations to obtain the 
coefficients  𝑎, 𝑏௜, 𝑐௜, 𝑑௜, 𝑒௜, (𝑖 = 1,2, … . 𝑛) (Bucher and 
Bourgund 1990), and the coordinates for the experimental 
points are selected as shown in Table 1. By substituting the 
experimental sample points and their corresponding 
structural response results into Eq. (1), the response surface 
function can be solved. 

 
2.3 Sensitivity analysis of random parameters 
 
The random variation of construction parameters can 

cause stochastic changes in the response of bridge 
structures, and the extent of these influences can be 

324



 
Prediction of construction alignment for large-span bridges based on … 

 
 

represented by the statistical moments of the response. For a 
specific construction phase, once the response surface 
function is obtained, take the ith parameter xi as an 
independent random variable, with all other parameters set 
to their mean values. Based on the statistical distribution of 
xi, generate N samples 𝑥௜௝(𝑗 = 1,2, … 𝑁), this process yields 
N sample coordinates ൫𝜇𝑥ଵ, 𝜇𝑥ଶ, … , 𝑥௜௝, … 𝜇𝑥௡൯. Substitute 
the N sample coordinates obtained into the corresponding 
response surface function and then apply the Monte Carlo 
method for sampling. Calculate the structural response for 
each sample variation and determine the standard deviation 
of the structural responses. When the sample N is large 
enough, the mean and standard deviation of the structural 
response R during the construction stage can be 
approximated, as illustrated in Eqs. (2)-(3). 

 𝜇ோ ≈ 𝜇ோത = 1𝑁 ෍ 𝑅ఫഥே
௝ୀଵ  (2)

 

𝜎ோ ≈ 𝜎ோത = ඩ1𝑁 ෍(𝑅ఫഥ − 𝜇ோത)ଶே
௝ୀଵ  (3)

 
Obtaining the standard deviations of the structural 

responses with each parameter varies independently, so as 
 
 

 
 

to reflect the impact of each parameter on the structural 
response. The parameters with the greatest impact can be 
selected for parameter identification, achieving 
dimensionality reduction. Thus, the impact of each 
parameter on the structural response can be quantitatively 
assessed with greater accuracy. Parameters that significantly 
influence the structural response can be identified, 
providing theoretical guidance for the construction control 
of large-span bridges. 

 
 

3. Reliability assessment for long-span bridge 
construction alignment 
 
In the construction of large-span bridges, accurately 

identifying key construction parameters and predicting 
alignment requires efficient data processing and analysis 
(Ho et al. 2020). The Back Propagation (BP) neural 
network is a multi-layer feed forward neural network 
trained using the error back propagation algorithm (Yi et al. 
2013). It effectively represents the nonlinear mapping 
relationships between the inputs and outputs of the neural 
network (Tu et al. 2020). In this work, considering the 
randomness and sensitivity of construction parameters, a BP 
neural network model is established to identify the main 
construction parameters influencing the main beam’s 
cantilever casting alignment. This model helps obtain the 

 
 

Table 1 Coordinates of experimental point 
Experimental point coordinates Experimental point coordinates Experimental point coordinates 

 ൫𝜇௑భ ± 𝜎௑భ, 𝜇௑మ, . . . , 𝜇௑௜, . . . , 𝜇௑௡൯ ൫𝜇௑భ ± 2𝜎௑భ, 𝜇௑మ, . . . , 𝜇௑௜, . . . , 𝜇௑௡൯ 
 ൫𝜇௑భ, 𝜇௑మ ± 𝜎௑ଶ, . . . , 𝜇௑௜, . . . , 𝜇௑௡൯ ൫𝜇௑భ, 𝜇௑మ ± 2𝜎௑ଶ, . . . , 𝜇௑௜, . . . , 𝜇௑௡൯
 … … ൫𝜇௑భ, 𝜇௑మ, . . . , 𝜇௑௜, . . . , 𝜇௑௡൯ ൫𝜇௑భ, 𝜇௑మ, . . . , 𝜇௑௜ ± 𝜎௑௜, . . . , 𝜇௑௡൯ ൫𝜇௑భ, 𝜇௑మ, . . . , 𝜇௑௜ ± 2𝜎௑௜, . . . , 𝜇௑௡൯ 
 … … 
 ൫𝜇௑భ, 𝜇௑మ, . . . , 𝜇௑௜, . . . , 𝜇௑௡ ± 𝜎௑௡൯ ൫𝜇௑భ, 𝜇௑మ, . . . , 𝜇௑௜, . . . , 𝜇௑௡ ± 2𝜎௑௡൯

 

*Note: 𝜇௑௜ and 𝜎௑௜ represent the mean and standard deviation of 𝑋௜, respectively.

 
Fig. 1 Flowchart of the reliability assessment method for construction alignment of long-span bridges
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actual construction parameters and refine the finite element 
model. Subsequently, taking into account the factors such as 
on-site measured data and deviations in bridge structural 
dimensions, a BP neural network model is established for 
predicting the construction alignment of the subsequent 
beam segments of large-span bridges. The methodological 
flowchart is illustrated in Fig. 1. 

 
3.1 Identification of main beam construction 

parameters based on neural networks 
 
3.1.1 Data normalization 
Since the data scales of the input layer are inconsistent, 

it is necessary to normalize the dataset before training. 
Additionally, since the output range of the sigmoid-type 
activation functions is [0,1], extremely large or small 
absolute values in the dataset can lead to significant 
computational errors. Therefore, the range transformation 
method is employed to normalize the data, so as to enhance 
the network’s learning efficiency and computational 
accuracy, as shown in Eq. (4). 

 𝑋ᇱ = 𝑎 + 𝑏 × 𝑋-𝑋୫୧୬𝑋୫ୟ୶ − 𝑋୫୧୬ (4)
 
Where X represents the original data, X’ is the 

normalized data, Xmax and Xmin are the maximum and 
minimum values of each variable group, a and b are 
constants determined by sample data. 

 
3.1.2 Training strategy for the parameter 

identification network 
In this work, the deflection at the cantilever end of the 

main beam is identified by focusing on the construction 
parameters with significantly influences. When constructing 
the learning set, the experimental design method is initially 
used to alter the construction parameters of i-th segment of 
the main beam for parameter identification. These 
parameters are then put into the finite element model to 
calculate the changes in the deflection at the cantilever end 
of the main beam. Subsequently, response surfaces are 
created to model the relationship between the construction 
parameters and each deflection difference value. Then, 
employing the Monte Carlo method, a sufficient number of 
samples are drawn and input into the response surface 
functions. This process yields the changes in the main 
beam’s deflection corresponding to variations in each set of 
the construction parameters. The hold-out method is used to 
allocate 60% of the data samples, which are used as the 
training set, 20% of the data samples as the validation set 
for adjusting the model’s hyperparameters, and the 
remaining 20% of the data samples serve as the test set to 
validate the model’s generalization ability. Based on this, 
the BP neural network model is trained by the 
aforementioned data samples. To comprehensively evaluate 
the model’s performance, four metrics are selected: R², 
Mean Squared Error (MSE), Mean Absolute Error (MAE), 
and Mean Absolute Percentage Error (MAPE). Among 
them, R² assesses the model’s goodness of fit, while MSE, 
MAE, and MAPE reflect the errors in the training and 
testing datasets. After the surrogated model has been 

obtained, actual measurement data from subsequent beam 
segment constructions are collected and put into the model 
for parameter identification. Compare the parameter 
identification results with actual data, the effectiveness of 
the trained surrogated model can be evaluated. 

 
3.2 Neural network-based prediction of main beam 

alignment 
 
Although the identification of significant construction 

parameters has improved the accuracy of the finite element 
model, factors such as deviations in structural dimensions 
still cause errors in the main beam’s alignment during 
construction. Therefore, it is necessary to predict the 
alignment errors of subsequent construction segments. 
Based on the actual conditions of bridge construction, select 
the factors that significantly influence bridge alignment 
deviations and can reflect spatial pattern characteristics 
serve as input parameters for the neural network surrogate 
model (Ye et al. 2022, Wang et al. 2018). The measured 
alignment deviation, ΔW, is used as the output parameter. 
Collect the actual measured construction deflection 
deviations and the dataset is also divided into training, 
validation, and testing sets in a 3:1:1 ratio. The model’s 
performance is assessed using four metrics: R², MSE, MAE, 
and MAPE. After training the model, hidden layers with 
different numbers of layers are configured to compare the 
training results and determine the optimal number of hidden 
layers for the neural network model. Furthermore, a noise 
influence experiment is designed by adding Gaussian noise 
with standard deviations of 0.01, 0.05, and 0.1 to all input 
parameters. This simulates the impact of environmental 
disturbances and measurement errors on the model’s 
predictive performance. The formula for noise generation is 
as follows 

 𝑋௡௢௜௦௬ = 𝑋௧௥௨௘ + 𝑁(0, 𝜎ଶ) (5)
 
Where 𝑁(0, 𝜎ଶ) represents Gaussian noise with a mean 

of zero and a standard deviation of 𝜎. 
Utilize the constructed and normalized learning samples 

to train the BP neural network learning model, and employ 
the model to predict the alignment deviations of the beam 
ends after tensioning. Compare the predicted deflections 
with the actual measured deflections to evaluate the 
effectiveness of the main beam alignment prediction model. 
This comparison helps verify the model’s accuracy and 
effectiveness in controlling the alignment of the bridge. 

 
 

4. Case study 
 
4.1 Engineering background 
 
The Qingpu Bridge over the Taipu River, located in 

Qingpu District, Shanghai, is part of the Shanghai-Suzhou-
Huzhou High-Speed Railway. It is a prestressed concrete 
continuous beam-arch combination bridge, with a span 
arrangement of (112+224+112) m. The layout of the bridge 
type is shown in Fig. 2. The main beam of the bridge is 
constructed using the cantilever casting method, with the 
mid-span beam segments labeled as 1# to 25#. After the 0# 
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block is casted, 22 pieces of beam segments are 
symmetrically cantilever-cast, and the 23# and 24# blocks 
in the mid-span are cantilever-cast, followed by the final 
closure of the mid-span. 

 
4.2 Sensitivity of main beam cantilever 

construction 
 

The construction of each segment of the Qingpu Bridge 
includes three stages: form traveler movement, concrete 
casting, and prestress tensioning. During form traveler 
movement, adjustments to the support positions may affect 
the formation location and precision of the beam segments. 
Uneven concrete casting can lead to non-uniform settlement 
or deformation during curing. Improper prestress tensioning 
force or uneven stress distribution can affect the alignment 
and stability of the bridge. The prestress tensioning 
completion stage of the main beam’s 11# segment is 
selected, at which point the structure is in a maximum 
cantilever state. The distribution types and statistical 
parameters of random variables during the construction of 
the Qingpu Bridge are detailed in Table 2 (TB 10092-2017 
2017, TB 10127-2020 2020, Gong and Zhang 2022). 

Employing the selected random parameters as computa- 
 
 

 
 

 
 

tional variables within the above response surface function, 
the vertical deflection of the outermost cantilever is 
analyzed as the structural response. Utilizing the 
experimental design method described in Section 2.2, 
construct samples and obtain the response surface functions 
for each random variable varying independently, as detailed 
in Table 2. Conduct Monte Carlo sampling on the response 
surface functions for each parameter varying independently, 
performing 1.0 × 107 samples. Calculate the standard 
deviation of the structural response due to individual 
parameter variations as a measure of sensitivity. The results 
are presented in Table 3 and Fig. 3. 

The greatest influence on the main beam alignment is 
the concrete unit weight used in the cantilever casting 
segments, accounting for 34.96% of the impact among all 
measured parameters. The main beam’s concrete elastic 
modulus contributes 9.8% to the overall impact during this 
construction phase. The tensioning force of the steel strands 
also significantly affects the main beam alignment, 
collectively constituting 38.67% of the total impact. The 
unit weight of the current segment has a substantial impact, 
whereas the influence of the unit weight from previous 
segments can be considered negligible. The influence of the 
main beam’s concrete elastic modulus increases with the 

 
 

 
 

 
Fig. 2 The structural diagram of Qingpu Bridge (cm)

Table 2 Random parameters in construction stage 35 

Random variable Distribution 
type Unit Mean Coefficient 

of variation 
Number of 

random variables

Main beam elastic modulus EC Normal 104 MPa 3.6 0.05 1 
Main beam segment equivalent unit weight G Normal kN/m3 26 0.05 11 

Steel strand tensioning force T Normal MPa 1260/1300 0.04 2 
Form traveler weight Gg Normal kN 2500 0.05 1 

Uniform temperature difference △t Normal ℃ 7.61 0.64 1 
Relative humidity ρ Normal % 70 0.05 1 

 

*Note: 𝜇௑௜ and 𝜎௑௜ represent the mean and standard deviation of 𝑋௜, respectively.

Table 3 Sensitivity of structural response to individual parameter variations 
Variable name G1 G2 G3 G4 G5 G6 G7 G8 

Impact 0.07% 0.07% 0.07% 0.07% 0.09% 0.09% 0.15% 0.24%
Impact proportion 0.10% 0.10% 0.10% 0.10% 0.13% 0.13% 0.21% 0.35%

G9 G10 G11 Ec T1 T2 Gg Δt ρ 
0.44% 0.74% 24.16% 6.78% 18.75% 7.98% 0.44% 8.73% 0.25%
0.63% 1.06% 34.96% 9.80% 27.12% 11.55% 0.63% 12.63% 0.37%
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Fig. 3 The impact of random parameters during 
construction stage 35

 
 

extension of the cantilever. The impact of the tensioning 
force of the steel strands and overall temperature rise on the 
displacement at the cantilever end decreases as the 
cantilever extends. However, in the closure phase, the 
influence of various post-tensioning longitudinal forces 
becomes significant. Therefore, the tensioning force has a 
considerable impact and must be considered as a primary 
factor, while the influence of uniform temperature 
differences is minor and can be disregarded. 

 
4.3 Neural network-nased parameter identification 

of main beam construction 
 
Based on the analysis of the parameters’ impact levels, 

three parameters with great influences, including concrete 
unit weight, elastic modulus, and tensioning force of steel 
strands, are allowed to vary randomly according to their 
distributions. The changes in the deflection at the cantilever 
end of the main beam resulting from these variations are 
calculated by the finite element model, thus generating 
sample data for the neural network dataset. 

According to the training strategy for the parameter 
identification network, the input parameters are selected 
from the dataset samples as the deflection changes caused 
by casting concrete and tensioning steel strands in segments 
10#, 9#, 8#, and 7# (The differences in deflection before 
and after casting for segments i-3#, i-2#, i-1#, i# are 

 
 

 

Table 5 Neural network hyperparameter settings 

Activation function Hidden layer sizes Tolerance max iter
Relu 17 0.0001 1000 

 
 

denoted as ΔH1, ΔH2, ΔH3 and ΔH4, respectively. 
Similarly, the differences in deflection before and after 
tensioning the prestress for segments i-3#, i-2#, i-1#, i# are 
denoted as ΔV1, ΔV2, ΔV3 and ΔV4, respectively). The 
output parameters are the three parameters for segment 10#. 
The input and output parameters for the parameter 
identification network are listed in Table 4. In the table, ‘i’ 
represents the segment number of the beam to be identified. 

Therefore, the input layer of the parameter identification 
neutral network consists of 8 neurons, and there are 3 
output neurons. According to Kolmogorov’s theorem 
(Tarhouni et al. 2022), a 17 neurons three-layer neural 
network with a single hidden layer is sufficient to map all 
continuous nonlinear functions. The hyperparameters of the 
neural network are presented in Table 5. Based on the 
statistical patterns of the identified parameters, 1000 
samples are generated by random variations. These samples 
are then divided into a training set, validation set, and test 
set at a ratio of 3:1:1. Statistical description of input 
features of the database including the range ([min, max]), 
mean, median, mode and standard deviation (STD) values 
of all the features is shown in Table 6. 

The performance of the neural network is evaluated by 
Mean Squared Error (MSE), Mean Absolute Error (MAE), 
and Mean Absolute Percentage Error (MAPE) based on the 
test set. The performance of the neural network is depicted 
in Fig. 4. The coefficient of determination, R2, is 0.9927, 
indicating a high correlation between the neural network’s 
output data and the expected output data. The MSE, MAE, 
and MAPE for the concrete unit weight of the 10# segment 
are 0.0031%, 0.0280%, and 3.6483%, respectively. The 
MSE, MAE, and MAPE for the concrete elastic modulus of 
the 10# segment are 0.0004%, 0.1425%, and 9.7586%, 
respectively. For the tension force of steel strands in 10# 
segment, the MSE, MAE, and MAPE are 0.0019%, 
0.0186%, and 2.6517%, respectively. The errors between 
the trained neural network output data and the expected 
output data are relatively similar, allowing for predicting 
construction parameters effectively. 

 
 
 

Table 4 Input and output parameters for the parameter identification network 
Type Parameter Name Type Parameter Name 

Input 

ΔH1: Deflection change before and after casting of segment i-3# 
Output

G: Equivalent unit weight of concrete for segment i#
ΔH2: Deflection change before and after casting of segment i-2# E: Elastic modulus of concrete for segment i# 
ΔH3: Deflection change before and after casting of segment i-1# T: Prestress in steel strands for segment i# 
ΔH4: Deflection change before and after casting of segment i# 

 
ΔV1: Deflection change before and after tensioning of segment i-3#
ΔV2: Deflection change before and after tensioning of segment i-2#
ΔV3: Deflection change before and after tensioning of segment i-1#
ΔV4: Deflection change before and after tensioning of segment i# 
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After the completion of the 10# beam segment 

construction, parameter identification for the concrete unit 
weight, elastic modulus, and steel strand tensioning force of 
the 10# segment is conducted using the actual measured 
deflection data from the cantilever ends of the 7#, 8#, 9#, 
and 10# beam segments, which resulted from the casting 
and tensioning of the 10# segment. The input vector P 
formed from the measured data is P = [-1.99, -2.51, -3.13, -
3.72, 1.86, 2.48, 3.37, 4.37]. This vector is input into the 
trained neural network model, yielding the result vector T 
for parameter identification of the 10# segment as T = 
[4.68%, 17.2%, -2.64%], as shown in Fig. 5. Based on the 
predicted results, the adjusted concrete unit weight of is 26 
× (1 + 4.68%) = 27.2 kN/m3; the adjusted concrete elastic 
modulus is 3.6 × 104 × (1 + 17.2%) = 4.220 × 104 MPa; and 
the tensioning force of the prestressed steel strands is (1-
2.64%) × 𝜎௖௢௡ = 97.36% × 𝜎௖௢௡. After the actual construction 

 
 

 
 

Fig. 5 Neural network parameter identification results

Table 6 Sample subset from the parameter identification neural network dataset 
Parameter name Unit Range Mean Median Mode STD

Casting deflection 
(mm) 

10# Block 

mm

[-2.09, -1.70] -1.89 -1.89 -2.09 0.06
9# Block [-2.64, -2.14] -2.38 -2.38 -2.60 0.07
8# Block [-3.28, -2.66] -2.97 -2.97 -3.21 0.10
7# Block [-3.92, -3.16] -3.53 -3.53 -3.91 0.12

Tension deflection 
(mm) 

10# Block [1.76,2.04] 1.91 1.91 1.86 0.03
9# Block [2.36, 2.73] 2.55 2.55 2.54 0.05
8# Block [3.20, 3.70] 3.46 3.46 3.20 0.07
7# Block [4.17, 4.83] 4.51 4.51 4.17 0.09

 

R2 = 0.9957 R2 = 0.9941 R2 = 0.9943 

 
(a) (c) (e) 

R2 = 0.9903 R2 = 0.9891 R2 = 0.9896 
 

 

(b) (d) (f) 

Fig. 4 Performance of the construction parameter identification network on the training set and test set
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of segment 10#, the true values of the three construction 
parameters are measured and compared with the predicted 
values. The field-measured concrete unit weight of the main 
beam is 26.8 kN/m3, the concrete elastic modulus is 4.217 × 
104 MPa and the actual prestressing force of the steel 
strands is 97.59% × 𝜎௖௢௡, with relative errors compared to 
the model’s predicted values being 1.47%, 0.7‰, and 
0.53%, which closely align with the values identified by the 
trained neural network model. 

 
4.4 Neural network-based alignment prediction of 

main beam construction 
 
In this work, the actual measured construction deflection 

deviations are collected as sample data for the learning and 
testing sets of the alignment prediction neural network. The 
following six parameters are used as input parameters for 
the neural network surrogate model: The heights of the box 
girder at the tensioning and discussion section, H1 and H2; 
The distances from the tensioning section and the section 
under discussion to the center of the bridge pier, L1 and L2; 
The calculated changes in elevation after casting and 
tensioning at the cantilever end of the segment being cast in 
this phase, W1 and W2. The measured alignment deviation, 
ΔW, is used as the output parameter. The input and output 
parameters for the alignment prediction network are as 
follows in Table 7. 

The neural network structure of the main beam 
alignment prediction includes an input layer with 6 neurons, 
an output layer with 1 neuron, and a hidden layer consisting 
of 13 neurons. Predict the deviation deformation of beam 
segments during the construction phase following the 1/2 
maximum double cantilever (Stage 11#). Gather and 
organize field-measured data as learning samples for the 
neural network. Statistical description of input features of 
the database including the range ([min, max]), mean, 

 
 

 
 

Table 9 Neural network hyperparameter settings 

Activation function Hidden layer sizes Tolerance Max iter
Relu (13) 0.0001 1000 
Relu (13,27) 0.0001 1000 
Relu (13,27,55) 0.0001 1000 

 
 

median, mode and standard deviation (STD) values of all 
the features is shown in Table 8. Neural networks with 1, 2, 
and 3 hidden layers are constructed respectively and the 
hyperparameters of the neural network are presented in 
Table 9. The performance of the neural network is depicted 
in Fig. 6. The comparison reveals that the model with a 
single hidden layer achieves the highest R2, indicating the 
best fit to the data. The coefficient of determination, R2, is 
0.9773, indicating a high correlation between the output 
data from the neural network and the expected output data. 
The MSE, MAE, and MAPE for the measured elevation 
changes after tensioning are 0.0135 mm, 0.1034 mm, and 
16.1238%, respectively. 

To evaluate the applicability and robustness of the 
proposed method in actual construction scenarios, Gaussian 
noise with standard deviations of 0.01, 0.05, and 0.1 was 
added to the training dataset to simulate the effects of 
environmental disturbances and measurement errors on the 
model’s predictive performance. The neural network was 
retrained using the noise-added training datasets, and the 
key performance indicators under different noise levels 
were analyzed. The results are presented in Table 10. As 
observed from the table, with the increase in noise level 𝜎, 
the model’s prediction error gradually rises, with MAPE 
increasing from 16.1238% to 35.0680%. However, the 
model still demonstrates good predictive performance when 𝜎 ≤ 0.05. 

Table 7 Input and output parameters for the alignment prediction network 
Type Parameter name Parameter symbol Unit 
Input Distance from the tensioning section to the bridge pier center L1 cm 
Input Distance from the section under discussion to the bridge pier center L2 cm 
Input Height of the box girder at the tensioning section H1 mm 
Input Height of the box girder at the section under discussion H2 mm 
Input Theoretical Calculation of Elevation Change After Casting W1 mm 
Input Theoretical Calculation of Elevation Change After Tensioning W2 mm 

Output Measured alignment deviation ΔW mm 
 

Table 8 Sample subset from the alignment prediction neural network dataset 
Parameter name Unit Range Mean Median Mode STD 

Height of the box girder at the tensioning section cm [2750, 4750] 4033 4300 4750 624 
Height of the box girder at the section under discussion cm [2750, 4750] 3366 3100 2750 585 

Distance from the tensioning section to the bridge pier center mm [840, 1040] 910 883 844 59 
Distance from the section under discussion to the bridge pier center mm [840, 1040] 974 1000 1036 57 

Theoretical Calculation of Elevation Change After Casting mm [-3.8, -0.3] -1.4 -1.2 -3.8 0.9 
Theoretical Calculation of Elevation Change After Tensioning mm [1.0, 4.5] 1.9 1.5 1.5 0.9 
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Table 10 Model predictive performance under different 
noise levels 

Noise levels 𝜎 R2 MSE (mm) MAE (mm) MAPE 
0 0.9773 0.0135 0.1034 16.1238%

0.01 0.9562 0.0260 0.1275 20.7541%
0.05 0.9528 0.0278 0.1361 21.0325%
0.1 0.5384 0.2789 0.3834 35.0680%

 

 
 
Using the trained neural network, predict the alignment 

deviations after tensioning of the side-span at Pier 4# and 
segment 11# of the mid-span main beam. Based on the 
predicted results, the forecasted elevation is calculated. 
Upon completion of the construction, the actual elevation is 

 
 

 
 

collected, and the theoretical elevation is determined using 
the finite element model. The three values are then 
compared to validate the effectiveness of the model’s 
predictions. Some results are presented in Table 11. 

From Table 8 and Figs. 7(a)-(b), it is evident that the 
predictions from the alignment prediction model are 
consistent with the observed changes in the actual 
measurements. The largest prediction deviation at the mid-
span location is -0.75 mm, occurring at the section of the 
11# beam segment, while the largest theoretical deviation is 
-1.78mm. The deviations between the predicted values and 
the actual measurements are smaller across all sections, 
averaging 50% of the theoretical deviations. At the side-
span location, the largest prediction deviation is -0.69 mm, 
compared to the largest theoretical deviation of -1.71 mm, 

 
 

R2 = 0.9779 R2 = 0.9110 R2 = 0.9031 

 
(a) (c) (e) 

R2 = 0.9696 R2 = 0.9176 R2 = 0.8712 

 

(b) (d) (f) 

Fig. 6 Performance of the alignment prediction network on the test set 

Table 11 Deflection changes for sections 5# to 11# after tensioning of segment 11# (mm) 

Construction 
stage Location 

Beam 
segment 
section 
number 

Predicted 
deflection

Measured 
deflection

Theoretical 
deflection

Deviation 
between 

theoretical 
and measured 

Deviation 
between 
predicted 

and measured

11# 

4# Mid-span 

5 0.61 0.291 1.074 -0.83 -0.36 
6 1.06 0.494 1.476 -0.82 -0.41 
7 1.39 0.742 1.962 -1.30 -0.73 
8 1.89 1.361 2.621 -1.26 -0.53 
9 2.82 2.110 3.507 -1.26 -0.57 
10 3.59 2.930 4.606 -1.68 -0.66 
11 4.87 4.120 5.896 -1.78 -0.75 

4# Side-span

5 0.58 0.354 1.072 -0.72 -0.23 
6 0.96 0.560 1.475 -0.92 -0.40 
7 1.29 0.750 1.960 -1.01 -0.34 
8 1.69 1.220 2.619 -1.17 -0.24 
9 2.63 2.070 3.505 -1.14 -0.26 
10 3.62 3.050 4.604 -1.65 -0.67 
11 4.88 4.184 5.894 -1.71 -0.69 
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with the prediction deviations averaging 30% of the 
theoretical deviations. The above observations demonstrate 
that the trained alignment prediction model can effectively 
map the deformation patterns of bridge structures. 
Compared to traditional theoretical calculation models, this 
prediction model exhibits generally smaller prediction 
deviations when mapping structural deformations of 
bridges. By inputting parameters, it quickly provides 
responses with smaller deviations, offering more accurate 
and reliable results in the reliability assessment of bridge 
construction alignment. 

 
 

5. Conclusions 
 
Addressing the issue of alignment control in the 

construction of large-span bridges, this study conducted a 
sensitivity analysis of the main construction parameters, 
identified critical parameters for construction, and predicted 
alignment deviations for subsequent beam segments. The 
methods were applied in an actual bridge project, with the 
predictive results compared to measured deflections. The 
main conclusions are as follows: 

 

• A sensitivity analysis method for major construction 
parameters based on the response surface-Monte 
Carlo method was proposed. Establish a construction 
parameter identification model to further identify 
and correct parameters with high sensitivity, leading 
to enhanced accuracy in structural prediction. 

• A neural network model was developed for 
predicting the construction alignment of the large-
span bridge. By modifying the key parameters, 
which has been identified, the alignment deviations 
in subsequent beam segments can be predicted. 

• Case analysis validated the reliability and accuracy 
of the large-span bridge alignment prediction method 
based on the neural network surrogate model, 
demonstrating the model’s practicality and efficiency 
in enhancing the reliability assessment of bridge 
construction alignment. 

• This work allows for the identification and 
modification of significant construction parameters, 

 
 
enabling the alignment deviation prediction, and the 
alignment reliability assessment based on the trained 
neural network provides practical guidance for the 
construction control of large-span bridges. 

 

This study has certain limitations in parameter selection, 
the precision of stochastic analysis, and the 
comprehensiveness of neural network applications. Future 
research could expand the parameter range, consider the 
correlations between parameters, and optimize model 
selection to enhance the accuracy of construction alignment 
predictions and improve the model’s applicability. 
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