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Abstract - This paper presents a fast, accurate approach for 

estimating train weight during bridge crossings by coupling a 

validated train–track–bridge dynamic interaction model with an 

XGBoost regressor optimized via Bayesian hyperparameter 

tuning. A high-speed railway bridge in China is used as a case 

study. We generate a dataset of 1000 labeled samples from finite-

element dynamic simulations driven by Latin Hypercube 

Sampling, and validate the interaction model against available 

experimental data. The learned model maps measured bridge 

responses to train loads and is suitable for real-time deployment. 

Results show high predictive accuracy, with coefficients of 

determination R² ≈ 0.996 for motor cars and 0.993 for trailer cars. 

Gain-based feature importance indicates that the bridge’s 

maximum vertical displacement during passage is the most 

influential input, substantially outweighing other variables. The 

proposed framework demonstrates a practical path toward in-

service train load estimation and monitoring without intrusive 

onboard sensors or extensive instrumentation.  

Key words - High-speed railway; weight-in-motion; 

XGBoosting; Latin Hypercube Sampling; Bayesian Optimization 

1. Introduction 

Railways play a vital role in modern passenger and 

freight transportation systems due to their efficiency, 

capacity, and reliability, making them a preferred mode of 

transport in many countries. As global economies continue 

to grow, particularly in both developed and developing 

nations, the demand for rail transport is rapidly increasing. 

Consequently, the scale of passenger and freight operations 

has expanded significantly. 

To maximize operational efficiency and profit, freight 

trains are often loaded to their maximum capacity. 

However, this practice frequently results in overloading, 

which can lead to severe consequences. Prolonged 

operation under excessive loads can damage railway 

infrastructure, elevate derailment risk, and compromise 

operational safety. In addition to safety hazards, 

overloading may also result in substantial economic losses. 

Therefore, the need for effective and accurate solutions to 

monitor and control train load is of great interest to 

researchers, engineers, and rail operators. 

Several commercial systems have been developed to 

detect and estimate train loads, including solutions that 

use fiber-optic technology [1] or indirect measurement 

devices that record force and displacement at contact 

points during train passage [2]. These systems often rely 

on Weigh-In-Motion (WIM) algorithms [1] to estimate 

axle loads, car weights, and total train weights. Research 

by Fernando Marques et al. [3] combined existing B-

WIM algorithms, particularly the Moses method based on 

collected strain data, to estimate axle loads, axle spacing, 

and train speed. This approach was optimized using a 

genetic algorithm to minimize errors between measured 

and simulated structural responses, thereby enhancing the 

reliability of the assessment. Aleš Žnidarič et al. [4] also 

proposed research on the development and testing of a 

dynamic train weighing system while in motion on a 

bridge by adjusting and modifying the standard BWIM 

algorithm to allow each carriage to have a different 

velocity. Despite these advancements, accurately and 

continuously estimating static wheel, axle, and wagon 

loads during train movement remains challenging, 

limiting the precision of current monitoring systems 

under operational conditions. 

To address these limitations, there is a need to develop 

alternative solutions capable of continuously monitoring 

and analyzing train loads with high precision and in real-

time, even under variable speed conditions and 

environmental disturbances. In response to this need, the 

present study proposes and develops a train load estimation 

model using machine learning techniques to enhance load 

monitoring and predict permissible overloads as trains 

cross bridges. By leveraging machine learning algorithms, 

real-world sensor data can be analyzed with higher 

accuracy, facilitating precise train load estimation under 

complex operational scenarios. 

2. Train - rail - bridge interaction model 

2.1. Case study 

In this study, the Gouhe Bridge with simply supported 

girders (continuous track) and the Pioneer EMU (Electric 

Multiple Unit) train operating on the Qin-Shen High-Speed 

Railway (Qinhuangdao–Shenyang) are analyzed using the 

proposed model. The results are validated by comparing 

the bridge’s dynamic response under train-track-bridge 

coupled system analysis with experimental data from Xia 

et al. [5]. The general layout of the bridge and train track is 

shown in Figure 1. 

The Gouhe Bridge in Northeast China consists of 28 

simple spans of 24 m with a typical cross-section of a box 

section with a double-track ballastless deck. Each box 

girder is 24.6 m long with a deck width of 12.4 m, a girder 

bottom width of 6.08 m, and a height of 2.2 m. The bridge 

is designed for a maximum speed of 250 km/h and an 

operating speed of 200 km/h. The cross-section and main 

dimensions of the girders are shown in Figure 2. 
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Figure 1. General layout of Gouhe Bridge 

 

Figure 2. Main beam cross-section 

The train under consideration in this case study is a 

Pioneer EMU consisting of 6 cars, of which cars 1, 2, 4, 

and 6 are motor cars and cars 2 and 5 are trailer cars. The 

composition of the first 3 cars is shown in Figure 3. 

 

Figure 3. Pioneer EMU train 

2.2. Two-way train-rail-bridge interaction model 

This study employs a 2D coupled finite element model to 

analyze the dynamic interaction between train, track, and 

bridge systems. The model evaluates bridge response under 

train loads for ballastless track systems [6, 7]. In which the 

train is represented as a multi-vehicle chain using a mass-

spring-damper system. Meanwhile, the track system is 

modeled as a continuous beam supported on a spring-damper 

foundation, and the bridge is represented as a 2D simply-

supported Euler-Bernoulli beam. All substructures of the 

model are coupled into a single system. The equations of 

motion of the train and the infrastructure are described by the 

mass, stiffness, damping, and force matrices. The Hertzian 

contact theory used in the 2D TTBI model allows the contact 

points of the contact loss simulation to describe the interaction 

forces between the wheel and the track irregularities. 

The train-track-bridge interaction is a combination of 

subsystems defined by the equation of motion: 

𝑴𝑥𝒖̈𝑥 + 𝑪𝑥𝒖̇𝑥 + 𝑲𝑥𝒖𝑥 = 𝑭𝑥                           (1) 

where 𝑴, 𝑪, 𝑲 are the matrices of mass distribution along the 

length of the beam, viscous damping, and stiffness, 

respectively; 𝑭 are vectors of modal forces and external 

forces; 𝒖̈, 𝒖̇, 𝒖 are the acceleration, velocity, and displacement 

vectors, respectively; while 𝑥 denotes the subsystem to which 

the matrix refers and can be replaced by 𝑉, 𝑇, and 𝐵 to denote 

the subsystems as vehicle, track, and bridge, respectively. The 

coupled equation of motion of this interactive simulation [8] 

is written in block matrix form as follows: 

(

𝑀𝑉 0 0
0 𝑀𝑇 0
0 0 𝑀𝐵

) {

𝑢̈𝑉

𝑢̈𝑇

𝑢̈𝐵

} + (

𝐶𝑉 𝐶𝑉,𝑇 0

𝐶𝑇,𝑉 𝐶𝑇 𝐶𝑇,𝐵

0 𝐶𝐵,𝑇 𝐶𝐵

) {

𝑢̇𝑉

𝑢̇𝑇

𝑢̇𝐵

}

+ (

𝐾𝑉 𝐾𝑉,𝑇 0

𝐾𝑇,𝑉 𝐾𝑇 𝐾𝑇,𝐵

0 𝐾𝐵,𝑇 𝐾𝐵

) {

𝑢𝑉

𝑢𝑇

𝑢𝐵

} = {

𝐹𝑉

𝐹𝑇

𝐹𝐵

}

(2) 

The train–rail–bridge interaction model and the coupling 

of the subsystems through their equations of motion are 

implemented in MATLAB. The developed MATLAB 

program enables the efficient computation of the system 

matrices using advanced algorithms, ensuring high accuracy 

and computational efficiency. Furthermore, the wheel–rail 

interaction forces are described using the nonlinear Hertzian 

contact theory [9] in the following equation: 

𝐹 = {
𝑘𝐶(𝑢𝑤 − 𝑢𝑟 − 𝑟𝑤), (𝑢𝑤 − 𝑢𝑟 − 𝑟𝑤) > 0  

0,                              (𝑢𝑤 − 𝑢𝑟 − 𝑟𝑤) ≤ 0
(3) 

where 𝐹 is the interaction force between the wheel and the 

rail, 𝑘𝐶, 𝑢𝑤, 𝑢𝑟, 𝑟𝑤 are the Hertzian interaction stiffness 

constant, the vertical displacement of the wheel, the 

vertical displacement of the rail, and the surface 

irregularity of the rail surface, respectively. 

The random track irregularities are quantitatively 

characterized through Power Spectral Density (PSD) 

functions. While multiple standardized PSD formulations 

exist across different railway administrations, this study 

adopts the Federal Railroad Administration spectrum, 

which is mathematically expressed as: 

𝑆(𝜔) =
𝐴𝑣𝜔2

2(𝜔2 + 𝜔1
2)

𝜔4(𝜔2 + 𝜔2
2)

                                     (4) 

Detailed PSD calculation procedures and 

implementation examples can be found in the works of Du 

Kim and Warnitchai [10] and Ferrara [11]. 

2.2.1. Train model 

The train is represented by a finite element model, 

defined by the combination of individual sub-assemblies, 

including the car body with 2 degrees of freedom, the 

bogie, and the wheels, both with 4 degrees of freedom. The 

model of the train running on a random track irregularity is 

shown in Figure 4. 

 

Figure 4. Train model 

The geometrical and mechanical input parameters of 

the train model depend on the specific train being modeled. 

The parameters of the train model are detailed in Table 2. 

The main body of the train is modeled as a rigid bar with 

masses (𝑚𝑣)and moments of inertia (𝐼𝑣). The main and 

secondary suspensions are represented by a system of 

linear springs (𝑘𝑝, 𝑘𝑠) and viscous dampers (𝑐𝑝, 𝑐𝑠) in 

parallel. The wheels are specifically modeled as masses on 

rails connected to the bogies by the main suspension. 
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Table 1. Train model parameter table 

Parameter Symbol Unit 

Main body mass 𝑚𝑣 kG 

Moment of inertia of the main body 𝐼𝑣 kG. m2 

Main body length 𝐿𝑣 m 

Additional segment length 𝐿𝐸 m 

Number of redirections 𝑁𝑏  

Mass of bogie 𝑚𝐵 kG 

Moment of inertia of the bogie 𝐼𝐵 kG. m2 

Distance between bogies 𝐿𝐵 m 

Number of wheels 𝑁𝑤  

Cake weight 𝑚𝑤 kG 

Primary suspension stiffness 𝑘𝑝𝑖 N/m 

Primary suspension damping cpi Ns/m 

Secondary suspension stiffness ksi N/m 

Secondary suspension damping csi Ns/m 

2.2.2. Model of the rail structure system on the bridge 

The track and bridge system is modeled using a 2D finite 

element approach. In this model, the bridge is represented as 

a simply supported beam, while the track is modeled as a 

continuous elastic beam resting on a multi-layer support 

system. Discrete masses are used to represent the sleepers, 

which are connected to the rail beam through spring-damper 

elements that simulate the rail pads. Both the bridge and the 

rail are modeled as Euler-Bernoulli beams to capture their 

flexural behavior accurately. For ballastless track 

configurations, the system typically consists of the rail, rail 

pad, sleeper, and sleeper pad arranged directly above the 

bridge structure. The detailed ballastless track model is 

illustrated in Figure 5. The technical parameters of the track 

components are listed in Table 2. In addition, the input 

parameters of the bridge are also given in Table 3. 

Table 2. Rail system parameter 

Parameter Symbol Unit 

Rail 

Modulus of elasticity of 

material 
𝐸𝑅 N/m2 

Moment of inertia 𝐼𝑅 m4 

Mass per unit length 𝜇𝑅 kg/m 

Damping coefficient 𝑐𝑅 % 

Rail pads 

Vertical stiffness of the 

rail pad 
𝑘𝑃 N/m 

Vertical damping 

coefficient of rail pad 
𝑐𝑃 Ns/m 

Sleeper 

Distance between 

sleepers 
𝐿𝑆 m 

Mass 𝑚𝑆 Kg 

Table 3. Bridge model parameter 

Parameter Symbol Unit 

Span length 𝐿 m 

Modulus of elasticity 𝐸 N/m2 

Moment of inertia 𝐼 m4 

Damping coefficient 𝜂 % 

In this model, the sleeper structure is placed directly on 

the concrete foundation instead of a traditional ballast bed. 

The connection between the sleeper and foundation is 

mediated by an elastic sleeper pad, as detailed in Figure 5. 

The technical parameters of this layer are presented in 

Table 4. 

 

Figure 5. Ballastless track system structure model 

Table 4. Table of parameters of sleeper pads 

Parameter Symbol Unit 

Sleeper 

pad 

Vertical stiffness of the 

sleeper pad 
kPU N/m 

Vertical damping coefficient 

of the sleeper pad 
cPU Ns/m 

2.2.3. Solution method 

The method is used in this study to solve the coupled 

equations of motion of the train-rail-bridge interaction 

simulation for each time step. Since the nonlinear contact 

between the vehicle and the rail depends on the position 

and time, the Newmark Beta method is used to increase the 

efficiency of the solution process. 

3. Model sampling and building a dataset 

In this study, Latin Hypercube Sampling (LHS) [12] is 

employed to generate statistically representative samples 

of the uncertain model parameters, specifically including 

train speed, motor car weight, and trailer car weight. The 

selected parameters, along with their corresponding 

probability distributions, are summarized in Table 5. 

Table 5. Selected parameters and their probability distributions 

Parameter Distribution Min, Max Mean Std 

Speed (km/h) Uniform 160, 279 219.5 34.37 

Weight of 

motor car (kg) 
Uniform 

42400, 

66000 
54200 6816.04 

Weight of 

trailer car (kg) 
Uniform 

44400, 

66000 
55200 6353.94 

Using the LHS method, a total of 1000 samples of the 

uncertain parameters are generated. Subsequently, the 

numerical model described in Section 2 is executed for 

each of these samples, resulting in 1000 simulation runs. 

Each simulation captures variations in train speed, total 

motor car weight, and total trailer car weight, along with 

the corresponding dynamic responses of the bridge. 

The output dataset thus constructed comprises 1000 

data samples, each containing the uncertain input 

parameters and the dynamic responses of the system. 

Specifically, the dynamic responses include the maximum 

vertical displacements of the bridge girder at 𝐿/4, 𝐿/2, and 

3𝐿/4 positions, where 𝐿 denotes the span length of the 

bridge under consideration. 

4. Building a machine learning model to accurately 

predict train loads when passing over bridges 

4.1. Algorithm XGBoost (Extreme Gradient Boosting) 

The XGBoost algorithm was proposed by Chen and 

Guestrin [13] based on the structure of the Gradient Boosted 

Rail

Pads

Sleepers

Pad under sleeper

Bridge
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Decision Trees (GBDT) ensemble learning algorithm, and is 

used in supervised learning situations where the training data 

with multiple input attributes to predict an output variable 

can be a continuous value. This algorithm has attracted much 

attention due to its outstanding results in Kaggle machine 

learning competitions. Unlike GBDT, the objective function 

of XGBoost includes a regularization term in the loss 

function to avoid overfitting. The objective function of the 

XGBoost algorithm is in the form: 

𝑜𝑏𝑗(𝜃) = ∑ 𝐿(𝑦𝑖̂, 𝑦𝑖)

𝑛

𝑖=1

+ ∑ Ω(𝑓𝑘)

𝑛

𝑖=1

+ 𝐶         (5) 

where 𝐿 is the loss function measuring the difference 

between the predicted value 𝑦𝑖̂ and the target value 𝑦𝑖 , 

Ω(𝑓𝑘) is the normalized value at the kth iteration, and 𝐶 is 

a constant that can be selectively discarded. 

Normalized quantity function Ω(𝑓𝑘): 

Ω(𝑓𝑘) = 𝛾𝑇 +
1

2
𝜆 ∑ 𝜔𝑗

2

𝑇

𝑗=1

                                 (6) 

where 𝛾is the leaf complexity, 𝑇is the number of leaves, 

𝜆is the penalty variable, and 𝜔𝑗 is the predicted output at 

each leaf node. 

Furthermore, XGBoost uses a Taylor series second-

order approximation of the loss function instead of the first 

derivative. If the loss function is the mean square error 

(MSE), then the objective function can be written as: 

𝑜𝑏𝑗(𝜃) = ∑ [𝑔𝑖𝑓𝑡(𝑥𝑖) +
1

2
ℎ𝑖𝑓𝑡

2(𝑥𝑖)] + Ω(𝑓𝑡)

𝑛

𝑖=1

(7) 

where 𝑔𝑖 and ℎ𝑖 are the first-order and second-order 

gradient statistics on the loss function. 

The final loss value is calculated by summing all the 

loss values of the leaf nodes at step t. Therefore, the 

objective function has the form of the equation: 

𝑜𝑏𝑗(𝜃) = ∑ [(∑ 𝑔𝑖

𝑖𝜖𝐼𝑗

) 𝜔𝑗 +
1

2
(∑ ℎ𝑖

𝑖𝜖𝐼𝑗

+ 𝜆) 𝜔𝑗
2] + 𝛾𝑇

𝑇

𝑗=1

(8) 

where 𝐼𝑗 is the total number of samples in the leaf node 𝑗. 

XGBoost – a machine learning algorithm with high 

accuracy and fast training speed, with many 

hyperparameters. The optimizable hyperparameters of the 

proposed method are as follows: 

Number of estimators: The maximum number of sub-

models built in an ensemble learning model. In general, if 

the value is too small, the model mismatch problem will 

occur, and if the value is too large, the amount of 

computation will increase greatly. Moreover, after 

reaching a certain value, the benefit of improving the 

model is negligible. 

Maximum depth: The maximum depth of a tree limits 

the number of nodes from root to leaf. Increasing this value 

will make the model more complex and more likely to 

cause overfitting. 

Minimum child weight: Defines the minimum total 

weight required in a leaf node. If the total weight of a node 

is less than this value, the split stops and the node becomes 

a leaf node. 

Colsample bylevel: The proportion of columns 

randomly sampled at each level of the decision tree. 

Subsampling occurs once for each new level of depth 

reached in the tree. Columns are subsampled from the set 

of columns selected for the current tree. 

Subsample: Subsampling will occur once after each 

boosting iteration, helping to control the input data 

sampling process. 

 

Figure 6. XGBoost model structure 

In summary, the XGBoost model optimizes the 

objective function by adding a regularization term to 

minimize overfitting in the process of estimating predicted 

values. The structure of the XGBoost algorithm is shown 

in Figure 6. 

4.2. Deploy training model 

In this section, the performance of the developed 

XGBoost model is presented. To develop a train load 

estimation model when crossing a bridge, the dataset of 1000 

samples is divided into small datasets, including a training 

set and a testing set, with proportions of 80% and 20% 

corresponding to the processing stages of the XGBoost 

model to avoid overfitting during the model training process. 

The input parameters are also selected during the model 

evaluation process, including the vertical displacement of 

the bridge girder at the positions 𝐿/4, 𝐿/2, and  3𝐿/4  
(where 𝐿 is the calculated span length) and the train speed. 

In this study, the coefficient of determination (𝑅2), root 

mean square error (RMSE), and mean absolute error (MAE) 

are used to evaluate the performance of the model. To 

control the learning process, Bayesian hyperparameter 

optimization based on the probabilistic model is selected to 

be used in this study [14]. The influence of the input 

variables on the train weight is also examined. In the 

XGBoost model, gradient boosting constructs boosting trees 

to determine the scores of input variables. The scores of each 

input variable give the importance of each input variable in 

the training model, and their importance is evaluated based 

on the coefficients: ''gain'', ''frequency'' and ''cover''. In this 

study, the Gain coefficient is used to determine the scores 

[15] of the input variables. 

𝑔𝑎𝑖𝑛 =
1

2
[

(∑ 𝑔𝑖𝑖𝜖𝐼𝐿
)

2

(∑ ℎ𝑖𝑖𝜖𝐼𝐿
+ 𝜆)

+
(∑ 𝑔𝑖𝑖𝜖𝐼𝑅

)
2

(∑ ℎ𝑖𝑖𝜖𝐼𝑅
+ 𝜆)

−
(∑ 𝑔𝑖𝑖𝜖𝐼 )2

(∑ ℎ𝑖𝑖𝜖𝐼 + 𝜆)
] (9) 

where, 𝐼𝐿and 𝐼𝑅 are the samples of the left node and right 
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node after branching, 𝐼 = 𝐼𝐿 + 𝐼𝑅. The higher the score 

Gain, the higher the importance score of the variable, 

indicating that the corresponding parameter variable is 

more important and more effective. 

4.3. Results and model evaluation 

To minimize the MSE value, Bayesian optimization is 

performed with a maximum of 100 iterations, and each 

iteration includes a maximum of 20 function evaluations. 

The hyperparameters that generate the smallest MSE on the 

validation dataset are then used to evaluate the model's 

performance on the test dataset. Figure 7 illustrates the 

convergence curve of the Bayesian hyperparameter 

optimization process applied to the XGBoost model across 

the specified parameter ranges. Notably, the model 

achieved a preliminary MSE of approximately 0.629 (T²) 

after 10 iterations, which further decreased to 0.555 (T²) at 

the 75th iteration, representing the minimum MSE 

achieved during the optimization process. These results 

confirm that the optimization procedure significantly 

enhanced the model’s predictive accuracy. The optimal 

hyperparameter values determined through Bayesian 

optimization are presented in Table 6. 

Table 6. Results of optimal hyperparameter values using the 

Bayesian optimization method 

Hyperparameter Upper limit 
Lower 

limit 

Optimal 

value 

N_estimators 100 500 126 

learning_rate 0 1 0.16 

max_depth 3 10 3 

min_child_weight 2 10 3.69 

subsample 0.5 1 0.55 

Reg_gamma 0 1 0.68 

 

Figure 7. The minimum MSE convergence curve of  

the hyperparameter optimization process 

Figure 8 presents the regression plots comparing the 

predicted and actual values for both the training and testing 

datasets. Additionally, Table 7 provides the training results 

of the model. 

Table 7. Model performance results 

Parameter 

Total weight of  

the motor car 

Total load  

of trailer 

Training set Test set Training set Test set 

R2 0.996 0.983 0.993 0.979 

RMSE 506.6 877.9 543.9 897.1 

MAE 385.9 672.1 405.6 686.3 

 

 
(a) Motor car 

 

 
(b) Trailer car 

Figure 8. Estimated results of total train weight based on 

the XGBoost model 

During the training process, the analysis results of the 

trained model show that the model has high prediction 

performance with 𝑅2 = 0.996, RMSE =  506.6, MAE =
385.9 for the training set and R2 = 0.983, RMSE =
 887.9, MAE = 672.1 for the test set of the prediction of the 

total load of the motor car. For the total load of the trailer 



70 Tran Le Anh Duc, Phan Hoang Nam 

 

car, the optimized model still maintains high accuracy with 

the results 𝑅2 = 0.993, RMSE =  543.9, MAE = 405.6 of 

the training set and 𝑅2 = 0.979, RMSE =  897.1, MAE =
686.3 for the test set. Overall, although the model has shown 

high performance before optimization, the optimized model 

shows better performance than the original model. The 

results show that most of the calculated car weights are 

within the range of ±5% real values. 

The importance of a parameter depends on whether the 

predictive performance changes significantly when the feature 

is replaced by random noise. With the analysis process, Figure 

9 shows the F-score of the four input variables based on the 

Gain score of the XGBoost model. As shown in the figure, the 

train speed and the vertical displacement values of the bridge 

girder at positions L/2, L/4, and 3L/4 are important factors 

affecting the train car load prediction. In addition, it is 

observed that the vertical displacement value of the bridge 

girder is the most important parameter. 

 

Figure 9. Feature importance analysis using F-score  

(Gain metric) from the XGBoost model 

5. Conclusions 

This study developed an integrated machine learning-

based framework for estimating in-motion train weights on 

railway bridges, combining a finite element-based train–

rail–bridge interaction model with the XGBoost machine 

learning algorithm. The Gouhe Bridge, under the operation 

of Pioneer EMU trains, was used as a case study to validate 

the proposed approach. Based on the results, the following 

conclusions can be drawn: 

A comprehensive dataset of 1000 samples was generated 

using Latin Hypercube Sampling to reflect uncertainties in 

key parameters, including train speed, motor car weight, and 

trailer car weight, along with corresponding bridge girder 

displacements at L/4, L/2, and 3L/4 positions. 

The XGBoost regression model was trained using this 

dataset to predict the total load of trains during bridge 

crossings. After Bayesian hyperparameter optimization, the 

model demonstrated high predictive accuracy, achieving: 

For motor cars: 𝑅² = 0.996, RMSE = 506.6 kg,  

MAE = 385.9 kg (training set) and 𝑅² = 0.983,  

RMSE = 877.9 kg, MAE = 672.1 kg (test set). 

For trailer cars: 𝑅² = 0.993, RMSE = 543.9 kg,  

MAE = 405.6 kg (training set) and 𝑅² = 0.979,  

RMSE = 897.1 kg, MAE = 686.3 kg (test set). 

Feature importance analysis indicated that the vertical 

displacements of the bridge girder, particularly at L/2, L/4, 

and 3L/4, are the most influential factors in predicting train 

loads, while train speed also plays a significant role. 

The Bayesian optimization process successfully reduced 

the MSE to 0.555 (T²) after 75 iterations, identifying optimal 

hyperparameters (e.g., n_estimators = 126, learning_rate = 

0.16, max_depth = 3). This confirms the effectiveness of 

Bayesian optimization in enhancing model performance 

while ensuring computational efficiency. 

Overall, the proposed framework demonstrates that 

machine learning models can be effectively integrated with 

physics-based dynamic interaction simulations for 

accurate, real-time estimation of in-motion train loads on 

high-speed railway bridges. The model’s ability to 

maintain predictions within ±5% of actual values 

highlights its potential application in bridge management, 

maintenance planning, and operational safety monitoring 

in modern railway systems. 
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