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Bridge Moving Load Identification: Key Technical Difficulties and Research Progress


Abstract: Bridge moving load is the core variable load that controls bridge structural design, bearing capacity evaluation and fatigue life assessment. Moving Load Identification (MLI) is a key technology for Bridge Health Monitoring (SHM) and Bridge Weigh-in-Motion (B-WIM), which infers vehicle axle load, speed, wheelbase and load time history based on bridge dynamic responses. This paper systematically combs the theoretical framework, mainstream methods, key technical difficulties and engineering applications of bridge moving load identification, summarizes the research progress in regularization optimization, multi-sensor fusion, deep learning, vehicle-bridge coupling and other directions, comments on the applicable scenarios and limitations of existing methods, and looks forward to the development trends such as multi-modal perception, digital twin, uncertainty quantification and lightweight edge computing, so as to provide reference for bridge safety monitoring and intelligent maintenance.
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1.Introduction
[bookmark: _GoBack]During their service life, bridges mainly bear the action of vehicle moving loads. Overloading, dense traffic flow and impact effects will accelerate structural fatigue and damage accumulation. Traditional static weighing is difficult to meet the needs of real-time, continuous and non-stop monitoring. Moving load identification infers load information through dynamic responses such as strain, acceleration and displacement, which has the advantages of non-invasiveness, low cost and adaptability to existing bridges, and has become a research hotspot in traffic load monitoring and structural safety assessment[1].
In the past 30 years, this field has developed from classic algorithms such as time-domain method and frequency-domain method to regularization stabilized solution, multi-sensor fusion, combined identification of machine vision and deep learning, and then to high-precision inversion driven by vehicle-bridge coupling and digital twin. This paper carries out a review around theoretical methods, key issues, engineering applications and future trends, and summarizes the disciplinary progress and technical bottlenecks[2].
2. Basic Theory of Moving Load Identification
2.1 Mechanical Model
The core is the inverse problem of structural dynamics: solving the moving load time history based on known bridge responses and structural parameters[3].
The general dynamic equilibrium equation of the bridge structure under moving loads is expressed as：

where M is the structural mass matrix, C is the damping matrix, K is the stiffness matrix; ,  and  are the acceleration, velocity and displacement vectors of the bridge structure, respectively; F(t) is the time-varying moving load vector acting on the bridge. For a simplified single-degree-of-freedom (SDOF) bridge model, the dynamic equilibrium equation can be simplified as：

where m, c, k are the equivalent mass, damping and stiffness of the SDOF system, and f(t) is the single-point moving load on the simplified model.
The position of the moving load changes with time, that is, the load vector satisfies F(t)  F(x(t),t), which means the load acts on different positions of the bridge deck at different moments and results in time-varying load effects. For multi-axle vehicle load, the total moving load can be expressed as the superposition of each axle load at different positions：

where n is the number of vehicle axles, is the i-th axle load, is the Dirac delta function, and  is the real-time position of the i-th axle on the bridge deck. Typical complex working conditions in actual engineering—including multi-vehicle simultaneous loading, multi-axle vehicle loading, variable-speed vehicle movement and variable wheelbase vehicles—are consistent with real traffic scenarios and increase the difficulty of moving load identification.
2.2 Problem Characteristics
Essentially ill-posed: Noise, modeling errors and insufficient measuring points are likely to lead to solution divergence. The ill-posed nature can be characterized by the condition number of the load-response transfer matrix A:

When , small changes in the measured response vector  will cause significant deviations in the identified load vector , satisfying：

This means the small changes in the input response data may cause significant deviations in the identified load parameters, which is the core difficulty in moving load identification.
Strong coupling: Vehicle-Bridge Interaction (VBI) makes the dynamic response of the bridge and the motion state of the vehicle interact with each other. The general dynamic equilibrium equation of the vehicle is：

where,, are the mass, damping and stiffness matrices of the vehicle,  is the vehicle displacement vector,  is the vehicle gravity vector, and  is the vehicle-bridge interaction force vector, which satisfies  in Equation (1). The vibration of the bridge will affect the running state of the vehicle, and the load of the vehicle will in turn change the dynamic response of the bridge, which increases the complexity of the identification model.
Real-time requirement: In engineering applications, it is necessary to quickly identify the load parameters to realize real-time monitoring of overloaded vehicles and early warning of structural risks, which puts forward higher requirements for the calculation efficiency of the identification method[4]. The real-time performance is evaluated by the ratio of identification time to load passing time：

where  is the algorithm identification time,  is the time for the load to pass through the bridge monitoring section; the smaller the , the better the real-time performance of the identification method, and generally requires  for on-line real-time identification.
2.3 Evaluation Indicators
The performance of moving load identification methods is mainly evaluated by the following indicators, which provide a unified standard for comparing different identification methods:
Identification accuracy: The deviation between the identified load parameters (axle load, speed, wheelbase, etc.) and the actual values, usually expressed by relative error (RE) and root mean square error (RMSE)：




where  and  are the identified and actual values of a single load parameter, respectively;  and  are the i-th sampling values of the identified and actual load time series, and N is the total number of sampling points.
Anti-noise performance: The stability of the identification result when the monitoring response contains environmental noise (such as wind noise, traffic noise) and measurement noise (such as sensor error). The noise-added response is usually expressed as：

where  is the noise-added measured response,  is the true structural response,  is the noise intensity coefficient,  is the standard deviation of the true response, and  is the standard normal distribution random number.
Calculation efficiency: The time required for the identification algorithm to complete the load inversion, which is crucial for real-time monitoring scenarios, and can also be characterized by the number of floating-point operations (FLOPs) of the algorithm for quantitative comparison.
Adaptability: The ability of the method to adapt to different bridge types (simply supported beams, continuous beams, rigid-frame bridges, etc.), load types (passenger cars, heavy-duty trucks, trains) and working conditions (variable speed, multi-vehicle, extreme weather)[5].
3. Mainstream Methods of Bridge Moving Load Identification
According to the technical principle, bridge moving load identification methods can be divided into four categories: traditional time-frequency domain methods, regularization-based methods, intelligent identification methods, and vehicle-bridge coupling-based methods. Each category has its own characteristics, applicable scenarios and limitations, and has been continuously improved and optimized in the long-term research process[6].
3.1 Traditional Time-Frequency Domain Methods
Traditional time-frequency domain methods are the earliest developed and most basic identification methods, which are based on the direct inversion of load information from the time or frequency domain characteristics of bridge dynamic responses. They have the advantages of simple principle and low calculation cost, but their anti-noise performance and identification accuracy are relatively limited, and they are mainly suitable for simple load scenarios[7].
3.1.1 Time-Domain Methods
The core idea is to establish the relationship between the bridge dynamic response and the moving load in the time domain, and inversely solve the load time history through mathematical transformation. The representative methods include the influence line method, the least square method and the Kalman filter method[8].
The influence line method is based on the principle of structural mechanics. The influence line of a certain section of the bridge represents the change law of the internal force (or displacement) of the section when a unit concentrated load moves along the bridge deck. For moving loads, the internal force (or displacement) of the bridge section is the superposition of the effects of each load on the influence line. By measuring the internal force (or displacement) of the bridge section, the parameters of the moving load can be inversed according to the influence line. This method is simple in calculation and suitable for identifying single concentrated loads on simple linear elastic bridges, but it is sensitive to noise and difficult to identify complex multi-axle loads[9].
The least square method minimizes the sum of the squares of the differences between the measured dynamic response and the calculated dynamic response, and inversely solves the load parameters. It can handle multi-moving loads and has strong adaptability, but it is easily affected by measurement noise and model errors, and the identification accuracy is limited in complex scenarios. The linear least square method is suitable for linear elastic structures, while the nonlinear least square method can handle nonlinear problems but has slow convergence speed and is easy to fall into local optimal solutions[10].
The Kalman filter method is a recursive estimation method based on the state space model, which can realize real-time identification of moving loads. It predicts the system state through the state equation and corrects the prediction result through the observation equation to obtain the optimal estimation of the load parameters. This method has good anti-noise performance and is suitable for dynamic load identification under complex environments, but it requires accurate establishment of the state space model. If there is a model error, the identification accuracy will be seriously affected.
3.1.2 Frequency-Domain Methods
Frequency-domain methods transform the time-domain response and load into the frequency domain through Fourier transform, and establish the frequency-domain relationship between response and load to realize load identification. Representative methods include the frequency response function method and the wavelet transform method[11].
The frequency response function (FRF) method uses the FRF of the bridge to establish the relationship between the frequency-domain response and the frequency-domain load, and inversely solves the load spectrum through the inverse Fourier transform to obtain the time-domain load12]. This method can effectively suppress noise in the frequency domain and has high identification accuracy for stable loads, but it is not suitable for time-varying loads (such as variable-speed loads) and requires a large number of frequency-domain response data.
The wavelet transform method uses wavelet basis functions to decompose the bridge dynamic response, extract the time-frequency characteristics of the response, and inversely identify the load parameters according to the correlation between the response characteristics and the load. It has good time-frequency localization performance and can effectively identify sudden loads and variable-speed loads, but the selection of wavelet basis functions and decomposition levels has a great impact on the identification results, and the calculation amount is relatively large[13].
3.2 Regularization-Based Identification Methods
Aiming at the ill-posed problem of moving load identification, regularization-based methods introduce regularization terms into the inverse problem solution process to constrain the solution space, suppress the influence of noise and modeling errors, and ensure the stability and uniqueness of the solution. This type of method has become an important direction to improve the identification accuracy and anti-noise performance, and is widely used in practical engineering[14].
Representative regularization methods include Tikhonov regularization, L1 regularization and Bayesian regularization. Tikhonov regularization uses the L2 norm as the regularization term, which can effectively suppress noise and obtain a smooth load solution, but it is easy to over-smooth the load peak and reduce the identification accuracy of sudden loads. L1 regularization uses the L1 norm as the regularization term, which has a sparse promotion effect and is suitable for identifying sparse loads (such as multi-axle vehicle loads), but it is sensitive to the regularization parameter. Bayesian regularization combines prior information of the load with the observation response, and infers the posterior distribution of the load through Bayesian theory, which has strong adaptability and anti-noise performance, but the calculation process is complex and the efficiency is low.
In recent years, scholars have continuously improved the regularization method. For example, adaptive regularization methods dynamically adjust the regularization parameter according to the noise level and response characteristics, which avoids the problem of manual parameter selection and improves the identification stability. Sparse regularization methods combine the sparsity of moving loads (such as discrete axle loads) to further improve the identification accuracy of multi-axle loads[15].
3.3 Intelligent Identification Methods
With the development of artificial intelligence, machine learning and deep learning technologies, intelligent identification methods have been widely applied in bridge moving load identification. This type of method does not rely on accurate structural models and complex mathematical derivations, but establishes the nonlinear mapping relationship between bridge dynamic responses and load parameters through data training, which has strong adaptability, high identification accuracy and good anti-noise performance, and has become a research hotspot in recent years[16].
3.3.1 Machine Learning Methods
Machine learning methods use shallow learning models to learn the mapping relationship between response and load, including support vector machine (SVM), back propagation (BP) neural network, radial basis function (RBF) neural network, etc.
The BP neural network is the most widely used machine learning model in moving load identification. It has strong nonlinear fitting ability and can handle complex multi-parameter identification problems, but it has the problems of slow convergence speed, easy overfitting and sensitivity to initial weights. The RBF neural network has fast convergence speed and strong generalization ability, but its structure design (such as the number and center of hidden layer nodes) is complex. The SVM method is suitable for small sample data, has strong generalization ability and can avoid overfitting, but it has complex parameter selection and large calculation amount when dealing with large sample data, which limits its application in large-scale bridge load identification[17].
3.3.2 Deep Learning Methods
Deep learning methods have strong feature extraction ability and nonlinear fitting ability, which can automatically extract deep features of bridge dynamic responses, avoid manual feature selection, and further improve the identification accuracy and anti-noise performance. Representative models include convolutional neural network (CNN), long short-term memory (LSTM), gate recurrent unit (GRU) and their hybrid models.
CNN is mainly used to extract local time-frequency features of response data (such as strain and acceleration time series), which can effectively suppress noise and improve the robustness of identification. LSTM and GRU have strong ability to process time series data, which can capture the temporal correlation between response and load, and are suitable for identifying dynamic moving loads with time-varying characteristics. The hybrid models (such as CNN-LSTM, CNN-GRU) combine the advantages of CNN and recurrent neural networks, which can extract both local features and global temporal dependencies of response data, and have higher identification accuracy than single models.
In addition, deep learning methods combined with machine vision technology have also made important progress. By installing cameras on the bridge to collect vehicle image data, and using deep learning algorithms (such as YOLO, Faster R-CNN) to identify vehicle type, axle number and wheelbase, and combining with bridge dynamic response data, multi-source information fusion identification is realized, which further improves the identification accuracy and comprehensiveness[18].
3.4 Vehicle-Bridge Coupling-Based Identification Methods
Traditional identification methods usually ignore the interaction between the vehicle and the bridge, which leads to errors in the identification results in complex scenarios. Vehicle-bridge coupling-based identification methods establish the dynamic model of the vehicle and the bridge respectively, consider the mutual influence between the vehicle and the bridge through the contact interface, and realize the joint identification of vehicle load and vehicle-bridge dynamic parameters, which has higher identification accuracy and adaptability.
The core of this type of method is to establish the vehicle-bridge coupling dynamic equation, which includes the bridge dynamic equation and the vehicle dynamic equation. The bridge dynamic equation is the same as the traditional forward equation, and the vehicle dynamic equation is established according to the vehicle's suspension system, tire stiffness and other parameters. The interaction force between the vehicle and the bridge is the connection between the two equations, which is both the load acting on the bridge and the reaction force acting on the vehicle[19].
Vehicle-bridge coupling-based identification methods can be divided into two categories: direct identification method and inverse identification method. The direct identification method directly solves the load parameters through the vehicle-bridge coupling dynamic equation and the measured response; the inverse identification method takes the vehicle and bridge parameters as variables, and optimizes the parameters by minimizing the difference between the measured response and the calculated response, so as to realize the joint identification of load and structural parameters.
This type of method can accurately simulate the dynamic interaction between the vehicle and the bridge, and has high identification accuracy for complex loads (such as multi-vehicle, variable-speed loads), but the establishment of the vehicle-bridge coupling model is complex, the calculation amount is large, and it requires accurate vehicle and bridge parameters, which limits its application in engineering practice to a certain extent.
4. Key Technical Difficulties and Research Progress
Although bridge moving load identification has made great progress in recent years, there are still many key technical difficulties in practical application, such as the ill-posed problem of inverse problems, the influence of noise and modeling errors, the identification of complex loads, and the balance between identification accuracy and calculation efficiency. Scholars at home and abroad have carried out a lot of research on these difficulties and achieved certain progress.
4.1 Ill-Posed Problem and Stabilization Solution
The ill-posed problem is the core difficulty of moving load identification, which is mainly caused by the singularity of the transfer matrix between load and response, measurement noise and modeling errors. The key to solving this problem is to find an effective stabilization method to constrain the solution space[20].
In addition to the traditional regularization methods, scholars have proposed many improved methods in recent years. For example, the iterative regularization method iteratively updates the solution through multiple iterations, which can gradually reduce the influence of noise and improve the identification accuracy. The adaptive regularization method dynamically adjusts the regularization parameter according to the noise level and response characteristics, which avoids the subjectivity of manual parameter selection. The sparse regularization method combines the sparsity of moving loads to improve the identification accuracy of multi-axle loads. In addition, the use of multi-sensor fusion technology can increase the number of observation data, improve the rank of the transfer matrix, and alleviate the ill-posed problem to a certain extent.
4.2 Anti-Noise Performance Improvement
In engineering practice, the bridge dynamic response measured by sensors is often mixed with environmental noise (such as wind noise, traffic noise) and measurement noise (such as sensor error), which seriously affects the identification accuracy of moving loads. Improving the anti-noise performance of the identification method is an important direction to promote the engineering application of MLI technology.
The main measures to improve anti-noise performance include: (1) Data preprocessing: Using denoising algorithms (such as wavelet denoising, Kalman filtering, empirical mode decomposition) to eliminate noise in the measured response data and improve the signal-to-noise ratio. (2) Multi-sensor fusion: Fusing the response data of multiple sensors (such as strain sensors, acceleration sensors, displacement sensors) to reduce the impact of single sensor noise and improve the reliability of the response data. (3) Algorithm optimization: Optimizing the identification algorithm to enhance its robustness to noise. For example, deep learning models can automatically extract effective features from noisy data, and Bayesian regularization methods can combine prior information to suppress noise.
4.3 Identification of Complex Load Scenarios
The actual traffic load has the characteristics of multi-vehicle, multi-axle, variable speed, variable wheelbase and randomness, which brings great challenges to moving load identification. The identification of complex load scenarios is one of the key difficulties in the current research.
For multi-vehicle load identification, the main problem is the overlapping of load effects, which makes it difficult to distinguish the load of a single vehicle. Scholars have proposed methods such as blind source separation and multi-label classification to separate the load effects of different vehicles and realize the identification of multi-vehicle loads. For variable-speed load identification, the time-varying characteristics of the load position lead to the time-varying of the transfer matrix, which increases the difficulty of identification. The methods based on time-varying system identification and adaptive algorithms can effectively handle variable-speed load identification. For multi-axle load identification, the sparse regularization method and deep learning method are used to extract the characteristics of each axle load, and the accurate identification of axle load and wheelbase is realized[21].
4.4 Balance Between Identification Accuracy and Calculation Efficiency
In real-time monitoring scenarios (such as overloaded vehicle early warning), it is necessary to balance the identification accuracy and calculation efficiency. High-precision identification methods (such as deep learning, vehicle-bridge coupling-based methods) usually have large calculation amount and low efficiency, which are difficult to meet the real-time requirement; while high-efficiency methods (such as traditional time-domain methods) have low identification accuracy.
To solve this problem, scholars have proposed many optimization measures: (1) Lightweight model design: Simplify the deep learning model (such as pruning, quantization) to reduce the calculation amount while ensuring the identification accuracy. (2) Parallel computing: Use parallel computing technology (such as GPU, cloud computing) to accelerate the operation of the identification algorithm. (3) Hybrid algorithm: Combine the advantages of high-efficiency traditional methods and high-precision intelligent methods to realize fast and accurate identification. For example, use the traditional method to obtain the initial load estimation, and then use the intelligent method to optimize the result, which improves the identification accuracy while ensuring the efficiency.
5. Engineering Application of Moving Load Identification
With the continuous improvement of identification technology, bridge moving load identification has been widely applied in engineering practice, mainly involving three aspects: bridge health monitoring, overloaded vehicle management and bridge fatigue life evaluation[22].
5.1 Bridge Health Monitoring
Moving load identification is an important part of bridge health monitoring system. By real-time identifying the moving load parameters acting on the bridge, the dynamic response of the bridge is evaluated, and the structural health status is judged. For example, in the health monitoring system of long-span bridges (such as cable-stayed bridges, suspension bridges), moving load identification technology is used to monitor the traffic load in real time, and the structural stress and deformation are analyzed to realize early warning of structural damage.
In addition, moving load identification can also provide accurate load data for the updating of the bridge finite element model. By comparing the identified load with the design load, the rationality of the model is verified, and the model is corrected to improve the accuracy of structural safety evaluation.
5.2 Overloaded Vehicle Management
Overloaded vehicles are one of the main causes of bridge damage and shortened service life. Moving load identification technology (combined with B-WIM system) can realize non-stop, real-time and continuous weighing of vehicles, identify overloaded vehicles, and provide data support for overloaded vehicle management[23].
At present, many highways and bridges have installed B-WIM systems based on moving load identification technology. These systems can automatically collect vehicle load information, record overloaded vehicle data (such as license plate, axle load, speed), and provide a basis for traffic management departments to carry out overloaded control. Compared with traditional static weighing stations, B-WIM systems have the advantages of high efficiency, low cost and no impact on traffic flow, and have been widely promoted and applied.
5.3 Bridge Fatigue Life Evaluation
The fatigue life of the bridge is closely related to the action of moving loads. The cumulative effect of repeated moving loads will cause fatigue damage to the bridge structure. Moving load identification can obtain the actual load spectrum acting on the bridge, which provides accurate data for fatigue life evaluation.
By identifying the long-term moving load parameters, the load spectrum of the bridge is established, and the fatigue life of the bridge is calculated according to the fatigue damage theory (such as Miner linear cumulative damage theory). This can help relevant departments formulate scientific maintenance plans, carry out targeted maintenance and reinforcement, and extend the service life of the bridge.
6. Limitations of Existing Methods
Although bridge moving load identification has made great progress in theory and application, there are still some limitations in existing methods, which need to be further solved in future research:
Dependence on structural parameters: Most identification methods require accurate bridge structural parameters (such as stiffness, mass, damping), but in practical engineering, the structural parameters will change with time due to aging, damage and other factors, which leads to model errors and affects the identification accuracy[24].
Poor adaptability to extreme conditions: Existing methods have good identification effect under normal traffic and environmental conditions, but their adaptability under extreme conditions (such as strong wind, heavy rain, extreme temperature) is poor. The noise under extreme conditions is large, and the structural response is complex, which leads to the decline of identification accuracy.
High cost of engineering application: The intelligent identification methods (such as deep learning) require a large number of training data and high-performance computing equipment, and the multi-sensor fusion technology requires installing a large number of sensors, which increases the cost of engineering application and limits the popularization and application of MLI technology in small and medium-sized bridges.
Lack of unified evaluation standards: At present, there is no unified evaluation standard for the performance of moving load identification methods, and different scholars use different evaluation indicators and test data, which makes it difficult to compare the performance of different methods objectively.
7. Future Research Trends
Combined with the development of bridge engineering, artificial intelligence, sensor technology and digital twin technology, the future research direction of bridge moving load identification will focus on multi-modal perception, digital twin, uncertainty quantification, lightweight edge computing and other aspects, so as to solve the existing technical difficulties and promote the intelligent development of MLI technology.
7.1 Multi-Modal Perception and Information Fusion
Multi-modal perception technology combines multiple sensing methods (such as structural response sensing, machine vision, radar sensing) to collect multi-source information (structural response, vehicle image, vehicle speed, etc.), and uses information fusion technology to integrate multi-source data to improve the identification accuracy and robustness. For example, combining strain, acceleration and displacement response data with vehicle image data, the load parameters can be identified more comprehensively; combining radar sensing technology to obtain vehicle position and speed information, the accuracy of load position identification can be improved.
7.2 Digital Twin-Driven Load Identification
Digital twin technology builds a virtual digital model that is consistent with the physical bridge in real time, which can realize the real-time mapping of the physical bridge's state. Combining digital twin technology with moving load identification, the virtual model can be used to simulate the vehicle-bridge interaction process, predict the structural response, and compare it with the measured response to realize the accurate identification of moving loads. At the same time, the identified load parameters can be used to update the digital twin model, which provides a basis for structural health monitoring and maintenance decision-making.
7.3 Uncertainty Quantification
The existing identification methods usually only give the deterministic identification results, but ignore the uncertainty of the identification results (such as the uncertainty caused by noise, modeling errors, sensor errors). Uncertainty quantification can evaluate the reliability of the identification results, which is crucial for engineering decision-making. Future research will focus on the uncertainty quantification method of moving load identification, establish the uncertainty model of load parameters, and provide a basis for the rational use of identification results.
7.4 Lightweight Edge Computing
To meet the real-time requirement of moving load identification, lightweight edge computing technology will be widely applied. By deploying lightweight identification algorithms (such as lightweight deep learning models) on edge devices (such as edge servers, sensors), the data processing and load identification can be completed locally, which reduces the data transmission pressure and improves the identification efficiency. At the same time, the combination of edge computing and cloud computing can realize the storage and analysis of large-scale data, and realize the intelligent management of multiple bridges.
7.5 Application of New Materials and New Sensors
The development of new materials (such as fiber optic sensors, piezoelectric sensors) provides a new technical means for bridge moving load identification. Fiber optic sensors have the advantages of high sensitivity, corrosion resistance and long transmission distance, which can accurately measure the structural response of the bridge in harsh environments. Piezoelectric sensors can convert mechanical energy into electrical energy, which has the advantages of low power consumption and small size, and is suitable for large-scale deployment. Future research will focus on the application of new sensors in moving load identification, and combine new materials to improve the reliability and durability of the monitoring system[25].
8. Conclusion
Bridge moving load identification is a key technology for bridge health monitoring, overloaded vehicle management and fatigue life evaluation, which has important theoretical significance and engineering application value. This paper systematically reviews the research progress of bridge moving load identification, including basic theory, mainstream methods, key technical difficulties, engineering applications, existing limitations and future trends.
The traditional time-frequency domain methods have the advantages of simple principle and low cost, but their anti-noise performance and identification accuracy are limited; the regularization-based methods effectively solve the ill-posed problem and improve the identification stability; the intelligent identification methods have strong adaptability and high accuracy, and have become the main research direction; the vehicle-bridge coupling-based methods consider the interaction between vehicle and bridge, and improve the identification accuracy in complex scenarios.
At present, bridge moving load identification still faces difficulties such as dependence on structural parameters, poor adaptability to extreme conditions, high engineering application cost and lack of unified evaluation standards. In the future, with the development of multi-modal perception, digital twin, uncertainty quantification and lightweight edge computing technologies, the moving load identification technology will be more intelligent, accurate and efficient, and will play a more important role in the intelligent maintenance and safe operation of bridges.
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