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 A B S T R A C T

Vibration monitoring of bridges is essential for the safety and maintenance of transportation 
infrastructure. Traditional methods rely on placing sensors directly on bridges, a process that is 
often costly and difficult to scale. An emerging alternative involves utilizing sensors mounted 
within vehicles as they traverse the bridge. However, this approach often faces challenges 
with continuous monitoring due to the limited time vehicles spend on the structure. This 
paper presents a novel framework for predicting bridge responses and identifying its modal 
characteristics through the crowdsensing of sparse vibration data from a network of vehicles 
traversing the bridge. The framework employs vehicles’ body accelerations and positional data 
to estimate bridge responses at distributed virtual fixed sensing nodes (VFSNs). By randomly 
selecting some vehicles as sensing agents at sequential timestamps, it ensures a reliable and 
continuous flow of data. Additionally, the framework mitigates the influence of road roughness 
and vehicle dynamics by utilizing residual contact-point responses between the rear and 
front axles of the sensing vehicles. Simulations of a three-span bridge under realistic traffic 
conditions, including road roughness and vehicle–bridge interaction, were conducted to validate 
the framework’s accuracy. Despite an 80% data missing rate and relying on only two sensing 
agents along with 17 VFSNs, the framework successfully identified the first three modes of the 
bridge with MAC values above 95% and natural frequencies with relative errors below 3%. 
Response predictions showed an accuracy exceeding 70%. Various factors were investigated, 
including traffic speed, the number of sensing agents and VFSNs, ambient noise effects, and 
the impact of the random vehicle selection process. The results confirmed the robustness of 
the framework against ambient noise and randomness in sensing agent selection. The optimal 
configuration was identified as two sensing agents and 17 VFSNs.

. Introduction

Recent reports have highlighted the critical condition of municipal infrastructure in Canada, particularly concerning highway 
ridges. Canada has more than 50,000 bridges, most of which were constructed decades ago [1]. Over 40% of these bridges are 
ow over 50 years old, with many facing structural or functional issues that necessitate costly repairs or replacements [2]. This 
ssue is also evident in the United States, where many bridges built during the 1950s and 1960s are aging [3]. The 2019 Canadian 
nfrastructure Report Card shows that about 40% of Canadian bridges are rated as ‘fair’, ‘poor’, or ‘very poor’ [4], and nearly 9% of 
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U.S. bridges are considered structurally deficient [5]. However, effective repairs demand continuous monitoring across the entire 
transportation network. Regular and continuous monitoring enables timely detection of structures in urgent need of attention. This 
not only prevents potential loss of lives and assets due to unexpected collapses but also supports proactive maintenance scheduling, 
thereby reducing maintenance and lifecycle costs. Ultimately, the adoption of intelligent monitoring solutions for infrastructure 
condition assessment is a crucial step toward realizing smart cities.

Traditional bridge condition monitoring systems often rely on fixed sensors installed directly on the structures, with subsequent 
data analysis to detect potential damages. These methods necessitate extensive equipment, substantial installation efforts, and the 
presence of numerous on-site experts [6–8]. While offering high accuracy and a degree of automation, such systems entail significant 
costs, require substantial time commitments, and may even necessitate bridge closures during sensor installation. These factors 
render them impractical for large-scale or nationwide structural monitoring projects. Consequently, many short- and medium-span 
bridges remain without Structural Health Monitoring (SHM) systems due to these practical, economic, and installation challenges [9].

Recent advancements have introduced drive-by monitoring methods, where sensors are mounted on vehicles to monitor bridge 
conditions. Known as drive-by or indirect bridge monitoring, these approaches provide a cost-effective and efficient solution [10]. 
First proposed by Yang et al. [11], this technique has significantly evolved [12]. Traditional drive-by methods primarily focus 
on identifying bridge natural frequencies, with fewer efforts dedicated to the identification of bridge mode shapes. Frequency 
identification typically involves analyzing the vehicle’s acceleration response using the Fourier transform, complemented by filtering 
or transformation techniques like Wavelet and Hilbert transforms [13,14]. The identified frequencies can also be utilized for bridge 
damage detection [15,16]. Mode shape identification, crucial for structural engineering tasks such as Finite Element (FE) modal 
updating and damage detection, mainly relies on the theoretical response from the vehicle–bridge interaction (VBI). For a simply-
supported bridge subjected to a quarter-car passage, this often involves using techniques like the short-time Fourier transform or the 
Hilbert transform on the vehicle’s response [17,18]. Some approaches use the state–space representation of the VBI system [19–21] 
or apply Singular Value Decomposition (SVD) on the mapped responses [22,23]. These extracted mode shapes are also valuable for 
detecting potential damages [24,25].

The rapid evolution of Internet of Things (IoT) technologies has facilitated the integration of sensors into smart devices such 
as electric vehicles and smartphones [26,27]. This progress has led to the development of methods that utilize data from the 
accelerometers of smartphones in vehicles crossing bridges, as an alternative to professional sensors. Although this approach may not 
match the accuracy of professional sensors, it significantly reduces the cost of drive-by monitoring techniques [28]. Despite potential 
accuracy limitations, smartphone-based drive-by monitoring has become increasingly popular for identifying bridge frequencies and 
detecting structural damage [29]. The brief duration that a single vehicle spends crossing a bridge poses challenges in capturing 
sufficient vibration data to predict the bridge’s behavior [30]. Some studies have suggested that data from multiple crossings by 
instrumented vehicles can address the issue of short data length and significantly improve the accuracy and reliability of bridge 
modal identification. This approach can be applied using multiple passages of a single instrumented vehicle [31] or by collecting 
smartphone data from various vehicles [32,33].

Utilizing a diverse range of data collected from smartphones in vehicles, known as crowdsensing-based bridge monitoring, 
represents the latest advancement in the field of indirect monitoring. So far, very little research has been conducted in this area. This 
method enables the collection of large-scale, real-time data for Structural Health Monitoring (SHM) applications [34]. The research 
group of the present authors [32,33] has introduced a crowdsensing-based methodology for detecting bridge damage using data 
from a large number of vehicles passing by. Their innovative approach has been validated through both numerical simulations and 
laboratory experiments, establishing a correlation between damage severity and feature magnitude. Matarazzo et al. [35] conducted 
a real-field experiment to evaluate the feasibility of crowdsensing-based bridge monitoring techniques. By utilizing smartphone data 
from everyday vehicle trips over bridges like the Golden Gate and a concrete bridge, including both controlled field experiments 
and uncontrolled Uber rides, they were able to accurately determine critical natural frequencies of the bridge, using smartphone 
data from different vehicle trips.

While crowdsensing-based methods show promise in terms of cost-effectiveness and scalability, this field is still nascent and 
faces several challenges. These include consistently capturing the vibrational characteristics of bridges under real-world traffic 
scenarios and complex bridge geometries, as well as mitigating the effects of road roughness. Another notable challenge is internet 
connectivity; vehicles may experience gaps in data transmission while crossing bridges, resulting in missing data. To overcome 
these obstacles, our study proposes a comprehensive crowdsensing-based framework designed to address the limitations of signal 
length in drive-by methods, the impacts of road roughness, and connectivity issues in existing crowdsensing-based bridge monitoring 
techniques. This approach utilizes acceleration and location data from a diverse network of sensing vehicles as they cross the bridge, 
enabling the prediction of bridge acceleration responses at various fixed virtual sensing nodes. To the best of the authors’ knowledge, 
this article is the first to propose a framework that leverages a random network of mobile sensors from a population of vehicles 
through the concept of compressive sensing for continuous vibration monitoring of bridges. This includes predicting bridge responses 
and identifying mode shapes. Our method is unique in that it does not depend on any specific vehicle within the network and 
randomly samples from the pool of connected vehicles. It is also semi-data-driven, meaning it does not require a predefined model 
of the bridge. This provides a robust solution for continuous monitoring, utilizing the widespread availability and connectivity of 
smartphones in vehicles to ensure accurate and timely assessments of bridge health. A key innovation of our practical and cost-
effective monitoring solution is the introduction of a random mobile sensing framework for compressed sensing of bridge vibration 
data. The selection of sensing agents in our framework may vary from one moment to the next, reflecting real-world conditions 
where vehicles may intermittently lose or regain internet connectivity. Additionally, we introduce a systematic approach to predict 
bridge vibration responses using the residual CP response, further enhancing the method’s effectiveness and reliability.
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The structure of this paper is organized as follows: After the introduction in this section, Section 2 provides a comprehensive 
description of the proposed methodology. Section 3 details the numerical simulations conducted on a three-span bridge under traffic 
flow. Section 4 presents the results of the proposed indirect monitoring framework, focusing on the prediction of bridge responses 
and its modal characteristics. Section 5 explores the influence of various factors on the accuracy of the framework. Finally, Section 6 
concludes the paper by summarizing the key findings, discussing the limitations, and suggesting potential avenues for future research.

2. Methodology

This research introduces a methodology aimed at predicting bridge responses and identifying modal properties. Utilizing a 
network of randomly selected vehicles equipped with sensors, the proposed framework harnesses location data, vehicle vibration 
responses, and optimization techniques to enhance indirect bridge monitoring. The methodology is structured into several key steps 
to improve the translation of vibration data from vehicles to bridge responses:

• First Step: The framework begins by mapping measured vehicle body responses, which inherently include the vehicle’s 
mechanical properties, to tire-level responses. This mapping is crucial for filtering out mechanical frequencies from the 
recorded signals.

• Second Step: The next step involves addressing the corruption of absolute Contact-Point (CP) responses of the axles, which are 
typically marred by noisy, stochastic road roughness. By employing residual CP responses, the framework aims to eliminate 
the effects of road roughness.

• Third Step: Finally, the residual CP responses, which still contain the vehicle’s driving frequency, are projected onto Virtual 
Fixed Sensing Nodes (VFSNs) strategically positioned on the bridge. This projection is essential for effectively filtering out the 
driving frequencies. The final signals will be free from the vehicle’s mechanical and driving frequencies, as well as the road 
roughness, ideally containing only the bridge vibrations.

Fig.  1 outlines the steps of the proposed framework. Location data from nearby internet-connected vehicles is used to create a 
list of vehicle IDs. From this list, 𝑚 vehicles on the bridge are selected as sensing agents. These agents collect and transmit vertical 
acceleration, pitch rotation, and location data via a network. The agents’ mechanical and dimensional properties are retrieved from 
a database, and rear axle locations are calculated using this data combined with their location data. The average speed of the 
agents is estimated to determine the time lag of the axles. The agents are then ordered by their rear axle location, and residual 
CP acceleration responses are calculated. These responses are compiled into a vector, forming the residual mobile sensing vector. 
VFSNs are selected based on bridge geometry, and a mapping matrix is generated using the axle positions and VFSNs. Solving a 
regularized optimization problem with this matrix and the mobile sensing vector yields the bridge’s acceleration response derivative 
(jerk) at the VFSNs.

2.1. Symbols and definitions

Table  1 provides a comprehensive list of key symbols and their definitions, which are utilized in this section.

2.2. Contact-point response of sensing vehicles

In this study, we adopt the half-car (HC) model, as illustrated in Fig.  2(a), to replicate vehicles traversing the bridge. This model, 
commonly utilized in vehicle dynamics analysis, offers a simplified yet effective representation [36]. Considering a vehicle equipped 
with rigid tires and disregarding the mass contribution of the tires relative to the vehicle body, we can use the simplified version 
of the HC model [37].

For the vehicle depicted in Fig.  2(a) with a wheelbase of 𝑑, if a sensor is placed at a distance of 𝑒𝑠 from the front axle, capable 
of measuring the vertical body response and pitch rotation of the vehicle body at the sensor location (𝑦𝑠(𝑡) and 𝜃𝑠(𝑡)), the vehicle’s 
body response and pitch rotation at its center of gravity (𝑦𝑣(𝑡) and 𝜃𝑣(𝑡)) can be obtained under the assumption that the vehicle body 
is rigid. Given that the center of gravity of the vehicle is located at 𝑒𝑓  from the front axle or 𝑒𝑟 from the rear axle (𝑒𝑟 + 𝑒𝑓 = 𝑑), this 
can be achieved using a linear relationship: 

𝐲(𝑡) = 𝐓𝐲𝑠(𝑡) (1)

where 𝐲(𝑡) =
[

𝑦𝑣(𝑡) 𝜃𝑣(𝑡)
]⊤ represents the vector of vehicle responses at the center of gravity, and 𝐲𝑠(𝑡) =

[

𝑦𝑠(𝑡) 𝜃𝑠(𝑡)
]⊤

denotes the vector of vehicle responses at the sensor location. 𝐓 is a transformation matrix that can be determined using the following 
equation: 

𝐓 =
[

1 −(𝑒𝑓 − 𝑒𝑠)
0 1

]

(2)

Defining the input vector as 𝐮𝑐 (𝑡) =
[

𝑢𝑐𝑟(𝑡) 𝑢𝑐𝑓 (𝑡)
]⊤, the equation of motion for the vehicle can be derived using principles of 

structural dynamics. Further details about the derivation steps can be found in [36,37]: 
𝐌𝐲̈(𝑡) + 𝐂𝐲̇(𝑡) +𝐊𝐲(𝑡) = 𝐁 𝐮 (𝑡) + 𝐁 𝐮̇ (𝑡) (3)
𝑘 𝑐 𝑐 𝑐
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Fig. 1. The proposed crowdsensing-based framework for bridge response estimation using a network of random mobile sensors.
4 



M. Talebi-Kalaleh et al. Journal of Sound and Vibration 618 (2025) 119289 
Table 1
List of symbols and their descriptions used in this paper.
 Symbol Description  
 𝑑 Wheelbase of the vehicle  
 𝑣 Speed of the vehicle  
 𝑒𝑠 Distance from the front axle to the sensor location  
 𝑒𝑓 Distance from the front axle to the vehicle’s center of gravity  
 𝑒𝑟 Distance from the rear axle to the vehicle’s center of gravity  
 𝑦𝑠(𝑡), 𝜃𝑠(𝑡) Vertical displacement and pitch rotation at the vehicle’s sensor location  
 𝐲𝑠(𝑡) Displacement response vector at the vehicle’s sensor location  
 𝐳𝑠(𝑡) Acceleration response vector at the vehicle’s sensor location  
 𝑦𝑣(𝑡), 𝜃𝑣(𝑡) Vertical displacement and pitch rotation at the vehicle’s center of gravity  
 𝐲(𝑡) Displacement response vector at the vehicle’s center of gravity  
 𝐳(𝑡) Acceleration response vector at the vehicle’s center of gravity  
 𝐓 Transformation matrix relating the vehicle’s response vectors at the sensor location to those at the center of gravity  
 𝑀𝑣 , 𝐽𝑣 Vertical mass and mass moment of inertia of the vehicle, respectively  
 𝑘𝑠𝑓 , 𝑐𝑠𝑓 Suspension stiffness and damping at the front axle, respectively  
 𝑘𝑠𝑟 , 𝑐𝑠𝑟 Suspension stiffness and damping at the rear axle, respectively  
 𝐌,𝐂,𝐊 Mass, damping, and stiffness matrices of the vehicle  
 𝐁𝑘 ,𝐁𝑐 Load effect matrices related to stiffness and damping  
 𝑢𝑐𝑟(𝑡), 𝑢𝑐𝑓 (𝑡) Contact point displacement responses at the vehicle’s rear and front axles, respectively  
 𝐮𝑐 (𝑡) Vector containing the vehicle’s contact point displacement responses  
 𝐰𝑐 (𝑡) Vector containing the vehicle’s contact point acceleration responses  
 𝚿(𝑡) Defined time function used in the vehicle input estimation equation  
 (𝑗) Superscript indicating variables associated with the 𝑗th sensing agent  
 𝑢𝑚𝑟(𝑡), 𝑢𝑚𝑓 (𝑡) Bridge responses at the locations of the vehicle’s rear and front axles  
 𝐮̈𝑚(𝑡) Vector containing acceleration responses of the bridge at the locations of both the front and rear axles of all vehicles at time 𝑡  
 𝑟𝑟(𝑡), 𝑟𝑓 (𝑡) Road roughness profile at the location of the rear and front axle  
 𝛥𝑡 Time lag between the front and rear axles for the vehicle  
 𝛥𝑢𝑐𝑟(𝑡) Residual contact point response at the rear axle  
 𝛥𝑢𝑚𝑟(𝑡) Residual bridge response at the rear axle  
 𝑥𝑠(𝑡) Recorded location data for the vehicle  
 𝑥𝑟(𝑡), 𝑥𝑓 (𝑡) Determined rear and front axle locations of the vehicle  
 𝐋(𝑡) Mapping matrix that interpolates bridge responses from Virtual Fixed Sensing Nodes (VFSNs) to Mobile Sensing Nodes (MSNs) at time 𝑡 
 𝐋𝑟(𝑡) Rear-specific mapping matrix that interpolates bridge responses at the rear axle locations of vehicles at time 𝑡  
 𝐮̈𝑏(𝑡) Vector representing the hypothetical acceleration responses of the bridge recorded at the VFSNs at time 𝑡  
 𝐍(𝑥) Interpolating function vector used in mapping matrices to interpolate responses across spatial locations on the bridge  
 𝜆 Regularization parameter used in optimization problems  
 𝚪(𝑡) Random measurement matrix at time 𝑡 indicating which VFSNs are actively recording responses  
 𝐰̈𝑏(𝑡) Complete acceleration response vector (true response) of the bridge at time 𝑡  
 𝑇𝑑 Total measurement time of the signals  
 𝚽 Mode shape matrix of the bridge  
 𝐐̈(𝑡) Modal coordinate response vector at time 𝑡  
 𝐆(𝜔) Cross/auto power spectrum (CPSD) matrix of the response signals at frequency 𝜔  
 𝚺𝑖 Diagonal matrix of singular values obtained from the SVD of 𝐺(𝜔), representing modal energy at frequency 𝜔𝑖  
 𝐔𝑖 ,𝐕𝑖 Matrices of the left and right singular vectors from the SVD of 𝐺(𝜔), representing the mode shapes at frequency 𝜔𝑖  

where 𝐌,𝐂, and 𝐊 are the mass, damping, and stiffness matrices of the vehicle, respectively, while 𝐁𝑘 and 𝐁𝑐 represent the load 
effect matrices. These matrices for the HC model can be calculated as follows [36]: 

𝐌 =
[

𝑀𝑣 0
0 𝐽𝑣

]

, 𝐂 =

[

𝑐𝑠𝑟 + 𝑐𝑠𝑓 𝑒𝑓 𝑐𝑠𝑓 − 𝑒𝑟𝑐𝑠𝑟
𝑒𝑓 𝑐𝑠𝑓 − 𝑒𝑟𝑐𝑠𝑟 𝑒2𝑟 𝑐𝑠𝑟 + 𝑒2𝑓 𝑐𝑠𝑓

]

, 𝐊 =

[

𝑘𝑠𝑟 + 𝑘𝑠𝑓 𝑒𝑓𝑘𝑠𝑓 − 𝑒𝑟𝑘𝑠𝑟
𝑒𝑓𝑘𝑠𝑓 − 𝑒𝑟𝑘𝑠𝑟 𝑒2𝑟𝑘𝑠𝑟 + 𝑒2𝑓𝑘𝑠𝑓

]

(4)

𝐁𝑘 =
[

𝑘𝑠𝑟 𝑘𝑠𝑓
−𝑒𝑟𝑘𝑠𝑟 𝑒𝑓𝑘𝑠𝑓

]

, 𝐁𝑐 =
[

𝑐𝑠𝑟 𝑐𝑠𝑓
−𝑒𝑟𝑐𝑠𝑟 𝑒𝑓 𝑐𝑠𝑓

]

(5)

Here, 𝑀𝑣 and 𝐽𝑣 represent the vehicle’s vertical mass and mass moment of inertia, respectively. 𝑢𝑐𝑟(𝑡) and 𝑢𝑐𝑓 (𝑡) denote the CP 
inputs to the vehicle’s rear and front axles, respectively. 𝑘𝑠𝑓  and 𝑐𝑠𝑓  are the suspension stiffness and damping of the front axle, 
while 𝑘𝑠𝑟 and 𝑐𝑠𝑟 represent the suspension stiffness and damping of the rear axle.

In practice, measuring displacements directly is often not feasible. Instead, it is much easier to measure the angular acceleration 
and vertical acceleration of the vehicle body at a random location on the vehicle using smartphone sensors or commercially-graded 
accelerometers. To express Eq. (3) in terms of accelerations or their derivatives at the sensor location, one can differentiate both 
sides of the equation twice and then substitute 𝐲̈(𝑡) = 𝐳(𝑡) = 𝐓𝐳𝑠(𝑡) from Eq. (1), which relates the acceleration at the vehicle’s 
center of gravity (𝐳(𝑡)) with the accelerations measured at a random location by a sensor (𝐳𝑠(𝑡)). Additionally, we need to substitute 
𝐮̈𝑐 (𝑡) = 𝐰𝑐 (𝑡), which is the CP acceleration responses of the vehicle. Thus, we obtain: 

𝐌𝐓𝐳̈𝑠(𝑡) + 𝐂𝐓𝐳̇𝑠(𝑡) +𝐊𝐓𝐳𝑠(𝑡) = 𝐁𝑘𝐰𝑐 (𝑡) + 𝐁𝑐𝐰̇𝑐 (𝑡) (6)

As previously discussed, the vehicle body response 𝐳𝑠(𝑡) can be accurately measured at any location on the vehicle using either 
smartphones or commercial accelerometers. The first and second derivatives of 𝐳 (𝑡) are computed through numerical differentiation. 
𝑠

5 
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Fig. 2. Parameters of the Half-Car model and illustration of road roughness effect on the vehicle scanning methods.

Given known mechanical properties, such as suspension stiffness, damping, and body mass, all relevant vehicle matrices can be 
determined. Consequently, the left-hand side of Eq. (6) becomes a defined time function, represented by Ψ(𝑡). This setup leads to 
the formulation of a first-order system of equations: 

𝐁𝑐𝐰̇𝑐 (𝑡) + 𝐁𝑘𝐰𝑐 (𝑡) = Ψ(𝑡) (7)

Since Ψ(𝑡) is solely a function of vehicle properties and the vertical and rotational responses of the vehicle body measured at the 
sensor location, we can solve this system of first-order differential equations for the CP acceleration vector 𝐰𝑐 (𝑡) explicitly using 
Duhamel’s formula [38] or using a numerical method, as both 𝐁𝑘 and 𝐁𝑐 are known. 

𝐰𝑐 (𝑡) =
{

𝑢̈𝑐𝑟(𝑡)
𝑢̈𝑐𝑓 (𝑡)

}

= ∫

𝑡

0
𝑒−(𝐁

−1
𝑐 𝐁𝑘)(𝑡−𝜏)𝐁−1

𝑐 Ψ(𝜏)𝑑𝜏 (8)

The primary objective of determining the vehicles’ CP responses is to filter out the mechanical frequencies of the vehicle included 
in the measured body responses [39]. However, the new signals still encompass the driving frequencies of the vehicles.

It is important to highlight that, in this study, we proceed with the assumption that CP responses can be directly computed using 
the Eq. (8) derived earlier, given vehicle parameters and body rotation alongside vertical responses. However, obtaining complete 
datasets for vehicle mechanical properties based on vehicle types can be challenging in practice. Recent research has explored 
methods for identifying vehicle properties. One approach involves accessing the vehicle’s body responses before it enters the bridge 
and optimizing vehicle parameters by minimizing the difference between identified front and rear road profiles on a short, constant-
speed road section using optimization techniques such as genetic algorithm [40]. Another method employs on-bridge responses of 
the vehicle directly in a joint input-parameter estimate to identify CP roughnesses and vehicle properties using the extended Kalman 
filter with unknown inputs (EKF-UI) algorithm [41,42]. Additionally, the ‘‘frequency-free’’ movable test vehicle approach in [43] 
could further reduce vehicle-induced frequency contamination if a specialized, stiff-suspension vehicle were deployed in parallel.

2.3. Eliminating road roughness effects using residual CP responses

Previous studies [39] have indicated that vehicle scanning methods are highly sensitive to the bridge surface roughness. This 
sensitivity arises because the vehicle senses not only the bridge response at the MSNs but also the bridge response corrupted by the 
road roughness profile, as depicted in Fig.  2(b). The following equations represent the relationship between the CP responses of the 
𝑗th sensing agent (𝑢(𝑗)𝑐𝑟 (𝑡) or 𝑢(𝑗)𝑐𝑓 (𝑡)), the bridge response at the position of the vehicle’s rear or front axles of the sensing agent (𝑢

(𝑗)
𝑚𝑟(𝑡)

or 𝑢(𝑗)𝑚𝑓 (𝑡)), and the road roughness profile at the location of the front or rear axle of the sensing agent (𝑟
(𝑗)
𝑟 (𝑡) or 𝑟(𝑗)𝑓 (𝑡)): 

𝑢(𝑗)𝑐𝑟 (𝑡) = 𝑢(𝑗)𝑚𝑟(𝑡) + 𝑟(𝑗)𝑟 (𝑡) (9)

𝑢(𝑗)𝑐𝑓 (𝑡) = 𝑢(𝑗)𝑚𝑓 (𝑡) + 𝑟(𝑗)𝑓 (𝑡) (10)

To mitigate such negative effects, an effective approach is to adopt the residual CP responses of the rear and front axle. The surface 
roughness effect can be inherently eliminated using residual CP responses, even for damped bridges with rough pavements [39]. This 
approach was initially demonstrated effectively using a 1-DOF quarter-car model [44]. It was later successfully tested with 2-DOF 
quarter-car [45] and half-car models [46]. Additionally, the relationships between vehicle body and CP responses were investigated 
using a single sensor with the quarter-car model [42]. To address the challenges of using connected vehicles in practical applications, 
Yang et al. [47] proposed eliminating vehicle frequencies and road roughness by using residual CP responses from a single vehicle, 
6 
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a method validated with a 2-DOF half-car model. He and Yang [48] suggested that the residual acceleration spectrum at the contact 
points of a single two-axle vehicle can be used to identify the bridge’s frequencies with high accuracy.

Considering the wheelbase of 𝑑(𝑗) and a constant speed of 𝑣(𝑗) for the selected sensing agent, since the rear and front tires of 
the vehicle sense the same roughness but with a lag of 𝛥𝑡(𝑗) = 𝑣(𝑗)∕𝑑(𝑗), the following transparent relationship can be considered 
between the roughness inputs of the front and rear axles [49]. 

𝑟(𝑗)𝑟 (𝑡) = 𝑟(𝑗)𝑓 (𝑡 − 𝛥𝑡(𝑗)) (11)

By substituting (𝑡 − 𝛥𝑡(𝑗)) for 𝑡 in Eq. (10) and then substituting Eq. (11) into it, we obtain: 

𝑢(𝑗)𝑐𝑓 (𝑡 − 𝛥𝑡(𝑗)) = 𝑢(𝑗)𝑚𝑓 (𝑡 − 𝛥𝑡(𝑗)) + 𝑟(𝑗)𝑟 (𝑡) (12)

Now, subtracting Eq. (9) from Eq. (12), we can define the residual CP response at the position of the rear axle for the 𝑗th sensing 
agent as follows: 

𝛥𝑢(𝑗)𝑐𝑟 (𝑡) = 𝑢(𝑗)𝑐𝑟 (𝑡) − 𝑢(𝑗)𝑐𝑓 (𝑡 − 𝛥𝑡(𝑗)) = 𝑢(𝑗)𝑚𝑟(𝑡) − 𝑢(𝑗)𝑚𝑓 (𝑡 − 𝛥𝑡(𝑗)) = 𝛥𝑢(𝑗)𝑚𝑟(𝑡) (13)

As seen, 𝛥𝑢(𝑗)𝑐𝑟 (𝑡) exhibits an exceptional roughness-free feature and the Residual CP response of the rear axle is free from the road 
roughness high frequencies and is exactly equal to the residual responses at the MSNs. However, obtaining the absolute response 
of the bridge using the residual MSN response remains a challenging task, which is addressed in Section 2.4.

2.4. Bridge response prediction using mobile sensors

Consider a scenario where a population of vehicles is traversing a bridge. At an arbitrary time 𝑡, the CP responses of 𝑚 sensing 
vehicles referred to as sensing agents, are accessible. Utilizing location data collected simultaneously with the CP responses for the 
sensing agents, denoted as 𝑥(𝑗)𝑠 (𝑡) for the 𝑗th sensing agent, enables the determination of the rear and front axle locations of each 
vehicle (𝑥(𝑗)𝑟 (𝑡) and 𝑥(𝑗)𝑓 (𝑡)) as follows: 

𝑥(𝑗)𝑟 (𝑡) = 𝑥(𝑗)𝑠 (𝑡) + 𝑒(𝑗)𝑠 − 𝑑(𝑗),

𝑥(𝑗)𝑓 (𝑡) = 𝑥(𝑗)𝑠 (𝑡) + 𝑒(𝑗)𝑠 ,
(14)

where 𝑒(𝑗)𝑠  and 𝑑(𝑗) represent the distances between the sensor position and the front axle, and the wheelbase of the 𝑗th sensing 
agent, respectively [50].

To maintain the method’s generality, we first consider an ideal scenario in which the bridge surface is completely smooth. In this 
scenario, the response of the contact points aligns perfectly with the bridge response at the positions of the vehicle’s rear or front 
axles, which we denote as Mobile Sensing Nodes (MSNs). In a broader context, if we measured the bridge response at 𝑛 arbitrary 
Virtual Fixed Sensing Nodes (VFSNs) properly distributed along the bridge, we could effectively determine the bridge response at 
the mobile sensing nodes using a mapping function 𝐋(𝑡). This process entails interpolating the responses recorded at the VFSNs and 
their respective positions on the bridge relative to its left support (𝑠𝑖), as illustrated in Fig.  3 [50]. 

𝐮̈𝑚(𝑡) = 𝐋(𝑡)𝐮̈𝑏(𝑡) (15)

where 𝐮̈𝑚(𝑡) is a (2𝑚 × 1) vector containing acceleration responses of the bridge at the locations of both the front and rear axles of 
all sensing agents, and 𝐮̈𝑏(𝑡) is an (𝑛 × 1) vector representing the acceleration responses of the bridge hypothetically recorded at the 
VFSNs. 

𝐮̈𝑚(𝑡) =
[

𝑢̈(1)𝑚𝑟(𝑡) 𝑢̈(1)𝑚𝑓 (𝑡) ⋯ 𝑢̈(𝑚)𝑚𝑟 (𝑡) 𝑢̈(𝑚)𝑚𝑓 (𝑡)
]⊤

(16)

𝐮̈𝑏(𝑡) =
[

𝑢̈(1)𝑏 (𝑡) 𝑢̈(2)𝑏 (𝑡) ⋯ 𝑢̈(𝑛−1)𝑏 (𝑡) 𝑢̈(𝑛)𝑏 (𝑡)
]⊤

(17)

 The mapping matrix 𝐋(𝑡) is a (2𝑚 × 𝑛) matrix, where each row represents the transpose of the interpolating function vectors 𝐍(𝑥)
corresponding to each MSN location. In this study, we assume the interpolating function vector to be linear. 

𝐋(𝑡) =
[

𝐍
(

𝑥(1)𝑟 (𝑡)
)

𝐍
(

𝑥(1)𝑓 (𝑡)
)

⋯ 𝐍
(

𝑥(𝑚)𝑟 (𝑡)
)

𝐍
(

𝑥(𝑚)𝑓 (𝑡)
)]⊤

(18)

𝑠1 ⋯ 𝑠𝑖 𝑠𝑖+1 ⋯ 𝑠𝑛
𝐍⊤(𝑥) =

[

0 ⋯ 𝑥−𝑠𝑖+1
𝑠𝑖−𝑠𝑖+1

𝑥−𝑠𝑖
𝑠𝑖+1−𝑠𝑖

⋯ 0
] (19)

In indirect bridge monitoring methods, the responses at the MSNs (𝐮̈𝑚(𝑡)) are actual measurements obtained from the sensing agents, 
while the response of the bridge at the VFSNs (𝐮̈𝑏(𝑡)) remains unknown. To predict the bridge response at the VFSNs, the mapping 
matrix 𝐋(𝑡) is utilized along with a regularized least-squares optimization problem: 

min ‖𝐋𝐮̈𝑏 − 𝐮̈𝑚‖2 + 𝜆‖𝐮̈𝑏‖2 (20)

𝐮̈𝑏
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Fig. 3. Illustrative figure for Mobile Sensing Nodes and Virtual Fixed Sensing Nodes.

Here, 𝜆 represents the regularization parameter, and ‖𝐮̈𝑏‖2 denotes the Euclidean norm, quantifying the sum of squares of the vector’s 
elements. The solution to this optimization problem is given by: 

𝐮̈𝑏(𝑡) = (𝐋⊤(𝑡)𝐋(𝑡) + 𝜆𝐈)−1𝐋⊤(𝑡)𝐮̈𝑚(𝑡) (21)

The derivation of the above equation in our approach is independent of any assumptions about bridge properties, making it a semi-
data-driven, model-free method. Extending the previously established mapping procedure for scenarios without road roughness, we 
now incorporate road roughness into the analysis. First, the MSN responses at the front and rear axles are evaluated using Eq. (15). 
To simplify the analysis and establish a clear relationship between residual CP responses and bridge response, here we assume a 
constant time lag for all sensing agents (𝛥𝑡(𝑗) = 𝛥𝑡). While the proposed method accommodates variable speeds and wheelbases 
of sensing agents, this simplification ensures a uniform time step across all sensing agents. Importantly, this assumption does not 
restrict the speeds of other vehicles on the bridge, and the method remains effective under variable traffic conditions. By shifting 
time (𝑡) to (𝑡 − 𝛥𝑡) for the MSNs at the front axle location of all sensing agents, while considering 𝑥(𝑗)𝑓 (𝑡 − 𝛥𝑡(𝑗)) = 𝑥(𝑗)𝑟 (𝑡), we obtain: 

𝐮̈𝑚𝑟(𝑡) = 𝐋𝑟(𝑡)𝐮̈𝑏(𝑡) (22)

𝐮̈𝑚𝑓 (𝑡 − 𝛥𝑡) = 𝐋𝑟(𝑡)𝐮̈𝑏(𝑡 − 𝛥𝑡) (23)

𝐋𝑟(𝑡) =
[

𝐍
(

𝑥(1)𝑟 (𝑡)
)

⋯ 𝐍
(

𝑥(𝑚)𝑟 (𝑡)
)]⊤

(24)

where the interpolation function vector 𝐍(𝑥) was defined before. and 𝐮̈𝑚𝑟(𝑡) and 𝐮̈𝑚𝑓 (𝑡) are the vectors containing the rear and front 
axle response of all the sensing agents at the MSNs, respectively. 𝐮̈𝑏(𝑡) and 𝐮̈𝑏(𝑡 − 𝛥𝑡) are the bridge response vector at time step 𝑡
and (𝑡 − 𝛥𝑡) respectively. 

𝛥𝐮̈𝑚𝑟(𝑡) =
[

𝛥𝑢̈(1)𝑚𝑟(𝑡) ⋯ 𝛥𝑢̈(𝑚)𝑚𝑟 (𝑡)
]⊤

(25)

𝛥𝐮̈𝑏(𝑡) =
[

𝛥𝑢̈(1)𝑏 (𝑡) ⋯ 𝛥𝑢̈(𝑛)𝑏 (𝑡)
]⊤

(26)

As can be seen, when using the residual response, the number of MSNs equals the number of sensing agents. By subtracting 
Eq. (23) from Eq. (22), dividing both sides of the resulting equation by 𝛥𝑡, and utilizing the second derivative of the residual CP 
responses in Eq. (13), a relationship between the residual CP responses of the vehicles and the bridge response can be derived: 

𝛥𝐮̈𝑚𝑟(𝑡)
𝛥𝑡

= 𝐋𝑟(𝑡)
𝐮̈𝑏(𝑡) − 𝐮̈𝑏(𝑡 − 𝛥𝑡)

𝛥𝑡
(27)

If we assume that 𝛥𝑡 is small enough, the fraction on the right-hand side of the aforementioned equation can be intuitively considered 
as the first approximate derivative of the acceleration response vector (jerk) of the bridge at time 𝑡: 

̇̈𝐮𝑏(𝑡) ≈
𝐮̈𝑏(𝑡) − 𝐮̈𝑏(𝑡 − 𝛥𝑡)

𝛥𝑡
(28)

Given this approximation, we now have the same least squares optimization problem as in Eq. (20). In a similar manner, the 
derivative of the bridge acceleration response vector can be explicitly determined using the following equation: 

̇̈𝐮𝑏(𝑡) ≈ (𝐋⊤
𝑟 (𝑡)𝐋𝑟(𝑡) + 𝜆𝐈)−1𝐋⊤

𝑟 (𝑡)
(

𝛥𝐮̈𝑚𝑟(𝑡)
𝛥𝑡

)

(29)

Where 𝜆 is the regularization parameter. As seen in the derivation steps, using the residual CP acceleration responses of the sensing 
agents results in predicting the first derivative of the acceleration response vector of the bridge. This is typically a signal with 
8 
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high-frequency components. To identify the acceleration response vector of the bridge, it is more effective to utilize the residual CP 
velocity response of the sensing agents: 

𝐮̈𝑏(𝑡) ≈ (𝐋⊤
𝑟 (𝑡)𝐋𝑟(𝑡) + 𝜆𝐈)−1𝐋⊤

𝑟 (𝑡)
(

𝛥𝐮̇𝑚𝑟(𝑡)
𝛥𝑡

)

(30)

After computing 𝐮̈𝑏(𝑡) at each time step and arranging the responses of all 𝑝 time steps into the columns of a larger matrix (each 
column corresponding to one time step), denoted as 𝐃̈, the spatio-temporal acceleration response matrix of the bridge (𝑛 × 𝑝). In 
this study, the regularization parameter, 𝜆, is set to 10−6. It is worth noting that the inverse mapping procedure, facilitated by the 
optimization framework, inherently filters out the effects of the vehicles’ driving frequencies from the MSN signals. Consequently, 
the resulting bridge signals are free from these frequencies. Up to this step, we have filtered out the vehicles’ mechanical and driving 
frequencies, as well as the road roughness frequencies. The remaining signals thus contain only the bridge’s vibration response.

In this work, the inverse mapping from residual CP responses to VFSNs is formulated in Eqs. (29) and (30). However, for each 
time step 𝑡, certain VFSNs may lie outside the effective interpolation range of the sensing agents’ axles, making the matrix 𝐋𝑟(𝑡)
nearly singular or yielding large errors. To address this, we only regard a VFSN as ‘validly scanned’ at time 𝑡 if 𝐋𝑟(𝑡) contains at least 
two nonzero entries in the corresponding column (assuming a linear shape function). This ensures that each node is anchored by 
sufficient local axle coverage to yield a stable solution. Algorithm 1 illustrates how we implement this rule within the framework. 
At time 𝑡, we examine each node’s column in 𝐋𝑟(𝑡): if the node has at least two nonzero entries, we mark it as valid by setting 
the corresponding diagonal element of the indicator matrix Γ(𝑡) to 1. Otherwise, it remains 0. As a result, the spatio-temporal 
response matrix is populated only where the mobile sensing agents genuinely provide stable information about bridge vibration. 
Any node–time cells that fail this criterion flagged as missing.

Algorithm 1 Valid region identification in the spatio-temporal matrix for a given time stamp.
Require: 𝐋𝑟(𝑡): mapping matrix from CP responses to VFSNs at time 𝑡.
Require: {𝑥(𝑗)𝑟 (𝑡)}: rear axle positions of 𝑚 sensing agents at time 𝑡.
Require: {𝑠𝑖}𝑖=1,…,𝑛: positions of the 𝑛 VFSNs along the bridge.
Ensure: 𝚪(𝑡): an 𝑛 × 𝑛 indicator matrix reflecting the validity of each VFSN at time 𝑡. 
1: 𝚪(𝑡) ← 𝟎 {Initialize an 𝑛 × 𝑛 matrix of zeros.} 
2: for each node 𝑠𝑖 do 
3: Count how many nonzero entries appear in column 𝑖 of 𝐋𝑟(𝑡). 
4: if (the number of nonzero entries for 𝑠𝑖) ≥ 2 then 
5: Set the (𝑖, 𝑖) entry of 𝚪(𝑡) to 1.
6: else 
7: Leave the (𝑖, 𝑖) entry of 𝚪(𝑡) as 0.
8: end if
9: end for
10: return 𝚪(𝑡)

It should be highlighted that classical drive-by SHM frameworks often assume constant vehicle speed, but the proposed approach 
can accommodate variable speeds and minor accelerations by combining accurate position estimation with the proposed contact-
point response mapping procedure. Building on past researches [51,52], one can fuse the measured accelerometer data with 
GPS/magnetometer measurements to track the vehicle’s position precisely. After mapping body-level signals to CP responses to 
remove low-frequency vehicle effects, these CP signals are projected onto fixed bridge nodes (VFSNs) using the accurate vehicles’ 
position data. This final step filters out any driving frequencies resulting from speed changes or braking, leaving the bridge signals 
largely free of vehicle-induced distortions. Consequently, our method supports reliable modal identification under non-constant 
speeds.

2.5. Random mobile sensing method

In mobile sensing methods, one may opt for employing a single constant sensing vehicle over time, which constitutes the 
primary focus of conventional vehicle scanning methods [50,53]. With this approach, the vehicle can only capture the bridge’s 
vibrations at VFSNs for a very brief period. As a result, the vibration signals recorded are very short, leading to a highly incomplete 
spatio-temporal response matrix (𝐃̈). The response matrix exhibits a diagonal population pattern [54], reflecting the movement 
and positions of the sensing vehicle (see Fig.  4(a)). This pattern, known as block-out missing data, can significantly increase errors 
in the modal identification process [55]. Alternatively, employing multiple constant sensing vehicles, where each vehicle crosses 
the bridge sequentially, can provide longer vibration signals at VFSNs, resulting in a continuous monitoring approach. Present 
crowdsensing-based indirect monitoring methodologies for bridge structures primarily adopt this strategy [33,34,56]. However, 
real-world challenges such as intermittent internet connections for vehicles crossing the bridge may arise. Even with the multi-
passage approach, using constant agents over time can still result in a measurement matrix with block-out missing patterns (see Fig. 
4(b)). This poses a significant challenge for data imputation and response completion methods, as a higher number of non-random 
missing components in the matrix can make its inversion singular. Therefore, devising a solution that does not rely on specific sensing 
9 
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Fig. 4. Visual representation of scanned and missing regions in the spatio-temporal response matrix of the bridge (transposed) under different mobile sensing 
scenarios.

vehicles could represent a transformative advancement in crowdsensing-based SHM. In this study, we propose using random sensing 
agents at each time stamp, which leads to a measurement matrix characterized by Missing-At-Random (MAR) patterns. This approach 
can be more reliable in addressing issues of internet and data loss since it dynamically changes the sensing agent from one time 
step to the next. The measurement matrix generated from random mobile sensing (see Fig.  4) resembles a random sampling of the 
bridge and aligns with the principles of compressed sensing. As a result, this methodology enhances the fidelity of data collection 
by ensuring diverse coverage of the bridge’s response over time.

2.6. Practical considerations for implementing the proposed method

While this paper primarily focuses on presenting the theoretical framework of the proposed method and validating its 
effectiveness using numerically simulated data, the practical considerations outlined in this section aim to facilitate its successful 
implementation on real bridges. This implementation is the future objective planned by the authors.

The proposed method estimates bridge responses for a specific lane based on sensing vehicles traveling in that lane. For larger 
bridges with multiple lanes, independent sensing setups can be employed for each lane. Vehicles are categorized by their lateral 
coordinates, allowing the estimation of bridge responses specific to each lane. For example, with three lanes, bridge responses can be 
estimated at the center of each lane, analogous to having three continuous lines of fixed sensors. While dense response measurements 
are achievable longitudinally, only a limited number of sensing lanes can be considered transversely. Modal identification can then 
be conducted independently for each sensing lane to extract the bridge’s bending modes. If torsional modes are of interest, data from 
multiple sensing lanes can be aggregated and analyzed collectively. Given that vehicles may deviate laterally from the centerline 
of a sensing lane, the wheel-level responses must be mapped to the sensing lane’s centerline (Fig.  5). Linear interpolation can be 
applied to align the responses of both wheels of an axle to an average value corresponding to the sensing lane.

It is important to note that the proposed method is not necessarily designed for real-time monitoring due to practical challenges 
associated with achieving real-time functionality. Instead, the method is well-suited for continuous monitoring over timeframes 
ranging from hours to days. This approach involves equipping sensing vehicles with a smartphone app that records acceleration and 
GPS data when vehicles enter the defined geographical boundary of a bridge. The data are stored locally on the user’s device and 
are deleted after a predefined period (e.g., 24 h). During this window, if internet connectivity is available, data can be transmitted 
to a central server upon request. The server identifies vehicles present on the bridge during each timestamp and randomly selects 
some of them as sensing agents, then sends data requests to their respective devices, and receives a limited set of acceleration and 
GPS values rather than the entire dataset. The same vehicle may be selected as a sensing agent in subsequent timeframes.

Although our results in this study are based on ideal simulation data, we outline potential real-world approaches to time synchro-
nization. When multiple sensing agents record data simultaneously, a unified smartphone app can label the data (e.g., acceleration 
and GPS) using a global clock derived from the device’s GNSS receiver or a synchronized network service [34,52]. This step ensures 
all sensed values share a consistent time reference. At regular intervals (e.g., every 0.01 s or 0.02 s during post-processing), a 
central server requests a small window of data from each agent. By linearly interpolating each agent’s measurements onto the 
server’s common time grid, once can align potentially asynchronous signals. Measurements from sensors with delays exceeding a 
threshold (e.g., 0.2 s) are discarded to minimize the inclusion of significantly late or misaligned data. The general synchronization 
process is illustrated in Fig.  6 for two sensing agents. In scenarios involving a single sensing vehicle, synchronization is inherently 
simpler, requiring only one data point per timestamp.
10 
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Fig. 5. Bridge response estimation at independent parallel sensing lanes.

Fig. 6. Schematic representation of data synchronization from multiple random sensing agents via global timestamps and interpolation.

It should be highlighted that minor time offset typically occur but do not materially impact the estimation of structural mode 
shapes or natural frequencies. Previous studies confirm that standard Global Navigation Satellite System (GNSS) or Network 
Time Protocol (NTP)-based synchronization provides sufficient accuracy for vehicle-induced vibration analysis [35,57,58]. While 
we do not implement these algorithms in the current paper, future field validations will test the feasibility of the proposed 
interpolation-based timestamping of multiple sensing agents at global timestamps shown in Algorithm 2.

Once valid data from multiple agents are synchronized at a given global timestamp, one can fuse the data using Eqs.  (29) and 
(30) to estimate bridge responses at the VFSNs. The random selection of agents further ensures continuity: if data from one agent 
are unavailable at a particular time, others fill the gap. Therefore, the proposed framework remains robust against typical data loss 
and delay scenarios in practical crowdsensing deployments [34,57].

2.7. Modal identification using the predicted responses with random missing regions

To identify the mode shapes through the predicted acceleration response matrix of the bridge, the Frequency Domain Decompo-
sition method (FDD) is employed [59]. The procedure of applying FDD for the predicted acceleration response matrix with missing 
values is presented in the following paragraph. If we assume that 𝐰̈𝑏(𝑡) is the complete response vector (true response) of the bridge 
at time 𝑡, and what we predicted for the bridge response using random mobile sensors with missing values is 𝐮̈𝑏(𝑡), and since we 
know which represents which regions within the bridge is being scanned, let us define the random measurement matrix Γ(𝑡) which 
is an (𝑛 × 𝑛) contains zeros and ones, ones correspond to the scanned VFSNs at each time step, thereby the following relationship 
between the complete and incomplete response vectors is as follow: 

𝐮̈ (𝑡) = Γ(𝑡)𝐰̈ (𝑡) (31)
𝑏 𝑏
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Algorithm 2 Interpolation-Based Synchronization of Multiple Sensing Agents.
Require: Data𝑗 : time-stamped measurements from agent 𝑗, 𝑗 = 1,… ,𝑀 .

 Each Data𝑗 contains {𝑡𝑗 (𝑛), 𝑎𝑗 (𝑛)} for 𝑛 = 1,… , 𝑁𝑗 .
Require: {𝑡𝑘}𝐾𝑘=1: the server’s global time grid.
Ensure: Synchronized signals 𝑎̃𝑗 (𝑡𝑘) for 𝑗 = 1,… ,𝑀 and 𝑘 = 1,… , 𝐾. 
1: for 𝑗 = 1 to 𝑀 do 
2: for 𝑘 = 1 to 𝐾 do 
3: Identify nearest time points 𝑡𝑗 (𝑛1), 𝑡𝑗 (𝑛2) around 𝑡𝑘. 
4: Interpolate to compute 𝑎̃𝑗 (𝑡𝑘) from 𝑎𝑗 (𝑛1), 𝑎𝑗 (𝑛2). 
5: if | 𝑡𝑗 (𝑛𝑖) − 𝑡𝑘| > threshold then 
6: discard 𝑎̃𝑗 (𝑡𝑘) {Data point is too delayed.}
7: end if
8: end for
9: end for

From statistics, the correlation matrix between the incomplete response of the VFSNs can be constructed using Eq. (32) : 

𝐑𝐮̈𝑏𝐮̈𝑏 (𝜏) =
1
𝑇𝑑 ∫

𝑇𝑑

0
𝐮̈𝑏(𝑡)𝐮̈⊤𝑏 (𝑡 − 𝜏)𝑑𝑡 =

⎡

⎢

⎢

⎢

⎣

𝑅𝑢̈(1)𝑏 𝑢̈(1)𝑏
(𝜏) ⋯ 𝑅𝑢̈(1)𝑏 𝑢̈(𝑛)𝑏

(𝜏)

⋮ ⋱ ⋮
𝑅𝑢̈(𝑛)𝑏 𝑢̈(1)𝑏

(𝜏) ⋯ 𝑅𝑢̈(𝑛)𝑏 𝑢̈(𝑛)𝑏
(𝜏)

⎤

⎥

⎥

⎥

⎦

(32)

where 𝑇𝑑 is the total measurement time of the signals.
Considering the modal expansion of the complete bridge response vector (𝐰̈𝑏(𝑡) = Φ𝐐̈(𝑡)) in which Φ, 𝐐̈(𝑡) are mode shape matrix 

and modal coordinate response vector, respectively which are unknown. substituting the modal expansion in Eq. (32) gives: 

𝐑𝐮̈𝑏𝐮̈𝑏 (𝜏) =
1
𝑝 ∫

𝑝

0
𝜱𝐐̈(𝑡)𝐐̈⊤(𝑡 − 𝜏)𝜱⊤𝑑𝑡 = 𝜱𝐑𝑞𝑞(𝜏)𝜱⊤ (33)

Then, taking the Fourier transform from both sides of the latter equation produces the matrix containing the cross/auto power 
spectrum (CPSD) of the response signals: 

𝐆𝑞𝑞(𝜔𝑖) = 𝜱𝐆𝑞𝑞(𝜔𝑖)𝜱⊤ (34)

𝐆𝑞𝑞(𝜔𝑖) = 𝐔𝑖𝜮𝑖𝐕⊤
𝑖 (35)

As can be understood from Eqs.  (34) and (35), the SVD of matrix 𝐆𝑞𝑞(𝜔𝑖) should be calculated for each frequency, 𝜔𝑖, in which the 
matrix of singular values (Σ𝑖) is a diagonal matrix containing modal Frequency Response Functions (FRFs) and each column of the 
matrix of singular vectors (𝐔𝑖 and 𝐕𝑖) represents the mode shapes corresponding to the given frequency 𝜔𝑖.

3. Numerical simulation of bridge subjected to traffic flow

3.1. Bridge model

A numerical model of a three-span girder bridge, spanning 100 m as depicted in Fig.  7, was constructed using the finite element 
software OpenSees [60]. The bridge features a rectangular cross-section measuring 3 m in width and 1.5 m in height, with material 
properties assigned based on concrete, having a density of 2400 kg/m3 and an elastic modulus of 27.5 GPa [32]. Employing 100 
finite elements, the bridge underwent dynamic vehicle–bridge interaction analysis, utilizing the uncoupled iterative algorithm [61], 
a common method for such problems. Eigenvalue analysis revealed natural frequencies of 1.44 Hz, 3.68 Hz, and 4.66 Hz for the 
first three modes, respectively. For dynamic analysis, a 0.5% damping ratio was applied to the first and second modes of the bridge 
using the proportional damping model. Vertical and angular accelerations of vehicles, along with their location data, were sampled 
at a rate of 200 Hz from sensors mounted on the vehicle’s body, positioned 0.5 m from the front axle.

3.2. Vehicle models

The vehicles were simulated using 2DOF Half-Car models, incorporating a diverse range of mechanical properties. Initial vehicle 
parameters were derived from the two-axle test vehicle proposed by Yang et al. [37]. It should be noted that while this study utilized 
models only based on the test vehicle, the application of our method is not limited to specific vehicle types. Indeed, the method can 
be adapted to any vehicle with varied parameters. The base parameters for the vehicle depicted in Fig.  2(a) included suspension 
stiffness values of 230 kN/m for the front axle (𝑘𝑓𝑟) and 180 kN/m for the rear axle (𝑘𝑠𝑟), a body mass (𝑀𝑣) of 2500 kg, and a pitch 
moment of inertia (𝐽𝑣) of 2300 kg m2. Notably, no suspension damping was factored into the test vehicle’s characteristics. In the 
traffic flow simulations, 30 vehicles are assumed. For all these vehicles, mechanical properties were randomly assigned within ranges 
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Fig. 7. Numerical model of the vehicle–bridge system subjected to the traffic flow of HC vehicles (considering road roughness).

Fig. 8. Statistical distribution of bounce frequency for the 30 vehicles used in the simulations.

of 70% to 130% of those specified for the base vehicle, following a Gaussian distribution [62]. The wheelbase (𝑑) was uniformly set 
at 3 m for all vehicles, and their base speed was assumed to be 90 km/h (25 m/s). Fig.  8 illustrates the statistical distribution of the 
fundamental frequencies for the vehicles used in the simulations. These varied mechanical properties are critical for a comprehensive 
representation of real-world vehicle dynamics in vehicle–bridge interaction analysis. Since the traffic scenario involves 30 vehicles 
with diverse mechanical properties, with the number of vehicles on the bridge changing over time, The identification of the bridge’s 
modal properties is based on signals recorded during these varying conditions, allowing the method’s performance to be assessed 
under random traffic scenarios. Furthermore, while the primary investigations assume constant vehicle speeds, Section 5.7 explores 
the influence of varying speeds within the traffic network.

3.3. Vehicle–bridge interaction and random traffic flow generation procedure

The iterative uncoupled method was considered [61] for the dynamic analysis of the vehicle–bridge system. The Iterative Vehicle–
Bridge Interaction (VBI) Procedure (Algorithm 3) aims to achieve converged vehicles’ contact forces and bridge responses given the 
mechanical properties and initial conditions for both bridge and vehicles. Initially, a FE model for the bridge is generated with 
adequate mesh density. Subsequently, 30 distinct 2D FE models are defined for the Half-Car vehicles with fixed bases. Location 
data for the front and rear axles of each vehicle over time are generated based on their constant speed (𝑣) and initial location 
(𝑥(𝑗)𝑟 (𝑡), 𝑥(𝑗)𝑓 (𝑡)), alongside road roughness input for each axle derived from the road roughness profile and vehicles’ location data 
(𝑟(𝑗)𝑟 (𝑡), 𝑟(𝑗)𝑓 (𝑡)). The iterative process begins with estimating the initial contact forces of the vehicles (𝐟 (𝑗)(𝑡)) and continues until 
convergence criteria are met. Within each iteration, dynamic analyses are performed on both the bridge model and each vehicle’s 
FE model. The bridge response vector 𝐰𝑏(𝑡) at time 𝑡 and the bridge responses at the locations of the vehicles’ axles (𝑢𝑗𝑚𝑟(𝑡)) and 
(𝑢𝑗𝑚𝑓 (𝑡)) are determined. Notably, these responses are set to zero for vehicles not currently on the bridge. Then, the base inputs of 
the vehicles at time 𝑡 are updated, and one-step forward dynamic analyses of each vehicle’s FE model are conducted. The updated 
base reactions (contact forces) of the vehicles at time 𝑡 are extracted and utilized to update the forces vector applied to the bridge. 
This process iterates until convergence, with the bridge model reanalyzed and its responses at time 𝑡 recalculated based on the 
updated contact forces. Convergence criteria are evaluated at the end of each iteration, ensuring the accuracy and stability of the 
VBI procedure. In the VBI simulations, wheel–bridge contact was modeled at a single point, with the assumption that the vehicles’ 
13 
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Fig. 9. Number of vehicles on the bridge over time and measurement running span.

contact forces would remain vertical. This simplification streamlines the analysis process while maintaining a focus on the essential 
aspects of the vehicle–bridge interaction. In order to replicate a consistent traffic flow scenario on the bridge, recommendations 
outlined in [63] were followed, assuming ideal traffic conditions without traffic jams or lane changes. 30 vehicles in total were 
generated 400 m before the bridge at random locations following a uniform distribution [62]. By monitoring the fluctuation in 
traffic volume over time, as delineated in Fig.  9, we could ascertain the establishment of a steady traffic flow pattern. Once this 
stability was observed, data collection commenced and persisted until a substantial dataset was amassed from the bridge, spanning 
a total duration of 15.64 s.

Algorithm 3 Iterative Vehicle-Bridge Interaction (VBI) Procedure.
Require: Mechanical properties and Initial conditions for bridge and vehicles
Ensure: Converged vehicles’ contact forces and bridge responses 
1: Generate a finite element model for the bridge with sufficient mesh density. 
2: Define 30 separate 2D FE models for the HC vehicles with fixed bases. 
3: Generate location data for the front and rear axles of each vehicle over time based on their initial location {𝑥(𝑗)𝑟 (𝑡), 𝑥(𝑗)𝑓 (𝑡)}. 
4: Generate road roughness input for each axle of vehicles based on the road roughness profile and vehicles’ location data 

{𝑟(𝑗)𝑟 (𝑡), 𝑟(𝑗)𝑓 (𝑡)}. 
5: for 𝑡 = 1 to 𝑇𝑑 do 
6: Estimate initial contact forces of the vehicles {𝐟 (𝑗)(𝑡)} ← {𝐟 (𝑗)(𝑡 − 1)}
7: while convergence criteria not met do 
8: Perform one-step forward dynamic analysis on the bridge model using the estimated contact forces {𝐟 (𝑗)(𝑡)}
9: Obtain the bridge response vector at time 𝑡, 𝐰𝑏(𝑡)
10: Determine bridge responses at the locations of the vehicle axles at time 𝑡, {𝑢𝑗𝑚𝑟(𝑡)} and {𝑢𝑗𝑚𝑓 (𝑡)} (set to zero for off-bridge 

vehicles) 
11: for each vehicle 𝑗 do 
12: Determine base inputs of the vehicle at time 𝑡 {𝑟(𝑗)𝑟 (𝑡) + 𝑢(𝑗)𝑚𝑟(𝑡), 𝑟

(𝑗)
𝑓 (𝑡) + 𝑢(𝑗)𝑚𝑓 (𝑡)}

13: Perform one-step forward dynamic analysis of vehicle 𝑗th FE model at time 𝑡 subjected to the base excitation 
14: Extract the updated base reactions (contact) forces of the vehicle at time 𝑡 {𝐟 (𝑗)(𝑡)}
15: end for
16: Update the forces vector being applied to the bridge using the on-bridge vehicles’ contact forces at time 𝑡
17: Reanalyze the bridge model and determine its responses at time 𝑡 based on the updated contact forces 
18: Calculate convergence criteria
19: end while
20: end for

3.4. Road roughness modeling

Road roughness is simulated by the method presented in ISO 8608 using a predefined PSD function [64]. The procedure can be 
represented by the following equations: 

𝑟(𝑥) =
𝑁
∑

𝑖=1

√

2𝐺𝑑 (𝜂𝑖)𝛥𝜂 cos (2𝜋𝜂𝑖𝑥 + 𝜃𝑖) (36)

𝐺 (𝜂 ) = 𝐺 (𝜂 )(𝜂 ∕𝜂 )−2 (37)
𝑑 𝑖 𝑑 0 𝑖 0
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Table 2
Road roughness classification (A–E) (Adapted from [64]).
 Class Description Lower limit Geometric mean Upper limit 
 A Very good – 16 32  
 B Good 32 64 128  
 C Average 128 256 512  
 D Poor 512 1024 2048  
 E Very poor 2048 4096 8192  

Fig. 10. The generated road roughness for class A road type.

Fig. 11. Absolute CP and residual CP acceleration response of a sample vehicle while crossing the bridge considering road roughness.

where; 𝑟(𝑥) is the generated road roughness profile, 𝜃𝑖 is a random number uniformly distributed between 0 and 2𝜋. 𝛥𝜂 is the 
sampling interval of the spatial frequency and is 0.01 cycle/m, and 𝜂𝑖 is set a number in the range from 0.01 to 10 m−1 with an 
interval of 𝛥𝜂. 𝐺𝑑 (𝜂0) should be selected based on the class of road roughness. (See Table  2.)

In this research, the roughness class is assumed to be class A considering a very good condition for the road and the generated 
profile is shown in Fig.  10. It should be noted that the road profile generated for the 400 m road segment before the bridge along with 
the bridge span to have non-zero vibration for the vehicles before entering as well as better simulate the real-life traffic scenarios.

3.5. Numerical simulation results

As previously discussed, only the vertical acceleration and pitch rotation of the vehicles were recorded. The CP responses and 
the residual CP responses of the axles were derived using the vehicle properties and the back-calculation method outlined in 
Section 2.2. Figs.  11(a) and 11(b) present the absolute and residual CP responses of a sample vehicle’s rear axle during the interval 
in which it crossed the bridge. The absolute CP response is significantly influenced by road roughness, rendering it unsuitable 
for predicting bridge responses. Conversely, the residual CP response, devoid of roughness effects, is more appropriate for such 
predictions. However, this response still retains the driving frequency of the vehicle, which must be filtered out using the technique 
proposed in Section 2.4.

4. Results of the random mobile sensing framework

For all the investigations, the base settings include 17 VFSNs and two selected sensing agents, assuming Class A road surface 
roughness unless specified otherwise. The impact of employing multiple sensing agents and varying the number of VFSNs will be 
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Fig. 12. Predicted acceleration response of the bridge at a sample midspan VFSN for two different sensing agent selection scenarios (without road roughness).

explored in Section 5. Measurement noise is temporarily omitted in this analysis but will be addressed in the same section later. It 
is important to note that to determine bridge acceleration responses under conditions of road roughness, the velocity responses of 
vehicles were utilized to calculate residual CP responses, as discussed in 2.4.

4.1. Bridge response prediction

Based on the assumed measurement time window, the framework enables the determination of vibration responses at VFSNs 
across the bridge. To explore the impact of using either constant sensing agents or random sensing agents, Fig.  12 compares 
the bridge acceleration response predicted at the mid-span VFSN, disregarding road roughness in the simulations. The results 
demonstrate that using random sensing agents enables thorough scanning of important parts of the signals, leading to a compressed 
representation of the vibration data. This compressed scanning contributes significantly to condensing the signal representation 
and improves prediction accuracy (enhanced by 25% compared to the constant-agent case), effectively addressing the challenge of 
singular inverse solutions [50]. Conversely, utilizing constant agents over time limits signal prediction to short windows of scanned 
regions, potentially missing responses in certain time-windows. It is important to note that in the comparison presented in Fig.  12, 
only one sensing agent is used at each time stamp.

Returning to the main simulations involving road roughness, Figs.  13(a) and 13(b) compare the predicted acceleration responses 
of the bridge at two sample VFSNs against the true values. The results indicate that using the residual velocity response from 
random sensing agents provides reasonably accurate predictions (above 70%) for the bridge acceleration responses. Although 
these predictions are less accurate compared to simulations without road roughness, it becomes evident later that the framework’s 
predicted responses contribute to higher accuracies in modal identifications. Notably, the magnitude of the bridge acceleration 
responses is significantly amplified compared to simulations without road roughness, primarily due to the inclusion of high-frequency 
components in the synthetic road roughness profile. Additionally, Fig.  13(c) illustrates the variation of the 𝑅2 values for all the VFSNs 
over length, indicating that the accuracy of the predictions is consistent across all VFSNs, with an average accuracy of around 70%.

4.2. Modal identification

By setting the missing values in the predicted acceleration response matrix to zero and performing FDD on it (refer to Section 2.7), 
the modal frequencies can be easily identified from the first singular value of the PSD matrix (Fig.  14(a)). Following the FDD steps, 
the mode shapes can also be identified. A comparison of the identified mode shapes and the true mode shapes is presented in 
Fig.  14(b). As shown, the Modal Assurance Criterion (MAC) of the first three identified mode shapes of the bridge exceeds 95%, 
indicating the high accuracy of the framework. Additionally, Table  3 presents a comparison of the identified natural frequencies 
with the true values. While the relative error for the first mode shape is 2.2%, the errors for the remaining modal frequencies are less 
than 1%. This observation aligns with expectations because higher frequency vibrations are more easily discernible from acceleration 
measurements, whereas lower frequency components are better identified from displacement measurements [59]. This indicates that 
the accuracy of modal identification using the response matrix with randomly missing regions remains high. In contrast, results from 
a single-sensing-agent-based method are typically much lower [50].

It should be noted that the true mode shapes and natural frequencies were extracted from the numerical model in OpenSees by 
performing an eigenvalue analysis. The comparison between the true and identified natural frequencies and mode shapes is based 
on the following metrics: 

Relative Frequency Error = |𝑓true − 𝑓identified| × 100 (38)

𝑓true
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Fig. 13. Comparison of the predicted acceleration response for two sample VFSNs and 𝑅2 for all the VFSNs (using residual CP response).

Table 3
Comparison of exact and identified frequencies (considering road roughness).
 True freqs (Hz) Identified freqs 

(Hz)
Relative error (%) 

 1.44 1.41 2.2  
 3.68 3.71 0.7  
 4.66 4.67 0.14  

MAC(𝜙identified, 𝜙true) =
|𝜙𝑇
identified𝜙true|

2

(𝜙𝑇
identified𝜙identified)(𝜙

𝑇
true𝜙true)

× 100 (39)

where 𝑓identified and 𝑓true refer to the identified and true natural frequencies of the structure, respectively. Similarly, 𝜙identified and 
𝜙true represent the identified and corresponding true mode shapes, respectively.

It should be noted that while MAC is employed in this study solely to evaluate the quality of the identified mode shapes, 
it can be further adapted or transformed for damage detection. For instance, applying a logarithmic-based damage index like 
[

−1∕ log(1 −MAC)
] can amplify small deviations from MAC=1, thereby improving sensitivity to moderate stiffness reductions.

5. Discussion on influencing factors

In this section, the effects of various influencing factors on the framework’s response prediction and modal identification 
accuracy are investigated and discussed. Unless otherwise specified, all investigations are conducted under consistent conditions: 
road roughness Type A, a 5% measurement noise level, and a baseline setup. The baseline configuration consists of two sensing 
agents, 17 VFSNs, and a base speed of 25 m/s. For clarity, in all figures and plots presented in this section, mode shape error and 
response prediction error are expressed as percentages of (100 −MAC) and (100 − 𝑅2), respectively.

The missing rate in this context is defined as follows: when at least two MSNs are near a VFSN, the predicted responses at the 
VFSN are valid and demonstrate high accuracy. However, when the mobile sensors move beyond the vicinity of a VFSN, and it is 
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Fig. 14. Modal identification results using FDD on the predicted acceleration responses with missing values (considering road roughness).

Fig. 15. Effect of traffic speed on the mean accuracy of predicted acceleration responses for VFSNs (mean ± STD of the accuracies is also shown).

no longer positioned between two MSNs, the mapping error increases significantly compared to the ground truth. Intervals where 
the VFSN is not between two MSNs are classified as ‘‘missing regions’’, while those where the VFSN remains between two sensors 
are termed ‘‘scanned regions’’. The missing rate is calculated as the ratio of data points in missing regions to the total signal length, 
averaged across all VFSNs.

5.1. Traffic speed

To study the sensitivity of the proposed framework to traffic speed, five different values were considered (15, 20, 25, 30, 
35 m/s). Numerical simulations in OpenSees were repeated for each traffic speed, keeping all other variables constant (e.g., road 
roughness, measurement length, number of VFSNs, and sensing agents). As shown in Fig.  15, increasing traffic speed improves the 𝑅2

accuracy and mode shape identification due to the numerical differentiation concept mentioned in Section 2.4. Fig.  16 summarizes 
the sensitivity analysis of the identified natural frequencies and mode shapes to traffic speed. Higher modes are identified more 
accurately at higher speeds, as the higher traffic speeds can excite the bridge’s higher frequencies. However, when the traffic speed 
is around 15 m/s, the modal identification error is notably high, especially for the third mode. To address this issue in real-world 
scenarios, data collection can be limited to periods when the average traffic speed exceeds 25 m/s, disregarding data from slower 
traffic conditions.

5.2. Number of selected sensing agents effect

As shown in Fig.  17(a), increasing the number of sensing agents slightly reduces the error in response prediction. This 
improvement occurs because additional data from more agents enhances the model’s ability to monitor the bridge comprehensively, 
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Fig. 16. Sensitivity of the modal identification results to traffic speed variations: (a) Relative error of the natural frequencies, and (b) Error of the mode shapes.

Fig. 17. Impact of the number of sensing agents on response prediction. (a) Mean response prediction error (over all VFSNs) vs. the number of sensing agents. 
(b) Mean missing rate of the bridge response matrix (over all VFSNs) vs. the number of sensing agents.

thereby minimizing prediction errors. Furthermore, Fig.  17(b) illustrates that the missing data ratio, representing the proportion of 
unscanned region of the bridge response matrix, decreases when more sensing agents are utilized. This reduction is attributed to 
the higher density of sensing nodes available at any given time.

Additionally, Fig.  18 investigates the effect of the number of sensing agents on mode shape identification error (100−MAC). The 
error decreases for all three mode shapes (except the first one) as more sensing agents are used, with the case of a single sensing 
agent showing significantly higher error. Interestingly, it is also observed that the number of sensing agents does not significantly 
impact frequency identification results.

Overall, incorporating more sensing agents enhances the accuracy of response prediction as well as mode shape identification. It 
is crucial to keep the number of sensing agents as low as possible to maintain the robustness and feasibility of the proposed random 
mobile sensing method, particularly in practical scenarios where access to a large number of vehicles with internet connectivity 
may be limited. Based on numerical observations, selecting two sensing agents for the constant number of VFSNs is determined to 
be optimal.

5.3. Number of virtual fixed sensing nodes

This part investigates the effect of the number of selected VFSNs on response prediction error and modal identification error. 
Fig.  19(a) shows that increasing the number of VFSNs generally increases the mean response prediction error. Similarly, Fig.  19(b) 
indicates that the mean missing rate of the bridge response matrix increases with more VFSNs. This is because a higher number of 
VFSNs results in a smaller scanned region for each VFSN when the number of sensing agents remains constant, leading to densely 
distributed but minimally scanned areas.

Fig.  20 demonstrates that mode shape identification error also increases, especially for the first and third modes. Despite this, a 
minimum number of VFSNs is necessary to achieve sufficient spatial resolution for mode shapes, emphasizing the need to optimize 
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Fig. 18. Mode shape identification error versus the number of sensing agents.

Fig. 19. Impact of the number of the selected VFSNs on response prediction results. (a) Mean response prediction error (over all VFSNs) vs. number of VFSNs. 
(b) Mean missing rate of the bridge response matrix (over all VFSNs) vs. number of VFSNs.

the number of VFSNs for balanced accuracy and efficiency. Similar to the effect of the number of sensing agents, the number of VFSNs 
does not impact frequency identification results. To achieve a denser spatial response prediction and mode shape identification, it 
is more effective to use different configurations of VFSNs at various locations rather than increasing their number. By running the 
framework with the desired number of VFSNs and combining the results from different configurations, prediction accuracy can be 
maintained. Based on observations in this research, 17 VFSNs have been selected as the base number.

5.4. Effect of data length on modal identification

To investigate how data length influences the quality of mode shape and frequency identification in our crowdsensing framework, 
we performed a supplementary test using subsets of the entire 15.64 s simulation (3127 points). We extracted portions ranging from 
40% to 100% of the full dataset and carried out the same modal identification procedure.

Figs.  21(a) and 21(b) show that once the partial data length exceeds about 75% of the original signal, the MAC for Modes 1–3 
remains above 95%, and the frequency errors remain below approximately 7% for the first mode and 1% for the higher modes. 
For shorter data windows (less than 65% of the base data length), MAC drops to under 90% for some modes, and frequency errors 
can exceed 10%. Hence, while the proposed framework places no explicit upper bound on data length, ensuring sufficiently long 
measurement time is beneficial for robust and accurate modal identification.

In conclusion, the analysis confirms that collecting more than 75% of the base data (in our case, roughly 11 s out of 15.64 s) 
yields minimal further improvement in MAC and frequency accuracy.
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Fig. 20. Mode shape identification error versus the number of VFSNs.

Fig. 21. Comparison of MAC values and absolute relative frequency error for different data dimensions from 40% to 100% of the base 3127 points.

5.5. Measurement noise

In real-world applications, when collecting acceleration data from vehicles, ambient noise is also captured. Therefore, investi-
gating the effect of introducing noise-corrupted data into the framework is necessary to evaluate its robustness. Ambient noise is 
typically modeled as a random Gaussian process, and the original signals can be replicated using Eq. (40) [59]: 

𝐬𝐧 = 𝐬𝐨 + 𝐸𝑛.𝜎𝑜.randn(𝑝) (40)

Here, 𝐬𝐧 represents the signals with added noise, 𝐬𝐨 denotes the noise-free recorded accelerations, 𝐸𝑛 represents the noise level, 
and 𝜎𝑜 represents the standard deviation of the signals. The function randn(𝑝) generates 𝑝 (signal length) random numbers following 
a standard normal distribution.

In this section, we examine the impact of noise levels ranging from 0% to 5% on the bridge response prediction results and modal 
identification results. As expected, Fig.  22(a) shows that the mean response prediction error of all VFSNs increases with higher noise 
levels. Notably, up to a noise level of 3%, the error introduced by ambient noise (relative to zero noise results) remains below 10%. 
This is significant because the framework does not incorporate noise cancellation during response prediction. This is because it is 
difficult to distinguish between noise and high-frequency components of the bridge response in real-world scenarios, and it is crucial 
to ensure that all necessary information is retained for further calculations.

Conversely, Fig.  22(b) indicates that the identified mode shapes are only slightly affected by ambient noise. This robustness is 
due to the effectiveness of the FDD method used for modal identification. The framework can identify the first three mode shapes 
with less than 3% error, even with noise levels up to 5%. Additionally, it is observed that ambient noise has almost no impact on 
frequency identification results. These findings demonstrate that the framework is robust to ambient noise.

5.6. Monte Carlo analysis

To determine whether the random selection of sensing agents affects the accuracy of bridge response prediction and mode shape 
identification, a Monte Carlo simulation was conducted by running the framework 30 times with different sets of randomly selected 
sensing agents. Fig.  23(a) illustrates the variability of the 𝑅2 values for response prediction across various VFSNs. The data, confined 
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Fig. 22. Ambient noise effect on: (a) the mean bridge response prediction error, (b) the mode shape identification error.

Fig. 23. Monte Carlo analysis of response prediction and mode shape identification under a random selection of sensing agents. (a) Variability of 𝑅2 values 
across multiple VFSNs. (b) Variation in MAC for the first three mode shapes.

within a 95% confidence interval, indicates minimal impact on prediction accuracy, demonstrating the method’s robustness against 
the specific choice of sensing agents. Similarly, Fig.  23(b) investigates the stability of the first three mode shapes’ identification. 
The results, also within a 95% confidence interval, show that the accuracy (MAC) remains consistently above 95%. Although there 
is slight fluctuation, the frequency identification is largely unaffected by the random selection of agents.

5.7. Impact of variable traffic speed

As discussed in Section 2.4, the proposed framework assumes constant speeds and fixed wheel distances for the sensing agents 
to simplify the analysis. However, this assumption does not limit the method’s applicability under real-world traffic conditions 
with variable vehicle speeds. The time step (𝛥𝑡) in Eq.  (28) serves as the numerical time step for the first-order backward Euler 
differentiation method and can adapt to individual sensing agents, as long as 𝛥𝑡 remains sufficiently small to preserve numerical 
accuracy.

To evaluate the framework under variable traffic speeds, another vehicle–bridge simulation was conducted. Vehicles were 
assigned speeds uniformly distributed between 20 m/s and 30 m/s, based on a uniform probability distribution. To avoid unrealistic 
interactions, vehicles with higher speeds were positioned closer to the bridge during initialization. This ensured no collisions 
occurred during the simulation and maintained realistic traffic flow dynamics. Using this setup, the simulation was repeated with 
the variable speed scenario, and the processed acceleration responses of the bridge were used to estimate its modal properties. 
Preprocessing steps, including offset removal, were applied to the data before modal analysis. The identified modal shapes were 
then compared to the ground truth modal shapes of the bridge. The results indicate that the first and second modes remained largely 
unaffected by variable traffic speeds, showing strong agreement with the reference case under constant vehicle speed (25 m/s), as 
shown in Fig.  24. However, the third mode exhibited higher sensitivity to speed variations, likely due to the influence of varying 
time steps on numerical differentiation. Higher modes inherently show higher sensitivity to inaccuracies in temporal data.

6. Conclusions and future work

This paper has introduced an innovative mobile-sensing-based continuous monitoring framework for continuous indirect 
monitoring of bridge structures. This innovative system utilizes a randomly selected network of mobile sensors to estimate bridge 
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Fig. 24. Comparison of identified modal shapes for the first three modes of the bridge under variable traffic speeds (20–30 m/s) with the ground truth modes.

responses at some predetermined fixed sensing nodes on the bridge (VFSNs). Our method is initiated by gathering critical data 
from mobile sensors, including vertical acceleration, pitch rotation, and location data. This collected vibration data is subsequently 
transformed to the vehicles’ contact points, where the pervasive effects of road roughness are effectively mitigated using calculated 
residual CP responses. These refined responses are then systematically correlated to VFSNs on the bridge through linear interpolation 
and regularized optimization. Even with a substantial data loss rate of 80%, common in traditional crowdsensing methods, this 
innovative framework effectively identifies the bridge’s modal properties using a randomly sampled response matrix.

The effectiveness of our framework was validated by numerical data derived from detailed simulations of a three-span bridge 
subjected to dynamic traffic flow, carefully considering factors such as road roughness and the intricate dynamics of vehicle–
bridge interactions. Remarkably, even with a substantial 80% rate of missing data and relying solely on just two mobile sensors in 
conjunction with 17 VFSNs, the proposed method demonstrated high accuracy in identifying the first three mode shapes and natural 
frequencies of the bridge, achieving MAC values exceeding 95% and maintaining relative errors below 3%.

Our study extensively evaluated key parameters influencing the proposed framework, including traffic speed, the number of 
sensing agents, VFSNs, ambient noise, random sensor selection using Monte Carlo simulations, and variable traffic speeds. The 
results confirmed the framework’s resilience to ambient noise and reliable performance under random sensor selection conditions. 
The optimal configuration for operational efficiency was determined to include 2 sensing agents and 17 VFSNs. The findings further 
demonstrated that, with appropriate preprocessing, the method effectively identifies bridge modal properties in practical scenarios, 
even under speed variations ranging from 72 to 108 km/h.

However, the proposed framework has certain limitations. Its optimal performance is achieved at traffic speeds consistently 
exceeding 25 m/s, with accuracy potentially affected by greater variations in vehicle dynamics. Additionally, the framework 
requires access to a dataset of vehicle properties to identify contact point responses and relies on a well-designed data acquisition 
app for drivers’ smartphones and a robust cloud processing server. Future research will aim to address these challenges by 
developing access to a more extensive database of vehicle parameters. Emphasis will be placed on the practical implementation and 
laboratory validation of the framework. Additional investigations will focus on adapting to variations in vehicle properties, managing 
asynchronous data collection across vehicles, and analyzing the effects of variable traffic speeds in greater detail. These efforts seek 
to improve the system’s practicality and reliability for real-world bridge monitoring, ultimately advancing the development of smart 
and resilient urban infrastructure.
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