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Abstract 

This paper presents a novel framework for monitoring and evaluation of population of bridges using 

smartphones in a large number of moving vehicles as mobile sensors. Within this framework, a damage 

detection methodology based on Mel-frequency cepstral coefficients and Kullback-Leibler divergence is 

developed. For this method, Mel-frequency cepstral coefficients of the vibration data collected from 

smartphones in vehicles crossing bridges are first extracted as features. Then, Kullback-Leibler divergence 

is used to compare the distributions of features. The damage in a bridge can be identified by quantifying the 

difference of the distributions obtained for the same bridge. Both numerical and lab experiments are 

conducted to verify the proposed framework and methodology. In lab experiments, a smartphone and two 

wireless accelerometers are used for data collection. From our results, it is concluded that the damage 

existence can be successfully identified using smartphones in a large number of vehicles. Also, it is observed 

that there is a significant correlation between magnitude of the damage features and the severity of damage. 

The results show that the method has the potential to monitor a population of bridges simultaneously and in 

almost real time. 
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1. Introduction 

Civil infrastructure systems, especially bridges, are a critical component of public transportation system. 

However, as our infrastructure systems age, they suffer from different types of damage which significantly 

affects their performance and service life. In this context, bridge health monitoring comes into play to reduce 

the cost for maintenance and extend the service life. In recent years, vibration-based health monitoring 

techniques have achieved promising progress thanks to the breakthrough in data analysis techniques and rapid 

development of wireless sensor networks.1-7 

Although researchers have cut the cost significantly by introducing new data acquisition techniques like 

wireless sensors, it should still be acknowledged that those techniques have their limitations. First, wireless 

sensors are active monitoring systems that require labor to install equipment onsite, in spite of the fact they 

are already much more convenient than traditional wired sensors. Second, consistent and stable power supply 

is still a bottleneck for long term monitoring.8 Third, current monitoring techniques are usually conducted by 

researchers or engineers, which requires advanced knowledge about structural design and sensing 

technologies. 
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To overcome these issues, a new path that utilizes crowdsourcing data have attracted increasing interests 

from researchers in recent years.9-11 Owing to the development of wireless technologies and internet of things, 

almost everyone has at least one smart device which is able to connect to the internet. These smart devices 

are usually equipped with various sensors, such as accelerometer, camera, gyroscope and GPS. In recent 

years, these sensors have been successfully used for different applications, such as step counting and sleep 

tracking. It has been reported by several researchers that smartphones can also be used for structural health 

monitoring purpose,10-13 but to the best of authors’ knowledge, this paper is the first study that proposes a 

framework for using large number of smartphones on vehicles for bridge health monitoring and presenting 

analytical and experimental verifications. 

This paper presents a novel crowdsourcing based framework for indirect bridge health monitoring by 

utilizing data from smartphones in a large number of vehicles. The proposed methodology is developed based 

on Mel-frequency cepstral coefficients (MFCCs) and Kullback-Leibler (KL) divergence as discussed in the 

next sections. Afterwards, numerical analysis on a bridge with parameters similar to Yang et al 14 is conducted 

to verify the proposed methodology. Finally, the smartphone app developed for data collection is introduced 

and the lab experiments are discussed, which are followed by discussions and conclusions. 

It should be noted that the framework can easily be extended to other smart devices including smart 

vehicles. By definition, indirect health monitoring is to place one or more sensors on a moving vehicle and 

assess the condition of bridge by analyzing the data collected when vehicle is passing across the bridge. 

Researchers in this area have been able to identify frequency, mode shapes, damping, or the damage on 

bridges successfully using a single vehicle.14-25 However, those methods are still considered as active 

monitoring since specific vehicles must be dispatched for monitoring purpose. Usually, the same vehicle has 

to be used for all the measurement in order to make the results valid.26 The conclusions can vary when using 

different vehicles or at different speeds.  

In the proposed framework, the smartphones in vehicles act as sensors. The data collected from 

smartphones in a large number of vehicles are used to detect damage. The variation of vehicle configurations 

is taken into consideration in our research. Figure 1 illustrates the overview of the framework. When people 

drive across the bridges, their smartphones would automatically collect the vibration data and process the 

vibration data to extract features. Then, the extracted features will be transmitted to the remote database 

termed as cloud. Finally, the gathered data are analyzed systematically from the remote computers to assess 

the condition of bridges. 



 

Figure 1 - Overview of crowdsourcing based damage detection technique 

There are several advantages when smartphones in a large number of vehicles (i.e., crowdsourcing) that 

connect to the internet working as mobile sensors instead of a single one is used. First, it can significantly 

reduce the cost for maintenance since no specific arrangements have to be made for monitoring. The vibration 

data of bridges can be collected by the smartphones automatically when vehicles cross the bridge. Second, 

this system has the potential to monitor a population of bridges regularly as long as there are vehicles passing 

through the bridges. Third, owing to crowdsourcing, this technique is more robust to operational effects and 

human errors. 

2. Methodology 

2.1. Overview 

In this section, the data analysis methodology within the proposed framework of utilizing smartphones 

in a large number of vehicles for indirect health monitoring is presented. In our method, it is assumed that 

there is one smartphone in each vehicle crossing a bridge. As different vehicles pass through the same bridge 

at different times. MFCCs are extracted for each vehicle (discussed in detail in section 2.4), and the extracted 

features are transmitted to a feature pool. This feature pool accumulates the features from a large number of 

vehicles, and an estimate of multi-variate distribution of the features can be made from the feature pool. 

Considering two different periods, one for baseline state of the bridge and the other for unknown state, it is 

assumed that there are s1 vehicles passing across bridge in baseline period and s2 vehicles for unknown period. 

Estimates of two distributions (baseline and unknown) can be compared using KL divergence (described in 

section 2.5). The damage detection procedure described in this paragraph is presented in Figure 2. 



 

Figure 2 - Damage detection procedure 

2.2. Vehicle Bridge Interaction 

Vehicle bridge interaction is an important concept for bridge design and maintenance. Due to the 

dynamic interaction, vibration data collected from either vehicle or bridge would have each other’s 

information in a coupled form.27 The concept of indirect health monitoring is to indirectly monitor the 

condition of the bridge utilizing the response of the vehicles. The very early work that extracts the frequencies 

of the bridge from vibrational data of a passing-by vehicle is from Yang et al.14, 28 They provide a theoretical 

solution to represent vehicle’s acceleration as function of the dynamic properties of both bridge and vehicle. 

Following that, researchers have successfully identified the damping18, 29, 30 and mode shapes31-33 of the bridge 

indirectly. 

To briefly describe the vehicle bridge interaction process, a simply supported bridge is presented in 

Figure 3 and a spring mass model is used to simulate vehicle, the VBI equations can be written in equation 

(1).28 The first equation is the dynamic equilibrium of the bridge, and the second is for the vehicle. 

 
Figure 3 - Spring mass vehicle bridge interaction model 
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where x is the distance to an end of the bridge, v is the speed of the vehicle, t is the current time, ( )m x is the 

mass of bridge per unit length, E(x) and I(x) are elastic modulus and moment of inertia of the bridge section, 

mv is the mass of the vehicle, kv is the stiffness of the vehicle, and c(x, t) is the contact force. In addition, ub 

and uv are the displacements of bridge and vehicle relative to the equilibrium position. It should be noted that 

ub is related to the location x and time t, and uv is only related to time t. Also note that equation (1) is a general 

form which suits all beam-like structures, and 𝑚̅, E and I will be constants if cross-sectional and material 

properties are uniform. 

The detailed derivation and solution of the equations can be found in Yang and Lin.28 It could be seen 

in their paper that the displacement, velocity and acceleration from vehicle include dynamic characteristics 

of both bridge and vehicle. Standard signal techniques such as Fourier transform is a reasonable way to 

separate the dynamic information. However, with the existence of road surface roughness, operational effects 

and measurement noise, the direct use of Fourier transform usually does not work. 

2.3. Crowdsourcing with Smartphones in Passing by Vehicles 

In traditional indirect health monitoring methods, damage can only be detected when the properties of 

the vehicle (e.g. natural frequency, speed, etc.) are known or the same vehicle is used for both baseline and 

unknown cases. In reality, it is impractical to measure all the properties of the vehicle. Also, the damage 

could propagate slowly, and it is hard to keep the vehicle’s properties the same for every test. Any 

inconsistency in the vehicle configurations would lead to increased uncertainties in the results. 

In recent years, thanks to the fast development of the Internet of Things technologies, we can easily 

access a variety of sensors that are embedded in smartphones or smart connected vehicles, which have access 

to internet. In our method, instead of using a single vehicle, crowdsourcing data collected from smartphones 

in a large number of vehicles are processed to extract features. Unlike traditional indirect health monitoring 

where features are directly compared to identify damage, our proposed method compares the distributions of 

features estimated from data collected from smartphones in a large number of vehicles. In this way, although 

the configurations of vehicles may vary for different tests, the statistical characteristics of all the vehicles are 

expected to be stable and thus changes in the distributions of the features can be used for damage detection. 

Using crowdsourcing data from smartphones, a population of bridges could continuously be monitored in 

near real time with the help of several thousands or tens of thousands of vehicles, if not more. 

2.4. Mel-frequency cepstral coefficients (MFCCs) 

Cepstral analysis is the inverse Fourier transform of the logarithm of the spectrum for a signal, which is 

a powerful tool for speech recognition and natural language processing. There are a number of varied cepstral 

analysis techniques, among which Mel-frequency cepstral analysis is one of the most popular ones. The 

features extracted from Mel-frequency cepstral analysis is called MFCCs, i.e., Mel-frequency cepstral 

coefficients. The major advantages of MFCCs compared to other feature extraction methods include: 1) Mel-

cepstral analysis looks for patterns in a frequency range instead of searching peaks. 2) It gives higher weights 

for lower frequencies and lower weights for higher frequencies. MFCC has gained great success in the area 



of voice recognition and natural language processing,34-36 but has only started to attract a little attention from 

structural health monitoring researchers in recent years.37, 38  

The procedure of calculating MFCCs from acceleration data collected from the smartphones can be 

summarized in four main steps: 1) the Fourier transform of the acceleration signal is computed; 2) the power 

spectrum in Hertz scale is mapped to Mel scale using Mel filter bank; 3) the logarithms of the mapped powers 

at each Mel frequency is calculated; 4) the discrete cosine transforms of the log powers are calculated. After 

implementing these four steps, the amplitudes of the resulting spectrum will be MFCCs. In this way, all the 

information in the power spectrum would be integrated in MFCCs with higher weights for lower frequencies. 

Mel-frequency cepstral analysis is originally designed to simulate human being’s auditory system. One 

of its key steps is to process the data with a set of triangular filters with unevenly spaced intervals, which 

considers the fact that difference in lower frequency is more significant than in higher frequency. However, 

MFCCs are built for hearing system which is most sensitive to frequencies from 2000 to 5000 Hz.39 This 

frequency range is far larger than the normal frequency range for bridges, which indicates that the algorithm 

to calculate MFCCs should be adapted before being applied to bridge health monitoring.40 Considering the 

characteristics of bridges, two equations are proposed as described in equation (2) and equation (3) for 

conversion between Mel-scale and Hertz-scale frequencies.  
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f
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where f is the Hertz-scale frequency and m is the Mel-scale frequency. 

The relationship between frequencies in Hertz-scale and Mel-scale are shown in Figure 4. The main 

function of this conversion is to find points in Hertz-scale with exponentially increasing intervals. In Figure 

4, it is seen that evenly spaced points on adapted Mel-scale are mapped to increasingly spaced points in Hertz-

scale. The equation for locating the unevenly spaced points are as below, 
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in which fi is the ith Hertz-scale frequency corresponding to the ith evenly spaced Mel-scale frequency, and n 

is the number of key frequencies within the range from f1 to fn. 



 

 
Figure 4 - Conversion between Hertz Scale and Adapted Mel Scale 

The next step is to build a series of triangular filters based on key points calculated from equation (4). 

A single triangular filter is defined according to equation (5). 
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in which Hi(k) is the ith filter bank that will be applied to the power spectrum and i could be 2,3,4,…,n-1 , and 

k is the frequency. Figure 5 plots these triangular filters in frequency domain.  

 
Figure 5 - Triangular filter bank 



As described in equation (6), since both filter bank and spectrum are in frequency domain, the total 

energy for each filter is calculated as dot product of filter and spectrum. 

( ) ( ) ( )i

k

E i H k F k=   (6) 

where F(k) is the Discrete Fourier Transform of the original acceleration signal, and Hi(k) is the ith filter in 

the filter bank.  

Then, the logarithms of the total energy for each filter can be taken at each of the Mel frequencies. 

log ( ) log( ( ) ( ))i

k

E i H k F k=   (7) 

The last step to calculate MFCCs is to take the Discrete Cosine Transform (DCT) of the logged energy. 

Since there are in total n-2 filters, the DCT can be written as in equation (8). 
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where Xj is denoted as MFCC. The number of MFCCs is equal to the number of triangular filters, but 

practically only some of them are selected for further analysis. 

2.5. Kullback–Leibler (KL) divergence 

For baseline case, extracting MFCCs from s1 vehicles, an s1×p matrix can be formed, in which p is the 

number of coefficients kept from MFCCs. It should be acknowledged that this s1×p matrix should follow a 

multi-variate distribution. For an unknown state, if there are s2 vehicles passing through the bridge, the 

resulting s2×p matrix should follow another multi-variate distribution. The damage can be identified by 

comparing these two distributions. In this paper, KL divergence, which is deemed as one of the few powerful 

methods for comparing multi-variate distribution, is utilized to compare two probability distributions, i.e., 

distributions of features from baseline and unknown cases.41 The general form of KL divergence is presented 

in equation (9). 
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where N0 and N1 are the probabilities over a set X, and DKL(N0||N1) stands for the KL divergence from N1 to 

N0. The KL divergence comes from information theory, and measures the information loss when N1 is used 

to approximate N0. KL divergence is always non-negative, and is well studied for multi-variate distribution 

comparison, which makes it a suitable mathematical tool for designing damage features (DFs). 

In this paper, the features collected from vehicles within a certain period are assumed to follow multi-

dimensional Gaussian distribution,42, 43 the KL divergence can be written as below.44 
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where μ0 and μ1 are the mean matrices and Σ0 and Σ1 are the covariance matrices for baseline and unknown 

cases, trace() stands for the trace of matrix, and k is the number of features. 



 The range of KL divergence is [0, ∞). Due to its mathematical form, the KL divergence is exponentially 

related to the distance of distributions. In order to detect the damage more robustly, it is mapped to a linear 

relationship with range of [0, ∞) as well. The following transformation is applied and the output is defined 

as damage feature (DF). 

 0 1 0 1F( , )=ln ( || ) 1KLD N N D N N e+ −  (11) 

where e is the Euler’s number. 

3. Numerical Analysis 

In this section, a series of numerical simulations conducted in Abaqus on a simply supported bridge with 

the same dimensions as in Yang et al. is presented.14 The length of the bridge is 25 m. The bridge is made of 

reinforced concrete, which has density of 2400 kg/m3
 and elastic modulus of 27.5 GPa. The cross section of 

the bridge has an area of 2.0 m2 and moment of inertia of 0.12 m4. The first three frequencies of the bridge 

are 2.08 Hz, 8.33 Hz and 18.75 Hz. The bridge is modeled by beam elements and is divided into 16 elements 

as numbered in Figure 6. 

 
Figure 6 - Mesh grid of the bridge 

The vehicle is simply modeled as a spring mass moving over the bridge. The spring constant, mass and 

speed are defined according to Yang et al.14 and are varied to model different vehicles. The configurations 

are summarized in Table 1. 

Table 1 - Variation of vehicle configurations 

 Vehicle configurations 

Mass (kg) 960, 1200, 1440, 1680, 1920, 2160, 2400 

Spring constant (kN/m) 200, 250, 300, 350, 400, 450, 500 

Speed (m/s) 8, 10, 12, 14, 16, 18, 20 

Combing all the possible values for three parameters, there are 7×7×7=343 simulations with different 

vehicles. If each vehicle is repeated 5 times (artificial random noise is added to each simulation), the vehicle 

test pool is extended to 343×5=1715 vehicles. In Abaqus, all the vehicles passing through the bridge are 

simulated. The sampling frequency of the acceleration data is 100 Hz. To consider the measurement noise, 

all the data are corrupted with 5% artificial noise. 

In order to consider the fact that the vehicles passing across the bridge during different periods are not 

the same, a randomly sampling process is taken for each state of the bridge. For the intact bridge, 50% of 

1715 data records are sampled randomly and reserved as baseline case, and the remaining 50% data records 

are taken for validation (called DC0_N). 

In addition to baseline and validation cases, 5 damage cases that are grouped into 3 categories are 

introduced to verify the proposed method. Similarly, 50% data records for each damage case are randomly 

sampled as well. To verify the robustness of the method, the random sampling process is repeated 30 times, 



and at each time the data for the baseline, validation and damage cases are selected differently. The list of 

numerically introduced damage cases is shown as below: 

1) DC1a_N: 15% reduction of stiffness at elements 8 and 9 

2) DC1b_N: 30% reduction of stiffness at elements 8 and 9 

3) DC2a_N: 15% reduction of stiffness at elements 4 and 5 

4) DC2b_N: 30% reduction of stiffness at elements 4 and 5 

5) DC3_N: Both ends are changed to fixed supports. 

Among the above damage cases, DC1_N and DC2_N are related to stiffness reduction of elements, 

while DC3_N is the boundary condition change at both ends. DC1_N and DC2_N introduce damage at 

different locations, and a and b stand for 15% and 30% stiffness reduction. The stiffness reduction cases are 

simulated by reducing elasticity modulus of elements. 

3.1. DC1a_N and DC1b_N:15% and 30% reduction of stiffness at the mid-span 

The DFs for the cases of stiffness reduction at the mid-span are presented in Figure 7. Each point on the 

figure represent one complete implementation of the algorithm for a single damage case. As shown in the 

figure, the DFs for DC1a_N and DC1b_N are about 0.3 and 0.45, which are both higher than DC0_N, i.e., 

validation case. Also, as the damage becomes more severe, the DFs become higher. This indicates that the 

severity of the damage is also successfully identified. Due to the randomness of the sampling process, the 

results for 30 trials are different. However, as can be seen in the figure, the DFs for each damage case fluctuate 

about the average within a reasonable range. The coefficient of variation of DFs for DC0_N, DC1a_N and 

DC1b_N are 0.128, 0.034 and 0.038, respectively. The difference of DFs among different damage cases are 

larger than fluctuation for a single damage case. 

 

Figure 7 - DFs for DC1a_N and DC1b 

3.2. DC2a_N and DC2b_N:15% and 30% reduction of stiffness at the ¼ span 

DC2a_N and DC2b_N are also related to stiffness reduction, but at different location than DC1a_N and 

DC1b_N. In Figure 8, it is seen that both two damage cases are successfully identified as well. The DFs also 

increases as the damage become more severe. The average DFs for DC2a_N and DC2b_N are about 0.3 and 

0.4, and the coefficient of variation for them are 0.050 and 0.037. Comparing Figure 7 and Figure 8, the DFs 



for the cases with the same extent of stiffness reduction, i.e., DC1a_N and DC2a_N, DC1b_N and DC2b_N, 

are at about the same level, which in a way shows that the values of DFs are mainly related to the severity of 

damage. 

 

Figure 8 - DFs for DC2a_N to DC2b_N 

3.3. DC3_N: Boundary condition change at both ends 

Comparing with the local damage cases, DC3_N, boundary condition change at both ends, is the most 

severe damage. Figure 9 shows the DFs for both DC0_N and DC3_N. It is seen that the average of DFs for 

DC3_N are around 2.8, which is significantly larger than validation case and the local damage cases. This 

again shows that the level of DFs is a very useful indicator for assessing the severity of the damage. The 

coefficient of variation of DFs for DC3_N is 0.011. 

 

Figure 9 - DFs for DC3_N 

3.4. Influence of number of vehicles 

As described in previous sections, the DFs fluctuate due to the fact that data from different sets of 

vehicles are used for baseline and unknown states as well as the influence of operational effect. In this section, 

the relationship between number of vehicles and the dispersion of DFs is discussed. As shown in Figure 10, 

the coefficient of variation of DFs is plotted against different number of vehicles. It is seen that the coefficient 

of variation of DFs are higher for all 5 damaged cases when small number of vehicles are used. As the number 



of vehicles increases, they all decrease gradually. Therefore, it is safe to say that the approach is more robust 

when larger number of vehicles are used which is very promising for real-life applications with big-data 

extracted from large number of vehicles. It should also be noted that curves for coefficient of variation of 

DC1a_N, DC1b_N, DC2a_N and DC2b_N are very close to each other, which are all far from the curve for 

DC3_N. This is because the first 4 damage cases are all related to stiffness reduction but DC3_N is about 

boundary condition change, which shows that the dispersion of DFs is affected by the type of damage. 

 

Figure 10 - Relationship between coefficient of variation of DFs and number of vehicles 

4. Experimental Studies 

4.1. Data collection app  

In order to collect the data smoothly, our research team developed an android app that can collect 

acceleration data and GPS information simultaneously. The screens of the app are presented in Figure 11. 

The data is collected from the sensors on smartphone and stored remotely on Amazon web service remote 

database. A Matlab based post-processing program compatible to this app is also developed. This app has the 

flexibility to set the sampling frequency, collect acceleration data along different axes and record the GPS 

information along with the vibration information. It also has the ability to visualize the vibration data and 

GPS information. This app is our first step to apply our techniques onto experiments or real bridges. 



    

(a) Android app (b) setup screen 
(c) acceleration data 

visualization 

(d) GPS data 

visualization 

Figure 11 - Data collection app 

4.1.1. Global coordinates 

In practice, the smartphone is likely to be placed in arbitrary orientation in the vehicle. The acceleration 

data collected from the built-in triaxial accelerometer is relative acceleration regarding to smartphone’s local 

coordinate system. However, in order to identify damage in a bridge, the global vertical acceleration is used. 

To resolve this issue, the orientation of the smartphone is measured through the gyroscope and magnetometer 

in combination with accelerometer, and a rotation matrix, R, can be extracted from Android API. The global 

acceleration can be simply calculated by multiplying the inverse of R to the relative acceleration vector.45 

4.1.2. Sampling frequency correction 

It is observed that Android smartphones usually have imperfect sampling frequency, i.e. the sampling 

intervals would deviate from the preset values. This phenomenon is also reported by other researchers.46 This 

not only affects performance but also causes problems to signal processing techniques such as Fourier 

transform. 

 In order to study this effect, a simple impact test is conducted on an intact simply supported bridge in 

the lab, and 10 s acceleration data is recorded using our app. The plot that shows the relationship between 

time intervals and time is presented in Figure 12. It is seen that the time interval fluctuates around the given 

value, 0.01 s, except for a couple of samples with very large or very small intervals. The average of all the 

intervals in this period is 0.00994 s and the standard deviation is 0.00055 s. 

Since the time interval does not deviate from preset value significantly, to resolve this issue, a sampling 

frequency correction technique similar to the one proposed in Ozer et al.46 is used. The corrected sampling 

frequency is calculated as the multiplication of original sampling frequency and correction coefficient, where 

correction coefficient is the ratio of the number of data points for target sampling frequency and original 

sampling frequency. After the correction, the acceleration data is illustrated in Figure 13. It is seen that the 

pattern of acceleration data does not change considerably, but now a variety of signal processing techniques 

can be used.  



 

Figure 12 - Time intervals versus time 

 

Figure 13 - The original and corrected acceleration data 

4.2. Experimental setup 

In this section, a simply supported bridge as shown in Figure 14 is setup in our lab to verify the proposed 

method experimentally. The bridge deck is made of hot rolled steel W44, which has a yield strength of 250 

MPa, and ultimate strength of 310 MPa. The modulus of elasticity of the steel is 200 GPa. The dimensions 

of the bridge are as follows: length 2 m, width 330 mm and thickness 6.35 mm. Similar to numerical analysis, 

5 artificial damage cases grouped in 3 categories are applied to the experimental bridge model: 

1. DC1a_E: 15% stiffness reduction at the mid-span; (See Figure 15) 

2. DC1b_E: 30% stiffness reduction at the mid-span; (See Figure 16) 

3. DC2a_E: 15% stiffness reduction at the ¼-span. (See Figure 15) 

4. DC2b_E: 30% stiffness reduction at the ¼-span. (See Figure 16) 

5. DC3_E: Boundary condition change at both ends (See Figure 17) 



 

Figure 14 - Setup of the lab experiment 

In above damage cases, DC1a_E has a 24.8 mm by 250 mm cut centered at mid-span at each side, while 

in DC2a_E the cut with the same size is centered at 0.5 m from an end. Similarly, a 49.5 mm by 250 mm cut 

is made at each side of steel bridge as well to simulate 30% stiffness reduction, where the damage at the mid-

span is called DC1b_E and at the ¼ span is called DC2b_E. In order to eliminate the effect of mass reduction 

when area is cut off the bridge, for all stiffness reduction damage cases, steel flat bars with the same size as 

cut area (see Figure 15 and Figure 16) are loosely attached to the bridge using hot glue. DC3 is applied by 

mounting each end to a short I-beam through four bolts. 

 

Figure 15 - Artificial damage applied for DC1a_E and DC2a_E 

 
Figure 16 - Artificial damage applied for DC1b_E and DC2b_E 



 
Figure 17 - Boundary condition change for DC3_E 

A model vehicle is developed to mimic the behavior of real vehicles. This model vehicle can be used to 

simulate different speed, suspension, weight etc. As illustrated in Figure 18, the vehicle is mainly composed 

of two aluminum plates. The motors and wheels are connected to the bottom plate and controlled by an 

Arduino programmable board. The whole vehicle is powered by 5 AA batteries. The top plate is connected 

to the bottom plate through rods, linear bearings and springs to model the suspension system. Two G-Link®-

200 wireless accelerometers are mounted at sides of the top plate. Galaxy S5 smartphone is mounted at the 

center of the top plate. The wireless accelerometers have a sampling frequency of 128 Hz, while smartphone 

has a sampling frequency of 100 Hz. The average is taken when data are collected from two wireless 

accelerometers. 

 

Figure 18 - Setup of the model vehicle 

As presented in Figure 19, to verify the capacity of the smartphone to collect acceleration data, the same 

impact test as described in section 4.1.2 is conducted on the intact simply supported bridge. The smartphone 

as well as wireless accelerometer are mounted at the mid-span of the bridge for data collection. The 

acceleration data measured from both devices are presented in Figure 20(a), and Fourier transform are 

conducted and shown in Figure 20(b). It is seen that smartphone can measure the acceleration very accurately 



and can identify the modal frequencies of the bridge in the given range successfully, which are 3.71 Hz, 14.9 

Hz, 33.4 Hz.  

 

Figure 19 - Placement of smartphone and wireless accelerometer for impact test 

 

(a) time domain 

 

(b) frequency domain 

Figure 20 - Comparison of smartphone and wireless accelerometer 



In the model vehicle, the springs are replaceable, and the spring constant is changed among 5 values: 

155 N/m, 288 N/m, 425 N/m, 615 N/m, and 726 N/m. The weight of the model vehicle can be changed by 

placing additional masses on the top plate, and it is changed among five levels: 0.898 kg, 0.988 kg, 1.084 kg, 

1.170 kg, 1.270 kg. The speed can be changed by programming the Arduino board, and it is varied among 3 

values: 0.25 m/s, 0.33 m/s, 0.40 m/s. In addition, each test is repeated 3 times for each model vehicle 

configuration. 

Combining all the parameter changes and repeated tests, there are in total 5×5×3×3 = 225 tests for each 

bridge state. To avoid using exactly the same set of vehicles for different damage cases, 50% data entries of 

the vehicle pool are randomly sampled. Similar to the numerical analysis, 50% of the tests on intact bridge 

are reserved as baseline case and the remaining 50% are for validation. For other damage cases, only 50% of 

the tests are selected for damage detection. In this way, the sets of vehicles would be different for different 

damage cases, which is close to real situation because it is impossible to have exactly the same set of vehicles 

passing across bridge during different periods. However, since they are sampled from the same set of vehicle 

configurations, they should follow similar distributions. The sampling process has randomness. Therefore, in 

order to verify the robustness, the method is implemented 30 times with different samples included. 

4.3. Experimental results 

The results obtained using the wireless sensors and the smartphone are presented in Figure 21 and Figure 

22, respectively. Each point in the figures represents the DF for a complete implementation of the algorithm 

from one sampling process, and therefore there are in total 30 points for each damage cases. 

Similar to numerical analysis, the horizontal dashed lines stand for the average DF over all 30 trials. In 

Figure 21, it is shown that DFs for all damage cases are higher than DC0_E, which indicates that the damage 

is successfully identified. Among these damaged cases, DFs for DC1a_E and DC1b are about the same level 

as DC2a_E and DC2b_E. DFs for DC1b_E and DC2b_E are higher than DC1a_E and DC2a_E, because 30% 

stiffness reduction is more severe than 15% reduction. DC3_E has the highest DFs, which makes sense 

because boundary condition change is the most severe damage. It should be noted that the difference of DFs 

among different damage cases is not as significant as in numerical analysis. The reason is that the vibration 

of the vehicle and bridge in experiments is not as ideal as in numerical models. The existence of noise in 

frequency spectrums makes the extracted features harder to distinguish. In spite of that, the variation of DFs 

in a single damage case is still within an acceptable range so that different damage cases are separable. The 

observations above show that the approach is robust when different sets of vehicles following the same 

distribution are used for damage detection. 

Comparing DFs obtained using wireless accelerometers and the smartphone, it is seen that the DFs from 

both devices are very similar, but the fluctuation of DFs from smartphone data is generally larger than from 

sensors. The reason for this is that the location of wireless accelerometers is different than the smartphone. It 

can be seen in Figure 18 that smartphone is placed at the center of the top plate, and therefore the vibration 

of the top plate is likely to be included in smartphone data. 



 

(a) DC1a_E and DC1b_E 

 

(b) DC2a_E and DC2b_E 

 

(c) DC3_E 

Figure 21 - DFs obtained using the wireless accelerometers 



 

(a) DC1a_E and DC1b_E 

 

(b) DC2a_E and DC2b_E 

 

(c) DC3_E 

Figure 22 - DFs obtained using the smartphone 



5. Discussion 

To the best of the authors’ knowledge, the proposed framework is the first of its kind in the world and 

it is anticipated that the expected outcomes of the proposed research program will be extremely useful for 

developing smart transportation infrastructure systems using connected vehicles and other mobile sensing 

technologies. Although the proposed framework and methodology of utilizing crowdsourcing data from 

smartphones in vehicles has shown promising results, there are still challenges that need to be resolved before 

routine real-life applications. 

First, the increased uncertainties on the collected data introduced by the random placement of the 

smartphone in the vehicle is an important factor. The influence of location and direction of the smartphone 

should be investigated and eliminated. One possible solution is to use the built-in gyroscope and 

magnetometer data to aid the accelerometer and convert the local acceleration data to global vertical 

acceleration, which is already implemented in our Android application. Also, active filtering techniques could 

be applied to identify the validity of the data, and unstable data could be discarded automatically. 

Besides, this proposed framework requires the smartphone to measure the acceleration and transmit data 

to remote database. To minimize the battery and data usage in real-life applications, the method presented in 

this paper only requires the transmission of a small number of features extracted from the data. Also, this 

issue can be overcome by using GPS data. For example, the data recording process will not be activated until 

the GPS tells that the vehicle is about to pass a bridge. The data accessibility is another issue that should be 

resolved for future real life implementations. Currently, we rely on volunteers to install the app and ask their 

permission to collect and transmit data. In the future, the method can be integrated into commercial apps such 

as Google map to increase the volume of data or apps that are developed by municipalities and other local 

authorities for the use of the citizens. 

In addition, the challenges from traditional indirect health monitoring problem such as road profile 

roughness, limited vehicle-bridge interaction time and environmental effects, will affect the framework as 

well and should be studied. In practice, to reduce the influence of environmental and operational, the 

framework can also be used with other monitoring data such as weather information or temperature. Also, it 

should be noted that the framework neither requires the collection window to be continuous nor restrict the 

length of it as long as a large number of vehicles passing through the bridge within that window. In practice, 

the collection window can be chosen as large as possible to average out the environmental and operational 

effects. 

6. Conclusions 

This paper proposes a novel framework for damage detection of bridges using crowdsourcing data 

collected from a large number of vehicles passing through a bridge at different times. The method developed 

within this framework utilizes Mel-frequency cepstral coefficients and KL divergence under this framework 

to detect damage on the bridge. Both numerical analysis and experiments are conducted to verify this method. 

The crowdsourced vehicles are simulated by changing the configurations of a single vehicle (i.e. weight, 

suspension spring and the speed of the vehicle). In the experiments, data collection using both wireless 

sensors and smartphones are investigated. The following main conclusions are obtained from our studies: 



1. The proposed DFs calculated based on crowdsourcing data from smartphones in vehicles 

successfully identify the existence of damage and extract useful information about severity. 

2. One of the main advantage of the proposed method is that the requirement of knowing vehicle 

configuration or using the same vehicle for damage detection is eliminated. 

3. It is shown that smartphones can potentially be used to indirectly detect damage in bridges. 

In this paper, the smartphones are considered as sensors for data collection when dealing with a large 

number of vehicles. It has to be acknowledged that smartphones have several defects compared to wireless 

sensors, such as lower sampling frequency and lower resolution, but they are widely used and have access to 

internet. This paper has demonstrated that the smartphone can give just as good results as wireless sensors 

for indirect bridge health monitoring. With the help of crowdsourcing with smartphones, this method has the 

potential to monitor a population of bridges simultaneously and in almost real time. 

In the future, the localization of damage using a large number of vehicles will be investigated. Factors 

such as road surface roughness and operational effect will be considered as well. It should be noted that the 

method can be extended to other smart devices including smart vehicles considering the smart and connected 

vehicles have several embedded sensors which can be exploited for assessing different infrastructure systems 

including bridges. 
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