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1. Introduction 

 
Bridges have a significant impact on various aspects of 

daily life, including the economy (Moschas et al. 2013). 
This is particularly important when the bridge is in 
operation. Although large-bridge engineering technologies 
have evolved rapidly in recent years (Torbol et al. 2013), 
bridge accidents frequently occur during operation. Thus, 
given the necessity to effectively guarantee the safety of 
people’s lives and property, civil engineering researchers 
have begun focusing on bridge health monitoring. Owing to 
the long service life of bridges, their environmental 
conditions change over time. For instance, the load on the 
bridge constantly fluctuates; thus, the potential risk of 
damage is high. Because bridge damage typically develops 
from localized damage, it is difficult to detect intrinsic 
damage via visual inspection. The bearing capacity and 
durability of the bridge will be affected if the damage 
location is not found during improvements such as bridge 
repair and reinforcement. Furthermore, the accumulation of 
time results in accumulated damage, which leads to serious 
accidents, immeasurable economic losses, and a negative 
social impact. Therefore, research on damage detection in 
bridges during service periods is of great practical 
significance. 
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Currently, vibration- (Yıldırım 2023) and testing-based 

(Daneshvar et al. 2023) methods for damage detection 
(Barros et al. 2023) are being widely (Jamshidi and El-
Badry 2023) applied to bridges (Reynders et al. 2007). 
Mekjavic (2013) derived formulas for stiffness and mass 
damage indicators and employed frequencies to realize 
structural damage detection. Hosseinzadeh et al. (2016) 
proposed a novel approach for detecting structural damage 
that involves utilizing a flexibility matrix before and after 
the damage. They computed the differences between the 
columns and rows of the flexibility matrix to obtain a 
flexibility-difference curvature matrix. The diagonal 
elements of this matrix were then applied as indicators to 
effectively detect structural damage. Shi et al. (2024) 
proposed probabilistic and interval methods grounded in the 
residual force vector technique to quantify measurement 
uncertainties and effectively integrate them into the 
identification process. Zhang et al. (2023) proposed a 
damage identification method based on mobile vehicle 
response signals. Verified through finite element models 
and actual bridges. And satisfactory results were obtained. 

During bridge operation, external interference factors, 
such as noise and temperature, inevitably affect the 
response of the structure (Wang et al. 2022). The position of 
the neutral axis (NA) is inevitably affected by the nonlinear 
temperature gradient of girders, which might mask the 
abnormality caused by damage. The influence of 
temperature can be minimized by screening the data of 
bridge health monitoring in different periods. However, 
noise cannot be avoided. In some cases, the noise may be 
too large, even exceeding the magnitude of the signal itself 
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(Li et al. 2024). Therefore, the noise processing are crucial 
for accurate damage detection. Additionally, because the 
level of early damage in bridges is relatively low (Sousa 
Tomé et al. 2019), relying on a single damage indicator may 
not provide sufficient information to accurately assess the 
extent of localized damage, which can potentially lead to 
misjudgment. Multiple damage indicators should be applied 
to enhance the reliability and fault tolerance of damage 
detection methods and prevent misjudgment. 

To reduce the effects of noise in the process of damage 
detection, Fathi and Naghsh-Nilchi (2012) demonstrated the 
robustness of their method by using wavelet packet 
decomposition and wavelet threshold denoising. Seyedpoor 
and Yazdanpanah (2014) proposed a strain–energy variation 
method for damage detection that entails the use of static 
noise data. Bai et al. (2017) proposed a Katz fractal 
dimension-integrated trace-scanning fusion method for 
plate-like structure damage detection. This method involves 
the threshold denoising of the double tree complex wavelet 
transform, discrete decomposition of the plate vibration 
modes, and affine transformation preprocessing. Sohn and 
Law (2015) introduced the application of Bayesian 
methods, and their proposed damage detection method can 
apply the simplified analytical models and modal 
parameters derived from vibration testing to locate damaged 
areas. Chakrabarty et al. (2015) proposed a Bayesian 
method for spatial filtering and diffusion power estimation 
that combines reverberation and noise reduction. Building 
on the previous work, the authors developed a multilevel 
sparse Bayesian learning model to identify structural 
damage and implemented a sparse Bayesian learning 
algorithm to determine the location and extent of the 
suspected damaged elements. The effectiveness of this 
method has been validated for both single-element and 
multiple-location damage scenarios in a spatial grid. 
Although previous research on wavelets (Shelley and Liew 
2013) and data fusion algorithms has demonstrated 
potential for noise interference reduction and recognition 
accuracy maximization, wavelets are most effective in 
situations in which the frequency range of the noise is 
known and the frequency bands of the signals and noise can 
be separated. However, the denoising effect of the wavelets 
is relatively weak for white noise, which is commonly 
encountered in practical applications. Bayesian algorithms 
require large amounts of data, complex calculations, and 
subjective probabilities for certain data (AlMutawa 2007). 
Therefore, further research is required to explore the 
practical engineering applications of these techniques (Liu 
et al. 2015). Dempster–Shafer evidence theory is an 
extension of Bayes theory. The calculation is simple and 
requires no prior probability. It can handle uncertain data 
well. Therefore, it is necessary to apply Dempster–Shafer 
evidence theory to damage identification theory (Wang et 
al. 2019). This approach helps to address the limitations of 
traditional methods and improves the accuracy of damage 
identification. 

In order to address issues such as noise and misjudge-
ments of damage. In this study, a multivariate data fusion 
method for damage detection based on signal denoising was 
developed to enhance identification accuracy and reduce 
noise interference. By treating the noise using noise 

Fig. 1 Numerical framework 
 
 

reduction techniques, the dynamic response of a bridge can 
be separated from the noise. To address the problem of 
misdiagnosis in single damage index identification, new 
damage indices were constructed by combining the modal 
index with the moving load excitation response index. 
These new indices were fused by using Dempster–Shafer 
(D–S) evidence theory to increase the efficiency of damage 
detection. The effectiveness of the proposed method has 
been confirmed by using a finite-element example. 

To summarize, the numerical framework for this study is 
shown in Fig. 1. 

 
 

2. Data fusion theory based on noise reduction 
 
2.1 Statistical noise reduction theory 
 
Principal component analysis (PCA) is based on the 

concept of dimensionality reduction. The main objective of 
this study was to explain the correlation between multiple 
variables and a few principal components. Each principal 
component is a linear combination of the original variables 
that is designed to retain as much information as possible 
about the original variables; additionally, the principal 
components are not related to each other. Generally, PCA 
has two purposes: to compress and interpret the data. Using 
this method, complex factors can be divided into several 
main components, and redundant information can be 
eliminated to simplify the complex problem. Consequently, 
the information obtained is scientific and accurate, which 
allows the model to better reflect real-life situations. 
However, a portion of the original data is lost after 
dimensionality reduction, and the resulting principal 
components generally cannot be clearly interpreted, as the 
information represented by them is not as clear or accurate 
as the original data. The PCA technique was improved to 
mitigate information loss in data compression processes. 

The interpretation of the components output by the PCA 
method can be inaccurate because of the incomplete 
information. The proposed method to rectify this is as 
follows. The load of the original variables on the principal 
components is redistributed by the rotation of the factor 
axis, that is, the rotation of the coordinates. For example, if 
PCA obtains the initial common factors F1, F2, ..., Fm. 
Factor rotation is the linear combination of the initial 
common factors to obtain a new set of common factors. 
That’s F1’, F2’, ..., Fm’. The rotating factor load can more 
clearly indicate the importance of the factor. Make 
important common factors more weighted in linear 
combinations. Less important common factors have less 
weight. The modes of factor rotation are orthogonal rotation 
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and oblique rotation. The new common factor after 
orthogonal rotation is still independently orthogonal. The 
oblique new common factors give up the restriction that the 
factors are independent of each other. It can be expressed by 
the following formula. 

 

 
Where d denotes the factored rotation coefficient matrix. 
Thus, the load of the original variable on the common 

factor is polarized, and the principal components can be 
explained by the original variables with a large load. This 
process can also be used to observe the degree of hidden 
factor extraction from the original feature information and 
thus effectively eliminate noise. 

For N-dimensional data X, if it is assumed that it has 
one column factor, X can be expressed as 

 𝑋 = ൥𝑋ଵ⋮𝑋௡൩ = ൥𝐴ଵଵ ⋯ 𝐴௡ଵ⋮ ⋱ ⋮𝐴ଵ௡ … 𝐴௡௡൩ ൥𝑓ଵ⋮𝑓௡൩ + ൥𝜀ଵ⋮𝜀௡൩ (2)

 
where f1, f2, ..., fn denote n column factors of data X; Apj is 
the load of the p-th common factor fp on the j-th component 
xj of X; εj is the special factor of xj. 

Simplify the above expression into a mathematical 
model, which can be written as 

 𝑋 = 𝐴𝑓 + 𝜀 (3)
 

where A denotes the factored load matrix. Then, the 
mathematical expression of the special factor is 

 𝜀 = 𝐴𝑓 − 𝑋 (4)
 
If the common factor of each component in the original 

data is calculated, the component of the common factor in 
the original data can be eliminated. Noise exists in all of the 
dynamic response data and belongs to the common factor 
category. Therefore, special factors were extracted to reduce 
the impact of noise factors. 

 
2.2 Data fusion theory 
 
The D–S evidence theory was originally proposed by 

Dempster and subsequently developed by Shafer. This 
theory solves the uncertainty problem by determining the 
basic probability assignment of uncertain events and 
combining specific rules. It belongs to the artificial 
intelligence category and was first applied to expert systems 
with the ability to process uncertain information. As an 
uncertainty reasoning method, the main characteristic of 
evidence theory is that it satisfies conditions that are weaker 
than those of Bayesian probability theory, as it has the 
ability to directly express uncertainty and unknowns. 

This theory has been applied for the detection of damage 
in engineered structures and has allowed us to assign the 
probability of the damage detection results of multiple 
independent sensors by fusing multiple sensor datasets 

based on operational rules. 
Assume that A is the damage-identification framework 

of a cable-stayed bridge or assumed space. 
 
 

 𝜃 = ሼ𝜃ଵ, 𝜃ଶ, ⋯ , 𝜃௡ሽ (5)
 

where 𝜃௜(𝑖 = 1,2, ⋯ , 𝑛) denotes the i-th element of the 
cable-stayed bridge. Its power set 2θ is a probability mass 
function that has been allocated to the identification 
framework, where 0 ≤ mass ≤ 1, 𝑚𝑎𝑠𝑠(𝜑) = 0 , and ∑ 𝑚𝑎𝑠𝑠(𝐴)஺⊆ఏ = 1. 

When there are n sensors, n mass functions exist. The 
operating rules for these n mass functions are as follows 

 (𝑚𝑎𝑠𝑠ଵ ⊕ 𝑚𝑎𝑠𝑠ଶ ⋯ ⊕ 𝑚𝑎𝑠𝑠௡)(𝐴)= 1𝑘 ෍ 𝑚𝑎𝑠𝑠ଵ(𝐴ଵ)஺భ∩஺మ⋯∩஺೙ୀ஺ 𝑚𝑎𝑠𝑠(𝐴ଶ) ⋯ 𝑚𝑎𝑠𝑠(𝐴௡) (6)

 
where 𝐴ଵ, 𝐴ଶ, ⋯ , 𝐴௡ ⊆ 𝜃 and 𝑘 = ∑ 𝑚𝑎𝑠𝑠ଵ(𝐴ଵ)𝑚𝑎𝑠𝑠ଶ(𝐴ଶ) ⋯ 𝑚𝑎𝑠𝑠௡(𝐴௡)஺భ ⋂ ஺మ⋯ ⋂ ஺೙ஷఝ . 

Where k is the normalization coefficient. 
Taking into consideration the D–S evidence theory 

synthesis rule, the multi-sensor data fusion technique was 
extended to include multi-damage index data in the D–S 
evidence fusion strategy. The results of different damage 
identification indexes were fused instead of sensor data. 

 
 

3. Construction of multivariate damage index 
 
Structural health monitoring (SHM) is a critical aspect 

of ensuring the safety and longevity of civil infrastructure. 
Among various approaches to SHM, the development of 
robust damage indices plays a pivotal role in accurately 
identifying and localizing structural damage. Traditional 
methods often rely on single indicators, such as frequency 
changes or modal shapes, which may not fully capture the 
complexity of structural responses under varying 
conditions. To address this limitation, this study proposes a 
multivariate damage index that integrates multiple modal 
and response-based indicators. By leveraging the 
complementary strengths of different damage-sensitive 
features, the proposed approach aims to enhance the 
accuracy and reliability of damage detection in complex 
structures, such as cable-stayed bridges. 

 
3.1 Mode-based damage index construction 
 
3.1.1 Mode of displacement 
The displacement mode generally contains more 

structural information than the frequency mode. 
Furthermore, the higher-order displacement mode is more 
sensitive to localized structural damage. These 

𝐹ଵ𝐹ଶ⋮𝐹௠
       Factor rotation⇒ ⎩⎨

⎧ 𝐹ଵ′ = 𝑑ଵଵ𝐹ଵ + 𝑑ଵଶ𝐹ଶ + ⋯ + 𝑑ଵ௠𝐹௠𝐹ଶ′ = 𝑑ଶଵ𝐹ଵ + 𝑑ଶଶ𝐹ଶ + ⋯ + 𝑑ଶ௠𝐹⋮𝐹௠ ′ = 𝑑௠ଵ𝐹ଵ + 𝑑௠ଶ𝐹ଶ + ⋯ + 𝑑௠௠𝐹 (1)

103



 
Yue Cao, Longsheng Bao, Xiaowei Zhang and Zhanfei Wang 

characteristics have to be taken into account to determine 
the damage location in the structure. 

It is generally difficult to generate high-order modes in 
actual engineering applications. Therefore, only the lowest-
order displacement mode was used as an example for 
calculation and analysis. Specifically, the first-order mode 
was selected as the mode index. 

The displacement mode difference (DMD) before and 
after damage to a cable-stayed bridge was considered as one 
of the damage indices to enable damage detection. 

 𝐷𝑀𝐷 = 𝛿before − 𝛿after (7)
 
3.1.2 Mode of curvature 
The curvature of a point on the girder is inversely 

proportional to its corresponding stiffness. Therefore, 
changes in the rigidity of the structure are reflected in the 
curvature. 

Considering this, the curvature mode difference (CMD) 
has been used as one of the damage indices 

 𝐶𝑀𝐷 = 𝛿௕௘௙௢௥௘″ − 𝛿௔௙௧௘௥″  (8)
 𝛿″ = 𝛿(𝑥௜ିଵ) − 2𝛿(𝑥௜) + 𝛿(𝑥௜ାଵ)𝑙௜ିଵ,௜𝑙௜,௜ାଵ  (9)

 
where li-1,i is the distance from sensor i-1 to i and li,i+1 is the 
distance from sensor i to i+1. 

 
3.2 Damage index based on vehicle excitation 

response 
 
The acceleration energy is defined as follows 
 𝐸 = 12 ෍ 𝑚௞൫𝑎௜௞൯௡

௜ୀଵ
ଶ
 (10)

 
where mk is the mass at node k and ai

k is the acceleration at 
moment i at node k. 

Next, the characteristic function to describe the damage, 
i.e., AE, can be derived based on the acceleration energy 
concept and expressed as shown in Eq. (11) 

 
 

 

𝐴𝐸௞ = ෍൫𝑎௜௞൯௡
௜ୀଵ

ଶ
 (11)

 
The difference in energy of the acceleration before and 

after damage was calculated. The difference in the 
acceleration energy curvature was calculated using the 
central difference method. The calculation formula for the 
difference in acceleration energy curvature as shown in Eq 
(12) 𝐴𝐸௞𝐶௜ = 𝐴𝐸௞௜ିଵ − 2 × 𝐴𝐸௞௜ + 𝐴𝐸௞௜ାଵ

ℎ
 (12)

 
Where: AEkCi represents the acceleration energy 

curvature at measurement point i, AEki denotes the 
acceleration energy at measurement point i, and h is the 
distance between two adjacent measurement points. 

We calculated and obtained the acceleration energy 
difference and AEk rate of change. The basic probability 
assignment was calculated after fusion, according to the D–
S evidence theory operating rules. Lastly, the fusion damage 
metrics were obtained. 

 
3.3 Research methodology 
 
Before multimodal data fusion, calculate the basic 

possibility assignment (BPA) for each measurement point 
under each indicator. Incorporating modal indices (Mi) and 
vehicle-induced vibration indices (Vivi). The BPA can be 
represented by Eq. (13). Mi is derived from the fusion of 
displacement mode and curvature mode data. Vivi is 
obtained from the fusion of acceleration energy and 
acceleration energy curvature. The fusion method for Mi 
and Vivi is also consistent with Eqs. (13), (14), and (15). 
The calculation process of Mi requires Eqs. (7) and (8) to 
determine two mass functions respectively; while the 
calculation process of Vivi requires Eqs. (11) and (12) to 
determine two mass functions respectively. 

 𝑚ଵ(𝑥௜) = Mi೔∑ Mi೔೙೔సభ ,𝑚ଶ(𝑥௜) = Vivi೔∑ Vivi೔೙೔సభ  (13)
 

where xi is the measuring point on the bridge; m1 is the BPA 
of the modal index, and m2 is the BPA of the vehicle 
 
 

 
Fig. 2 Data fusion process
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induced response index. 
The normalization coefficient k can be represented by 

Eq. (14) 
 𝑘(𝑥௜) = 𝑚ଵ(𝑥௜) × 𝑚ଶ(𝑥௜) (14)
 
Multimodal data fusion results can be represented by 

Eq. (15) 
 𝑚ଵ ⊕ 𝑚ଶ = 𝑚ଵ(𝑥௜) × 𝑚ଶ(𝑥௜)∑ 𝑘௜௡௜ୀଵ  (15)
 

where m1⊕m2 is the results of multimodal data fusion. 
Based on the above-mentioned fusion rules, the damage 

detection data fusion process for cable-stayed bridges was 
implemented as illustrated in Fig. 2. 

 
 

4. Numerical verification 
 
The main bridge is a single-tower cable-stayed bridge 

with an approach bridge comprising a reinforced concrete 
cast-in-place box girder and a prestressed concrete cast-in-
place box girder. The specific span arrangement was (32.50 
+ 40.00 + 30.76) m + (152.00 + 48.00 + 42.00) m + 13.00 
m. The (152.00 + 48.00 + 42.00) m segment represents the 
main bridge section, as depicted in the front view of the 
bridge in Fig. 3. 

The main girder was of the composite type, comprising 
steel and prestressed concrete girders. The main beam had a 
double-box, double-chamber, and thin-walled section with 
an air nozzle. The main span was made of steel, whereas the 
side span was made of prestressed concrete. The joint was 
located 7 m away from the main pier on the main-span side. 

 
 

 
 

The cross-sectional view of the main beam is shown in Fig. 
4. 

The cable tower of the main bridge featured an arched 
steel structure with an elliptical curve along its central axis. 
The main tower stood at a height of 78.00 m above the main 
beam structure, inclined at an angle of 75.0°. The main 
beam passed through the tower, with the spacing of the 
cables on the main tower gradually increasing from 2.50–
3.40 m from top to bottom in a sector cable formation. The 
dip angle of the main-span cable ranged from 24.1° to 
47.7°, whereas the side-span cable dip angle varied from 
45.2° to 70.6°. The stay cables were multi-strand parallel 
steel wire-finished cables with a mid-span cable pitch of 
6.00 m and a side-span cable pitch of 3.80 m. In addition, 
the main girders of the central tower are connected through 
a rigid connection method. 

 
4.1 Finite-element model 
 
The finite-element cable-stayed bridge model shown in 

Fig. 5 was utilized for the modal and dynamic response 
analyses of moving loads. The total bridge length was 242 
m, which was divided into 147 elements based on the actual 
design. The main span girder consisted of steel with an 
elastic modulus of E = 2.06 × 105 MPa and Poisson’s ratio 
of μ = 0.3; it featured a Π-shaped beam section with a 
moment of inertia of I = 1.21~1.36 m4. The main bridge 
back span was a reinforced concrete structure with an 
elastic modulus of E = 3.45 × 104 MPa and Poisson’s ratio 
of μ = 0.2; it also had a Π-shaped I-beam section with a 
moment of inertia of I = 13.88~15.95 m4. The supports of 
the model were arranged sequentially at nodes 1, 24, 50, 
and 148. The constraint conditions for the supports are 

 
 

 
 

 
Fig. 3 Front view of main bridge section

Fig. 4 Bridge cross-section
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listed in Table 1. Modal analysis was conducted to extract 
first-order modal data, with the moving load simplified to a 
concentrated load of approximately 2 T and a velocity of 80 
km/h. The dynamic response of the cable-stayed bridge 
under the action of a moving load was analyzed by 
determining the complete transient response. The finite-
element model was loaded by using the Newmark method 
of time integration, which entailed applying a load to the 
main beam element node at each load step. Using one 
sensor placed under each node, the dynamic response data 
for each measurement point in the time history were 
obtained as the original data. The time for vehicles to cross 
the deck at 80 km/h was estimated to be 10.9 s; therefore, 
the data is simulated. 

For this study, we assumed that, when structural damage 
occurs, it is only related to changes in structural stiffness. 
Therefore, in this study, the beam damage in the cable-
stayed bridges was simulated by applying stiffness 
reduction. In practice, several factors influence the dynamic 
responses (Desjardins and Lau 2024). Given that the 
allowable measurement error in engineering applications is 
approximately 5% (Liu et al. 2021), we categorized 5% 
damage as minor damage. We also established two types of 

 
 

Table 1 Boundary conditions of the simulation model 

Node 
number Dx Dy Dz Rx Ry Rz Rw Node location

(unit: m) 
1 0 1 1 0 0 0 0 0 
24 0 1 1 0 0 0 0 42 
50 1 1 1 1 1 1 0 90 

148 0 1 1 0 0 0 0 242 
 

 
 

Table 2 Simulation damage conditions 

Working 
condition 

Damage degree 
/% 

Damage 
element 

Damage location
(unit: m) 

1 5 Element 99 166.5 
2 10 Element 99 166.5 

3 5 Element 99; 
Element 136 166.5; 221.5 

4 10 Element 99; 
Element 136 166.5; 221.5 

 

 
 

damage conditions: a single point of damage and two points 
of damage, as described in Table 2. 

 
4.2 Analysis of the results of data fusion 
 
4.2.1 Single-indicator data fusion analysis 
(1) Data fusion analysis based on modal indicators. 
In many testing environments, owing to the limitations 

of on-site conditions and sensor types, only a single 
indicator can be measured, such as in certain specific 
bridges that can only provide modal data. When only modal 
data are available, the curvature and displacement mode 
differences can be derived by using the aforementioned 
method. We combined these two indicators according to D–
S evidence theory. From the perspectives of excitation 
components, excitation energy, and damping dissipation, 
structural vibrations are predominantly characterized by 
low-order modes, and the acquisition of higher-order 
components is challenging in practice. Therefore, it is 
considered appropriate to utilize first-order data for analysis 
and computation. 

The data fusion results are shown in Fig. 6. We found 
that the data fusion algorithm could clearly identify the 
location of the damage. Regardless of whether there were 
one or two points of damage, the waveform in the damaged 
area was significantly larger than that at other locations. To 
further analyze the improvements in the damage detection 
performance as a result of data fusion, the sub-peak-to-peak 
ratio of the curvature modes before fusion and that of the 
fusion indicators after fusion were extracted, as detailed in 
Table 3. 

By analyzing the sub-peak-to-peak ratio before and after 
fusion, we were able to draw the following conclusions. 
The sub-peak-to-peak ratio when using the fusion index as 
the identification index was lower than the sub-peak-to-
peak ratio calculated by applying the curvature mode as the 
damage index. The reduction in single damage points was 
significant, ranging from 12% to 48%, whereas the 
reduction in two concurrent damage points was 
approximately 2%. Therefore, the superiority of the fused 
indicators can be intuitively demonstrated by observing Fig. 
6. Quantitative analysis based on the data from Table 3 also 
demonstrates the superiority of fused indicators over a 
single indicator during damage detection. 

(2) Data fusion analysis based on moving load 
excitation response. 

 
Fig. 5 Model schematic diagram
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Only response data based on the moving load excitation 

were analyzed. The acceleration energy and acceleration 
energy curvature differences were determined based on the 
methods in Section 3.2. These two indicators were 

 
 

 
 

 
 

integrated into the data. The detection results are shown in 
Fig. 7. 

Following fusion of the response indicators based on 
moving load excitation, the waveform associated with the 

 
Fig. 6 Modal-based multivariate data fusion results

Table 3 Modal indicator sub-peak and peak results 

Working 
condition 

Curvature 
mode 

sub-peak 

Curvature 
mode 

peak value 

Sub-peak 
of fusion 
indicators 

Peak value
of fusion 
indicators 

Curvature mode
sub-peak-to-peak

ratio 

Sub-peak-to-peak 
ratio of fusion 

indicators 
Reduction

1 1.20 × 10-5 2.50 × 10-5 0.181 0.692 0.480 0.261 45.6% 
2 2.30 × 10-5 5.50 × 10-5 0.144 0.669 0.418 0.216 48.3% 

3 
9.00 × 10-6 2.50 × 10-5 0.055 0.173 0.360 0.316 12.2% 
1.50 × 10-5 3.00 × 10-5 0.120 0.242 0.500 0.495 1% 

4 
2.30 × 10-5 5.50 × 10-5 0.079 0.195 0.418 0.405 3.1% 
2.60 × 10-5 6.20 × 10-5 0.100 0.244 0.419 0.412 1.7% 

 

 
Fig. 7 Multivariate data fusion results based on the moving load excitation response 
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damaged area was found to exhibit more fluctuation than 
the waveform associated with the undamaged area. To 
analyze the effect of fusion on damage detection, the sub-
peak-to-peak ratios of the curvature modes before fusion 
and the indicators after fusion were extracted separately. 
The results are listed in Table 4. 

By analyzing the sub-peak-to-peak ratio before and after 
fusion, we were able to draw the following conclusions. 
The sub-peak-to-peak ratio of the fusion index was lower 
than that calculated by using the single-damage index. 
Regardless of whether there was a single point of damage or 
two points of damage, the decrease in the sub-peak-to-peak 
ratio was significant. This decrease ranged between 19% 
and 46%. Considering the decrease in the sub-peak-to-peak 
ratio, the fusion index has certain advantages over a single 
index in the detection process. 

 
4.2.2 Fusion analysis for multiple indicators 
To increase the damage detection accuracy, the damage 

indicators were fused from different systems based on the 
data treated with D–S evidence theory. Secondary fusion 
was performed between the modal fusion indicators and 
moving load excitation fusion indicators. The detection 
results are shown in Fig. 8. 

 
 

 
 
This can be inferred from the data fusion results for the 

multiple indicators. With the exception of the sharp 
convexity of the waveform associated with the damaged 
element, the fluctuations in the other elements tended to be 
nonexistent. As the degree of damage increased, the number 
of extreme points in the damage detection graph also 
increased. The waveform fluctuations near the damaged 
element were very small. Therefore, the method of applying 
multiple fusions is highly beneficial for damage detection 
and less prone to damage misjudgment. 

The detection performance before and after secondary 
fusion was also compared. The sub-peak-to-peak ratios of 
the damage indicators before and after secondary fusion 
were extracted, as shown in Table 5. 

The sub-peak-to-peak ratio of the secondary fusion 
index was lower than that of the single-index fusion, 
regardless of whether there were one or two points of 
damage. The peak-to-peak ratio decreased significantly 
within a range of 16% to 99%. The decrease in the sub-
peak-to-peak ratio indicates that the multivariate data fusion 
index significantly improved detection performance relative 
to the modal data fusion index. Therefore, we believe that 
multivariate data fusion indicators have certain advantages 
in damage detection. 

Table 4 Moving load excitation sub-peak and peak results 

Working 
condition 

Acceleration 
energy 

curvature 
sub-peak 

Acceleration 
energy curvature 

peak value 

Sub-peak
of fusion
indicators

Peak value
of fusion
indicators

Acceleration 
energy curvature
sub-peak-to-peak

ratio 

Sub-peak-to-peak 
ratio of fusion 

indicators 
Reduction

1 0.093 0.221 0.142 0.636 0.419 0.224 46.5% 
2 0.093 0.221 0.143 0.633 0.419 0.225 46.3% 

3 
0.063 0.217 0.024 0.127 0.290 0.190 34.5% 
0.081 0.160 0.106 0.309 0.507 0.344 32.2% 

4 
0.130 0.459 0.029 0.127 0.284 0.229 19.4% 
0.169 0.338 0.105 0.310 0.500 0.339 32.2% 

 

 
Fig. 8 Results of multivariate indicator data fusion identification 
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5. Robustness analysis 
 
In real environments, noise is often not generated by a 

single source but rather by a complex combination of noises 
from different sources (Desjardins and Lau 2022). Actual 
noise can be considered as a superposition of random 
variables with different probability distributions. These 
random variables are independent, according to the central 
limit theorem. The normalization of these random variables 
tends toward a Gaussian distribution as the number of 
random variables increases. Based on this assumption, the 
use of Gaussian white noise can better simulate actual 
unknown noise. 

A signal with noise can be represented by Eq. (16) 
 𝑦ௗ,௡௢௜௦௘ = 𝑦ௗ + 𝐸௣𝑁௡௢௜௦௘𝜎(𝑦ௗ) (16)
 

where yd,noise is the dynamic response with noise; yd is the 
dynamic response in the absence of noise; Ep denotes the 
noise level, Nnoise is a random sequence with a mean of 0 
and standard deviation of 1; σ(yd) is the standard deviation 
of the dynamic response in the absence of noise. 

Noise intensities of 5, 10, 20, and 30% were added to 
the sampled signals, which included modal indicators and 
data on moving load excitation response. Matlab was used 
as the platform for calculations. 

The typical simulated conditions with added random 
noise were subjected to computational analysis. Only the 
scenario with a noise intensity of 5% (Condition 2) is 
presented, where modal indicators and vibration indicators 
of vehicle excitation were calculated separately. The 
specific details are illustrated in Fig. 9. 

From the analysis of Fig. 9, it is evident that without 

 
 

 
 

noise processing, the damage identification method fails to 
detect the damage. Therefore, it is necessary to apply the 
theory mentioned in Section 2.1 to preprocess the response 
data for noise reduction. 

To determine whether damage had occurred, the damage 
warning line was calculated based on the collected response 
data. The applied formulas are shown in Eqs. (17) and (18) 
(Wang 2017). 

 𝐷𝐼௞ > 𝑆𝑁 ෍ 𝐷𝐼ே
௜ୀଵ ௜ (17)

 𝑆 𝐷𝐼௠௔௫ଵே ∑ 𝐷𝐼௜ே௜ୀଵ ௠௜௡௠௔௫ (18)

 
where DIi is the damage index constructed by using the 
dynamic response of the i-th beam, DImax is the maximum 
value of the damage index for each element of the beam 
segment, N is the total number of cable-stayed bridge 
segments, and S is the safety factor. Given that 𝐷𝐼௞ >ௌே ∑ 𝐷𝐼௜ே௜ୀଵ , we believe that damage occurred in the k-th 
element. Because of the smaller S value, the discrimination 
criteria were more conservative. The S value in this study 
was taken as the mean of the S values. 

Regarding the single-damage results for minor (i.e., 5%) 
damage occurring in Element 99, as the noise level 
increased, all four sets of data fusion detection results 
indicated damage at the position of Element 99 (Fig. 10). 
The peak of each waveform was found to be higher than the 
predetermined damage threshold value. When the noise 
intensity level did not exceed 20%, using data fusion 

Table 5 Multiple-indicator sub-peak and peak results 

Working 
condition 

Multiple 
fusion indicator 

sub-peak 

Peak value of 
multiple fusion 

indicators 

Sub-peak-to-peak 
ratio of fusion 

indicators 

Reduction 
(vs. Table 3) 

Reduction 
(vs. Table 4)

1 0.054 0.614 0.087 66.67% 61.16% 
2 0.057 0.637 0.090 58.33% 60.00% 

3 
0.033 0.205 0.159 49.68% 16.32% 
0.085 0.359 0.236 52.32% 31.40% 

4 
0.00014 0.0817 0.002 99.51% 99.13% 

0.034 0.484 0.070 83.01% 79.35% 
 

 
Fig. 9 The 10% level of single damage accompanied by noise 
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indicators resulted in effective damage detection. 
Additionally, the magnitude of the waveform fluctuations 
decreased with distance from the damaged element. We 
observed significant fluctuations near the damaged element, 
but the damage threshold was not exceeded. However, 
when the noise intensity level reached 30%, the peak for 
Elements 99 and 133 exceeded the damage threshold. 
Therefore, we believe that, when the noise intensity level 
reaches 30%, anomalies will be observed in single-damage 
detection results. 

We subjected Element 99 to a 10% level of damage; the 
results are shown in Fig. 11. As the noise increased, all four 
conditions of data fusion detection resulted indicated 
damage at Element 99. The overall trend was consistent 
with the results of the 5% level of single-point damage. 
Regardless of the extent of damage, the data fusion 
indicators were able to effectively detect damage up to 

 
 

 
 

a noise intensity level of 20%. Additionally, the magnitude 
of the waveform fluctuations steadily decreased with 
distance from the damaged element. There was significant 
f luctuat ion near  the  damaged element,  but  the 
corresponding value did not exceed the damage threshold. 
This can be observed by comparing the single-damage 
condition with a 5% degree. As the extent of damage 
increased, the waveform became relatively pure, which 
conformed to the rule indicating that a higher degree of 
damage corresponds to more accurate detection. However, 
when the noise intensity level reached 30%, the level of 
damage increased from 5% to 10%. Furthermore, the 
waveform peaks of Elements 99 and 133 exceeded the 
damage threshold. Therefore, when the noise level was too 
high and the intensity reached 30%, the single-damage 
detection result appeared to be abnormal. However, at the 
5% level of damage, the difference between the peak of the 

 
Fig. 10 Damage detection results for single-point 5% damage 

 
Fig. 11 Damage detection results for single-point 10% damage 
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anomaly and the threshold was relatively small. 
Elements 99 and 136 of the bridge were subjected to 

concurrent minor damage to a degree of 5%. As shown in 
Fig. 9, at a noise intensity level up to 10%, the multimodal 
method could effectively identify minor damage. This is 
confirmed by Fig. 12, as one can see that only the extreme 
peaks of the waveform, which corresponded to the two 
damaged elements (i.e., Elements 99 and 136), exceeded the 
damage threshold. Although there were smaller peaks, 
which indicated other undamaged elements, as shown in the 
figure, their highest values were below the damage 
threshold. When the noise intensity level reached 20%, only 
the peak associated with Element 136 exceeded the 
threshold; thus, the damage to Element 99 was not detected. 
This indicates that, when the structure suffers multiple 
points of minor damage, the detection results are more 
susceptible to noise than in the case of a single point of 

 
 

 
 

damage. At a noise level of 30%, the waveform peak 
associated with Element 133 exceeded the damage 
threshold, as did that corresponding to a position near 
Element 113. Furthermore, according to the detection 
results, Element 99 suffered no significant level of damage 
when the noise intensity level was 30%, as the damage 
threshold was not exceeded. Therefore, when the noise 
reached 30%, the damage detection result was misjudged, 
indicating that the damage detection method was 
ineffective. 

The results of simulating a 10% level of damage in 
Elements 99 and 136 are shown in Fig. 13. Up to a noise 
intensity level of 10%, the data fusion detection method 
could effectively detect damage. However, when the noise 
intensity level increased to 20%, only the peak 
corresponding to Element 136 exceeded the damage 
threshold, indicating that the damage to Element 99 was not 

 
Fig. 12 Damage detection results for multi-point 5% damage

 
Fig. 13 Damage detection results for multi-point 10% damage 
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detected. When the noise intensity level increased to 30%, 
the peak corresponding to Element 133 exceeded the 
threshold, as did the peak corresponding to a point near 
Element 113, which was not damaged. Moreover, the peak 
corresponding to Element 99 did not exceed the threshold. 
This indicates that, when the noise intensity level reaches 
30%, there is a misjudgment in the multi-damage detection 
results. Thus, the damage detection method is ineffective. 

 
 

6. Conclusions 
 
This paper describes a data-fusion damage detection 

method for bridges that is based on statistical 
dimensionality and noise reduction. This method entails 
applying D–S evidence theory to fuse modal indicators with 
moving load excitation response indicators to develop a 
new set of damage indicators. Statistical analysis techniques 
were used to denoise the response data and thus effectively 
identify single-point and two-point damage in cable-stayed 
bridges. The effectiveness of the method was verified via 
finite-element simulations, and the following conclusions 
were drawn: 

 

● This method can effectively denoise the data and, to 
some extent, eliminate the influence of noise in the 
damage detection process. Data fusion can 
effectively increase detection accuracy when a single 
damage indicator is used for identification. 

● When a structure has a single point of damage, the 
noise intensity level should not exceed 20%. When 
the extent of damage was small (i.e., only 5%), the 
proposed method could accurately identify the 
location of the damage. When the noise intensity 
level reached 30%, damage could not be accurately 
detected, indicating that the proposed method is not 
robust against excessive noise levels. 

● We also simulated two points of structural damage. 
When the noise intensity level did not exceed 10%, 
the proposed method was able to accurately identify 
the two points of damage even when the extent of 
damage was small (i.e., only 5%). However, when 
the noise intensity level reached 20%, only one of 
the two points of damage was detected. Furthermore, 
when the noise intensity level reached 30%, only one 
point of damage was detected, and an undamaged 
element was incorrectly indicated to have suffered 
damage. To ensure high detection accuracy, the 
proposed method demonstrates effectiveness at noise 
intensity levels up to 10% when detecting two 
damage points. 

● It is worth noting that the vehicle-induced vibration 
response in this paper comes from simulating the 
single vehicle effect in FEA. Therefore, research on 
multi-vehicle incentive response or random vehicle 
condition incentive response is needed in the future. 
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