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ABSTRACT: Traditional  bridge  detection  methods  require  a  large  number  of  sensors,  which  restricts  the  application  in  practical
engineering. In order to reduce the cost of the health monitoring system and improve the accuracy of bridge damage detection, a
bridge damage detection method based on principal component analysis and discrete wavelet transform is proposed. This method
performs  principal  component  analysis  on  the  displacement  under  moving  load  and  obtains  the  first  principal  component
composed of dynamic component and modal shape. The first principal component is separated by the low-pass filter to receive the
dynamic component of the first mode. Then the dynamic component is analyzed by the discrete wavelet transform to obtain the
wavelet  coefficient.  Then  the  wavelet  coefficient  is  used  to  reconstruct  the  signal.  Finally,  damage  index  is  defined  by  using  the
reconstructed signal  to  detect  the damage.  When the structure is  damaged,  the damage index peaks  at  the damage location.  In
order to verify the effectiveness of the method, a beam bridge is simulated and a steel beam bridge is tested in the laboratory. Both
simulation and experimental results show the proposed method can accurately identify the damage location in various scenarios
with limited sensors.
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1    Introduction
Structural deterioration or damage can arise from changes in load
characteristics,  environmental  impacts  and  random  effects[1].
Damage  detection  serves  as  a  fundamental  role  in  the  health
monitoring,  which  mainly  contributing  to  the  extension  of  the
lifespan for the structure.

Damage detection can be divided into three primary methods:
the time domain method[2,3], the frequency domain method[4,5] and
the  time-frequency  domain  method[6].  Frequency-domain
methods  relying  on  modal  parameters[7] face  practical  limitations
in  engineering  applications  due  to  their  dependence  on  dense
sensor  arrays  for  high-resolution  modal  shape  acquisition.  This
challenge  has  motivated  the  development  of  time-frequency
domain techniques[8-10],  with wavelet transform (WT) emerging as
a  representative  solution.  The  Discrete  Wavelet  Transform
(DWT),  as  a  discrete  implementation  of  WT,  enables  precise
damage detection through bridge response analysis[11]. Its ability to
capture  damage-induced  variations  under  moving  loads  has
stimulated numerous investigations. Zhu et al.[12] leveraged the mid-
span  response  induced  by  moving  loads  on  a  beam  bridge  to
extract  wavelet  coefficients,  which  were  regarded  as  a  damage
index for crack detection. Similarly, Khorram et al.[13] adopted the
wavelet  coefficients  to  detect  the  damage  in  the  bridge.  Nguyen
and  Tran[14] detected  the  damage  of  the  bridge  which  employed
DWT to analyze the response and accurately localize the damage.
However,  these  conventional  wavelet  methods  demonstrate
limited  sensitivity  to  minor  damage.  To  enhance  detection
capability,  researchers  have  integrated  DWT  with  the  Teager

Energy Operator (TEO) to amplify localized signal features. Sha et
al.[15] employed data  fusion and TEO based on DWT to  enhance
the sensitivity to detect small damage. Xin et al.[16] combined TEO
with  DWT to  process  the  mode  curvature,  and  this  method can
identify  small  damage.  However,  these  methods  above  are
vulnerable  to  noise  and external  excitations,  making  them prone
to false judgement particularly in the presence of  abrupt changes
or fluctuations in the system.

To overcome these limitations, a novel bridge damage detection
method  integrating  Discrete  Wavelet  Transform  with  Principal
Component  Analysis  (PCA)  is  introduced.  PCA  is  leveraged  to
strip  environmental  effects  from  vibration  responses[17] and
eliminate  features  that  are  sensitive  to  damage[18-21].  Yan  et  al.[22,23]

demonstrated  PCA’s  capability  to  distinguish  damage  from
environmental variations under both linear and weakly nonlinear
conditions.  Sen  et  al.[24] used  PCA  to  detect  temporal  damage  of
the  structures  under  the  action of  environmental  change.  Huang
et al.[25] adopted PCA to extract the data for sensor-fault detection.
This approach identifies and isolates faults associated with sensor
bias  and  drift  effectively.  For  sensor  fault  detection,  Kerschen  et
al.[26] leveraged PCA to model structural monitoring data, defining
the  index  in  subspaces  as  a  diagnostic  feature.  However,  PCA-
based  methods  alone  are  insufficient  for  accurately  localizing
structural damage.

Therefore,  this  method  takes  into  account  the  advantages  of
PCA and DWT in damage detection with limited sensors. Firstly,
the component matrix of structural response is obtained by PCA.
Nie  et  al.[27] found  that  each  column  of  the  component  matrix
consists  of  one  order  of  structural  mode  shape  and  the
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corresponding  structural  dynamic  components  at  this  modal
frequency.  On  the  basis  of  this  physical  interpretation,  DWT  is
used  to  extract  the  approximate  coefficients  of  the  first  dynamic
component  to  reconstruct  signals.  Finally,  the  damage  can  be
identified  by  analyzing  the  reconstructed  signals  before  and after
damage. This paper is organized in five sections. It begins with the
detection  methodology  in  Section  2.  This  is  followed  by  a
numerical  simulation  in  Section  3,  and  subsequently,  an
experimental  validation on a  steel  bridge in  Section 4.  The study
concludes with the findings in Section 5.

2    Methodology

2.1    Dynamic analysis of a beam bridge under a moving load
Figure 1 demonstrates the analytical model of a beam bridge during
loading. The system can be mathematically represented as[28-30]:

EI∂ 4u
∂x4

+ ρ ∂ 2u
∂ t2

+ c∂u
∂ t

= f · δ(x− vt) (1)

E, I,u, ρ, c,

f v
δ(x

where x and t represent the distance and the time of the moving
load  from  the  left  of  the  bridge.  are  the  Young’s
modulus,  moment  of  inertia,  vertical  displacement,  the  mass  in
unit  length,  damping  of  the  bridge,  respectively.  and  are  the
external  load  and  the  velocity  of  the  load. )  represents  the
Dirac function.

u
Through  modal  superposition  principles,  the  vertical

displacement  is expressed mathematically as

u(x, t) = ∑∞

n=1
qn(t)φn (x) (2)

φn (x) n qn (t)
n

where  is  the th  mode  shape  and  is  modal
coordinate of the th mode shape.

φn (x) = sin
nπx
L

Substituting  Eq.  (2)  into  Eq.  (1),  considering  the  modal
orthogonality and , Eq. (1) can be simplified as

q′′
n(t)+2ξnωnq′

n(t)+ω2
nqn(t) =

2f
ρL

sinΩnt (3)

ξn n ωn

n L Ωn

n

where  is  the damping ratio at the th modal frequency,  is
the th natural frequency,  is the length of the structure and 
is the th frequency of the moving load.

qn(t= 0) = q̇n(t= 0) = 0By  applying  the  initial  conditions  ( ),
the  general  solution  is  obtained.  This  yields  the  vertical
displacement response which is given by[27]

u(x, t) = 2f
ρL ∑∞

n=1

1
ω2

n[(1−S2n)+(2ξnSn)
2
]
{(1−S2n)sinΩnt

−2ξnSn cosΩnt+ e−ξnωn t[2ξnSn cosωdn t+
Sn√
1−ξn

2 (2ξn
2

+Sn2 − 1)sinωdn t]}sin
nπx
L

(4)

Sn =
πv
Lωn

ωdn n

ωdn = ωn

√
1− (

c
2ρωn

)
2

where  and  is the th damping vibration frequency,

.

2.2    Principal component analysis

Za×b a
b

PCA  facilitates  dimensionality  reduction  from  high-dimensional
datasets to lower-dimensional representations, preserving essential
information  characteristics  during  this  conversion  process.  The
data  represents  the  data  of  the  length  of  sampling  points
measured by  sensors, which is performed by

Za×b =


x11 · · · x1b

...
. . .

...
xa1 · · · xab

 (5)

C ZThe covariance matrix  of the matrix  can be expressed as

C=
1
a
(Z−Z)T

(Z−Z) (6)

Z Zwhere  is the mean value of each column in .

C
The  eigenvectors  and  eigenvalues  are  derived  through  the

solution of the eigen problem for covariance matrix :

CV=ΛV (7)
V

Λ
λn

where  the  columns  of  matrix  are  the  eigenvectors  of  the
covariance  matrix,  and  is  a  diagonal  matrix  containing  the
corresponding eigenvalues, ,  which are arranged in descending
order.

ZThe component matrix of the original data  has the following
relationship:

G(n)
= ZV(n) (8)

n nwhere  the th  column  of  the  component  represents  the th
component.

Principal component analysis is employed to process responses
under  negligible  damping  conditions.  The  derived  component
matrix formulation is expressed as[27]:

G=
2f
ρL


1
ω2

1
·
(

sin
πvt
L

− πv
Lω1

sinω1t
)

...
1
ω2

b
·
(

sin
bπvt
L

− πv
Lωb

sinωbt
)



T

, t= t1, · · · , ta (9)

n
G

nπvt
L

ωn

G

An important interpretation can be found from Eq. (9): the th
column  of  matrix  comprises  both  the  modal  component  and
dynamic  components  of  the  structure.  Specifically,  the  modal
component  is  characterized  by ,  while  the  dynamic
parameters  correspond  to  the  vibrational  behavior  at  angular
frequency .These  elements  collectively  represent  the  mode
shape  characteristics  and  time-domain  dynamic  response  of  the
structure  at  its  modal  frequency.  To  extract  each  dynamic
component  from  matrix ,  this  paper  employs  the  Moving
Average  Filter  (MAF)[31],  which  filters  the  signal  at  the  specific
frequency.

MAF(G) = G(t,n) = fn
fs ∑

j=t+K/2

j=t−K/2
G(t,n),n= 1, · · · , b (10)

fn n fs
K

fs/fn G n

where  is  the  bridge  at  the th  modal  frequency,  is  the
sampling frequency, and  is the length of the MAF calculated by

. According to the physical interpretation of , the th mode
shape can be obtained as:

φn (t) = MAF
(
G(n) (t)

)
(11)

φn nwhere  is the modal at the th modal frequency.
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Fig. 1    The simplified bridge model.
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n

G(n) (t)

The th  dynamic  component  of  the  structure  is  derived  by
subtracting its corresponding mode from the associated principal
component in :

dn (t) = G(n) (t)−φn (t) (12)

It  has  been  demonstrated  the  first  dynamic  component
primarily  contributes  to  the  response  of  the  bridge[27].
Consequently, the first dynamic component is utilized for damage
detection using DWT in the subsequent sections.

2.3    Discrete wavelet transform
The  wavelet  transform  along  with  the  theory  enabling  signal
analysis  at  varying  resolutions  across  different  frequency  scales,
was  introduced  by  Morlet  and  Grossman  in  1980[32-34].  Its
mathematical representation is given by the following equation:

WT(θ, τ) = 1√
θ

w ∞

−∞
Z(t)∗ψ

(
t− τ
θ

)
dt (13)

θ τ ψwhere  is the scaling factor,  is the shifting factor, and  is the
mother wavelet.

To enhance the efficiency and accuracy of the algorithm, DWT
is expressed as

DWT(h,σ) = 1√
2h

w ∞

−∞
Z(t)∗ψ

(
t−2hσ
2h

)
dt (14)

h σ
dn (t)

where  is  the  scaling  factor  and  is  the  shifting  factor.  By
substituting  the  parameter  into  the  Eq.  (14),  the  wavelet
coefficient can be obtained.

DWT  employs  filters  to  decompose  signals  into  multi-level
wavelet  coefficients.  The  output  of  the  low-pass  and  high-pass
filters  are  termed  the  approximate  and  detail  coefficients,
respectively[35,36].  The  approximate  coefficient  captures  the  low-
frequency  information,  which  reflect  characteristics  of  the
structure. By extracting the approximate coefficient to reconstruct
the signal, it is vital to retain the important damage information of
the  structure  to  localize  the  damage.  In  structural  damage
detection, the dynamic response contains a lot of multi-frequency
information  and  noise,  so  the  signal  characteristics  are  very
irregular.  To  select  a  suitable  wavelet  function,  it  is  necessary  to
take into consideration the characteristics of the response and the
impact  of  the  environment  comprehensively.  By  comparing  the
characteristics of various wavelet functions and the effectiveness of
the detection, this method selects the daubechies wavelet function
and  performs  5-layer  wavelet  decomposition  to  extract  wavelet
coefficients.  Finally,  five  approximate  coefficients  are  selected  to
reconstruct  the  signal  by  comparing  the  reconstruction
effectiveness of the number of wavelet coefficients.

2.4    Damage detection using PCA and DWT based on limited
sensors
The  displacement  under  a  moving  load  is  measured  using  a
limited sensor array, which is performed by PCA and DWT. The
damage  information  is  reflected  in  the  displacement  response
when the damage occurs. However, it is difficult to detect damage
only  by  changes  in  response.  The  response  change  caused  by
damage  will  be  captured  by  dynamic  components.  In  order  to
improve  the  sensitivity  of  the  detection,  DWT  is  applied  to  the
dynamic  component  including  angular  frequency  to  extract
wavelet  coefficients,  which  compose  of  the  important  damage
information  of  the  structure.  Wavelet  coefficients  are

reconstructed to extract damage index that is sensitive to damage.
The  reconstruction  signal  is  compared  with  the  reconstruction
signal in the healthy state when the damage occurs so the situation
of  the  structure  will  be  judged.  Therefore,  PCA  is  applied  to  get
the first dynamic component. Then the DWT is performed on the
first dynamic component to obtain the approximate coefficient to
reconstruct  the  signal.  Finally,  the  damage  index  is  defined  by
analyzing  the  reconstructed  signals  to  identify  the  damage
location.

The approximate  coefficient  extracted by  DWT using the  first
dynamic component of the structure is reconstructed as

S= ∑a∈m
A(m)L(a−2m) (15)

S A
m L

where  is  the  reconstructed  signal,  is  the  approximate
coefficient,  is the scaling factor, and  is the low-pass filter.

Then  the  damage  index  of  dynamic  component  (DIDC)  is
defined as

DIDC = Sh −Sd (16)

Sh Sdwhere  and  are  the  reconstructed  signals  of  the  dynamic
component in the healthy state and damaged state, respectively.

A  comparison  of  the  reconstructed  signals  before  and  after
damage  enables  the  localization  of  damage.  This  method  can
realize  the  matrix  calculation  of  PCA  using  two  sensors.  A  brief
description of the procedure is provided in Figure 2, with the steps
detailed as follows:

Z1)  Displacement  signals  are  collected  for  both  the  healthy
and damaged states.

Z
G V

Λ

2)  PCA is  performed on the  displacement  signals  to  obtain
the  principal  component  matrix ,  eigenvector  matrix ,  and
eigenvalue matrix .

G1 (t)
d1 (t)

φ1 (t)

3)  The  first  principal  component  is  filtered  by  MAF  to
obtain  the  first  dynamic  component  and  the  first  mode
shape .  The first  principal component is  processed by MAF
to extract the first modal, which is subsequently utilized to get the
first dynamic component.

d1 (t)
A

4)  The  first  dynamic  component  is  processed  by  DWT,
and approximation coefficient  is obtained.

A
S

5)  The  approximation coefficient  is  reconstructed  to  obtain
the reconstruction signal .

S6) By calculating the reconstructed signals  in the healthy and
damaged state, DIDC is defined to localize the damage.

3    Numerical simulation

L h b E ρ

v1 v2

To  assess  the  performance  of  DIDC,  a  simply  supported  bridge
model  is  established  in  ANSYS  software.  Seven  displacement
sensors  labeled  as  S1  to  S7  are  evenly  placed,  capturing
displacement  responses  during  loading.  The  simplified  bridge  is
illustrated  in Figure  3.  The  structural  parameters  are  defined  as
follows:  = 20 m,  = 0.2 m,  = 0.1 m,  = 200 GPa and  =
7,850 kg/m3.  A  moving  mass  of 1,000 kg  traverses  the  beam  at
diffferent velocities ( =0.5 m/s and =1 m/s). The displacement
is sampled at 200 Hz. Structural damage was introduced through
the deletion of finite elements at the bottom section. The damage
severity  is  quantified  as  the  ratio  of  deleted  elements  to  the  total
elements  within  the  cross-section.  The  model  is  divided  into  ten
sub-units along the height direction of the bridge. It represents the
damage  severity  of  10%  while  deleting  a  unit.  The  damage
location is counted from the left.
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3.1    Single damage

3.1.1    Scenarios of different damage severities

Ld

Ld

v1

The  single  damage  simulation  scenario  is  presented  in Table  1.
The  damage  severity  defined  as  the  percentage  loss  of  the  cross-
section area in the structure is set at 10%, 20%, and 30%, with the
damage  location  of =  0.4L.  A  triangle  on  the  horizontal  axis
corresponds to the damage. The scenario set as =0.4L with the
damage severity of 10% at the speed of  is taken as an example.

Figure  4 presents  the  first  dynamic  component  with  its
corresponding  Fourier  spectrum,  revealing  the  natural  frequency
of  1.12 Hz.  It  is  difficult  to  detect  damage only  by the  change of
the  dynamic  component.  The  displacement  response  gathered
from  the  seven  sensors  serves  as  the  input  for  the  DIDC
computation. Figure  5 shows  a  peak  in  the  DIDC  curve  at  0.4L
under different speeds, validating the given damage location. And
MAF is a moving windowing method, which will blur the average
value  at  the  boundary  leading  to  the  boundary  effect  of  DIDC.
The  same  phenomenon  appears  in  later  results  so  it  will  not  be
described  again.  The  results  verify  that  DIDC is  robust  to  detect
the location at varying damage severities and speeds. Furthermore,
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Principal component G

First dynamic component d1 (t)

Wavelet approximation coe�cient A
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MAF
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Reconstructed signals S

Wavelet reconstruction

Damage index: DIDC

Subtract the signals of 
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Eigenvector matrix V Eigenvalue matrix Λ

First mode shape φ1 (t)

Fig. 2    Flowchart of the proposed method.
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Fig. 3    The simply supported beam bridge model.

 

Table 1    The scenario setting of single damage.

Damage location Damage severity (%)

Ld  = 0.4L 10, 20, 30

Ld  = 0.7L 10, 20, 30
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it  is  observed  that  the  peak  value  associated  with  the  damage
location  rises  as  the  severity  increases.  However,  the  method
proposed will fail when the damage occurs near the boundaries of
the bridge.

Ld

Ld

v2

Furthermore,  an  assessment  of  the  method’s  effectiveness
across  various  damage  locations  was  also  performed.  Damage
severities of 10%, 20%, and 30% are set at =0.7L, with the results
presented  in Figure  6.  It  is  evident  for  all  severities  that
corresponding  curves  have  clear  peaks  at =0.7L,  which
corresponds to the introduced damage. Increasing the speed to ,
the  method  remains  effective  to  accurately  detect  the  damage.
These findings demonstrate DIDC is capable of reliably detecting
the damage.

In  traditional  methods,  researchers  often  extract  wavelet

coefficient  as  an  index  to  detect  the  damage  using  the  response
directly. Figure 7 shows the method using wavelet coefficient can
not  detect  the  damage  location.  This  is  because  that  dynamic
response  is  the  linear  superposition  of  multimodal  dynamic
information. The influence of the wavelet coefficient caused by the
fluctuation  of  the  high  frequency  dynamic  components  is  larger
than it caused by the damage. Besides, it  is also easily affected by
the  noise[14].  However,  in  the  proposed method of  this  paper,  the
high-frequency  dynamic  components  and  noise  are  filtered  out
but  remaining  the  first  dynamic  component  using  the  PCA,
leading  to  avoiding  the  interference  from  high-frequency
components and noise.  The comparative analysis reveals that the
method  achieves  effective  damage  localization,  whereas  the
wavelet  coefficient  alone  proves  insufficient.  The  performance  of
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DIDC depends on the severity of the damage as the peak value at
the damage location increases with the severity increases.

3.1.2    Results using limited sensors

To  assess  the  method  in  damage  detection  with  fewer  sensors,
three  scenarios  are  examined  as  detailed  in Table  2.  For  Case  1,
damage detection is carried out using five sensors (S1, S3, S4, S5,
S7),  with  all  parameters  remaining  the  same  as  the  previous
section.  The  results  of  different  locations  are  shown  in Figure  8
and Figure 9.  Then,  the number of  sensors  is  reduced again and
only two sensors  (S2,  S6 and S3,  S5)  are selected.  The results  are
shown in Figures 10−13. All DIDC curves have a peak at 0.4L or
0.7L,  indicating  that  this  method  has  good  performance  when
using  limited  sensors  even  only  two  sensors  are  used  in  Case  2

and Case 3. Despite a reduction in the number of sensors, DIDC
can also detect the damage because the first dynamic component
can be extracted well by PCA with several sensors, whether it is 2
or 4 sensors. However, comparing the results in Case 1 to 3, as the
number  of  sensors  decreases,  the  peak  value  of  DIDC decreases,
resulting  from  the  decrease  of  damage  information  because  less
information  is  used.  The  least  number  of  sensor  used  in  this
 

Table 2    The scenario setting of sensor combinations.

Case Sensor combination

1 S1, S3, S4, S5, S7

2 S2, S6

3 S3, S5
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Fig. 8    Damage detection results in Case 1 at Ld= 0.4L: (a) moving mass at v1, (b) moving mass at v2.
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Fig. 9    Damage detection results in Case 1 at Ld= 0.7L: (a) moving mass at v1, (b) moving mass at v2.
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Fig. 10    Results in Case 2 at Ld= 0.4L: (a) moving mass at v1, (b) moving mass at v2.
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method  is  two,  because  the  process  of  the  first  dynamic
component extraction is a matrix operation. We need at least two
sensors to measure the structural responses to form a data matrix.

3.2    Multiple damage

Ld Ld

Scenarios  of  multiple  damage  detection  are  performed.  MD
including  two  damage  locations  =  0.4L and  =  0.7L are
considered  here.  Scenarios  of  multiple  damage  including  MD1
and  MD2  are  defined,  as  shown  in Table  3.  Firstly,  DIDC  is
calculated by using the  displacement  response  obtained by seven
sensors. Figure 14 reveals distinct peaks at each imposed damage
position, indicating precise and effective localization of DIDC. To
verify  the  effectiveness  of  the  scenario  including  the  degrees  of

v2

damage  at  different  locations  varying,  0.4L is  set  as  damage
severity  of  20% and 0.7L is  set  as  damage severity  of  40% that  is
defined as MD3. Figure 15 shows DIDC still maintains robustness
to detect different degrees at different locations. When the vehicle
is  set  at ,  DIDC  remains  effective  in  detecting  damage.  The
results  indicate  that  DIDC  can  detect  damage  across  varying
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Fig. 11    Damage detection results in Case 2 at Ld= 0.7L: (a) moving mass at v1, (b) moving mass at v2.
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Fig. 12    Damage detection results in Case 3 at Ld= 0.4L: (a) moving mass at v1, (b) moving mass at v2.
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Fig. 13    Damage detection results in Case 3 at Ld= 0.7L: (a) moving mass at v1, (b) moving mass at v2.

 

Table 3    The scenario setting of multiple damage.

Damage location
Damage severity

MD1 (%) MD2 (%)

Ld  = 0.4L 20 40

Ld  = 0.7L 20 40
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severities in MD1 and MD2, with the peak at the location rising as
the severity increases.

To evaluate the effectiveness of DIDC using limited sensors in
this  session,  the  sensor  combinations  in Table  2 are  investigated
again. Figures  16−18 show  DIDC  have  obvious  peaks  at  0.4L and
0.7L, no  matter  using  five  sensors  in  Case  1  or  two  sensors  in
Cases  2  and  3.  These  results  indicate  that  DIDC  also  maintains
robustness in multiple damage detection by using limited sensors.
These  results  are  similar  to  that  of  using  all  the  seven  installed
sensors  shown  in Figure  14 but  the  sensitivity  of  the  index  also
decreases when reduce the used sensor number. But the decrease
of  sensitivity  do  not  affect  the  judgment  in  detection.  DIDC  is
calculated based on the dynamic component including oscillation
information,  so  oscillations  of  DIDC  will  also  occur  in  the  non-

damage position. However, the oscillation caused by non-damage
position  is  smaller  than  the  oscillation  information  created  by
damage,  which  does  not  affect  the  effectiveness  of  damage
detection.

3.3    Robustness to noise
To  evaluate  the  method’s  robustness  to  noise,  Gaussian  noise  of
different levels is applied to the displacement response. The signal-
to-noise ratio (SNR) is employed to evaluate the noise, as defined
below[37]:

SNR = 10lg
Px

PN
(17)

Px PNwhere  is the power of the displacement, and  is the power of
the measurement noise.
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Fig. 14    Results of multiple damages with different severities: (a) moving mass at v1, (b) moving mass at v2.
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Fig. 15    Detection results at different locations with different damage severities: (a) moving mass at v1, (b) moving mass at v2.
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Fig. 16    Results of multiple damage detection in Case 1: (a) moving mass at v1, (b) moving mass at v2.
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v2
The  SNRs  are  set  at  40  dB  and  25  dB,  respectively.  The

displacement  response  of  healthy  state  at  and  the  signal  with
40  dB  are  presented  in Figure  19.  The  damage  is  considered  at
0.4L, with the vehicle velocity set at different speeds. The results of
DIDC at  the  noise  level  of  40  dB are  presented  in Figure  20.  As
shown,  the  result  remains  remarkably  stable,  showing  no
significant difference from the case in Figure 7. This robustness is
maintained even at a higher noise level of 25 dB, as demonstrated
in Figure 21. As shown, the results are also similar to that of non-
noise scenario except for the slight variations at the non-damaged
location.  It  can still  identify the damage which shows that DIDC
has  good  robustness  to  noise.  This  is  because  that  the  PCA
method  itself  has  a  denoising  function  by  projecting  the  noise
onto  the  high  order  of  principal  component  vector  which  is

neglected  but  not  affect  the  extraction  of  the  dominant  first
principal component.

4    Experimental verification

4.1    Experimental setup
A  hollow  steel  beam  bridge  is  tested  to  further  assess  the
performance  of  this  method.  Five  electrical  eddy  current  sensors
are placed uniformly along the length of the bridge to measure the
displacement response, with sensors represented by S1 to S5 from
the left  to the right.  The simplified model is  shown in Figure 22.
The beam bridge is a hollow rectangular section with the width of
200 mm, the height of  100 mm and the thickness of  3 mm. The
length  and  the  density  of  the  beam  are  6  m  and 7,850 kg/m3.  A
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Fig. 17    Results of detection in Case 2: (a) moving mass at v1, (b) moving mass at v2.
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Fig. 18    Results of multiple damage detection in Case 3: (a) moving mass at v1, (b) moving mass at v2.
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Fig. 19    Displacement responses at the healthy state with 1 m/s and the signal with the noise with 40 dB: (a) Displacement, (b) the signal with 40 dB.

DOI: 10.26599/LLES.2025.9660010 Bridge damage detection using PCA-DWT with limited sensors

 

9660010 (9 of 15) Lifeline Emergency and Safety | 2026, 1: 9660010

https://doi.org/10.26599/LLES.2025.9660010


v3 v4
four-wheeled  vehicle  with  10.5  kg  propelled  by  a  DC  motor
traversed  the  bridge  at  different  speeds  ( =  0.5  m/s  and =
0.75 m/s) along steel angle rails. Response data is acquired with a
DH5922N  system  at  500  Hz.  Damage  scenarios  in Table  4 are

created  by  cutting  notches  at  the  bottom,  with  the  experimental
configuration shown in Figure 23.

4.2    Results of single damage
v4Take SD1 with a speed of  as an example. The signals collected

by  the  five  sensors  and  the  corresponding  Fourier  spectrum  are
shown in Figure 24, which shows the natural frequency is 9.75 Hz.
And  the  first  dynamic  component  is  shown  in Figure  25.  It  is
difficult to detect damage only by the change of the displacement
and the first dynamic component.

Figure  26 shows  the  results  with  the  five  sensors  installed  at
different  speeds.  As  demonstrated,  the  damage  can be  accurately
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Fig. 20    Results with different severities under 40 dB: (a) moving mass at v1, (b) moving mass at v2.
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Fig. 21    Results of different severities under 25 dB: (a) moving mass at v1, (b) moving mass at v2.
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Fig. 22    Experimental schematic diagram.

 

Table 4    Experimental damage scenarios.

Damage location
Depth of crack

SD1 SD2 SD3 MD1 MD2

Ld = 0.38L − − − 4 mm 7 mm

Ld = 0.68L 3 mm 5 mm 7 mm 7 mm 7 mm

 

(a) (b) (c) (d) (e)

Fig. 23    Experimental setup: (a) beam bridge, (b) model vehicle, (c) crack, (d) DH5922N dynamic system, (e) direct-current motor.
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and  confidently  localized.  And  the  boundary  effect  results  from
MAF  and  other  environmental  factors.  Compared  with
simulation  results,  it  can  be  observed  from  the  experimental
results  that  the  damage  peak  increases  with  severity,  and  the
DIDC method successfully detects this damage.

To assess the effectiveness of DIDC while reducing the number
of  sensors,  detection  is  conducted  using  different  sensor
combinations  including  four  sensors  (S1,  S2,  S4,  S5)  and  two
sensor  pairs  (S2,  S4  and  S1,  S5),  as  described  in Table  5.  The
detection  results  with  different  vehicle  speeds  using  these  sensor
combinations,  are  presented  in Figures  27−29.  The  results
demonstrate  that  damage  can still  be  detected  when the  number

of sensor is reduced for single damage detection. DIDC can detect
the damage in Case 2 and Case 3, indicating that this method has
good  performance  for  detection  when  using  two  sensors.  This
method can detect the damage location because the first dynamic
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Fig. 24    Response characteristics of scenario SD1 at v4: (a) time-domain displacement, (b) frequency-domain Fourier spectrum.
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Fig. 25    First dynamic component and the corresponding Fourier spectrum: (a) the first dynamic component, (b) Fourier spectrum.
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Fig. 26    Results with different severities: (a) vehicle speed at v3, (b) vehicle speed at v4.

 

Table 5    The scenario setting of sensor combinations.

Case Sensor combination

1 S1, S2, S4, S5

2 S2, S4

3 S1, S5
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component  can  be  extracted  well  by  PCA  with  several  sensors.
The  least  number  of  sensor  used  in  this  method  is  two,  because
the extraction of the first dynamic component involves the matrix
operation.  At  least  two  sensors  are  necessary  to  capture  the
structural  responses  and construct  a  data  matrix.  Comparing the
results  of  different  sensor  combinations,  the  peak  of  Case  2  is
larger  than  the  peak  of  Case  3  because  Case  2  is  closer  to  the
damage  location.  Therefore,  the  method  based  on  the  first
dynamic component can detect damage locations of the structure.

4.3    Results of multiple damage
The  effectiveness  of  DIDC  in  multi-damage  detection  is  further
studied. Displacement signals are collected using five sensors and
the detection results  are presented in Figure 30,  which show that

DIDC  has  peaks  at  the  damage  locations.  For  the  damage
detection process,  three sensor combinations are employed: Four
sensors (S1,  S2,  S4,  S5) and two sensors (S2,  S4 and S1,  S5).  The
results  are  shown  in Figures  31−33.  In  the  scenarios  of  multiple
damage, the peak of the MD2 curve is always larger than MD1 at
the  damage.  The  phenomenon  is  consistent  with  the  expected
setting  that  the  damage  severities  of  MD2  is  larger  than  MD1.
When  the  damage  occurs  in  the  structure,  the  dynamic
component will  change.  The change of  the damage will  be more
obvious  after  performing  discrete  wavelet  transform.  So  the
damage scenario of the structure can be judged by the peak of the
DIDC.  The  curve  of  DIDC  has  peaks  at  other  non-damage
locations  owing  to  the  influence  of  other  factors  such  as  the
environment, but there is still the maximum peak at the damaged
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Fig. 27    Results with different severities in Case 1: (a) vehicle speed at v3, (b) vehicle speed at v4.
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Fig. 28    Results with different severities in Case 2: (a) vehicle speed at v3, (b) vehicle speed at v4.
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Fig. 29    Results with different severities in Case 3: (a) vehicle speed at v3, (b) vehicle speed at v4.
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Fig. 30    Results using all sensors: (a) vehicle speed at v3, (b) vehicle speed at v4.
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Fig. 31    Detection results of multiple damages in Case 1: (a) vehicle speed at v3, (b) vehicle speed at v4.
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Fig. 32    Detection results of multiple damages in Case 2: (a) vehicle speed at v3, (b) vehicle speed at v4.
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Fig. 33    Detection results of multiple damages in Case 3: (a) vehicle speed at v3, (b) vehicle speed at v4.
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location.  When  the  vehicle  speed  increases,  the  effective
information  collected  by  the  sensor  decreases.  However,  it  does
not  affect  the  effectiveness  of  structural  detection.  The  curve  of
DIDC show multiple damage can be identified when reducing the
number of sensors and increasing the vehicle speed.

5    Conclusions
This paper introduces a novel approach that integrates PCA with
DWT  for  bridge  detection.  The  method  effectively  localizes
structural  damage  by  displacement  responses,  collected  from  a
limited  sensor  array  under  moving  load  conditions.  The
displacement data are performed by PCA to extract the principal
components,  which  include  both  the  mode  shape  and  the
associated  dynamic  components  of  the  structure.  The  dynamic
component  is  extracted  by  removing  the  mode  shape  through  a
low-pass filter.  Then the approximate coefficients of the dynamic
component  are  extracted by  DWT to  reconstruct  the  signal,  and
DIDC is defined on this basis. When the structure is damaged, the
damage index DIDC appears a peak at the damage location, so as
to  detect  the  damage.  To  verify  the  effectiveness  of  DIDC,  a
numerical  simulation  of  a  beam  bridge  model  and  experimental
testing on a steel beam bridge are conducted. Both simulation and
experiment results show that DIDC can detect damage in different
scenarios with limited sensors. This method can reduce the cost of
the  system  and  improve  the  accuracy  of  the  bridge  damage
detection.  It  has  good  robustness  to  noise  and  can  be  applied  to
practical  engineering.  In  addition,  this  method  is  simple  in
operation  and  fast  in  calculation  speed,  which  can  improve  the
efficiency of the detection.
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