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Noncontact technologies for measuring and analysing the
dynamics of various engineering systems and employing
structural health monitoring (SHM) and nondestructive
evaluation (NDE) framework are becoming increasingly
popular among the research community and the industry. A
large number of experimental and modeling techniques have
been developed and applied to monitor the structural re-
sponse including vision- and radar-based approaches, model
updating, structural self-excitation, numerical modelling, and
soft computing methods. "ese approaches enable a
straightforward assessment of the physical and dynamics
condition of large-sized and real-world structural compo-
nents. To accelerate the adoption of these new emerging
applications, several important issues have been addressed
such as deployment modalities, fusion, signal processing, as
well as investigation in the theories, algorithms, and methods
with emphasis on vibration analysis applications. In this
special issue on noncontact vibration-based SHM and NDE,
we have invited the following articles to address such issues.

In the first paper of this special issue, the combination of
phase-based motion magnification and 3D-DIC has been
employed to evaluate the modal behaviour of an aircraft cabin
under random excitation. "e study was focused on the
passenger window area due to its significance to the structural
integrity as a discontinuity of the peel. Operational deflection
shapes at different resonances were characterised by mag-
nifying a single resonance in the spectrum and then mea-
suring with 3D-DIC. "ese measurements were validated
with those obtained in forced normal mode tests.

"e second paper proposes a computer vision-based
method of displacement measurement for the field of
earthquake engineering."e presented method makes use of

relative displacement data recorded by a vision sensor and
numerical modeling for the absolute ground displacement
estimation. "e proposed system is capable of real-time
ground deformation observation and provides valuable
data for earthquake mechanics understanding.

"e third paper presents the practical results of the
evaluation of the data obtained by ground-based radar in-
terferometer during measurements carried out on bridge
structures. A comprehensive method of data analysis was
proposed. "e effective use of vehicles as a source of bridge
excitation allowed to first develop a method for determining
the damping parameters resistant to potentially occurring
beating frequencies. As a result, it is possible to determine
these subsets of data registered with radar, for which it is
possible to assume compliance with linear systems.

"e fourth paper investigates the Kriging model and
updating strategy using frequency response function to the
damage identification of a truss structure. To improve the
Kriging model, new sample points are added according to
mean square error criterion and the model is updated it-
eratively. Cuckoo algorithm is employed to optimize the
parameters. "e proposed method is applied to a plane
truss model, and the results are compared with the second-
order response surface model and the radial basis function
model.

"e fifth paper presents a numerical simulation of a
concrete footing-soil foundation interaction under seismic
conditions. Authors provide an analysis of displacement,
stress and strain, and seismic acceleration load response at
the base of the concrete footing. "e results show how the
height of embedded footing affects displacements of the
concrete footing, strain energy, and stress paths.
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"e sixth paper addresses the possibility to use changes
recorded in the dynamic response of a cement asphalt
mortar track to evaluate the degree of disengagement of the
system. "e method hereby described relies on an improved
genetic algorithm (i.e., Mortar Disengagement Degree Es-
timation Algorithm). "e proposed method is compared
with traditional genetic algorithms for validating its ro-
bustness under different operational conditions.

"e last paper presents a novel method for detection of
rail corrugation wavelength and depth. An ensemble em-
pirical mode decomposition (EEMD) is employed to esti-
mate the wavelength, and a support vector machine (SVM)
is applied for depth classification based on bispectrum
features extracted from the vibration signal. "e numerical
simulation is carried out to assess the accuracy of the
method.

Hoping the issue findings are of interest for research
scientists and technical community readers, we wish a
fruitful reading.
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Model updating in structural dynamics has attracted much attention in recent decades. And high computational cost is frequently
encountered during model updating. Surrogate model has attracted considerable attention for saving computational cost in finite
element model updating (FEMU). In this study, a model updating method using frequency response function (FRF) based on
Kriging model is proposed. +e optimal excitation point is selected by using modal participation criterion. Initial sample points
are chosen via design of experiment (DOE), and Kriging model is built using the corresponding acceleration frequency response
functions.+en, Kriging model is improved via new sample points using mean square error (MSE) criterion and is used to replace
the finite element model to participate in optimization. Cuckoo algorithm is used to obtain the updating parameters, where the
objective function with the minimum frequency response deviation is constructed. And the proposed method is applied to a plane
truss model FEMU, and the results are compared with those by the second-order response surface model (RSM) and the radial
basis function model (RBF). +e analysis results showed that the proposed method has good accuracy and high computational
efficiency; errors of updating parameters are less than 0.2%; damage identification is with high precision. After updating, the
curves of real and imaginary parts of acceleration FRF are in good agreement with the real ones.

1. Introduction

+e accurate finite element model (FEM) is the basis of
reflecting structural dynamics characteristics and guiding
the optimization design of the structure. However, due to the
modelling error and other uncertain factors, there is always a
certain discrepancy between the FEM and the accurate
model. Difference always exists between the mathematical
model and experimentally measured one. +erefore, it is a
general practice to update the theoretical model by using
experimental measurements in order to obtain a more ac-
curate model. Finite element model updating (FEMU) can
be defined as the process of tuning a FEM to minimize the
discrepancy between the measured and computed responses
of the structure [1]. FEMU has attracted significant attention
from the structural engineering community because of its
applications in structural dynamics [2]. +e current main-
stream FEMU methods can be divided into two categories:
FEMU based on modal parameters and FEMU based on

frequency response function (FRF).+e former needs modal
parameter identification, which inevitably introduces the
identification error, and requires that themeasured degree of
freedom (DOF) be consistent with the DOF of the analytical
model [3]. FEMU based on FRF does not need to carry out
modal analysis and mode matching, so it is suitable for
structures with relatively dense modal distribution [4]. In
addition, the FRF contains much information, which in-
creases the available data and has a wider range of appli-
cations [5].

+e results of structural model updating are important
for engineers to accurately model similar types of structures
in the future. Updated numerical models can be used in
numerous engineering fields (e.g., structural vibration
control, force identification, vehicle load identification of
bridge systems, and structural damage detection) [6]. One of
the main limitations of the FEMU in the engineering ap-
plication is the computational efficiency. In theory, the
higher the density of the finite element mesh, the higher the
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accuracy of the structure response prediction and the more
reliable the model updating result. However, a fine finite
element mesh will result in a significant increase in the
computational time of the individual theoretical model
response. Methods for constrained nonlinear optimization
are typically used to solve the inverse problem of FEMU
considering an objective function describing the discrep-
ancies between the predicted FEM response and the mea-
sured one. Complex relationship exists between the model
parameters to be identified and the objective function. +e
objective function may include many local minima.
Gradient-based methods are commonly used for FEMU [7].
However, they might be trapped in local minima and their
solution heavily depends on the starting point (i.e., initial
guess of the model parameters). In order to avoid this issue,
different global optimization algorithms have been used for
FEMU [2]. +e computational costs of the above methods
are high. Surrogate model can provide a cheaper but lower-
fidelity solution. +e surrogate model is gaining popularity
as a way of fast developed approximation for time-
consuming simulations [8].

+e surrogate model does not need the complicated
calculation as the FEM does. It is an approximate model
constructed directly using the relationship between inputs
(design parameters) and outputs (structural responses). +e
commonly used surrogate models include response surface
method (RSM), neural network (NN), radial basis function
(RBF), support vector regression (SVR), Kriging model, and
so on [9–12]. Kriging model is an equivalent model based on
Kriging interpolation. Unlike other surrogate models,
Kriging model can not only give the prevaluation of un-
known function but also get the error estimate of the
prevaluation. Only a small number of samples can accurately
describe the relationship between the inputs and outputs of
the structure, which is widely used in the field of evaluation
of machine tools [13], structural reliability analysis [14], and
model updating [15]. In the field of FEMU, Zhang and Guo
[16] applied Kriging theory to FEM confirmation to predict
the response of the structure. Jensen et al. [17] integrated an
adaptive metamodel into a FEMU using dynamic response
data. +e updating technique is combined with an adaptive
surrogate model based on Kriging interpolation of the
measure-of-fit function. Yang et al. [18] presented a new
surrogate model-based FEMU taking advantage of the
measured FRFs. To improve the accuracy of the surrogate
model, Han et al. [19] proposed a novel formulation of
gradient-enhanced surrogate model, called weighted
gradient-enhanced Kriging, in combination with the adjoint
method to ameliorate the curse of dimensionality for high-
dimensional surrogate model and design optimizations.
Leifsson et al. [20] presented a method for multiobjective
design optimization with variable-fidelity models and re-
sponse surface surrogates, and the underlying low-fidelity
model is corrected using parameterized output space
mapping.

However, most methods for constructing Kriging model
need to take some samples and to build a Kriging model with
certain precision based on the samples and their corre-
sponding responses. +en, the Kriging model takes place of

the FEM to carry out iterative optimization. If the precision
of the constructed Kriging model is too low, it may result in
poor or even failed optimization results. In this case, samples
must be reextracted and the Kriging model must be
reconstructed. In addition, most of the methods have chosen
the frequency as the response of the surrogate model.
However, as an important part of model updating, FRF can
provide more structural dynamic information. Un-
fortunately, FRF is rarely used as the response of surrogate
model.+erefore, in this paper, the Kriging model with good
simulation effect is applied to the model updating based on
FRF data. +e initial Kriging model is constructed by the
parameters to be modified and the acceleration frequency
response functions. In order to improve its accuracy, new
sample points are added with the mean square error (MSE)
criterion, and the Kriging model is updated iteratively.+en,
the Kriging model which meets the accuracy requirement is
applied to model updating of a truss structure. +e Cuckoo
algorithm with better global optimization ability is used to
optimize the parameters. +e numerical example verifies the
effectiveness of the proposed method.

+e remainder of this paper is organized as follows:
Section 2 gives an overview of the Kriging model. Section 3
presents the model updating based on the Kriging model,
including the MSE criterion, the objective function, and the
model updating process. Section 4 provides case studies.
Finally, Section 5 provides the conclusions.

2. Kriging Model

Kriging model is considered as the best linear unbiased es-
timation to the real computer model. It is a semiparametric
interpolation technique which estimates the unknown in-
formation at one point according to the known information
[21]. Nowadays, it has become a popular method for ap-
proximating deterministic computer model [22].

A Kriging model is a surrogate model based on a sto-
chastic process. +e model includes linear regression part
and nonparametric part. And the latter can be considered as
the realization of a stochastic process. For a given set of
sample data (input) X � [x1, x2, . . . , xn]T and the observed
response (output) Y � [y1, y2, . . . , yn]T, the expression of
Kriging model is

y(x) � 

p

l�1
βlfl xi(  + z xi(  � fT xi( β + z xi( , i � 1, 2, . . . , n,

(1)

where β � [β1, β2, . . . , βp]T is the coefficient vector to be
estimated; f(x) � [f1(x), f2(x), . . . , fp(x)]T is the poly-
nomial vector of the sample x ; p is the number of fl(x); n is
the number of sample points; and z(x) represents error and
is assumed to be a stochastic process that follows a normal
distribution N(0, σ2) with a zero mean and standard de-
viation σ generally and has nonzero covariance estimated by

Cov z xi(  , z xj  � σ2R xi, xj , i, j � 1, 2, . . . , n, (2)

where xi and xj are two sample points; σ2 is the variance of
z(x); and R(xi, xj) is the correlation function characterizing
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the correlation between any two sample points. Different
R(xi, xj) may induce different approximation accuracy of
the constructed Kriging model. To estimate the stochastic
process z(x), assuming that the true response surface of
Kriging model is continuous, any two points will tend to
have the same value as the distance approaches zero and it is
the same for z(x) of two points. +us, the correlation be-
tween z(x) of any two sample points can be expressed as a
function of their spatial distance. +e most widely used
Gaussian correlation model is adapted [18]:

R xi, xj  � exp −
m

k�1
θk x

k
i − x

k
j




2

⎛⎝ ⎞⎠, (3)

where xk
i and xk

j are the kth components of the two sample
points xi and xj, respectively; m denotes the number of
design variables; and θk is the correlation coefficient which
controls the decay rate of correlation on different di-
mensions. And then the matrix of correlation functions can
be expressed as

R �

R x1, x1(  · · · R x1, xn( 

⋮ ⋱ ⋮

R xn, x1(  · · · R xn, xn( 

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦. (4)

When training the parameters in the Kriging model, the
maximum likelihood estimation is usually used. +e like-
lihood function of the sample point can then be expressed as

L �
1

2πσ2( )
n/2

|R|1/2
exp −

(Y− Fβ)TR−1(Y− Fβ)

2σ2
 , (5)

where |R| is the determinant ofR, which is a function of θk;Y
is a column vector which is composed of the outputs (re-
sponses) of training samples; and F is a matrix of vector f(x)

from each sample point. +e least squares estimations of β
and σ2 can be expressed as

β � FTR−1F 
−1
FTR−1Y, (6)

σ2 �
(Y− Fβ)TR−1(Y− Fβ)

n
. (7)

Substituting equation (6) and equation (7) in equation
(5) and ignoring the constant term, the logarithmic form of
the maximum likelihood function can be expressed as

ln(L) ≈ −
n

2
ln σ2 −

1
2
ln|R|. (8)

Both σ and R are the functions of θk. And they can be
obtained from the maximum likelihood estimation of the
response. So, by solving the maximum value of the above
expression, the value of θk can be determined.

Stochastic distribution z(x) (in equation (1)) is sufficient
to indicate the changing trend of the function response, so the
regression part fT(x) is regarded as a constant term.+en, the
unique unknown parameter in the Kriging model is θk, which
can be obtained through optimization algorithm.

After the Kriging model is constructed, the next step is to
predict the response value of the point to be measured. For

any point x0 to be measured, its response value y(x0) can be
expressed as

y x0(  � fT x0( β + rT x0( R−1(Y−Fβ). (9)

+e prediction accuracy can be evaluated by estimating
MSE of the predicted value, which can be estimated as

s
2
(x) � σ2 1− fT(x), rT(x) 

0 FT

F R
⎡⎣ ⎤⎦

−1 f(x)

r(x)
 ⎡⎢⎣ ⎤⎥⎦, (10)

where rT(x0) is the row vector of correlation function be-
tween each sample point and the point x0 to be measured:

rT x0(  � R x0, x1( , R x0, x2( , . . . , R x0, xn(  . (11)

3. Kriging-Based Model Updating Method

3.1. Improvement of Kriging Model. +e accuracy of Kriging
model directly affects the results of model updating. Con-
structing a high-precision Kriging model requires a large
number of sample points. However, the number of sample
points is the key to restrict the computational efficiency of
Kriging model. +e prediction of each new point needs to
compute the correlation between the new sample point and
all sample points. +erefore, in order to ensure the com-
putational efficiency, the number of sample points should
not be too large. But small number of sample points may lead
to low accuracy of the model. In order to make Kriging
model have a good compromise between computational
efficiency and accuracy, it is necessary to add new sample
points in effective area according to certain rules (infill
criteria).

At present, the infill criteria mainly include improved
expectation criterion (EI criterion), improved probability
criterion (PI criterion), confidence lower bound criterion
(LCB criterion), and mean square error criterion (MSE
criterion) [12]. In this paper, the MSE criterion is selected to
add new sample points for updating the Kriging model. +e
estimation of root mean square error (RMSE) provided by
the Kriging model is used to guide the addition of new
sample points, thereby improving the global accuracy of the
model. Relative to the optimization of model updating, the
optimization here is referred as suboptimization. In short, it
is to use a reasonable optimization algorithm to solve the
following optimization problem so as to get a new sample
point:

MaxMSE(y(x)), x1 ≤ x ≤ xu,

MSE(y(x)) � s
2
(x) � σ2 1− rTR−1r +

1− FTR−1r( 
2

FTR−1F
⎛⎝ ⎞⎠,

(12)

where x1 is the lower bound of design parameters; xu is the
upper bound of design parameters; y(x) is the predicted
response of the Kriging model at the sample point; s2(x)

denotes the MSE estimation of the Kriging model; σ is the
variance of the stochastic process; R is the matrix of cor-
relation functions between sample points; R−1 is the inverse
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of R; r is a correlation vector, consisting of correlation
functions between unknown points and all known sample
points; F is a matrix of polynomial vector for each sample
point; and FT is the transpose of F.

It is necessary to choose a suitable convergence criterion
to terminate the surrogate infill process. Here, the maximum
number of new samples is taken as the termination criterion.
+e solution for the location of the maximum RMSE is
finished by Cuckoo algorithm.

+e main steps of updating the Kriging model can be
described as follows:

(1) Construct the initial Kriging model according to the
theory in Section 2.

(2) Compute the maximum RMSE value of the current
Kriging model by the Cuckoo algorithm and add it
into the set of sample points.

(3) Run the finite element analysis program to compute
the responses of the new sample points and update
the initial Kriging model until the set termination
condition is reached.

+e RMSE distribution of one-dimensional Schwefel
function is shown in Figure 1. As shown in Figure 1(a), the
sample point corresponding to the maximum RMSE is
around 0.8. Figure 1(b) is obtained after adding this sample
point; it can be seen that the precision of the surrogate model
is greatly improved. +erefore, it is an effective method to
update the Kriging model by using the optimization algo-
rithm step by step to select the point with the largest RMSE
as the new sample point.

3.2. Objective Function. Essentially, model updating is an
optimization problem. Minimizing the objective function,
the modified values of design parameters are obtained by
solving the optimization problem. In this paper, the ob-
jective function is established based on the differences of the
acceleration frequency response function between the ex-
perimental model and Kriging model.

In the frequency domain, the general mathematical
representation of n DOFs system is expressed as

−ω2M + iωC + K X(ω) � F(ω), (13)

where M, K, and C are n× n matrices of mass, stiffness, and
damping, respectively. X(ω) is n× 1 displacement response
vector subjected to the applied force vector of F(ω). ω is the
excitation frequency. +e displacement vector X(ω) can be
achieved by

X(ω) � H(ω)F(ω), (14)

where H(ω) is a n× n FRF matrix defined as

H(ω) � M−
iC
ω
−
K
ω2 

−1

. (15)

+e objective function here is defined as

Obj � 
maxF

i�1
y ωi( − log10 H ωi( 


, (16)

where y(ωi) represents the prediction response of the
updated Kriging model at ωi; maxF denotes the maximum
observation frequency; and H(ωi) represents the response of
the structure at ωi. +e peak value of the FRF is usually large
at some frequency points, which will affect the prediction
accuracy of the Kriging model, so the logarithmic (log
(FRF)) is taken as the response.

Many optimization algorithms can be used to solve
equation (17). +e Cuckoo algorithm [23] has strong global
search ability due to its unique Lévy performance. Moreover,
it has the advantages of less parameters, simple operation,
easy implementation, and good optimization performance.
+erefore, the Cuckoo algorithm is used to solve the pa-
rameters to be modified.

3.3. Process of Model Updating. As mentioned above, when
the Kriging model is introduced into the structural FEMU,
the Kriging model replaces the FEM to participate in op-
timization, and thus FRF model updating is fulfilled.

+e main steps of model updating method based on
Kriging model can be summarized as follows:

Step 1: select the excitation point and measurement
point and determinate the parameters to be modified.
Step 2: generate initial sample points of the modified
parameters by design of experiment (DOE).
Step 3: run the finite element analysis program to
compute the response of the sample points and con-
struct the initial Kriging model.
Step 4: find the point with the maximum RMSE of the
current Kriging model by the Cuckoo algorithm and
add it into the set of sample points.
Step 5: compute the responses of the new sample points
and update the initial Kriging model.
Step 6: check whether the maximum number of new
samples is satisfied. If it is, go to Step 7. Otherwise, go
back to Step 4 and continue adding new points.
Step 7: take equation (17) as the target; the updated
Kriging model is used to replace the FEM to participate
in optimization, and the modified values of parameters
are obtained by the Cuckoo algorithm.

+e flow chart of model updating is shown in Figure 2.

4. Numerical Example

A plane truss structure (Figure 3) is taken as an example to
verify the model updating method. +e truss has 14 nodes
and 25 DOFs. +e elasticity modulus of each bar element is
210GPa and the density is 7850 kg·m−3. Select the first
fourth modes as the modes of interest.
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4.1. Selection of Excitation Points and Measurement Points.
Modal participation criterion is used for selecting excitation
points. Modal participation [24] is applied to evaluate the
contribution of each DOF to the excitation modes of the
structure. Modal participation can be expressed as

Wqi � 

N0

p�1
Apqi



, q � 1, 2, . . . , N0, i � 1, 2, . . . , r, (17)

where subscripts p and q denote the output DOFs and input
DOFs, respectively; r represents number of modes; N0
represents the number of DOFs; and Apqi represents the
residue.

Assuming that the structure is proportional damping,
the FRF can be expressed as

Hpq(ω) � 
m

i�1

ϕpiϕqi

ω2
i −ω2 + 2iξiωiω

, (18)

where ϕpi and ϕqi represent the (i, p)th and (i, q)th elements
the modal matrix, respectively; ωi denotes the undamped
natural frequency at the ith order mode; and ξi represents
the damped coefficient at the ith order mode. Apqi in
equation (7) can be expressed as

Apqi � ϕpiϕqi. (19)

+e contribution of the qth DOF to the excitation of all
modes of interest can be expressed as

Wq � 
r

i�1
Wqi, q � 1, 2, . . . , N0. (20)

In single-input and single-output modal response test,
structural DOF with maximum Wq can be selected as the
optimal excitation point. Wqi and Wq of each DOF of the
structure are shown in Figure 4. +e maximum Wq is at the
20th DOF in the Y-direction of node 11. So, the 20th DOF is
chosen as the best excitation point in the test. +e DOFs in
the Y-directionmake themost important contribution to the
first four modes of excitation. +is is consistent with the
characteristics of the plane truss structure.

+ere are also many methods for selecting measurement
points, but most of them are multipoint selection. According
to the characteristics of the model, a DOF in the Y-direction
should be selected as the sensor measurement point. +e

Select excitation points and measurement points, and determine
the parameters to be modified

Design of experiment, select initial sample points

Construct the initial Kriging model

Add new sample point using MSE criteria

Update the Kriging model

Satisfy termination condition?

Compute FRF corresponding to the test model

Construct the objective function

Solve the parameters to be modified by Cuckoo algorithm

Output the modified parameters

Output the updated FEM

Y

N

Figure 2: Flow chart of model updating.
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Figure 1: RMSE distribution of Schwefel function. (a) Before adding point. (b) After adding point.
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fourth DOF in the Y-direction at the 3rd node is chosen as
the measurement point.

4.2. Test Design and Initial Sample Selection. In this paper,
the FEM shown in Figure 3 is used as the test model, and the
corresponding FEM is obtained by deviating from the values
of the parameters to be modified in the test model. Con-
sidering that the test data will be affected by noise in the
actual data measurement, 5% random noise is added to the
response of the test model. +e elasticity modulus and
material density are chosen as parameters to bemodified and
their values are deviated. +e elasticity modulus is increased
by 10%. +e material density is reduced by 10%. +e FEM
parameters are shown in Table 1.

Before constructing the surrogate model, selecting the
sample points is the first step. For the global optimization
problem, a better method is to select a set of sample points
through DOE. +e method proposed in this paper has no
strict requirements for the number of initial sample points,
which is different from the traditional Kriging model.
Considering the efficiency of adding new sample points, the
number of initial samples should not be too small. In other
words, the optimization efficiency of the improved Kriging
model based on our method is not obviously dependent on
the number of initial sample points. Here, the Latin

hypercube sampling (LHS) is used to sample the two pa-
rameters (elasticity modulus and material density). Finally,
40 samples are extracted.

4.3. Construction and Verification of Kriging Model. On the
basis of the 40 extracted samples and their corresponding
acceleration FRFs, the initial Kriging model is constructed.
+en, the new samples are added according to the MSE
criterion introduced in Section 3, and the maximum number
of additional sample points is 40. +en, the improved
Kriging model is built. +e FRFs at the fourth DOF of the
FEM are predicted by using Kriging model and the im-
proved Kriging model, respectively. +e results are shown in
Figure 5 (RMSE1 denotes RMSE of Kriging model; RMSE2
denotes RMSE of the improved Kriging model). Both the
Kriging model and the improved Kriging model have good
prediction accuracy. However, the improved Kriging model
performs better in predicting the peak value of the curve, and
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Figure 3: Plane truss model.
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Table 1: Parameters of test model and FEM.

Parameters Test
value

Initial
error (%)

FEM
value

Elasticity modulus (GPa) 210 10 231
Material density (kg·m−3) 7850 −10 7065
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the RMSE value of the improved Kriging model is smaller
than that of the Kriging model.

+e fitting response surface and RMSE surface obtained
by updating the Kriging model at the 50th frequency point
are shown in Figure 6. +e overlap between the sample
response and the predicted response from the improved
Kriging model is good, and the maximum RMSE is less than
0.05. +e improved Kriging model has good approximation
accuracy to the FEM.

4.4. Model Updating. +e improved Kriging model men-
tioned above is used to substitute the FEM to optimize it-
eratively. Assume that the test parameters are within the
interval of finite element parameter values. +e Cuckoo
algorithm is used to find the optimum iteratively. +e
number of nests is 40, and the maximum number of iter-
ations is 100. In order to prove the stability of the algorithm,
the iterative convergence curve is shown in Figure 7 when
the algorithm runs 100 times.+e Cuckoo algorithm is stable
and converges before the number of iterations reaches 60.
+e difference between the optimal value and the worst value
is also very small.

In order to compare with the optimization effect of the
updated Kriging model, the second-order RSM and the RBF
are constructed based on the same sample points. +e av-
erage values and average errors of the modified parameters
are shown in Table 2. Except for the second-order RSM, all
the other three methods obtain good results, but the

parameter values by the improved Kriging model are more
accurate, and the average error is the smallest.

All the algorithms are coded in Matlab 2014b. +e op-
erating system is Windows 10. Simulation hardware is a PC
with 3.50GHz Intel Pentium (R) G4560 and 12.00GB
memory, and all the algorithms are repeated 5 times.+e total
computation time of model updating using these surrogate
models is counted, and the average time is shown in Table 3.
+e RSM takes the least time.+e RBF needs the longest time.
And the Kriging model needs longer time than RSM, but its
computational efficiency is much higher than RBF.

In summary, the Kriging model has the best accuracy
and needs less time. +e accuracy of RSM is too poor. +e
computation time of RBF is too long. RSM and RBF cannot
be compromised between accuracy and time. +is shows
that the proposed method can improve the computational
efficiency while satisfying the accuracy and has little de-
pendence on the number of sample points. It is noted that
there are some errors between the Kriging model and the
improved Kriging model, which are not caused by the in-
sufficient optimization ability of the optimization algorithm,
but by the prediction error of the Kriging model itself. So,
only if the Kriging model is accurate enough, it can be used
to modify the structure model to reduce the computational
cost and get the accurate updating results.

+e FRFs predicted by the Kriging model, the updated
Kriging model, RBF, and RSM are shown in Figure 8.
Comparison of updated Kriging model with Kriging model,
RSM, and RBF is shown in Figures 8(a) and 8(b), re-
spectively (RMSE1 denotes RMSE of Kriging model;
RMSE2 denotes RMSE of the updated Kriging model;
RMSE3 denotes RMSE of RSM; RMSE4 denotes RMSE of
RBF). +e prediction value of the updated Kriging model is
more accurate than others. +e form of FRFs of the test
model and the FEM does not change, and the peak values
are very close, only causing movement along the frequency
axis.

+e FEM is updated with the average modified values
obtained from the updated Kriging model. By comparing the
real and imaginary FRF curves before and after modification
at the measurement points, the updating effect of the pro-
posed method is further verified. +e comparison curve
between real and imaginary parts of FRF before and after
updating is shown in Figure 9.+e FRFs of the updated FEM
(whether real or imaginary part), can coincide well with the
FRFs of the test model.

4.5. Damage Identification. In order to further verify the
proposed method, the above mentioned truss structure el-
ements 8, 12, 15, 17, 21, and 25 are assumed to be damage
elements. +eir stiffness of the elements is reduced by 10%,
10%, 20%, 20%, 30%, and 30%, respectively. +e elasticity
modulus of each damaged unit is identified. +e number of
samples is set to 500. +e maximum number of new ad-
ditional sample points is 100. +e maximum number of
iterations of the Cuckoo algorithm is 300. +e damage
identification errors by the Kriging model, the updated
Kriging model, the second-order RSM, and RBF under
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different measurement points are shown in Table 4. +e
effects of different measurement points on damage identi-
fication accuracy are different. When sensors are evenly
arranged at all Y-direction DOFs, 4 surrogate models have
better identification accuracy. +e identification error of the
updated Kriging model is less than 0.5%. For a single
measurement point, except for 14-Ymeasurement point, the
identification accuracy of the four methods for unit 12 at
other measurement points is poor; at 5-Y measurement
point, the surrogate models have larger identification error.
+e identification accuracy of the updated Kriging model is
better than that of the other surrogate models on the whole.
For the identification of elasticity modulus of the truss
damage elements, the computation time of the Kriging
model is about twice that of RBF and 0.04 times that of RSM.
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Figure 6: Prediction values of the improved Kriging model. (a) Response values. (b) RMSE values.
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FEMU based on Kriging model can make a good com-
promise between computational accuracy and time. +e
accuracy of damage identification is not only affected by the
surrogate models but also affected by the selection of
measurement points.

5. Conclusions

In this paper, the updated Kriging model is used to modify
the parameters and to identify the damage of the structure.
+e conclusions are as follows:

Table 2: Parameters and errors of model updating.

Elasticity modulus (GPa) Material density (kg·m−3)

Values by different methods

Test 210.000 7850.000
K 211.273 7891.508

U-K 210.005 7863.081
RBF 211.285 7903.145
RSM 210.945 8052.001

Average errors by different methods (%)

K 0.606 0.529
U-K 0.002 0.167
RBF 0.612 0.677
RSM 0.450 2.573

Note. K represents the Kriging model; U-K represents the updated Kriging model.

Table 3: Computation time.

Surrogate model Kriging RBF RSM
Average time (s) 13.949 695.802 3.837
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(1) For modal response test, the selection of excitation
point and measurement point is very important.
For single-input and single-output test, modal

participation criterion can be used to select the
excitation point, and the response point can be se-
lected according to the structural characteristics.
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Figure 9: FRFs before and after being updated. (a) Real part. (b) Imaginary part.

Table 4: Identification error of elasticity modulus of each damage unit.

Measurement location Method
Identification errors of damage units (%)

8 12 15 17 21 25

3-Y

K 1.594 5.125 6.225 0.504 0.098 0.946
U-K 1.315 3.812 4.334 0.490 0.099 0.622
RBF 0.487 2.339 1.750 0.577 0.006 0.234
RSM 1.064 8.371 6.323 0.229 0.342 1.064

5-Y

K 0.722 8.359 8.830 1.372 0.492 1.815
U-K 0.431 6.488 6.261 1.253 0.340 1.406
RBF 0.090 21.078 20.502 11.459 1.653 5.297
RSM 3.882 11.270 5.399 6.676 0.588 1.499

7-Y

K 0.890 7.373 0.768 6.824 0.557 0.280
U-K 0.897 3.470 0.054 2.850 0.108 0.017
RBF 3.718 6.606 1.231 8.987 0.055 0.904
RSM 4.663 1.201 0.324 2.165 0.202 0.337

9-Y

K 0.982 2.746 0.028 1.506 0.332 0.073
U-K 0.685 2.160 0.030 1.126 0.183 0.025
RBF 3.469 1.720 0.096 1.606 0.081 0.161
RSM 4.522 1.879 0.627 0.626 0.492 0.743

11-Y

K 0.554 1.918 0.021 1.276 0.435 0.304
U-K 0.552 0.916 0.031 0.327 0.087 0.132
RBF 2.088 2.970 0.275 2.269 0.093 0.277
RSM 5.810 2.018 0.578 1.424 0.625 0.862

14-Y

K 0.226 0.648 0.084 0.271 0.546 0.260
U-K 0.167 0.783 0.084 0.268 0.125 0.075
RBF 1.587 1.197 0.830 2.244 0.021 0.574
RSM 4.519 1.752 0.639 0.631 0.478 0.634

All measurement points of Y-direction

K 0.170 0.020 0.232 0.676 0.287 0.189
U-K 0.197 0.010 0.010 0.423 0.140 0.163
RBF 0.244 0.486 0.468 0.155 0.301 0.289
RSM 1.284 1.176 0.184 0.188 0.319 0.586

Note. K represents the Kriging model; U-K represents the updated Kriging model; 3-Y represents the measurement points arranged in the Y direction at the
3rd node.
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(2) +e updated Kriging model obtained by using the
MSE criterion has better accuracy than the Kriging
model, and the accuracy of the model is more stable.

(3) Compared with the second-order RSM and RBF, the
updated Kriging model can improve the computa-
tional efficiency while satisfying the computational
accuracy and has less dependence on the number of
sample points.

(4) +e parameter errors of the updated model are less
than 0.2%. When there are enough measurement
points, the parameter errors of damage identification
are less than 0.5%.

(5) When the optimization algorithm has enough op-
timization performance, the parameter modification
errors often depend on the accuracy of the surrogate
models, which are independent of the optimization
algorithm, and when the surrogate models are ac-
curate enough, the parameter modification errors
will tend to zero.

Further research is needed on the selection of multiple
measurement points for model updating. In the following
research, modal response test will be carried out.
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1is paper presents the practical results of the evaluation of the data obtained by using ground-based radar interferometer during
measurements carried out on bridge structures. Due to the nature of the objects studied, the authors proposed a comprehensive
method of data analysis, which identifies whether the passage of the vehicle did not damage the bridge.1e effective use of vehicles
as a source of bridge excitation allowed us to first develop a method for determining the damping parameters resistant to
potentially occurring beating frequencies. As a result, it is possible to determine these subsets of data registered with radar, for
which it is possible to assume compliance with linear systems. 1is type of data, often omitted in other works, forms the basis for
the second important element of the research—an algorithm based on the ARMA model supporting defect detection. 1e
optimization of the performed calculations, in particular the proposed optimal ARMA model order, the method of fault
identification based on the DSF parameter, or fault identification based on a nonmetrical Cook’s distance leads to a robust and
scalable method. 1e method’s low computational complexity allows for implementation in real-time solutions. In addition, the
distribution of errors and the sensitivity of classifiers based on the DSF parameter and Cook’s distances leaving them will enable
the automation of the classification process usingmachine learning.1e proposedmethod is universal; in particular, it can be used
for radar interferometry methods because it is resistant to potentially variable environmental conditions.

1. Introduction

1e inspection measurements of important and non-
standard engineering structures and related studies are the
basis for assessing their safety. In the group of objects that
must be monitored during load tests and require monitoring
are, among others, bridge structures and buildings exposed
to the influence of seismic factors. 1e monitoring of such
facilities and their examination under test loads should
provide a basis for assessing the safety of the structure at the
time of its commissioning and in the future.

Many failures can be identified based on the analysis of
observations carried out using various measuring devices. In
this group, attention should be paid to the radar in-
terferometry technique that allows simultaneous observa-
tion of many elements representing the tested structure. Its
important advantage is the ability to conduct measurements
in a noncontact manner and that there is no requirement to
install any devices on the object.

1e use of radar observations of many points on the site
to analyze the health of the structure is quite wide. 1is type
of research is carried out for both bridge and high-rise
buildings by determining the vibration parameters based
on dynamic displacement monitoring [1]. Gentile and
Bernardini [2] describe the application of the radar sensor to
vibration full-scale measurements of a bridge in relation to
the time series recorded by the conventional accelerometers.
In this research, the application of the radar sensor to vi-
bration full-scale measurements of a bridge in relation to the
time series recorded by the conventional accelerometers is
presented. As a result, the resonant frequencies and mode
shapes of the bridge that were identified from the radar
signals are compared to the corresponding quantities esti-
mated from the data recorded by the conventional sensors.
Moreover, Barros and Paiva [3] present many different types
of bridge structures on which radar measurements were
performed as a part of SHM. For each case study, the
comparison with the akin results obtained for the same case
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studies either by structural computational modeling or by
other intrusive SHM techniques is described, in order to
ascertain the accuracy of this nonintrusive radar in-
terferometry. In turn, Diaferio et al. [4] focus on operational
modal analysis (OMA), which is extensively used as a tool
for the modal identification and the SHM of civil engi-
neering constructions. 1ey analyze the capability and the
possibly needed improvements of the ground-based radar
interferometric experimental set-up applied to a railway
viaduct, as an alternative to classical experimental tech-
niques based on the use of accelerometers, which involve
high costs and long times for performing measurements and
often interrupt the service of a construction. Another ex-
ample of the application of radar measurements in relation
to the alternative observational method, which is a vision-
based measurement system based on the digital image
correlation coefficient, is presented by Kohut et al. [5]. 1is
research was carried out to assess the behavior of the tram
viaduct as a result of operational loads.

Research on the condition of structures based on radar
observations has also been carried out for high objects. Hu
et al. [6] use radar measurements to high-rise building
observations. 1ey established a sequential quadratic
programming-genetic algorithm to identify the dynamic
vibration characteristics of buildings under natural envi-
ronment excitation. 1is method not only accurately
identifies resonance frequencies but also directly extracts the
amplitudes of the sine and cosine components of the
building vibration signals under the resonance frequencies
response compared with the traditional spectrum analysis
based on the fast Fourier transform.

Another example is a historic masonry bell tower ex-
amined by Castellano et al. [7]. 1e proposed approach
exploits the extraction of modal parameters to define me-
chanical features of the structure such as mass, damping and
stiffness matrices by means of operational modal analysis,
starting frommeasurements performed by a very promising,
expeditious, and contactless experimental technique based
on radar interferometry.1is approach may be very effective
for structural health monitoring purposes. A different ap-
plication is presented by Ochieng et al. [8]. 1ey used a
noncontact radar observation for structural health moni-
toring of infield wind turbines blades. Radar sensor helps the
monitoring of blades during design, testing, and operation.
Furthermore, it supports the determination of damage de-
tection for infield wind turbine blades within a 3-tier SHM
framework especially for those made of composite materials
by way of condition parameter residuals of extracted modal
frequencies and deflection.

Damage detection is one of the most important appli-
cations of SHM systems and algorithms. Modern compu-
tational technologies based on digital signal processing, the
evaluation of patterns by means of machine learning, or the
evaluation of patterns by the analysis of statistical charac-
teristics of signals can be used to assess the safety of building
objects [9, 10].

Recently, an important trend in this field is the use of
machine learning to identify potential problems. While the
use of AI methods is widely known for systems based on the

analysis of dynamic data, it is also worth noting that it is
possible to effectively analyze data from high-resolution
measurement systems using deep machine learning
methods [11]. 1e use of photogrammetric systems and
computer vision systems can also successfully include dy-
namic measurements. 1is type of work encompasses many
research directions, among which the following should be
mentioned: different template matching techniques for
tracking targets, coordinate conversion methods for de-
termining calibration factors to convert image pixel dis-
placements to physical displacements, measurements by
tracking artificial targets vs. natural targets, and many
others.

Finally, the applications of the measured displacement
data for SHM are reviewed, including examples of structural
modal property identification, structural model updating,
damage detection, and cable force estimation [12]. An im-
portant element of SHM systems is not only to identify the
damage but also to give such information an adequate
weight. In particular, research work may include the pro-
vision of information on the SHM system including the
number of sensors and sensor locations [13].1e complexity
of SHM systems and a large number of sensors do not
remain indifferent to the possibilities of the efficient use of
systems.

As important as research work that focuses on system
reliability, there are those that aim to reduce computational
complexity while maintaining damage detection efficiency.
In particular, unlike conventional strategies employing a
frequency response function or response data, a damage
detection methodology is addressed by employing trans-
missibility functions that retain a strong interrelation with
structural damage or deterioration in order to avoid the
measurement of excitation, together with the principal
component analysis that leads to a reduction in computa-
tional costs [14].

Studies on SHM algorithms concern, just like in this
paper, the identification of damages occurring on bridge
structures. 1ese tests, which are crucial for practical ap-
plications, must also include an analysis of the interaction
between the bridge and the vehicles that constitute the
source of disturbances and vibrations [15]. Long-term
monitoring of objects is inherently subject to changing
environmental conditions, in particular to changing weather
conditions. Such changes affect both the measurement
system and the behavior of the object itself. Huang et al. [16]
address this problem by indicating that, in practical appli-
cations, time-varying environmental and operational con-
ditions, such as temperature and external loadings, often
overwhelm the subtle changes caused by damage. It is
therefore of great significance to remove those structural
changes (damage features) caused by external influences
from actual structural damage. 1e authors present a new
damage identification method based on the Kalman filter
and cointegration (KFC). As a result, the environmental
effects on a damage indicator are removed, thanks to the
cointegration process of the Kalman filtered coefficients.
Bhowmik et al. [17] show that most work to date deal with
algorithms that require windowing of the gathered data that
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render them ineffective for online implementation. Algo-
rithms focused on mathematically consistent recursive
techniques in a rigorous theoretical framework of structural
damage detection are missing. 1is motivates the devel-
opment of the present framework. As a solution, a baseline-
free approach for continuous online damage detection of
multidegree of freedom vibrating structures using recursive
singular spectral analysis in conjunction with time-varying
autoregressive modeling is presented. Besides, the problem
of long-termmonitoring is also considered by Roy et al. [18].
1e authors draw attention to the fact that a direct com-
parison of the vibration signals or modal properties at
different periods of time may not be sufficient to identify the
damages and their locations. 1erefore, it is important to
analyze the vibration signals to extract the morphologies of
the changes in these response signals and correlate them
with the types, location, and magnitude of structural
damage.

An interesting solution, presented by Krishnan et al.
[19], successfully eliminates the need for offline post-
processing and facilitates online damage detection espe-
cially when applied to streaming data without requiring any
baseline data. 1is is a novel baseline-free approach for the
continuous online damage detection of multidegree of
freedom vibrating structures using recursive principal
component analysis (RPCA) in conjunction with time-
varying autoregressive (TVAR) modeling. In this
method, the acceleration data are used to obtain recursive
proper orthogonal components online using the rank-one
perturbation method, followed by TVAR modeling of the
first transformed response, to detect the change in the
dynamic behavior of the vibrating system from its pristine
state to contiguous linear/nonlinear states that indicate
damage.

On the contrary, the health analysis of the structure
based on data representing the stationary parts of mea-
surement signals has been presented, among others, by Sohn
et al. and Nair et al. [20, 21]. 1ey are an important element
in the proposed solution.

1is work presents an algorithm for conducting re-
search under testing or operational load that allows si-
multaneous observation which will allow for identifying
any structural damage that may occur during testing and
are the basis for building a reference database of the system
based on SHM.

An algorithm for detecting and automatically identifying
the defects of buildings and structures is applied. It is
particularly useful for engineering structures susceptible to
dynamic excitations such as bridges, viaducts, flyovers,
masts, and towers, as well as free-standing chimneys (single
and multi-flue) based on tests carried out under testing or
operational load.

2. Proposition of the Damage
Detection Algorithm

2.1. Overview. 1e computational technique is that the
measurement signals, which are variable in time, are

measured, and the results are delivered to the computing
unit in the form of time series and spectrograms, and an-
alyses are carried out for the stationary fragments of the time
series.

In the first stage, when measuring a given structure,
measuring devices, such as the accelerometers, in-
terferometric radar, or GNSS receivers, are positioned in
such a way that the following can be performed:

(a) It is possible to accurately identify the mode shapes
resulting from the modal analysis of the structure

(b) 1ey are located in the places that are subject to
damage during tests under test loads and operational
loads

In the second stage, the values of the identified ampli-
tudes obtained from those parts of the time series, which
represent free vibrations, are compared with the results of
the modal analysis in the range of values in the frequency
domain and in the range of the logarithmic decrement of
damping calculated from the Hilbert transform of free vi-
bration [22].

1en, in the parts of the time series that represent the
stationary signal, the ARMA model is fitted (a linear model
of autoregressive moving average) [23]. On this basis, the
damage sensitive feature (DSF), introduced by Nair et al.
[21], is calculated as the normalized value (the first co-
efficient is divided by the square root of the sum of the
squares of the first three coefficients).

In the third stage, it is calculated if the distance of the
given calculated coefficient, on the basis of the given time
series after the crossing of a vehicle, changes the coefficients
of the regressive lines fitted into the previous realizations of
the DSF with the use of Cook’s distance. In this way, the
dynamic behavior of the bridge, which deviates from the
norm, is identified.

1e signal recorded during the load testing can be di-
vided into three parts in the time domain (Figure 1):

(1) 1e data represent the stationary signal. 1is is the
basis for finding the structure’s features representing
its condition prior to possible damage and in the
parts representing the condition of the object after
free vibration has expired. 1e second part is the
basis for evaluating whether or not the force dam-
aged the object.

(2) 1e data represent the deflection of the construction.
1e standard procedure may be used to calculate
other parameters such as the coefficients of the
dynamic amplification factor (DAF).

(3) 1e data represent the free vibration. 1e correctly
filtered and standardization process allows for the
calculation of an amplitude spectrum and also may
determine if the design is acting in accordance with
the damping based on the values of the logarithmic
decrement of damping.

2.2. Estimation of the Structure Damping. It is common
practice to use free-damping data to verify FEA (finite
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element analysis) models. Usually, data are used to obtain
information about the amplitude spectra (Figure 2). In order
to correctly establish an amplitude spectrum, the incoming
signal must be processed with a band-pass filter supported
by data and a precalculated modal analysis based on the
finite elements analysis method. 1e interval representing
free vibration may be presented as follows:

x(t) � Ae
−Bt cos(ωt + φ), (1)

where A is the amplitude, B is the damping coefficient, ω is
the frequency, φ is the phase, and t is the time.

If a Hilbert transform was calculated for such a signal,
the envelope of the damped oscillator was obtained as a
result (Figure 3).

Taking into account equation (1), the estimated pa-
rameter B may be calculated in the following two ways:

(i) Directly from the definition by fitting the expo-
nential function into the result of the Hilbert
transform

(ii) By fitting the linear function into the logarithm of
the Hilbert transform

A classic logarithmic decrement of damping is calculated
upon the basis of the following equation:

δ � ln
An

An+1
, (2)

where δ is the logarithmic decrement of damping and An

and An+1 are the consecutive amplitudes.
1e direct use of equation (2) does not solve the problem,

which is illustrated in Figure 3. Although the band-pass filter
is used, the signal, which registers the free vibration, is
affected by two very similar frequencies because the phe-
nomenon of beat frequencies occurs in bridge structures
while being tested. Such a situation is found on bridge
structures, especially for cable bridges [10, 25, 26]. 1e
proposed solution of this occurrence is superior to the
classical method based upon the definition of the loga-
rithmic decrement of damping that, in the submitted ex-
ample, the estimation of the damping coefficient is not

hampered by the errors occurring from the number of
frequency components (Figure 4).

1e standard equation describing the vibration is ex-
ponential. It is by its nature difficult to be analyzed by re-
gression algorithms. 1e proposed solution is based on
linearizing the equation before estimating the parameters.
1e logarithmic representation of the Hilbert transform can
be easily estimated using linear regression or generalized
linear regression with selected cost function (the authors
present the use of LSF as a cost function). It is a more ef-
fective way and a more robust solution.

Such an approach allows for the estimation of the
damping coefficients to be based on a robust estimation. In
addition, while the estimation is being determined, the entire

A
m

pl
itu

de
 (m

m
)

0

–1

–2

–3

–4
0 20 40 60

Time (s)
80 100

Stationary signals
obtained from
linear systems

Damped oscillator

Construction response

Figure 1: 1e decomposition of the measurement signal (repro-
duced from [24], under the Creative Commons Attribution-
NonCommercial 4.0 International License).

0 10 20 30
Time (s)

40 50 60 70

D
isp

la
ce

m
en

t (
m

m
)

0.4

0.2

0

–0.2

(a)

Ab
so

lu
te

 v
al

ue
of

 th
e a

m
pl

itu
de

0 1 2
Frequency (Hz)

3 4 5 6

100

50

0

(b)

Figure 2: Example of time series and its amplitude spectrum
(reproduced from [24], under the Creative Commons Attribution-
NonCommercial 4.0 International License).

Time (s)
40 50 60 70 80 90 100 110

D
isp

la
cm

en
t (

m
m

), 
am

pl
itu

de

–0.2

–0.1

0

0.1

0.2

Figure 3: Hilbert transform calculated for signal obtained from
damping vibrations with beat frequencies (reproduced from [24],
under the Creative Commons Attribution-NonCommercial 4.0
International License).

4 Shock and Vibration



data acquisition of the measuring signal is being utilized,
rather than an arbitrarily chosen amplitude (Figure 4).
1erefore, after determining the linear estimation,

y � Bx + C, (3)

δ � B · T, (4)

where T is the period of the dampened vibration and C is the
constant.

2.3. Structural Health Estimation and Damage Detection.
If during a load test, damage to the construction occurred, it
would change the statistical characteristics of the measured
data. 1ere exists a group of methods which has been de-
veloped for the identification of the damage. 1ey are based
on the congruency of the ARMA (autoregressive moving
average) models into the given data. 1e general form is as
follows:

xij(t) � 

p

k�1
akxij(t− k) + 

q

k�1
bkεij(t− k) + εij(t), (5)

where xij(t) is the normalized measurement signal,
ak and bk are the k-th AR and MA coefficients, p and q are
the model orders of the AR and MA processes, and εij(t) is
the residual term.

1e algorithms of the group are discussed in detail
[10, 19, 20]. In particular, the modified and implemented
algorithm adapts to the structure in Figure 5.

1e structure of the proposed algorithm is discussed in
more detail below.1e assumption is to answer the question
whether the condition of the structure before the vehicle’s
approach during the loading of the bridge structure and after
that has changed. 1e algorithm operates on data por-
tions—called batch or data intervals. Batch data processing is
an efficient way of processing high volumes of data where a
group of transactions is collected over a period of time. Data
are collected, entered, and processed, and then the results are
produced. Since we would like to be able to compare the

results between measurements, the intervals of the data must
be standardized in the beginning of the process, as is shown
in Figure 5. A practical way of doing this is as follows:

x(t) �
(x(t)−m)

σ
, (6)

where x(t) is the analyzed interval (batch of data), m is the
mean value, and σ is the standard deviation.

After the standardization, the time series is entered into
the model of ARMA in accordance with equation (5). Taking
into consideration the different types of engineering
structures, the rank of the coefficients AR (p) and MA (q), in
the proposed solution, is subject to estimation.

Lo
g.

 am
pl

itu
de

 o
f v

ib
ra

tio
ns

11010040 50 60 70 80 90
Time (s)

–2

–2.5

–3

–3.5

Log. representation of Hilbert transform
Linear model robust fit

Figure 4: Logarithmic representation of Hilbert transform (blue) and linear estimation (red) (reproduced from [24], under the Creative
Commons Attribution-NonCommercial 4.0 International License).

Mobile acceleration unit,
radar data, and GPS data

Benchmark data collection

Data preprocessing

ARMA modelling and, damage
sensitive feature extraction

Test case

Damage detection using
Cook’s distance

Baseline

New data collection

Figure 5: Selected and implemented ARMA algorithm framework.

Shock and Vibration 5



1erefore, the effect of the action of the algorithm will be
the result of the damage sensitive feature of the DSF pa-
rameters calculated for the specific data vectors representing
the engineering structure before and after the potential
damage (Figure 6):

DSF �
a1����������

a2
1 + a2

2 + a2
3

 ,
(7)

where ai is the coefficients obtained from equation (5).
1e classical approach to identify the damage in a given

structure is that one must take all the obtained DSF co-
efficients prior to the test (marked in Figure 6 as circles) and
use this as a basis to calculate the estimated value. 1e next
step would be an analogical procedure for the entire interval
representing the structure behavior after the excitation has
been applied to the construction (the result is marked in
Figure 6 as plus signs).

Hence, for both groups of data, the mean values have to
be estimated. Upon this basis, it may be concluded that there
will be a substantial difference between the groups, using the
standard t-test for this aim.

1is type of approach has two characteristic
shortcomings:

(1) It is crucial to take a sufficient number of samples
representative of the structures behavior after force
has been applied to the construction, in order for the
statistical significance from the given test to be
properly kept at accordingly a high level.

(2) Limiting the possibility of using the calculation
techniques of bridge structures while under opera-
tion being subjected to continual use, there may not
be a suitable length of time between the impact of the
structure to gather the proper amount of data to run
a t-test determining the DFS coefficients.

2.4. Reducing the Amount of the Necessary Data. 1e
abovementioned limitations may be solved by using a dif-
ferent criterion than the statistical difference estimated
between the two groups of data. A dataset was considered in
which after the excitation and damping of the object and
before the next excitation, a limited amount of data can be
registered. It means that two consecutive forces are applied
to the structure in a short time. In the case of such data, it is
possible to calculate a limited number of the DSF coefficients
(in Figure 7 marked with an arrow).

Such a situation may be encountered when research is
being carried out in bridge structures that are in current use,
especially those with a large variety of vehicles that are not
standard and are oversized. 1e question at hand is whether
or not a given vehicle may be the cause of damage to a
structure even during minimal intervals between the
impacts.

In order to verify whether the limited number of DSF
parameters that were registered are significantly different
from the average realization, the formula that may be used in
such a regression analysis is based upon Cook’s distance
given by the following equation:

Di �


n
j�1 yj −yj(i) 

2

p · MSE
, (8)

where yj is the j-th fitted response value, yj(i) is the j-th fitted
response value where the fit does not include observation i,
MSE is the mean squared error, and p is the number of
coefficients in the regression model.

1ere are several reasons why Cook’s distance has been
chosen as a tool to detect changes in the DSF coefficients
value. First of all, the use of this method allows for the
diagnosis of the object’s state immediately after the load has
been removed which is crucial for the algorithm. 1us, the
potential damage to a bridge object can be detected on the
basis of a small amount of data. Second, there are un-
ambiguous, objective criteria for assessing whether Cook’s
persistence is statistically significant [27]. 1irdly, it is not
necessary to perform recursive statistical significance tests of
the DSF coefficients, which significantly reduces computa-
tional complexity.

Figure 8 presents Cook’s distances calculated for the
example dataset. It is easy to see that all of the captured DSF
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coefficients for the vectors of the data representing a
damaged structure are assigned a value above line.

1e dashed line in Figure 8 corresponds to the rec-
ommended threshold value of three times the mean of
Cook’s distance. 1e plot has observations with Cook’s
distance values which are greater than the threshold value. In
particular, the DSF obtained for vector numbers 51, 52, and
53 have Cook’s distance values that are relatively higher than
the others, which exceed the threshold value. Usually you
might want to find and omit these from your data and
rebuild your model, but in our case, this information is used
to answer the question if extraction (for example, a vehicle)
caused damage to the tested bridge. It is important to keep in
mind that this is not the value of Cook’s distance, but the
change in the value of the DSF coefficient is the basis for
identifying the damage to the object. Cook’s distance is only
a tool that allows you to objectively and efficiently find
changes in the DSF value.

3. Bridge Test Results

3.1.Acquisitionof theObservationData. 1e object on which
the test was carried out was a tram viaduct. 1e ground-
based interferometric radar IBIS-S was used to acquire the
data (Figure 9). 1e displacements of a dozen points rep-
resenting the bridge span were the subject of measurement;
however, the observations of one point, located in the span
half-length, were used for further analyzes. 1e sampling
frequency was set as 100Hz.

1e design specifications on the phase accuracy applied
on the radar system, which was used in the presented re-
search, are suitable for measuring short-term displacements
with a range accuracy better than 0.1mm [28].Moreover, the
radar manufacturer claims that displacement surveying
accuracy is at the level of 0.01mm.1is value is confirmed by
the analyses carried out by Rödelsperger [29], who consider
the relationship between the SNR (signal to noise ratio) and
the displacement measurement error. 1e SNR value de-
pends on the intensity of the radar signal reflected by the
observed object. For an SNR of 40 dB, the displacement
measurement error is 0.03mm and decreases with a further

increase of SNR.1e time series subjected to further analysis
was recorded for one of the 7 points observed on the bridge
span, and for all of them, the SNR was greater than 65 dB.

In the conducted research, it was assumed that the
impact of the atmospheric disturbance and the multipath
signal effect is negligible. 1is is possible because, during the
observation, the atmospheric conditions did not change and
the configuration of the measurement system and the object
remained unchanged. In addition, taking into account the
fact that the precision of the measurement result is more
important to the performed tests than its accuracy, it may be
assumed that the record of 0.01mm displacement is an
actual observation.

1e time series subjected to further analysis is shown in
Figure 10. 1e data representing the stationary signal are
marked in red. 1ey provide input data for the proposed
algorithm for potential damage detection. With the use of
arrows, the intervals of clear excitation of the free vibrations
are marked, which will be used to determine the frequency
spectrum of the construction vibrations and the logarithmic
decrement of damping.

In the proposed algorithm, the frequency spectrum
analysis is not a key but an auxiliary element of the solution.
1e essence of the algorithm is based on the transformations
of stationary signals. However, the proposed application of
the method is monitoring bridges that will be subjected to
vehicle traffic. 1erefore, in order to correctly analyze the
data, it is necessary to verify when after the excitation the
construction vibration has been damped.

To determine the parameters of damping the structure,
the observation intervals marked with arrows were used
(Figure 10). 1e selected observation intervals were sub-
jected to FFT analysis. Both of the analyzed cases showed a
dominant frequency of value 2.95Hz± 0.01Hz. 1is means
that the natural vibration period of the tested bridge span is
T� 0.34 s.

According to the proposed algorithm, the Hilbert
transform was used to determine the damping of the
structure. 1e signal from the observation is marked in blue,
while the envelope of the vibration (i.e., the graph of the
Hilbert transform) is shown in red (Figure 11).

1en, in the logarithmic representation of the Hilbert
transform, the linear function was fitted (Figure 12). 1e
determined value of parameter B defined in equation (3) is
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Figure 8: Cook’s distance calculated for the linear model of DSF
coefficients [24] (reproduced from [24], under the Creative Com-
mons Attribution-NonCommercial 4.0 International License).

Figure 9: IBIS-S radar unit under the tested bridge span.
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0.0572 and 0.0646 for the analyzed cases.1is means that the
logarithmic decrement of damping equals 0.019 and 0.022,
respectively.

3.2. Optimization ofAlgorithmParameters. 1e algorithm of
the structure damage detection based on the autoregressive
moving average model has several parameters that can be
adjusted adequately to the analyzed building objects. Among

them are the p and q values, that is, the model orders of the
AR and MA processes can be pointed out. In addition, the
length of the vector containing the data to determine the
DSF parameter is also not strictly defined, the same as the
number of these vectors. Hence, for the analyzed case, an
attempt was made to determine the optimal AR and MA
values (Figures 13 and 14, respectively).

In the following figures, different symbols were used for
marking the DSF values obtained as a result of the analysis of
the signal recorded before the occurrence of the load and
after the load termination and related effects (like the
damped vibrations). 1e solid lines in the corresponding
colors represent the regression lines fitted into the set of DSF
values determined for the adopted number of the analyzed
data vectors.

1e values of the model orders of the AR and MA
processes have a range that makes them appropriate for the
analysis [21]. 1e presented variants allow the choice of p �

4 and q� 3 as optimal for further analysis. And while the q
parameter does not significantly affect the DSF values (q� 3
was chosen for further analysis), in the case of parameter p,
the differences are significant.1e choice of p � 4 for further
analysis is due to the smallest variability of the DSF value
(the black markers in Figure 13) in relation to the time series
from the observation of the structure before the load oc-
currence, i.e., the potential damage.

In the next stage, the effect of the length of the vector
containing the data to determine the DSF parameter and the
number of analyzed vectors was verified. Observation data
were divided into two ways: (1) 21 vectors with 200 elements
and (2) 11 vectors with 400 elements (Figure 15). 1e results
indicate a higher sensitivity of the variant (1); however, the
variant (2) also reveals that the values are significantly
different from the average.1is is important in the process of
detecting changes in the state of the structure.1e advantage
of variant (2) is the higher calculation speed.

3.3. Application of Cook’s Distance. In the proposed algo-
rithm, Cook’s distance was used to determine if the imple-
mentation of a limited number of DSF parameters are
significantly different from the average realization. 1e an-
alyses were made on the basis of the DSF datasets, as shown in
Figure 15. 1e effect is shown in Figure 16. 1e DSF values
exceeding the adopted threshold (the dashed lines in Fig-
ure 16), i.e., the outliers, are marked with red circles.

It should be noted that the DSF values that would in-
dicate a change of the structure state (vectors no. 9–13 in
Figure 15(a) or vector no. 6 in Figure 15(b)) are not con-
firmed by the calculated Cook’s distance. On the contrary,
there can also occur outliers (the black cross in Figure 16(b))
which do not indicate damage on the basis of the DSF. 1is
leads to the conclusion that the detection of structural
damage should be based not only on the DSF coefficient but
also on Cook’s distance, which is its valuable complement in
the proposed algorithm. 1e proposed algorithm has an
advantage over a standard solution because it is not based on
simple statistical significance testing of the DSFs. As a result,
the size of the sample before and after the load can vary.
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It also does not matter what the distribution of the residuals is
(there is no need to meet the assumptions related to a formal
significance test). In the examples discussed, the values of the
DSF coefficients signaling object damage are unlikely to be
detected by another method. 1anks to this, the proposed
method is not only faster but also more sensitive.

4. Conclusions

1e presented algorithm comprehensively discusses the
methods of prototyping engineering structures, in particu-
lar, examining bridges under testing and operational loads.
Its basic assumptions and features are the following:
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Figure 13: Distribution of DSF values depending on the AR process order: (a) version order of AR� 4, order of MA� 3; (b) version order of
AR� 5, order of MA� 3; (c) version order of AR� 6, order of MA� 3.
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(1) 1e decomposition of the recorded signal represents
the vibration of a given bridge structure into three
groups in the time domain. 1e first group contains
data before an impact and after free vibration, and
technically, it is the group of stationary signals of
linear systems. 1e second group is the response of
the construction (i.e., the deflection of the span
occurred). 1e third group is the part of the signal
which represents the free vibration in a structure that
is excited.

(2) 1e decomposition of a signal in a frequency
spectrum, especially with band-pass filters, allows for
the more effective spectral analysis. 1e band width
is the results of the FEM analysis.

(3) 1e amplitude spectrum is comparable to the
analysis made with the finite elements method
through the calculation of the fast Fourier transform.

(4) Construction damping of an object is represented by
the logarithmical decrement. 1e calculation of its
values is not dependent upon the implementation of
the direct definition but on the calculation of the

Hilbert transform. Furthermore, for the logarithm of
the envelope, the linear regression with the robust
least squares fitting method is calculated. 1e cal-
culated coefficients of the linear estimation allow for
an estimation of logarithmic decrement of damping
in the entire signal, even when the structure expe-
riences beat frequencies.

(5) 1e identification of the potential damage to a
structure as a result of impact is based on the DSF
coefficients.1e answer to the question if the damage
occurred is based on Cook’s distance rather than the
comparison of the average values of the tests is
obtained as follows: the effect of such an examination
is when in real time the conclusion may be drawn
whether or not the data from the tested object in-
dicate the damage, even in the cases when the
damage occurs during the operation of the tested
object.

It is of utmost importance that the data supporting the
algorithm in the field of stationary signals are analyzed
properly. 1e important parameters are as follows: the order
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of the ARMAmodel, the length of the data windows, and the
test if the residuals obtained are normal, impeded, and
identically distributed. Verification of the construction
condition has to be based on the proper baseline (the same
environmental conditions). In addition, the proposed so-
lution presents current and modern approaches to solving
the problem. In particular, it offers the following:

(i) 1e effective separation of stationary and non-
stationary signals

(ii) Optimal ARMA model parameters
(iii) Implementation possibilities supporting online

solutions by limiting computational complexity
(iv) Effective input data for the analyzes conducted

using the AI method, in particular for classifying
the DSF parameters and Cook’s distances assigned
to them

(v) A methodology of using Hilbert transforms for
oversize excitations

(vi) 1e use of observation methods based on in-
terferometric radars, which facilitate the location
of potential damage, because the input data are
uniform in the time domain and strictly defined to
the location; due to the easy coverage of the tested
object with multiple observations, the analysis of
data, and consequently the location of the damage,
is easier

(vii) Input data from radar systems which allow, due
to the frequency and accuracy of the displace-
ment measurements, the use of the most algo-
rithms that were developed for the analysis
of the measurements performed with the
accelerometers

(viii) No influence of weather conditions variability on
the possibility of inference about the state of the
object for the dynamic issues.

Further research is the technological implementation of
machine learning which will allow for the automatic clas-
sification of the DSF coefficients.
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and Francisco A. Dı́az 1
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Recently, many works have shown the capabilities of noninterferometric optical techniques, such as digital image correlation, to
characterise modal behaviour. ,ey provide a global insight into the structure or component behaviour which implies massive
spatial information, unaffordable by traditional sensor instrumentation.Moreover, phase-basedmotionmagnification (PMM) is a
methodology which, based on a sequence of images, magnifies a periodic motion encoded in phase time-domain signals of the
complex steerable pyramid filters employed to decompose the images. It provides a powerful tool to interpret deformation.
However, the interpretation is just qualitative and should be avoided if out-plane motion is recorded as only one camera is
employed. To overcome this issue, 3D digital image correlation (3D-DIC) has been linked with PMM to provide measurements
from stereoscopic sets of images, providing full-field displacement maps to magnified images. In this work, the combination of
PMM and 3D-DIC has been employed to evaluate the modal behaviour of an aircraft cabin under random excitation. ,e study
was focused on the passenger window area due to its significance to the structural integrity as a discontinuity of the peel.
Operational deflection shapes at different resonances were characterised by magnifying a single resonance in the spectrum and
then measuring with 3D-DIC. ,ese measurements were validated with those obtained in forced normal mode tests. Motion and
displacement videos improved the understanding of the identified resonance deformation. Actually, a relevant behaviour was
noticed in the window’s frame, a quite narrow area where using traditional sensors would not provide such a detailed
3D information.

1. Introduction

Structural integrity of aircraft is a vital issue.,ese structures
undergo strict controls under severe conditions to provide
safety and excellent dynamic performance. Many efforts are
taken during design and validation stages in prediction with
powerful numerical simulations and expensive, challenging
experimental measurements, respectively. Modal parameter
inspection is a typical way to detect damage or abnormal
behaviour and also to characterise the generated noise inside
the cabin. Experimentally, the instrumentation of big

structures is usually sparse to prevent the cost increasing.
Hence, low spatial resolution provides a rough character-
isation regarding mode shapes or even missed due to spatial
aliasing. Especially, the resolution is not enough to un-
derstand the behaviour of small critical areas. In this sense,
full-field optical techniques offer an ultrahigh spatial reso-
lution compared to pointwise methods and, thanks to high
speed cameras, represent an interesting alternative formodal
identification. Digital image correlation (DIC) [1] is one of
the most popular methods due to its robustness, well-
developed methodology, and user-friendly commercial
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software. But the main advantage over most of the tech-
niques is the possibility of performing 3D measurements by
setting up a calibrated stereovision system of two or more
cameras. Different studies have explored 3D-DIC for modal
identification [2–5]. In a previous work, the authors eval-
uated the effect of differential pressure on the modal be-
haviour of aircraft using 3D-DIC [6]. ,ese studies proved
the capabilities of the technique to determine full-field mode
shapes, avoiding any spatial aliasing.

An interesting methodology recently developed is phase-
based motion magnification (PMM). It is a new Eulerian
approach to motion processing developed by Wadhwa et al.
[7]. It is intended to reveal subtle motion in videos by
obtaining a magnified version. ,e video signals are
decomposed using complex steerable pyramid filters [8–10].
,is is an overcomplete transform based on complex si-
nusoids modulated by a Gaussian window function at dif-
ferent spatial scales, orientations, and positions. ,e time-
domain local phase at every spatial scale and orientation of a
steerable pyramid, where the motion is encoded, is tem-
porally band-pass filtered and amplified by a magnification
factor. When images are reconstructed back, the result is the
magnification of the harmonic motion in that frequency
band. ,is method is advantageous over the previous linear
amplitude-based Eulerian magnification method [11] since
it is possible to achieve larger amplitudes without distortion.
Moreover, it provides substantially better noise performance
since there is no increment of spatial noise amplitude. ,is
methodology has been employed by Chen et al. to describe
operational deflection shapes (ODS) under forced normal
mode tests using the edge detection algorithm to highlight
the magnified shapes [12]. Sarrafi et al. [13] also employed
the edge detection on magnified images for damage de-
tection by noticing changes in natural frequencies and
ODSs. PMM has also been employed to develop an au-
tonomous methodology for experimental modal analysis
with a little user supervision [14, 15]. Natural frequency and
damping are determined from phase signals under random
excitation, whereas mode shapes were magnified and
highlighted using the edge detection. ,is methodology has
been employed for damage detection localisation using
fractal dimension [16].

,at is very valuable; however, numerical information or
quantifying the motion in terms of displacement is not
available. To achieve this, the authors developed a meth-
odology to measure the magnified images using 2D-DIC
under sinusoidal excitation to determine displacements in
the sensor plane [17]. ,is demonstrated to be beneficial to
provide a full-field measurement to magnified images. In
addition, it improved the quality of the ODSs measurement
due to the larger motion, considering the typical limitations
of DIC for low-amplitude vibrations. Nevertheless, the
mentioned phase-based methodologies and also the com-
bination with 2D-DIC employ a system with a single camera.
It is only suitable to visualise in-plane motions and, thus,
only for 2D displacements. Considering that, the authors
evaluated the validity of the measurement on magnified
images from a stereoscopic system using 3D-DIC [18].
Under analogous conditions, the obtained ODSs were

compared with numerical simulations for a cantilever beam
and it was demonstrated that no distortion occurred as a
consequence of separate magnification of the images from
each camera. ,is methodology was then performed on a
large aeronautical panel where 3D-DIC measurements
provided out-of-plane information that could not be
assessed by simple visual inspection despite magnification.

In this study, the capabilities of the combination of 3D-
DIC and PMM are explored during random excitation to
enable multiple mode evaluation in a single test. In a pre-
vious study on stereophotogrammetry and magnification in
random tests, Poozesh et al. [19] employed 3D-DIC to reveal
one low response mode of a simple cantilever beam. Here,
the passenger window of a full-scale aircraft demonstrator is
evaluated. Multiple modes have been magnified to reveal the
shape after a previous identification in a stabilisation dia-
gram. ODSs have been obtained in a full-field manner with
negligible presence of noise or other modes. ,e results have
been validated using the mode shapes from forced normal
mode tests. Videos of the naked motion and also including
the displacement maps allowed an intuitive interpretation of
the deformation. ,at allowed behaviour characterisation of
the window frame, what is of significant interest for the
structure integrity.

2. Experimental Tests

,e methodology for ODSs evaluation using PMM and 3D-
DIC was performed in Clean Sky GRA MT2 Cockpit
Demonstrator shown in Figure 1. ,e demonstrator con-
sisted in a cabin fixed to a bulkhead and was fully instru-
mented to characterise and evaluate the behaviour under
different force and environmental conditions. However,
these sensors are not employed in this study. ,is work is
focused on a specific part of the demonstrator, the passenger
window, highlighted in Figure 1, which involves a discon-
tinuity in the composite peel. Hence, this part plays a critical
role in noise generation and keeping the airtightness.

An electrodynamic shaker model LDS V450 was
employed to generate noise random excitation in the
spectrum 40–300Hz. ,is study investigated the local be-
haviour of the window, and hence, lower frequencies were
avoided as they involve global structure deformation or any
other rigid body behaviour.,e vibration was transmitted to
the cabin lateral through a stinger as seen in Figure 1(b). An
accelerometer was placed in the shaker’s armature to record
the excitation.

Two high-speed cameras, model Photron FastCam SA4
(1 megapixel full resolution), were employed to record the
response on the inner surface of the window under exci-
tation, as observed in Figure 2. Both cameras were supported
on a rigid aluminium structure which was fixed to the
bulkhead in order to isolate them from the vibration. ,e
event was recorded at 2000 fps according to the Nyquist
criterion and the shutter speed was 0.1ms, short enough to
avoid blurring. Two light sources were also employed to
generate clear, high-contrast images. ,e accelerometer
signal was synchronised with both cameras through a DAQ
device model NI USB-6251.
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Two additional forced normal mode tests were per-
formed to validate the ODSs obtained from magnified
images using the same setup and recording parameter as
described in Figure 2.

3. Image Processing

3.1. Phase-Based Motion Magnification. In this study, the
phased-based motion magnification methodology de-
veloped by Wadhwa et al. [7] was employed. ,is algorithm
exploits the phase signals of the complex steerable pyramids,
consisting in Gabor wavelets, at different positions and
orientations to identify the local motions in spatial subbands
of an image. ,e concept is analogous to Fourier shift
theorem for sine function transforms. For instance, a generic
1D spatial-domain intensity profile, I(x), that is moved
according to a time-domain function, δ(t), can be described
by a Fourier series decomposition as follows:

I(x + δ(t)) � 
∞

ωs�−∞
Cse

iωs(x+δ(t))
, (1)

where ωs is the frequency and Cs the amplitude of the si-
nusoid. Phase shifting of a hypothetical single sinusoid
fringe image is shown in Figure 3 when motion occurs along
the x direction. As can be observed, the phase is encoded as a
phase shifting, x + δ(t), with respect to the initial position.
Considering this analogy, the phase signal of each pyramid is
then band-pass filtered and multiplied by a factor. ,e

video reconstruction would show a magnified version of
the motion present in that frequency band, previously
imperceptible. Hence, the algorithm inputs are the image
sequence, the desired frequency band, and the magnification
factor.

For subsequent measurements using 3D-DIC, the se-
quence from each camera must be magnified using the same
parameters [18]. Unlike sinusoidal excitation, many signifi-
cant modes are now present in the images simultaneously.
,erefore, magnification factors were chosen so that the
responses of the nonmagnified modes were negligible in
comparison with the magnified one.

Considering the random nature of the recorded vibra-
tion, the larger is the sequence, the better are the results.
However, phase-based motion magnification is highly
memory demanding, and this limits the sequence length. In
this occasion, a computer with 32GB RAM was employed
allowing 1000 image sequences of 1 megapixel.

3.2. 3D Digital Image Correlation. Digital image correlation
is an optical technique based on intensity field correlation to
perform displacement and strain measurements in images
[1]. For 3D-DIC, images from a stereoscopic system com-
posed by using two cameras are employed.,e calibration of
the stereovision consisted in determining both extrinsic
parameters, which define the relative position of the cameras
and establish the relation of the coordinate systems, and
intrinsic parameters, related to the position of the sensor, the
lenses, and the light. An area of interest is identified in the

(a)

i
ii

iii

(b)

Figure 1: (a) Full-scale aircraft demonstrator and (b) the lateral excitation configuration using (i) a shaker with (ii) a stinger to measure on
(iii) the passenger window.

i

ii

iii

Figure 2: Stereoscopic setup composed by (i) two high-speed
cameras and (ii) light sources recording on (iii) the passenger
window from inside.

x

I
δ(t)

x

y

(a) (b)

Figure 3: (a) Sinusoidal fringe image and (b) the effect of x-motion
in a 1D intensity profile.
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reference image from one camera and divided into squared
subregions of pixels called facets or subsets. To make every
facet unique, the surface is typically treated to generate a grey-
scale speckle pattern as shown in Figure 4(a). ,e size of the
facets is an odd number of pixels (2M+1), where M is an
integer number, so that the facet central pixel is P at the
position (x0, y0) [20], as shown in Figure 4(b). ,e central
pixel of every facet is initially identified in the second camera
as themost similar intensity area.With this first identification,
it is possible to determine the spatial position of the central
pixel of every facet, i.e., every measurement point and hence a
digitalisation of the specimen surface. Performing the cor-
relation in the subsequent deformed states, the displacement
of every facet is determined, as shown in Figure 4(c).

In the present case, the window and the surrounding peel
was coated with white paint and then sprayed with black
paint to create the random speckle pattern. ,e correlation
analysis was performed with Vic 3D software from Corre-
lated Solutions Inc. using 19-pixel facet and 5-pixel overlap
step. ,at generated a full-field measurement equivalent to
23000 3D sensors in this surface. Facet size can be compared

with the image size in Figure 5(a), and the resulting surface
digitalisation is shown in Figure 5(b).

4. Results and Discussion

As a broadband event, the expected response of the window
to such excitation is a combination of the modes in this
spectrum. ,erefore, an instantaneous out-of-plane dis-
placement, W, in Figure 6 shows that no clear mode shape
extraction could be done by visualising the time-domain
response. Actually, a significant amount of noise was also
expected and found due to the low sensitivity of non-
interferometric techniques in comparison with traditional
pointwise sensors such as accelerometers or even laser
vibrometry [21, 22]. ,erefore, PMM was employed in this
study to highlight individual ODSs, making both other
modes and noise negligible [7, 14].

Before performing the magnification, some modes had
to be identified. ,e full-field transfer functions were ob-
tained from the 3D-DIC and the accelerometer measure-
ments under the same noise excitation. ,e excitation

(a)

x

y
P(x0, y0)

(b)

x

y
P(x0, y0)

P′(x, y)

(c)

Figure 4: (a) Example of a grey-scale speckle pattern on the surface of interest. (b) Facet grid generation in the reference image highlighting
that whose central pixel P. (c) Position of the pixel P after deformation, P′, to determine the displacement vector.
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Figure 5: (a) Region of interest and facet size and (b) 3D digitalisation using 3D-DIC.
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displacement amplitudes were obtained by accelerometer
signal double integration. As RAM was not a limitation
for 3D-DIC processing but only for PMM, 5400 frame se-
quences were considered for this estimation that eventually
yielded 1Hz frequency resolution. ,e stabilisation diagram
corresponding to the least squares complex exponential
method was chosen to highlight modes. ,is diagram is
represented in Figure 7 and shows the averaged transfer
function.Multiple peaks were observed,many of which can be
attributed to global structural modes that do not show the

local behaviour of the region. ,ese modes were not of in-
terest in this study.,e selected local modes for magnification
were found at the peaks 124Hz, 155Hz, 215Hz, and 268Hz.
In fact, these had the highest stabilisation trend and the se-
lection is also supported by the previous study results [6].
,en, magnification was performed in a narrow band for each
one. ,e magnification factors were 50x for 124Hz and 100x
for the rest. ,ose values were determined according to the
level of response to yield clear displacement maps without
producing blurring derived from excessive magnification.
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Figure 6: Instantaneous out-of-plane displacements, W, measured by 3D-DIC under random excitation.
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As a result, videos were obtained showing a clear motion
for the naked eye. ,e videos corresponding to the right-
hand side camera can be found as Videos 1–4 in supple-
mentary material for each respective mode. As can be seen,
these videos describe the local behaviour of the window and
the surrounding aircraft’s peel. Comparing them, different
deformations are noticed from one mode to another, and the
complexity is increasing for higher frequency modes, as ex-
pected. ,is makes the interpretation of the motion difficult
for the naked eye. Under this limitation, 3D-DIC measure-
ments were performed in the magnified sequences. Taking
into account that bending is mainly described by out-of-plane
displacements, called asW, focus was placed on this direction.
Four respective videos were obtained that included the dis-
placement maps evolution (Videos 5–8). ,e instantaneous
W maps at the signal crest are shown in Figure 8. ,e
measurement allowed the quantification of the virtual motion
of these images and improved the interpretation of the de-
formation. It is also worth mentioning the capabilities of the
methodology to extract ODSs from a random event where just
a combination of noise and modes was obtained. ,ey all

correspond to bending modes of increasing order mainly
produced in the window itself. ,ey can be checked against
the ODSs obtained from forced normal mode tests. A quick
identification of two resonances at 124Hz and 215Hz was
performed with an impact hammer test. Hence, the ODSs for
these frequencies under sinusoidal excitation are shown in
Figure 9. Magnified ODSs from random tests show the same
behaviour what proves they are actual ODSs and the influence
of the remaining modes is negligible.

Overall, both sorts of video provide a meaningful insight
of the behaviour of the window. For instance, the travelling
wave effect produced by different phase lag along the surface
is evidenced. For the first mode, the phase lag is more
homogeneous, but this effect is especially relevant for the
three higher frequency modes. However, there is an addi-
tional behaviour that might be of major importance for the
integrity of the joint with the peel and hence for the air-
tightness. In all the analysed resonances, the frame expe-
rienced deformation in certain zones with the highest
amplitudes of the whole surface. By observing the dis-
placement maps in Figure 8 (more notorious in Videos 5–8),
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Figure 8: ODSs of the window in the out-of-plane direction, W, obtained with 3D-DIC after magnifying the resonances: (a) 124Hz,
(b) 155Hz, (c) 215Hz, and (d) 268Hz.
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this deformation can be localised. ,e motion may be
intuited in the motion Videos 1–4, but zoom-in videos are
provided for detailed inspection. In the first mode, large
amplitudes are detected on the left part of the frame and also
close to the right lower corner. ,ey can be observed, re-
spectively, in zoom-in Videos 9–10. Namely, the maximum
deformation of the left part is compared with the nonloaded
state in Figure 10. Blurring appeared in the frame as a
consequence of the large displacements after magnification.
Since the displacement in the window was smaller, the
magnification factor was chosen to provide good displace-
ment fields for the window despite the little blurring of the
frame. As observed, maximum displacements for the second
resonance mainly occur in the upper and lower parts, shown
the former in Video 11. It is worthy to note that the third
mode shows higher order deformation, especially close to
the right upper corner as seen in Video 12. A particular case

is the last mode as no deformation was detected in the
frame in the W direction. However, vertical displacements,
V, shown in Figure 11 revealed a significant deformation in
the upper region of the frame. ,is vertical motion can be
confirmed watching the zoom Video 13.

5. Conclusions

,is study shows the benefits of the combination of phase-
based motion magnification and 3D-DIC, especially for
evaluating the complex structures where no conclusive in-
formation can be obtained from a single camera. Multiple
ODSs of the passenger window of a full-scale aircraft
demonstrator were deduced, visualized, and quantitatively
measured from a single random excitation test. ,e mag-
nification of an individual resonance from a broadband
response makes it predominant against the other and its only
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Figure 9: ODSs of the window in the out-of-plane direction, W, obtained with 3D-DIC in forced normal mode tests for the resonances:
(a) 124Hz and (b) 215Hz.
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Figure 10: Window’s frame upper right corner in the nonloaded state (a) and at maximum deformation (b) for the magnified resonance
124Hz.
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presence can be assumed. Larger amplitude motion achieved
by magnification allowed clearer 3D-DIC displacement
maps to be obtained which was little influenced by noise. On
the contrary, 3D measurement provided the necessary in-
formation to understand themotion of themagnified videos.
,ese measurements agreed with the ODSs obtained in
forced normal mode tests. As a conclusion, visual and
quantitative information proved to be complementary and
provided a deep insight into an intuitive interpretation and
understanding of the deformation.

Furthermore, this is a powerful tool for such big structures
since it is able to give high-density information in critical parts
which could not be achieved by using spaced sensors, being
possible to lose localised effects. ,is paper has demonstrated
the potential when detecting significant deformation of the
window’s frame. ,is provides relevant information and
feedback to improve the union of the window and the peel
that ensures the integrity and airtightness.
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Supplementary Materials

A description of the videos supplied as supplementary
materials is here provided. ,ey can be found in the online
version of the present paper.
Supplementary 1.Video 1: nakedmotion of the windowODS
at 124Hz using 50x magnification factor from the right-
hand side camera viewpoint.

Supplementary 2.Video 2: nakedmotion of the windowODS
at 155Hz using 100x magnification factor from the right-
hand side camera viewpoint.

Supplementary 3.Video 3: nakedmotion of the windowODS
at 215Hz using 100x magnification factor from the right-
hand side camera viewpoint.

Supplementary 4.Video 4: nakedmotion of the windowODS
at 268Hz using 100x magnification factor from the right-
hand side camera viewpoint.

Supplementary 5. Video 5: ODSs of the window in the out-
of-plane direction, W, obtained with 3D-DIC after mag-
nifying the resonance 124Hz with 50x factor.

Supplementary 6. Video 6: ODSs of the window in the out-
of-plane direction, W, obtained with 3D-DIC after mag-
nifying the resonance 155Hz with 100x factor.

Supplementary 7. Video 7: ODSs of the window in the out-
of-plane direction, W, obtained with 3D-DIC after mag-
nifying the resonance 215Hz with 100x factor.

Supplementary 8. Video 8: ODSs of the window in the out-
of-plane direction, W, obtained with 3D-DIC after mag-
nifying the resonance 268Hz with 100x factor.

Supplementary 9. Video 9: naked motion of the window
ODS at 124Hz using 50x magnification factor zooming at
the left part of the frame from the right-hand side camera
viewpoint.

Supplementary 10. Video 10: naked motion of the window
ODS at 124Hz using 50x magnification factor zooming at
the right lower corner of the frame from the right-hand side
camera viewpoint.

Supplementary 11. Video 11: naked motion of the window
ODS at 155Hz using 100x magnification factor zooming at
the upper part of the frame from the left-hand side camera
viewpoint.

Supplementary 12. Video 12: naked motion of the window
ODS at 215Hz using 100x magnification factor zooming at
the upper part of the frame from the left-hand side camera
viewpoint.

Supplementary 13. Video 13: naked motion of the window
ODS at 268Hz using 100x magnification factor zooming at
the upper part of the frame from the left-hand side camera
viewpoint.
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F. A. Dı́az, “3D mode shapes characterisation using phase-
based motion magnification in large structures using ste-
reoscopic DIC,” Mechanical Systems and Signal Processing,
vol. 108, pp. 140–155, 2018.

[19] P. Poozesh, A. Sarrafi, Z. Mao, P. Avitabile, and C. Niezrecki,
“Feasibility of extracting operating shapes using phase-based
motion magnification technique and stereo-photogramme-
try,” Journal of Sound and Vibration, vol. 407, pp. 350–366,
2017.

[20] B. Pan, K. Qian, H. Xie, and A. Asundi, “Two-dimensional
digital image correlation for in-plane displacement and strain
measurement: a review,” Measurement Science and Technol-
ogy, vol. 20, no. 6, p. 062001, 2009.

[21] M. N. Helfrick, C. Niezrecki, P. Avitabile, and T. Schmidt, “3D
digital image correlation methods for full-field vibration
measurement,” Mechanical Systems and Signal Processing,
vol. 25, no. 3, pp. 917–927, 2011.

[22] C. Warren, C. Niezrecki, P. Avitabile, and P. Pingle, “Com-
parison of FRF measurements and mode shapes determined
using optically image based, laser, and accelerometer mea-
surements,”Mechanical Systems and Signal Processing, vol. 25,
no. 6, pp. 2191–2202, 2011.

Shock and Vibration 9



Research Article
Rail Corrugation Detection of High-Speed Railway Using Wheel
Dynamic Responses

Jianbo Li 1,2 and Hongmei Shi 1,2

1School of Mechanical, Electronic and Control Engineering, Beijing Jiaotong University, Beijing 100044, China
2Key Laboratory of Vehicle Advanced Manufacturing, Measuring and Control Technology (Beijing Jiaotong University),
Ministry of Education, Beijing 100044, China

Correspondence should be addressed to Hongmei Shi; hmshi@bjtu.edu.cn

Received 4 January 2019; Accepted 11 February 2019; Published 25 February 2019

Guest Editor: Krzysztof Holak

Copyright © 2019 Jianbo Li and Hongmei Shi.-is is an open access article distributed under the Creative Commons Attribution
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is
properly cited.

Rail corrugation often occurs on the high-speed railway, which will affect ride comfort and even the train operation safety in severe
condition. Detection of rail corrugation wavelength and depth is absolutely essential for maintenance and safety. A novel method
using wheel vibration acceleration is proposed in this paper, in which ensemble empirical mode decomposition (EEMD) is
employed to estimate the wavelength, and bispectrum features are extracted to recognize the depth with support vector machine
(SVM). Firstly, a vehicle-track coupling model considering the rail corrugation of high-speed railway is established to calculate the
wheel vibration acceleration. Secondly, the estimation algorithm of wavelength is studied by analyzing the main frequency with
EEMD. -e optimal parameters of EEMD are selected according to the orthogonal coefficient of decomposition results and the
distribution of the extreme points of signal. -e depth detection is transformed to a classification problem with SVM. Bispectrum
features, which are extracted from the reconstructed signal using the high-frequency components of wheel vibration acceleration,
combining with train speed and corrugation wavelength are input into SVM to recognize the rail corrugation depth. Finally,
numerical simulation is carried out to verify the accuracy of the proposed estimationmethod.-e simulation results show that the
proposed detection algorithm can accurately identify rail corrugation, the estimation error of rail corrugation wavelength is less
than 0.25%, and the classification accuracy of rail corrugation depth is more than 99%.

1. Introduction

Rail corrugation is a type of wavy wear formed longitudi-
nally along the top of the rail, which appears in all types of
rail systems [1]. With the rapid development of high-speed
railway, rail corrugation has been found everywhere, es-
pecially with a fixed rail corrugation wavelength due to the
same train operation speed and vehicle type. -e results of
field tests on a high-speed railway in China [2] show that rail
corrugation is distributed in many discontinuous places.-e
length of rail corrugation is usually about 10m to 15m along
the longitudinal direction of rail, and the wavelength is from
120mm to 150mm. -e depth of rail corrugation is much
smaller, generally in the range of 0.04mm to 0.1mm.-e rail
corrugation causes aggravated interactions between vehicle

and rail and terrible noises, which severely influences the
safety and ride comfort of a running high-speed train. It is
necessary for maintenance and safety to detect the wave-
length and depth of rail corrugation effectively.

In recent years, research of track structure health
monitoring utilizing vehicle vibration responses has
attracted more and more attention. -ere are many studies
on rail corrugation monitoring based on operating vehicles.
Rail corrugation detection method based on vehicle vibra-
tion responses is a noncontact detection method. Moreover,
vibration acceleration signal is easy to obtain, and real-time
monitoring of track status can be realized without affecting
railway operation. Hopkins and Taheri [3] proposed a defect
detection algorithm for rail health monitoring with wavelet
transform. -e vibration acceleration signal of the bogie is
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decomposed by wavelet transform, and the Lipschitz ex-
ponent of each scale is calculated to identify wheel flat, rail
crack, and rail corrugation. Molodova et al. [4] used axle box
acceleration to measure short wave track defects including
rail corrugation. -e amplitude and power spectral density
of the vibration acceleration signal of axle box are analyzed
to detect defects. Huang et al. [5] proposed a rail corrugation
detection technology based on fiber laser accelerometer. -e
fiber laser accelerometer is installed on the bogie to detect
the vertical acceleration of train axle box. -e vibration
acceleration signal is denoised by wavelet transform, and
then the waveform of rail corrugation is estimated by double
integral. Kaewunruen [6] used dynamic wheel-rail in-
teraction to monitor rail corrugation on curved track for
guiding maintenance. Corrugation roughness data are also
obtained by double integration of axle box acceleration
signals. Salvador et al. [7] made time-frequency analysis of
the axle box vibration acceleration signal with short-time
Fourier transform, which can detect rail corrugation, iso-
lated rail defects, and loss of track vertical alignment. Most of
the above studies only identify if there is rail corrugation
defect, without giving a detailed diagnosis of the wavelength
and depth of rail corrugation.

EEMD is a signal decomposition method, which is an
improvement algorithm of empirical mode decomposition
(EMD) and widely used in signal analysis and mechanical
fault diagnosis. Shen et al. [8] proposed fast EEMD opti-
mization algorithm, which applies nonlinear correlation
coefficient and accuracy requirements to obtain the best
parameters of EEMD. -e proposed EEMD optimization
algorithm is used to extract the accent of emotional speech.
Guo and Tse [9] used EEMD to analyze bearing vibration
signals and proposed a method to automatically select ap-
propriate EEMD parameters using the relative root mean
square error between the decomposition result and the
original signal. Xue et al. [10] applied the same method to
diagnose the fault of rolling bearing. Kedadouche et al. [11]
used the Pearson coefficient of correlation between IMFs to
select the parameters of EEMD.

In this paper, a rail corrugation detection method is
presented based on the vertical vibration response of wheel.
-e basic principle of detection algorithm is analyzing the
high frequency of wheel vibration acceleration with EEMD
method to estimate the wavelength and depth of rail cor-
rugation. -e paper is organized as follows: A vehicle-track
coupling model considering rail corrugation is described in
Section 2 to calculate the wheel vibration acceleration used
in the detection algorithm. -e detection algorithm of rail
corrugation is presented in Section 3, in which the esti-
mation method of wavelength using EEMD to acquire the
main frequency and the bispectrum features extraction to
classify the depth are, respectively, described in detail. -e
numerical simulation and detection results of rail corru-
gation are demonstrated and analyzed in Section 4.

2. Simulation Model

In order to obtain the wheel dynamic responses used to
detect rail corrugation, a vertical vehicle-track coupling

model is established as shown in Figure 1, consisting of
vehicle model, track model, track irregularity model, and rail
corrugation model.

2.1. VehicleModel of High-Speed Railway. -e vehicle model
is a multibody system including a car body, two bogies, and
four wheelsets, which are connected by stiffness-damping
elements [12].-ere are 10 degrees of freedom, which are the
vertical motion yc and nodding motion βc of the car body,
the vertical motion yt and nodding motion βt of two bogies,
and the vertical motion yw of four wheelsets. -e vehicle
parameters of Chinese high-speed train CRH3 used in the
model are represented in Table 1.

2.2. Slab Track Model. -e slab ballastless track structure is
applied into the track model for its wide use in China high-
speed railway, which is constituted of rail, fasteners, track
slabs, CA mortar layer, and foundation [14]. -e rail is
regarded as an infinite beam with continuous support, the
track slab is regarded as a free beam, and the fasteners and
mortar layer are represented as equivalent stiffness-damping
elements. -e parameters of the slab track model for sim-
ulation are shown in Table 2.

2.3. Vehicle-Track Coupling Model. -e vehicle model and
the track model are coupled by wheel-rail interaction.
According to Hertzian nonlinear elastic theory [12], the
vertical force between the wheel and rail is defined as

p(t) �

1
G
ΔZ(t) 

3/2
, ΔZ(t)≥ 0,

0, ΔZ(t)< 0,

⎧⎪⎨

⎪⎩
(1)

where G is the wheel-rail contact constant and ΔZ(t) is the
elastic compression deformation between the wheel and rail.

-e elastic compression between wheel and rail is de-
termined by the displacement of wheel and rail at the wheel-
rail contact point, expressed as

ΔZ(t) � ywi(t)−yr xwi, t( −y0(t), i � 1∼4, (2)

where ywi is the displacement of the wheel; yr is the dis-
placement of the rail; and y0 is the track irregularity which is
the main excitation of vehicle-track coupling system. -e
power spectral density of ballastless track irregularities of
China high-speed railway [15] is as follows:

S(f) �

1.0544 × 10−5 × f−3.3891, f≤ 0.0187,

3.5588 × 10−3 × f−1.9271, 0.0187<f≤ 0.0474,

1.9784 × 10−3 × f−1.3643, 0.0474<f≤ 0.1533,

3.9488 × 10−3 × f−3.4516, f> 0.1555,

⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

(3)

where f is the spatial frequency.
-e random track irregularities in spatial domain yirr can

be calculated with IFFT.
-e dynamic equation of the vehicle-track coupling sys-

tem is obtained by combining the vehicle vibration equation
with the track vibration equation, which is expressed as
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[M] A{ } +[C] V{ } +[K] X{ } � P{ }, (4)

where [M], [C], and [K] are the mass, damping, and
stiffness matrices of the vehicle-track coupling model, re-
spectively; A{ }, V{ }, and X{ } are the acceleration, velocity,
and displacement vectors of the coupling model, re-
spectively; and P{ } is the load vector of the coupling model.

Vehicle-track coupling model is a system of nonlinear
differential equations, which can be solved by the numerical
integration method.

2.4. Rail Corrugation Model. Rail corrugation is a kind of
harmonic irregularity, which is expressed by a cosine
function:

ycor(t) �
1
2

a 1− cos
2πvt

λ
  , 0≤ t≤

L

v
 , (5)

where a is the depth of rail corrugation; λ is the wavelength
of rail corrugation; v is the train speed; and L is the length of
rail corrugation.

In this paper, a 130-meter track is simulated with a 10-
meter rail corrugation at the middle position from 60°m to
70°m, of which the wavelength is from 100mm to 150mm
and the depth is from 0.01mm to 0.1mm. Figure 2 shows a
section of rail corrugation, of which the wavelength is
150mm and the depth is 0.01mm.

-erefore, the integrated track irregularity of the vehicle-
track system can be expressed as

y0(t) � yirr(t) + ycor(t). (6)

Obviously, rail corrugation will influence the vibration
response of wheels through wheel-rail interaction. Rail
corrugation is a kind of short-wavelength irregularity, while
the wavelength of random track irregularity is much longer.
-erefore, high-frequency vibration will appear in the vi-
bration response of wheels if rail corrugation exists, and the
main frequency of high-frequency band matches the
wavelength of rail corrugation. -is is the basic principle of
detecting rail corrugation using wheel dynamic responses.

2.5. Model Validation. It is necessary to validate the model
accuracy because wheel responses used in the following
detection algorithm are acquired from the model. Different
conditions with different wavelength and depth of rail
corrugation are simulated, and the results are compared with
Wang’s study [16]. -e effect of rail corrugation wavelength
on wheel-rail force is shown in Figure 3, in which the
depth of rail corrugation is 0.1mm and the train speed is
300 km/h. -e results show that the influence of wavelength
on wheel-rail force is nonlinear, and the maximum wheel-
rail force is at 120mm wavelength. Sensitive wavelength is

Rail
Rail fastener yr (x, t)

yw4yw3

yt2

βt2

yw2yw1

yt1

v

βt1

yc

βc

ys (x, t)
Slab
CA mortar
Foundation

Car body

Bogic

Wheelsetx

Figure 1: -e vehicle-track system model of high-speed railway.

Table 1: Parameters for Chinese high-speed train CRH3 [13].

Parameter Value Unit
Mass of car body 40000 kg
Mass of bogie 3200 kg
Mass of wheelset 2400 kg
Pitch inertia of car body 547000 kg·m2

Pitch inertia of bogie 6800 kg·m2

Stiffness of primary suspension system 2.08×106 N/m
Stiffness of secondary suspension system 8×105 N/m
Damping of primary suspension system 1× 105 N·s/m
Damping of secondary suspension system 1.2×105 N·s/m
Semilongitudinal distance between bogies 8.6875 m
Semilongitudinal distance between
wheelsets in bogie 1.25 m

Radius of wheel 0.46 m

Table 2: Parameters of the CRTS II slab track [13].

Parameter Value Unit
Elastic modulus of rail 2.1× 1011 N/m2

Inertia of rail 3.217×10−5 m4

Mass of rail 60 kg/m
Stiffness of rail fastener 6×107 N/m
Damping of rail fastener 4.77×104 N·s/m
Elastic modulus of slab 3.9×1010 N/m2

Inertia of slab 8.5×10−5 m4

Mass of slab 1275 kg/m
Length of single slab 6.5 m
Stiffness of CA mortar 9×108 N/m
Damping of CA mortar 8.3×104 N·s/m
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the wavelength when rail corrugation has the greatest effect
on wheel-rail interaction. -e sensitive wavelength of the
simulation model is 120mm. In addition, the main fre-
quency of wheel-rail force is related to the wavelength and
decreases with the increase of wavelength. -e effect of rail
corrugation depth on maximum wheel-rail force and rail
vibration acceleration is shown in Figure 4. -e wavelength
of rail corrugation is determined to be 100mm, and the train
runs at 300 km/h. With the increase of rail corrugation
depth, the values of wheel-rail force and rail vibration ac-
celeration gradually increase. -e simulation results show
good consistence with the conclusion of Wang.

3. Detection Method

A detection method for rail corrugation is proposed, by
which the wavelength can be estimated through analyzing
main frequency of wheel vibration responses based on
EEMD, and the depth can be classified with bispectrum
features and SVM. -e detection flow chart is shown in
Figure 5. LIBSVM [17] toolbox and particle swarm opti-
mization (PSO) are used to optimize the parameters of SVM.

3.1. Wavelength Estimation. -e process of wavelength es-
timation can be described as 4 steps:

(1) Decompose wheel acceleration signal using EEMD
method.

(2) Eliminate the false intrinsic modal functions (IMFs)
according to the correlation analysis between the
IMFs and the original signal.

(3) Select IMFs with high-frequency components and
obtain their main frequency using FFT.

(4) Estimate the wavelength of rail corrugation based on
main frequency and train speed.

3.1.1. Background. Huang et al. [18] defined the signal sat-
isfying the following two conditions as intrinsicmodal function
(IMF): (1) the number of extreme points and zero-crossing
points is equal or different by one; (2) the mean value of the
upper envelope formed by the local maximum points and the
lower envelope formed by the local minimum points is zero.

-e EMD process for signal x(t) is as follows:

(1) Find all local maximum points and local minimum
points of the signal x(t).

(2) Fit the upper and lower envelope and obtain the
average m(t) of the upper and lower envelope and
then calculate

h(t) � x(t)−m(t). (7)

(3) If h(t) satisfies the above two conditions, then h(t) is
an IMF, denoted as c(t); otherwise, h(t) is treated as
the original signal; repeat the above two steps.

(4) Calculate the residual signal

r(t) � x(t)− c(t). (8)

(5) Regard r(t) as the original data and repeat the above
steps until the residual signal is a monotone
function.

(6) -e original signal x(t) can be expressed as the sum
of all IMFs and residual signal r(t):

x(t) � 
n

i�1
ci(t) + r(t). (9)
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-e orthogonality of IMFs is used to evaluate the de-
composition results. -e overall index of orthogonality is
defined as

IO � 
T

t�0


n+1
j�1 

n+1
k�1 cj(t)ck(t)

x2(t)
⎛⎝ ⎞⎠, (j≠ k). (10)

-e mode mixing problem occurs when the signal is
analyzed by IMF sifting method because there are multiple
frequency components in an IMF. To avoid this problem,
Wu and Huang [19] proposed EEMD based on noise-
assisted data analysis method.

-e EEMD process for signal x(t) is as follows:

(1) Add a white noise with amplitude α to the signal x(t).
(2) -e signal with noise is analyzed by EMD.
(3) Repeat the above steps N times and average the

results of EMD.

-e difference between the input signal and the corre-
sponding IMF is called the final standard deviation of error,
which is expressed by e. -e added white noise satisfies the
following rule [19]:

e �
α
��
N

√ , (11)

where α is the amplitude of the added white noise and N is
the number of ensemble members.

3.1.2. Selection of EEMDKey Parameters. If the amplitude of
the white noise is too small, the mixing of the modes cannot
be weakened. On the contrary, the final standard deviation
of error will be large. If the number of ensemble members is
too small, the influence of added white noise cannot be

eliminated; in contrast, the calculation cost will be increased.
-erefore, it is very important to select suitable amplitude of
the white noise and number of ensemble members when
EEMD is employed to analyze signals. -e amplitude of
white noise is defined as

α � k · σ, (12)

where σ is the standard deviation of the signal and k is a
coefficient.

-e purpose of added white noise is to improve the
distribution of extreme points of signal. -e extreme point
distribution index is defined as

SI �

�������������

S21 + S22 + S23 + S24



, (13)

where S1 is the standard deviation of amplitude interval of
maximum points; S2 is the standard deviation of coordinate
interval of maximum points; S3 is the standard deviation of
amplitude interval of minimum points; and S4 is the stan-
dard deviation of coordinate interval of minimum points.

-e vibration acceleration of wheel with the condition of
10-meter rail corrugation is shown in Figure 6. White noise
with different amplitudes is added to the signal, and the
extreme point distribution index SI is calculated. It can be
seen from Figure 7 that the extreme point distribution index
SI tends to be stable when the amplitude of white noise
increases to a certain value.

In this paper, the extreme point distribution index SI is
used to determine the optimal range of white noise am-
plitude. -en, the added white noise amplitude α and the
number N of ensemble members are selected, respectively,
according to the orthogonal coefficient IO and equation (11).
-e parameter selection algorithm of EEMD is shown in

Vibration 
acceleration of 

wheel

EEMD

Selection of 
IMFs

High frequency 
componentMain frequency

Wavelength of 
corrugation

Reconstructed 
signal

Bispectrum 
features

SVM

Depth of 
corrugation

Train speed

Figure 5: Rail corrugation detection method.
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Figure 8. Firstly, the optimum range of white noise am-
plitude is determined by the stability value of SI. In order to
ensure that the amplitude of white noise can improve the
distribution of signal extreme points, the minimum value of
k is 0.001.-emaximum value of k is set to be 0.01 so that the
optimization range is not too small. In order to select the
appropriate amplitude of white noise, it is necessary to
determine the number of ensemble members in advance.
-e numberN of ensemble members should not be too large;
otherwise, the calculation time is very long. If N is too small,
EEMD will be invalid. After many trials, N is initially set to
be 10. EEMD analyses of the signal are carried out in the
optimal range of white noise amplitude, and the de-
composition results are evaluated by the orthogonal co-
efficients. -e white noise amplitude corresponding to the
optimal decomposition result is the best white noise am-
plitude α. In this paper, the error less than 1% can be ac-
ceptable. -e final standard deviation of error is set to be
0.01. -en, the bestN is determined according to the rules of
the final standard deviation of error and the white noise
amplitude. Meanwhile, the minimum value of N is 10 to
avoid the EEMD invalidation caused by too small N.

-e vibration acceleration signals of wheel in Figure 6 are
analyzed by EMD and EEMD, respectively. Figure 9 shows the
first four IMFs after decomposition. IMF components are
arranged from high frequency to low frequency, so the first

IMF (IMF1) is the high-frequency component of the signal. It
can be seen from Figure 9(a) that IMF1 of EMD analysis has
low-frequency signals at other locations besides high-
frequency signals caused by rail corrugation which in-
dicates that there is mode mixing in EMD analysis. Appar-
ently, the mode mixing will influence the detection results. In
Figure 9(b), there is only the high-frequency components
related with rail corrugation and no low frequency in IMF1.
-erefore, EEMD analysis is an effectivemethod to extract the
part of the signal caused by rail corrugation.

3.1.3. Wavelength Calculation. After the IMFs are obtained
by EEMD analysis, the IMFs are selected to eliminate the
effects of noise and the random irregularity of the track. IMF
selection and signal reconstruction algorithm are shown in
Figure 10. -e false components are eliminated by corre-
lation analysis, and the high-frequency components are
reconstructed into a high-frequency signal which is caused
by rail corrugation.

Estimation of wavelength of rail corrugation by main
frequency of the reconstructed signal yr is expressed as

λ �
v

fm
, (14)

where v is train speed and fm is the main frequency of the
reconstructed signal, which can be obtained by FFT.

3.2. Features Extraction of Corrugation Depth. -e vibration
acceleration signals of wheel under rail corrugation are
nonlinear, nonstationary, and non-Gaussian. Higher-order
spectra are useful in analyzing nonlinearity and non-
Gaussianity of the signal as it provides high noise immu-
nity [20]. -e frequency domain representation of third-
order cumulants of signals is called bispectrum, which is
expressed as

B f1, f2(  � E X f1( X f2( X
∗

f1 + f2(  , (15)

W
he

et
se

t a
cc

el
er

at
io

n 
(g

)

2

1

0

–1

–2
30 40 50 60

Distance (m)
70 80 90 100

Figure 6: Vibration acceleration signal of wheel.

SI

80

60

40

20

0
0 0.05

Amplitude coefficient k of white noise
0.1 0.15 0.2

Figure 7: -e extreme point distribution index SI.

Calculate standard deviation σ of signal

Find the k when SI is stable, defined as kmax
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Figure 9: -e first four IMFs of the signal. (a) EMD. (b) EEMD.

Ci (i = 1, 2, ..., n) are n IMFs of the signal

CORi (i = 1, 2, ..., n) are the correlation 
coefficients of IMF and original signal, 

respectively

CORthreshold = max {CORi (i = 1, 2, ..., n)}/10
If CORi < CORthreshold, eliminate ci

fi (i = 1, 2, ...) are the main frequency of ci, respectively

yr = sum (ci), i = 1, 2, ...

If fi > 400Hz, reserve ci

Figure 10: IMFs selection and signal reconstruction algorithm.
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where X(f) is the Fourier transform of the signal; ∗ denotes
complex conjugate; E[.] denotes the expectation operation;
and the frequency f may be normalized by the Nyquist
frequency to be between 0 and 1.

-e discrete bispectrum matrix B is obtained by the high
order spectral analysis of the reconstructed signal yr(t). -e
size of the bispectrum matrix B is Q×Q. In order to rec-
ognize the depth of rail corrugation easily, bispectrum
features need to be extracted.

-ree amplitude features of bispectrum [21]:

Amp1 �
1

Q2 
Ω

|B(i, j)|,

Amp2 � 
Ω
log(|B(i, j)|),

Amp3 � 

Q

i�1
log(|B(i, i)|).

(16)

-ree moment features of bispectrum [22]:

Mom1 � 

Q

i�1
i · log(|B(i, i)|),

Mom2 � 

Q

i�1
(i−M)

2
· log(|B(i, i)|),

Mom3 � 
Ω

�����

i2 + j2


· |B(i, j)|.

(17)

-ree entropy features of bispectrum [23]:

Ent1 � −
Ω

p1(i, j) · log p1(i, j)( , (18)

where p1(i, j) � |B(i, j)|/Ω|B(i, j)|.

Ent2 � −
Ω

p2(i, j) · log p2(i, j)( , (19)

where p2(i, j) � |B(i, j)|2/Ω|B(i, j)|2.

Ent3 � −
Ω

p3(i, j) · log p3(i, j)( , (20)

where p3(i, j) � |B(i, j)|3/Ω|B(i, j)|3.
-e above nine bispectrum features have different am-

plitudes at different rail corrugation depths, as shown in
Figure 11. -ree entropy features of bispectrum change
nonlinearly with the increase of rail corrugation depth, while
the other features of bispectrum increase with the increase of
rail corrugation depth. -e bispectrum features can well
reflect the depth of rail corrugation.

-e train speed and the wavelength of the rail corru-
gation also affect the vibration response of the wheel.
-erefore, the train speed v and the estimated wavelength λ
are also taken as the feature parameters. -e extracted
features are constructed into a features vector and classified
using the SVM model.

4. Detection Result

4.1. Data Preparation. In the simulation model, the train
speeds are 250 km/h to 350 km/h, the wavelengths of rail

corrugation are 100mm to 150mm, and the depths of rail
corrugation are 0.01mm to 0.1mm. -ere are 660 signals.
After repeated 10 simulations, 6600 sets of vibration ac-
celeration signals of wheel are obtained. -e signal length is
60m including 25m before the wheel enters the rail cor-
rugation and 25m after it leaves the rail corrugation.

In order to verify the antinoise ability of the detection
method, a Gaussian noise signal is added to the wheel ac-
celeration signal to simulate the measurement noise.

xmeasurement � xsimulation + Ep × N{ } × var xsimulation( , (21)

where Ep is the noise level; N{ } is a standard normal dis-
tribution vector with zero mean and unit standard deviation;
and var(.) denotes the standard deviation of signal.

4.2. Wavelength Estimation of Rail Corrugation. -e esti-
mation results of rail corrugation wavelength are shown in
Figure 12. It can be seen from Figure 12 that the wavelength
of rail corrugation can be estimated at different corrugation
depths and train speeds, and the noise has no effect on the
estimation algorithm.

-e relative error between the estimated value
of wavelength and the true value of wavelength is defined
as:

error �
1
n



n

i�1

λestimation
i − λtruei




λtruei

, (22)

where n is the number of data samples.
In order to analyze the influence of corrugation depth on

wavelength estimation, depths of 0.01mm, 0.05mm, and
0.1mm rail corrugation are selected, respectively. -e
wavelength estimation results with 0%, 1%, 3%, and 5%
noise levels are shown in Table 3. -e wavelength estimation
error of rail wavelength is almost unchanged under different
depths, and the maximum value of wavelength estimation
error is not more than 0.2%. -e wavelength estimation
errors are very small, which shows that the estimation of rail
wavelength is completely reliable. Moreover, the simulation
results show that the proposed method can estimate the
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Figure 11: Bispectrum features at different depths of corrugation
(train speed is 250 km/h and wavelength is 100mm).
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wavelength well under the conditions of different depths and
measurement noises.

-e train speeds are 250 km/h, 300 km/h, and 350 km/h,
and the wavelength of rail corrugation is estimated, re-
spectively. -e wavelength estimation results with 0%, 1%,
3%, and 5% noise levels are shown in Table 4. -e

wavelength estimation error of rail wavelength is almost
unchanged at different depths, and the maximum value of
wavelength estimation error is not more than 0.25%. -e
wavelength estimation error is also very small, which in-
dicates that the wavelength estimation effect of rail corru-
gation is very good. Meanwhile, the simulation results
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Figure 12: -e estimation results of rail corrugation wavelength. (a) At different depths of rail corrugation. (b) At different train speeds.

Table 3: Wavelength estimation error at different depths of rail corrugation.

Case
Depth 0.01mm Depth 0.05mm Depth 0.1mm

Nil 1% 3% 5% Nil 1% 3% 5% Nil 1% 3% 5%
100mm 0.0045 0.0045 0.0045 0.0045 0.0045 0.0045 0.0045 0.0045 0.0045 0.0045 0.0045 0.0045
110mm 0.0900 0.0897 0.0908 0.0910 0.0902 0.0900 0.0900 0.0899 0.0899 0.0899 0.0900 0.0899
120mm 0.0205 0.0045 0.0045 0.0063 0.0367 0.0276 0.0330 0.0275 0.0313 0.0349 0.0367 0.0330
130mm 0.0968 0.0968 0.0980 0.0994 0.0968 0.0968 0.0968 0.0968 0.0968 0.0968 0.0968 0.0968
140mm 0.1252 0.1124 0.1001 0.1100 0.1347 0.1286 0.1230 0.1260 0.1360 0.1357 0.1329 0.1358
150mm 0.0376 0.0045 0.0045 0.0087 0.1453 0.0623 0.0543 0.0601 0.1563 0.1293 0.1091 0.1068
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illustrate that the proposed method can estimate the
wavelength excellent under the conditions of different train
speeds and measurement noises.

4.3. Depth Classification of Rail Corrugation. According to
the values of depth of rail corrugations, three depth levels are
divided, as shown in Table 5.

Bispectrum features, estimated wavelength, and train
speed are taken as inputs of SVM and depth level is taken
as SVM output. -e 80% of all simulation data is used to
train the SVM model, and the remaining 20% is used for
testing.

-e classification results of rail corrugation depth level
with different levels of noise are shown in Figure 13.

-e reliability of the proposedmethod is evaluated by the
accuracy of the test results. -e ratio between the number of
correct classification results and the number of total test
samples is defined as the detection accuracy, which can be
expressed as

accuray �
Numcorrect

Numtotal
× 100%. (23)

-e detection results of depth level with 0%, 1%, 3%, and
5% noise levels are shown in Table 6. -e detection accuracy
is more than 99%, indicating that the extracted corrugation
depth feature is effective. -e proposed detection method
has strong antinoise ability and still has high accuracy under
different measurement noises.

5. Conclusion

Rail corrugation is a short-wavelength track irregularity
excitation and accordingly causes high-frequency vibration
response of wheel. A rail detection algorithm based on
EEMD and bispectrum features is proposed using wheel
vibration acceleration. Different frequency components of
wheel vibration response are extracted with EEMD of wheel
vibration acceleration signal. -e parameters α and N of
EEMD are optimized using the orthogonal coefficient IO
and the extreme point distribution index SI, which reduces
the mode mixing and calculation time of the de-
composition. -e main frequency is found after EEMD to
calculate the wavelength.-e depth detection is regarded as
a classification problem with SVM. -e high-frequency
signal of rail corrugation is reconstructed through the
selection of IMFs, by which not only the interference of
track random irregularity is avoided but also noise influ-
ence. Bispectrum features, which are extracted from the

Table 4: Wavelength estimation error at different train speeds.

Case
Train speed 250 km/h Train speed 300 km/h Train speed 350 km/h

Nil 1% 3% 5% Nil 1% 3% 5% Nil 1% 3% 5%
100mm 0 0 0 0 0 0 0 0 0.0093 0.0093 0.0093 0.0093
110mm 0.0999 0.0999 0.0999 0.0997 0.0834 0.0834 0.0834 0.0836 0.0927 0.0927 0.0927 0.0927
120mm 0.1657 0.1198 0.0938 0.1058 0 0 0 0 0.0093 0.0093 0.0093 0.0093
130mm 0.0999 0.0999 0.0999 0.0999 0.0999 0.0999 0.0999 0.1001 0.0907 0.0907 0.0910 0.0910
140mm 0.1234 0.1070 0.1016 0.1107 0.1325 0.1275 0.1217 0.1265 0.1428 0.1412 0.1391 0.1386
150mm 0.0399 0 0 0.0100 0.1421 0.0524 0.0474 0.0050 0.2124 0.1778 0.1616 0.1639

Table 5: Definition of depth levels of rail corrugation.

Depth levels Depths of rail corrugation (mm)
Level 1 a≦ 0.04
Level 2 0.04< a≦ 0.07
Level 3 a> 0.07
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Figure 13: Continued.
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reconstructed signal, combining with train speed and the
corrugation wavelength, are input into SVM. -e nu-
merical simulation results show the proposed detection
algorithm can accurately identify the existence of rail
corrugation. -e error between the estimated wavelength
and the real value is small, and the accuracy of corrugation
depth level classification is high. And the results also
represent robustness under different train speeds and
measurement noises. -e proposed rail corrugation de-
tection method provides a feasible scheme for the in-
service vehicle test in the future.
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A realistic seismic simulation of the concrete footing has been made by using finite element method (FEM) software called
ABAQUS. 0e effect of concrete footing embedment in soil on concrete footing-soil foundation interaction has numerically been
simulated for considering displacement, stress, strain, and seismic acceleration load response at the base of a concrete footing.0e
results showed that the height of embedded concrete footing in soil foundation controls (i) mechanism and magnitude of lateral,
vertical, and differential displacements of the concrete footing, (ii) strain energy, the acceleration load response, and stress paths,
and (iii) concrete footing-soil foundation interaction. Compared with various theoretical and experimental results reported in the
literature, the present study provides realistic seismic behavior of concrete footing-soil foundation interaction.

1. Introduction

From the available literature [1–9], it is demonstrated that
the displacement of soil foundation is very important in the
design of view to construct a stable infrastructure. 0ere are
several analytical, experimental, and numerical in-
vestigations for understanding the static and dynamic re-
sponse of soil. In order to investigate the failure mitigation of
soil foundation, soil bearing capacity, and soil improvement
[1–3], several analytical investigations were reported. 0e
differential settlement and seismic mitigation of embank-
ment models were studied [4, 5]. 0e displacement of
concrete footing was numerically analyzed using ABAQUS
[6], and the dynamic behavior of soil foundation during
liquefaction was reviewed [7]. ABAQUS software is used in
simulation displacement of reinforced rock-soil slopes [8],
and FLAC-3D software is employed for numerically sim-
ulating displacement and shear strain of sandy soil subjected
to cyclic loading [9]. In all the methods, the static, dynamic,
and seismic response of whole soil mass or soil models is
investigated. On the contrary, in many projects, the im-
provement of soil needs to be done if the soil cannot provide
enough bearing capacity and strength to sustain the applied

load on the soil. 0e most common soil improvement
techniques are reinforcing, grouting, densification, deep
mixing, and drainage. Inattention to the complexity of static,
dynamic, and seismic behaviors of soil, it requires to in-
vestigate and soil load response in specific cross-section of
soil for accurate soil improvement process. On the contrary,
only the subsoil analysis will not perfectly support the soil
foundation and concrete foundation design.

In the present study, the ABAQUS is used for study
displacement of the concrete footing. 0e analysis was done
by using a new technique in numerical analysis. 0ere is not
any numerical analysis report by using ABAQUS on the
seismic concrete footing-soil foundation interaction with
considering the vertical and horizontal displacement of
concrete footing, strain, stress, and seismic acceleration load
response at the underneath concrete footing, while the
height of embedded concrete footing in a soil foundation is
varied for each model, and the model was subjected to
seismic loading. In this investigation, the numerical analysis
was performed to provide a realistic understanding of a
complex geotechnical engineering problem. 0e seismic
vertical, horizontal, and differential displacements mecha-
nisms of concrete footing are evaluated for all the models
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with attention to concrete footing-soil interaction. In the
present work, the numerical analysis is unique, it is due to
the development of cycling graphs by using ABAQUS, and
the results exactly depict the seismic behavior of the models.
0e numerical results obtained from this study are com-
pared with those that are available in the literature.

2. Problem Definition

At present investigation, the influence of concrete footing
height embedded in the layered soil has been evaluated. 0e
single concrete footing is placed on and inside soil foun-
dation. 0e seismic behavior of concrete footing-soil in-
teraction complicates; however, modeling concrete footing-
soil interaction with using suitable techniques helps to re-
alize this problem. It is assumed that the soil medium obeys
the Mohr–Coulomb failure criterion and an associated flow
rule, and this concept was applied in numerical analysis with
considering mechanical properties of soil and concrete. 0e
concrete footing and soil foundation are loaded simulta-
neously in one step in numerical analysis to have vertical and
horizontal displacements simultaneously. 0e numerical
analysis was performed to determine (i) seismic acceleration
load response versus vertical displacement at the base of
concrete footing, (ii) seismic acceleration load response
versus stress and strain at the base of concrete footing, (iii)
lateral displacement of concrete footing, and (iv) the stress-
strain curve at the base of concrete footing. However, from
the solution available in the literature is understood [10],
lateral displacement of concrete footing reduces with in-
creasing height of embedded concrete footing in the soil
foundation. 0e results of numerical analysis influence soil-
structure interaction. 0e suitable aspects in concrete
footing-soil foundation design are well understood, and a
valid analysis method is used in respect to literature analysis.

3. Modeling and Materials

0e model is subjected to the realistic seismic load. 0e
boundary condition, the nature of applied load, and me-
chanical properties of soil in all the models are assumed to be
same. 0e mechanical properties of the materials and the
seismic load are shown in Table 1 and Figures 1–3, re-
spectively. In the present study, the earthquake data are
collected from the United States Geological Survey (USGS)
and Center for Engineering Strong Motion Data (CESMD).
0e earthquake data were recorded by Forca Canapine
station, and this station is located in 11.7 km distance from
the epicenter of the earthquake. 0e northern Norcia Italy
earthquake has been occurred with 6.6 magnitudes, at the
location of 42.85°N 13.09°E, and depth of 10.0 km, on 07 :16 :
03 UTC, 30 Oct 2016. ABAQUS software has the ability to
simulate the seismic acceleration load and apply realistic
seismic load on the model in numerical analysis. 0e
ABAQUS is based on the Lagrangian formulation. To
simulate concrete footing-soil foundation interaction, the
three different models are developed, and in each model, the
level of embedment footing in soil is different. In the first
model, the concrete footing is placed on soil foundation, and

it is not embedded in the soil foundation. In the second
model, half of the concrete footing is embedded in the soil
foundation. In the third model, whole concrete footing is
embedded in the soil foundation, and it is shown in Figure 4.
0e full height of the concrete footing is 30 cm. In the
numerical simulation, the dimensions of concrete footing
are 70 cm width∗ 70 cm length∗ 30 cm height. 0e di-
mensions of the soil foundation are 150 cm width∗ 150 cm
length∗ 90 cm height. 0e ABAQUS has the ability to depict
dynamic response at any part of a model. Depict dynamic
response at a cross-section in a model is a new achievement
in this research work, and it has not been reported in the
literature previously. However, the seismic response be-
tween bases of concrete footing with soil foundation is not
explained in the literature. 0e modeling of the three-
dimensional concrete footing is important to capture the
true seismic response under accurate boundary condition.

4. Numerical Analysis, Discussion, and
Verification of the Results

0e investigation on concrete footing-soil foundation in-
teraction at the base of the concrete footing is essential for
the analysis and design of infrastructure seismic stability. To
analyze concrete footing-soil foundation interaction, an
accurate model is made. 0is modeling is capable of sim-
ulating seismic concrete footing-soil foundation interaction
at the base of the concrete footing. 0e model is able to
capture the three-dimensional seismic response. 0e nu-
merical results for seismic acceleration load response versus
displacement at the base of a concrete footing, during
concrete footing-soil foundation seismic interaction, have
been provided in Figures 5–7. Due to the high variation of
models of seismic response, different scales have been se-
lected for graphs. 0e stiffness of the soil foundation is
responsible for developing displacement. 0e level of
loading, unloading, and reloading has been investigated for
all the models. 0e seismic acceleration load response
reached to zero in the unloading process, and in reloading, it
increases up to the maximum level, and it is shown in
Figures 5–7.When the model is subjected to seismic loading,
unloading, and reloading in all the three phases of the
loading mechanism, the displacement shows with different
shapes. In the unloading phase, the displacement is zero,
while in loading and reloading phases, the displacements
reached the maximum level with two different directions.
0is displacement mechanism is developed due to the nature
of the seismic load is applied to the model. 0e seismic
loading is transferred to the bottom of the concrete footing,
and it leads to seismic acceleration load response.0e results
of numerical simulation explained that the ABAQUS is able
to compute nonlinear analysis. 0e seismic acceleration load
response is distributed within the concrete footing base in
contrast with the displacement pattern. 0e smaller seismic
acceleration load response is observed with fully embedded
concrete footing in the soil foundation. 0e differential
displacement of the concrete footing was reduced with in-
creasing depth of the concrete footing in the soil foundation.
0e seismic load acting at the base of a concrete footing was
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developing differential displacement with different mecha-
nisms and magnitudes. 0e seismic load plays a crucial role
in developing the ground displacement mechanism, and it
has a direct relationship with damage caused by an earth-
quake.0e failure of concrete footing due to high differential
displacement is more possible if the concrete footing is
placed over the soil foundation. With embedment of con-
crete footing in the soil foundation, the failure of concrete
footing due to differential displacement was reduced.

0e numerical results for seismic acceleration load re-
sponse versus strain at the base of a concrete footing during
concrete footing-soil foundation have seismic interaction
which is shown in Figures 8–10.0e strain level of a model is
evaluated with respect to seismic acceleration load response.
With the reduction of strain, the stiffness of soil increases
and damping ratio decreases; all of this process directly is
depend on seismic acceleration load response. 0e cyclic
strength of soils is determined numerically with a focus on
the propagation of seismic waves, considering small strain
and inelastic behavior of soil foundation at beneath of
concrete footing.0e permanent deformation and reduction
strength of soil foundation are expecting in the first model
when the concrete footing is placed over the soil foundation

and concrete footing is not embedded in the soil foundation.
On the contrary, with the half and full embedded concrete
footing in the soil foundation, the possibility for permanent
deformation and reduction strength of the soil foundation is
reduced significantly. 0e location of the embedment
concrete footing in the soil foundation governs seismic
energy dissipation. 0e strain rate sensitivity is analyzed by
evaluating seismic acceleration load response, and it sup-
ports in understanding differential displacement of the
concrete footing.

0e numerical results for shear stress versus shear strain
at the base of a concrete footing, during concrete footing-soil
foundation interaction, are shown in Figures 11–13. 0e
graphs show, with increased depth of embedment concrete
footing in the soil foundation, the shear stress and shear
strain were reduced, and they behave smoother with smaller
magnitude. It can understand that, with increasing em-
bedment of concrete footing in the soil foundation, the
vibration of the concrete footing is significantly reduced.0e
results show that the stress buildup strain energy in the base
of the concrete footing leads to releasing the strain energy in
the form of vibration and causes deformation of the model.
After applied seismic load on themodel, the concrete footing

Table 1: Soil and concrete mechanical properties [11, 12].

Soil type Modulus
elasticity, E (MPa)

Poisson’s
ratio, ]

Friction angle,
ϕ (degree)

Dilatancy angle,
ψ (degree)

Cohesion,
c (kPa)

Unit weight,
c (kN/m3) Ref.

Soil 5 0.36 35 20 20 12.2 [11]
Concrete 49195 0.24 — — — 24.405 [12]
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Figure 1: Acceleration history, northern Norcia Italy earthquake of 30 Oct 2016 [13].
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is displaced. 0e level of the concrete footing displacement
depends on the level of releasing strain energy and strength
of soil foundation. If the strength of soil foundation is the
same in all the models, the strain energy plays important role
in the displacement of the concrete footing. On the contrary,
the level of strain energy depending on the location of the
concrete footing is embedded in the soil foundation. Each
model is capable to produce different amounts of strain
energy after seismic loading is applied to the model. 0e
geometry of the model is a factor in the production level of
strain energy. It can be understood that the concrete footing

geomorphology has an important function in releasing
strain energy, and it influences on earthquake zone differ-
ently. However, the stability of a structure is different at any
location when the structure is subjected to seismic loading. If
two structures with the same strength and geometry are
located nearby, but in distance between the two structures,
the geomorphology changes significantly, the structure
seismic response is too different. 0e level of strain energy is
influenced on the variability damping ratio of a model. With
fully embedment concrete footing in the soil foundation, the
damping ratio and natural frequency are reduced.0e lateral

44°

42°

12° 14° 16°

km

0 100

Figure 3: ShakeMap, northern Norcia Italy earthquake of 30 Oct 2016 [13].

(a) (b) (c)

Figure 4: Concrete footing-soil models. (a) Footing not embedded. (b) Half of the footing is embedded. (c) Full of the footing is embedded.

4 Shock and Vibration



strength of the concrete footing increases with full em-
bedment of the concrete footing in the soil. It is due to the
strain energy distributed. In the model fully embedded with
concrete footing in the soil foundation, the shape of the
strain energy is converted from point loading to distribute
loading, while the magnitude of strain energy does not
change. 0e shape of the strain energy has a direct re-
lationship with a vertical and horizontal displacement of the
concrete footing.

Seismic acceleration load response versus stress at the
base of a concrete footing during concrete footing-soil
foundation interaction is shown in Figures 14–16. 0e
seismic acceleration load response changes with the distri-
bution of vertical and horizontal seismic stresses are applied
to the whole model, and this phenomenon is shown in
Figures 14–16. It is based on elastic soil interaction with solid
concrete footing. 0e minimum level of stress is developed
in a fully embedded concrete footing in the soil foundation.

0e numerical results for lateral displacement of a
concrete footing with considering concrete footing-soil
foundation seismic interaction are illustrated in Figure 17.
Figure 17 shows that the lateral displacement is reduced with
an increase in the concrete footing embedment level in the
soil foundation. It is required to indicate that the level of the
embedded concrete footing in soil foundation directly affects
on concrete footing differential displacement magnitude and
mechanism. 0e mechanism of lateral displacement is not
linear in all the models. In all the three models, the mag-
nitude of the displacement drops to zero, during the di-
rection of seismic loading is changed. 0e seismic loading
has three steps: loading, unloading, and reloading. In
unloading steps, the load reached zero. 0e results of nu-
merical simulation have good agreement with the concept of
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Figure 5: Seismic acceleration load response vs displacement at the
base of a concrete footing, during concrete footing-soil foundation
interaction.
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interaction.
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Figure 7: Seismic acceleration load response vs displacement at the
base of a concrete footing, during concrete footing-soil foundation
interaction.
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of a concrete footing, during concrete footing-soil foundation
interaction.
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seismic loading nature. 0e lateral displacement changes (i)
with smooth movement at the base of the concrete footing
and (ii) marginally smaller than for fully embedded concrete
footing. However, due to the faster release of the lateral
loading to zero, for a fully embedded concrete footing in soil
foundation, the value of loading frequency is reduced, and
less shaking has been observed at the model with fully
embedded concrete footings in soil foundation. 0e mag-
nitude and mechanism of lateral displacement change with
respect to the location of a concrete footing is embedded in
the soil foundation.

0e validation of SSI analysis through field data has been
difficult, due to the lack of well-documented and instru-
mented structures subjected to earthquakes [11]. 0e suit-
able three-dimensional models have been made to explain
the concrete footing-soil foundation interaction, during the
model is subjected to realistic seismic loading. It is observed
that the seismic loading response of each model, at any

cross-section of concrete footing and soil foundation, is
not the same. 0is phenomenon leads to the occurrence
of different concrete footing-soil foundation interaction
mechanisms horizontally and vertically. 0is phenomenon
leads to the occurrence of different displacement mecha-
nisms at each direction and cross-sections of the model, as
shown in Figures 5–16. However, for studying the concrete
footing differential displacement mechanism, the concrete
footing-soil interaction at the base of the concrete footing
have numerically been investigated. Figure 18 shows that the
horizontal displacement resonance curves at the foundation
bottom forced vibration test [10]. Figure 17 shows the lateral
displacement for a concrete footing, during concrete
footing-soil foundation interaction. Figure 18 shows the
horizontal displacement resonance curves at foundation
bottom, forced vibration test. In comparing the results of the
numerical simulation with those that are reported in the
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footing, during concrete footing-soil foundation interaction.
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Figure 10: Seismic acceleration load response vs strain at the base
of a concrete footing, during concrete footing-soil foundation
interaction.
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literature, it has been understood that the results of the
numerical simulation are in good agreement with those
that are reported in the literature. In this three-dimensional
numerical simulation, the displacement mechanism at
horizontally and vertically directions for all models plays a
key role to explain the complexity of the concrete footing-
soil interaction. 0e stability of concrete footing depends
on the realistic result of the numerical analysis. 0e results
of the present study demonstrate that the modeling of
concrete footing-soil foundation interaction supports
solving a geotechnical engineering problem is related to the
differential displacement mechanism of the concrete
footing. 0e results have shown that the model can capture
the essential displacement mechanisms with considering
both the vertical and horizontal deferential displacement of
soil foundation.

In the load-strain mechanism, only the part of the strain
energy corresponding to the linear elastic response is

recovered [14]. On the contrary, the load transferring
mechanism has been investigated using numerical analysis
and experimental works with considering the strength of
materials and shape of the modeling [15–18], and this
phenomenon significantly influences on concrete footing-
soil foundation interaction. But due to characteristics of soil
during loading, unloading, and reloading process, and
change compression loading to tensile loading in very short
times, the crack on soil due to tensile loading and fatigue of
soil cannot be explained same as which is presented in the
literature, about crack and fatigue on metal [19–21]. 0e
failure pattern and shear resistance of soil have been dis-
cussed using mathematical modeling techniques and nu-
merical simulation [22–27], and the bearing capacity and
effective stress have been changing with respect to soil
foundation displacement. 0ere are special techniques in
numerical simulation [6, 14, 22, 26, 28].
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In the present study, cyclic graphs have been developed
for understanding concrete footing displacement using
ABAQUS which never has been reported in the literature.

5. Conclusion

In this study, a procedure for the 3D finite element analysis
on the concrete footing-soil foundation model is made for
understanding concrete footing-soil foundation seismic
interaction. It has been attempted to simulate concrete
footing-soil interaction during model that is subjected to
realistic seismic loading. 0e results of the numerical
analysis show that the height of concrete footing is em-
bedded in the soil influences on seismic behavior of concrete
footing and govern concrete footing-soil interaction, and it
results in displacement magnitude and mechanism of the
concrete footing.

(i) 0e acceleration seismic load response-strain and
stress at the base of the concrete footing is changed
in respect to concrete footing-soil interaction. 0e
concrete footing-soil interaction is minimized de-
formation of soil and is enhanced concrete footing
stability. 0e acceleration seismic load response at
the base of concrete footing can be controlled with
installing concrete footing in the appropriate lo-
cation of the soil foundation.

(ii) 0e acceleration load response-displacement at the
base of the concrete footing is not the same for all
the three models.

(iii) 0e lateral and vertical displacements of the con-
crete footing are reduced with an increase in con-
crete footing embedment height in the soil.

(iv) 0e differential displacement of the concrete footing
is reduced with an increase in concrete footing
embedment height in the soil.

(v) After applying a seismic load to the model, the
concrete footing is displaced, the level of dis-
placement depending on the level of releasing strain
energy. Each model is capable to produce different
amounts of strain energy. 0e geometry of the
model is a factor affecting on the level of the strain
energy.

(vi) 0e results have good agreement with those that
have been reported in the literature.

Data Availability

0e data used in this paper have been collected from the
literature, and the references that support the data used in
numerical analysis are cited as [11–13]. 0e mechanical
properties of materials used are those reported in the liter-
ature (Table 1). Figures 1–3 show the seismic load has been
collected from the literature and applied in numerical sim-
ulation. In the present study, the earthquake data are collected
from United States Geological Survey (USGS), Center for
engineering strong motion data (CESMD). 0e earthquake
data are used as reported by the Forca Canapine station; this
station is located at 11.7 km distance from the epicenter of the
earthquake. 0e northern Norcia Italy earthquake occurred
with the magnitude of 6.6, at the location of 42.85°N and
13.09°E and depth of 10.0 km, on 07 :16 : 03 UTC, 30 Oct 2016
(Figures 1–3). ABAQUS software has the ability to simulate
seismic acceleration load and apply realistic seismic load on
the model in numerical analysis.
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Figure 17: Lateral displacement of a concrete footing, during concrete footing-soil foundation interaction. (a) Footing not embedded. (b)
Half of the footing embedded. (c) Full of footing embedded.
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Cement asphalt mortar (CA) disengagement of a ballastless track will induce changes of dynamic response of a passing vehicle,
which can accordingly be used to estimate the disengagement degree. In this paper, a novel method called CA mortar
disengagement degree estimation algorithm (CMDEA) is proposed through an analysis of wheel acceleration of a passing
vehicle. *e disengagement degree estimation is transformed into an optimization problem by regarding the CA mortar
disengagement degree as a parameter of a vehicle-track coupling model. An improved genetic algorithm with a shifting
window is employed for the parameter optimization, which is split into a number of phases and whose initial values are given
in terms of a priori probabilities. *e accuracy and robustness of the estimation are discussed, and the results are compared
with regular genetic algorithm. *e simulation results show that CMDEA can estimate CA mortar degrees with an acceptable
accuracy. Meanwhile, the proposed algorithm has the advantages of a lower error value and much shorter computation time.
Moreover, the robustness of the algorithm under different vehicle speeds, track irregularities, and signal noise levels is
also verified.

1. Introduction

With the commissioning of the Beijing-Tianjin intercity
railway in 2008, the running mileage of China’s high-speed
railways has exceeded 20,000 kilometers. As high-speed
railways are being rapidly developed, ballastless track has
been widely adopted in many countries due to its advantages
of good stability, good durability, and less maintenance [1].
*e understructure of the China Railway Track System II-
type (CRTSII) slab ballastless track consists of track slabs, a
cement-emulsified asphalt (CA) mortar layer, a support
layer, and an embankment. As the speed of vehicles increases
greatly, the dynamic effects between wheels and rails also
increase, resulting in the strengthening of the dynamic effect
on infrastructure. As CA mortar is a key component of the
elastic adjustment layer in ballastless track, its performance
directly affects the service durability of slab ballastless track

equipment. Due to the difficulty of construction quality
control and the warping effect of track slabs, CA mortar will
often deteriorate to varying degrees. When the entire CA
mortar layer is separated from the interface of the track slab,
it will give rise to a complete loss of cohesion, a phenomenon
known as CA mortar disengagement. If it is not repaired in
time, it will accelerate the structural damage of track and
even have adverse effects on traffic safety. *erefore, CA
mortar disengagement detection is necessary to ensure the
safety of vehicle operations and formulate a timely rail line
maintenance plan.

Presently, extensive research on nondestructive testing
has been carried out in the field of concrete defect detection.
Nevertheless, the references on CA mortar disengagement
identification are countable, most of which is focused on the
impulse hammer excitation method. Chen [2] evaluated the
effectiveness of elastic wave detection in the underline
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layered structure based on elastic wave propagation theory
in layered media and the time frequency characteristics of
elastic wave fields. Hu [3] researched the propagation
velocity and laws of stress waves in track slabs and esti-
mated the depth of honeycombing using the impact-echo
method. Zhong et al. [4] proposed a detection method
based on a detector array group for elastic wave propa-
gation in multilayer media, which can effectively detect the
spatial distribution of segregations among CA mortar
layers. Tian et al. [5] discussed the feasibility of mortar
defect detection using the transient elastic wave method.
*e results showed that the defects of CA mortar can be
detected using the characteristics of frequency band peaks
and the power density values of elastic waves. Li et al. [6]
applied gradient boosted regression trees (GBRT) to CA
mortar disengagement detection using a sound signal
produced by a passing train to detect the damage quali-
tatively.*e aforementioned methods based on the impulse
hammer can only be carried out in the period of skylight
time with the shortcomings of low efficiency and limited
identification area.

Service condition monitoring of railway infrastructures
using passing vehicles has been a new research area since
2000 and shows promising results in structural health
monitoring [7]. Its main premise is that differences in the
physical properties of track structure such as mass, stiff-
ness, and damping will give rise to changes in vibration
characteristics. A direct detection method is to install
sensors on the track and detect damages by analysing the
vibration responses of the track. *is requires a large
number of sensors to be laid along the track. An alternative,
more cost-efficient detection method is to mount sensors
on vehicles and detect track damages utilizing the dynamic
responses of the vehicles. *e last two decades have seen a
rise in studies attempting to detect bridge damage using
indirect vibration-based methods. Yang et al. [8, 9] firstly
proposed the theory of extracting the first-order natural
frequency of bridges from vehicle response and then
carried validation tests. Zhang et al. [10] described a new
method based on operating deflection shape curvature
extracted from the dynamic response of a passing vehicle,
which can be used to detect local damages in beam and
plate-like structures. Molodova et al. [11] employed a
model to determine a quantitative relationship between the
characteristics of the axle box accelerations and short track
defects. On-board methods using vehicle dynamic re-
sponses have the potential to be used as a monitoring tool
to estimate track infrastructure conditions. Nonetheless,
most of these indirect methods utilize low-speed vehicles
and involve disturbing normal rail traffic.

In recent years, more and more researchers have in-
troduced intelligent sensing algorithms into vehicle-based
indirect methods. Li and Au [12] suggested a multistage
damage detection method based on modal strain energy
and a genetic algorithm to determine the location of
damage in a two-span continuous bridge. Quirke et al. [13]
proposed a method to estimate railway track stiffness using
a cross-entropy optimization technique. Li et al. [14]
employed a method based on the generalized pattern search

algorithm to identify bridge parameters indirectly using a
passing vehicle.

Typical intelligent optimization algorithms include
simulated annealing (SA), the gradient descent method,
genetic algorithm (GA), etc. Although simulated annealing
and gradient descent method achieve fast convergence in
local optimizations, they can easily fall into local minima,
resulting in a weak global search ability, low optimization
performance, and slow or even no global convergence.
Moreover, the gradient descent method involves com-
puting the derivatives, which can be hard for large non-
linear problems. Genetic algorithm, first proposed by John
Holland in 1975, achieves the adaptability of individuals
through the mechanics of natural selection, crossover, and
mutation by means of biogenetics and simulates the evo-
lution process of nature. It is a nonderivative-optimized
stochastic optimization search algorithm with strong global
search ability and robustness. As an adaptive global
probability search algorithm, GA is very suitable for solving
complex nonlinear optimization problems. *erefore, it is
widely used in global optimization [15, 16], search [17], and
machine learning [18] contexts. In order to overcome the
shortcoming of long running time of regular genetic al-
gorithm, an improved genetic algorithm is employed
in this paper, which is split into a number of phases
and whose initial values are given in terms of a priori
probabilities.

At present, the research on the estimation of CA
mortar disengagement degree based on dynamic responses
of passing vehicles is still a blank field. A novel method is
proposed in this paper for the estimation of CA mortar
disengagement degree through an analysis of vehicle wheel
accelerations. *e method is referred to throughout the
paper as the CA mortar disengagement degree estimation
algorithm (CMDEA). *e vehicle-track coupling model
with the CA mortar disengagement model used in this
paper and the simulation result of dynamic response are
described in Section 2. *e CA mortar disengagement
degree estimation algorithm is introduced in Section 3.
Numerical simulation results are demonstrated and ana-
lysed in Section 4, and the robustness of the proposed
algorithm under different conditions is validated in
Section 5.

2. Model Description

2.1. Vehicle Model. As shown in Figure 1(a), the vehicle is
modelled as a multirigid system that moves on a track
structure at the speed of v and consists of three masses: mc
representing the car body mass, mt representing the bogie
mass, and mw representing the wheel mass [19]. In con-
sideration of the vertical translation and nodding motion of
the car body and the bogies, and the vertical translation of
the wheels, the vehicle system has 10 degrees of freedom
(DOFs). *e components are connected by elastic springs
and dampers, representing the secondary and primary
suspension of the vehicle, respectively.

*e general form of the equation of motion for the
vehicle system can be represented as follows:
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Mv €xv + Cv _xv + Kvxv � pv, (1)

where Mv, Cv, and Kv are the mass, damping, and stiffness
matrices of the vehicle; the vectors xv, _xv, and €xv are the
vehicle displacements, velocities, and accelerations, re-
spectively; and pv is the force vector of the vehicle system.

2.2. TrackModel. As shown in Figure 1(b), the track system
is modelled here as a beam continuously supported on a
triple-layer spring-damper system, which represents the rail
pads, CA mortars, and subgrade, respectively.

*e general form of the equation of motion for the track
system can be represented as follows:

Mt€xt + Ct _xt + Ktxt � pt, (2)

where Mt, Ct, and Kt are the global mass, damping, and
stiffness matrices of the track system; the vectors xt, _xt, and €xt
are the track system displacements, velocities, and accelera-
tions, respectively; and pt is the force vector of the track system.

*e China Railways High-speed 2 (CRH2) electric
multiple unit (EMU) trailer and the high-speed line with
China Railway Track System II-type (CRTS II) track slab are
considered in this paper. *e corresponding property values
were gathered from the literature [19] and are listed in
Tables 1 and 2.

2.3. Coupling Model. To determine the wheel-rail vertical
force, we applied Hertz nonlinear elastic contact theory for
the vehicle-track vertical coupling relationship. When the
wheel tread is wear type, the expression of the wheel-rail
vertical force is

Car body

Bogie

Wheel

Secondary suspension

Primary suspension

mcIc

CszKsz

mtIt

mw

Kpz Cpz

(a)

Subgrade

Concrete supporting layer

Railmr ErIr

Rail pads
Track slab
CA mortar

KpCp

kscs

kfcf

(b)

Figure 1: Vehicle and track model: (a) vehicle model; (b) ballastless slab track model.

Table 1: Properties for CRH2 EMU trailer.

Property Unit Symbol Value
Mass of car body kg mc 26100
Mass of bogie kg mt 2600
Mass of wheel kg mw 2100
Pitch moment of inertia of car kg·m2 Ic 1.28×106

Pitch moment of inertia of bogie kg·m2 It 1424
Stiffness of primary suspension N/m Kpz 1.176×106

Stiffness of secondary suspension N/m Cpz 9.91× 105

Damping of primary suspension N·s/m Ksz 1.02×106

Damping of secondary
suspension N·s/m Csz 1.96×105

Half of rigid wheelbase m lt 1.25
Half of length between the bogie
pivot centers m lc 8.75

Radius of wheel m R 0.43

Table 2: Properties for high-speed line.

Property Unit Symbol Value
Elastic modulus of rail N/m2 Er 2.059×1011

Rotational inertia of rail m4 Ir 3.217×10−5

Mass of rail per unit length kg/m mr 60.64
Stiffness of rail pad N/m Kp 6×107

Damping of rail pad N·s/m Cp 7.5×104

Length between fasteners m Lp 0.65
Length of track slab m Ls 6.5m
Mass of track slab kg ms 8.3×103

Elastic modulus of track slab MPa Es 3.9×104

Rotational inertia of track slab m4 Is 3.32×107

Stiffness of CA mortar N/m2 ks 1.25×109

Damping of CA mortar N·s/m2 cs 3.458×104
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pj(t) �

1
G

xwj(t)− xr xwj, t − x0(t)  
3/2

, xwj(t)− xr xwj, t − x0(t)> 0 ,

0, xwj(t)− xr xwj, t − x0(t)< 0 ,

⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

(3)

where j � 1 ∼ 4; xwj(t) and xr(xwj, t) represent the vertical
displacement of the jth wheel and the rail at the jth wheel-
rail contact position at time t, respectively; x0(t) represents

the track irregularity at the wheel-rail interface; and G is the
Hertzian contact coefficient.

*e expression of the force vector of the vehicle system is

pv � { mcg 0 mtg 0 mtg 0 mwg− 2p1(t) mwg− 2p2(t) mwg− 2p3(t) mwg− 2p4(t) }
T
. (4)

*e expression of the force vector of the track system is

pt � 

4

j�1
pj(t)Yk xwj , 01×(m×NMS), 01×NMSS

⎡⎢⎢⎣ ⎤⎥⎥⎦

T

, (k � 1 ∼ NM),

(5)

where NM, NMS, and NMSS are the modal orders of the rail,
track slab, and concrete supporting layer, respectively, andm

is the number of track slabs in the model. Yk is the modal
shape function of rail, the expression of which can be written
as follows:

Yk(x) �

����
2

mrL



sin
kπx

L
. (6)

2.4. Track Irregularity. Considering the influence of track
irregularity on the vibration of the coupling model, a time
domain random irregularity sample is generated using the
China ballastless track power spectral density (PSD) func-
tion S(f) proposed by the China Academy of Railway
Sciences. *e fitting equation is as follows:

S(f) � mf
−k

, (7)

where the unit of S(f) is mm2/(1/m); f is the spatial fre-
quency (1/m); m and k are fitting coefficients. *e time
domain random irregularity sample of the China ballastless
track spectrum is calculated using the inverse fast Fourier
transform (IFFT) method.

2.5. CAMortar Disengagement Model. *e condition of CA
mortar disengagement can be simulated as a loss in stiffness
by changing the coefficients of the elastic spring and damper
that represent CAmortar in the corresponding areas [20]. In
order to simulate the disengagement, a discrete CA mortar
model is established, in which a CA mortar is divided into
many units of longitudinal length ls [21].

*e CA mortar disengagement model is shown in
Figure 2. *e direction along the rail is the longitudinal
direction, while the direction which is vertical to the rail is
the lateral direction. *e CA mortar disengagement con-
dition can be measured by two parameters, one of which is
the CA mortar longitudinal disengagement length l and the

other is the lateral disengagement degree of the ith CA
mortar unit di.

As illustrated in Figure 2, di can be expressed as

di � 1−
bi

b0
, (8)

where b0 is the overall track slab width (2.55m for CRTS II
track slab), and bi is the width of the ith CA mortar unit
where no disengagement has occurred. Hence, di � 1 in-
dicates that the ith CA mortar unit is completely disengaged
in the lateral direction, whereas di � 0.7 implies that 70% of
the ith CA mortar unit in the lateral direction is disengaged.
*en the supporting force of the ith CA mortar unit on the
track slab can be expressed as

Fsri � di · ks · xr −xs(  + di · cs · _xr − _xs( , (9)

where xr and xs are the displacement of the rail and the track
slab, respectively.

When the CAmortar disengagement longitudinal length
is less than 0.65m, the effect of disengagement on the wheel
acceleration is not obvious [22, 23]. Consequently, 0.65m
will be considered as longitudinal length of one unit in this
model, i.e., ls � 0.65 m. *erefore, the CA mortar longitu-
dinal disengagement length l can be evaluated by unit, while
the lateral disengagement degree d of each unit is the value
we want to estimate and is the focus in this paper.

*e schematic diagram of the overall model used in
this paper is shown in Figure 3. *e simulated length in
this paper is 16 track plates, i.e., 104m. *e position of the
track slab is represented by No. 1∼No. 16. For the CRTS II
ballastless track considered in this paper, there are 10 CA
mortar units corresponding to a piece of track slab.
Considering the length of track occupied by the vehicle
(20 m for CRH2 EMU) and the boundary effect of wheel
acceleration signal, the CA mortar disengagement con-
dition of the first 5 and the last piece’s track slab (No.
1∼No. 5, No. 16) is assumed to be known. In this paper, we
aim at estimating the disengagement degree parameters of
the subsequent 10 pieces track slabs (No. 6∼No. 15), re-
gardless of the boundary effect, which corresponds to 100
units (D � [d1, d2, . . . , d100]). *e subscript number i(i �

1 ∼ 100) represents the order number of each CA mortar
unit.

4 Shock and Vibration



2.6. Simulation Results. To assess the concept of CMDEA in
this paper, numerical simulations for the vehicle-track
coupling model are used. A hypothetical CA mortar dis-
engagement condition was used to demonstrate the capa-
bilities of CMDEA. *e values of the hypothetical condition
of CA mortar disengagement referred to here as the “actual”
values are as follows:

d11 � 0.2,

d31 � 0.4,

d51 � 0.6,

d71 � 0.8,

d91 � 1,

(10)

with the disengagement degrees of other units set to 0.
*e equations of the coupling model are solved using the

multistep prediction-correction based on Newmark’s
method, as developed by Zhai for Matlab [19]. A vehicle
travels over a track at a constant speed of 300 km/h. *e
scanning frequency used for all simulations is 10 kHz. *e
simulated acceleration signal of the front wheel when a
vehicle crosses a track model including the hypothetical CA
mortar disengagement condition is taken as the “measured”
signal, shown in Figure 4. *en, the simulated response
(“measured” signal) is input into CMDEA, which was used
to estimate the CA disengagement degrees.

3. CAMortarDisengagementDegreeEstimation
Algorithm (CMDEA)

A CA mortar disengagement degree estimation algorithm is
described in this section based on an adapted genetic op-
timization algorithm. *e disengagement degree estimation
is transformed into an optimization problem by regarding

the disengagement degree as a parameter of the vehicle-track
coupling model.

3.1. CA Mortar Disengagement Degree Estimation Principle
Using Genetic Algorithm. A genetic algorithm is applied in
this paper to estimate CA mortar disengagement degrees
from the dynamic responses of a passing vehicle as it crosses
a track. Considering the CA mortar disengagement degrees
as individuals, the parameters are transformed into a one-
dimensional data string.*e fitness of the individuals in each
generation gradually increases utilizing the genetic opera-
tions and finally converges to a group of individuals that
minimizes the objective function.

Firstly, a population of CAmortar disengagement degree
vectors is generated randomly in the range of [0, 1]. For each
seed in the population, a CA mortar disengagement degree

Longitudinal directionls

l

(a)

b0

bi

Lateral direction

(b)

Figure 2: CA mortar disengagement model: (a) longitudinal view; (b) lateral view.
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Figure 3: Schematic diagram of the overall model.
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Figure 4: Simulated signal of wheel acceleration.
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matrix is produced, and the simulated acceleration signal of
the wheel is calculated using the vehicle-track coupling
model. An objective function value is then calculated to
assess the quality of each seed.

In this paper, the objective function is taken as the sum
of squared differences between the wheel accelerations
calculated for each trial CA mortar disengagement degree
matrix, A, and the simulated wheel accelerations for the on-
board measurement system, A′. *e equation of the ob-
jective function is

O � ΔE2
� 

n

i�1

A − A′ 
2
, (11)

where n is the total number of scans in the acceleration
signal.

3.2. Basis for the Structure of CMDEA. *e disengagement of
a CA mortar unit not only has an effect on the response of a
vehicle when it passes the unit, but also has an effect when
the vehicle passes the preceding units, as shown in
Figure 5(a). In order to remove the boundary effects, it is
necessary to include a number of units at the beginning of
the estimation process. To quantify the effect of the disen-
gagement unit on the wheel acceleration when a vehicle
passes the preceding units, the effect index eui is defined as
follows:

eui � 
n

j�1
Aj −A0j 

2
, (12)

where n is the number of sampling points in each unit; A0i

and Ai represent the wheel acceleration over healthy and
damaged CAmortar, respectively; and the subscript number
i(i � 1, 2, 3, . . .) represents the order number of the pre-
ceding unit.

Figure 5(b) shows the effect index of a CA mortar
disengagement unit (l� 0.65m and d� 1) on wheel accel-
eration when a vehicle passes the 5 preceding units. It can be

seen that the effect index of the 1st unit is large, but di-
minishes as the distance from the disengagement unit be-
comes longer. *e effect index of the 3rd unit is very small
and can be ignored. *erefore, the effects of 2 preceding
units need to be considered for the estimation process for
each unit.

3.3. Improved Genetic Algorithm with a Shifting Window.
*eCAmortar disengagement degree varies along the track,
which means the representing parameter di is different and
multiple parameters need to be estimated. Considering the
possibility of determining limit parameters for one opti-
mization process, an adapted version of the genetic algo-
rithm with a shifting window is used. *e total estimation
process is split into a number of phases, in which a smaller
number of CA mortar disengagement degrees are estimated
before proceeding to the next phase. Stepping through the
CA mortar disengagement degrees in phases significantly
reduces the dimensionality of the problem.

Due to the effects of varied CA mortar disengagement
degrees on the dynamic response of a vehicle when it passes
the 2 preceding units of a disengagement unit, a length of 4
units is used in CMDEA as a phase length. CA mortar
disengagement degrees at each phase are estimated for the
last 2 units of the phase. CMDEA steps through the CA
mortar disengagement degrees in phases using the disen-
gagement degree estimation template, as shown in
Figure 6(a). Green represents known parameters; gray
represents unknown parameters which will be estimated
during the current phase; white represents unknown pa-
rameters which are set to 0. *e CA mortar disengagement
degree values for the first 2 units are obtained from the
previous phase, whereas for the last 2 units, they are esti-
mated in the current phase and are used as known values for
the first 2 units in the next phase. In order to ensure the
vehicle dynamic equilibrium at the start of each phase, initial
values for the dynamic response vectors (displacement,
velocity, and acceleration) of the coupling model in the
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Figure 5: Boundary effects analysis: (a) diagram of effect index; (b) effect index (l� 0.65m and d� 1).
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current phase are transferred from the previous phase using
the values estimated for the CA mortar disengagement
degrees.

In view of the a priori probability that the CA mortar is
healthy in most cases, i.e., di � 0, an improved genetic al-
gorithm optimization process is employed in each phase.
When the initial population is generated, the value of the
first seed is initialized to [0, 0]. *e sum of squares of the
differences between the measured and the estimated signals

is calculated. If the objective function value of the first seed is
the minimum, the value of [0, 0] is then taken as the optimal
solution in the current phase. Otherwise, the objective
function values for all seeds in the population are ranked and
genetic operations are carried out to improve the population
of solutions in the next generation until convergence is
achieved.

*e process for estimating the CA mortar disengage-
ment degrees in Phase j is shown in Figure 6(b).

Phase j

dj,1 dj,2

Phase j + 1

dj + 1,1 dj + 1,2

(a)

Generate population of
variables dj,1 and dj,2 

Set the value of the first seed to be [0,0]

Run vehicle-track model simulation
to generate “estimated” signals

Calculate objective function using the
measured and the estimated signals 

The objective function value of the
first seed is the minimum

Update D with dj,1 = 0 and dj,2 = 0

Genetic operation: selection,
crossover, and mutation 

Convergence achieved?
Iterations > 100

Update D with the
optimal solution

Evaluation process complete?

Run vehicle-track model
simulation with the updated
D to generate x, v, and A to
transfer to the next phase in

order to maintain vehicle
equilibrium

Reset model to acceleration
signal window for the next phase 

Yes

Yes

No

No

End

No

Start

Yes

(b)

Figure 6: Improved genetic algorithm with a shifting window: (a) stepping procedure; (b) flowchart of CMDEA : Phase j.
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4. Results and Discussion

*e results of the numerical test of CMDEA for estimating
the CA mortar disengagement are presented in this section.
Parameters used in the CMDEA are listed in Table 3.

*e objective function values of the optimal solution for
the five damaged units at each iteration are illustrated in
Figure 7(a). It is observed that the optimal solution of the
function converges continuously during the evolution of the
genetic algorithm, and the values of the objective function
become smaller and smaller. It can be seen from the evo-
lution process that at the beginning of the optimization, the
seed optimization is rapid, and after 80 generations, the
objective function value tends to stabilize. *erefore, 100 is
taken as the upper limit of the number of iterations here.

*e CA mortar disengagement degree estimation result
is shown in Figure 7(b). *e black circles represent the
accrual values, whereas the red stars represent the estimated
ones.

It can be seen from Figure 7(b) that the estimated values
are almost consistent with the actual ones. In order to qualify
the overall error between the actual and estimated values for
CA mortar disengagement degrees, the margin of error E is
defined as

E �

������������


N
i�1 di − di 

2


N
, (13)

where i represents the order number of the unit, N rep-
resents the number of units to be estimated, and di and di

represent the actual and the estimated value of the ith unit,
respectively.

Table 4 shows comparisons of error values and total
computation time required for CMDEA using the regular
genetic algorithm and the improved genetic algorithm, re-
spectively. *e simulations were performed using a 4GHz
processor and 16.0GB of RAM running on Matlab.

Since the improved genetic algorithm simplifies the
optimization processes for most healthy units and reduces
the cumulative error, it has the advantages of a lower error
value and much shorter total computation time compared
with the regular genetic algorithm, as illustrated in Table 4.
*erefore, the CMDEA used in this paper is effective for
estimating CA mortar disengagement degrees with an ac-
ceptable accuracy.

5. CMDEA under Different Conditions

When vehicle speeds, track irregularities, and signal noise
levels are different, the dynamic responses of the vehicle-
track coupling system are also different. In order to verify the
robustness of CMDEA, its performance under different
conditions will be discussed in this section.

5.1. Influence of Vehicle Speeds. *e dynamic response of a
vehicle will change as the vehicle’s speed changes. *e wheel
accelerations resulting from the vehicle-track model for
speeds of 250 km/h and 360 km/h are investigated in this
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Figure 7: Simulation results: (a) objective function values for the
optimal solutions at each iteration; (b) result of CA mortar dis-
engagement degree estimation.

Table 3: CMDEA parameters.

Property Value
Population size 10
Maximum of iterations 100
Crossover probability 0.7
Mutation probability 0.25

Table 4: Comparisons of error and computation time.

Algorithm E Computation time
Regular genetic algorithm 0.0021 150 h
Improved genetic algorithm 8.1020e-04 15 h
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section. *e other simulation parameters are the same as the
above simulation. *e estimation results under different
vehicle speeds are shown in Figure 8.

According to equation (13), for vehicle speeds of 250 km/
h and 360 km/h, the corresponding values of E are 0.0027
and 0.0015, respectively. Vehicle speeds have small influence
on the prediction accuracy, and CA mortar disengagement
degrees can be estimated well at both speeds. *erefore, the
CDMEA shows good estimation robustness for various
vehicle speeds.

5.2. Influence of Track Irregularities. In order to verify
CMDEA under different track irregularities, the German
low-disturbance spectrum was adopted and input into the
algorithm, with the corresponding results shown in Figure 9.

It can be seen from Figure 9 that under the condition, the
CAmortar disengagement degrees can also be estimated well
except for limited incorrect estimates. *e error E is 0.0048.

Track irregularities with larger amplitude have a great
effect on the dynamic response than CA mortar disen-
gagement, resulting in relatively large error values. Due to
the larger amplitude of the German low-disturbance spec-
trum in the time domain compared with the China bal-
lastless track spectrum, the estimation accuracy will be
lower.

5.3. Influence of Noise. When assessing the effectiveness of
CMDEA, its robustness with respect to measurement noise
should be considered. To verify the tolerance to noise, the
simulations were carried out by adding increasing Gaussian
signal noise levels of 1%, 3%, 5%, and 10% (SNR 40 dB,
30.5 dB, 26 dB, and 20 dB) to the wheel acceleration signal
before initiating CMDEA.*e estimated and actual values of
CA mortar disengagement degrees for this range of added
signal noise levels are shown in Figure 10.

It can be seen from Figure 10 that CA mortar disen-
gagement degrees can be estimated under a lower level noise
and even with a measurement signal noise of 10%. *e
estimation error is 9.9154e-04, 0.0012, 0.0015, and 0.0025.
An increase in the level of signal noise results in an increase
in the error of the estimated CA mortar disengagement
degrees.

6. Conclusions

CA mortar disengagement of a ballastless track will induce
changes of the dynamic response of a passing vehicle, which
can accordingly be used to estimate the disengagement
degree. In this paper, a novel method for estimating CA
mortar disengagement degrees was described through an
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Figure 8: Estimation results of CMDEA under different vehicle speeds: (a) 250 km/h; (b) 360 km/h.
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Figure 9: Estimation result of CMDEA with German low-dis-
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analysis of wheel acceleration of a passing vehicle. *e
CMDEA employs an adapted genetic algorithm with a
shifting window for parameter optimization, the process of
which is split into a number of phases, and the initial value is
given in terms of a prior probability. *e CMDEA steps
through the track in phases and obtains the overall disen-
gagement degrees. *e accuracy and robustness of the es-
timation were discussed.

From the simulation results presented in this paper, it is
concluded that the CA mortar disengagement degrees es-
timated by the proposed algorithm are consistent with the
hypothetical values assumed, and the robustness of the al-
gorithm is validated under different track speeds, track ir-
regularities, and signal noise levels. Compared with regular
genetic algorithm, the improved algorithm has the advan-
tages of a lower error value and much shorter total

computation time. *e CMDEA method in this paper as-
sumes a convergence limit of 100. *e effect of this upper
limit value has not been investigated in this paper. Increasing
the value will improve the accuracy of the method, but at a
cost in computation time.

*e proposed algorithm uses a vehicle-track coupling
model and takes the simulated responses as field mea-
surements to estimate CA mortar disengagement degrees.
*e theoretical analysis and simulation experiments have
been carried out to obtain corresponding results and provide
a theoretical basis for the field detection of CA mortar
disengagement in the future. In the actual application
process, due to the difference between the actual vehicle
parameters and theoretical parameters, the estimation value
of the actual CA mortar disengagement degree and the
simulation result may be different. *erefore, future
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Figure 10: Estimation results of CMDEA under different noise levels: (a) 1% signal noise; (b) 3% signal noise; (c) 5% signal noise; (d) 10%
signal noise.
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experiments for the CMDEA involving the installation of
measurement sensors are necessary to validate and improve
the accuracy of CMDEA. Improving the robustness of the
CMDEA by combining the characteristics of different line
structures, vehicle types, and operating conditions is also an
important direction for future research.
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Ground deformation observation is wildly concerned in the field of earthquake engineering.3is paper proposes a high-precision
displacement measurement technology based on both computer vision and numerical simulation. During the earthquake, the
vision-based testing system collects visual data of the target installed on the location to be observed.3e visual data streams can be
quantified to the dynamic relative displacement value automatically, by employing mathematical vision algorithms and then by
taking the relative displacement as an intermediate quantity, which is brought into the numerical model for iteration. When the
test result is close to the simulated one, the absolute ground displacement data could be obtained approximately. A series of
experiments have been carried out to suggest that the proposed method presents an innovative and low-cost solution to ground
measurement in high accuracy. 3e method not only realizes the real-time ground deformation observation; moreover, it also
provides a wider range of reliable data support to understand deformation mechanism, investigate seismic source information,
and recognize the ground motion characteristics.

1. Introduction

Ground deformation in earthquake has always been the
focus in the field of earthquake engineering. Persistent
monitoring and quantification of ground deformation be-
fore and after earthquake not only can establish significant
amount of data for the mitigation of seismic hazard but also
provide valuable insights into the evolution of the surface
deformation accumulation phase and the ground motion
properties [1, 2]. In spite of ground displacement response is
known as the critical metric for ground motion evaluation,
direct measurement also face a big challenge, especially for
the dynamic measurements during an earthquake.

Early geodetic measurement relied on the ground-based
optical or mechanical techniques, of which triangulation,
trilateration, and leveling were the most common. However,
it is difficult to provide a precise measurement in the
complex geological environment consistently due to the
discrete point monitoring and accumulative error [3]. 3e
need for high performance in the field of intelligent sensing

machines, data intelligent processing, real-time monitoring,
and dynamic management have become the development
direction of modern geodetic monitoring instruments.

However, the seismic observation networks make great
contributions to the research of strong-seismic observation.
3e near-field main shock is still hard to be recorded
completely owing to the sparse density of networks in pain
areas [4]. In recent years, various space-geodetic techniques,
especially the global positioning system (GPS) [1, 5] and
interferometer synthetic aperture radar (INSAR) [6], have
been extensively implemented to study the ground motion
based on in-depth analysis of surface deformation. However,
most geodetic methods usually have limitations in dynamic
displacement measurements. GPS-based methods are re-
stricted by the possible mismodeling of various intervening
effects (such as ionospheric and tropospheric delay, mul-
tipath, and residual clock errors) [7]. Besides, the deviation
caused by the influence of atmospheric, satellite orbit, and
temporal decorrelation sensitivity will lead to the image
interpretation error in the INSAR technology [8, 9]. All these
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limitations will increase the uncertainty and cost in the real
ground motion measurements. In this paper, we use a
computer vision-based observation technology which is an
innovate approach through the previous observation tech-
niques in recent years.

Computer vision measurement is an innovative tech-
nology [10]. Along with the unparalleled technological
progress in digital image and computer intelligence tech-
nologies, vision-based technology is widely applied in
various fields, such as artificial intelligence [11], structure
detection [12], automatic assembly [13], and medical
equipment [14]. In recent years, as a high-precision,
noncontact, multipoint, and real-time measurement
technology, vision technologies have significant potentials
in civil engineering applications. Besides providing dy-
namic displacement information [15], vision-based tech-
nologies showed extensive implementation of damage
detection [16] and structural health monitoring [17].
Vision-based technology also has great advantages on the
measurements of ground motions compared with point-
based methods. For measurement of a complex scene,
structure from motion is an extensively researched topic,
and 3D reconstruction is also widely used for remodelling
of structures [18–20].

Moreover, the development of the city has made the
number of urban monitoring equipment be in large scale.
On this basis, this paper presents a new approach for
measuring the absolute ground displacement using tech-
niques of computer vision and numerical simulation,
which is simple in design and has high accuracy. Besides
presenting methods for each component in principle, a
series of shaking table tests, such as target motion tracking
and dynamic displacement monitoring, have been carried
out to verify the reliability and accuracy of the proposed
vision-based technology. 3e significance of this study is
mainly reflected in two aspects. Firstly, it presents a new
thought for the surface motion measurement. Secondly, it
provides an effective basis to understand the ground de-
formation mechanism.

2. Ground Deformation Testing Method

2.1. Basic Principle of the Method. 3e basic principle of the
ground deformation testing method is shown in Figure 1.
From the figure, the camera (installed on the top of the rod)
is used to obtain the relative displacement Δu, which equals
to the camera deformation minus the ground deformation.
Meanwhile, numerical simulation is performed to obtain the
relative displacement Δu’. If the correlation coefficient be-
tween Δu and Δu′ is greater than a threshold value ε (in this
paper, ε� 95%), we can get the approximate absolute ground
deformation value by numerical simulation. Also, the iter-
ation time is short due to the simplicity of single degree-of-
freedom system (SDOF) to simulate the testing system.
Based on the basic principle of structural dynamics, the
visual testing equipment is simplified as a single degree-of-
freedom system with centralized mass m supported by a
mass-free structure with lateral stiffness k, which retains the
original structural dynamic characteristics [21].

2.2. Test Instrumentation and Layout of Sensors. 3e cam-
corder used in this test, which has 1920 × 1080 pixels of
resolution and is able to measure by 60 frames per second, the
optical equipment (such as lenses, and cameras) and target size
play important roles in the vision-based measurement system.
Many sensors were deployed to record various parameters
throughout the series of shaking table tests, such as acceler-
ation and displacement. 3e layout of sensors in the test are
shown in Figure 2, which includes 7 cameras, 2 accelerom-
eters, and 1 gyroscope, denoted as Dc, A, and G, respectively.

2.3. Input Motions and Loading Conditions. 3e purpose of
shaking table tests is to obtain the accuracy of the method on
the ground deformation measurements.3erefore, the input
motions should cover a wide range of frequency spectrum.
Using the flat noise, 1Hz, 3Hz and El Centro and Taft
ground motions as reference waves, the Taft ground motion
was recorded at the Taft seismologic recording station
during theMs7.7 Kern County earthquake on 21 July 1952 in
California, USA, with an original peak acceleration, fault
distance, and duration of 0.152 g, 41 km, and 54 s, re-
spectively. 3e acceleration time histories and Fourier
spectra of the input motions are shown in Table 1. 3e flat
noise inputs are used to obtain the inherent characteristic of
the system, and 1Hz (PGA� 0.1 g) and 3Hz (PGA � 0.5 g)
are used to verify the accuracy and precision of the vision-
based ground deformation testing method.

2.4. Vision-Based Testing Method and Processing Method.
3e video was captured by the camera. 3e center co-
ordinates and the radius of a target circle can be obtained by
the circle fitting algorithm. 3e center coordinates of the
target are derived from the sampled static image sequence.
3erefore, the horizontal and vertical displacements of the
target circle center in the image are obtained, and the real
displacements are obtained by calibrating the relationship
between the image pixels and coordinates of the actual
objects (the 10 cm circle is used herein).3e flow chart of the

Vision-based system

∆u = u – ug

Numerical simulation system

ug

ug

ügüg

u′

u

∆u
m

k

c

Figure 1: 3e basic principle of the method. (a) Vision-based
system. (b) Numerical simulation system.
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Figure 2: Test instrumentation and layout of sensors. (a). 3e layout of the instrumentation. 3ree instruments with different lengths are
placed on the shaking table. 3e red circles are the targets used for vision tracking by cameras on the outside of the shaking table. In the
background, it is the controller of the shaking table. (b) Sensor layout. On the top of the pole, main sensors are placed on the plate, which are
cameras, accelerators, GPS sensors, and gyros.
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vision-based deformation test method is shown in Figure 3.
Two key points of the method are the circle detection al-
gorithm and calibration relationship. In this paper, the basic
principle of circle detection based on the least squares
method (LSM) is adopted, which uses the target circle’s edge
point coordinates just doing one operation, and the target
circle parameters (center coordinates and radius) are ob-
tained. 3e algorithm flow is shown in Figure 4, in which
edge is the edge of the target circle in the image and (Xi, Yi) is
the edge point coordinates of the target circle. 3e as-
ymptotic time complexity of the algorithm is O(n), which is
the computational efficient.

3e precision of the vision-based dynamic displacement
testing is estimated by a small-scale shaking table test. 3e
validation system is shown in Figure 5. Four target circles
(radii of all circles were 10mm) were set for the displace-
ment test, and strain displacement meters were laid on the
side of the table board to collect displacement data. 3e
testing input excitations were 1, 3, and 5Hz sine waves.
Based on the calibration relationship, approximately 45.2
pixels represent 1 cm of actual space [22].

Under different excitations, the displacements for the
selected mark A were obtained by displacement meter and
vision-based displacement test method which were

Table 1: Continued.
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compared. 3e results are shown in Figure 6. It is clear that
the displacement amplitudes and shapes are close to the
curves obtained by the vision-based dynamic displacement
testing method and the strain displacement meters. When
input sine waves are 1, 3, and 5Hz, the corresponding
correlation coefficients of the displacement curves mea-
sured by the two testing methods are 0.994, 0.996, and
0.990, respectively.

2.5. Numerical Simulation and Verification. 3e whole
testing system is simplified as a single degree-of-freedom
model. Formula (1) is the governing equation of the vision-
testing system. For the purpose of researching the feasibility
and accuracy of the proposed analytical system, the same
excitation loads were chosen to input into the numerical
model.3e analytical expression of the relative displacement
of the system is calculated by the Duhamel integral method
and is shown in formula (2), and the absolute ground
displacement is obtained by formula (3):

mΔ€u′(t) + cΔ _u′(t) + kΔu′(t) � −m€ug
′(t), (1)

Δu′(t) � −
1

mω
�����

1− ζ2
 

t

o
e
−ωζ(t−τ)

· sinω
�����

1− ζ2


(t− τ)€ug
′(τ) dτ,

(2)

ug′(t) �  
t

0
ug′(t) dt dτ, (3)

where m, k, ω, ζ, and c are the quality, stiffness, frequency,
damping coefficient, and damping ratio, respectively; €ug’ and
ug’ express the ground motion acceleration and displace-
ment, respectively; Δu’ is the analytical relative displace-
ment between top of the rod and the ground surface; and t is
the vibration time, and dτ means the time integral term.

3e natural frequencies of the vision system are 7.96Hz,
3.42Hz, and 2.29Hz, and the damping ratios of 1-meter pole,
2-meter pole, and 3-meter pole are 1.82%, 4.20%, and 6.32%,
respectively. 3e relative displacement between experimental
data and analytical solution (2-meter pole) is shown in
Figure 7. 3e vision-based testing displacement result is close
to the numerical simulation result in the frequency domain
for both small and large PGAs, as shown in Table 2. However,
in the time domain, the vision-based testing results are greater
than the numerical results, the amplification factor are about
0.8120, 0.9244, and 0.8547 for the test cases of 1Hz (PGA �

0.1 g), 3Hz (PGA � 0.5 g), and Taft, respectively.
In addition to using graphics and quantitative pa-

rameters to intuitively reflect the correlation between the
measured value Δu and the analytical solution Δu′, the
Bland–Altman method is also used to verify the feasibility
and accuracy of the numerical model. As shown in Figure 8,
the mean is used as the abscissa and the difference d � Δu −
Δu′ as the ordinate. 3e horizontal solid line in the middle
is the mean line of difference d, which can be seen to be very

Shaking table

Target

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30
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Displacement
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Figure 5: 3e verification test system of the vision-based displacement test method.

(X1, Y1) (X2, Y2)

(Xi, Yi)

O1 (a, b)

O (0, 0)

Xi

X

r
θ

Yi

Y

(X3, Y3)

(normal equation)

ξi = (Xi – a)2 + (Yi – b)2 − r2

Q = ∑i∈edge ξi
2 = [(Xi – a)2 + (Yi – b)2 − r2]2

∂Q = 0
∂a

∂Q = 0
∂b

∂Q = 0
∂r

(sample deviation)

b

a

(loss function)

Figure 4: Schematic diagram of the circle detection algorithm.

Shock and Vibration 5



–8

–6

–4

–2

0

2

0 1 2 3 4 5 6 7 8
Time (s)

D
isp

la
ce

m
en

t (
m

m
)

Displacement meter
Vision-based 

1Hz sine wave

–4

–2

0

2

0 1 2 3 4
Time (s)

D
isp

la
ce

m
en

t (
m

m
)

–1

0

1

2

3

4

0 1 2 3 4
Time (s)

D
isp

la
ce

m
en

t (
m

m
)

3Hz sine wave 5Hz sine wave

Figure 6: Displacement comparison charts obtained by different displacement test methods under different waves. (a) 1Hz sine wave. (b)
3Hz sine wave. (c) 5Hz sine wave.

20 25 30 35
–3.0

–1.5

0.0

1.5

3.0

Re
la

tiv
e 

di
sp

la
ce

m
en

t (
m

m
) 1Hz sine wave

Time (s)

Vision-based
Analytical system

(a)

26 27 28 29 30
–40

–20

0

20

40

Re
la

tiv
e 

di
sp

la
ce

m
en

t (
m

m
) 3Hz sine wave

Time (s)

Vision-based
Analytical system

(b)

Vision-based
Analytical system

28 30 32 34 36 38 40 42 44

0.0

2.5

5.0

Re
la

tiv
e 

di
sp

la
ce

m
en

t (
m

m
) Taft wave7.5

–7.5

–5.0

–2.5

Time (s)

(c)

Figure 7: Continued.

6 Shock and Vibration



close to the value of 0. Comparing the distribution of
scatter points within the line of consistency limit (d ±
1.96Sd, Sd is the standard deviation), the differences of
95.941%, 99.200%, and 96.502% are located in the confi-
dence interval under different working conditions, re-
spectively. It shows that the results of the two methods are
very close and consistent. 3e numerical model represents
the dynamic response of real monitoring equipment well
under complex ground motions.

3. Result and Interpretation

3.1. Ground Displacement. At present, the ground dis-
placement generally is adopted by the macroseismograph
(using the numerical integration method), and
Figures 9–10 shows the displacement integral from ac-
celeration to displacement in different test cases; it is clear

that using acceleration integral to obtain the displace-
ment requires corresponding processing of the acceler-
ation signal, especially the filtering process, where the
acceleration signal is not filtered, the displacement signal
will be distorted, and under different filters, the dis-
placement shows different characteristics. In addition, it
can be seen from Figure 10 that, no matter what filter and
parameter are adopted, the signal will be suppressed at
some frequency domain, so that the displacement value
generated by the integral is less than the value of ground
truth.

In Figure 11, the ground displacement acquired by the
new testing method is almost equal to the ground truth (in
this test, we use Dc7, which is installed outside of the shaking
table), where the relative displacement calculated by the
numerical simulation is close to the measurements by the
vision system. Moreover, the absolute displacements

Table 2: Quantitative analysis of results.

Case
Time history amplitude (mm) Fourier peak frequency (Hz)

ΔuA ΔuA
′ ΔuA

′/ΔuA fp fp
′ fp

′/fp

1Hz sine wave 2.8105 2.2821 0.8120 1.001 1.001 1.000
3Hz sine wave 39.6298 36.6342 0.9244 3.0032 3.0029 0.999
Taft record 5.98947 5.1189 0.8547 3.418 3.412 0.998
ΔuA and ΔuA

′ are the amplitude of experimental and numerical results for relative displacement time history curves, respectively. fp and fp
′ are the

frequency corresponding to the peak point of Fourier spectrum curve in experimental and numerical results, respectively.
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measured by the two methods coincide well in the frequency
domain. From the BA chart of the two observation results,
the scatter points are uniformly distributed in the standard
deviation line, the mean line is close to zero, and the dif-
ference distribution in the confidence interval accounts for
more than 95%. Hence, we can use the vision system and
numerical simulation method to obtain the approximated
ground displacements.

3.2. Concluding Remarks and Discussion. We have proposed
and tested a simple but sophisticated new approach to es-
timate ground deformation. Major issues of the proposed
method have been discussed in detail, such as visualized data
processing and numerical methods. A series of shaking table
tests were performed to investigate the feasibility and
practicability of the proposed method. 3e new approach
provides a ground displacement testing method with ac-
ceptable accuracy, in noncontact mode, being multipoint
measured in real time and cost saving.

Based on our experiments and numerical simulation,
the real-time ground displacement can be obtained,

validated by the vision observations. Note that the same
ground motion has been used when processing the ground
displacement, which corresponds to the condition when
the macroseismograph is installed at the bottom of the
equipment. However, the acceleration is unknown under
actual conditions; in such cases, we use the nearest mac-
roseismograph data as a seed for input motion and use the
relative displacement as an intermediate quantity, by re-
peated iteration to obtain the approximate ground dis-
placement. 3e basic idea of our approach is to estimate the
ground deformations, meanwhile, and the inverse method
can be used to determine the absolute ground displacement
by the following formula:

ug(t) � −
1
m

· mΔu(t) + c

Δu(t) dt + kB


Δu(t) dt dτ ,

(4)

where Δu(t) means relative displacement and can be tested
by the vision-based method; m, c, and k are the mass,
damping, and stiffness, respectively, and can be tested or
calculated by the existing mature method.
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Figure 9: 3e ground displacement generally is adopted by the macroseismograph.
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Noted that the new ground displacement method can
only track the motions in flat surfaces, the method cannot be
performed on all axes (X, Y, and Z axes) that use binocular
vision technology to recover the depth information and
establish the three-dimensional displacement spatial field
after earthquake. Meanwhile, the device parameters play a
very important role in the test; in addition, we adopt the
high-precision optimal circle fitting method, and with the
development of computer vision algorithm, the precision
can be improved continuously. Moreover, the results
measured by direct integration and new testing method are
both smaller than the real displacement, and the amplifi-
cation factor is in the range of 1.2 to 1.3. Our method has the

potential to provide large amounts of seismic data, and with
the progress of optical equipment and VI (visual identity)
algorithms, the accuracy of this method will be improved
significantly.
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Figure 11: Comparison of ground displacements between experimental data and new method. (a) Comparison between time domain and
frequency domain. (b) Bland–Altman diagram.
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