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Structural health monitoring (SHM) aims to assess the
behavior of structures and evaluate the performance of mate-
rials during the life cycle of the structures. Such assessment
should include the different parts of the structure and full
assembly of the structure as a whole under different cases of
loadings. SHM involves the integration of sensors, smart
materials, data transmission, computational power, and pro-
cessing inside the structure. Therefore, sensor properties and
characteristics are essential parameters to detect the accurate
behavior of structures. In addition, time and frequency
domain analyses for structures’ members or performance
of materials should be evaluated to assess the full behavior
of structures.

Nowadays, sensors are developed based on the require-
ments of the SHM system. In this issue, the structure behav-
iors and environment conditions are measured and assessed
to study the environment impact on structures. In addition,
strain and temperature are measured for a bridge and the
performance of the bridge under harsh environmental
impact is studied. Moreover, the terrestrial laser scanning
(TLS) is used to assess the deflection of structures in three
dimensions. Ultrasonic waves are used to assess materials’
behavior, and fiber Bragg sensors are utilized to determine
the damage indicator of a mine station.

Real structures, materials, and experiments are evaluated
and assessed in this issue to analyze and study the behavior of
structures and performance of sensors, respectively. Time

series and statistical analyses for strain measurements are
used to assess the reliability of prestressed concrete box-
girder bridge. The time and frequency domains are utilized
to assess the bridge condition under real load effects. An
innovation statistical window selection method is applied to
extract the accurate deformation of structures using TLS
measurements. Damage detection is evaluated and assessed
based on experimental and real measurements using devel-
opment statistical analyses in time domain. Also, a numerical
method and experiments are used to assess the performance
of noncontact ultrasonic sensors. In addition, the nonlinear
evaluation of the damage behavior of a material is assessed
and studied.
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This paper describes an approach for measuring material plasticity using contactless electromagnetic acoustic method. Harmonic
generation from noncumulative fundamental longitudinal wave in specimen is studied based on numerical method, and the
contribution to harmonic generation from tensile damage is shown to be higher than that from a geometric factor; more serious
damages increase the amplitude of second harmonics. These two experimental setups (nonlinear piezoelectric method and
nonlinear electromagnetic acoustic method) are used to assess the relative nonlinearity parameters of tensile damage of five
aluminum alloy specimens along the thickness direction, and the proposed technique is as effective with the traditional
nonlinear piezoelectric method. This result demonstrates that the ultrasonic nonlinear parameter can represent tensile damage
with ultrasonic nonlinear parameter by noncontact electromagnetic acoustic method.

1. Introduction

The application of ultrasonic waves in engineering structure
now is a critically significant method in nondestructive test-
ing (NDT) and structural health monitoring (SHM). With
the latest developments in image processing and mathemati-
cal and computer modeling, more sensitive and economical
ways of looking at materials and structures have become pos-
sible when compared to the other inspection techniques [1].
Traditional ultrasonic testing method is based on the linear
theory and depends on measuring particular parameters,
including the size, the orientation, the location of crack, the
acoustic velocity, the attenuation, and the transmission and
reflection of ultrasonic wave to detect damage [2]. However,
traditional linear ultrasonic methods detect cracks or features
based on the order of the wavelength of the ultrasonic wave.
They are sensitive to microstructural features that are orders
of magnitude bigger than the wavelength, but linear ultra-
sonic testing is not sensitive to early-stage degradation and
microcrack of materials without diffraction and attenuation
effect. Therefore, the detection of early damage becomes an
issue and advanced ultrasonic testing is becoming strongly

needed. In addition, the development of ultrasonic testing
method is a challenging task that should have several crucial
applicative functions like online evaluation, condition-based
maintenance, fitness determination for service and remain-
ing useful time, less cost and labor, required baseline, and
required environmental data compensation methods.

Nonlinear ultrasonic method has a powerful ability to
characterize microstructural features in materials. The basic
physical mechanism of higher harmonic generation, subhar-
monic generation, shift of resonance frequency, and mixed
frequency response are introduced with applications to eval-
uation of microdamage. These effects are quantified with the
measured acoustic nonlinearity parameter (ANP) which is
caused by the interaction of a sinusoidal wave and micro-
structural features like microcracks, precipitates, creep,
fatigue, and plasticity [3–8] (i.e., features at the micron scale
and below), and the ANP is a powerful indicator of the
material state.

Currently, a number of investigators have applied non-
linear ultrasonic techniques to assess the damage in different
metallic alloys such as early fatigue damage in Ti-6Al-4V
specimens [9], heat-treated Cr-Mo-V steel [10], hardening
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in ASTM A710 steel [11], nickel-based superalloy samples
under monotonic and fatigue loading [12], and plastic defor-
mation in AL 1100-H16 alloy [13]. It is noted that the ANP
which is based on the fundamental and second harmonics
significantly changes with the damage.

The most commonly used nonlinear wave technique
uses through-transmission bulk waves, which is applied in
the field since access to both sides of the specimen is
required. Longitudinal waves have the advantage, as com-
pared to shear waves [14], of transferring energy to second
harmonics; shear waves transfer energy to third harmonics.
Therefore, it is more possible for nonlinear longitudinal
wave to assess the material inner damage. In addition, non-
linear Rayleigh surface and Lamb waves are widely used to
represent the material superficial or integral damage which
with a smaller diffraction and attenuation effects with long-
distance traveling.

However, most nonlinear ultrasonic applications detect
material characterization and the existence of minute defects
by piezoelectric ultrasonic method and a high nonlinear effi-
ciency of a liquid coupling medium. The piezoelectric ultra-
sonic method is not appropriate for testing in extreme
conditions and rough testing surfaces, and coupling medium
affects the scan efficiency of the specimen to be measured.
Therefore, noncontact ultrasonic testing method has a better
application prospect. Sebastian et al. present noncontact
air-coupled ultrasonic technique for a nonlinear Rayleigh
surface wave measurement of the relative nonlinearity
parameters of two aluminum alloy specimens AL2024-
T351 and AL 7075-T651 [15], but the ultrasonic conversion
efficiency is not enough with the acoustic impedance mis-
match. A study of Liu et al. makes use of nonlinear laser
ultrasonic method to perform fatigue crack measurements
[16]. However, the laser ultrasonic method suffers from
variations in optical reflectivity and is only feasible for spec-
imens with highly reflective surfaces.

Electromagnetic acoustic transducer (EMAT) is a kind of
sensor which can excite and receive ultrasonic waves without
coupling agent. The EMAT can be designed to generate and
measure the desired mode of elastic waves on the basis of
the contactless coupling mechanisms. Various propagation
modes can then be utilized to meet a wide range of mea-
surement needs, like the SH mode only being available
with the EMAT technique; this is one of the advantages
over air-coupled ultrasonic technique and laser ultrasonic
technique [17, 18]. The axial shear wave on cylindrical
Cr-Mo-V specimens was found to be capable of fatigue
and creep deformation of the nonlinearity measurement
under the magnetostriction-type EMAT exciting [19, 20].
Cobb et al. present an approach of acoustic nonlinearity
of fatigue damage accumulation that utilizes Rayleigh
waves generated from EMAT and electromagnetic acoustic
resonance [21, 22]. With the optimization of pulse current
generator [23, 24], EMAT has succeeded to excite vibration
amplitude in the material high enough to induct higher
harmonics, and the EMAT has the potential study in the
nonlinearity measurement to isolate materials’ nonlinearity.

The objective of the current study is to explore the feasi-
bility of a noncontact, electromagnetic acoustic technique to

assess the acoustic nonlinearity parameter using nonlinear
longitudinal waves. Section 2 presents nonlinear mechanics
preliminaries based onMurnaghan model. Section 3 presents
the nonlinear characteristic obtained from numerical simula-
tions. The two nonlinear ultrasonic methods are compared
and analyzed in Section 4 and Section 5, respectively. Finally,
conclusions are drawn in Section 6.

2. Principle

The principle of the electromagnetic-acoustic coupling
process is the elastic response to periodic surface stresses
that arise from Lorentz forces. An alternating current with
the driving frequency (f> 20 kHz) is applied to the spiral coil
of electromagnetic acoustic transducers. The dynamic mag-
netic field beneath the meander coil will be induced by the
alternating current (within the electromagnetic skin depth).
Generally, both the static magnetic field and the dynamic
magnetic field will contribute to the Lorentz force occurring
in skin depth. Generally, the skin depth is far less than the
acoustic wavelength. Thus, the Lorentz force occurring
within the skin depth can approximately be regarded as a
shear stress exerted on the surface of the specimen, and the
surficial stress can be regarded as an excitation source for
the generation of a series of ultrasonic modes. In other words,
the acoustic fields (the mechanical displacement) are gener-
ated by the Lorentz surface stress.

We consider nonlinear ultrasonic technique where the
received signal is not at the frequency of the exciting cur-
rent, and metallic material is treated as weakly nonlinear
elastic because the amplitude of the signal received at
higher harmonics is very small relative to the excitation,
then harmonics can be generated notably at twice the
excitation frequency.

The Lagrangian formulation from continuum mechanics
is exploited using the Green-Lagrange strain tensor E along
with the first Piola-Kirchhoff stress tensor T1 and second
Piola-Kirchhoff stress tensor T2. E is related to the displace-
ment vector u, for simplicity, and the gradient of the dis-
placement vector H. And the following relations exist
between the above quantities [25, 26].

E = 1
2 H +HT +HTH , 1

where the linear strain is El, which is related to the action of
linear ultrasonic.

El = 1
2 H +HT 2

Comparing (1) with (2), the existence of second-
order term HTH is the main reason of nonlinear
stress-strain, which includes geometric nonlinearity and
material nonlinearity.

The stress-strain relation of higher harmonic generation
for a hyperelastic material is obtained from the nonlinear
governing equations of Murnaghan model, which has a
qualitative description of anharmonic vibration, and the
strain energy function W(E) is
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W E = 1
2 λ tr E 2 + μtr E2 + 1

3 l + 2m tr E 3

−mtr E × tr E 2 − tr E2 + n det E ,
3

where l, m, and n are Murnaghan constants, λ and μ are
Lame’s constants, and tr() and det() denote the trace and
the determinant, respectively, of the bracketed tensor.

The first Piola-Kirchhoff stress tensor and the second
Piola-Kirchhoff stress tensor are obtained using

T1 = I +H T2, 4

T2 =
∂W E
∂E

, 5

where I is the second-order identity tensor. And T1 can be
decomposed into linear and nonlinear components. Then
the equation of motion in the reference configuration can
be written as

∇ ⋅ T0 + ρ0 ⋅ b = ρ0u, 6

b = bL,s + bL,d = Je × Bs + Je × Bd, 7

where ρ0 is the mass density, u = ∂2u/∂t2, and b is the
Lorentz force which is the action of magnetic field (including
the static magnetic field Bs and the alternating magnetic field
Bd) and eddy current. The calculated Lorentz force is then
applied to the elastodynamic equation as a body load.

The acoustic wave passes the material boundary and
creates dynamic electromagnetic fields in a conductive
material exposed to a steady magnetic field, which then
can be detected by a received EMAT. The inverse effect
applies whereby the acoustic wave forces the charged parti-
cles to move with the aid of the magnetic field of permanent
magnet bias. The dynamic electric field induced by the acous-
tic field in a specimen and the equation of receiving voltage E
can be written as

E = ∂u
∂t

× Bs 8

3. Numerical Simulations

In this section, the results are obtained from numerical
simulations performed using COMSOL Multiphysics 4.3b,
a commercial finite-element software. The schematic of the
2D model is shown in Figure 1. The modeling of Lorentz
force generation process uses the AC/DC andMagnetic Fields
module, and the modeling of propagation process uses the
Structural Mechanics module.

The electromagnetic acoustic transducer consists of a coil
which provides a dynamic current and a U-shaped magnet
providing a horizontal static magnetic field. While in the
nonferromagnetic material, the ultrasonic wave is generated
by the Lorentz forces. The Lorentz force is the interaction
of the magnetic flux density and the eddy current. Thus,
the electromagnetic field and mechanical field are coupled
together by Lorentz forces in the transduction area.

The permanent magnet material feature is Nd-Fe-B with
a remanence of 1.4 T. The horizontal static magnetic field
acts parallel to the coil along the x-direction; there are also
x-direction Lorentz forces present that are usually much
smaller than that the y-direction Lorentz forces. The spiral
coil consists of 35 wires with a diameter of 0.5mm and entan-
gles together closely. The lift-off distance between the coil
and the tested aluminum specimens is 0.5mm. The exciting
coils are carrying a current signal of f=500 kHz. The thick-
ness of the transduction area is five times the skin depth,
and a low reflecting boundary is used to reduce back reflec-
tions from the edge of the remote interfaces.

The ultrasonic wave is generated on the transduction
area. The simulations were carried out using the Murnaghan
model for aluminum, and the material properties are tabu-
lated in Table 1. Quadrilateral elements are used to discretize
the magnet and coil with a maximum element size of 0.5mm;
the transduction area and propagation area are divided
into triangular elements with a maximum element size of
0.1mm and 0.2mm.

3.1. Ultrasonic Wave Generation. Due to the match of the
coil and magnet, Rayleigh waves (R-Waves) travel along
the surface, and simultaneously, the longitudinal waves
(L-Waves) and shear waves (S-Waves) travel vertically into

EMAT

Spiral coil

Transduction area
Bulk wave with single frequency

Propagation process

Bulk wave with harmonic frequency

Ferrite

S NMagnet Eddy current

x

y

Figure 1: Schematic diagram of nonlinear EMAT finite element model.
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the specimen. Since S-Waves do not transfer energy to second
harmonics [27], we investigate the nonlinear action of L-
Waves and the contribution of the L-Waves which are based
on the x-direction Lorentz forces.

The x-component of the displacement is denoted by dis-
placement “u,” the y-component is denoted by displacement
“v,” and the direction of L-Waves vibration keep consistent
with the direction of L-Waves travelling. So displacement
“v” is only considered. Figure 2 shows the geometric dimen-
sion of the test specimen (100mm× 180mm) and the spread
of ultrasonic wave inside the x- and y-coordinates which rep-
resent the cross-sectional displacement “v” view of the wave
modes propagating in two transmission cycles (from t0
to t0+ 2T). The R-Waves velocity vR, the S-Waves velocity
vS, and the L-Waves velocity vL can be calculated by the
time and the distance of flight between the two positions:
vR=2915m/s, vS = 3122m/s, and vL = 6198m/s. Thus, with
the increase of propagation time, the separation of various
ultrasonic waves is more clear.

3.2. Nonlinear Ultrasonic Propagation. In typical EMAT
configurations where frequency is of the order from several
hundreds of kHz to a few MHz, the amplitude of Lorentz
force depends on the characteristic of the static magnetic
field, the exciting current, the construction of the spiral coil,
and the lift-off.. In order to eliminate the contribution of
the second harmonic frequency due to alternating Lorentz

force, the loading of body force is just applied by static
Lorentz force bL,S in numerical model. So the results were
obtained for ultrasonic wave at fundamental frequency.

Then we discuss the contribution of material and geo-
metric nonlinearities to the second harmonic generation in
the specimen. The displacement “v” amplitude of L-waves
should reach 1E− 8m, and the exciting current condition
chosen is 150A; some nonlinear effects are not easily deci-
pherable at lower amplitudes. The results for three nonlinear
mechanisms are presented in Table 2.

Figure 3 illustrates the normalized time domain signal
obtained for the displacement “v” at position (10mm,
−100mm). It shows that the signals overlapped nearly for
the three cases and the difference is barely visible. So the
velocities of L-Waves are kept consistent in each. But in
the frequency domain, as shown in the normalized loga-
rithm processing of the fast Fourier transform (FFT)
method in the figure, nonlinearity is evident from the non-
linear presence of zero-frequency and second harmonic
components in the “v” displacement of “N” and “G” cases.
And the amplitude of the second harmonic generated in the
“N” case is several times greater than that generated in the
“G” case. This shows that the second harmonic generation
is dominated by the material nonlinearity as opposed to geo-
metric nonlinearity. The same explanations were adapted to
obtain the main mechanism of zero-frequency components
which is dominated by geometric nonlinearity, while the

Table 1: Elastic constants used for simulation.

Young’s Modulus Poisson’s ratio Electrical conductivity ρ0 λ μ l m n

70GPa 0.33 37.7MS/m 2700 kg/m3 51GPa 26GPa −250GPa −333GPa −350GPa

0
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−30
−40
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−60
−70
−80
−90
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−80
−3.7268 × 10−8

−60

−30 −20 −10 0 10 30
2.3542 × 10−8× 10−9

−40 −20 0 20 40 60 80

(mm)

(a) t = t0

−10
−20
−30
−40
−50
−60
−70
−80
−90
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−60
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0

(b) t = t0 + T
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S-Wave

L-Wave
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(c) t = t0+ 2 T

Figure 2: Ultrasonic wave displacement in aluminum plate generated by EMAT.
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“L” case shows only fundamental frequency without any
frequency components.

The displacement “v” were obtained at positions (10,
−93.8mm), (10, −100mm), and (10, −106.2mm) where
the length of each propagation distance is one fundamental
L-Waves wavelength. Figure 4 shows the normalized time
domain signal and normalized logarithm processing of
FFT. As predicted by theory, the amplitude of the second
harmonic increases with the propagation distance.

Then we discussed the effect of scaling higher-order
elastic constants on the harmonic generation that increases
with the degree of material damage. Simulations for the
“N” case used three different sets of higher-order elastic
constants obtained by scaling Murnaghan constants by fac-
tors of 1, 2, and 4. Figure 5 shows the normalized time
domain signal and normalized logarithm processing of
FFT. As shown, the zero-frequency and second harmonic
components are increasing with the factors. From another
perspective, the degree of material damage increases with
the nonlinear effects.

In the following example, we present the results obtained
for the second harmonic generation from the L-Waves at
500 kHz, 600 kHz, and 800 kHz in the “N” case. As shown
in Figure 6, the same presence of zero frequency and second

harmonic components in the various frequencies, and the
normalized amplitudes of zero frequency and second har-
monic components remain the same.

4. Experimental Section

4.1. Sample Preparation. Tensile specimens made of alumi-
num alloy 6061 were fabricated for conducting the plastic
deformation studies. The specimens were tensile loaded to
vary levels of elastic-plastic strain under strain control, as
shown in Table 3. Among them, A0 was an undamaged
specimen, A1 was a specimen which produced in the elastic
tensile area, A2 was a specimen which produced in the
elastic-plastic critical tensile area, A3 was a specimen which
produced in the plastic tensile area, and A4 was a fractured
specimen. The noncontact nonlinear characteristics were
evaluated after unloading these specimens.

Nonlinear longitudinal wave was monitored at different
positions along the length direction of tensile specimens for
each sample. Figure 7 shows the positions of measurement
along the thickness direction; each positions is evenly spaced.
The specimens are subjected to a uniaxial tensile test. The
deformation is such that the material presents an elasto-
plastic behavior with nonlinear isotropic hardening. When
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(b) Frequency domain signal

Figure 3: L-Waves signals obtained using LE, NL, and NG constitutive model.

Table 2: Three constitutive models.

Mechanisms Constitutive Description

Linear elastic material (“L” case)
l = m = n = 0

Linear strain El (2)
No material or geometric nonlinearities are included

Nonlinear elastic material (“N” case)
l ≠ m ≠ n ≠ 0

Green-Lagrange strain tensor E (1)
Both material or geometric nonlinearities are included

Geometrically nonlinear material (“G” case)
l = m = n = 0

Green-Lagrange strain tensor E (1)
Only geometric nonlinearities are included
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subjected to such large deformations, the specimen experi-
ences a significant plastic deformation and necking in its cen-
tral cross section, and so nonlinear ultrasonic wave response
at each position is various for one loading condition.

4.2. Nonlinear Ultrasonic Measurement Strategy. Figure 8
shows the nonlinear electromagnetic acoustic measurement.
The nonlinear response of tensile specimen aluminum alloy
was excited by using a RITEC SNAP RAM-5000 high power
system (RITEC Inc., Warwick, RI, USA), and the high ampli-
tude sinusoidal tone burst inputs with a few number of cycles

at a stable single frequency. A pair of EMAT transducers are
placed on the double sides of the specimen (through the
thickness) as shown in Figure 9. EMAT transducer is mainly
combined by a coil and permanent magnet. A toothpick is
used to wind the copper wire with a diameter of 0.1mm; each
turn is paralleled so closely that a large radius of spiral coil is
obtained. The spiral shape of EMAT coil is kept by laying
an epoxy adhesion bond. BNC cable is connected to the
spiral coil and the permanent magnet is put on top of the
coil. The bulk EMAT is facilitated after padding insulating
polymer. The combination of U-shape magnet providing
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Figure 5: L-Waves signals obtained by scaling Murnaghan constants by factors of 1, 2, and 4.
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horizontal bias magnetic field and the spiral coil exerting
high-frequency current excitation, so the electromagnetic
force is mainly in vertical direction, the particle in the skin
depth will be affected by electromagnetic force and produce
high vertical frequency vibration. The high vertical vibra-
tion producing ultrasonic bulk waves would spread in the
specimen. One of transducers acts as the transmitter send-
ing the bulk wave (mainly, longitudinal wave) across the
specimen, and the other transducer plays the role as the
receiver based on the principle of electromagnetic induc-
tion. Hence, the longitudinal wave propagates along the
thickness direction of the specimen, and the received longi-
tudinal wave would contain nonlinear information through
the propagation path.

However, since this measurement by noncontact method
EMAT has lower transduction efficiency, to avoid this
inconvenience, additional devices are required to maintain
the noncontact method by impedance matching and high-
pass filter. The exciting current has no window function in
order to improve the exciting energy which are from the
high power system to the EMAT transducers. Meanwhile,
the exciting frequency should be considered by the designed
EMAT frequency spectrum response curve as shown in
Figure 10. These two EMAT transducers have the same

designed size; thus, the exciting frequency has to be set
2.2MHz, and the fundamental frequency 2.2MHz and the
harmonic frequency 4.4MHz can be received at the peak
frequency spectrum.

5. Analysis

Nonlinear longitudinal wave measurement along the thick-
ness direction of the Al 6061 plates are performed with the
EMAT and PZT setup, and no near sound field effects are
observed in this experimental setup with the suited selection
of exciting condition.

5.1. Nonlinear PZT Measurement. The nonlinear parameter
β indicates that a linear relationship between the second
harmonic amplitude A2 and the square of the fundamental
amplitude (A1

2). Since measurement of fundamental and
second harmonic response by received ultrasonic sensor is
in terms of the several voltages excitation, and β can be
predicted by the microplasticity model as a function of
the tensile stress with few influence of different exciting fre-
quencies [7], so a 5MHz excited PZT sensor and a 10MHz
received PZT sensor were employed through the thickness
direction to implement generated longitudinal wave.

Figure 11 shows a variation amplitude of A2 with A1
2 at

the position 3 of specimen A0; the black spots are experimen-
tal data points at 10~50 level exciting voltages, and a linear
fitting line of A2 versus A1

2 for different driving voltages is
clearly obtained, which means that the nonlinear parameter
keeps constant for different voltages. The slope of this linear
fitting line is the value of the nonlinear parameter βp0, and
βp0 mainly includes material nonlinearity βp0 and contact
nonlinearity βc0.

Consider the fluctuation of frequency response curve of
PZT sensors (the frequency response at 5MHz and 10MHz
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Figure 6: L-Waves signals obtained at f= 500 kHz, 600 kHz, and 800 kHz.

Table 3: Condition of strain induced in specimens.

Specimen
number

Loading
Fmax (KN)

Strain rate v
(mm/min)

Loading
time t (s)

A0 0 0 0

A1 24.488 5 25.422

A2 47.710 5 52.328

A3 54.008 5 76.000

A4 53.232 5 95.031
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points have disaffinity) and the influence of the nonuniform
unit. Hence, the normalized nonlinear coefficient is β’p0 (the
ratio between the nonlinear parameter measured in the ten-
sile damage specimen to βp0), that is, β’p0=βp/βp0.

5.2. Compared with Nonlinear EMAT Measurement. In this
EMAT measurement study, the lower transduction efficiency
of EMAT is considered, as shown in Figure 12. EMAT has
low energy converting efficiency and is sensitive to noise.

Position 1

30

40 15

R15

132.5

EMAT position

60

Position 2
Position 3

Position 4

Specimen A0

Specimen A1

Specimen A2

Specimen A3

Specimen A4

Position 5

10

15 40

Figure 7: Tensile specimen (all dimensions are in mm).
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Figure 9: Physical diagram of spiral electromagnetic acoustic transducer.
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The noise interference is mainly composed of continuous
interference noise, paroxysmal interference noise, and elec-
tromagnetic noise, which are generated by the operation of
the tested equipment and alternating electromagnetic fields
in the limited space volume of the electromagnetic ultrasonic
transducer. In order to realize the effective recognition of
ultrasonic echo signal, the frequency-domain signal needs
to be received with 40dB attenuation of low-frequency stage
and 60 dB amplification of high-frequency stage, where one
can clearly find the contributions of the fundamental and
second harmonic waves. Meanwhile, the frequency domain
signal is filled with noise spectrum. To obtain the amplitudes
of the fundamental and second harmonic wave components,
Daubechies wavelet function and third wavelet packet
decomposition levels were adopted to denoise as shown in
Figure 12. In order to compare with the measurement by
PZT sensor, and the nonlinear parameter βE0 should be

normalization processing by noncontact EMAT measure-
ment, the normalized nonlinear coefficient β’E0=βE/βE0.

Figure 13 shows the comparison of the relative nonlinear
coefficients by the two methods. With the same loading, the
variation tendency of the relative nonlinear coefficients
stayed the same.

With elastic tensile loading (Fmax< 47.71 kN), the relative
nonlinear coefficients nearly keeps unchanged; thus, the elas-
tic constant changes very little and increases rapidly when the
tensile loading exceeds 47.71 kN at the position of 2, 3, and
4. Plastic deformation starts to exist at these positions;
meanwhile, the relative nonlinear coefficients change very
little at positions 1 and 5. It can be found that the plastic
deformation is symmetrically distributed along the center
specimen position (position 3) by tensile loading, and based
on the metal necking effect, the plastic deformation is most
notable at position 3. When the tensile loading exceeds
53.232 kN, the relative nonlinear coefficient drops rapidly,
occurring with the more discontinuous area; at the same
time, the plastic deformations at the position of 2 and 4 are
still in the hardening stage and the relative nonlinear coeffi-
cients are still increasing.

It can be seen that the EMAT ultrasonic measurement
is bigger than that of the PZT ultrasonic measurement.
Namely, β’E0 >β’p0, compared with what constitutes the
two relative nonlinear coefficients, it is the contact nonlinear-
ity (the influence of couplant and rough surface) which
mainly causes the decrease in relative nonlinear coefficients.

The result also shows that the change of the plastic
nonlinearity on the plastic deformation can be measured
using the proposed noncontact ultrasonic method, and the
relative nonlinear coefficients measured by EMAT ultrasonic
have potential applications in detecting variation tendency of
plastic deformation under extreme environments.

6. Conclusions

In this article, tensile damage behavior of nonlinear longi-
tudinal wave was investigated. From the numerical perspec-
tive, simulations of EMAT transduction and ultrasonic
wave propagation were carried out in COMSOL Multiphy-
sics 4.3b using the Murnaghan hyperelasticity model, har-
monic generation from the fundamental longitudinal
wave, while time domain signals show very small difference.
The contribution of material nonlinearity, geometric nonlin-
earity, damage cased nonlinearity, and propagation distance
cased nonlinearity to the harmonic generation is discussed.
As the accumulated material damage is typically inferred
from the nonlinear coefficient, which in turn depends on
the higher Murnaghan constants and longer propagation
distances, the exciting frequency is not inferred from the
nonlinear coefficient.

From the experimental perspective, this research demon-
strates the feasibility and robustness of noncontact EMAT
method for the nonlinearity measurement with longitudinal
wave; thus, the surface condition of the specimen is relatively
not important. The experimental setup provides an output
signal with low SNR; meanwhile, wavelet denoising method
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can improve the SNR and extract nonlinearity information
from measuring frequency signals.

The results obtained in this research demonstrate that the
noncontact, EMAT detection method provides potential field
applicability for the in situ measurements of the relative non-
linearity parameter in online structures. Further work needs
to be done to identify that the fatigue damage of ferromag-
netic structure by EMAT method based on the magnetostric-
tive mechanism.
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Accurate sensing is the key to structural health monitoring of underground coal mines while using fiber Bragg grating (FBG)
sensors. However, the previously developed systems for structural monitoring of underground mines have been limited to
monitoring without any capability of damage detection. Therefore, this study integrates a highly accurate FBG monitoring
system and output-only data-driven approaches on an Internet of things (IoT)-based platform to develop a comprehensive mine
structural safety system. This system relies on a Web 2.0 main server that runs data acquisition, data processing, and damage
detection algorithms along with real-time information sharing at remote locations. This system was successfully implemented at
the Hassan Kishore coal mine, situated in the Salt Range of Pakistan. Wavelength division multiplexing of the FBG strain
sensors reliably captured the effects of dynamic and continuous coal excavation on the stability of mine roadway and access
galleries. Principal component analysis, along with hierarchical clustering, was used to determine the damage indicator of the
mine. The damage index was validated, showing the minimum value for 2% stiffness reduction. Thus, integration of FBG
technology with the Internet can be effectively applied for early safety assessment of underground coal mines and information
sharing in real time.

1. Introduction

Mining is generally considered to be a high-risk industry
all over the world [1]. The ever increasing depth, complex-
ity, and dynamicity of mining have proved themselves as
challenging factors for the novel design of underground
mines. In this regard, certain associated risks and hidden
defaults of mine structures impose high safety threats,
and seismic events are sources of mine roof stratum
displacements [2]. In underground coal mines (UCMs),
among the types of mine accidents (e.g., seismicity, mine
support deterioration, dust explosions, and mine collapse),
the most frequent cause of accidents is mine collapse [3].
For instance, in 2011, 38% of fatal accidents in UCMs in
the Salt Range region, Punjab, Pakistan, were directly

related to roof collapse or mine structure failure [4]. The
high socioeconomic values of UCMs and risk to miners’
lives make it extremely important to monitor these struc-
tures sensitively and accurately.

Nowadays, technological advancement has enabled
continuous monitoring of structures with the utilization
of sophisticated and accurate monitoring systems. In this
regard, fiber Bragg grating (FBG) sensing has shown a wide
range of applications for monitoring critical structures such
as buildings, bridges, tunnels, and mines [5]. This extensive
implementation of FBG sensing has occurred because of its
high sustainability, high durability, long-term stability,
spatial resolution, and high immunity to electromagnetism
[6–9]. Recently, a Brillouin optical time domain reflectom-
eter was successfully implemented at the El Teniente mine
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in Cachapoal, Chile [10], to accurately monitor deforma-
tion in the ventilation tunnel caused by coal excavation at
a nearby undercut face. Similarly, Zhao et al. [11] imple-
mented optic fiber grating-based displacement sensors to
assess the safety of underground mines. They concluded
that the chances of tunnel (roadway) collapse can be min-
imized by efficiently monitoring mine roof displacement.
Existing research [12, 13] has focused on the application
of fiber optic sensors for monitoring strain, displacement,
and temperature variation around underground openings.
Another study [14] tested a distributed Brillouin sensing
system at the laboratory scale to show the high applicabil-
ity of distributed fiber optics for monitoring point-to-point
deformation along the continuous length of structures
with long dimensions. More detailed applications of FBG
strain sensors, specifically for geotechnical studies, can be
found in [15]. While previous studies have focused on
the applications of FBG monitoring in complex under-
ground structures and mines, most of these applications
are limited to standard monitoring, or in some cases event
reporting. Damage detection for mine structural stability
and determination of a global safety index for easy and
quick assessment of the mine state still need to be investi-
gated for UCMs.

In the previous decades, rapid flourishment of the Inter-
net of things (IoT) in various fields such as smart grids,
emergency response systems, home automation, mine tail-
ing monitoring, and mine environment monitoring has
demonstrated its capabilities [16–18]. FBG monitoring com-
bined with automatic data processing for damage detection
and remote transmission can be a promising direction for
enhancing the structural safety of underground mines. In
this regard, already developed monitoring systems are suffi-
cient for providing the base of the modern integrated and
intelligent IoT frameworks. However, the literature lacks a
system that integrates FBG-based mine structural monitor-
ing for early damage detection and IoT-based information
sharing. Therefore, this study aims at developing an accu-
rate monitoring, analyzing damage detection, and informa-
tion sharing platform to enhance structural safety in
UCMs. This platform is capable of intelligently assessing
mine condition by analyzing the collected data and sharing
valuable information at remote places. It exploits an output-
only linear data-driven approach for early damage detection
in UCMs. The sensitivity of this framework is directly
dependent on the compactness of clusters. In this system,
data can be recalled anytime anywhere by authorized users.
This system would be helpful for defining new mining laws
and future designs to enhance the structural stability of
UCMs. Key contributions proposed in the present study
are the following:

(1) A wavelength division multiplexed (WDM) array of
FBG strain sensors for underground mine condition
monitoring

(2) Seamless integration of information sharing technol-
ogies, analysis tools, and models for underground
mine informatics and intelligent decision making

(3) A single-valued mine damage indicator for easy and
quick assessment of mine structural safety

(4) Outlier detection algorithms for damage detection of
underground mines

In this study, a brief overview of FBG working princi-
ples, the adopted FBG monitoring approach, and the IoT-
based integration concept for UCMs has been discussed
as follows. Section 2 comments on the selection of FBG
sensors for the structural monitoring of mines. Basic study
models and algorithms for damage detection are summa-
rized in Section 3. The implemented case study followed
by the results and discussions are explained in Sections 4
and 5.

1.1. Basic Principle of the FBG-Based Monitoring System.Var-
ious FBG techniques, methods, and instruments have been
introduced and utilized in the past. Specifically in structural
health monitoring (SHM), well-known techniques of fiber
optics include optical time domain reflectometer (OTDR),
Raman optical time domain reflectometer (R-OTDR),
Brillouin optical time domain reflectometer (BOTDR), Sur-
veillance d’Ouvrages par Fiber Optiques (SOFO), extrinsic
Fabry-Perot interferometers, and FBG sensing. Despite being
expensive and sensitive to fiber bending, FBG sensing has
always been highly regarded and extensively used for SHM.
This can be attributed to its simple demodulation, high
multiplexing, water and corrosion resistance, and utilization
in both localized and quasi-distributed networks, which
enable high suitability for SHM in severe and harsh condi-
tions [19, 20].

The perceiving units of FBG sensing are designed to pass
light of a certain wavelength, while reflecting any other wave-
length from the grating; thus, each sensor has its own wave-
length [21]. In FBGs, external temperature and strain
changes have a strong influence on shift change in wave-
lengths [20, 22]. The basic principle of the FBG sensor tech-
nique is shown in Figure 1. Usually, strain measurements are
highly affected by temperature variations; therefore, there
should be temperature compensation for strain measure-
ments. In this regard, there are two approaches for tempera-
ture compensation, either installation of an FBG temperature
sensor in close vicinity of the FBG strain sensors, or use of a
tight fiber with tight contact to the monitoring structure and
another loose separate fiber for temperature monitoring [15].
The simplest case for counteracting the intrinsic temperature
effect induced in an FBG strain sensor is to install an external
FBG temperature sensor. The temperature-induced shift
wavelength can be compensated by the following [22].

ΔλB
λB

= 1
n
ζ + αf ΔT + 1 − Pe Δε 1

Here, ΔλB/λB is the ratio of the displacement wavelength
to the Bragg’s wavelength, n is the reflective index of the fiber
core, ΔT is the temperature increment, and Δε is the strain
increment. ζ, αf , and Pe are the thermos-optical coefficient
of the fiber, thermal expansion coefficient of the fiber, and
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effective elasto-optical coefficient, respectively. These coeffi-
cients are

ξ = 1
n

dn
dT

,

αf =
1
Λ

dΛ
dT

,

Pe =
1
n

dn
dε

,

2

where Λ is the grating period and ε is the axial strain. In the
case of a normal fiber, the shift change of the central reflected
Bragg wavelength follows the relation

ΔλB = λB α + ζ ΔT 3

Therefore, (1) becomes

ε = Δλ/λB − ΔλB/λ
1 − Pe

4

1.2. IoT System Concept. The IoT architecture for structural
mine safety is shown in Figure 2. Usually, IoT architecture
is comprised of three layers: the perception layer, perceiving
layer, and application layer. The perception layer enables
detection, collection, and recognition of events occurring in
the surroundings of an object. This layer requires hardware
network development to attain complete information of the
structure, for example, sensor nodes and actuators. In this
study, FBG strain and temperature sensors along with an
interrogator are the basic data collection and monitoring ele-
ments. The perceiving layer is the convergence of theory and
technology; therefore, this layer was designed with statistical
models and analytical tools to detect any abnormality in the
collected datasets of the underground mine. For information
transmission, this system utilizes a real-time database
(RODB) and a constrained application protocol (CoAP)
based on extraction transform and load (ETL) technique

and online analytical processing (OLAP). The application
layer is always highly regarded in the architecture of IoT
services and enables remote information sharing. In this
study, a Web 2.0 page-based main server that follows OGC
SWE standards [23] and enables real-time data analysis and
remote information sharing was used as the base station to
forecast any dangerous conditions and allow necessary mea-
sures to be taken.

2. Materials

2.1. FBG Sensors. A complete network of FBG monitoring is
comprised of FBG sensors, signal transmission, data acquisi-
tion, and a data processing unit. Sensor selection is highly
dependent on the monitoring requirements and environ-
ment. Despite the widespread use of embedded FBG strain
sensors, they have limitations such as (i) the entry point of
embedded sensors can be easily damaged and is prone to
breakage, (ii) the optical fiber can be pressed, and (iii) during
installation of the embedded FBG sensors, the surrounding
strain field can be disturbed because of distortion of the sur-
rounding material [24]. In the present case, drilling a hole for
installation of the embedded FBG sensors would alter the
stress field in its surroundings or possibly badly damage the
mine roof strata because of weak geology. Therefore, this
study utilized nonembedded FBG strain sensors to monitor
the behavior of the surrounding rocks in response to excava-
tion. We used 50 cm OS3610 (Micron Optics, NE Atlanta,
GA, USA) (Figure 3(b)), as it has shown high compatibility
with harsh environments, is cost-effective, can be used alone
or in an array, and measures the average strain over the gauge
length [25]. OS3610 has a strain limit of 5000με with a
standard wavelength of 1512–1586nm in a temperature
range of −40°C to 80°C. As strain measurements are highly
affected by temperature variations, an FBG temperature
sensor for temperature compensation was also used. The
nominal temperature of the surrounding rocks was less than
40°C, which is covered by the measuring range (−40°C to
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Figure 1: Schematic of basic principle of a fiber Bragg grating monitoring system.
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120°C) of the OS4300 FBG temperature sensor (Figure 3(a)).
Moreover, this sensor has high sensitivity and high accuracy
[26]. The difference between the FBG sensors and the tem-
perature can be determined by separately evaluating the
Bragg wavelength shifts for both FBGs ΔλB,1, ΔλB,2 with
their respective strain and temperature sensitivities kε, kT
[27, 28].

ΔλB,1
ΔλB,2

=
Ks KTB,1

0 KTB,2

Δε
ΔT

5

Signal transmission and data acquisition frequency
were set to 1.0Hz. In order to minimize attenuation losses

due to bending and long distance, the transmission
medium of acrylate-coated SMF-28 fiber with a resolution
of 0.25± 0.05 nm and an effective bending radius of 25mm
was used. This optical fiber has been widely adopted for
communication and meets ITU-T recommendations G.652
and TIA/EIA-492CAAA; more specific details can be found
in [29]. An SM125-500 interrogator designed by MOI
(Optics Micron Inc.), highly suitable for long-term monitor-
ing, was used as the data acquisition device (Figure 3(c)).
The SM125-500 has a four-channel Fabry-Perot tunable fil-
ter and displays the full spectrum in the working wave-
length range of 1510–1590 nm [30]. The scan frequency is
2Hz with a dynamic range of 50 dB (Table 1). The entire
framework was managed through a PC server (AMD Phe-
nom (TM)) II ×4945 Processor 3.00GHz with 8G RAM
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and the Windows 7 operating system (Microsoft, Redmond,
WA, USA).

2.2. Calibration. In this study, FBG strain sensor calibration
was done with a bare FBG. The bare FBG sensor and encap-
sulated sensor were attached to the opposite ends of a steel
coupon. Epoxy resin was used as the adhesive material for
the bare FBG while cyanoacrylate was used as the bonding
agent for the FBG strain gauge. Finally, the steel coupon
was placed in a universal testing machine to note the varia-
tions of ΔλB and ε under the applied forces. Figure 4(a)
shows the linear relationship between ΔλB and ε with a
strain sensitivity of 1.2 pm/με. Without considering any

effects of temperature and strain, this relationship can be
expressed as

λB = 0 0012x + 1554 4 6

Three FBG temperature sensors with different central
wavelengths and a mercury thermometer with 0.05°C accu-
racy were selected. A standard bathmethod was implemented
for determination of the temperature sensitivity coefficient of
the FBG strain sensors. Each FBG sensor was placed sepa-
rately in a bathtub for temperatures of 10, 15, and 20°C with
increments of 1°C. The linearity constant between ΔλB and

FBG temperature sensor

(1) FBG sensor; (2) Fiber jumper;
(3) Stainless steel case; (4) Fiber

4 1

2

3

(a)

FBG strain sensor

(1) FBG sensor; (2) Stainless steel case; (3)
Fiber pigtail; (5) Set screw;
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4

5
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3

(b)

(c)

Figure 3: (a) FBG temperature sensor and schematic, (b) FBG strain sensor and schematic, and (c) SM125-500 interrogator.
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ΔT was found to be 0.99 with a temperature sensitivity of
5.1 pm/oC, shown in Figure 4(b) and given by

λB = 0 0519x + 1546 8 7

3. Study Models

3.1. Strategy for Action Distinction. In general, there are two
approaches for damage detection in SHM: (i) the inverse
(input-output) approach and (ii) the forward (input-only)
approach. The inverse approach defines models and updates
these models, while the forward approach extracts valuable
information directly from the input data (monitored data)
without acknowledging any prior models. In recent years,
forward approaches have attracted global attention from
researchers because of their simplicity and advanced data
analytics [31, 32]. Among the forward approaches, the most
prevalent techniques are those that combine data from differ-
ent sensors without losing important information. Such
approaches include principal component analysis (PCA)
[33], time-frequency analysis [34], and autoregressive models
[35]. PCA is a powerful tool for data reduction of high-
dimensional datasets without losing important information.
Moreover, it implicitly counts the effects of different processes
without considering them [36, 37]. Critical applications such
as UCMs, where life risks are involved, demand efficient and
sensitive monitoring systems with simple data analysis tech-
niques so that any structural changes or destability can be
timely reported. Therefore, the present study utilized a
PCA-based normalization approach for efficiently reducing
the large datasets obtained during UCM monitoring.

The dissimilarity of scales and magnitudes in the moni-
toring parameters is a common aspect in SHM. Therefore,
it is of prime importance to process the collected raw data
before application of any statistical tool. In this regard, the
present study implemented autoscaling on the raw data as
the initial step for damage detection. Autoscaling has shown
high suitability for systems with variables of different units
[38] and is given as

xijk =
xijk − μ jk

σ2
jk

8

From the scaled data, consider, if “m” is the number of
installed FBG strain sensors and n is a set of response mea-
surements, then Xn×m is the entire dataset. Usually, PCA is
comprised of linear mapping of original coordinate system
(Xn×m), and a new set of principal component (PCs) variables
is Ym×n and is given by

Ym×n =Um×m Xn×m T 9

The orthogonal linear transformation matrix Um×m is a
result of the eigenvalue problem solution of the correlation
matrix Cm×m of the original data Xn×m given by

Cm×mUm×m = Δm×mUm×m, 10
where Δ is a diagonal matrix consisting of the positive or null
eigenvalues from the correlation matrix Cm×m. For sensitive
and precise monitoring, an important and complicated phase
of PCA is the selection of the optimal number of PCs. This
study uses the broken stick (BS) rule to identify the optimal
numbers of PCs. This rule enables damage feature extraction
at the global scale and distinguishes between normal and
abnormal readings. For damage detection in SHM, the varia-
tion in eigenvectors should be significant. However, limited
availability of abnormal data relative to the entire dataset
makes eigenvector variation insignificant. Therefore, a mov-
ing window of constant width should be defined that covers
the entire range of appropriate numbers of PCs. PCA should
be performed on each defined window, and the final results
should be combined, resulting in a matrix of PCs from
various moving windows. The generated matrix should be
divided into training and monitoring phases, and sensitivity
analysis should be performed on this matrix for easy feature
extraction using the BS rule. The BS rule evaluates the
randomness of each PC and extracts meaningful PCs. The
propagation of eigenvalues using the BS rule for the kth com-
ponents is given by

bk = b p, k = 1
P

〠
P

i=k

1
i

, 11

where p is the total principal component and BS follows the
rule; if the value of eigenvalue of the kth component is greater
than bK then it is considered from the domain of global dam-
ages. This proposed forward approach applies PCA and the
BS rule in sequence and extracts the datasets of uncorrelated
variables. The selection of optimal PCs reflects early damage
and hereby is useful for damage detection.

3.2. Damage Detection Scheme. The basic aim of damage
detection is to identify any damage before its occurrence.
An essential stage of damage detection is outlier detection,
which relies on distance measurements. Recently, specifically
for SHM, various approaches have been adopted for the
distance measurement during damage detection and quanti-
fication [39]. The present study uses symbolic datasets, as
these are less voluminous, less specific, compact, and more

Table 1: Specifications of SM125-500 interrogator [30].

Specifications SM125-500

Number of optical channels 4

Scan frequency 2Hz

Wavelength range 1510–1590 nm

Wavelength scalability; accuracy 1; 1 pm

Dynamic range 50 dB

FBG sensor capacity 60–120

Full spectrum measurements Yes

Repeatability
0.5 pm at full speed and
0.2 pm with 10 averages

Optical connector type FC/APC

Operating temperature range 0 to 50°C

Operating humidity 95%

Power consumption at 112 VDC 20
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sensitive relative to classical datasets. Such symbolic datasets
are based on symbolic distance measurements [40]. Symbolic
distances of objects were determined using the normalized
Euclidean Ichino-Yaguchi distance, as they have high sensi-
tivity to early damage detection in SHM [41]. For two sym-
bolic objects Oa and Ob from the dataset for s = 1,… ,N, the
interquartile intervals are O r

a,inf and O r
a,sup and O r

b,inf
and O r

b,sup, and the normalized Euclidean Ichino-Yaguchi
distance measure dab = d Oa,Ob is given as

dab =
1
P
〠
P

r=1

1
Yr

φr Ta, Tb
2 , 12

where

φr Oa,Ob = Oa
r +Ob

r − Oa
r ×Ob

r

+ γ 2 Oa
r ×Ob

r − Oa
r − Ob

r ,

13

γ is a predefined constant ranging from 0 to 0.5, and ∣Yr∣ is
given by

Yr = max
s

T r
sup −min

s
T r
inf 14

These symbolic distances obtained from PC clustering
are highly compact yet distinguishable in groups and subsets.
Clustering minimizes the distances within a cluster and

maximizes the intercluster distances. Hierarchical cluster
analysis is a well-known approach for damage detection in
SHM [42]. Moreover, hierarchical clustering requires fewer
monitoring stations and fewer samples compared to other
clustering approaches. More details on hierarchical statistical
analysis for damage detection in SHM can be found in [43].
The present study implements hierarchical clustering for
data fusion and data compaction, establishing a correlation
between damages and structural states. In this regard, the
hierarchical dendrogram contains significant information
related to early damage detection; it merges a pair of clusters
based on their distances and defines a new higher level. The
formation of new higher levels continues until a single cluster
is obtained. Consequently, hierarchical cluster analysis
defines the fusion of monitoring datasets. Within a cluster
dataset containing k clusters Pk = C1,… , Ck , the distance
W Pk is

W Pk = 1
2〠

k

k=1
〠

c a =k
〠

c b =k
dab 15

C i is the allocation rule for element i in cluster k and is
dependent on dab. If N is the total number of objects in the
cluster, the intracluster dissimilarity is

T = 1
2〠

N

a=1
〠
N

b=1
dab 16

In order to update clusters and achieve cluster conver-
gence, it is viable to determine the relative heights between
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Figure 4: Calibration results of FBG (a) strain and (b) temperature sensors.
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clusters instead of directly using classified clusters. This study
uses the relative distance D between clusters by considering
one cluster as the reference cluster. The use of a dendrogram
makes it easy to determine D for all clusters. In damage
detection, cluster distances from the reference cluster are
normalized as [0, 1]. Distances greater than or equal to 1 rep-
resent the healthy state while values between 0 and 1 corre-
spond to the damaged state. Any damages enlarge the
dissimilarity between healthy and damaged states of the
structure, resulting in a decrease of D. Usually, in cluster
analysis, the smallest cluster contains each measurement
and the biggest cluster comprises all measurements.
Figure 5 describes a flowchart scheme for damage detection
for the present study.

3.3. Single-Valued Damage Index of Mine. The single-valued
damage sensitive indicator of a mine from arbitrary numbers
of sensors and their measurements is dependent on accurate
determination of the cluster level in the entire dataset and
finding the distance between clusters. This indicator is
named the damage indicator of the mine (DIM), which is
highly correlated with early damages by considering the
responses of all sensors. The mathematical formulation of
DIM is

DIM r = dDab r − dHab

max dDab r − dHab
, 17

where dD is the structural damaged state, dH represents the
healthy state, and r is the rth measurement. In order to com-
pare damages, DIM must be dimensionless while being pro-
portional to the damages. Here, DIM varies between 0 and 1,
with 0 indicating a healthy state and 1 indicating a damaged
state of the structure. In this study, DIM was compared with
Mahalanobis distance in a vector form. This approach was
inspired by [44], which expressed an alternative form of the
damage indicator as

DIMm r = 1 −MAC dDab r , dHab

= 1 −
d
D
ab r

T
d
H
ab

2

d
D
ab r

T
d
H
ab r d

H
ab

T
d
H
ab

18

Similar to DIM, DIMm varies between 0 and 1, with 1
representing a damaged state and 0 corresponding to a
healthy state. Another comparison of the proposed damage
indicator is to compare it with a conventional index calcu-
lated from the Euclidean distance between the vectors of
two objects obtained from PCA. This index corresponds
to a pattern c = ci, i = 1,2,… ,N, defined as Euclidean dis-
tance between the pattern c and the result of it to the net-
work ĉ.

z = c − ci , 19

where c is compressed by PCA, i is the ith measurement, and
z is the mean distance between the ith component of ci and
the original c. The normalized form can be expressed as

N z = z −min z
max z −min z

20

This value also varies between 0 and 1, with 0 indicating a
healthy state and 1 indicating a damaged state.

4. Case Study

4.1. Site Description. The IoT system developed was tested at
the underground Hassan Kishore mine situated 48 km south-
east of Kallar Kahar nearby Ara Basharat in the eastern Salt
Range of Punjab province, Pakistan (Table 2). The coal seam
in this particular area is located at an average depth of 79m
with a thickness of 0.1–0.5m. The main roadway of this mine
is connected to coal excavation galleries. A round shaft and a
rectangular inclined entry connect the underground working
faces to aboveground. Typically, for roadways (1.8× 2.12m)
and longwall sections of an underground mine, rock support
consists of wooden stacks filled with excavated shale. High
overburden, deep excavation and constantly changing
stresses because of mining activity are major causes of mine
roof deformation, imposing a great threat to the safety of
miners. Therefore, to enhance safety, it is necessary to mon-
itor rock behavior as a response to the continuous excavation
process. Moreover, other advantages of rock monitoring
include reduction in the operation costs of mines and future
design considerations.

The entire network of the proposed system is shown in
Figure 6. In an underground opening, deformation is usually
high at the center of the opening. Therefore, the main mon-
itoring concern was strain measurements at the axial center
of mine openings. Cross section widths of the mine openings
were the deciding factor for length determination of the FBG
array. The sensing array behaves in a similar manner as an
elastic beam with two fixed ends and transverse loading when
attached to the mine roof. Thus, it measures tensile strain; as
long as there is no loading, the wavelength of each grating
remains constant and changes with loading variations.

4.2. Sensor Array and Installation. In order to select the most
appropriate locations for FBG sensor installation, site engi-
neers and geological maps of the mine openings were com-
prehensively consulted. This consultation pointed out four
different critical sections due to their associated weak geology
and high probability of roof collapse (Figure 6). Thus, it was
necessary to monitor the effects of continuous coal excava-
tion on these weak areas. Each critical section was equipped
with an array of FBG sensors. Typical installation points in
all sections were on the roof of the mine opening. Each array
was comprised of an FBG temperature sensor for tempera-
ture compensation and two FBG strain sensors. Each sensor
had a different wavelength. The array had three aluminum
segments (Figures 7(b) and 7(c)) of 500mm length, two for
the FBG strain sensors, and one for the temperature sensor.
The strain and temperature sensors were multiplexed using
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a WDM technique. Suitable packing should be provided to
the bare FBG sensors as they are very fragile and delight in
nature. Therefore, the sensors were encapsulated and glued
inside an aluminum segment. The FB grating length for each
segment was 10mm. The connection between the sensors
attached to the aluminum segments was ensured using cou-
plers for undamaged Bragg wavelength transmission. Each
array was designed to fully deflect mine roof deformation.
The FBG strain sensors were capable of measuring
±2500με, as either tensional or compressional strain. The
resolution of the FB grating was highly dependent on the

capability of the attached interrogator. In this case, the reso-
lution of the SM125-500 interrogator was 1 pm, which is
equivalent to 1με (strain) and 0.1°C (temperature).

Rock surfaces are usually uneven and rough; therefore, it
was necessary to prepare the surface for smooth and uneven
applications of FBG sensors. In the present study, the rock
surface of the mine roof was conditioned, cleaned, then
abraded by silicon carbide papers (320 grit and 400 or finer)
to remove uneven surfaces. Filling was applied to seal the
rock surface and to fill pours. Afterwards, FBG sensor layouts
were drawn and marked. The area was properly cleaned and
previously fabricated FBG sensor arrays were attached to the
cleaned surface using M-bond GA-2. Attachment of the FBG
sensor arrays was in the transverse direction of the mine
opening axis (Figure 7(a)). In addition to primary bonding,
steel clamps and screws were also used to support and ensure
firm anchorage of the array in case the bonding failed. Eight
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Figure 5: Flowchart of the damage detection strategy for the structural safety of mines.

Table 2: Location and elevation of the Hassan Kishore mine.

Longitude Latitude Elevation

32° 46′ 26″ N 73° 06′ 45″ E 870M
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screws were used to fix each array. Along the FBG array, the
position of these screws and clamps was located at the cou-
plers. Steel clamps were fitted firmly so that the array casing
and clamps made an integral whole unit. The fiber coming
out of each array was also protected to ensure it remained
undamaged.

After complete installation and tightening of the FBG
sensors, the first step was to validate the readings from the

FBG strain sensors to define the healthy state baseline. There-
fore, a foil strain gauge (YFLA-5) was attached to the outer
surface of aluminum pipe of each FBG arrays installed at sec-
tions 2 and 3. The cross plot of strain monitoring results
against time (10 days) for both FBG and foil gauge
approaches is shown in Figure 8 (zoomed portions). The
monitoring results from both approaches were found in good
agreement with each other. After the completion of initial
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Figure 7: (a) FBG arrays attached to the mine roof. (b) Visual aspect of the FBG strain sensor array. (c) Schematic of the FBG strain sensor
arrays.
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observation period, strain measurements began in July 2016.
First, 2100 distinct strain measurements (175 from each sen-
sor) were recorded to define the stiffness matrix for the
healthy mine state; these readings were also helpful for intro-
ducing artificial intelligence at later stages. The PCA com-
pressed readings were sensitive enough to represent minute
structural changes without losing any useful information.

4.3. Experimentation. Few experiments were performed in
the mine to determine the DIM under different operating
conditions and dynamic operation of the mine. During
experimentation, extra precautions were taken to ensure the
miners’ working and personal safety. First, the stiffness
matrix for the healthy mine state was determined as a base-
line. Then, experiments were performed that were related
to stiffness matrix reduction. For stiffness reduction, artificial
damages were induced in the system by displacing or
completely removing wooden mine supports (Figure 9(a)).
To observe the maximum effect of disturbances in stiffness
reduction, disturbances were created in the vicinity of the
installed FBG strain monitoring station by removing wooden
mine supports and leaving the span unsupported. The
sequence of disturbances for each state is shown in
Figure 9(b). For experimentation, section 1 (main roadway
of mine) was selected for wooden support removal. The
intact or healthy mine state baseline was denoted as state #
1. The damage scenarios were state # 2, state # 3, state # 4,
and state # 5, with a stiffness reduction of 2%, 5%, 10%, and
15%, respectively.

4.4. Data Acquisition. In this study, the client was provided
with real-time monitoring and data analysis in the form of

a Web 2.0 page. The application process can be divided into
three distinct steps. The first step involves real-time data
acquisition, filtering, denoising, and filtered data acquisition.
For this purpose, we utilized an RODB to handle the large
amount of data. The second step is data aggregation to pro-
duce the structural statistics and strain matrix, which are
based on the median and quartiles of the strain datasets.
For this purpose, the proposed system utilized ETL for han-
dling instantaneous inquiries of users followed by OLAP.
The final output for the user can be stored in the database
and also sent to CoAP [45]. CoAP is an IETF-proposed stan-
dard suitable for machine-to-machine or IoT interactions.
The design of CoAP is similar to Hypertext Transfer Protocol
(HTTP) with a smaller subset of Representational State
Transfer (REST). CoAP uses the same method as HTTP for
sending requests from the user to the client server, for exam-
ple, GET, PUT, POST, and DELETE. Because of the smaller
amount of overheads and easy fulfillment of the required sys-
tem, CoAP was used as the application gateway [46].

5. Results

5.1. Online Condition Monitoring. CoAP was used in this
study because of its simplicity and easy integration of web
services for the generation of HTTP. Convergence of various
standards, components, and applications is critical to the
IoT. An application programming interface (API) was cre-
ated using REST. This real-time safety and early-warning
system also utilized a service-oriented approach (SOA) archi-
tecture for simplification and organized data orientation. A
novel system of early warnings using Web 2.0 was generated
by integrating and developing synergy between the different
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Figure 8: (a) Strain variations of FBG strain sensors at sections 1 and 2. (b) Strain variations of FBG strain sensors at sections 3 and 4.
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internet protocols (Figure 10). The work of Web 2.0 can be
distinguished by two functions: (i) background operation
that collects data and analyzes it and (ii) data representation
that allows dynamic representation.

Figure 8 shows the tensional strain of all FBG strain sen-
sors after necessary temperature compensation. This study
focused on monitoring the mine roadway and access galleries
because of the long-term stability required of these elements,
as stability is negatively affected by continuous coal excava-
tion. Figure 8(a) shows the strain variations for FBG strain
sensors 1 and 2 (section 1) compared to sensors 3 and 4 (sec-
tion 2). All of these FBG strain values vary with the face
advance and distance of the production face. At the end of
monitoring, the strain variations in section 1 leveled off at
260με, while the highest values for section 2 were approxi-
mately 650με. The strain values obtained from section 1 were
65% lower than those from section 2. This can be attributed
to the good support installation in the main mine roadway
compared to the access galleries, as the main haulage way
should remain open and undisturbed for the entire life of
the mine. Section 2 is also closer to the mine excavation face,
resulting in a high amount of strain. As the production face
comes closer to sections 1 and 2, there is an increasing overall
trend in strain variations. However, until the end of the mon-
itoring period (65 days), the strain values at both sections 1
and 2 were within the acceptable range.

Figure 8(b) shows the strain variations of sections 3 and 4
installed with strain sensors 5, 6 and 7, 8, respectively. The
strain variations of FBG sensors 5 and 6 (mine roadway)
gradually increased to 150με, while the strain variations of
section 4 increased to 450με. The strain variations of section
4 were 68% higher than those of section 3 due to the wooden
steel support installation in the main mine roadway. When
we compare the strain variations of section 1 (roadway)
and section 3 (roadway), section 1 variations were 43%

higher than those of section 3. This is attributed to the shaft
located near section 1. Moreover, at the time of development
for the section 1 mine roadway, there was significantly less
knowledge of the surrounding rock nature. However, at the
time of excavation and support installation, by carefully con-
sidering the rock nature and mine opening characteristics,
rock support was selected. The strain variations at section 4
were 38% lower compared to those of section 2, which can
be better explained by the shorter opening width in section 4.

5.2. Data Fusion and Clustering Results.Determination of the
PCs in PCA is of prime importance for singular value decom-
position as was applied to the strain sensor readings, which
provided the eigenvalues and their respective variance per-
centages. Figure 11 clearly indicates that the first two PCs
cover more than 99% of the variance characterization of the
available strain measurements. The insignificant contribu-
tion of the remaining PCs allows them to be ignored. Thus,
the first two PCs were retained while the others were ignored.
These retained PCs are helpful to project the original data
onto the PC space domain. In this projection, new coordi-
nates are chosen for which the original data contains the
most variance.

In the hierarchical cluster analysis of the mine strain sen-
sors, the bottom up approach was implemented to merge
clusters with a similar structure. This study considers an
unsupervised hierarchical cluster by implementing the aver-
age linkage method to detect clusters in the data, for which
the confined distance matrix acts as an input. The results
are presented in a dendrogram (Figure 12). In this hierarchi-
cal clustering, the x-axis presents the number of objects
considered, which is eight in this case. The y-axis of the den-
drogram represents the dissimilarity or distance between the
clusters. This dendrogram represents the DIM comprised of
four clades of eight leaves, two clusters, and one link by

Wooden
support

(a)

Mine wooden supports

FBG strain sensors Intact

State # 2

State #3

State #4

State #5

(b)

Figure 9: (a) Mine opening with installed wooden supports. (b) Sequence for the removal of mine wooden support during experimentation.
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following the bottom up approach. In this study, the dendro-
gram (Figure 12) was plotted for the healthy state of the
underground mine. Cluster 2 with the highest value was fixed
as the reference cluster, and the relative distances of the other
clusters were always found to be greater than 1, representing
a healthy mine state. Thus, the dendrogram enables quick
assessment of the mine structure by detecting minute
changes in the monitoring values.

Figure 13(a) illustrates the DIM calculated based on the
Euclidean Ichino-Yaguchi and Mahalanobis distances by
considering PC1. The x-axis shows the damage states, and

the y-axis represents the DIM value. State # 1 corresponds
to the intact state; therefore, the DIM of this state starts at
zero. For the successive damage states, DIM was plotted in
the same figure, clearly indicating the differences between
the damage scenarios (state # 2–state # 5) and the intact con-
dition (state # 1). Figure 13(b) was plotted between the dam-
age state values and DIM considering PC2. Both of these
figures clearly separate the damage and healthy states, thus,
successfully detecting all damages. The DIM in the case of

Figure 10: Web page screen shot of the proposed IoT-structural health monitoring platform for underground coal mines.

1
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

0
1 2 3

Principal component

Eigenvalue (scaled)
Cummulative variance explained

4 5

Scree plot

6 7 8

Pr
op

or
tio

n 
of

 v
ar

ia
nc

e e
xp

la
in

ed

Figure 11: Normalized eigenvalues and variance of estimated sets.

1 2 8 4 7 3 5 6
0

2

4

6

8

10
DIM

Link 1

Cluster 2

Objects considered Intercluster analysis

Cluster 1In
te

rc
lu

ste
r d

iss
im

ila
rit

y, 
d

Figure 12: Dendrogram plot of hierarchical clustering, which
merges eight data points using the bottom up approach. The
merging process is such that the most similar objects will merge
the first and higher levels containing one less object, ultimately
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PC2 varies, and the differences with the Euclidean andMaha-
lanobis distances are relatively smaller, which are attributed
to the greater contribution of PC1 to the total variance of
the system. However, despite accurate damage detection, it
is difficult to quantify damages. Hence, further studies are
needed for the quantification of damages.

The DIM m of the selected PCs calculated using (18) is
illustrated in Figure 14. All damage scenarios (state # 2 to
state # 5) are clearly separated from the baseline (intact state).
Given that PC1 contributes more than PC2 in the total
variance of the system, a better performance for PC1 is
observed. Consequently, it can be said that all damages
have been successfully detected. For damage quantification,
more investigations are needed to compare the DIM and
DIM m performances under varying and similar operating
mine conditions.

Figure 15 shows the N(z) of the selected PCs for state # 1
and the damage scenarios. In this case, the first and last
damages (2% reduction and 15% reduction, resp.) were suc-
cessfully detected. For the other damages (state # 2 and state
# 3), damages are vague and offer challenges to draw a con-
clusion, as the N(z) values are very small (0.2 and 0.3, resp.).
On the contrary, the N(z) values greater than 0.45 provided
more confidence for damage detection. By comparing
Figures 13(a) and 13(b) with Figure 15, it can be concluded
that the N(z) index is less accurate compared to the proposed
indicator (DIM).

6. Conclusion

This study introduced an IoT-based real-time monitoring,
data-driven strategy for damage detection and a remote
information sharing platform using quasi-distributed FBG
sensors to enhance the structural safety of underground
mines. This data-driven strategy fuses monitored datasets
into a single-valued index without complex computation.
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Figure 13: Damage index of the mine (DIM) for the selected PCs: (a) PC1 and (b) PC2.
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Furthermore, real-time perception, transmission, data-
driven models, and application layers for the IoT-based
UCM safety system were designed, developed, and validated
in a real situation. The proposed system was successfully
implemented at the operating Hassan Kishore coal mine in
the Salt Range region of Punjab Pakistan. The results demon-
strated that FBG sensors can reliably and continuously mon-
itor the effects of dynamic mining activities on the structural
stability of mines. The comparison of strain variations at
mine roadway and access gallery demonstrated that the
strain at the access galleries was higher. PCA can effectively
reduce the mine monitoring data without losing imperative
information, while clustering analysis is supportive of defin-
ing a mine damage index with high sensitivity to represent
minute structural changes. Therefore, the proposed strategy
of data analysis is sensitive to early damages. In addition, this
system is capable of efficiently providing SHM data anytime
and anywhere over the Internet. Therefore, this system is
highly appropriate for shifting the reactive approaches of
mine structural monitoring to proactive damage detection
and accident prevention strategies. Thus, this IoT platform
should be adopted for the structural safety of underground
mines of high economic value to save miners’ lives. One
limitation is that the harsh conditions of underground
mines may hamper the normal implementation of technol-
ogies and tools.
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Taizhou Bridge is the world’s first kilometer-scale three-pylon suspension bridge. To minimize the impacts on navigation, a
longitudinal herringbone steel pylon was adopted in the middle of the bridge without additional piers. This structure is unique,
and little research has focused on its structural condition assessment. In this paper, eighty fiber Bragg grating strain sensors were
deployed along the height of the steel tower to collect strain data about the key components and to monitor the pylon’s structural
condition. Because temperature-induced strain contributes little to the stress in the pylon, the empirical mode decomposition
method was proposed to remove the noise and the temperature-induced strain, leaving the dynamic strain response.The frequency
characteristics were obtained from both the dynamic strain and the raw strain, and they show good agreement. A statistical analysis
was adopted assuming that the extracted dynamic stress peaks and valleyswere normally distributed.The expectedmaximumvalues
from the statistical analysis were compared with the measured maximum values at different heights, and they agree well with each
other. The maximum compression and tension of the key segments of the middle tower exhibited considerable redundancy, which
indicates that the middle pylon is in good condition.

1. Introduction

Large-scale suspension bridges with main spans exceeding
1 km have been an increasing focus of research in the bridge
engineering community and have been implemented world-
wide due to their longermain spans, lower construction costs,
and facilitation of navigation. Typical large-scale suspension
bridge projects include the Golden Gate Bridge in the USA
[1], the Humber Bridge in the UK [2], the Tsing Ma Bridge
in Hong Kong [3], the Akashi Kaikyo Bridge in Japan [4], the
Great Belt Bridge in Denmark [5], the Bosphorus Bridge in
Turkey [6], and the Runyang Bridge [7] and Jiangyin Bridge
[8] over the Yangtze River in China. After the completion of
construction, the majority of these large-scale bridges were
instrumented with long-term structural health monitoring
(SHM) systems for structural condition assessment. For
example, a sophisticated bridge safety monitoring system,
known as the wind and structural health monitoring system
(WASHMS), was installed in 1997 to monitor the durability
and reliability of the Tsing Ma Bridge, which has a 1,377m
long main span [9]. The project consists of approximately

280 sensors, including strain sensors, accelerometers, and
displacement transducers. All essential information collected
from the sensors is transmitted to the data acquisition system
for further structural safety assessment.

In an SHM system, strain data can provide information
about the actual local behavior of the structural components
under operational conditions. Based on the analysis of strain
data, the stress and fatigue life of the structures can be
obtained. As a result, many researchers have proposed several
methods to analyze strain data for structural condition
assessment. For example, Catbas et al. [10] proposed a
parametric-based approach to model temperature-induced
strain responses using a linear-regression model. They
demonstrated that the temperature-induced strain response
was not easy to conceptualize and model using conventional
parametric methods. Ni et al. [11, 12] proposed a wavelet-
based approach to assess the structural condition of the Tsing
Ma Bridge deck using in-service SHM monitoring strain
data. Wang et al. [13] used the wavelet packet decomposition
method to extract the strain induced by the static temper-
ature for a correlation analysis based on the SHM system
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installed on the Dashengguan Yangtze Bridge. Deng et al.
[14] studied the fatigue performance of welded details using
measured strain data of theRunyang SuspensionBridge.They
demonstrated that the temperature has a negligible effect on
the stress range spectrum and used the wavelet transform
decomposition technique to remove the effect of temperature.
These analyses are all based on the wavelet transform. The
fundamental procedure of wavelet-based methods is to select
suitable basis functions for the signals. However, the selection
of basis functions is not always precise and thusmay affect the
accuracy of the results.

This study proposes an approach for structural condition
assessment of a bridge tower using in-service SHMstrain data
and applies it to Taizhou Bridge, which is the world’s first
three-pylon kilometer-scale suspension bridge and it crosses
the Yangtze River in Jiangsu, China [15, 16]. The bridge is
unique because of its superlong spans and its longitudinal
inverted Y-shaped steel tower. The approach consists of three
procedures: (1) based on the fact that the raw signal is
a combination of strains due to wind, temperature, traffic
loads, and noise and that the temperature-induced strain
is considerable but contributes little to the stress [17], an
empirical mode decomposition (EMD) method is proposed
to remove the noise and temperature-induced strain and
extract the dynamic strain. The proposed EMD method is
more flexible than traditional parametric methods, which are
limited by stationarity and the Gaussian noise assumption.
Furthermore, in contrast to the wavelet transform, the pro-
posed method is adaptive without any manual selection and
is suitable for nonstationary and nonlinear processes [18]. (2)
Based on the dynamic strain, the frequency characteristics of
the tower are obtained and compared to the raw data, and
the peak stresses are derived and then adopted to simulate
the distribution. (3) The statistical characteristics of the
peak stresses at different heights are explored based on the
simulation results.

The paper provides a new perspective on Taizhou Bridge
for academic researchers and project engineers and reveals
the stress characteristics of this unique structure, which has
seldom been adopted and studied.Thewhole analysis process
can be used for structural condition assessment of this type
of bridge, and the results provide scientific references for
inspection and maintenance of the bridge.

2. Taizhou Bridge and Its Central Pylon

The Taizhou Yangtze River Highway Bridge, which links
Taizhou City and Zhenjiang City, is the sixth cable-supported
large-scale bridge across the Yangtze River in Jiangsu
Province, China (after the Jiangyin Bridge in 1999, the 2nd
Nanjing Bridge in 2001, the Runyang Bridge in 2005, the
3rd Nanjing Bridge in 2005, and the Sutong Bridge in 2008).
Figure 1 shows the location of the Taizhou Bridge.

In contrast to the other bridges, the Taizhou Bridge,
which was opened to traffic in November 2012 and carries a
two-way, six-lane highway, is the first kilometer-scale three-
pylon suspension bridge in the world. It includes an inverted
Y-shaped middle tower and two continuous 1,080m long

Figure 1: Location of the Taizhou Bridge.

Figure 2: Overview of the Taizhou Bridge.

main spans. Figure 2 shows an overview of the Taizhou
Bridge.

The unique bridge type, which uses fewer piers to support
the entire structure, was proposed and implemented con-
sidering the environmental impacts, flood discharge impact,
facilitation of navigation, and safety of the structure. The
three foundations of the pylons are erected on a riverbed
with a W-shaped cross-section. The central pylon, which
is founded on a 58m by 48m caisson, has a longitudinal
inverted Y-shaped structure, is constructed of steel and is
200m high. Due to the stiffness of the middle pylon, the
stresses in the main cables and anchor blocks are lower than
those in a traditional two-pylon bridge. The force transfers
anddynamic loads lead to complex stresses in the steelmiddle
pylon.The side pylons are 180m tall concrete frame structures
that are supported by 46 friction poles. Figure 3 shows the
layout of the middle pylon.

The steel tower column is divided into 21 segments, which
are denotedD0 toD20, as shown in Figure 3. Because they are
subjected to different forces, the segments below a height of
135.04m (D0–D12) use Q420QD steel (elastic modulus 𝐸 =
2.1𝑒11Pa, yield strength = 420MPa), whereas the remainder,
including segments D13–D20 and both beams, use Q370QD
steel (modulus of elasticity 𝐸 = 2.1𝑒11 Pa, yield strength
= 370MPa). M30 friction-type high strength bolts are used
to connect the neighboring segments. Segment D0 is at the
bottom, and D1–D3 are on the leg of the tower. Segment D4
has two legs and is the most complex structure; it joins D3
(two segments), D5, and the lower cross-beam. All of the
other segments, starting from D6, are in a line, and D13 is
the point that connects the segments with two types of steel.

Segment D5 has the maximum length of 15m and is also
the heaviest segment with a weight of 495,000 kg. Because
of the unavoidable deviations during manufacturing of the
segments and the limitations of the measurement instru-
mentation, four adjusting components (connectors) located
between D0-D1, D3-D4, D5-D6, and D15-16 were used to
adjust the segments during installation to achieve sufficient
straightness of the tower.
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Figure 3: Layout of the middle pylon.

3. Installation of the ESHM System and
SSM System

After construction of the bridge, a long-term environmen-
tal and structural health monitoring system (ESHMS) was
instrumented to monitor the bridge’s environmental and
structural condition and assess the bridge’s structural health
performance. As shown in Figure 4, the ESHMS consists
of two subsystems: the environmental monitoring system
(EMS) and the structural health monitoring system (SHMS),
which includes the structural alignment monitoring system
(SAMS), structural vibration monitoring system (SVMS),

structural strain monitoring system (SSMS), and structural
temperature monitoring system (STMS).

A total of 275 sensors (summarized in Table 1), including
three-dimensional ultrasonic anemometers, thermohygrom-
eters, global positioning systems, acceleration sensors, strain
sensors, and temperature sensors, were installed to collect
different types of data for the ESHM system.

Figure 5 shows the installation positions of all 275 sensors,
which were deployed on the main cables, decks, pylons, and
suspender cables. As part of the bridge, the middle pylon
makes the bridge unique in terms of its structural stress
and structural response. On the downstream side of the
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Figure 4: ESHM architecture.

Table 1: Sensor types and quantities.

Number Sensor type Quantity
1 Three-dimensional ultrasonic anemometer 1
2 Thermohygrometer 1

3 Global positioning system Reference station 1
Receiving station 11

4 Acceleration sensor 51
5 Strain sensor 168
6 Temperature sensor 42

Total 275

Table 2: Characteristics of the FBG1550-SS100 strain sensors.

Number Characteristic Value
1 Measurement range ±1500 𝜇𝜀
2 Resolution 0.1 𝜇𝜀
3 Accuracy ±0.01% F.S
4 Sensitivity 1.18∼1.22 pm/𝜇𝜀
5 Working temperature range −30∘C–70∘C
6 Wavelength range 1525 nm–1565 nm

middle pylon, 80 strain sensors were installed in 10 sections
to determine its structural characteristics.

Figure 6 shows the detailed installation positions of the 80
strain sensors in segments D1 (8-8), D4 (7-7), D5 (5-5), D6 (4-
4), D13 (3-3), and D16 (2-2), which have heights of 13.915m,
53.657m, 66.5m, 79m, 135.46m, and 159.46m, respectively,
and in the upper cross-beam (1-1) and lower cross-beam (6-
6) of the tower near the downstream side. Every section has 8
strain sensors. The sensors on the upstream Yangzhong side
were chosen for the analysis of the change in height. These
sensors are marked in red in the figure. The characteristics of
the strain sensors are listed in Table 2.

4. Data Processing Methods

4.1. Extraction of the Dynamic Strain from the Original Signal.
The strain data of the bridge were acquired at a sampling rate
of 20Hz from the ESHMS. They are typically nonstationary

signals that include a combination of wind-, temperature-,
and traffic-induced strains and noise. The temperature-
induced strain is considerable but contributes little to the
stress because most of it is released by the free movement of
the pylon at the four adjusting connectors [11, 12]. Because the
EMD method is adaptive and suitable for nonstationary and
nonlinear processes, it was used to remove the temperature-
induced strain and noise. By decomposing a signal into
intrinsic mode functions (IMFs), the EMD method reveals
multiple causes mixed in the signal without any manual
selection. The process of extracting an IMF is as follows: (1)
let 𝑥(𝑡) be the original signal and find all of the local maxima
and minima of 𝑥(𝑡); (2) connect all of the local maxima and
minima as the upper and lower envelopes by a cubic spline;
(3) assume 𝑢

1
(𝑡) is the mean value of both envelopes and

compute the difference between the original signal and the
mean value

ℎ
1 (𝑡) = 𝑥 (𝑡) − 𝑢1 (𝑡) ; (1)

(4) determinewhether ℎ
1
(𝑡) satisfies the definition of an IMF.

If not, repeat the previous process by taking ℎ
1
(𝑡) as a new

signal until ℎ
1
(𝑡) meets the requirement to be an IMF; (5)

the final result becomes the first IMF component, which is
designated 𝑐

1
(𝑡), and the residue 𝑟

1
(𝑡) is obtained as

𝑟
1 (𝑡) = 𝑥 (𝑡) − 𝑐1 (𝑡) . (2)

The sifting process can be repeated by treating each
subsequent residue as the new signal and stops if the final
residue 𝑟

𝑛
(𝑡) is smaller than a predetermined value or
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Figure 7: The original strain of B3 on 2013-05-02.

becomes a monotonic function. Thus, the original signal
can be decomposed into a collection of IMFs plus the final
residue, which is expressed as

𝑥 (𝑡) =
n
∑
𝑖=1

𝑐
𝑖 (𝑡) + 𝑟𝑛 (𝑡) . (3)

To demonstrate the EMD method, Figure 7 shows the
original signal of B3 on 2013-05-02, which includes a com-
bination of temperature-induced strain, dynamic strain, and
noise.The temperature-induced strain is large and has a clear
trend in the time history.

After decomposition using the EMDmethod, the 24 IMFs
and residues and their power spectrum densities (PSDs)
are obtained as shown in Figure 8. The dynamic strains
are extracted by removing the trend components and noise,
which are identified through the characteristics of the high
frequency response.

Figure 9 shows the temperature-induced strain and the
dynamic strain after applying the EMD method to decom-
pose the complex strain data of B3 on 2013-05-02. In the fig-
ure, negative values indicate tensile strains, and positive val-
ues indicate compressive strains. The temperature-induced
strain ranges from approximately −50 𝜇𝜀 to 100 𝜇𝜀; however,
the dynamic strain is relatively small with an approximate
range of −60 𝜇𝜀 to 60𝜇𝜀. The alternating compressive and
tensile strains are excited because both sides of the middle
pylon are under asymmetric loads.

4.2. Frequency Response of the Middle Tower. The natural
frequency is one of the most important characteristics that
can reveal a structure’s health status. To explore the frequency
characteristics of the middle tower, the PSDs of the measured
data at different heights are calculated as shown in Figure 10.
The vibration modes are clearly the same at different heights,
although some modes are not significant or are not excited
at heights of 13.915m and 159.46m. The first, second, third,
and fourth obvious peaks are determined to be 0.07813,
0.1172, 0.166, and 0.2197Hz, respectively. These modes are
identified as the first lateral mode, second vertical mode,
fifth vertical mode, and third lateral mode, respectively, as
reported in [19, 20].The relative errors between themeasured
natural frequencies and the calculated frequencies (0.07742,
0.11776, 0.16898, and 0.22168Hz, resp.) are 0.92%, −0.48%,
−1.76%, and −0.89%, respectively. These results indicate that
the bridge is in a stable condition.

Figure 11 shows the frequency responses from both the
original signal and the dynamic strain after removing the
temperature effect and noise using the EMD method. The
two spectrums are nearly identical. Therefore, the tempera-
ture variation and noise have little effect on the frequency
spectrums, and they can be ignored.

4.3. Extraction of the Peaks and Valleys from the Dynamic
Strain. The stresses are obtained by multiplying the strains
by the modulus of elasticity of the steel. The stresses and
their peaks are random variables. Because large stresses
greatly contribute to fatigue failure, a statistical analysis of
the peak stresses is vital for structural condition assessments.
Thus, small stresses contribute little to structural fatigue and
should be neglected in the analysis. Figure 12 shows the
stress peaks and valleys recorded on 2013-05-02 from the
processed stresses of B3 induced by the live loads, which were
determined using the MATLAB function of finding local
peaks in data.

4.4. Calculation and Simulation of the Stress Distribution.
The MATLAB functions for computing the kernel density
and estimating a distribution were used to calculate the
distribution of the stress peaks of B3 on 2013-05-02. The
distribution of strain peaks exhibits a bell-shaped curve, as
shown in Figure 13. Hence, a Gaussian distribution is adopted
to analyze the stress peaks and valleys.

Figure 14 shows how well the Gaussian curve fits the
distribution of the stress peaks. The model function is deter-
mined by theMATLAB curve fitting tool, and the coefficients
are for the 95% confidence bounds.

𝑓 (𝑥) = 0.1783 ∗ exp(−(𝑥 − 2.1021.886 )
2) + 0.06567

∗ exp(−(𝑥 − 3.5063.428 )
2) .

(4)

The 𝑅-squared statistic measures how successful the fit is
in explaining the variation of the data.𝑅-squared values range
from 0 to 1, and a value close to 1 indicates a better fit. The 𝑅-
squared value of the data is 0.9981, which indicates a perfect
fit.

5. Results and Discussion

5.1. Stress Analysis along the Height. The statistical properties,
including the mean values, standard deviations (SDs), and
the measured and expected maximum stresses, are listed
in Table 3. The expected maximum stresses were calculated
by adding the triple standard deviation to the mean value
(𝜇 + 3𝜎). Table 3 illustrates that the maximum expected
compressive stresses are generally lower than 12MPa and
have a maximum value of 11.8275MPa at a height of 66.5m;
the maximum expected tension is −13.1245MPa and occurs
at the same height, which reveals that the segments have
considerable redundancy. The highest mean compressive
stress is 4.70475MPa at a height of 66.5m, which is 3.80
times and 2.32 times higher than those at heights of 13.915m
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Figure 8: Decomposition results of the EMDmethod: (a) 24 IMF components and residues; (b) their PSDs.



8 Journal of Sensors

0 2 4 6 8 10 12 14 16 18 20 22 24
−50

0

50

100
St

ra
in

(
)

(Hour)

(a)

0 2 4 6 8 10 12 14 16 18 20 22 24
−60
−40
−20

0
20
40
60

St
ra

in
(

)

(Hour)

(b)

Figure 9: Extraction of the temperature-induced strain and dynamic strain from the raw signal: (a) temperature-induced strain; (b) dynamic
strain.

Table 3: Stresses in the sensors on the upstream Yangzhong side.

Sensor Height (m) Mean (MPa) SD (MPa) Measured max. (MPa) Expected max. (MPa)
Compression

B10 13.915 1.2389 0.15798 1.5998 1.71284
B9 53.657 4.1594 2.4424 13.4536 11.4866
B5 66.5 4.70454 2.37432 13.03164 11.8275
B4 79 4.1364 2.4142 14.0708 11.3792
B3 135.46 4.4635 2.0539 11.3083 10.6253
B2 159.46 2.0306 0.79832 5.29142 4.42556

Tension
B10 13.915 −1.2531 0.15612 −1.7778 −1.7214
B9 53.657 −4.3197 2.67 −13.6733 −12.3299
B5 66.5 −4.8447 2.7599 −13.7625 −13.1245
B4 79 −4.3147 2.7631 −14.8101 −12.6039
B3 135.46 −4.5421 2.3816 −11.86 −11.687
B2 159.46 −2.0794 0.84189 −4.9527 −4.6051
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Figure 10: Frequency response from the dynamic strains at different
heights.

and 159.46m, respectively. The highest mean tension is
−4.8447MPa at a height of 66.5m, which is 3.87 times
and 2.33 times higher than those at heights of 13.915m and
159.46m, respectively. The stress distribution with the height
is shown in Figure 15.

Considering the structure’s safety, the parts that bear
considerable loads should use high strength steel. According
to the results, the stresses at heights of 53.657m to 135.46m
are higher than those at other heights, which indicates that
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Figure 11: Frequency responses from both the original signal and
the dynamic strain at a height of 135.46m.

high strength steel, such as Q420QD, should be used in the
parts at these heights. This conclusion was also shown in the
bridge design stage by Hua et al. [21], in which the stresses
at heights of 51.9m to 122m were found to be significantly
higher than the other stresses. This result also indicates that
more sensors should be deployed in the stress concentration
area to accurately assess the structural condition.
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Table 4: Stresses in the sensors on the upstream Yangzhong side.

Sensor Height (m) Mean (MPa) SD (MPa) Measured max. (MPa) Expected max. (MPa)
Compression

B6 58.825 1.3182 0.15707 1.6862 1.78941
B1 188.593 1.2517 0.13864 1.6248 1.66762

Tension
B6 58.825 −1.3438 0.17267 −1.9645 −1.8618
B1 188.593 −1.2968 0.17869 −1.6799 −1.8328
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Figure 12: Extraction of the stress peaks and valleys.
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Figure 15 shows that the stress distribution of the herring-
bone middle pylon exhibits high values in the middle and
low values at both ends. Although the expected compressive
and tensile stresses (absolute values) are slightly lower than
the measured stresses at the same height, they show good
agreement. These results indicate that the proposed model
is suitable for simulating the distribution of peak stresses.
Engineers can use the model to accurately predict the max-
imum stress in the middle tower for bridge maintenance.
The results also demonstrate that the maximum compression
and tension in the key segments of the middle tower exhibit
considerable redundancy, which indicates that the middle
pylon is in good condition.

5.2. Stress Analysis of the Beams. Table 4 lists the statistical
parameters of the sensors installed in the upper and lower
beams at heights of 188.593m and 58.825m, respectively.
The means and SDs are relatively small, as are the measured
maximum stress and expected maximum stress. As a result,
the stresses in the beams are not of critical concern in the
structural condition assessment.
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Figure 15: Variations of the measured and expected maximum
compression and tensions with increasing tower height.

6. Conclusions

This paper presents a structural condition assessment of the
herringbone steel middle tower of Taizhou Bridge. An EMD
method was proposed to extract the dynamic strain of the
steel middle pylon from the ESHMS installed in Taizhou
Bridge. The structural characteristics, including frequency
response and distribution of peak stresses, were analyzed for
the structural condition assessment of the middle pylon. The
results led to the following conclusions:
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(1)The proposed EMD method has a significant advan-
tage over traditional parametric-basedmethods and wavelet-
based methods for complex original strain decomposition
because of its adaptive and timescale-based decomposition
properties. The method is applicable to nonlinear and non-
stationary processes and is well suited for extracting the
dynamic strain from the original signal.
(2)The temperature-induced strain and noise contribute

little to the stress and have little influence on the frequency
response of the middle pylon.
(3)The peaks of the dynamic stress in the middle pylon

approximate a normal distribution. The R-squared value of
the fit between the peaks and the normal distribution is
determined to be 0.9981.
(4) Assuming a normal distribution, the expected large

stresses are found at heights of 53.657m to 135.46m, and this
trend agrees well with the measured results. Therefore, high
strength steel should be used in this range of height, and the
distribution model is suitable for predicting the maximum
stress. In addition, the maximum compression and tension
in the key segments of the middle tower exhibit considerable
redundancy, which indicates that the middle pylon is in good
condition.
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A reliability assessment method for prestressed concrete (PSC) continuous box-girder bridges based on structural health
monitoring (SHM) strainmeasurements was proposed. First, due to the fact thatmeasured strain was compositive and the variation
periods of its components were different, a series of limit state equations under normal use limit state were given. Then, a linear
fitting method was used to determine the relationship between the ambient temperature and the measured strain, which was
aimed at extracting the vehicle load effect and the temperature load effect from the measured strain. Finally, according to the
equivalent normalization method, the load effects unsatisfying the normal distribution by probability density function fitting were
transformed, and the daily failure probabilities of monitored positions were calculated for evaluating the safety state of the girder.
The results show that (1) the top plate of the box girder is more sensitive than the bottom plate to the high temperature, (2) the
daily and seasonal strain variations induced by uniform temperature reveal an inconsistent tendency to the seasonal variation for
mid-span cross sections, and (3) the generalized extreme value distribution is recommended for temperature gradient stress and
vehicle induced stress fitting for box-girder bridges.

1. Introduction

Typically, the structural health monitoring (SHM) technol-
ogy is commonly considered as an efficient and effective tool
acquiring the in-service behavior for structures during their
life cycles [1]. Strain measurement, as the most common
and important part of the SHM system, is usually used to
monitor changes of critical points and sections of bridges [2–
5]. Many researchers have tried to utilize the short-term and
long-term monitoring strain responses to evaluate the state
of bridges [6–8]. Moreover, the strain is used as an important
detective parameter to identify damage and cracks in time
series [9]. Strain responses are responsible for solving the
fatigue assessment problem for the steel bridge [10].

However, for concrete structures, the strain is a com-
plicated comprehensive variable determined not only by
deformation but also by the ambient excitation variation
(temperature, wind) and the property variation of the mate-
rials (concrete shrinkage and creep) [8]. The prestressed
force plays a very important role in strain measurement

during the long-term monitoring. All these factors make
strainmeasurement, as an evaluation parameter, very difficult
directly reflecting structure performance.Moreover, concrete
bridges are usually subjected to the thermal effect which
is normally caused by the temperature difference between
the bridges and ambient environment, where solar radiation
primarily leads to daily and seasonal temperature variation
[11]. The nonlinear temperature distribution will lead to
tensile stress along the depth of the sections and also lead
to strain difference between the areas outside and inside the
box girder, which are considered to be responsible for thermal
cracks and damage [12].

The reliability methodology incorporation with SHM
measurements to identify the damage and assess the con-
dition of bridges was proposed in recent years [13]. It has
mainly solved the randomness problem which greatly affects
precisely evaluating the performance of bridges by using
probability statistic methodology. Frangopol et al. [7] and Liu
et al. [14, 15] have realized the reliability assessment of compo-
nents on real bridges based on the long-termmonitored data
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of SHM systems. Additionally, Li et al. [16] and Xia et al. [17]
have applied the reliability analysis method for the condition
assessment of TsingMa Bridge. Liu et al. [18] combined finite
element analysis and radial basis function neural network
withMonte-Carlo importance sampling method establishing
a hybrid algorithm for reliability assessment of long-span
prestressed concrete cable-stayed bridges. Wang et al. [19]
compared three extreme value selection methods of vehicle
load, and their results show that the different method for
choosing the vehicle response may affect the reliability of
bridges. Liu at al. have developed a holistic reliability assess-
ment framework considering the cable breakage incident
for the long-span cable bridge. However, applications of the
reliability method on concrete box-girder bridges using the
measurements from SHM systems are limited to date.

The bridge is commonly subjected to plenty of loads
with high degree of randomness. Therefore, how to use this
random load responses from the SHM system to assess safety
condition is amain issue.The reliabilitymethod utilizes prob-
abilistic methodology solving the load effects randomness
and provides a new solution for assessing the safety condition
of concrete box-girder bridges. In this study, a reliability
assessment method for PSC continuous box-girder bridges
based on SHMstrainmeasurementswas first proposed.Then,
a reliability calculation case based on strain measurements
of a long-term SHM system of a prestress concrete (PSC)
continuous box-girder bridge was presented. According to
the stress characteristics and load reference period in the
operation stage of concrete box-girder bridge, limit state
equations under normal using limit state were given due to
the measured compositive strain and the different variation
periods of its components. The probability density function
fitting of the load effect dissatisfying the normal distribu-
tion was transformed according to equivalent normalization
method (JC method). The daily failure probabilities of moni-
tored positions were calculated for assessment of this bridge.
This study provides a methodology of reliability assessment
for concrete box-girder bridges which has simultaneously
taken into account the vehicle load effect and the temperature
load effect.

2. Reliability Evaluation Method

2.1. Component Analysis of Measured Strain Responses. For
concrete box-girder bridges, in order to attain long-term
data credibly in order to reduce the influence of the external
environment on data and to improve the service life of sen-
sors, the monitoring system including used sensors is usually
arranged on interior of the box girder. Therefore, for long-
term measured responses, for example, strain monitoring
data can be expressed as

𝜆𝑀 = 𝜆𝑇 + 𝜆EF + 𝜆IF + 𝜆𝐶 + 𝜆𝑁 + 𝜆𝑂, (1)

where 𝜆𝑀 is measured strain; 𝜆𝑇 is temperature produced
strain; 𝜆EF are external forces producing strain, for concrete
continuous box-girder bridge, which mainly refer to vehicle
load producing strain; 𝜆IF are internal forces including dead
load and prestressed load producing strain; 𝜆𝐶 is creep and

shrinkage strain; 𝜆𝑁 is measured noise; and 𝜆𝑂 are accidental
actions producing strain.

From formula (1), long-term monitoring strain response
is comprehensive while its components have different time
scale. Researches show that (1) temperature of bridge struc-
ture is usually affected by external environment factors
such as geographical conditions and intensity of solar radi-
ation. The surface temperature of the box-girder changes
at the same time scale as atmospheric temperature. Daily
temperature difference, annual temperature difference, and
abrupt temperature drop are the biggest factors affecting
bridge structures. Obviously, (1) the unit of daily temperature
difference and annual temperature difference are one day and
one year for time scales, respectively.The abrupt temperature
drop, on time scale, has its randomness, which completes over
a few days; (2) when a vehicle passes through a bridge, the
duration is very short lasting several minutes, so the minute
is considered as the time scale; (3) Concrete shrinkage and
creep last the whole lifetime of the structure for years, and
the variation, in general, uses the month as time scale already
satisfying accuracy requirement; (4) the variation of the dead
load and prestress will occur for a long time during bridge
operating process, so considering the month as time scale
also has enough accuracy; and (5) noise influence is a random
anduncertainty processwhich can be considered as a random
variable and the time scale distribution is in a wide range. As
a result, in daily time scale, for the bridge structure condition
assessment, one only needs to consider the influences of
temperature difference, vehicle load, and noise.

2.2. Normal Use Limit State Equation. For the bridge with
infrequent traffic, the role of environmental factors may be
greater than the effect of the vehicle load.Therefore, condition
assessing is focused on the performance of the normal use
during the whole lifetime of bridges. During normal use pro-
cess of concrete continuous box-girder bridges, on daily time
scale, daily temperature difference and the vehicle load play
main roles in bridge condition assessment. Specifically, daily
uniform temperature variation mainly produces expansion
deformation along the beam direction and vertical tempera-
ture gradient mainly produces temperature subinternal force
across cross sections. The overall longitudinal deformation
is not useful for the box girder. As we all know, vertical
temperature gradient stress will take responsibility for the
temperature cracks on the concrete box girder. Therefore,
during the benchmark period of the concrete box-girder
bridge structure, the concrete tensile strength standard value
can be considered as the resistance in the normal use limit
state equation. The load effects are dead load, vehicle load,
and temperature gradient stress, respectively. These three
kinds of load effects are independent of each other, so as
to establish the in-service concrete continuous box-girder
bridges cross section limit state equation as

𝐺 = 𝑍𝑆 (𝑥, 𝑡) + 𝜑0 (𝑥, 𝑡) 𝑍𝐷 (𝑥, 𝑡)
− (1 + 𝜀1) 𝜑1 (𝑥, 𝑡) 𝑍𝑉 (𝑥, 𝑡)
− (1 + 𝜀2) 𝜑2 (𝑥, 𝑡) 𝑍𝑇 (𝑥, 𝑡) ,

(2)
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where𝑍𝑆(𝑥, 𝑡) is the concrete tensile strength standard value;
𝑍𝐷(𝑥, 𝑡) is the dead load effect after the bridge completed;
𝑍𝑉(𝑥, 𝑡) is the measured vehicle load effect; 𝑍𝑇(𝑥, 𝑡) is the
measured temperature gradient load effect; 𝜑0(𝑥, 𝑡) is the
time variation function of the dead load effect; 𝜑1(𝑥, 𝑡) is
the time variation function of the vehicle load effect; and
𝜑2(𝑥, 𝑡) is the time variation function of the temperature
gradient effect. The time variation functions can be used to
predict the response of the future. 𝜀1 and 𝜀2 are monitoring
errors, respectively, assuming that they satisfy the normal
distribution 𝑁(0, 𝜎). The reliability index of the limit state
equation is shown as follows:

𝛽 = 𝛼𝑆 + 𝛼𝐷 − 𝛼𝑉 − 𝛼𝑇
√𝛿2𝑆 + 𝛿2𝐷 + 𝛿2𝑉 + 𝛿2𝑇

, (3)

where 𝛼𝑆 is themean of the concrete tensile strength standard
values; 𝛼𝐷 is the mean stress caused by dead load; 𝛼𝑉 is
the mean stress caused by vehicle load; 𝛼𝑇 is the mean
stress caused by temperature gradient load; 𝛿𝑆 is the standard
deviation of concrete tensile strength standard values; 𝛿𝐷 is
the standard deviation stress caused by dead load; 𝛿𝑉 is the
standard deviation stress caused by vehicle load; and 𝛿𝑇 is
the standard deviation stress caused by temperature gradient
load.

Under the effect of the vehicle load, according to the flat
section assumption, the top plate of the box girder along
the longitudinal presents compression stress and the bottom
plate presents tensile stress. Therefore, when calculating the
top plate reliability index, according to the most unfavorable
principle, the vehicle load effect is not counted. Under
the effect of the temperature gradient load, tension and
compression both act on the top plate and the bottom plate.
Therefore, the limit state equation (6) can be represented
according to the most unfavorable load combination only
taking into account the temperature gradient load effect as

𝐺𝑇 = 𝑍𝑆 (𝑥, 𝑡) + 𝜑0 (𝑥, 𝑡) 𝑍𝐷 (𝑥, 𝑡)
− (1 + 𝜀2) 𝜑2 (𝑥, 𝑡) 𝑍𝑇 (𝑥, 𝑡) .

(4)

Correspondingly, the reliability index can be rewritten as

𝛽𝑇 =
𝛼𝑆 + 𝛼𝐷 − 𝛼𝑇
√𝛿2𝑆 + 𝛿2𝐷 + 𝛿2𝑇

. (5)

When calculating the reliability index of the bottomplate,
only vehicle load effect is taken into account because of the
temperature gradient load producing compression stress, so
the limit state equation can be represented as

𝐺𝑉 = 𝑍𝑆 (𝑥, 𝑡) + 𝜑0 (𝑥, 𝑡) 𝑍𝐷 (𝑥, 𝑡)
− (1 + 𝜀1) 𝜑1 (𝑥, 𝑡) 𝑍𝑉 (𝑥, 𝑡) .

(6)

Then, the reliability index can be described as

𝛽𝑉 =
𝛼𝑆 + 𝛼𝐷 − 𝛼𝑉
√𝛿2𝑆 + 𝛿2𝐷 + 𝛿2𝑉

. (7)

According to the previous analysis, a method which
is used to evaluate the condition of concrete box-girder
bridges based on strainmeasurements is proposed, where the
evaluation process is illustrated in Figure 1.

3. A Case for Reliability Calculation

3.1. Fu Sui Bridge and Its SHM System Description. The
prestress concrete continuous box-girder bridge is located
at Heilongjiang province (N47∘1440, E131∘5811) of main-
land of China (shown in Figure 2). The bridge is 1170m long
and is composed of six 150m long main spans and two 85m
long side spans. The vertical heights of supporting sections
and mid-span sections are 9m and 3.5m, respectively. Cast-
in-place cantilever posttensioned construction method was
adopted for the single-cell box girder. Each cantilever arm
was 74m in length, which was divided into 19 segments (#0
to #18). The entire construction process lasted for three years
from 2008 to 2011.

In order to detect the damage and evaluate the long-
term static and dynamic performances under the influences
of traffic and ambient environment, a long-term SHM system
was designed and implemented on this bridge. The system
was composed of a hydrostatic leveling subsystem (HLS), a
fiber Bragg grating (FBG) sensor subsystem, a data acquisi-
tion and transmission subsystem, a master control center, a
remote control center, data analysis and processing software,
and a power supply system (Figure 3). Detailed information
of SHM system can be found elsewhere [20, 21].

Sensor positions of the SHM system are shown in Fig-
ure 4. There are two types of the sensor for the monitoring
system. Fiber Bragg grating sensors were applied to monitor
temperature, strain, and vibration. Inductance type sensor
was applied for displacement. Totally, 24 self-adaptive strain
sensors which were usually installed on inner surface of
the top plate and the bottom plate were distributed on six
sections of the box girder. A temperature sensor was applied
to every strain section. In section T (as shown in Figure 4), six
temperature sensors were applied to monitor the inside and
outside temperature variation of the girder. The field sensor
distribution of section B is presented in Figure 5.

3.2. Monitoring Strain and Temperature. From May 2012 to
April 2013, strainmeasurements were presented to investigate
the relationship with the temperature. For concrete box-
girder bridges, temperature distribution on bridge compo-
nents can be described as the uniform temperature and the
temperature gradient.

The uniform temperature variation can only cause the
expansion and compression along the girder in length. How-
ever, the temperature gradient variation normally induces
the girder bending deformations which is considered as the
main reason of local cracking [22]. For a continuous bridge,
only one bearing support fixed can eventually restrict the
girder against the longitudinal and lateral movements. Under
the uniform temperature load, the girder can freely expand
and compress in longitudinal direction. However, uniform
temperature-induced distortion may be restricted due to
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Figure 1: Flow chart of reliability index calculation.

Figure 2: The view of the bridge.

friction force existence in other supports. In the early stage of
the uniform temperature load, it can be imaged that the girder
expansion movement may not happen. But it may exceed the
bearing sliding friction force along with the expanding force
accumulating. Finally, the girder longitudinal movement
happens.The entire processing can be described as an energy
accumulation and releasing cycle.

3.2.1. Uniform Temperature-Induced Strain. Generally, longi-
tudinal strain measurement in accordance with the longitu-
dinal deformation of the girder presents the approximately
linear relation with the uniform temperature variation. Strain

measurements and one-day temperature variation inside and
outside the box-girder are presented in Figure 5.

Figure 6 shows that the outside temperature magnitude is
usually much bigger than the inside temperature magnitude.
The strain variation represents positive correlation with the
outside temperature of box girder in spite of whether in
summer or winter. In summer, the strain also increases to the
maximum value when the temperature reaches the highest
value (at 16 pm). Similarly, the peak presents at 13 pm in
winter, and the strain may lag for a while to arrive at its
peak. Overall, the strain changes the same as the outside
temperature variation in daily measurement. Therefore, a
linear regression analysis was carried out using the outside
temperature measurements and the strain measurements of
section D. The regression results are shown in Figures 7 and
8.

Figures 7 and 8 show the daily strain linear regression
with the outside temperature variation. One-day strain mea-
surements of section D were selected from summer in 2012
and winter in 2013, respectively. From these figures, it can be
seen that the linear regression slopes, even when all are from
the same section, were different from each other regardless
of the season difference. It is one evidence of temperature
gradient which is a common property existing in box-girder
bridges.
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Linear regression coefficients between the outside tem-
perature and strain measurements and their 𝑅2 values are
presented in Table 1. It can be observed that 𝑅2 values
are all effective except for two values (the DS1 and DS4
in summer), which means that linear regression method is
suitable for describing the relationship between the outside
temperature and strain measurements. The slope magnitude
𝑎 (𝜇𝜀/∘C) can reflect the strain sensitivity to the outside
temperature variation. In summer, the slopes of the top plate
are much bigger than the ones of the bottom plate, which

means that the top plate is more sensitive to the uniform
temperature variation. This suggests that high temperature is
more effective on the top plate. However, in winter, the slopes
of the bottomplate growmuchbigger, which suggests that low
temperature can produce strain more easily on the bottom
plate.

Figure 9 shows one-day mean-temperature variation
inside and outside the box-girder from May 2012 to April
2013.
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Table 1: Linear regression coefficients between temperature and strain measurements and their 𝑅2 values.

Sensor Time 𝑎 𝑅2
DS1 (on bottom plate)

Summer (2012.6.21)

1.452 0.6067
DS2 (on top plate) 2.19 0.8750
DS3 (on top plate) 3.038 0.9121
DS4 (on bottom plate) 1.049 0.5573
DS1 (on bottom plate)

Winter (2013.1.21)

2.04 0.9078
DS2 (on top plate) 1.897 0.9304
DS3 (on top plate) 2.242 0.8277
DS4 (on bottom plate) 1.714 0.7966
∗𝑦 = 𝑎𝑥, where 𝑦means strain and 𝑥means temperature variation; 𝑅2 means coefficient of determination.

Acceleration
sensor Strain sensor on the top plate

Strain sensor on the bottom plate
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Displacement 
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Figure 5: Sensors distribution of section B.

Figure 9 shows the temperature variation outside and
inside the box girder. Generally, the temperature measure-
ments are consistent with the seasonal climate feature at the
bridge site where the daily temperature difference is very
big both in summer and in winter. Overall, the ambient
temperature can drop from 30∘C (in summer) down to−20∘C
(in winter).The temperature variation not only influences the
property of concrete, but also redistributes the internal forces
and changes the boundary conditions of bridges.

Figure 10 shows the strain variation from May in 2012
to May in 2013. The curve decreasing means the tensile
strain and the curve increasingmeans the compressive strain.
It is interesting that the seasonal strain variation presents
a negative correlation with the uniform temperature in
time series, which is contrary to the daily strain variation
trend with the temperature. The main reason is that the
seasonal temperature can generate the longitude expansion
and compression along the deck especially for this kind of
continuous concrete bridges with the extremely long deck.
Meanwhile, the bridge has no longitude restrictions, which
makes the longitude expansion and compression occur freely.
Therefore, in winter, the deformation of the mid-section of
the continuous bridge goes down, which can cause the tensile
strain on the mid-section; in summer, the deformation of
the mid-section goes up, so the strain of the mid-section is
compressive and keeps on decreasing. From Figure 9, four

strain sensors arranged on section D all present consistency
with the above theory. Therefore, the seasonal temperature
variation is more effective on the strain of concrete bridges in
cold region.

3.2.2. Temperature Gradient Induced Strain Difference. In
particular, concrete box-girder bridges normally produce
temperature gradient stress along the vertical cross sections
due to solar radiation and abrupt temperature dropping.This
property currently is considered as one of the main reasons
which induce the cracking and local damage for concrete box-
girder bridges. One-day strain measurements of section D on
June 21 are shown in Figure 11.

The sampling frequency of the monitoring system is 60
times per hour. Δ𝑆1 and Δ𝑆2 are the strain difference between
the top plate and the bottom plate of the mid-span cross
section. The strain of the top plate happens earlier than the
bottom plate reaching the peak at around 16 pm; then the
strain of bottom plate reaches the peak at about 19 pm. It
demonstrates that the solar energy needs a couple of hours
transferring along the vertical cross section from the top plate
to the bottom plate. When the strain rises up before reaching
the peak, the strain differences Δ𝑆1 and Δ𝑆2 between top
and bottom plates are positive, which means the top plate
is tensile relative to the bottom plate, although its amplitude
keeps on decreasing; after the strain reaches the peak, it
drops quickly without the solar energy while the strain of the
bottom plate goes down relatively slowly; then the Δ𝑆1 and
Δ𝑆2 difference directions turn to be negative, which means
the bottom plate is tensile. It can been seen that the strain of
the top plate declines faster than the bottom plate. Therefore,
the solar energy transfer lag is responsible for generating
vertical temperature gradient stress in cross sections. With
daily temperature gradient effect recycle, the cross sections
potentially can have cracks and be damaged.

3.3. Temperature-Induced Response Separation. Uniform
temperature strain response is usually considered as a
trend term in original measurements. A number of trend
term separation methods have been developed, such as
empirical mode decomposition (EMD) method, low pass
filtering method, wavelet method, least square method,
and average slope method. In this study, EMD method was
adopted to separate the temperature trend term. A more
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Figure 6: One-day measured strain and temperature.
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Figure 7: One-day strain linear regression of four sensors on section D on 21 June, 2012.
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Figure 8: One-day strain linear regression of four sensors on section D on 21 January, 2013.
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Figure 9: One-year temperature variation for Fu Sui Bridge.

efficient EMD method was developed rather than directly
using EMD method to decompose the original signal. For
a long-term monitoring dynamic signal, a large amount of
data was directly decomposed into intrinsic mode functions
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Figure 10: One-year strain variation of section D.

(IMFs) that the whole iterative calculation process will take
up a lot of CPU, memory, and time. Therefore, a solution
was to cut the whole signal into several subsections by
one-day signal length. Each subsection was operated for
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Figure 11: One-day monitoring strain responses of section D on
June 21, 2012. ∗Δ𝑆1, Δ𝑆2 = the strain difference between the top plate
and the bottom plate.

downsampling obtaining a new signal to be dealt with by the
EMD method. After this process, a residual in accordance
with the trend term was prepared for upsampling with
the cubic spline interpolation method which was aimed at
restoring the residual to original length. As a result, one-day
trend term was obtained. Then, the overall trend term can
merge sequentially all the subsection trend term signals
together. This method can greatly and effectively reduce the
calculation cost and time cost for trend term extraction of
long-term monitoring data.

Original monitoring strain responses of DS3 and DS4
were shown in Figure 12 with the data selected from June 14
to June 23, 2012. Through the separation trend term method
previously mentioned, the signals after deleting the trend
term are shown in Figure 13, and trend terms are shown in
Figure 14.

3.4. Probability Density Function Fitting. In order to calculate
the reliability index, probability density distribution function
of each load effect in the limit state equation needs to be
attained firstly. Researches show that the concrete tensile
strength standard value and the dead load both satisfy the
normal distribution. According to the equivalent normal-
ization method, one should estimate the distribution of the
vehicle load effect and the temperature gradient load effect.
If they do not satisfy the normal distribution, equivalent
normalization process may be needed to make effects satisfy
normal distribution.

During the whole monitoring process, it is assumed that
the concrete material property satisfied Hooke’s Law; namely,
𝜎 = 𝐸 ⋅ 𝜀, where 𝜎 and 𝜀 were the stress and measured strain
and 𝐸 was the modulus of elasticity which was adopted as
4.1 × 104MPa (the average value of the measured concrete
modulus of elasticity on the 28th day). Thus, the measured
strain can be transformed to stress instead.

3.4.1. Probability Density Function Fitting of Temperature
Gradient Load Stress. A probability density function fitting
was carried out with extracted temperature trend term strain.
Firstly, a preprocessing procedure was operated on the trend

term by resetting the daily relative zero starting points at the
same moment when the temperature-induced strain, in top
plate and in bottom plate, was varying almost consistently. In
this case, 0 amwas chosen to be the starting point of the daily
trend term. The purpose of resetting the zero starting point
was to eliminate the influence of the cumulative effect.There-
fore, the one-day trend termwas only affected by the intraday
temperature variation. According to the assumption that the
cross section had the same longitudinal deformation under
the overall temperature load, the relative strain between the
top plate and the bottom plate can eliminate this uniform
temperature-induced strain and the difference values can be
considered as the temperature gradient strain.

Probability density function (PDF) fitting results of the
temperature gradient stress are depicted in Figure 15. Gen-
eralized extreme value (GEV) distribution is used to fit the
histogram of the relative stress of DS4-DS3. The temperature
gradient stress presents randomness and approximatively
satisfies the GEV distribution.

3.4.2. Probability Density Function Fitting of Vehicle Load
Stress. Currently, there are two basic methods to use the
vehicle load stress values for calculation. The first method
directly applies the monitoring vehicle load response for
structure reliability assessment. Another method only uses
extreme values of the vehicle load stress. For vehicle load
stress extremum selection, there are also two options: (1) con-
sidering the daily maximum as the monitoring extremum;
(2) taking all the monitoring extremums which are bigger
than the threshold. In this case, a threshold was set and all
the extremums bigger than the threshold were selected for
the probability density distribution function fitting. Through
the analysis of the measured vehicle load stress responses, it
was found that the absolute values less than 0.06MPa were
noise. In addition, 0.25MPa and 0.30MPa were decided as
thresholds for DS3 and DS4, respectively.

Four kinds of the PDF distribution fitting were carried
out for the vehicle load stress responses of DS3 and DS4
which were shown in Figure 16. The maximum likelihood
method was used to compare the fitting results of these four
distributions. From the calculation results, GEV distribution
fitting was better than others. So in this case, the vehicle
load stress response was considered as satisfying the GEV
distribution.

3.5. Failure Probability Results and Discussion. The failure
probability of the monitoring position was calculated as the
flow (Figure 11). The distributions of temperature gradient
load stress and vehicle load stress have been given according
to the previous fitting. The vehicle load stress and the
temperature gradient load stress of the monitoring positions
are combined with the most unfavorable principle for the
bridge.The different combination selects the suitable formula
to calculate the reliability index which generally has a certain
relationship with the failure probability. The combinations
and their suitable formulas are shown inTable 2. In particular,
JC method requires that the random parameters all satisfy
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Table 2: Calculation combination of reliability index.

Combination Vehicle load stress Temperature gradient load stress Reliability index calculation formula
1 DS3 < 0 Top plate tension DS4-DS3 < 0 Top plate tension (5)
2 DS4 > 0 Bottom plate tension DS4-DS3 > 0 Bottom plate tension (3)
3 DS4 > 0 Bottom plate tension DS4-DS3 < 0 Top plate tension (5), (7)
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Figure 14: Trend terms of strain responses.

the normal distribution.That is the reason why the measure-
ments with abnormal distributions, such as vehicle load stress

and temperature gradient load stress, were conducted for the
transformation through equivalent normalization.

In this case, the concrete tensile strength standard value
was 2.65MPa with the variable coefficient of 0.15. It is
difficult to directly measure the dead load stress mean value
in completed bridge state. Thus the finite element analysis
calculated dead load stress mean value was used instead, and
its variable coefficient was adopted for 0.0462. The vehicle
load stress and temperature gradient stress were used in the
field measured data to calculate the real mean values and
standard deviations. According to calculated reliability index
flow shown in Figure 11, the failure probability of monitoring
positions was calculated (Figure 17).

For the mid-span cross sections, such as section D and
section E, there is no value if the temperature gradient
load stress presents as tensile on the bottom plate. Cor-
respondingly, the failure probabilities of the bottom plates
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(DS1 and DS4) present much bigger on June 14, June 17,
and June 18 (Figure 17(a)). However, the trend of failure
probabilities shows obviously individual difference day by
day, which is mainly caused by the temperature gradient
stress alternative variation between the top plate and the
bottom plate. From Figure 17(b), it is obvious to find out
that the failure probability of ES2, located on the top plate, is
much bigger than that in other measured positions. For cross
section E, it seems that the temperature gradient induced
tensile stress plays a leading role on the top plate, which
illustrates that the monitored place ES2 is greatly prone to
cracking with long-term repeatedly temperature load effect.
On support cross sections, due to vehicle load responses
being very small, the failure probability calculation results
only take account of temperature gradient load (Figure 17(c)),
and the failure probabilities of section C and section F are
lower than 5e−4 during the whole week which indicates that
these cross sections are in the safe states. In conclusion, from
the results of failure probability during a week, the bridge is
in good condition while more attention should be paid to
temperature gradient induced tensile stress.

4. Conclusion

Strain measurements of a prestressed concrete continuous
box-girder bridge were presented based on the long-term
field monitoring system.These measurements were recorded
just after the bridge was open for traffic. A reliability assess-
ment method for PSC continuous box-girder bridges based
on SHM strain measurements was proposed. The probability
density function fitting of the load effect dissatisfying the
normal distribution was transformed according to equivalent
normalization method. The daily failure probabilities of
monitored positions were calculated for assessment of this
bridge.

The study has led to the following conclusions:
(1) The measured daily strain represents the positive

correlation with the ambient temperature of outside
box girder.The slopes of the top plate aremuch bigger
than the bottom plate, which means the top plate
is more sensitive than the bottom plate to the high
temperature whereas the low temperaturemore easily
produced strain on the bottom plate.
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(2) The seasonal strain variation presents a negative
correlation with the uniform temperature.

(3) The solar energy needs a few hours for transferring
along the vertical cross sections from the top plate
to the bottom plate. The relative tensile strain is
alternating between the top plate and the bottomplate
during the daily time series. It is a factor causing
cracks and damage with this temperature gradient on
the cross section.

(4) Generalized extreme value distribution is recom-
mended for temperature gradient stress and vehicle
induced stress fitting for this box-girder bridge.

(5) The failure probability calculation results of cross
sections can be used to assess the local security state.
For this case, the failure probabilities of each section
are all very small. One should obtain the verification
of a bridge in unsafe condition while the failure
probability continues to increase.

(6) The reliability method has great potential in pre-
dicting the bridge safety condition with determining
partial factors of the limit equation.
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Terrestrial laser scanning (TLS) technology is one of the most efficient and accurate tools for 3D measurement which can reveal
surface-based characteristics of objects with the aid of computer vision and programming.Thus, it plays an increasingly important
role in deformation monitoring and analysis. Automatic data extraction and high efficiency and accuracy modeling from scattered
point clouds are challenging issues during the TLS data processing. This paper presents a data extraction method considering
the partial and statistical distribution of the point clouds scanned, called the window-neighborhood method. Based on the point
clouds extracted, 3D modeling of the boundary of an arched structure was carried out. The ideal modeling strategy should be fast,
accurate, and less complex regarding its application to large amounts of data. The paper discusses the accuracy of fittings in four
cases between whole curve, segmentation, polynomial, and B-spline. A similar number of parameters was set for polynomial and
B-spline because the number of unknown parameters is essential for the accuracy of the fittings. The uncertainties of the scanned
raw point clouds and the modeling are discussed. This process is considered a prerequisite step for 3D deformation analysis with
TLS.

1. Introduction

Structural health monitoring is of significant importance for
the historical and architectural structures for safety reasons
[1–3]. An arched structure is one of the traditional forms in
western architectures, such as in churches. As the buildings
age, a safety risk will occur in the arched structures which
bear the load of the construction. TLS is a highly accurate,
fast, and efficient technology to acquire 3D point clouds of
structures [4]. An experiment was designed to simulate the
load and deformation process of an arched structure and TLS
was used to measure the surface-based 3D point clouds.

Morphology-oriented analysis with TLS is a new direc-
tion for deformation analysis [5]. One of the issues remaining
is to assure the accuracy during modeling for deformation
analysis with TLS technology. The influence factors and sig-
nificance of accuracy of free-form 3D modeling for the point
clouds are not reported in detail in the current literatures.

This paper presents efficient extraction and discusses
accurate modeling of the boundary of an arched structure,

which are prerequisite steps for deformation analysis. Data
extraction is carried out by the window-neighborhood
method, which is closely related to the partial and statistical
distribution of the scanned point clouds. In this paper,
the mathematical functions of polynomial and B-spline are
adopted to model the data. A polynomial has a deficiency in
describing local features, but its advantages are efficiency and
simplicity, while B-spline is exactly the opposite. Four cases
are discussed, including a localized segmentation, to find
an efficient and accurate modeling solution for the arched
structure measured. Since the number of parameters has an
influence on the fitting results, the numbers of parameters of
polynomial and B-spline models are proximate to emphasize
the model function.

1.1. Terrestrial Laser Scanning and Data Extraction. Terres-
trial laser scanning (TLS), which can capture up tomillions of
points per second andwith a linear accuracy in themillimeter
range, is one of the most efficient tools to measure 3D
objects and structures. Traditional methods for monitoring,
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for example, total station, inclinometer, accelerometer, and
leveling are generally point-based measurements. Some low-
cost sensors require preembedding or contact [6], which is
difficult to maintain in the long period. TLS is area-oriented
measurement which can obtain 3D coordinates information
of dense point clouds. Furthermore, the measurement of
TLS is contactless and not destructive. It is widely applied
in the monitoring of natural and artificial constructions, for
example, rock slopes, forests, coasts, and buildings [7–10].

One important task for the presteps of modeling is to
detect or recognize features from the 3D data. Reference [11]
extracted lithological boundaries from photographic images
of rock surfaces by means of an interactive segmentation
method. Reference [12] used a semiautomatic method of
extracting urban road networks frompoint clouds to improve
the detection of objects. However, automatic data extraction
from point clouds data is still challenging.

1.2. Curve Fitting withMathematical Functions. It is common
to fit the data collected with geometric forms or mathemat-
ical functions [13–16]. Because the point clouds from TLS
measurement contain gaps, leaps, cusps, and so on, it is
necessary to construct a fitting model to investigate the 3D
deformation of a structure. Complicated spatial structures
especially require fitting by free-form curves and surfaces
[17].

Curve fitting is the process of constructing a curve or
mathematical function with the best approximation to data
points [17]. Curve fit usually means trying to find the curve
that minimizes displacement of a point from the curve in
vertical, orthogonal, or both axes directions [18].

Polynomial and B-spline are commonly used forms to
fit a curve. Reference [19] adopted polynomial fitting with
the least square method to detect the wheel set size in
the railway transportation system. The polynomial surface
was also considered to approximate concrete structures with
gentle surfaces [20–23]. B-spline is a generalization of the
Bézier curve and can be further extended to a nonuniform
rational B-spline, which has the advantage of constructing
an exact model; therefore, it is suitable for adoption in the
high accuracy TLS measurement. Due to the properties of
B-spline curves, for example, flexibility and accuracy, they
are popular when estimating complex objects. Ordinary B-
spline approximation involves data parameterization, knot
adjustment, and control point determination. The first step
is to parameterize the points measured by means of equal
division, chord length, and centripetal [24]. The second step
aims at knot vector adjustment. A robust method for the
optimal selection of the knot vector is studied by Bureick et
al. [25]. The final step is the estimation of control points by
means of the Gauss-Markov model [26].

1.3. Work Flow. This paper focuses on the statistical analysis
of spatial multidimensional point clouds data, which is the
basis for the deformation analysis of an arched structure.
The work flow of this paper is presented in Figure 1. The
TLS raw data is scanned by TLS and, subsequently, the point
clouds are preprocessed to outline the arched structure and

Point clouds �tting 

Point clouds preprocessing

Point clouds extraction 

TLS raw data 

�reshold
determination

Distribution
analysis

Window
de�nition

Boundary
extraction 

Precision analysis and comparison 

Case 2 Case 4 

Deformation model generation and optimization 

Case 1 Case 3

Figure 1: Work flow of data extraction and fitting analysis.

Table 1: Different methods of the fitting for whole curve and
segmentation.

Case 1 Case 2 Case 3 Case 4
Functions P B P B

Points scope Whole
curve

Whole
curve Segmentation Segmentation

eliminate the surroundings, which are not the main subject
of the deformation analysis.

The arch-shaped curve is then extracted to investigate the
deformation behavior where the window selection method
is adopted. The latter includes four steps: window definition,
distribution analysis, threshold determination, and boundary
extraction.

Using the resulting extracted data, point clouds fitting
is performed for four kinds of combinations, which are
explained later in Table 1. The fitting precision is then
analyzed and the four cases are compared. Last but not least,
the deformation model of the fitting parts will be generated
and optimized.

2. Experimental Setup

An experiment was carried out to investigate the deformation
behavior of an arched structure using TLS point clouds. The
main components are the arched structure specimen, Z + F
Imager 5006, load equipment, and two supports, which are
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Z
Arch structure

XO

Figure 2: Plot of experiment.

shown in Figure 2. The continuous load lasted for 20min,
under which deformation consequently formed, and then
stopped for 10min for measurements. The load is within a
safety rangewhere deformation of the arched structure is gen-
erated, but crush and failure have not begun.The lower image
in Figure 2 shows the experimental setup. A coordinated
system was defined to investigate the deformation behavior
of the arch based on highly accurate TLS, which is shown
in the upper image in Figure 2, where the 𝑦-axis direction
is perpendicular to plane XOZ.

In this paper, the arch-shaped part of the object is vital
for structural monitoring, because it bears the main load and
shows significant deformation. The side surface of the object
is taken into account for more precise deformation analysis.
However, the arch-shaped object is occluded with some other
objects, such as steel I-beams, and needs to be separated for
more accurate analysis.

3. Data Analysis

3.1. Data Extraction. The main concern of the deformation
analysis lies in the edge of the arched structure, with the
motivation that the arched edge defines the border of the
arched surfaces with significant deformation, and is well
connected to photogrammetry, since it can also be detected
from digital images. From this point of view, the edge of
the arched structure should be extracted and fitted with a
high accuracy taken into consideration. Point clouds are
preprocessed to pick up the side surface of the arched
structure, which is extracted, and the result is shown in
Figure 3, with the adoption of 3D point clouds software.

As the laser beam rotates and scans with a uniform
angular speed, footprints of laser beams have a theoretically
close-to-even distribution considering a general surface. Sup-
pose that each point of the surface carries a square selection
window with a predefined size, which gives a reference to
the neighboring points, there are mostly two cases. The first
one is in the middle part of the surface, where those main
points have almost the same number of neighbors, and such
main points occupy the most population of all the point
clouds. The second is in the boundary, with approximately
half of the number of neighbors compared to the first case.
A schematic diagram with a simple example is shown in
Figure 4, where all the points represent footprint centers,
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Figure 3: Point clouds of side surface of the arch.

Selection window
Neighbors
Main point
Main point position 1

Boundary 1
Boundary 2

Main point position 2

Figure 4: Diagrammatic sketch of the edge point picking.

which describe only the position, but not the real size of the
footprints. The red point is the main point, the black ones
are neighboring points, and the green and blue hollow circles
are drawn for the possible relative position of the main point.
The grey lines show the selection window and the red line is a
simplified boundary. When the boundary inclines as dashed
green and blue lines, that kind of position relationship can
also be depicted with green and blue solid lines and hollow
circles.

The neighboring numbers of the boundary points iden-
tified can only be within a certain range rather than an
exact value, due to the inclination of the boundary line and
the scattered distribution of points in the boundary area,
as shown in Figure 5. The quantity Δn marked means the
number of points which have escaped from the boundary,
which will influence the number of neighbors shown as black
points. The yellow points are virtual points, which, with the
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Δn

Δn Δn

Figure 5: Different cases of boundary and neighboring points.

combination of black points, constitute a normal selection
window as in the center of the surface.

According to the schematic diagram in Figures 4 and
5, the number of neighbors for boundary points should
satisfy the function in (1), where 𝑛 is the actual number of
neighbors which varies for different points, N is the number
of neighbors with the maximum probability in defined-size
square windows, 𝑛 is average neighbor number of boundary
points, Δ𝑛 is statistical error, that is, the number of points
rejected as boundary neighbors by relative inclination of the
boundary line, and 𝑠 is the number of points on each side of
the square window.

|𝑛 − 𝑛| ≤ Δ𝑛;

𝑛 = 𝑁
2
;

Δ𝑛 = 𝑁 ∗ 𝑠 − 1
2 (𝑠2 − 1)

= 𝑁
2 (𝑠 + 1)

.

(1)

The size of the selection window has an influence on the
boundary extraction. If the size is too small, the noisy point
will be mistaken for a boundary point, and vice versa; if
the size is too large, some boundary points will be lost. The
thickness of the arched structure is 10 cm.

The threshold 𝑁𝑟 was defined as a value with which the
boundary will be filtered and represent reality. The value
of 𝑁𝑟 is determined by the actual distance of neighboring
points of the point clouds. On the one hand, it is influenced
by density of the point clouds depending on the scanning
distance and angle, and the inner parameters of the TLS
instrument used in the experiment; on the other hand,
the local point clouds shapes formed by actual geometric
shape of the boundary and occlusion of the point clouds
also affect the value of threshold 𝑁𝑟. Because the various
factors have undetermined influences on the point clouds
of the boundary, the threshold 𝑁𝑟 is analyzed explicitly by
means of the distribution of neighboring point number by
the MATLAB program. The actual number of neighboring
points 𝑛 is distributed as shown in Figure 6, where the
maximumprobability corresponds to 136 neighboring points.
The threshold 𝑁𝑟 theoretically locates at the point with the
maximum distribution of the neighboring numbers.

Because the value of𝑁𝑟 is vital to the result of extraction,
it should be carefully calculated before picking up the
boundaries; therefore, the distribution of adjacent points is
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Figure 6: Distribution of neighboring points.

investigated and the maximum value is selected. If the 𝑁𝑟 is
too small, some valid boundaries will not be detected where
the point density is large; on the contrary, if the 𝑁𝑟 is too
large, the boundary points will contain more noise, which
will influence the accuracy of 3Dmodel badly. Since the laser
spots are almost uniformly distributed and most of the point
clouds are in a normal area other than boundaries, we chose
𝑁𝑟 with the maximum probability in Figure 6, which is 136.
After filtering all the point clouds with (1), the boundary of
the side arched surface will be extracted, as shown in Figure 7.
The red point clouds correspond to the𝑁𝑟 value 136 and the
green point clouds to 126. Blue arrows point out that when
the𝑁𝑟 is too small, some valid boundaries are neglected.The
value of the 𝑁𝑟 is not chosen to be larger, for example, 146,
because that would cause too much noise.

The extracted edges contain not only the arched-shape
curves, but also shadows of the occlusions. The boundary
point clouds are imported toCloudCompare� for the purpose
of separation of the arched-shape curves. The open-access
software CloudCompare is an independent open source
project and a free software for the processing of point clouds,
which provides a set of basic tools to process 3D point clouds
[27]. The step adopted here is polygonal segmentation. The
lower edge of the point clouds is extracted, which comprises
the point clouds extracted for 3D curve fitting.

3.2. Data Fitting. The extracted point clouds are approx-
imated by both polynomial curve and B-spline. The 3D
coordinates 𝑥, 𝑦, and 𝑧 can be, respectively, described as a
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Figure 7: Edges extracted fromMATLAB.

function of the common variable 𝑡 to fit a polynomial curve.
The estimation parameters for each coordinate are calculated
by (2), where 𝑜 represents coordinates 𝑥, 𝑦, or 𝑧, 𝑡 is the
common variable, V is the order of the polynomial, and𝐴𝑜(𝑖)
are the parameters to be estimated with index 𝑖 from 1 to V.
The number of unknown parameters is (V + 1) ∗ 3 for 𝑘th
order polynomial fitting.

𝑜 =
V

∑
𝑖=1

𝐴𝑜 (𝑖) ∗ 𝑡V+1−𝑖, 𝑜 = 𝑥, 𝑦 or 𝑧. (2)

The functional model in (3) is described by the degree 𝑝 and
the 𝑝th degree B-spline basis functions {𝑁𝑖,𝑝(𝑢)} are defined
on the nonperiodic knot vector 𝑈 in (4), with number 𝑚
to fit a 3D B-spline curve. The control points {𝑃𝑖} are the
unknowns.

𝐶 (𝑢) =
𝑛

∑
𝑖=0

𝑁𝑖,𝑝 (𝑢) 𝑃𝑖, 𝑢 ∈ [0, 1] , (3)

𝑈 = {0, . . . , 0, 𝑢𝑝+1, . . . , 𝑢𝑚−𝑝−1, 1, . . . , 1} ,

0 < 𝑢 < 1.
(4)

The relationship between degree 𝑝, the number of control
points 𝑛 + 1, and the knot points 𝑚 + 1 is 𝑚 = 𝑛 + 𝑝 + 1.
The control points are the unknowns to be estimated, which
can be obtained in a least squares sense by the minimizing of

𝑚−1

∑
𝑘=1

𝑄𝑘 − 𝐶 (𝑢𝑘)

2 ∼ min (5)

and the restriction that the B-spline passes through the first
and last points measured. 𝑄𝑘 are the measurements and {𝑈𝑘}
are parameters for each 𝑄𝑘, respectively, calculated by the
chord length method. Furthermore, the knot vector 𝑈 is
calculated with [23]

𝑢𝑝+𝑗 = (1 − 𝑎) 𝑢𝑖−1 + 𝑎𝑢𝑖,

with 𝑗 = 1, 2, . . . , 𝑛 − 𝑝, 𝑖 = int (𝑗𝑑) , 𝑎 = 𝑗𝑑 − 𝑖, 𝑑 = 𝑚 + 1
𝑛 − 𝑝 + 1

.
(6)

The parameters chosen for B-spline in this case are 𝑝 = 3 and
𝑛 = 21, where𝑝 is the degree and 𝑛+1 is the number of control
points. Because one direction of control points is estimated
during each step; there are 22 unknown parameters in each
estimation of the B-spline curve. The number of parameters
matches well to that of polynomial, which is 21 parameters
for 6th order approximation. This increases the reasonability
of comparison between the two models, since the number of
parameters has a significant influence on the accuracy of the
fitting.

4. Results

Thefitted curve of the polynomial andB-spline is presented in
Figure 8, where the blue curve corresponds to the polynomial
approximation and the red curve is B-spline fitting. The
comparison between the polynomial and B-spline curves
of epochs 3 and 9 corresponds to Figures 8(a) and 8(b),
respectively.

Due to the displacement of 𝑧-axis being essential, the
focus is on the 𝑥-𝑧 plane. The coordinate range is [−2.75,
−0.85]m in the 𝑥-axis direction and [−4.35, −3.85]m in
the 𝑧-axis direction to reduce the redundancy. According to
Figure 8, the B-spline and polynomial fitting are significantly
different in areas A, C, and B, corresponding to the concave
piece in Figure 8(a) and the convex piece in Figure 8(b),
which reveal that theB-spline has an advantage at themutated
sections. Although high order polynomial fitting can alleviate
this problem, it may, however, lead to Runge’s phenomenon,
which is a problem at the edges of an interval that occurs
when using polynomial interpolation with polynomials of a
high degree over a set of equispaced interpolation points.This
phenomenon was discovered by Carl David Tolmé Runge
while exploring the behavior of errorswhenusing polynomial
interpolation to approximate certain functions [15].

The statistical errors of the fittings are considered to
get a deeper insight into the fitting effects on the spatially
scattered points.The polynomial approximation of the whole
extracted line is defined as the original case/case 1 for the
later comparison; the other cases are listed in Table 1, where
P and B stand for polynomial and B-spline approximation,
respectively.

The uncertainties of the polynomial curve fitted for epoch
3 (E3) and 9 (E9) are presented inTable 2, including deviation,
standard deviation, and covariance, where C(x, y, z) means
covariance with x, y, and z coordinate values, diagonal
element is deviation, and SD stands for standard deviation.

The number of unknown parameters is considered to
compare the B-spline and polynomial for spatial point clouds
more impartially.The uncertainties of the B-spline for epochs
3 and 9 are presented in Table 2.

According to Table 2, the standard deviations for the
polynomial in the 𝑧-axis direction for epochs 3 and 9 are
17.51 and 12.98mm, respectively, which are not balanced with
the high accuracy of TLS measurement. Therefore, B-spline
curve fitting is adopted and analyzed. For this, the standard
deviations in the 𝑧-axis direction for epochs 3 and 9 are 1.45
and 1.40mm, respectively, where the accuracy is significantly
improved and the comparison is listed in Table 4.
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Figure 8: Comparison of polynomial and B-spline curves.

Table 2: Uncertainties of two forms of curves with unit mm.

X Y Z
P methods

E3
C(X) 1.41 ⋅ ⋅ ⋅ ⋅ ⋅ ⋅
C(Y) 0.62 0.28 ⋅ ⋅ ⋅
C(Z) −0.18 −8.13𝑒 − 02 0.31
SD 37.49 16.70 17.51

E9
C(X) 0.61 ⋅ ⋅ ⋅ ⋅ ⋅ ⋅
C(Y) 0.28 0.13 ⋅ ⋅ ⋅
C(Z) −4.26𝑒 − 03 6.67𝑒 − 03 0.17
SD 24.75 11.26 12.98

B methods
E3

C(X) 8.06𝑒 − 03 ⋅ ⋅ ⋅ ⋅ ⋅ ⋅
C(Y) 2.73𝑒 − 03 1.79𝑒 − 03 ⋅ ⋅ ⋅
C(Z) −1.83𝑒 − 04 −1.83𝑒 − 04 2.096𝑒 − 03
SD 2.84 1.34 1.45

E9
C(X) 6.76𝑒 − 03 ⋅ ⋅ ⋅ ⋅ ⋅ ⋅
C(Y) 1.76𝑒 − 03 1.49𝑒 − 03 ⋅ ⋅ ⋅
C(Z) −7.89𝑒 − 05 −2.00𝑒 − 04 1.856𝑒 − 03
SD 2.60 1.20 1.40

Occlusion of the laser beam in the experiment is unavoid-
able, because of the shelter of the loads equipment, which will
cause fragmentation of the point clouds and then increase
the uncertainties during the parametric estimation of the
approximation. A segmentation fitting is employed for this
perspective, which is presented in Figure 9, where epoch 9 is
depicted.

The segmentation approximations are described in Fig-
ure 9, where the blue curve corresponds to the polynomial
approximation, the green curve is an automatically plotted
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Figure 9: Segmentation fitting analysis of Epoch 9.

line, and the red curve is the B-spline fitting. The green
points are raw point clouds and the blue stars are control
points of the B-spline. According to the red ellipses in
Figure 9, it is discovered that the B-spline is greatly improved
rather than the polynomial fitting on the left side, which is
succeeded through the control points and knots. However,
the deviations of the twomodels arewellmatched on the right
side. It is hinted that the quality of the B-spline is determined
by control points and knots; thus, the optimization of the
B-spline model is much more complex and costly than the
polynomial. When the B-spline is used to fit a surface, the
phenomenon is more prominent.

The uncertainties of polynomial lines for each epoch are
listed in Table 4, where the 6th order polynomial function is
advantageous through parametric model training.

The standard deviations in the 𝑧-axis direction for epochs
3 and 9 are 2.0 and 1.8mm, respectively, according to Table 3,
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Table 3: Uncertainties during segmentation with unit mm.

X Y Z
P methods

E3
C(X) 1.53𝑒 − 02 ⋅ ⋅ ⋅ ⋅ ⋅ ⋅
C(Y) 8.21𝑒 − 03 5.29𝑒 − 03 ⋅ ⋅ ⋅
C(Z) 6.33𝑒 − 03 3.07𝑒 − 03 3.86𝑒 − 03
SD 3.92 2.31 2.00

E9
C(X) 1.32𝑒 − 02 ⋅ ⋅ ⋅ ⋅ ⋅ ⋅
C(Y) 7.02𝑒 − 03 4.82𝑒 − 03 ⋅ ⋅ ⋅
C(Z) 4.31𝑒 − 03 2.04𝑒 − 03 3.38𝑒 − 03
SD 3.61 2.23 1.80

B methods
E3

C(X) 8.00𝑒 − 04 ⋅ ⋅ ⋅ ⋅ ⋅ ⋅
C(Y) −1.15𝑒 − 05 4.37𝑒 − 04 ⋅ ⋅ ⋅
C(Z) 2.37𝑒 − 04 −2.36𝑒 − 04 4.56𝑒 − 04
SD 0.89 0.66 0.68

E9
C(X) 1.06𝑒 − 03 ⋅ ⋅ ⋅ ⋅ ⋅ ⋅
C(Y) −3.13𝑒 − 05 5.00𝑒 − 04 ⋅ ⋅ ⋅
C(Z) −3.88𝑒 − 04 −1.86𝑒 − 04 5.05𝑒 − 04
SD 1.00 0.71 0.71

Table 4: Improvement analysis.

Ratio (%) Epoch X Y Z
Improvement by B-spline approximation

Whole curve E3 92.42 91.98 91.72
E9 89.49 89.34 89.21

Segmentation E3 77.07 71.25 66.24
E9 72.22 67.87 60.52

Improvement by segmentation

P methods E3 89.60 86.23 88.58
E9 85.45 80.46 86.13

B methods E3 68.51 50.66 53.43
E9 61.54 41.10 49.24

and are obviously improved compared to the approximation
of the whole boundary curve.

Similarly, the segmentation curve is fitted by the B-
spline function. The uncertainties of the approximation are
shown in Table 3, where the standard deviation in the 𝑧-
axis direction for epochs 3 and 9 corresponds to 0.68 and
0.71mm, respectively. The fittings are improved based on the
segmentation approximation.

Based on the uncertainties analysis in Tables 2 and 3, the
standard deviation could be abstracted as in Table 4, which
describes the degree of optimization of the B-spline fitting
compared with the polynomial approximation.

Table 5: Technical parameters of employed TLS.

Measurement range 0.4–79m
Scan speed up to 1016727 points/sec
Range noise at 10m

Reflectivity 10% (black) 1.2mm rms
Reflectivity 20% (dark grey) 0.7mm rms
Reflectivity 100% (white) 0.4mm rms

Distance resolution 0.1mm
Linear error (50m) 1mm

According to the analysis, the optimization of segmenta-
tion is shown in Table 4, where both the polynomial and B-
spline have a better approximation precision after segmen-
tation. However, the segmentation improvement using the
polynomial curve is more significant, with the magnitude of
increase from 80.46 to 89.60% for the polynomial compared
to from 41.10 to 68.51% for the B-spline.

It is also revealed that curve fitting results have a close
relation with the accuracy and reliability of the scanned point
clouds. The TLS employed is Imager Z + F 5006, whose
scanning precision parameters are listed in Table 5. In this
experiment, the laser scanner stands about 5m away from
the arch, and the arch with shadow can be considered as grey,
whichmeans that the range noise is 0.7mm. It agrees with the
result of B method of segmentation.

5. Conclusion

This paper focuses on the comparative analysis of the B-
spline and polynomial approximation based on the extrac-
tion of multidimensional data which are collected by TLS
during deformation analysis. An innovativewindow selection
method is adopted to efficiently extract the edge data of the
arch structure, where the partial and statistical distribution
of the scanned point clouds are considered. An optimal
extraction is chosen from the aspect of noise and blank of the
extracted point clouds.

The B-spline and polynomial approximation are pre-
sented and analyzed with four cases, where conclusions can
be drawn as follows:

(a) For the experiment in this paper, the uncertainty
ranking of the four cases is segmentation with B
method (less than 1mm), whole curve with Bmethod
and segmentationwith Pmethod (1-2mm) andwhole
curve with P method (10–20mm).

(b) It is verified experimentally, through comparing the
standard deviations of the two fitting methods, that
the B-spline has a more satisfactory fitting precision,
where the standard deviation of the whole edge curve
of the B-spline fitting is about 90% better than the
polynomial approximation.

(c) However, in the case of segmented fitting, the accu-
racy improvement of the B-spline is not as much
as the polynomial approximation. It is revealed that
the B-spline has an advantage of better accuracy
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in complex situations, but it is also implied that
the polynomial approximation can greatly improve
the fitting accuracy by segmentation, simplifying the
complex case.

It is indicated that, in the approximation of curves during
deformation monitoring with TLS measurement, segmenta-
tion method can be adopted, where efficiency of polynomial
and B-spline could be combined to construct a fast and
accurate 3D model.
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