

ABSTRACT
Advanced Vision-Based Displacement Sensors for Structural Health
Monitoring
Dongming Feng
Most existing structural health monitoring (SHM) techniques are based on measured
acceleration data. Such practice, however, is highly expensive to operate, mainly due to
cumbersome, time-consuming and expensive installation of sensors and their data
acquisition systems. As an emerging noncontact method, the vision-based displacement
sensor systems have attracted significant research interests and offered a promising
alternative to the conventional sensors for SHM. However, most existing vision-based
sensors require physical access to the structure to install a predesigned target panel,
which has a higher contrast and thus is easier to track. Besides, most studies are carried
out in controlled laboratory environments. The accuracy and robustness of vision sensors
in the outdoor field conditions have not been fully investigated. It is also noted that
current researches are mainly focusing on the measurement performance evaluation of
vision sensors, without discussing the use of the measured displacement data for SHM.
This dissertation develops a high-precision vision sensor system for remote and realtime measurement of multipoint structural displacements by tracking natural targets on
structural surfaces. Two sets of software packages are developed respectively based on
two advanced template matching algorithms (i.e., the upsampled cross correlation and the
orientation

code

matching)

incorporated

with

different

subpixel

techniques.

Comprehensive experiments, including laboratory shaking table tests and field bridge
tests, are carried out to evaluate its performance. Satisfactory agreements are observed
between the displacements measured by the proposed vision sensor and those measured
by high-performance reference displacement sensors. Moreover, this study examines the
robustness of the vision sensor against ill environmental conditions such as dim light,

background image disturbance and partial template occlusion.
This dissertation further explores the potentials of the vision sensor for fast and
inexpensive SHM applications, by demonstrating the usefulness of the displacement data
for experimental modal analysis, finite element (FE) model updating, damage detection,
etc. For a three-story frame structure, the modal analysis shows that the obtained natural
frequencies and mode shapes from displacement measurements by using one camera
match well with those by using four accelerometers. In fact, the vision sensor can achieve
smoother mode shapes which would make damage localization more accurate, while the
resolution of mode shapes from accelerometers is limited by the sensor number. This has
been demonstrated from the damage detection result of beam structures based on the
mode shape curvature (MSC) index. To address the needs for monitoring aging railway
and highway bridges, coupled train-track-bridge and vehicle-bridge FE models are firstly
developed to study the dynamic interactions between bridges and moving trains/vehicles.
Subsequently, a time-domain model updating approach for railway bridges is proposed
based on the in-situ measurement of the bridges’ dynamic displacement histories by the
proposed vision sensor. This dissertation further proposes a bridge damage detection
procedure that utilizes vehicle-induced displacement response and the MSC index
without requiring prior knowledge about the traffic excitation.
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Chapter 1
Introduction
The introductory chapter presents the background, objective, literature review as well as the outline of the dissertation.

1.1 Background and objective
Civil engineering structures including buildings and bridges are exposed to various external loads
such as traffic, gust and earthquake during the operational lifetime. Monitoring structural static
and dynamic displacements can provide quantitative information for both structural safety
evaluations and maintenance purposes. Such practice, however, is highly expensive to operate,
mainly due to cumbersome, time-consuming, and expensive installation of sensors and their data
acquisition systems. Sensors currently available for measuring structural displacements can be
classified as contact-type (e.g., LVDT) and noncontact-type (e.g., GPS, laser vibrometer and radar
interferometry system) sensors [1-8]. The contact sensor requires the access to the object structure
to install the sensor and physically connect it to a stationary reference point, which is often difficult
or even impossible to locate. The GPS sensors are easier to install but the measurement accuracy
is limited, usually with errors between 5 and 10mm [1-4]. The noncontact laser vibrometer is
generally accurate. But the limited measurement distance prevents its applications in monitoring
civil engineering structures because longer distance measurement requires the use of a highintensity laser beam that would endanger human health [4, 6]. The interferometric radar system
allows remote measurements with a good resolution. However, it requires reflecting surfaces
mounted on the structure [5]. Therefore, most of the existing structural health monitoring (SHM)
system are usually equipped with accelerators and/or strain sensors [9-14].
As an emerging technique, noncontact vision-based displacement measurement systems,
which extract displacements from video images through the template matching techniques, have

Chapter 1. Introduction

attracted significant research interests and offered a promising alternative to the conventional
displacement sensors [1-3, 15-34]. However, the following four concerns poses limitations in its
practical application: (1) Most vision-based displacement sensors require a predesigned highcontrast target panel, which need to access the structure to install the target panel. (2) The adopted
template matching techniques gives displacement with integer-pixel resolution since the minimal
unit in a video image is one pixel. Although in many applications the pixel-level accuracy is
adequate, it is often far from the required in case of small structural vibrations. (3) Most existing
vision sensor systems can only be used for post-processing the recorded video files, and cannot
perform real-time displacement measurement, which limits its application for long-term
continuous online monitoring. (4) It’s well-known that the accuracy of the template matching
techniques is largely dependent on the image quality, which is often difficult to guarantee in
outdoor field environmental conditions such as illumination variation, partial target occlusion,
partial shading, and background disturbance, etc.. To my best knowledge, the robustness of vision
sensors against these ill conditions has not been fully investigated. Moreover, most of the existing
vision sensor studies are focusing on the sensor performance evaluation, without discussing the
use of the measured displacement data for SHM.
The objective of this dissertation is to systematically explore the potentials of the vision sensor
for fast and inexpensive SHM, by developing the capabilities of real-time multi-point
measurements using natural targets on the structural surface based on different template matching
techniques, experimentally investigating the sensor performance under normal and ill
environments, and demonstrating the usefulness of the displacement data for SHM, including
experimental modal analysis, finite element (FE) model updating, damage detection, etc.

1.2 Literature review
1.2.1 Vibration-based structural health monitoring
SHM can be defined as the process of implementing a damage identification strategy for civil,
aerospace and mechanical engineering infrastructure, etc. Herein, damage is referred to as changes
to the material and/or geometric properties of a system, which could adversely affect its current or
future performance [35]. Over the last few decades, considerable efforts have been made toward
2
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vibration-based damage detection techniques [35-43]. The basic principle is that any structural
damage or degradation would result in changes in structural dynamic responses and the
corresponding modal characteristics. The vibration-based damage detection techniques can be
categorized as the time-domain or frequency-domain based methods.
Carden and Fanning [44] presented an extensive literature review of the damage detection
techniques based on changes in the frequency-domain modal properties, such as natural
frequencies, mode shapes and its curvatures, modal flexibility and its derivatives, modal strain
energy, and frequency response function, etc. All these methods have achieved satisfactory
performance in numerical and experimental studies [37, 44-51]. For example, Kim and Stubbs [52]
proposed a technique to locate and quantify a crack in beam-type structures based on a single
damage indicator by using changes in natural frequencies. Lee et al. [37] presented a neural
network-based method for element-level damage detection using mode shape differences between
the intact and damaged structures. Pandey et al. [51] proposed for the first time that mode shape
curvature, which is the second derivative of the mode shape, is a sensitive indicator of damage.
On the other hand, a variety of damage detection techniques, such as the extended Kalman
filter (EKF), the unscented Kalman filter (UKF), the particle filter (PF), and the least square
estimation (LSE), etc., have been developed based on time-domain analysis by minimizing errors
between the simulated and measured responses [37, 53-58]. For example, Soyoz and Feng [53]
developed and applied the EKF to instantaneously identify different extents of element stiffness
reduction of a large-scale bridge model damaged by seismic shaking table tests. Chatzi and Smyth
[57] compared the efficiency of the UKF and PF for structural identification of a three degree-offreedom nonlinear system.
In recent years, model updating methods based on heuristic algorithms, in particular, genetic
algorithm (GA), particle swarm optimization (PSO), artificial neural network (ANN), differential
evolution (DE) and artificial bee colony (ABC), have gained increasing attention, due to their
distinguished global optimization performance [37, 55, 59-61]. For example, Lee et al. [37]
presented a ANN-based damage detection method for bridge structures utilizing the differences of
the mode shape components between before and after damage. Chou and Ghaboussi [61] presented
a GA-based method for location and magnitude detection of structural damages by using a small
number of simulated measured static displacements.
3
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It is noted that: (1) Most existing SHM techniques for damage detection/identification are
based on measured acceleration or strain records, the measurement of which requires mounting an
array of sensors on the structure. One main bottleneck lies in that the spatial resolution of the
obtained mode shapes depend on the total number of deployed sensors, which may result in less
accurate damage localization. In addition, considerable measurement time and effort are required
if wired sensors are employed. (2) For the SHM of bridge structures, in most cases, bridge
responses subjected to ambient white noises, earthquake excitations or artificial impacts are
utilized. There are needs to identify bridge damages based on vehicle/train-induced displacement
responses from the coupled vehicle-bridge or the train-track-bridge interaction system.

1.2.2 Noncontact vision-based sensor system for displacement measurement
As an emerging noncontact method, the vision-based systems offer a promising alternative to the
conventional displacement sensors. For example, Stephen et al. successfully utilized a visual
tracking system to measure the low frequency movement of a bridge [29]. Olaszek developed a
method for investigating dynamic characteristics of bridges based on the photogram-metric
principle [30]. Whabeh et al. developed a video camera with the targets consisted of black steel
sheets, on which two high resolution red lights (LED) were mounted to measure displacement of
the Vincent Thomas Bridge located in Sam Pedro, California [31]. Lee and Shinozuka [16] and
Fukuda et al. [1] developed a low-cost vision-based displacement sensor system, in which a target
panel with a predesigned high-contrast pattern is attached to a structure, and the structural
displacement time history is extracted by processing the captured video images of the target panel.
Ho et al. [32] presented a multipoint vision-based system, which can support two camcorders at
the subsystem level. Myung et al. [33] proposed a multiple paired structured light system which
consists of cameras and lasers to directly measure the relative displacement between two locations
on the structure, and the improved system could be applied for 6-DOF displacement measurement
[23]. All these vision-based displacement sensors require a predesigned target panel.
The noncontact vision-based displacement measurement systems are primarily enabled by the
template matching/registration techniques. In the implementation, an initial area is defined as a
template in the first image of a sequence of video frames. The template can be located in the
successive images using the template matching technique. Thus the displacement in pixels is
4
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obtained, which can be further transformed into physical displacement in millimeters through a
scaling factor.
Effective template matching techniques used for existing vision sensors include digital image
correlation (DIC), pattern matching, optical flow, Hough transforms, random sample consensus
(RANSAC), edge detection, sum of squared differences, scale-invariant feature transform (SIFT),
orientation code matching (OCM), etc. [3, 17, 18, 20, 26, 34]. For example, Busca et al. [17]
developed a vision-based displacement sensor system using three template matching algorithms,
namely, pattern matching, edge detection and DIC. The vision sensor was used to measure the
vertical displacement of a railway bridge by tracking high-contrast target panels fixed to the bridge.
Song et al. [20] measured the displacement of a cantilever beam from a vision sensor by extracting
markers using subpixel Hough transforms from video images. Kim et al. [18] proposed a visionbased monitoring system using DIC to evaluate the cable tensile forces of a cable-stayed bridge.
Ribeiro et al.[3] measured the dynamic displacement of a railway bridge utilizing the RANSAC
algorithm. On the basis of a robust orientation code matching (OCM) algorithm, a vision sensor
system was developed for real-time displacement measurement by tracking natural targets on the
structural surface, which eliminates the requirement for physical access to structures to install
artificial target panels [2, 26].
To improve the measurement precision, different subpixel registrations have been incorporated
into the template matching algorithm. The interpolation technique is the most commonly used
subpixel approach, examples of which includes intensity interpolation, correlation coefficient
curve-fitting or interpolation, phase correlation interpolation and the geometric methods [62-64].
Subpixel registration can also be formulated as an optimization problem and solved through
heuristic algorithms such as genetic algorithm, artificial neural network algorithm, and particle
swarm optimization, etc. [65, 66]. There are also other subpixel techniques that are based on
Newton-Raphson method [67] and gradient-based methods [68].
Noteworthy, most of the existing vision sensor studies focus on the sensor performance
evaluation. The potentials of vision sensors for SHM applications have yet to be explored.

1.3 Outline of the dissertation
The primary objective of this dissertation is to develop an advanced noncontact vision-based
5
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sensor for multi-point structural displacement measurement. Moreover, laboratory and field
experiments as well as numerical studies are carried out to explore its potential applications for
low-cost SHM (i.e., experimental modal analysis, FE model updating and damage detection) on a
wide range of structures, including frame structure, simply beam structure, railway bridge and
vehicle-bridge interaction systems. A flowchart of the dissertation is given in Figure 1.1.

Figure 1.1: Flowchart of the dissertation
In Chapter 2, a novel noncontact vision sensor for multipoint real-time displacement
measurement is developed based on two advanced subpixel template matching techniques: the
upsampled cross correlation and the orientation code matching. The performance of the vision
sensor is first evaluated through laboratory shaking table tests by tracking either high-contrast
artificial targets or low-contrast natural targets on the structural surface such as bolts and nuts.
Excellent agreements are observed between the displacements measured by the single camera and
those measured by conventional displacement sensors. This study further examines the robustness
of the proposed vision sensor against ill environmental conditions such as dim light, background
image disturbance, and partial template occlusion. Significant advantages of the proposed vision
sensor include its low cost (a single camera to remotely measure structural displacements at
multiple points without installing artificial targets) and flexibility to extract structural
displacements at any point from a single measurement.
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In Chapter 3, to evaluate the accuracy of the vision sensor in outdoor field environments, tests
are carried out on two railway bridges and a pedestrian bridge. Firstly, field tests were carried out
on railway bridges subjected to freight trainloads traveling in various speeds. Measurements were
remotely taken not only during the daytime but also at night from different distances with and
without a target panel. Through comparison with a conventional contact-type displacement sensor,
the high accuracy of the proposed vision sensor was confirmed. From the measured displacement
time histories, frequency-domain characteristics associated with the train-bridge systems were
further analyzed, confirming the capability of the vision system in measuring high-frequency
components. The accuracy of the vision sensor in frequency domains is further confirmed through
tests of a pedestrian bridge.
In Chapter 4, while existing studies on vision sensors mostly focus on the measurement
performance evaluation, the potentials of vision sensor for low-cost SHM applications are
experimentally explored through model updating of a three-story frame structure and damage
detection of simply beam structures. The modal analysis results based on the measurements by the
vision sensor agree well with that based on reference accelerometers. Moreover, the identified
modal parameters are used to update the FE model of the frame structure and detect damages of
the simply beam structure.
In Chapter 5, a model updating approach for railway bridges is proposed using time-domain
optimization based on in-situ measurement of the bridges’ dynamic displacement histories under
trainloads by the proposed vision sensor. A finite element model of the bridge is developed
considering the train-track-bridge dynamic interactions. Sensitivity analysis is carried out to
investigate the intrinsic effects of parameters of the train, track and bridge subsystems on the
dynamic response of the bridge. The proposed model updating approach is applied to the shortspan bridge to first identify the train speed followed by the bridge stiffness by minimizing the error
between the measured and computed displacement time histories. Furthermore, this chapter
investigates the frequency characteristics from both the measured and computed displacements.
The proposed periodic displacement measurement and time-domain FE model updating can be
developed into an effective tool for long-term SHM of short-span railway bridges.
In Chapter 6, a bridge damage detection procedure is proposed by utilizing vehicle-induced
displacement responses without requiring prior knowledge about the traffic excitation and road
7
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surface roughness. This numerical study is partially motivated by promising damage detection
results of the simply beam in Chapter 4. Vehicle-bridge interaction analysis shows that when
subjected to moving vehicles, the bridge displacement response is dominated by the first-order
mode component. This justifies the proposed damage detection method that only requires the firstorder mode shape curvature. Numerical simulations are carried out to investigate the feasibility
and performance of the proposed damage detection method using three damage scenarios
including damage at single, double and multiple locations, each involving several extents of
damage defined by the reduction in element stiffness. Furthermore, the damage detection
performance is evaluated for cases involving different classes of road surface roughness and less
measurement points. The study demonstrates the potential of the proposed model-free and timeefficient method for damage detection of bridge structures.
In Appendix, another challenging engineering problem is studied. A new method is proposed
to simultaneously identify bridge structural parameters and vehicle dynamic axle loads of a
vehicle-bridge interaction system from a limited number of acceleration measurements. As an
inverse output-only identification problem, the estimation of unknown axle loads is incorporated
in the framework of an iterative parametric optimization process, wherein the objective is to
minimize the error between the measured and predicted system responses. A Bayesian inference
regularization is presented to solve the ill-posed least squares problem for input axle loads.
Numerical analyses of a simply-supported single-span bridge and a three-span continuous bridge
are conducted to investigate the accuracy and efficiency of the proposed method. Effects of the
vehicle speed, the number of sensors, the measurement noise, and initial estimates of structural
parameters on the accuracy of the identification results are investigated, demonstrating the
robustness and efficiency of the proposed algorithm Finally, it is shown that the bridge dynamic
response can be accurately predicted using the identified axle load histories and structural
parameters.
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Chapter 2
Development of Vision-Based Sensor for
Structural Displacement Measurement and
Laboratory Evaluation
In this chapter, a noncontact vision sensor for simultaneous measurement of structural displacements at multiple
points using one camera is developed based on two advanced template matching techniques respectively. The
performance of the developed vision sensor is evaluated through laboratory shaking table tests. This chapter is
reproduced from the paper titled “A Vision-based sensor for noncontact structural displacement measurement“, coauthored with Maria Q. Feng, Ekin Ozer and Yoshio Fukuda, which was published in the journal of Sensors [69], and
the paper titled “Vision-based multi-point displacement measurement for structural health monitoring”, co-authored
with Maria Q. Feng, which was published in the journal of Structural Control and Health Monitoring [70].

2.1 Introduction
Sensors currently available for measuring structural displacements can be classified as contacttype (e.g., LVDT) and noncontact-type (e.g., GPS, laser vibrometer and radar interferometry
system) sensors [1-3, 5, 6, 15, 71-73]. The contact sensor requires physical access to structures to
install the sensor and connect it to a stationary reference point, which is often difficult or even
impossible to locate. Moreover, these sensors need to be wired to external devices for data
acquisition and power-supply, making the installation even more cumbersome, time-consuming
and costly. The GPS sensors are easier to install but the measurement accuracy is limited, usually
with errors in the range of 5mm and 10mm [1-3, 15]. The noncontact laser
vibrometer/displacement sensor is generally accurate, but it is not only costly but also has limited
measurement distance (typically less than five meters) because longer distance measurement
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would require the use of a higher-intensity laser beam that endangers human health [6, 15]. The
interferometric radar system allows remote measurements with a good resolution, but requires
reflecting surfaces mounted on the structure [5].
To cope with these problems, noncontact vision-based displacement measurement systems,
which extract displacements from video images through the template matching techniques, have
attracted significant research interests [1-3, 15-28]. For example, Lee and Shinozuka [16] and
Fukuda et al. [1] developed a low-cost vision-based displacement sensor system, in which a target
panel with a predesigned high-contrast pattern is attached to a structure, and the structural
displacement time history is extracted by processing the captured video images of the target panel.
Lee et al. [24] verified the feasibility of a synchronized multiple vision-based system for
displacement measurement through tests of a three-story frame model and a five-story frame tower.
Ribeiro et al.[3] measured the dynamic displacements of a railway bridge using a target panel and
achieve a high accuracy for a measurement distance up to 15 meters. To eliminate the requirement
for accessing the structural to install target panels, the template matching algorithms were
improved and succeeded in tracking natural targets on the bridge surface for displacement
measurement [2, 26].
It’s well-known that the accuracy of the template matching techniques is largely dependent on
the image quality, which is often difficult to guarantee in outdoor field environmental conditions
such as illumination variation, partial target occlusion, partial shading, and background
disturbance, etc. To our knowledge, the robustness of vision sensors against these ill conditions
has not been fully investigated. Among the many existing template matching algorithms [3, 17, 18,
20, 26, 34], in this chapter, the vision sensor developed are based on two representative techniques:
upsampled cross correlation (UCC) and OCM. UCC is essentially one kind of DIC, which utilizes
the cross correlation by means of Fourier transform in the spatial domain of images, while OCM
is based on the gradient information of the image intensity in the form of orientation code. The
robustness of the two typical methods would be evaluated by comparing their performances in
both normal and ill environmental conditions.
In practice, one major concern for the vision sensor system is the measurement accuracy.
Template matching technique usually gives displacement with integer-pixel resolution since the
minimal unit in a video image is one pixel. Although in many applications the pixel-level accuracy
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is adequate, it is often far from the required in case of small structural vibrations. To improve the
measurement precision, incorporating the subpixel registration into the template matching
algorithm is regarded as the best choice. The interpolation technique is most commonly used
subpixel approach, examples of which includes intensity interpolation, correlation coefficient
curve-fitting or interpolation, phase correlation interpolation and the geometric methods [62-64].
Subpixel registration can also be formulated as an optimization problem and solved through
heuristic algorithms such as genetic algorithm, artificial neural network algorithm, and particle
swarm optimization, etc. [65, 66]. There are also other subpixel techniques that are based on
Newton-Raphson method [67] and gradient-based methods [68].
This chapter is organized as follows: in Section 2.2, the hardware system and basic principle of
the vision sensor system are introduced, and the determination of scaling factor is discussed;
Section 2.3 introduces the software development of the vision sensor system; Section 2.4 and
Section 2.5 evaluate the performance of the proposed vision sensor through shaking table tests;
Section 2.6 investigates and discusses the robustness of the visions sensor; Section 2.7 concludes
this study.

2.2 Proposed vision sensor system: hardware and basic principle
2.2.1 Hardware of the vision sensor system
As tabulated in Table 2.1, the proposed vision sensor system simply consists of a video camera, a
zoom lens and a notebook laptop. During the test, the camera equipped with the lens is fixed on a
tripod and placed at a remote location away from the structure. The camera is connected to a laptop
installed with the real-time image-processing software. It is noteworthy that setting up the vision
sensor, including focusing the lens on the targets, takes only a few minutes.

2.2.2 Basic principle for displacement measurement
The underlying principle of the vision sensor for displacement measurement is the template
matching technique. Figure 2.1 shows the basic procedure of the vision sensor implementation. In
the implementation, an initial area to be tracked is defined as a template in the first image of a
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sequence of video frames. The template can be located in the successive images using the template
matching technique. To reduce computational time, the searching area could be confined to a
predefined region of interest (ROI) near the template’s location in the previous image.
Table 2.1: Technical specifications of the proposed vision sensor system
Component

Model

Technical specifications
Maximum resolution: 1280×1024
Frame rate: 150 FPS
Chroma: Mono
Sensor type: CMOS

Video camera

Pixel size: 4.8m
Point Grey/FL3-U3-13Y3M-C

Lens mount: C-mount
Interface: USB3.0

Focal length: 9 to 90mm
Maximum Aperture: F1.8

Optical lens

Mount: C-mount

Kowa/LMVZ990 IR

Intel(R) Core(TM) i7-2620M CPU @
2.70GHz
8192 RAM

Laptop computer

250 HDD
Sony /PCG-41216L

Tripod and Accessories

14.1" Screen

Tripod, USB3.0 type-A to micro-B cable, etc.

In practice, one main challenge, i.e., the measurement accuracy, is always present. Since the
minimal unit in a video image is one pixel, integer-pixel displacement can be easily obtained from
template matching. Although in many applications pixel-level accuracy is adequate, it is often far
from the required in case of small structural vibrations. In general, three measures can be taken to
improve the measurement accuracy: (1) increasing the resolution of the camera sensor (CCD or
CMOS), a direct method to improve the accuracy when the targeted area is fixed; (2) utilizing an
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image magnification element to zoom in, as a result the measured area would accordingly decrease;
and (3) implementing sub-pixel registration techniques [74, 75]. Measures (1) and (2) are to reduce
the pixel-level resolution or scaling factor (in mm/pixel) by upgrading the hardware, while
measure (3) is cost-free and regarded as the best choice to improve the measurement accuracy for
a given vision sensor system.

Figure 2.1: Procedure of vision sensor implementation

2.2.3 Scaling factor determination
In order to obtain structural displacements from the captured video images, the establishment of
the relationship between the pixel coordinate and the physical coordinate is required (e.g., with
units of mm/pixel). As shown in Figure 2.2(a), when the image plane is parallel to the object
surface, the scaling factor in the translational direction (x axis) can be determined by:

SF 

d known
d
D
or SF  known
d pixel  d pixel
i
I known
d known
f

(2.1)

i
where d known is the known physical length on the object surface, d known
and I known are the

corresponding physical length and pixel length at the image plane respectively with
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i
d known
 I known d pixel , d pixel

is the pixel size (e.g., in m/pixel), D is the distance between the camera

and the object, and f is the focal length.

Figure 2.2: Scaling factor determination: (a) optical axis perpendicular to object surface, (b) optical
axis non-perpendicular to object surface
Thus the scaling factor can be obtained from one of the two methods: (1) be estimated from the
known physical dimension on the object surface and its corresponding image dimension in pixels
(i.e., d known and I known ); (2) be estimated based on the intrinsic parameters of the camera as well as
the extrinsic parameters between the camera and the object structure (i.e., D, f and d pixel ).
However, the prerequisite of Eq. (2.1) is the perpendicularity of the camera’s optical axis to the
object surface. Thus all points on the object surface have equal depth of fields [8, 76]. Such a
requirement would impose some difficulties in the practical implementations because small
magnitude of camera misalignment angle can be unnoticed during the experiment setup especially
when the object distance from the camera is relatively large. Moreover, in outdoor field tests, it is
sometimes unavoidable to tilt the camera optical axis by a small angle in order to track the
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measured object surface.
Figure 2.2(b) shows a schematic when the camera optical axis is tilted about the normal
directions of the object surface by an angle θ. Assume line AB is known dimension on the object.
x A and xB are the coordinates of the two points, and I Ai and I Bi are the corresponding pixel

coordinates at the image plane. The scaling factor can be estimated by:

SF1 

x A  xB
I Ai  I Bi

(2.2)

From the triangular geometry, x A and xB can be expressed as:

xA 

DxiA
DxBi
,
x

B
f cos2   xiA cos  sin 
f cos2   xBi cos  sin 

(2.3)

where xiA  I Ai d pixel and xBi  I Bi d pixel are the coordinates at the image plane. When  is small
( sin   0 ), and xiA

f and xBi

f , the scaling factor in Eq.(2.2) can be further estimated and

simplified in terms of the intrinsic camera parameters and the extrinsic parameters between the
camera and the object structure:

DxiA
DxBi
1 
D
SF2  i

d pixel


i
2
i
2
i
I A  I B  f cos   xA cos  sin  f cos   xB cos  sin   f cos 2 

(2.4)

For example, if point C in Figure 2.2(b) has a small translation  along the x axis at the object
surface, the “true displacement” is:

  xC  ( xC  ) 

DxCi
DxCi , 

f cos2   xCi cos  sin  f cos2   xCi ,  cos  sin 

(2.5)

where xCi  ICi d pixel and xCi ,  ICi , d pixel are the coordinates of point C before and after translation at
the image plane.
From the scaling factors SF1 in Eq.(2.2) and SF2 in Eq.(2.4), the “measured displacement” can
be estimated by 1  ( ICi  ICi ,  )SF1 or 2  ( ICi  ICi ,  )SF2 . In order to quantify the error resulting
from camera non-perpendicularity, numerical studies are conducted. The measurement errors from
the

two

scaling

factors

can

be

defined

as:

Error  1   / 100%

and

Error  2   / 100% . The adopted parameters are: camera with 640×512 pixel resolution,
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d pixel  4.8μm , I Ai  200 and I Bi  160 , D=10m. Point C has a 1 pixel translation in the image

plane from ICi  100 to ICi ,  99 . The effects of the optical axis tilt angle and lens focal length are
investigated by considering a variable range and the results are shown in Figure 2.3. It can be seen
that the error increases as the tilt angle increases and the error is inversely related to the focal
length. In sum, it could be concluded that in most practical applications the measurement errors
from small optical tilt angles are acceptable. Although this study is based on the 1D (x axis) inplane translation, the conclusions can be equally extended to the 2D in-plane translation.

Figure 2.3: Error resulting from camera non-perpendicularity: (a) Effect of optical axis tilt angle
(f=50mm), (b) Effect of focal length of lens (θ=3 ͦ )
It is also found from the numerical study that for a fixed camera setup, the measurement error
from scaling factor SF1 would decrease when the measurement point C gets closer to the known
dimension AB. Especially, the error is minimized when the measurement point is located within
the region of known dimension. For scaling factor SF2 in Eq.(2.4), errors would further arise from
the uncertainties in the tilt angle estimation, camera distance measurement and focal length
readings from the adjustable-focal-length lens.
In the laboratory and field tests of this study, scaling factor SF1 is adopted, which is obtained
from Eq.(2.2) based on the known physical dimension on the object surface (e.g., the size of
artificial target panels or the size of the nuts and rivets known from the design drawings) and the
corresponding image dimension in pixels. It is noted that camera calibration according to Zhang
method [77] would reduce the effect of lens distortion [78, 79], which is however not carried out
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in this study.

2.3 Proposed vision sensor system: software development
The vision sensors are proposed based on two sets of advanced template matching schemes, i.e.,
UCC and OCM, which are incorporated with subpixel techniques and developed into software
packages for real-time extraction of multi-point displacement histories from video images.
The programming environment for the software package is Visual Studio 2010 using C++
language. During measurement, the FlyCapture Software Development Kit (SDK) by Point Grey
Research is used to capture video images from Point Grey USB 3.0 cameras using the same
application programming interface (API) under 32- or 64-bit Windows 7/8 operating system. Then
the frame-by-frame image are processed by the template matching algorithm and displayed on the
screen using DirectShow library. Efforts have been made to reduce the image processing time to
realize real-time online measurement. A user-friendly interface has been built into the software
package. Thus the measured displacement history would be shown on the screen in real time and
saved to the computer. The online measurement avoids the time-consuming and memory-intensive
task of saving huge video files. However, a tradeoff among measurement points, video resolution,
maximum frame rate per second and template sizes is necessary. On the other hand, the developed
software can also be used for post-processing the recorded video files, which enables the flexibility
to extract structural displacements at more points from a single recording.

2.3.1 Template matching technique I: OCM
In the OCM scheme, orientation code representations of both the object and template images are
constructed from the corresponding gray intensity images. In this way, each pixel represents an
orientation code obtained by quantizing the orientation angle at the corresponding pixel position
in the original images [2, 80].
Let an image is represented by I ( x, y ) and the horizontal and vertical derivatives as

I x  I / x and I y  I / y , respectively. For the discrete version of the image, orientation
angle  i, j is computed by using the function as i, j  tan 1 (I y / I x )[0, 2 ] . The orientation
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code can be obtained by quantizing  i, j into N levels with a constant width V . The orientation code
is defined as below using the Gaussian notation:
 i, j 


 V
ci, j     
 N = 2

V


, if  I x   I y  

(2.6)
, otherwise

where, 𝛤 is a pre-specified threshold level for ignoring the low contrast pixels. An example of the
orientation codes is depicted in Figure 2.4(a), corresponding to a quantization width of Δθ= π/8.

(a) Orientation codes

(b) Sub-pixel analysis

Figure 2.4: Sub-pixel OCM technique
For image I and template T, the dissimilarity index is defined as [2, 80]:

Dm,n 

1
M

 d O i, j  ,O i, j 
I m,n

T

(2.7)

I m,n

where OIm ,n and OT are the orientation code images of the sub image and the template respectively,
M is the size of the template, (m, n) shows the position of the sub image in the scene, and d () is
the error function based on an absolute difference criterion [2]:
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min  a- b ,N  a- b  , if a  N  b  N

N
d  a,b   
, if a  N  b  N
4
, if a  N
0


(2.8)

The matching similarity is defined as:
Sm,n  1  Dm,n

(2.9)

Figure 2.5: Flowchart of vision sensor based on OCM
The displacement can be obtained by locate the optimal position (m, n) which yields maximum
similarity. Figure 2.5 presents the vision sensor procedures based on the OCM scheme. In order to
further increase the measurement accuracy, the OCM algorithm is performed with a sub-pixel
resolution accuracy by interpolating the obtained orientation angle with a bilinear interpolation.
As illustrated in Figure 2.4(b), the interpolated orientation angle θ is obtained as follows:

   (11  (1   )10 )  (1   )(01  (1   )00 )

(2.10)

where θ00, θ01, θ10, and θ11 are the orientation angles surrounding the grid point P. The relative
coordinate (α, β) represents the position in a sub-pixel resolution. The range of each axis is [0, 1].

2.3.2 Template matching technique II: UCC
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In the second software implementation, the vision sensor is developed based on UCC, a subpixel
template matching method proposed by Guizar-Sicairos et al. [81]. Consider a pair of images
f ( x, y) and t ( x, y ) with identical dimensions M  N , among which, t ( x, y ) has a relative

translation from the reference image f ( x, y) . The cross correlation between f ( x, y) and t ( x, y) by
means of Fourier transform can be defined as:

  ux uy  
RFT ( x0 , y0 )   f ( x, y)t  ( x  x0 , y  y0 )  F (u, v)T  (u, v) exp i2  0  0  
N 
x, y
u ,v
 M

(2.11)

where the summations are taken over all image points ( x, y) ; ( x0 , y0 ) is an amount of coordinate
shift; ‘*’ denotes complex conjugation; F (u, v) and T  (u, v) represent the discrete Fourier
transform (DFT) of their lowercase counterparts, for example

F (u, v)  
x, y

f ( x, y )

 ux uy  
exp  i 2    
MN
 M N 


(2.12)

Figure 2.6: Flowchart of the UCC implementation
From Eq.(2.11), an initial displacement estimation with pixel-level resolution can be easily
acquired by locating the peak of RFT . Subsequently, cross correlation based on a time-efficient
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matrix-multiplication discrete Fourier transform (DFT) is performed in a neighborhood around the
initial peak to achieve a subpixel resolution.
Figure 2.6 shows the flowchart of the vision sensor based on the subpixel UCC, described as
follows:
Step I: Pixel-level rough search. Compute the cross correlation between the image to register
and the reference image by means of Fourier transform, and the initial displacement can be
estimated from the correlation peak;
Step II: Subpixel fine search. Compute the cross correlation in a 1.5×1.5 pixel neighborhood
around the initial estimate by an upsampling factor of  . Thus a subpixel resolution within 1/ 
of a pixel is achieved by searching the peak in this (1.5 ,1.5 ) neighborhood. For example, by
setting   10 , a 0.1 subpixel accuracy can be achieved.
In Step II, instead of computing a zero-padded FFT, a matrix-multiplication DFT operation is
implemented by the product of three matrices with dimensions (1.5 , N ) , ( N , M ) and (M ,1.5 ) .
The algorithm complexity for this upsampling subpixel search is O(MN ) , while complexity of
FFT upsampled by zero-padding F (u, v)T  (u, v) is O(MN log 2 ( M )   log 2 ( N )) . The
substantial improvement dramatically reduces computational time and memory requirement
without sacrificing accuracy, making possible of real-time displacement measurement.

2.4 Performance evaluation: shaking table test
The accuracy of the proposed vision-based sensor system in measuring dynamic displacements
was firstly evaluated through a shaking table test in the Carleton Laboratory at Columbia
University. The shaking table, shown in Figure 2.7, was driven by two types of dynamic signals in
the horizontal direction: the sinusoidal signals of 1Hz through 20Hz, and a seismic ground motion
recorded during the 1941 El Centro Earthquake. While a pre-designed black and white target panel
(48 mm×34 mm) fixed on the shaking table was used as the target for measuring the sinusoidal
motion, an existing feature, nuts on the table, was used as the target for measuring the seismic
motion. Both the target panel and the existing feature are shown in Figure 2.7. The developed
vision sensor equipped with a 90 mm lens was placed at a stationary position, 3.6 meters away
from the shaking table. The camera captures the video images of the target at a sampling rate of
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150 frames per second. The scaling factor for the vision sensor is 0.432 mm/pixel. At the same
time, the displacement was also measured by a high-accuracy, high-precision LVDT with a
sampling frequency of 500 Hz (Model 0222-0000 by Trans-Tek Inc.), which was installed between
the shaking table and a stationary reference point.

Figure 2.7: Setup of shaking table test

(a) 1Hz sinusoidal signal

(b) 5Hz sinusoidal signal

(c) 10 Hz sinusoidal signal

(d) 20 Hz sinusoidal signal

Figure 2.8: Comparison of sinusoidal displacements measured by LVDT and vision sensor (OCM)
with target panel
Figure 2.8 plots the displacement time histories measured by the vision sensor based on OCM
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and the LVDT under sinusoidal excitations with different frequencies: 1Hz, 5Hz, 10Hz, and 20Hz.
It is noted that the amplitude of the sinusoidal displacement significantly decreases from 10mm to
1mm, as the shaking frequency increases. Despite the small amplitudes at the high frequencies,
the displacements measured by the vision-based system agreed well with those measured by the
highly accurate and precise LVDT.
Figure 2.9 shows a comparison between the displacements measured by the vision sensor based
on OCM and the LVDT under the seismic excitation. Instead of the target panel, an existing feature,
the nuts on the table as shown in Figure 2.7, was used as the target for tracking. An excellent
agreement is observed between the measurements by the LVDT and the vision sensor without
using the special target panel.

Figure 2.9: Comparison of earthquake displacements measured by LVDT and vision sensor (OCM)
without target panel
To quantify the accuracy and precision of the vision-based sensor, error analysis is performed
using the normalized root mean squared error (NRMSE).

1 n
( xi  yi )2

n i 1
NRMSE=
100%
ymax  ymin

(2.13)

where n=number of measurement data; xi and yi  ith displacement data at time ti , measured by
the vision sensor and the LVDT, respectively; and ymax  max( yi ), ymin  min( yi ) .
Based on Eq.(2.13), errors between the displacement time histories measured by the LVDT
and the vision sensor based on OCM are computed and tabulated in Table 2.2 for each of the
sinusoidal excitations. As shown in the table, the error increases as the excitation frequency
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increases and the vibration amplitude decreases. Despite the low amplitude of vibration (merely
1mm in the 10Hz and 20Hz vibration tests), the vision sensor demonstrated a high accuracy by
achieving low measurement errors in terms of the RMSE and NRMSE (3.40% or less), in
comparison with the high-accuracy LVDT.
Table 2.2: Measurement errors in shaking table tests
Sinusoidal frequency (Hz)

Sinusoidal amplitude(mm)

NRMSE

1.0

10

0.30%

5.0

2

1.40%

10.0

1

2.20%

20.0

1

3.40%

2.5 Performance evaluation: shaking table test of a frame structure
The performance of the proposed vision sensor is further evaluated through a shaking table test of
a scaled three-story frame structure in the Carleton Laboratory at Columbia University, as shown
in Figure 2.10. The aluminum frame structure is bolt-connected for all the column-floor
connections.

2.5.1 Shaking table test setup
During the testing, the shaking table (Model# APS113 by APS Dynamics Inc.) is driven by white
noise signals. Four predesigned black and white artificial targets (99 mm×75 mm) are mounted
on the structure for motion tracking. Meanwhile, four bolt connections are used to study the
performance of the vision sensor to track natural targets on the structure. As references, the
displacements are also measured by four high-accuracy laser displacement sensors or LDSs
(Model#LK-G407 by KEYENCE), which are installed between each floor of the frame model and
stationary reference points.
The visions senor system is placed 8 meters away from the shaking table. During the
measurement, video images captured by the camera are digitized into 640×512 pixel images in 8
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bit grey scales and streamed into the computer through an USB 3.0 cable. Before testing, the
processing time for each video frame by the developed software should be obtained to determine
the maximum frame rate for real-time measurement. In this test, four small areas from the artificial
targets and four bolt-connection areas at all floors are simultaneously registered as templates. It
is observed that a total time of 5.6ms is needed for each video frame, including the reading and
preparing, template matching and image displaying time. Thus, real-time displacement time
histories at eight measurement points can be simultaneously measured with a sampling rate of 150
fps.

Figure 2.10: Laboratory test: (a) Shaking table test setup, (b) Vision sensor system setup

2.5.2 Subpixel resolution performance
Pixel-level template matching may result in unacceptable measurement errors if the displacement
to be measured has same order of magnitude as the scaling factor. In this case, the subpixel
technique should be adopted to make template matching fall at a fractional pixel location. To better
understand how the subpixel technique improves the measurement precision, displacements
extracted from video images by tracking the artificial target on the base floor are used as a
demonstration. Four subpixel levels, namely, levels of one integer pixel, 0.5 pixel, 0.2 pixel and
0.05 pixel are chosen, with the corresponding resolutions tabulated in Table 2.3. Recall again, a
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desired subpixel resolution can be easily achieved by simply adjusting the upsampling factor  in
the UCC implementation. In this testing, the scaling factor is 1.338mm/pixel, providing ±
0.669mm resolution.
As shown in Figure 2.11(a), for the integer-pixel resolution (1.338 mm), the displacement errors
between the vision sensor and LDS can be observed clearly. On the other hand, after employing
different levels of subpixel analysis, the displacement by the vision sensor agrees better with that
by LDS as the resolution improves (with NRMSE errors (by Eq.(2.13)) of 6.41%, 3.80%, 1.73%,
and 1.35% respectively for the four zoom-in segments in Figure 2.11).
Table 2.3: Different levels of subpixel resolution
Subpixel (pixel)

1

0.5

0.2

0.05

Resolution (mm)

± 0.669

±0.335

±0.134

±0.034

Figure 2.11: Subpixel resolution evaluation
It is noted that in the ideal case where video images have no distortion or noise, larger
upsampling factor  would yield smaller error. However, the subpixel accuracies reported in many
studies vary within orders of magnitude from 0.5 to 0.01 pixel [62, 82], as images may be
contaminated by various external environmental noises and system noises arising from the
electronics of the imaging digitizer. For the following tests in this study,   20 is selected.

2.5.3 Performance evaluation by tracking artificial targets
To simplify the expressions, in this study, UCC and OCM denote not only the two template
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matching schemes but also the vision sensor based on UCC and OCM, respectively. The reference
laser displacement sensor is simply denoted as LDS.

Figure 2.12: Comparison of displacements by OCM (artificial target), UCC (artificial target) and
LDS: a) Base displacement, b) 1st floor relative displacement, c) 2nd floor relative displacement, d)
3rd floor relative displacement
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Figure 2.13: Comparison of displacements by OCM (natural target), UCC (natural target) and LDS:
a) Base displacement, b) 1st floor relative displacement, c) 2nd floor relative displacement, d) 3rd
floor relative displacement
To evaluate the time-domain performance of the vision sensor, displacements are measured by
tracking both high-contrast artificial targets and low-contrast natural targets (i.e., bolt connections)
and compared with those by LDSs. The measurements are respectively termed as UCC (artificial
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target), OCM (artificial target), UCC (natural target), OCM (natural target), and LDS.
The four artificial targets in Figure 2.10 are first used as the tracking target for the vision sensor.
Figure 2.12(a) plots the displacement time histories of the base floor by OCM, UCC and LDS,
respectively. Excellent agreements are observed among the three measurements. In Figure
2.12(b)~(d), the plotted displacements of 1st, 2nd, and 3rd floors are relative to the base displacement
shown in Figure 2.12(a), and only enlarged time segments between 1s to 5.5s are presented for
better illustration. It is noted that the scaling factor for the vision sensor in the testing is
1.338mm/pixel, meaning the expected maximum error is 0.669mm from pixel-level template
matching. However, since the subpixel technique is adopted for both OCM and UCC to increase
the measurement accuracy, the vision sensor can accurately capture the small relative
displacements ranging from 0 to 3mm.
On the other hand, the small discrepancies among the relative displacements in Figure 2.12(b)
may be caused by the following reasons: 1) the camera vibration caused by ground vibration can
affect the measurement accuracy when camera is placed away from the measurement structure
(zoom lenses magnifies not only the images but also the camera vibration); 2) different
measurement locations are used since the vision sensor is targeting the front of each floor of the
structure while LDS measuring the side of each floor, as shown in Figure 2.10; 3) the measurement
error existed in the base floor by vision sensor can be accumulated into the 1 st floor relative
displacement. However, as seen from the 2nd and 3rd floor relative displacements in Figure 2.12(c)
and (d), the discrepancies are reduced as the relative vibration amplitude increases.

2.5.4 Performance evaluation by tracking natural targets
Instead of using artificial targets, the existing natural targets, i.e., the four bolt connections on the
frame structure as shown in Figure 2.10, are used as the tracking targets. Compared with the results
using artificial targets, the corresponding discrepancies in the relative displacement of each floor
between the vision sensor and LDS are slightly larger when using natural targets. This can be
observed by comparing Figure 2.13(b)~(d) with Figure 2.12(b)~(d). It is mainly attributable to the
increased difficulty in tracking the existing natural target, which has lower contrast than the
artificial target. However, considering the small vibration amplitude in the relative displacement,
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the errors are acceptable. And it is expected that the errors would decrease as the amplitude of the
relative vibration increases.
It is noted that by tracking the natural target without requiring an artificial target installed on a
fixed location of the structure, the vision sensor provides the flexibility to easily change locations
for displacement measurement, thus further facilitating the testing process.

2.5.5 Error quantification
Table 2.4 tabulates the measurement NRMSE errors for each floor of the frame structure computed
from Eq.(2.13). The proposed vision sensor by both OCM and UCC demonstrates a high
measurement accuracy with a maximum NRMSE error of 0.72%. It is noted that to avoid error
accumulation from base floor, the errors for 1st, 2nd and 3rd floor are calculated from the absolute
displacement measurements rather than the relative ones.
Table 2.4: Measurement errors: NRMSE (%)
OCM

UCC

Floor
Artificial target

Natural target

Artificial target

Natural target

Base

0.35

0.72

0.39

0.60

1st

0.24

0.56

0.28

0.45

2nd

0.21

0.43

0.27

0.35

3rd

0.14

0.35

0.18

0.32

2.6 Robustness evaluation
In realistic field environments, various ill conditions such as illumination fluctuation, partial target
occlusion, or background disturbance are often encountered. To investigate the robustness of the
vision sensor under harsher environmental conditions, four testing cases are conducted under a
1Hz shaking table sinusoidal excitation, as illustrated in Figure 2.14: Case 1: measurement by
tracking the artificial target in normal light; Case 2: measurement by tracking a bolt connection in
normal light; Case 3: measurement by tracking a bolt connection in dim light to simulate
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illumination fluctuation and background disturbance; and Case 4: measurement by tracking a bolt
connection to simulate partial template occlusion.

Figure 2.14: Evaluation of robustness against ill conditions
Figure 2.15 and Figure 2.16 show the comparisons between the displacements measured by
UCC and OCM by remotely tracking the artificial target (Case 1) and the bolt connection (Case
2), respectively. Good agreements are observed and displacements can be accurately measured by
both UCC and OCM. For example, in the contour of the correlation function by UCC at the time
instant of 2.5s, a small maximum appears at the true template matching position in Figure 2.15(b)
and a shaper and more distinct peak is presented in Figure 2.16(b).
In Case 3 of measurement in dim light, an area of bolt connection on the frame structure, which
has low texture contrast compared with the blurred background image, is selected as a template.
As can be observed in Figure 2.17(a), the vision sensor by UCC completely fails to track the
template while the vision sensor by OCM still works well. For instance, the contour of the
correlation function by UCC at the time instant of 2.5s presents a broad of a sequence of peaks,
making it impossible to find the right template matching location.
In Case 4, an aluminum frame is placed at the lower-right corner, which has similar texture
with the selected bolt connection template, as shown in Figure 2.14. Part of template would be
occluded when the structure is moving to the right. Again, as shown in Figure 2.18(a), the vision
sensor by UCC fails to track the template during the partial template occlusion. For example, in
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the contour of the correlation function by UCC at the time instant of 2.0s, multiple peaks are
available whose maximum is not located at the right matching point.
(a)

(b)

Artificial target

Figure 2.15: Case 1 comparison: (a) Displacements by OCM and UCC; (b) UCC cross correlation
function contour

(a)

(b)
Natural target

Figure 2.16: Case 2 comparison: (a) Displacements by OCM and UCC; (b) UCC cross correlation
function contour

(a)

(b)
Natural target

Figure 2.17: Case 3 comparison: (a) Displacements by OCM and UCC; (b) UCC cross correlation
function contour
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(a)

(b)
Natural target
Occluded

Figure 2.18: Case 4 comparison: (a) Displacements by OCM and UCC; (b) UCC cross correlation
function contour
To sum up, OCM is more robust in the case of the abovementioned ill conditions. It is
reasonable since UCC utilize the image intensity values for template matching which relies on the
image quality, while OCM employs the gradient information in the form of orientation codes
which is inherently invariant to variations in image intensity and thus more robust when
irregularities are present.

2.7 Conclusion
In this study, a novel noncontact vision sensor for simultaneous multi-point displacement
measurements using one camera is developed based on two different subpixel template matching
techniques, i.e., UCC and OCM. Efforts have been made to reduce the image processing time to
realize real-time online measurement. A user-friendly interface has been built into the software
package for easy operation. The following conclusions can be drawn:
(1) The shaking table tests demonstrated the high accuracy of the vision sensor in measuring
low-amplitude (1mm~10mm), high-frequency (1Hz~20 Hz) vibration in laboratory. From the
shaking table test of a frame structure, excellent agreements are observed between the multi-point
displacement time histories by the vision sensor by tracking either high-contrast artificial targets
or low-contrast natural targets on the structure and those by reference laser displacement sensors,
with a maximum NRMSE error of 0.72%.
(2) Investigations of the robustness of the vision sensor indicate that, in case of ill conditions
such as illumination fluctuation, partial template occlusion, or background disturbance which are
frequently encountered in field tests, the vision sensor based on OCM is more reliable than UCC
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since the employed orientation codes are inherently invariant to variations in the image intensity.
Significant advantages of the proposed vision sensor include its low cost, ease of operation,
and flexibility to extract structural displacements at any points from a single measurement. It is
noted that in field applications for large-scale structures, displacements along the whole structure
can be simultaneous measured by using multiple synchronized cameras targeting different sections
of the structure.
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Chapter 3
Performance Evaluation of Vision-Based Sensor
through Field Tests of Bridge Dynamic
Responses
In this chapter, the performance of the developed vision-based displacement sensor is further evaluated through field
tests, including testing of two railroad bridges and a pedestrian bridge. It’s demonstrated that the vision-based sensor
would make the measurement fast, inexpensive, and highly practical in bridge field tests. This chapter is reproduced
from the paper titled “Non-Target Vision Sensor for Remote Measurement of Bridge Dynamic Response”, coauthored with Maria Q. Feng, Yoshio Fukuda and Masato Mizuta, which was published in the ASCE Journal of Bridge
Engineering [26].

3.1 Introduction
Bridge static and dynamic responses are important indices for in-service structural condition
assessment. Over the last few decades, traffic loads on the US highway and railway networks have
increased due to higher transport efficiency and demands from the continually growing economy.
This accelerates the deterioration process of the aging bridge structures and poses inspection,
maintenance, and management demands. In particular, as a railway bridge ages, deteriorates, and
loses its stiffness, its deflections under train live loads increases, which can potentially cause track
instability and loss of contact between the rail and train wheels. Excessive deflections also
accelerate fatigue in bridge structures, causing significant safety concerns. Therefore, deflection is
considered one of the most important quantities that need to be monitored in a railroad bridge. A
survey by Moreu and LaFave of North American railroad bridge structural engineers revealed a
consensus that the top research priority is to measure real-time bridge displacements under
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trainloads, which could provide quantitative information for bridge maintenance [83].
However, conventional displacement sensors suffer from limitations in one form or another. It
is highly difficult and costly, if not impossible, to install conventional contact-type displacement
sensors such as LVDT, which require a stationary reference point. GPS cannot accurately measure
vibrations with an amplitude of several millimeters [84], as is often the case for short-span railroad
bridges. As a non-contact method, the vision-based systems offer a promising alternative to the
conventional displacement sensors. Whereas the non-contact, vision-based remote displacement
measurement has a significant advantage over the conventional contact sensors, the need to access
the structure to install the target panel lowers the advantage. Moreover, without a high-contrast
target marker and robust image processing algorithm, it is highly difficult to accurately extract
dynamic displacements when the images are taken in the field where the shading, lighting, and
background conditions change.
In Chapter 2, the robustness of the developed vision sensor based on the OCM algorithm has
been experimentally demonstrated. In this chapter, its performance would be further evaluated
through field tests of bridge structures. In Section 3.2, measurement results are presented, analyzed
and discussed for the field tests of two railroad bridges subjected to moving trainloads. This study
has also explored, for the first time, the potential of using a vision-based sensor system for bridge
displacement measurement at night. Finally, the measured displacement time history data were
analyzed to unveil the frequency characteristics associated with the train-bridge systems. In
Section 3.2, field tests are carried out on a pedestrian bridge, through which the accuracy of the
vision sensor in frequency domains is further confirmed in realistic field environments. Section
3.3 concludes the study of this chapter.

3.2 Field Tests and performance evaluation at two TTCI railway bridges
It is important to evaluate the performance of the vision-based sensor system in the field where
lighting conditions change. In collaboration with Transportation Technology Center, Inc. (TTCI),
field tests were performed during the daytime and at night to remotely measure dynamic
displacements of two TTCI testbed bridges, one with a state-of-the-art hybrid composite beam
(HCB) girder and the other with steel girders. Figure 3.1 shows the two bridges, each having two
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spans. The span of the100-year old riveted steel girder bridge is 16.9 m long, and the HCB bridge
span is 12.8 m long. The field tests focused on the measurement of the vertical displacements of
these two spans at the mid-span points and comparison between the displacements measured by
the vision-based sensor with and without a target panel and by a conventional LVDT. It is highly
desired to measure the mid-span vertical displacement of a railroad bridge under trainloads, as it
reflects the structural stiffness.

Figure 3.1: View of the two testbed bridges

3.2.1 Test setup and test scenarios
For the field tests, two sets of the proposed vision sensor system were used, each equipped with a
160 mm lens and connected to a notebook computer installed with the real-time image processing
software based on OCM, as shown in Figure 3.2. Each camera was fixed on a tripod and set up at
a remote location away from the bridge. One camera was focused on a high-contrast artificial target
panel and the other on an existing natural target on the bridge surface next to the target panel. The
artificial target panel was installed on the mid-span measurement point of the bridge, for
comparison with the surface natural targets. Light-emitting diode (LED) lights were also installed
on the bridge as natural targets for the measurements at night. Figure 3.3 shows the target panel
and various surface natural targets including rivets and letters, and the LED lights on the bridge,
which were used as measurement targets. As a reference sensor, a conventional contact-type
displacement sensor, an LVDT, was installed on the mid-span of the bridge with one end connected
to a stationary reference point on the ground through a string.
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(a) Setup of field tests

(b) Schematic representation of position between the camera and the bridge girder

(c) Remote measurement of bridge displacement under moving trainloads

Figure 3.2: Field tests of the two railway bridges
It is noted that setting up the cameras, including focusing the lenses on their respective targets,
took less than five minutes. The quick setup is another significant advantage of the vision-based
sensor system.
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In order to evaluate the sensor performance under various field conditions, the tests were
conducted according to the following scenarios: (1) Measurement using both the pre-installed
artificial target panel and the existing surface natural targets on the bridges under trainloads with
different traveling speeds: 40.23 km/h and 64.36 km/h; (2) Measurement at different distances
from the bridge: 9.15 m, 30.48 m, and 60.96 m; (3) Measurement of the steel bridge at night, with
the artificial target panel or bridge’s existing surface natural targets illuminated by a flashlight, as
shown in Figure 3.3(b); and (4) Measurement using the surface-attached LED lights shown in
Figure 3.3(c) in the dark night condition.

(a) HCB bridge

(b) Steel bridge

(c) LED lights for night measurement

Figure 3.3: Target panel and existing features on testbed bridges
Table 3.1: Test conditions of eight representative measurements
Bridge

HCB
bridge

Steel
bridge

Measurement

Train speed

distance (m)

(km/h)

Light
Condition

H1

9.15

40.23

Day

Artificial & Natural targets

0.94

H2

30.48

40.23

Day

Artificial & Natural targets

1.90

H3

30.48

64.36

Day

Artificial & Natural targets

1.88

H4

60.96

64.36

Day

Artificial & Natural targets

3.83

S1

9.15

64.36

Night

Target panel

0.83

S2

9.15

64.36

Night

Natural target (Rivet)

0.78

S3

9.15

64.36

Night

Natural target (Letter)

1.20

S4

9.15

64.36

Night

Natural target (LED)

1.20

Test
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During the two-day tests, 41 sets of displacement time histories were measured. Among them,
representative measurements are presented in this paper, including four measurements made
during the daytime on the HCB and four at night on the steel bridge under flashlight or using the
LED target. The test parameters for the selected measurements are shown in Table 3.1. These
scaling factors were obtained based on the dimension of the target panels that were used for the
comparison purposes in this study. For field measurement without using an artificial target panel,
the known dimensions of the existing features on the target structure, such as size of the nuts and
rivets known from the design drawings, can be used to calibrate the scaling factor.
Two freight trains were used for the field tests. The train used for the day measurement - tests
H1~H4 - had one locomotive weighing 1.75×106 N and 15 cars weighing 1.40×106 N each. The
train used for the night measurement - tests S1~S4 - had three locomotives weighing 1.75×106 N
each, and 105 cars weighing 1.40×106 N each.

3.2.2 Displacement time histories of the HCB bridge
Measurements were taken during the daytime on the HCB bridge. Figure 3.4 through Figure 3.7
plotted the displacement time histories measured in tests H1 through H4 by the three sensor
systems: the LVDT and the two vision sensors - one targeting the pre-installed artificial target
panel (termed as “Artificial”) and the other the existing bridge surface natural features (termed as
“Natural”), shown in Figure 3.3. The measurement distance was varied at 9.15 m, 30.48 m, and
60.96 m, and the train speed 40.23 km/h and 64.36 km/h. For a better comparison, each figure
enlarges a segment of the time histories framed by a dotted window. In general the measurements
by the three sensors agree well. In particular, the displacements measured by the two vision sensors,
one using the pre-installed artificial target panel and the other the existing surface natural feature,
show little difference.

Figure 3.4: Test H1: Comparison of displacements by three sensors (Day)
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Figure 3.5: Test H2: Comparison of displacements by three sensors (Day)

Figure 3.6: Test H3: Comparison of displacements by three sensors (Day)

Figure 3.7: Test H4: Comparison of displacements by three sensors (Day)

3.2.3 Displacement time histories of the steel bridge
In order to investigate the potential of using the vision-based sensor system at night, measurements
S1~S4 were taken on the steel bridge. Test S1 was conducted at night by focusing the camera on
the pre-installed artificial target panel shown in Figure 3.3(b), which was illuminated by a
flashlight. Figure 3.8 plots the displacement time histories measured in tests S1 by the LVDT and
the vision sensor. Again, one segment of the time histories is enlarged for a better view. Tests S2
and S3 were carried out at night by focusing the camera on the rivets or the letters shown in Figure
3.3(b), which were also illuminated by a flashlight. The measured displacement time histories by
the vision sensor and the LVDT are shown in Figure 3.9 and Figure 3.10, respectively. Finally, test
S4 was carried out at night using the pre-installed LED lights, shown in Figure 3.3(c), without any
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additional illumination. Figure 3.11 compares the measured displacement time history with that
by the LVDT. It is noted that only small segments of the measured time histories are enlarged in
Figure 3.10 and Figure 3.11 for a more detailed view. The train used for the night tests was long
(including three locomotives and 105 cars) and traveled at 64.36km/h and as a result, the plot of
an entire response displacement time history (as shown in Figure 3.9) is difficult to view.
As shown in these plots, the displacement time histories measured at dark night for the various
test scenarios agree very well. This demonstrates the efficacy of the vision-based sensor system
for night measurement as long as a low-power light source such as a flashlight is available to
illuminate an existing bridge surface feature or an LED light is pre-installed on the bridge.

Figure 3.8: Test S1: Comparison of displacements by two sensors (Night)

Figure 3.9: Test S2: Comparison of displacements by two sensors (Night)

Figure 3.10: Test S3: Comparison of displacements (Night)
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Figure 3.11: Test S4: Comparison of Displacements (Night)

3.2.4 Field performance evaluation
The performance of the vision-based displacement sensor system is evaluated based on the field
test results. First, the measurement error of the vision-based sensor system is quantified by
comparing the displacements measured by the vision-based sensor and the LVDT. Then additional
observations are provided regarding the effects of various test parameters.

Figure 3.12: Schematic illustration of displacement peak
As can be seen from the entire and the enlarged segments of the test H1~H4 results in Figure
3.4 through Figure 3.7, there exists random time lag between displacements measured by the
vision-based sensor and LVDT. The differences are mainly caused by two factors. First, the windinduced sway of the LVDT string (between the bridge and the ground) may have caused
measurement error of LVDT. Secondly, two different clocks that were used for data acquisition of
the vision sensor and the LVDT caused the time lag between the two measurements. Specifically,
the vision sensor used the internal clock of the PC that acquired the data, while the LVDT had its
own data acquisition system. It is noted that the two data acquisition systems had a common trigger.
Therefore, it would be unreasonable to use the point-to-point error evaluation methods (e.g. RMSE
43

Chapter 3. Performance Evaluation of Vision-Based Sensor through Field Tests of Bridge Dynamic
Responses

and NRMSE defined in Section 3) to quantify measurement errors.
Instead, errors between displacement peaks measured by the different sensors are computed.
Figure 3.12 shows the schematic illustration of the displacement peaks measured by the three
sensor systems: the LVDT (denoted as “L”) and the two vision sensors - one using the pre-installed
artificial target (denoted as “A”) and the other the existing natural target (denoted as “N”) on the
bridge surface. Each car passage causes one cycle of bridge oscillation. For the HCB bridge, the
single locomotive and the 15 cars induced 17 displacement peaks, while for the steel bridge, the
three locomotives and the 105 cars caused 109 displacement peaks.
The error between the displacement peaks of “Artificial vs. LVDT” or “A vs. L” is defined as
(A-L)/L×100%, “Natural vs. LVDT” or “N vs. L” as (N-L)/L×100%, and “Natural vs. Artificial”
or “N vs. A” as (N-A)/A×100%. Based on this, the errors between the displacement peaks are
calculated and plotted in Figure 3.13 and Figure 3.14, respectively for the HCB bridge and the
steel bridge. Again it is worth noting that the accuracy of the LVDT deteriorated because of the
wind-induced string swaying.

Figure 3.13: Errors between peak displacements of test H1~H4 of the HCB bridge
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Figure 3.14: Errors between peak displacements of test S1~S4 of the steel bridge
Table 3.2: Errors between peak displacements measured by different sensors
Bridge
Type

HCB
bridge

Steel
bridge

Measurement
Test

Distance(m)

Maximum peak error (%)

Mean of absolute peak error (%)

A vs. L

N vs. L

N vs. A

A vs. L

N vs. L

N vs. A

H1

9.15

4.10

4.82

1.05

2.20

2.95

0.60

H2

30.48

5.20

6.50

2.83

2.27

2.19

1.39

H3

30.48

4.82

5.70

2.40

2.43

2.43

1.39

H4

60.96

16.42

19.16

12.91

5.71

6.40

4.95

S1

9.15

6.45

N/A

N/A

3.57

N/A

N/A

S2

9.15

N/A

7.98

N/A

N/A

4.48

N/A

S3

9.15

N/A

7.18

N/A

N/A

3.37

N/A

S4

9.15

N/A

6.53

N/A

N/A

3.79

N/A
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Furthermore, Table 3.2 tabulates measurement errors computed from the displacement peaks.
The three columns (A vs. L, N vs. L, N vs. A) under “Maximum peak error (%)” show the
maximum errors between the peak displacements. And the three columns under “Mean of absolute
peak error (%)” are the corresponding mean values of the absolute errors between the peak
displacements in Figure 3.13 and Figure 3.14.
Analyzing the field test results, the following observations can be made:
(1) Effect of the measurement distance. Often in the field, it is difficult to find a location close
to the target structure to set up the camera, resulting in a need to measure the bridge displacement
at a long distance. In general, the test results show that the measurement error increases as the
measurement distance increases. In field tests H1 through H3 when the measurement distance
varies from 9.15 m to 30.48 m, the errors between the measurements by the different sensors, as
shown in Table 3.2, are relatively small, with the maximum error in the range of 1.05 %~6.50%
and the mean error around 0.60%~2.95%. In test H4 when the distance increases to 60.96m, the
measurement accuracy deteriorates, as shown in both the maximum error in the range of
12.91%~16.42% and the mean error around 4.95%~5.71% .
(2) Performance of the vision-based sensor system without requiring a high-contrast
artificial target panel. From the results of tests H1~H3 shown in Figure 3.4 through Figure 3.6
and Table 3.2(column N vs. A), excellent agreements are observed between the measurements by
the vision systems with and without the artificial target panel. The maximum error is 2.83% and
the corresponding mean error is only 1.39% for test H2 in which the measurement distance is
30.48m. As the measurement distance doubles, the maximum error increases to 12.91% and the
mean error to 4.95%, due to the increased difficulty to track the existing natural target on bridge
surface that has a lower contrast than the marker on the target panel. These errors, however, may
be considered acceptable, if the bridge is difficult to access for the installation of a target panel.
Without requiring an artificial target panel that is installed at a fixed location, the sensor system
has the flexibility to change the displacement measurement location on the structure. This is an
additional advantage of the non-target vision sensor system.
(3) Night measurement. A vision-based sensor system requires light for measurement, which
limit its use. This study represents the first effort in field evaluation of the performance of a vision46
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based sensor system in remote measurement of bridge displacements at night. Figure 3.8 through
Figure 3.11 and Table 3.2 show the results of the four measurements made at night on the steel
bridge. As explained in Table 3.1, all the four measurements were made under the same conditions
by one camera except for the different targets: the pre-installed artificial target illuminated by the
flashlight, the existing natural target (the rivets) illuminated by the flashlight, the natural target
(the letters) illuminated by the flashlight, and the pre-installed LED light, which are shown in
Figure 3.3 (b) and (c). The results indicate that the maximum errors in all the measurements are
approximately 6.45%~7.98% in comparison with LVDT, with the mean errors 3.37%~4.48%. The
high measurement accuracy achieved in the night field tests demonstrates the capability of the
OCM algorithm in processing images taken in dim light conditions.
(4) Limitations of LVDT. A number of difficulties associated with the LVDT were observed in
the field tests. First, it took a long time to properly install the LVDT, due to the requirement of
connecting the sensor to a stationary reference point aligned with the direction of the displacement
as shown in Figure 3.1(a). This could be highly challenging for bridges crossing water or deep
canyons. Second, wind induced vibration of the LVDT string that connected the sensor with the
stationary reference point, degrading the measurement accuracy. In addition, the LVDT used in the
field tests was unable to measure high-frequency vibration, which is discussed in Section 6.
Additionally, during the field tests, two other problems are recognized, which would also
contribute to the measurement errors. Firstly, the camera vibrations caused by moving-traininduced ground motion can affect the measurement accuracy when the camera is placed far away
from the measurement target and zoom lenses magnifies not only the images but also the camera
vibration. This problem becomes more serious for the proposed compact and portable vision-based
displacement sensor system, because it is impossible to utilize stable concrete camera base fixture
to avoid the micro camera vibration. The second problem is the heat haze that occurs when the air
is heated, non-uniformly, by the high ambient temperature during the field testing. The nonuniformly heated air causes variation in its optical reflection index, resulting in image distortion,
which would cause more measurement errors as the measurement distance increases, because the
air thickness between the target object and the lens of the camera becomes large.
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3.2.5 Analysis of frequency characteristics
When interacting with heavy moving trainloads, railroad bridges exhibit unique frequency
characteristics. It is of interest whether the vision-based displacement sensor can capture such
characteristics. In this section, dominant frequencies of the train-bridge system are analyzed for
the steel bridge and compared with the measurements. The empirical mode decomposition (EMD)
technique is applied to extract high-order frequencies from the measured displacement time
histories.
Identification of dominant frequencies associated with train passage
As is stated in literature [85, 86], for a train passage with multiple wheel sets in each car, it is
suitable to define the frequencies arising from the overall trainloads as the “dominant frequencies”,
which can be expressed as:

f  nv / L, n  1, 2,3

(3.1)

where, n is the order of the dominant frequency; v is the train speed; L is the distance between two
car centers, as shown in Figure 3.15.

Figure 3.15: Bridge under a moving train

Figure 3.16: Displacement time history of test S4
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Figure 3.17: PSD plot of test S4
That is, the dominant frequencies are associated only with the speed and the car length of the
train. In the case of test S4 of the Steel bridge, v=17.88m/s; L=16.15m. From Eq.(3.1):

f  1.10n, n  1, 2,3

(3.2)

On the other hand, Figure 3.16 shows the displacement time history measured by the vision
sensor in test S4 on the steel bridge, and Figure 3.17 plots the power spectrum density (PSD)
computed from the measured displacement. Only one peak is clearly identified at 1.19 Hz, which
agrees with the theoretical 1st dominant frequency (1.10Hz) calculated in Eq. (3.2). Higher order
dominant frequencies and natural frequencies of the bridge are almost invisible in Figure 3.17
due to their much smaller amplitude compared with that of the 1st dominant frequency.
Extraction of higher order frequencies using the EMD technique
Table 3.3: Measured and theoretical dominant frequencies from test S4
Dominant frequency

1st

2nd

3rd

4th

5th

6th

7th

8th

Measured (Hz)

1.19

2.38

3.57

4.75

5.94

7.13

8.32

9.51

Theoretical (Hz)

1.10

2.20

3.30

4.40

5.50

6.60

7.70

8.80

In order to extract higher order frequencies from the displacement history, the EMD technique [87]
is adopted to process the recorded data. The EMD procedure decompose any complicated dynamic
response into a set of intrinsic mode functions (IMF), generally arranged in the order from high to
low frequencies. Since the sifting process can recover low-amplitude riding waves with repeated
siftings, it is expected that bridge frequencies of higher modes hardly visible in the PSD spectrum,
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can be made more visible in the first few IMFs associated with the higher-order frequency
components [88].

Figure 3.18: PSD of IMF components (C1 and C2)
The displacement time history in Figure 3.16 is decomposed using the EMD technique. The
PSD’s of the two IMF components, C1 and C2, are presented in Figure 3.18. From the plots, the
first dominant frequency at 1.19 Hz and other seven higher-order dominant frequencies are also
identified. Table 3.3 compares the measured results with the theoretical values from Eq. (3.2). In
general, they agree well, with some discrepancies likely caused by the fact that the train speed
may have not been precisely 64.36 km/h during the entire test S4. It is noted that none of these
high-order frequencies can be identified from the displacements measured by the LVDT. In other
words, the LVDT used in the field test has a limited sensitivity to high-frequency vibrations.

3.3 Field Tests of a pedestrian bridge
The Streicker Bridge is a pedestrian bridge located on the Princeton University campus, NJ, USA.
The bridge has a main span and four approaching legs. The main span is a deck-stiffened arch and
the legs are curved continuous girders supported by steel columns. This field tests are to study the
performance of the vision sensor in frequency domain. Two sets of dynamic loading tests are
carried out on the third span of the southeast leg. As shown in Figure 3.19, one artificial target and
one accelerometer (Model#W352C67 by PCB PIEZOTRONICS Inc.: Depew, NY, US) are
installed on the mid span. It is noted that the camera optical axis is tilted by an approximate angle
of 15° with respect to the normal direction of the bridge surface, However, in this field test, due to
the large height between ground and the bridge bottom surface, it is very difficult to install a
reference LVDT to compare the accuracy of the measured displacement time histories by the vision
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sensor.

Figure 3.19: Field test: (a) Streicker Bridge; (b) Artificial target

Figure 3.20: Randomly running of pedestrians: (a) Displacement by the vision sensor; (b)
corresponding PSD.

Figure 3.21: Randomly running of pedestrians: (a) Acceleration measurement; (b) Corresponding
PSD.
First, in order to apply dynamic loads with broadband frequency contents to the bridge, a group
of pedestrians ran on the bridge deck randomly with different, varying speeds, rhythms and
directions without any particular pattern. Figure 3.20 shows the displacement measurement from
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the vision sensor together with the power spectral density (PSD) result. Figure 3.21 plots the
acceleration measurement from the accelerometer and the corresponding PSD result. By
comparing the results, one dominant frequency can be clearly identified as 3.08 Hz from both
sensors, as well as two higher frequencies of 3.68 Hz and 4.47 Hz, respectively.
Secondly, the pedestrian participants jumped on the mid span of the bridge deck synchronically
with a frequency of around 3 Hz, which is close to the estimated first natural frequency of the
bridge. Figure 3.22 and Figure 3.23 plot the displacement and acceleration time histories obtained
respectively from the vision sensor and the accelerometer, together with corresponding PSD results.
Again, the identified frequencies based on the two sensors show excellent agreement. Therefore,
it is concluded that the same frequency components can be accurately obtained from the vision
sensor.

Figure 3.22: Jumping of pedestrians: (a) Displacement by the vision sensor; (b) Corresponding
PSD.

Figure 3.23: Jumping of pedestrians: (a) Acceleration measurement; (b) Corresponding PSD.

3.4 Conclusions
By implementing the robust OCM image processing algorithm, this chapter investigated the
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performance of the proposed vision sensor through bridge field tests. This study also represents
the first effort in field test of vision-based sensors at night.
Field tests carried out on the two railway bridges confirmed the efficacy of the vision sensors
in measuring dynamic displacements in realistic field conditions, including various measurement
distances (9m~61m) and illuminating conditions (day and night). Excellent agreements are
observed between the displacements measured by the vision sensors with and without the highcontrast target panel. The night measurement by targeting an existing natural target on the bridge
surface illuminated by dim flashlight or a pre-installed LED light achieved high measurement
accuracy, demonstrating the effectiveness of the OCM algorithm in processing low-light images.
In addition, the field tests showed the capability of the vision sensor to measure high-frequency
vibration components associated with the train-bridge dynamic system, which were not captured
by the LVDT reference sensor.
For a vision-based sensor system, the measurement accuracy decreases as the measurement
distance increases. This is particularly true when targeting a natural surface target, rather than a
pre-installed target panel that has a higher contrast and thus is easier to track. However, the
complete elimination of the need for a physical access to the structure presents a significant
advantage of the vision sensor system, particular for structures that are difficult to access. The
availability of such a high-performance remote sensor will facilitate cost-effective monitoring of
dynamic bridge responses and other civil engineering structures.
In fact, the vision sensor would be applicable to measure static deflections and dynamic
displacements of any structures. In future work, to further improve the measurement accuracy in
uncontrolled outdoor field environments, solutions should be proposed to reduce the errors caused
by the air heat haze and camera vibrations.
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Chapter 4
Vision-Based Multi-Point Displacement
Measurement for SHM: Laboratory Verification
Through laboratory experiments, this chapter studies the potentials of the vision sensor for low-cost SHM, i.e., modal
identification, FE model updating and damage detection. Part of this chapter is reproduced from the paper titled
“Vision-based multi-point displacement measurement for structural health monitoring”, co-authored with Professor
Maria Q. Feng which was published in the journal of Structural Control and Health Monitoring [70].

4.1 Introduction
Over the last few decades, considerable efforts have been made toward vibration-based SHM
techniques [35-43]. SHM can be defined as a process of damage detection and localization which
involves the expertise of sensor technology, data processing, structural modeling, identification
algorithm development, etc. The basic principle is that any structural damage or degradation would
result in changes in structural dynamic responses and the corresponding modal characteristics.
Doebling et al. [40] presented an extensive literature review concerning the detection, location
and characterization of structural damage based on changes in the frequency-domain modal
properties, such as modal frequencies, mode shapes and its curvatures, modal flexibility
coefficients, etc. Mode shape curvature (MSC) has been widely recognized as a damage-sensitive
index to detect local structural damage [51]. It is noted that most existing experimental modal
analysis (EMA) for modal information extraction are based on acceleration records, the
measurement of which requires mounting an array of accelerometers on a structure. One main
bottleneck lies in that the spatial resolution of the obtained mode shape depends on the total number
of deployed point-type sensors, which may result in less accurate damage localization. In addition,
considerable measurement time and effort are required if wired accelerometers are employed.
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Recently, novel video-based noncontact displacement measurement techniques have been
developed [1, 2, 20, 26, 69, 89]. It can achieve a measurement accuracy less than 0.1mm for both
lab and field tests. However, most of the existing vision sensor studies have still focused on the
sensor performance evaluation, without discussing the use of the measured displacement data.
Only a few attempts have been made towards applying this novel sensor for structural health
monitoring [20, 27, 70, 79]. For example, Dworakowski et al. [79] obtained the deflection curve
of small-scale laboratory beams by means of digital image correlation. Then two deflection shapebased algorithms evaluated for damage detections of the beams. Song et al. [20] presented a proofof-concept application of virtual visual sensor for damage localization in laboratory steel cantilever
beams.
Compared with accelerometers, obtaining mode shapes by vision sensor is expected to be more
convenient and more accurate since the multi-point dense displacement measurements from one
camera or multiple synchronized cameras would give smoother mode shapes. As an effort to
explore the potentials of the vision sensor for low-cost SHM, this chapter aims to experimentally
demonstrate the usefulness of the displacement data for structural modal analysis, FE model
updating and damage detection.
Specifically, Section 4.2 presents the modal analysis and FE model updating results of a smallscale frame structure from displacement measurements by the proposed vision sensor in Chapter
2. Performance is compared with those by conventional displacement and accelerometer sensors;
and Section 4.3 investigates its damage detection application for beam structures through MSCbased damage index.

4.2 Model updating of a three-story frame model
As introduced in Chapter 2, the time-domain performance of the proposed vision sensor for
dynamic displacement measurement has been experimentally evaluated through a shaking table
test of a scaled three-story frame structure in the Carleton Laboratory at Columbia University, as
shown in Figure 4.1. The aluminum frame structure is bolt-connected for all the column-floor
connections. The structural material and geometry parameters are summarized in Table 4.1. During
test, the shaking table (Model# APS113 by APS Dynamics Inc.) is driven by generated white noise
signal.
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Figure 4.1: Shaking table test setup of a frame structure
Table 4.1: Frame structure parameters
Column

Floor

Parameters

Value

Parameters

Value

Mass density (kg m3)

2700

Mass density (kg m3)

2700

Elastic Modulus (GPa)

69

Elastic Modulus (GPa)

69

Cross-section (mm2)

2.25×25

Area (mm2)

240×240

Length (mm)

200

Thickness (mm)

16.5

Recall again that four high-contrast artificial targets (99 mm×75 mm) are mounted on the
structure for motion tracking purpose, and meanwhile, four bolt connections are used to study the
performance of the vision sensor to track low-contrast natural targets on the structure, as shown in
Figure 4.1. As references, the displacements are also measured by four high-accuracy laser
displacement sensors (Model#LK-G407 by KEYENCE), which are installed between each floor
of the frame model and stationary reference points. Besides, four accelerometers
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(Model#W352C67 by PCB PIEZOTRONICS Inc.) are installed to each floor to further compare
the experimental modal analysis results.
Displacements are measured by tracking both high-contrast artificial targets and low-contrast
natural targets and compared with those by LDSs. UCC and OCM denote not only the two template
matching schemes but also the vision sensor based on UCC and OCM, respectively. The reference
laser displacement sensor is simply denoted as LDS. For demonstration, only the displacement
time histories of the base floor by the methods of OCM, UCC and LDS are shown in Figure 4.2
and Figure 4.3. See Chapter 2 for the displacement measurements of other floors.

Figure 4.2: Comparison of displacements by OCM (artificial target), UCC (artificial target) and
LDS: Base displacement

Figure 4.3: Comparison of displacements by OCM (natural target), UCC (natural target) and
LDS: Base displacement

4.2.1 Modal identification
Experimental modal analysis is carried out by using the stochastic subspace identification (SSI)
method [90]. Table 4.2 compares the three natural frequencies from displacement measurements
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by LDS, OCM (artificial target), OCM (natural target), UCC (artificial target) and UCC (natural
target) and from accelerations by accelerometers, respectively. It is observed that the frequency
differences among the LDS, the vision sensor and accelerometer are very small.

Figure 4.4: Comparison of mode shapes by accelerometers, LDS, OCM (artificial target) and
UCC (artificial target)

Figure 4.5: Comparison of mode shapes by accelerometers, LDS, OCM (natural target) and UCC
(natural target)
Figure 4.4 compares the three mode shapes by accelerometers, LDS, OCM (artificial target)
and UCC (artificial target), and Figure 4.5 compares the mode shapes by accelerometers, LDS,
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OCM (natural target) and UCC (natural target). They all match well with one another. It is noted
the mode shape is scaled to 1 with respect to a reference degree of freedom (herein, 3rd floor).
Compared with accelerometers, the vision sensor system is more convenient and cost-efficient
since experimental modal analysis can be easily enabled by the multi-point displacements remotely
measured from one camera.
Table 4.2: Comparison of identified natural frequencies
OCM

Natural
Freq. (Hz)

Artificial
target

Natural
target

Artificial
target

Natural
target

LDS

Accelerometer

1st
2

UCC

6.52

6.56

6.52

6.50

6.55

6.52

nd

19.44

19.56

19.43

19.53

19.49

19.35

rd

28.08

28.18

28.05

28.23

28.10

27.98

3

4.2.2 Finite element model updating
The FE model updating process can be considered as an optimization problem, the objective of
which is to find the best parameter estimate θ̂ of the unknown structural parameters



θ  1 , 2 ,

,  n



T

by minimizing the discrepancies between the numerical and experimental

modal data [91, 92]. Here, the objective function can be defined as the sum of weighted leastsquare errors [93]:

  θ   r  θ  Wr  θ 
T

(4.1)

where r (θ) is the residue vector and W is the weighting matrix, given by
r f  θ  
f

r θ   s
 ，W  diag (...,  i ,...,  i ,...)
 r θ 
with
 fi FEM  θ  - fi M 
r θ  

fi M


  l ,FEM  θ  il ,M 
r s  θ    ir ,FEM

 ,  l  r  , i  1, 2,....., nm 
 θ  ir ,M 
 i
f
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where r f  θ  and r s  θ  denote the frequency and mode shape residue vectors, respectively;
f i FEM and iFEM denote the ith numerical frequency and mode shape vector, respectively; f i M and iM

refer to the ith experimental frequency and mode shape vector, respectively;

 f and   are the
i

i

weighting factors for ith natural frequency and mode shape, respectively; nm are the number of
identified frequencies and mode shapes. In r s , the numerical and experimental mode shapes are
scaled to 1, with the indices l and r in iFEM and iM denoting an arbitrary and a reference degree of
freedom (DOF) in ith mode shape. "l  r " means that the reference DOF is not counted in the
residue vector. It is noted that in r f , relative differences are taken in order to have a similar weight
for each frequency.
In this study, the three natural frequencies and mode shapes identified in the previous section
are used to update the three inter-story stiffness θ  k1 , k2 , k3 of the frame structure. Therefore,
T

the residue vector r contains a total number of 9 residuals. Weighting factors of the residues
should be selected corresponding to their importance and measurement accuracy. In most cases,
experimental natural frequencies are more accurate than mode shapes and thus have a favorable
effect on the problem condition [93]. Here, a weighting factor of 1 is adopted for all frequency
residues and 0.1 for all mode shape residues. In the optimization process, the initial parameter
guess is set to be k1  k2  k3  1.8 104 N m . The optimization problem is solved by the
sensitivity-based damped Gauss-Newton optimization algorithm, described as follows:
(i) Choose initial guess θ(0) , select the non-negative numerical damping factor h (0) and set
the iteration number index s  0 .
(ii) Calculate the Jacobian matrix of the residual function using the central difference method:

 J r ij 

ri  θ( s ) 

(4.3)

 j

(iii) Update the parameter set:
θ( s 1)  θ( s )   J rT J r  h( s ) diag  J rT J r  J rT ri  θ( s ) 
1

(iv) Update the numerical damping factor h ( s ) using the adaptive tracking approach.
(v) Update the iteration index s  s  1 ;
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(vi) Repeat (ii)-(v) until the convergence criteria is met, e.g., the relative error of the objective
function is smaller than a tolerance value (e.g., 1106 ).
Table 4.3 tabulates the identified stiffness k1 , k2 and k3 from obtained modal data by OCM
(artificial target), OCM (natural target), UCC (artificial target) and UCC (natural target) and from
that by accelerometer, respectively. The differences of identified stiffness between the vision
sensor and accelerometer are very small. For illustration purpose, Figure 4.6 depicts the evolution
process of the identified stiffness by OCM (natural target) and UCC (natural target), respectively,
which show all three stiffness converge fast.

(a) OCM (natural target)

(b) UCC (natural target)

Figure 4.6: Stiffness optimization evolution

Table 4.3: Stiffness identification results (×104N/m)
Disp. (OCM)
Stiffness

Disp. (UCC)
Accelerometer

natural
target

natural
target

natural
target

natural
target

1st floor: k1

2.40

2.44

2.41

2.38

2.42

2nd floor: k2

2.51

2.54

2.58

2.50

2.54

3rd floor: k3

3.13

3.15

3.10

3.15

3.09
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4.3 Damage detection of beam structures
To verify the feasibility of the proposed vision sensor for structural damage detection, a proof-ofconcept study is conducted through hammer impact tests of scaled beam structures in the Carleton
Laboratory at Columbia University. The aim is to experimentally demonstrate the effectiveness of
the vision sensor with respect to: 1) measuring full-field displacement responses using one single
camera; and 2) investigating the practical vision-based SHM applications for structural damage
detection.

4.3.1 Laboratory test description

Figure 4.7: Test setup: (a) The experimental simply supported beam, (b) Vision sensor, and (c)
Schematic of intact and damaged specimens

Table 4.4: Parameters of the simply supported beam
Parameters

Value

Mass density

2700 kg m3

Elastic Modulus

69 GPa

Cross-section

101.6 mm ×4.76 mm
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As shown in Figure 4.7(a), the simply supported beam model is made from rectangular aluminum
sheet. The structural material and geometry parameters are summarized in Table 4.4. A pin support
at the left end allows the beam to rotate, but not to translate in both vertical and horizontal
directions. A roller support at the right end allows the beam to rotate and translate longitudinally.
The first two natural frequencies of the model are around 4.5Hz and 18.1Hz. As illustrated in
Figure 4.7(c), 30 predesigned black dots, numbered from 2 through 31, are attached along the
beam for motion tracking. For the damaged beam model, two saw-cut dents between point 16 and
17 are introduced to simulate a 20% stiffness reduction. During the measurement, video images
captured by the camera are digitized into 640×512 pixel images in 8 bit grey scales and streamed
into the computer through an USB 3.0 cable with a sampling rate of 150 frames per second. Details
of the vision sensor can be found in references [26, 69].

Figure 4.8: Displacement measurements at points 2 through 31

4.3.2 MSC based damage index
Pandey et al.[51] proposed the MSC-based method on the premise that, for a given moment applied
to a structure, a reduction of stiffness associated with damage will cause an increase in the mode
shape curvature, which can be calculated by the second-order central difference method as

q," j 

q 1, j  2q, j  q 1, j
h2

where h is the distance between the measurement coordinates,

(4.5)

q , j defines the modal displacement

for the j- th mode shape at the measurement coordinate q.
It is supposed that the damage information can be revealed by the peaks in the MSC changes
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between the damaged and undamaged structure, as given by
N

N

j 1

j 1

MSCq   q," j   q,",damaged
 q,",intact
j
j

(4.6)

4.3.3 Damage detection results
Hammer impact tests were carried out. The vibrations of both the intact and damaged beams were
respectively recorded using one camera. By processing the digital video images on the computer
with the developed image processing software, displacement time histories at points 2 through 31
can be obtained. It is noted that in this study, displacements are extracted from the developed vision
sensor based on the OCM algorithm. The 30 time histories along the intact beam for hammer hit
at point 4 of the intact beam are shown in Figure 4.8. Subsequently, the first two mode shapes of
the intact and damaged beam models can be extracted, as shown in Figure 4.9.

Figure 4.9: Identified first two mode shapes: (a) 1st mode shape, and (b) 2nd mode shape

Figure 4.10: Damage detection results: (a) MSC damage index, and (b) MMSC damage index
In Eq.(4.6), by setting N=2, the MSC and a modified mode shape curvature (MMSC) damage
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indexes can be calculated based the identified first two mode shapes as:
2

MSCq   q,",damaged
 q,",intact
j
j
j 1

2

and MMSCq   q,",damaged
 q,",intact
j
j

2

(4.7)

j 1

Thus, according to Eq.(4.7), the MSC and MMSC damage indexes are obtained and plotted in
Figure 4.10. It is indicated that the damage can be obviously localized from the peak in the MSC
or MMSC index.
It should be pointed out that the vision sensor can achieve smoother mode shapes while the
resolution of mode shapes from accelerometers is limited by the sensor number. Thus it can be
concluded that the vision sensor is a low-cost high-performance alternative to the conventional
accelerometers for experimental modal analysis.
It is noted that in practical applications for full-scale structures such as high-rise buildings or
long-span bridges, simultaneous measurements at multiple points along the whole structure are
needed. In such cases, a tradeoff between the measurement resolution and the field of view is
necessary. Optional solutions are either employing a higher-resolution camera sensor or using
multiple synchronized cameras targeting different sections of the structure. Besides, highfrequency vibrations can be measured by using high-speed cameras
4.4 Conclusions
While existing studies on vision sensors are mainly focusing on the measurement performance
evaluation, in this chapter, the potentials of vision sensor for low-cost SHM applications are
explored through FE model updating of a three-story frame structure and damage detection of
simply beam structure.
The experimental modal analysis of a three-story frame structure shows that the obtained
natural frequencies and mode shapes from measurements by using one camera match well with
those by using four accelerometers. Thus it can be concluded that the vision sensor is a low-cost
high-performance alternative to the conventional accelerometers for experimental modal analysis.
FE model updating based on the identified modal parameters demonstrates the potentials of the
vision sensor for vibration-based structural health monitoring.
The damage detection for beam structures based on vision-based multi-point displacement
measurements and the MSC index shows quite good results. In fact, the vision sensor can achieve
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smoother mode shapes which makes damage localization more accurate while the resolution of
mode shapes from accelerometers is limited by the sensor number.
The availability of such as a remote multi-point displacement sensor will facilitate costeffective SHM.
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Chapter 5
Model Updating of Railway Bridge Using In-Situ
Dynamic Displacement Measurement under
Trainloads
In this chapter, a FE model of the railway bridge is developed to simulate the train-track-bridge dynamic interactions.
A time-domain model updating approach is proposed based on the bridges’ dynamic displacement histories measured
by vision-based sensor. This chapter is reproduced from the paper titled “Model updating of railway bridge using insitu displacement measurement under trainloads”, co-authored with Maria Q. Feng, which was published in the
Journal of Bridge Engineering [27].

5.1 Introduction
The U.S. railway network is dominated by freight railroads, which transport over 40 percent of the
nation’s intercity freight. The freight railroad network including 76,000 bridges was largely built
100 years ago, and most of these bridges are still in service. Over the last few decades, traffic loads
have increased due to higher transport efficiency and demands from the continually growing
economy, making these bridges subjected to loads different from that they were designed to carry.
Besides, the bridge dynamic effects were not fully recognized at the time when these bridges were
designed. Therefore, there is an increasing concern and need to monitor the dynamic behavior of
the existing railway bridges [94].
Considerable efforts have been made toward the development of efficient numerical vehiclebridge interaction models to predict the dynamic responses of railway and highway bridges [9599]. For railway bridges, these studies may be generally divided into three categories based on the
modeling techniques of trainloads, i.e., the moving load model [100, 101], the moving mass model
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[102, 103] and the moving spring-damper system model [104]. Among the three models, the
moving load model is the simplest and the most computationally efficient, but the train-bridge
interaction effect is ignored. The moving mass model takes into account the train inertia effect, but
does not consider the bouncing action of the moving train on the bridge, the effect of which is
expected to be significant for trains moving at high speeds or in the presence of track roughness
[105]. In view of this, Cheng et al. [104] proposed a bridge-track-vehicle element to study the
dynamic responses of railway bridges. The moving train is modeled as a series of two-degree-offreedom mass-spring-damper systems at the axle locations, and thus vibration of the tracks can
also be simultaneously analyzed.
For an old bridge, an initial FE model often needs to be updated by fine-tuning its parameter
values using in-situ measurement data. This is because of the uncertainties in the parameters due
to incomplete design information, long-term material deterioration, changes of geometries and
boundary conditions, etc. The updated model can then be used for predicting dynamic response
under new load scenarios, detecting structural damage, designing health monitoring system and
evaluating remaining life. The existing modal updating methods in literature are generally based
on experimental modal analysis. For example, Ribeiro et al. [106] presented model updating of a
bowstring-arch railway bridge based on experimental modal parameters from ambient vibrational
data. Using a genetic algorithm, fifteen parameters of the numerical model were adjusted. After
manual FE model tuning, Wiberg et al. [107] conducted model updating of a railway bridge based
on operational modal analysis and loading tests.
The model updating methods based on ambient vibration measurement and experimental
modal analysis suffer from technical challenges, particularly for short-span railway bridges (the
majority in the U.S. freight railway network), which are highly stiff and experience little ambient
vibrations, making it difficult to accurately extract modal parameters. Therefore, it is desirable to
update the model using in-situ vibration measurement under trainloads for short-span railway
bridges. However, the railway bridge is a time-varying system with changing natural frequencies
during the train passage [86, 108]. Besides, the natural frequencies of the bridge may be shadowed
and invisible due to their much smaller amplitude compared with that of the dominant frequencies
induced by repeated trainloads (to be discussed later in this chapter). In summary, it is difficult to
update the FE model of short-span railway bridges based on frequency-domain modal analysis.
68

Chapter 5. Model Updating of Railway Bridge Using In-Situ Dynamic Displacement Measurement under
Trainloads

This chapter proposes an FE model updating approach for railway bridges based on the bridge
displacement measurement under trainloads and time-domain optimization. Section 5.2 describes
the in-situ measurement of a short-span plate girder bridge, a frequently adopted type of bridge in
the US railway bridge network. Section 5.3 develops an initial FE model for the bridge that taking
into consideration of the train-track-bridge interaction. In Section 5.4, parameter sensitivity
analysis is performed to demonstrate that displacement measurement is more suited than the
commonly-used acceleration measurement for updating the bridge stiffness. Then a two-step FE
model updating procedure is proposed and applied to the bridge to update its stiffness together
with the train speed. In Section 5.5, the dynamic effects of this short-span railway bridge induced
by heavy freight trains are investigated from the analysis of the frequency characteristics of this
train-bridge interaction system.

5.2 Railway bridge and field measurement of dynamic displacement
In Chapter 3, field tests were carried out to measure mid-span vertical displacements of two testbed bridges in the Transportation Technology Center, Inc. (TTCI), Colorado, using the proposed
vision sensor [2]. The 100-year old steel bridge is considered here. As shown in Figure 5.1, this
short-span simply supported bridge is 16.75m long, consisting of two I-shape riveted plate girders,
the horizontal and vertical brace system, sleepers and rail system. The train used for the testing has
one locomotive weighting 89,586kg and 15 freight cars weighing 71,440kg each. It is noted that
each freight car is about 12 times heavier than the bridge weight. Its dimensions are indicated in
Figure 5.2.
Recall again, the sensor system simply consists of a video camera, a zoom lens and a PC
equipped with the real-time image processing software, as illustrated in Figure 5.3. Unique and
significant advantages of this system include the easy setup without requiring a specially installed
target penal and flexible measurement locations. Field tests were carried out under various train
speeds, i.e., approximately 8.05km/h (5mph), 38.62km/h (24mph), and 64.36km/h (40mph),
according to the train speedometer. The sensor system was placed at a stationary position, 9.15
meters away from the bridge. The camera captures the video images of the target at a sampling
rate of 150 frames per second. The scaling factor for the vision sensor is 0.69 mm/pixel. To further
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improve the measurement accuracy, a sub-pixel technique, namely the technique of center of
gravity, is incorporated into the original OCM template matching algorithm. During the tests, an
actual resolution of less than 0.05mm was observed. A typical displacement time history measured
at the mid span under the 8.05km/h trainloads is shown in Figure 5.4. Negative sign represents a
deflection downwards. The displacement history resembles the trainload pattern and the
contribution of each car can be clearly distinguished. The 17 peaks reflects the number of cars
used.

(a) Side view

(b) Plan view

(c) Front view

Figure 5.1: Bridge schematic
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Figure 5.2: Freight train configuration

Figure 5.3: Test setup schematic diagram

Figure 5.4: Displacements history under train speed 8.05 km/h

Figure 5.5: Schematic representation of the bridge-track-vehicle interaction system
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5.3 Initial FE model formulation
An initial FE model is formulated for this railway bridge, which takes into consideration of the
interactions among the three subsystems-the train, track, and bridge. This model serves as a
baseline for updating in Section 5.4.

5.3.1 Theory and assumptions of the train-track-bridge interaction
In this study, the dynamic response of the railway bridge in the vertical direction is considered
without the rolling and yawing effects. Thus the train-track-bridge interaction system is idealized
by a two dimensional (2D) FE model as depicted in Figure 5.5. In the model, the upper and lower
beam elements are used to model the rail and the bridge girder, respectively. The elasticity and
damping properties of the rail bed are represented by a series of springs and dampers. The track
on embankment is modelled as a beam on viscoelastic foundation. The train subsystem model
adopts the following assumptions: 1）the train runs on the bridge at a constant speed；2）the
train can be modeled as several (in this case, 6 for the locomotive and 4 for each of the cars)
independent spring-damper suspension systems at the axle locations; 3) only the degree-offreedom in the vertical direction is considered, thus each spring-damper suspension system has 2
degrees of freedom.
By combining the equations of motion of each of the three subsystems, equation of motion of
the train-track-bridge system can be derived in sub-matrix form as [104, 109]:
M bb
 0

 0

0
M rr
0

0   Xb  Cbb
 
0   Xr    Crb

M tt  
 Xt   0

Cbr
Crr
Ctr

0   Xb  K bb
 
Crt   Xr    K rb

Ctt  
 Xt   0

K br
K rr
K tr

0   Xb  Fb 
   
K rt   Xr   Fr 
 X  F 
K tt  
t
 t

(5.1)

where the subscripts ‘b’, ‘r’ and ‘t’ denote, respectively, the bridge, the rail track and the train. The
boldfaced vectors Xb , Xr and X t denote the displacement vectors of the bridge, the rail and the
train axles, respectively. The matrices M tt , K tt and Ctt of the train are marked with the subscript
‘tt’. The matrices M rr , K rr and Crr of the rail are marked with the subscript ‘rr’. The matrices
M bb , K bb and Cbb of the bridge are marked with the subscript ‘bb’. The matrices K rt , Crt , K tr
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and Ctr induced by the train-rail interaction are denoted by the subscript ‘rt’ or ‘tr’. The matrices
K br , Cbr , K rb and Crb induced by the bridge-rail interaction are denoted by the subscript ‘br’ or

‘rb’.
These equation can be further written as:
MX(t )  CX(t )  KX(t )  F(t )

(5.2)

where M , C , and K are the global mass, damping and stiffness matrices, respectively; X(t ) ,
X(t ) and X(t ) are the displacement, velocity and acceleration vectors, respectively; and F(t ) is the

force vector. It should be noted that the interaction system represents a coupled time-varying
dynamic system, namely, the mass, damping, stiffness matrices as well as the force vectors of the
system changing with time due to interaction with the moving train. Therefore they must be
updated at each time step. By using the Newmark-β method, Eq. (5.1) or Eq. (5.2) would be solved
step-by-step to simultaneously obtain the dynamic responses of the bridge, the train and the track.
In this study, as a special case of Rayleigh damping, stiffness-proportional damping is
assumed for the bridge, defined as:
cb   k b

(5.3)

where cb and k b are the damping and stiffness matrix of the bridge beam element, respectively;
𝛼 is the constant proportional coefficient and set to be 0.01.

5.3.2 Initial FE model of the railway bridge
Table 5.1 and Table 5.2 list the parameter values of the bridge, rail system and the freight train
subsystem for the initial FE model. The values for the bridge parameters are based on the design
drawings. The elasticity and damping properties of the rail bed and the train suspension systems,
i.e., Krb, Crb, Kt, and Ct, are unavailable and values are approximated according to literature [101].
For a 2D model studying the vertical dynamic response, only a half of the train-track-bridge system
is considered due to its symmetry. There are a total of 3138 degree of freedoms for the train-trackbridge FE model. Figure 5.6 compares the measured displacement with the simulated one using
the initial FE model under the trainloads with a speed of 8.05km/h. Some disagreements in
amplitudes and time delays are observed. This is considered to be caused by the uncertainties of
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the adopted system parameters and the train speed.

Figure 5.6: Measured vs. simulated displacement using initial FE model
Table 5.1: Parameters of the bridge and track system
Item

E (N/m2)

I (m4)

A (m2)

ρ ( Kg/m3)

υ

Stiffness (N/m)

Damping (Ns/m)

Girder

2.10e11

3.69e-2

5.15e-2

7850

0.30

-

-

Rail

2.10e11

6.12e-5

1.54e-2

7850

0.30

-

-

Krb

-

-

-

-

-

5.00e8

-

Crb

-

-

-

-

-

-

2.00e5

Table 5.2: Parameters of the freight train
Item

Unit

1 Locomotive

15 Freight cars

Axle space

m

l1=2.13; l2=1.41

l3=1.83

L1=16.80

L2=14.17

Wheel-set m1

Kg

500

500

Body m2

Kg

14,431

17,360

Stiffness Kt

N/m

1.45e6

1.45e6

Damping Ct

N/m

3.00e4

3.00e4

5.4 Sensitivity analysis and FE model updating
Traditionally accelerations are often measured for dynamic tests of bridges, because it is difficult
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to install displacement sensors (such as LVDT’s due to their requirement of a stationary reference
point). Now some emerging remote sensors such as the vision sensor used in this study enable
low-cost measurement of dynamic displacements. Consequently, a sensitivity analysis is first
carried out to compare the effects of various parameters on the displacement and acceleration
responses. Based on the results, a two-step model updating approach is presented and applied to
the railway bridge.

5.4.1 FE model updating as an optimization problem
The FE model updating process is essentially an optimization problem in which the updating
parameters are those highly uncertain ones in the model. The objective function is defined as the
error distance between the estimated and the measured data. Consider that u(tk ) and y (tk ) are the
true input and the output vectors, respectively, of a structural system at the time instant 𝑡𝑘 , where
k = 1, 2, ∙∙∙, ntime, and that the physical system can be described by a set of parameters that can be
assembled in a parameter vector θ  1 ,2 ,

,n  . In a mechanical system, the unknown
T

parameters θi (i=1, 2, ∙∙∙, n) could be the mass, damping or stiffness parameters. Then, the inputoutput relationship can be represented by the general expression:
y(tk ) = f (u(tk ), θ)

(5.4)

Denote Y(tk ) as the estimated structural response obtained from the FE model using the same
input u(tk ) and an estimated set of the structural parameter values Θ  Θ1 , Θ2 ,
Y(tk ) = f (u(tk ), Θ)

, Θn  :
T

(5.5)

The objective of the FE model update procedure is to find the best estimates of Θ so as to
minimize the error between the measured response y (tk ) and the predicted Y(tk ) over the entire
time history. In problems that involve measurement of the dynamic responses, the objective
function to be minimized through the optimization process can be formulated as a sum of the mean
square error (MSE) between the measured and predicted responses over the measurement
period[110, 111], such as:

(Θ) 

1
nrec ntime

 
nrec

ntime

j 1

k 1

Y j (tk )  y j (tk )
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where nrec is the number of the recorded time histories, which depends on the number of sensors
used in the tests and ||∙|| denotes the Euclidean norm of a vector. The overall FE update problem is
then summarized as:

Find Θ  Θ1 , Θ2 , , Θn   Γ such that (Θ) is minimized
T

(5.7)

where Γ is the feasible n-dimensional parameter search space:



Γ= Γ

n



imin  Θi  imax , i  1, 2, , n

(5.8)

where n is the number of parameters to be identified, imin and imax are the lower and upper bounds
of the i-th parameter. In summary, the problem of FE model updating is treated as a linearly
constrained nonlinear optimization problem in this study.

5.4.2 Sensitivity Analysis
The dynamic response of the bridge is influenced by the various parameters of the bridge, train
and track subsystems. In an attempt to gain insight into the contribution of each of the parameters
to the objective function, sensitivity analysis is carried out based on the following six nondimensional normalized parameters: the bridge stiffness REI , the bridge damping R , the rail bed
stiffness RKrb , the rail bed damping RCrb , the train stiffness RKt , and the train damping RCt .
REI  E ' I ' EI ,

0.5  REI  0.5

R    ,

0.5  R  0.5

'

RKrb  K

'
rb

K rb , 0.1  RK rb  10

RCrb  Crb' Crb ,

0.1  RCrb  10

RKt  K t' K t ,

0.1  RKt  10

RCt  Ct' Ct ,

0.1  RCt  10

(5.9)

where, the equivalent bridge stiffness EI and the stiffness-proportional Rayleigh damping
coefficient  (recall that  is the constant factor in Eq. (5.3)), the rail bed stiffness K rb and
damping Crb , the train suspension stiffness K t and damping Ct are the parameters in the initial
baseline FE model, as discussed in Section 3.2; while E ' I ' ,  ' , K rb' , Crb' , K t' and Ct' represent
corresponding parameter variations in a specified range. As shown in Eq. (5.9), E ' I ' and  ' vary
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in a range from 0.5 to 1.5, i.e. a maximum of 50% decrease or increase relative to the reference
values of EI and  . In reality, the values of K rb' , Crb' , K t' and Ct' are prone to relatively higher
uncertainties, thus are given a larger variation range from 0.1 to 10, i.e. a maximum of 10 times
decrease or increase relative to their corresponding reference values.

Figure 5.7: Sensitivity analysis procedure
The procedure of the sensitivity analysis is illustrated in Figure 5.7. The bridge displacement
and acceleration time histories at the mid-span point are computed using the formulated FE model
with the parameter variations in Eq. (5.9) under the train speed v=16.09, 32.18, 48.27, 64.36, 80.45,
96.54, and 112.63 km/h (or 10, 20, 30, 40, 50, 60, 70 mph). The speed is chosen based on the
maximum possible running speed limit of freight trains of 129km/h (80mph) on the class 5 track,
according to the Federal Railroad Administration. Then, the objective function defined in Eq. (5.6)
is used to evaluate curves  disp (i ) and curves  acc (i ) , in which y (tk ) represents the displacement
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or acceleration response obtained using the baseline parameter values and Y(tk ) using the varied
parameter values. As a result, the larger the objective function value to a specified parameter, the
objective function is more sensitive to (or dominated by) that parameter. Figure 5.8 through Figure
5.13 plot the values of the displacement and acceleration objective functions with respect to each
of the six parameters at the given variation ranges for different freight train speeds. Note that the
x-axes in Figure 5.11 through Figure 5.13 are in log scale. In total, 742 sets of FE dynamic response
simulations are carried out for this sensitivity analysis.

Figure 5.8: Πdisp(EI) and Πacc(EI) w.r.t. normalized bridge equivalent stiffness REI

Figure 5.9: Πdisp(α) and Πacc(α) w.r.t. normalized bridge damping Rα
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Figure 5.10: Πdisp(Krb) and Πacc(Krb) w.r.t. normalized rail bed stiffness RKrb

Figure 5.11: Πdisp(Crb) and Πacc(Crb) w.r.t. normalized rail bed damping RCrb

Figure 5.12: Πdisp(Kt) and Πacc(Kt) w.r.t. normalized train suspension stiffness RKt
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Figure 5.13: Πdisp(Ct) and Πacc(Ct) w.r.t. normalized train suspension damping RCt

Based on the sensitivity analysis results as shown in the above figures, the following
observations can be made:
1) Displacement sensitivity. The sensitivity of the bridge displacement response as represented
by  disp (i ) is several orders higher to the change in bridge equivalent stiffness EI than to the other
five parameters (  , K rb , Crb , K t and Ct , mostly associated with the train and rail bed) for the same
variation range such as -0.5 to +0.5. The displacement sensitivity to the change in bridge stiffness
is hardly affected by the train speed. The fact that the bridge equivalent stiffness dominates the
parameter contributions to the bridge displacement response to trainloads makes it ideal to use the
displacement measurement to update the bridge stiffness. In particular, assuming the plate girder
bridge has a constant EI along its girder, only the vertical displacement at one point, such as the
mid-span point, needs to be measured in order to update the EI .
2) Acceleration sensitivity. Different from the displacement, the sensitivity of the bridge
acceleration response, as represented by  acc (i ) , is not significantly higher to the change of the
bridge stiffness than to the other parameters. The acceleration response is also sensitive to the train
speed. In other words, the bridge acceleration response to the trainloads are affected by several
parameters. Additionally, the measured acceleration history is usually polluted by high-frequency
ambient noises, thus making it more complicated and difficult to update the bridge stiffness based
on time-domain acceleration in comparison with displacement.
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5.4.3 FE model updating
Based on the sensitivity analysis, an FE model updating approach is proposed for short-span
railway bridges based on the measurement of the bridge displacement response to trainloads. As
shown in Figure 5.14, the approach involves two steps to identify the train speed and the equivalent
bridge stiffness EI . The identification is based on time-domain optimization as presented in
Section 4.1. The iterative Nelder-Mead simplex method, a MATLAB® incorporated optimization
algorithm, is adopted to minimize the objective function in Eq. (5.6). This algorithm does not
require the use of the gradient or the Hessian of the objective function, and is less prone to
numerical difficulties during iteration.

Figure 5.14: Two-step FE model updating procedure
Step 1: The train speed updating. Only the train speed v is updated, therefore v is set as the
unknown. Eq. (5.6) is rewritten as (v) . Figure 5.15 plots the experimental and updated responses
after Step 1. The initial guess of train speed 8.05km/h read from the train speedometer is updated
to be 7.93km/h. Compared with the plot in Figure 5.6 before updating, the time delay between the
measured and computed displacement time histories is reduced. The amplitude disagreement,
caused mainly by the uncertain EI , will be corrected in Step 2.
81

Chapter 5. Model Updating of Railway Bridge Using In-Situ Dynamic Displacement Measurement under
Trainloads

Step 2: updating the equivalent bridge stiffness EI. Using the updated train speed 𝑣 𝑢𝑝𝑑𝑎𝑡𝑒𝑑 ,
the objective function in Eq. (5.6) becomes (vupdated , EI ) , which is used for identifying the bridge
stiffness. The initial stiffness value EI  7.75 109 Nm2 (as listed in Table 5.1) based on the design
drawings is updated to EI  7.09 109 Nm2 . After the updating, the computed displacement time
history matches better with the measured one, as shown in Figure 5.16 (in comparison with the
baseline in Figure 5.6).

Figure 5.15: After step 1: train speed updating

Figure 5.16: After step 2: equivalent bridge stiffness updating

5.5 Dynamic characteristics of the short-span bridge under trainloads
Railway bridges exhibit unique frequency characteristics, due to the interaction of the bridge and
the heavy moving trainloads. It is of research interest and practical need to investigate whether the
updated FE model can capture the dynamic characteristics of the coupled train-track-bridge system.
As is stated in literature [85], for a typical a train passage with multiple wheel sets in each car,
“dominant frequencies” are primary characteristics in the excitation as well as in the bridge
responses. The equally spaced “dominant frequencies” arising from the repeated trainloads can be
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expressed as:
f dominant  nv / ltrain ,

n  1, 2,3

(5.10)

where, n is the order of the dominant frequency; v is the train speed; ltrain is the distance between
two car centers, as shown in Figure 5.2. That is, the dominant frequency f dominant depends only on
the speed and the car length of the train.
According to Eq. (5.10), the 1st order excitation frequency f dominant of the trainloads is expected
to be 0.136Hz, 0.632Hz, and 1.207Hz respectively under the three tested train speeds, 7.93km/h,
36.80km/h and 70.22km/h (or the updating speed for 8.05km/h, 38.62km/h and 64.36km/h).

(a) train speed=7.93km/h

(b) train speed=36.80km/h

(c) train speed=70.22km/h

Figure 5.17: PSD of measured displacement histories
On the other hand, Figure 5.17 plots the power spectrum density (PSD) computed from the
measured mid-span displacements under the same three train speeds. The peak frequencies in the
PSD’s of the measured bridge displacement responses under the three train speeds are 0.137 Hz,
0.631 Hz, and 1.2 Hz, respectively, which perfectly agree with the 1st order frequencies of the
trainloads under the same train speeds. This demonstrates that the bridge response displacement is
dominated by the 1st order frequency of the trainloads that depends on the train speeds.
Furthermore, Figure 5.18 through Figure 5.20 show the displacement and acceleration time
histories, together with their corresponding PSD’s, computed using the FE model. Again, only the
1st order excitation frequency of the trainloads is clearly identified in the bridge response for each
of the three different speeds, while the higher order excitation frequencies and the natural
frequencies of the bridge are shadowed and invisible due to their much smaller amplitudes
compared with that of the 1st dominant frequency of the trainloads.
Table 5.3 compares the dominant frequency values obtained from the theory Eq. (5.10) (the
excitation frequency), the measured response and the FE analysis (both the response frequencies)
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under the three train speeds. From the table, it is confirmed that (a) the displacement response of
the bridge is dominated by the 1st order excitation frequency of the trainloads and (b) the dominant
frequency increases as the train speed increases.

Figure 5.18: Displacement and acceleration histories, and corresponding PSD under train
speed=7.93 km/h (FE model)

Figure 5.19: Displacement and acceleration histories and corresponding PSD under train speed
36.80 km/h (FE model)
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Figure 5.20: Displacement and acceleration histories and corresponding PSD under train speed
70.22 km/h (FE model)
Table 5.3: Dominant frequencies
Train speed (km/h)

fdominant
(Hz)

v=7.93

v=36.80

v=70.22

Theoretical

0.136

0.632

1.207

Measured

0.137

0.631

1.200

FE analysis

0.137

0.630

1.200

While the bridge displacement response frequency depends on the train speed (as the
displacement is dominated by the excitation frequency of the trainloads), the bridge response
displacement amplitudes remain constant regardless of the train speed. However, the acceleration
response amplitudes increase as the train speed increases. In order to gain more insight into the
dynamic effects of the short-span railway bridge, the updated FE model is utilized to computer
dynamic responses under train speed varying in a wide range of 3.60~129 km/h (2.24~80mph)
with increments of 3km/h. Figure 5.21 shows the maximum values of the mid-span displacement
and acceleration histories. It is observed that the maximum displacement remains almost constant
(about 7.8 mm) regardless of the train speed, while maximum acceleration increases significantly
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as the train speed increase. This is consistent with the previous discussions.

Figure 5.21: Mid-span maximum displacements and accelerations w.r.t. different train speeds
In fact, the first natural frequency of the short-span bridge is calculated as 24.53 Hz from the
FE model, which is considerably far away from the excitation frequencies of the repeated
trainloads with energy concentrated on the 1st dominant frequency. As a result, the displacement
response of the bridge is dominated by this 1st order excitation frequency of the trainloads.
It can be also concluded that in practical applications it is difficult to extract the natural
frequencies of a bridge from its train-induced dynamic responses, which is often the case for shortspan railway bridges under heavy freight trainloads. Besides, as can be observed from Figure 5.4,
the bridge displacement decays to zero immediately after the train left the bridge, which means
modal information extraction from the free vibration is impossible in this case. This explains why
the time-domain displacement responses should be used for FE model updating, in lieu of the
frequency domain approaches. As discussed in the sensitivity study in Section 5.2, the
displacement response amplitudes are significantly more sensitive to the bridge equivalent
stiffness than other parameters. Therefore, the measured displacement time history data can be
used for the time-domain optimization to identify the equivalent stiffness and update the FE model
of the bridge.
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5.6 Conclusion
To address the needs for monitoring aging railway bridges, this paper presents a time-domain FE
model updating approach using in-situ measurement of the bridges’ dynamic displacement
responses to trainloads. The optimization procedure can be carried out in two steps to update the
train speed and the bridge equivalent stiffness. The approach is validated by the displacement
response data measured on a short-span railway bridge under trainloads with three different speeds.
The sensitivity analysis reveals that the bridge dynamic displacement response amplitude is
significantly more sensitive to the bridge equivalent stiffness EI than other parameters such as
bridge damping, the rail bed stiffness and damping, the train suspension stiffness and damping.
Therefore, this study proposes the measurement of the bridge displacement under trainloads for
updating the bridge FE model.
From the frequency domain analysis of both the in-situ measurement and the simulation
analysis, it is found that the dominant frequency of the bridge displacement response is consistent
with the first order excitation frequency of the trainloads. In other words, the bridge response is
dominated by the excitation frequency associated with the train passing. The bridge’s natural
frequencies are far away from the train’s excitation frequency, and thus are not excited by the
trainload. Therefore, it is difficult to extract the bridge modal information (such as the natural
frequencies) from the measured bridge dynamic response under trainloads, and many modal
identification-based FE model updating methods cannot be used. This is commonly the case for
short-span railway bridges, which tend to have high natural frequencies.
This study focuses on short-span railway bridges commonly exist in the US railway network.
The model updating approach developed in this study will be extended to medium- and long-span
railway bridges in the future.
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Chapter 6
Output-Only Damage Detection Using VehicleInduced Displacement Response and Mode Shape
Curvature Index
In this chapter, a bridge damage detection procedure is proposed, which utilizes vehicle-induced displacement
response without requiring prior knowledge about the traffic excitation. The dynamics of the vehicle-bridge
interaction system is firstly derived and modeled by considering road surface roughness. Numerical simulations are
carried out to investigate the feasibility and performance of the proposed damage detection method. This chapter is
reproduced from the paper titled “Output-only damage detection using vehicle-induced displacement response and
mode shape curvature index”, co-authored with Maria Q. Feng, which was published in the journal of Structural
Control and Health Monitoring [154].

6.1 Introduction
Damage detection is one of the primary tasks in the field of structural health monitoring (SHM).
Over the last few decades, considerable efforts have been made toward vibration-based damage
detection techniques. The basic principle is that any structural damage or degradation in structural
materials or geometric properties would result in changes in structural dynamic responses and the
corresponding modal characteristics [46]. The vibration-based damage detection techniques can
be categorized as the time-domain or frequency-domain based methods.
Carden and Fanning [44] presented an extensive literature review of the damage detection
techniques based on changes in the frequency-domain modal properties, such as natural
frequencies, mode shapes and its curvatures, modal flexibility and its derivatives, modal strain
energy, and frequency response function, etc. All these methods have achieved satisfactory
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performance in numerical and experimental studies [44-49]. On the other hand, a variety of damage
detection techniques, such as the extended Kalman filter (EKF), the unscented Kalman filter, the
particle filter, and the least square estimation, etc., have been developed based on time-domain
analysis by minimizing errors between the simulated and measured responses [37, 53-56]. For
example, Soyoz and Feng [53] developed and applied the EKF to instantaneously identify different
extents of element stiffness reduction of a large-scale bridge model damaged by seismic shaking
table tests. In recent years, model-updating methods based on heuristic algorithms, in particular,
genetic algorithm, particle swarm optimization, artificial neural network, differential evolution,
and artificial bee colony have gained increasing attention, due to their distinguished global
optimization performance [37, 55]. For example, Lee et al. [37] presented a neural network-based
damage detection method for bridge structures utilizing the differences of the mode shape
components between before and after damage.
Most of these techniques, however, are applied for damage detection based on bridge responses
due to ambient white noises, earthquake excitations or artificial impacts. Recently, there have been
some studies to identify bridge damages from vehicle-induced responses based on modelling the
vehicle-bridge interaction (VBI) system. In the framework of time-domain damage detection, the
dynamic axle loads from the moving vehicles, serving as the input excitation to the bridge structure,
are needed to complete the input-output analysis from a well-established VBI model. For example,
Sieniawska et al. [112] identified a bridge’s flexural stiffness based on displacement measurements
subjected to a moving load with known constant magnitude. In case of unknown vehicle
excitations, the input excitations and bridge structural parameters should be identified at the same
time. For example, Zhu and Law [113] proposed a two-step time-domain procedure for
simultaneous identification of the moving loads and bridge damages from the displacement
measurements with a full sensor placement. Lu and Liu [114] presented a response sensitivitybased finite element (FE) model updating approach to identify both the vehicular parameters and
bridge damages. Based on an optimization framework, Zhang et al. [115] used the virtual distortion
method for simultaneous identification of moving masses and bridge damages by setting vehicle
masses and bridge damage extents as the optimization variables. In general, all these methods
require extensive computational efforts. Besides, the vehicle moving speed and axle spacing
should be known during analysis. Additionally, several studies have been conducted by utilizing
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vehicle response for bridge damage detection. Zhang et al. [116, 117] proposed a local damage
detection method for beam and plate-like structures based on mode shape squares and operating
deflection shape curvatures extracted from the acceleration response measured on a passing
vehicle. Kong et al. [118] investigated the feasibility of bridge damage detections using the
dynamic response transmissibility of the moving vehicles in a VBI system. It was found that in
case of poor road conditions, vehicle acceleration primarily arises from the road roughness
excitation, and thus it is unreliable to detect bridge damage from the vehicle measurements.
This promising vision-based damage detection results in Chapter 4 motivated this study for
bridge damage detection based on operational vehicle-induced displacement measurements. The
chapter is organized as follows: Section 6.2 presents the dynamics of a VBI system, followed by
the numerical example in Section 6.3; Section 6.4 quantitatively analyses the modal contribution
in the bridge displacement response; Section 6.5 introduces the proposed bridge damage detection
method, with an emphasis on the extraction of the first-order mode shape; Section 6.6 numerically
evaluates the performance of the proposed damage detection method under different damage
scenarios; and Section 6.7 concludes the results of this study.

6.2 Dynamics of VBI system
There have been considerable efforts toward the development of efficient numerical VBI
models to predict the dynamic bridge responses [88, 91, 105, 119, 120]. As shown in Figure 6.1,
a VBI system can be modeled by a simply-supported single-span or continuous multi-span bridge
subjected to a moving vehicle, which is represented by a four-degree-freedom system [91, 121,
122]. Here, mv and I v are the body mass and pitch moment of inertia, respectively; mt1 and mt 2 are
the front and rear axle mass, respectively; K s1 , K s 2 , Cs1 and Cs 2 are the linear suspension stiffness
and viscous damping of the front and rear axle, respectively; Kt1 , Kt 2 , Ct1 and Ct 2 are the linear tire
stiffness and viscous damping, respectively;
center;

a1 and a2 are distances of the axles to the gravity

 is the mass per unit length; EI is the flexural stiffness of the bridge, a product of

Young’s modulus E and moment of inertia I.
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Figure 6.1: VBI system considering road roughness

6.2.1 Road surface roughness
The road surface condition distinctly affects the dynamic responses of both the bridge and vehicles
[123]. According to the ISO-8606 specification [124], the road roughness is classified as five levels
from ‘Level A’ (very good ) to ‘Level E’ (very poor). By applying the inverse fast Fourier
transformation, the road surface roughness in the spatial domain can be simulated from:
N

r  x    4 S ( f k ) f cos  2 f k x k 

(6.1)

k 1

where, f k =k f is the spatial frequency (cycle/m); f =1 (N  ) ,  is the distance interval between
successive ordinates of the surface profile, N is the number of surface profile points, and  k is the
random phase angel distributed uniformly between 0 and 2π. The general form of the PSD function
of the road surface roughness can be given as:

S ( f k ) = S ( f0 )( f k f0 )2

 fl  f k  fu 

(6.2)

where f 0  0.1 (cycles/m) is the reference spatial frequency; f l and f u are respectively the lower
and upper cut-off spatial frequencies. The roughness level of the road profile can be indicated by
the S ( f 0 ) value.

6.2.2 Vehicle model
The equation of motion of the four-degree-freedom vehicle in Figure 6.1 can be derived using
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dynamic equilibrium as:
 mv
0

0

0

0
Iv
0
0

0   yv   Cs1  Cs 2
0    v  Cs1a1  Cs 2 a2
 
0   yt1  
Cs1
  
mt 2   yt 2  
Cs 2

0
0
mt1
0

 K s1  K s 2
K a  K a
s2 2
  s1 1

 K s1

Ks2


K s1a1  K s 2 a2
K s1a12  K s 2 a22
 K s1a1
K s 2 a2

 K s1
 K s1a1
K s1
0

Cs1a1  Cs 2 a2
Cs1a12  Cs 2 a22
Cs1a1
Cs 2 a2

Cs1
Cs 2   yv 
Cs1a1 Cs 2 a2   v 
 
Cs1
0   yt1 

0
Cs 2   yt 2 
 K s 2   yv 
 0  0




  
K s 2 a2   v 
 0  0


 

 
0   yt1 
 F1 (t )  W1 

F2 (t )  W2 
K s 2   yt 2 

(6.3)

where, y v , y v , y v are respectively the displacement, velocity and acceleration vector; F1 (t ) and

F2 (t ) are the vehicle axle loads acting on the bridge, which include the static plus dynamic
interaction forces between the two axles and the bridge, specifically:
 F1 (t )   Kt1 (yt1  yc1 )  Ct1 (yt1  yc1 )  W1 



 F2 (t )   Kt 2 (yt 2  yc 2 )  Ct 2 (yt 2  yc 2 )  W2 

(6.4)

where, W1  (ms a2 a  mt1 )g and W2  (ms a1 a  mt 2 )g are the static loads at the front and rear
wheel locations, respectively; yci is the total vertical displacement of the contact point under wheel

i , defined in terms of bridge displacement yb (xi , t ) and road profile displacement r (xi ) under
wheel i , as follows (herein, i=2):
 yc1 (x1 (t ), t ) = yb (x1 (t ), t ) + r (x1 (t ))

 yc 2 (x2 (t ), t ) = yb (x2 (t ), t ) + r (x2 (t ))

(6.5)

where the positon of x1 (t ) and x2 (t ) are shown in Figure 6.2.

6.2.3 Bridge model
The governing equation of the bridge motion subjected to a set of time-varying forces Fi (t )
moving at a constant speed v can be written as:
f
 4 yb (x, t )
 2 yb (x, t )
 yb (x, t )



c
=
Fi (t ) (x  xi (t ))
(6.6)

 x4
 t2
t
i 1
where, c is the viscous damping parameter; yb (x, t ) is the beam displacement at position x and time

N

EI

t; xi (t ) is the location of the moving force Fi (t ) ;  (x  xi (t )) is the Dirac delta function centered at
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( x  xi (t )) .
Utilizing the modal superposition method, yb (x, t ) can be expressed as:
N

yb (x, t ) =   j (x) j (t )

(6.7)

j =1

where  j (x)= 2  Lsin( j x L) is the j - th mass normalized mode shape function of a simply
supported beam structure;  j (t ) is the j - th modal amplitude; N is the total mode number. The
j - th term in the series is the contribution of the j- th mode to the total response.

Substituting Eq. (6.7) into Eq.(6.6), multiplying both sides of the obtained equation by m (x) ,
and integrating it over the length of the beam, yields
N

N

N

  j (t )  m (x) j (x)dx  c  j (t )  m (x) j (x)dx  EI  j (t )  m (x) ""j (x)dx
j =1
Nf

L

0

L

0

j =1

j =1

L

0

(6.8)

=  Fi (t )  m (x) (x  xi (t ))dx
i 1

L

0

where the single and double dot (  or  ) denotes the differentiation with respect to time t and the
prime ( "" ) denotes the differentiation with respect to spatial coordinate x.
By virtue of the mode orthogonality properties

 (t ) L  2 (x)dx
 j (t )  m (x) j (x)dx   j 0 j

0
j =1
0
N

L

m j
m j

(6.9)

And also note that



L



L



L



L

0

0

0

0

L

 j (x) ""j (x)dx   [ "j (x)]2 dx
0

 2j (x)dx  1
 j (x) (x  xi (t ))dx   j (xi (t ))
[ "j (x)]2 dx =1   j L 

(6.10)

4

Substitute Eqs. (6.9) and (6.10) into Eq. (6.8) yields
Nf

 j (t )+2 j j j (t )+ 2 j (t ) =  Fi (t ) j (xi (t ))
j

i 1
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2
where c  2 j j and  j  EI   j L  .
4

As shown in Figure 6.2, for a simply supported beam subjected to a two-axle moving vehicle
with front axle load F1 (t ) and rear axle load F2 (t ) , Eq.(6.11) can be rewritten as

 j ( t )+2 j j j (t )+ 2j  j (t ) =  j ,1 F1 (t )1 (t )   j ,2 F2 (t ) 2 (t )

(6.12)

where,

 j ,1 = j (x1 (t ))=

j x1 (t )
2
sin
L
L

 j ,2 = j (x2 (t ))=

j x2 (t )
2
sin
L
L

1
1 (t )  
0

0t  L v

(6.13)

else;


1

0

 2 (t )  

a v  t  L+ a v
else;

Figure 6.2: Bridge-only model under moving loads

6.2.4 Vehicle-bridge coupled model
The vehicle and bridge model are coupled at the contact points between the wheels and the bridge
by the two axle loads F1 (t ) and F2 (t ) . Based on Eq.(6.3), Eq.(6.4) can be further expressed as:
 F1 (t )   mt1 yt1  a2 mv yv / a  I v / a  W1 



 F2 (t )  mt 2 yt 2  a1mv yv / a  I v / a  W2 

(6.14)

Substituting Eq.(6.14) into Eq. (6.12) gives
a2 j ,11 (t )+a1 j ,2 2 (t )

 j ,11 (t )+ j ,2 2 (t )

I v
a
a
 j ,11 (t )mt1 yt1   j ,2 2 (t )mt 2 yt 2   j (t )+2 j j j (t )+ 2j  j (t ) =  j ,1W11 (t )   j ,2W2 2 (t )
mv yv 
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By combining Eq.(6.3) and Eq.(6.15), the governing equation of the VBI system can be
expressed as:
 Mv
M
 bv

0   y v  Cv
 
Mb   ηb   0

Cvb   y v  K v
 
Cb   ηb   0

K vb   y v  Fv 
  
K b   ηb  Fb 

(6.16)

with
 mv
0
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0
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0
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 a 2 2,11 + a1 2,2 2
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a   +a  
 2 N ,1 1 1 N ,2 2 mv
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0 
1 0

0 1
0 
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 0
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T

where Mv , Mb , Mbv , Cv , Cb , Cbv , K v , K b , K bv are the sub-matrices of the global mass, damping and
stiffness matrices, respectively;

y v and Fv are

the vehicle displacement and external force sub-

vectors, respectively; ηb and Fb are the bridge modal amplitude and external force sub-vectors,
respectively. It should be noted that the VBI system represents a coupled dynamic system, namely,
the mass, damping and stiffness matrices of the system changing with time due to interaction with
the moving vehicle. Eq.(6.16) can be solved by employing the Newmark’s β method. After ηb is
calculated, the bridge displacement yb ( x,t ) is the combination of the contributions of all modes
by Eq. (6.7).
Remark 1 (Solving the VBI problem based on uncoupled iterative procedure or as a coupled
system). When solving the VBI problem, two sets of different equations of motion are developed
respectively for the vehicle and bridge subsystems. In general, the calculation of the VBI problem
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can be carried out in two ways [125]: (1) based on an uncoupled iterative procedure. Equations of
motion of the bridge and vehicle subsystems are solved separately using a step-by-step integration
scheme. The compatibility conditions at the contact points (i.e., same vehicle and bridge
displacements at the contact point of each wheel) are satisfied through an iterative calculation. The
basic idea is assuming some initial displacements at the contact points, which can be used to obtain
the interaction forces from the equations of motion of the vehicle. Then these interaction forces
are used to get the bridge displacements from the equations of motions of the bridge, which
represents improved estimates of the initial displacements at the contact points. The process is
repeated until differences in two successive iterations are sufficiently small. (2) based on solution
of a coupled system. As shown in Eq.(6.16), a coupled VBI system is formed by eliminating the
interaction forces appearing in the equations of motion of the bridge and vehicle subsystems. As a
result, the mass, damping and stiffness matrices of the coupled system change with time as the
vehicle moves. This system can be solved using a step-by-step integration scheme such as
Newmark’s β method without any iteration if linear elements are employed.
Noteworthy that this study derives the dynamics of the VBI problem and solves it as a coupled
system using the latter method. In this chapter, modal superposition method is employed to
construct the equations of motion of the bridge subsystem by transforming the original coordinate
equations into modal coordinate ones (i.e., zero off-diagonal bridge subsystem matrices). On the
other hand, in Appendix A, original coordinate equations are adopted for the coupled VBI system.
The solution of the VBI problem in this study is programed in Matlab.

6.3 Numerical example
Table 6.1 lists the adopted parameter values of the bridge and vehicle subsystems, respectively,
which are estimated according to literature [126].
The first five natural frequencies for the simply supported bridge is 2.59Hz, 10.40Hz, 23.39Hz,
41.59Hz, and 64.98Hz. The natural frequencies of the vehicle are 0.33Hz, 1.31Hz, 8.83Hz, and
10.20Hz. Figure 6.3 demonstrates a general road surface roughness profile for the bridge. Figure
6.4 plots the typical mid-span displacement response induced by the moving vehicle excitation
considering road surface roughness.
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Table 6.1: VBI system parameters
Bridge

Vehicle

L=36m

mv=16200 kg

mt1=700 kg

mt2=1100 kg

EI=2.3×1010 Nm2

Iv=9.50×105 kgm2

Ks1=0.40×106 N/m

Ks2=1.00×106 N/m

ρ=5×103 kg/m

a1=2.42m

Kt1=1.75×106 N/m

Kt2=3.50×106 N/m

ξ=0.02 for all modes

a2=1.85 m

Cs1=1.00×104 N/m/s

Cs2=2.00×104 N/m/s

v=10 m/s

Ct1=3.90×103 N/m/s

Ct2=4.30×103 N/m/s

Figure 6.3: A general road surface roughness

Figure 6.4: Mid-span displacement history

6.4 Modal contribution analysis in displacement response
In this study, since modal information extracted from the dynamic displacement response would
be used as the damage index, it is essential to first investigate which modes contribute more to the
vehicle-induced displacement response. Then proper mode orders can be selected from the
98

Chapter 6. Output-Only Damage Detection Using Vehicle-Induced Displacement Response and Mode
Shape Curvature Index

identified modal parameters to construct the damage index.
From Eq.(6.16), once the modal amplitude  j (t ) is determined, the j - th mode component of
the bridge displacement yb (x, t ) is given by yb, j (x, t ) =  j (x) j (t ) . Thus the contribution of each
modal displacement component to the total displacement can be quantified. To simply the analysis,
it is reasonable to use only the term  j (t ) to evaluate the modal contribution, because each
normalized mode shape  j (x)= 2  Lsin( j x L) is time-invariant and has the same maximum
amplitude.

(a) 10m/s

(b) 15m/s

(c) 20m/s

Figure 6.5: Mode contribution with vehicle weight W (different vehicle speeds)

(a) vehicle weight: 0.5W

(b) vehicle weight: 1.0W

(c) vehicle weight: 1.5W

Figure 6.6: Mode contribution with vehicle speed 10m/s (different vehicle weights)
For a better visualization, the first four modal amplitudes 1 (t )~4 (t ) computed from the
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specified VBI system in Table 6.1 by considering the road roughness are plotted in Figure 6.5(a).
It is obvious that the response of this simply supported bridge under vehicle excitation is dominated
by the first-order modal amplitude 1 (t ) . Also the effects of different vehicle speeds (1.5v =15m/s
and 2.0v =20m/s) and different vehicle weights (0.5 and 1.5 times of the original weight W in Table
6.1) are studied and plotted respectively in Figure 6.5 and Figure 6.6.
To quantify the modal participation, global modal contribution coefficient  j of j - th mode
can be defined based on the modal amplitude  j (t ) as
NT

j =



j

(tk )

(6.17)

k =1
N NT

 

j

(tk )

j =1 k =1

where NT is the total number of time step and N is the total mode number.
Table 6.2: Global modal contribution coefficient 1
Variation of
parameters

1 (%)

Vehicle speed

Vehicle weight

1.0 v

1.5 v

2.0 v

0.5 W

1.0 W

1.5 W

93.05

92.77

92.98

93.04

93.05

93.05

Note: v and W refer to the vehicle speed and original vehicle weight, respectively.

Table 6.2 summarizes the contribution coefficient of the first-order mode in terms of different
vehicle speeds and weights. The following observations can be made from Figure 6.5 and Figure
6.6 and Table 6.2:
1) When subjected to moving vehicles, the displacement response of a simply supported
bridge is dominated by the first-order mode component. The modal amplitude diminishes with
increasing mode number. Higher-order modes are weakly excited and do not distinctly affect the
displacement response.
2) The contribution of the first mode remains constant (around 93%) for different vehicle
speeds and weights. In this sense, the later introduced MSC-based damage index utilizing only the
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first-order mode shape extracted from the displacement response would be expected to give a
reliable prediction.

6.5 MSC-based damage detection formulation
The motivation for employing the MSC to detect damages relies on the fact that MSC can reveal
local structural information with high sensitivity. As a prerequisite, the mode shapes should be
firstly extracted from input and output measurements.

6.5.1 Mode shape extraction from the output-only displacement response
In practice, however, when performing vibration tests on real structures it is usually impossible to
measure the input excitation and the measured outputs would be the only known information. In
such cases, it is often assumed that the unknown input is a realization of a stochastic process, so
various output-only EMA identification algorithms for stochastic system can be applied to the
measured response [127]. In this study, mode shapes could be directly extracted from the vehicleinduced dynamic displacement response.
Except for both end supports, displacement responses are assumed to be “measured” for all the
other nodes. As an alternative to extract the mode shapes based on conventional EMA, the firstorder mode shape can be constructed using the PSD functions of the response records, which are
shown in Figure 6.7. It is well-known that the first-order mode shape of a simply-supported bridge
resembles a half-sine wave with all nodes having the same directional vibration. Thus the firstorder mode shape can be quickly determined by assembling the peak PSD amplitudes of the
displacement histories for all the measurement points. As can be seen from Figure 6.7(b), the
extracted first-order mode shape has the same shape to the conventional mode shape from EMA.
It is noteworthy that the first-order natural frequency (i.e., 2.59Hz) can be clearly identified from
the displacement response, which perfectly agree with the analytical first-order frequency of the
bridge. The higher order natural frequencies are shadowed and invisible due to their much smaller
amplitudes compared with that of the first frequency.
Figure 6.8 plots the extracted first-order mode shapes of the intact and damaged bridges for
damage case C1 (later introduced in Section 6.6.1), respectively. It is noted that the local damages
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induce invisible change in the mode shapes between intact and damaged cases, and hence, the
mode shape alone cannot give accurate indication of the damage location.

(a) Waterfall plot of PSD functions

(b) The first-order mode shape from PSD peaks

Figure 6.7: First-order mode shape extraction

Figure 6.8: First mode shapes of intact and damaged structures for case C1

6.5.2 Damage detection flowchart
The proposed damage detection method is based on MSC-based damage index in Eq.(4.6), which
has been introduced in Section 4.3.2. Figure 6.9 shows the detection procedure, described as
follows:
(i) Measure the displacement response of the bridge structure before and after damage when
subjected to moving vehicle excitation.
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(ii) By using the mode shape extraction method introduced in Section 6.5.1, obtain the firstorder mode shape and corresponding curvature from the measured displacements.
(iii) By setting N=1 in Eq.(4.6), localize the structural damages from the peak/peaks in the
MSC changes.
N

N

j 1

j 1

MSCq   q," j   q,",damaged
 q,",intact
j
j

(6.18)

In sum, the basic damage detection concept is to analyze the MSC changes between the intact
and damaged structures. It should be noted that in practical applications, the proposed damage
detection method actually works in a model-free manner by directly utilizing the measured
displacement histories.

Figure 6.9: Procedure of the proposed damage detection method

6.6 Numerical validation
6.6.1 Damage scenarios
The VBI formulation in Section 6.2 is derived in the continuous modal coordinates based on the
assumption of constant stiffness along the bridge. To simulate the damage scenarios, the bridge
model should be discretized according to the finite element concept. Herein, the simply supported
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bridge in Figure 6.1 is discretized into 36 Euler-Bernoulli beam elements with 74 DOFs without
considering the axial deformation, as shown in Figure 6.10. The front axle load F1 ( t ) and the rear
axle load F2 ( t ) between the two wheels and the bridge from Eq. (6.4) are used as external
excitations. The typical axle loads with and without considering road surface roughness are shown
in Figure 6.11.

Figure 6.10: Beam element illustration

(a) Without considering road roughness

(b) Considering roughness

Figure 6.11: Dynamic axle loads
It is usually assumed that damage does not change the mass but the stiffness of the structure.
Thus the damage index of the bridge can be defined as the relative reduction ratio of the element
stiffness [51]. If the relative damage index and the reference stiffness of the j - th element are,
respectively,  j and  EI refer , its stiffness in the damaged state can be expressed as [128]:
j

 EI d   EI refer 1-  j  ,
j

j

0  

j

 1, j = 1, 2,......, N 

(6.19)

If  j =0 , it denotes that the element is intact; if 0   j  1 , it implies the existence of damage
in the element. Damage could be introduced in the FE model based on damage location and
damage severity. The damaged element number is used to define damage location, and the relative
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reduction of element stiffness to define damage severity. As shown in Table 6.3, three damage
scenarios are considered, i.e., single damages, double damages and three damages at the prescribed
element/elements, the location of which are diagrammatically shown in Figure 6.10. The damage
severity for all cases C1~C10 is varied in turn 5%, 10%, 20%, 30%, respectively.
Table 6.3: Simulated damage scenarios
Type

Damage case No.

Damage element

Damage index a j (%)

C1

4

5, 10, 20, 30

C2

9

5, 10, 20, 30

C3

13

5, 10, 20, 30

C4

18

5, 10, 20, 30

C5

4, 9

5, 10, 20, 30

C6

4, 13

5, 10, 20, 30

C7

9, 26

5, 10, 20, 30

C8

4, 13, 26

5, 10, 20, 30

C9

9, 13, 32

5, 10, 20, 30

C10

6, 15, 28

5, 10, 20, 30

Single damage

Double damages

Three damages

6.6.2 Damage detection results
To study the feasibility and performance of the proposed damage detection method, numerical
simulations are carried out for all the single-, double- and three-damage scenarios. Moreover, the
damage detection performance is studied in depth for cases when the road surface exhibits different
classes of roughness and when less measurement points are available.
Damage detection without considering road roughness
In this section, the displacement response due to moving vehicle excitations without
considering road roughness (Figure 6.11 (a)) are used for damage detection. The single damage
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scenario C1~C4 as shown in Table 1 includes four damage cases with 5%, 10%, 20% and 30%
stiffness reduction, respectively. As shown in Figure 6.12(a) ~(c), for each of the single damage
cases C1~C3, a prominent peak appears in the MSC plot at the location corresponding to damaged
element. Also good damage detection performance for case C4 is achieved, the plot is however
not given in order to save space. On the other hand, Figure 6.12(d)~(i) show the damage detection
results for the double-damage scenario C5~C7 and three-damage scenario C8~C10, respectively.
The following detailed observations can be concluded:
(1) The proposed damage detection method demonstrates good damage localization
performance. The peaks in the MSC increase with the increase of damage severity. Particularly,
during the operational monitoring, this observation can be used to assess if the initial small damage
worsens over time.
(2) Satisfactory predictions are obtained for both single and multiple damage cases, and minor
damage as small as 5% stiffness reduction can be easily detected, which is meaningful and
important for early damage detection.
(3) Damage adjacent to the support can also be detected notably.
Damage detection considering different levels of road roughness
In order to evaluate the damage detection performance in more realistic situations, the effects
of road surface roughness on the damage detection performance are investigated. Same physical
parameters for the VBI system as used in section 6.6.1 are adopted. The only difference is that the
“measured” displacement response is subjected to the moving vehicle excitation by considering
different classes of road surface roughness. Again, it is concluded that the proposed damage
detection strategy gives satisfactory predictions for all the damage cases (C1~C10). For example,
Figure 6.13 and Figure 6.14 show the damage detection results considering road roughness ‘Level
B’ and ‘Level C’, respectively. In order to save space, in Figure 6.14, only damage cases 3, 7 and
10 are plotted for illustration purpose. It is obvious that all the single, double and three damage
cases can be successfully identified and same observations can be made as those in section 6.6.1.
It is also found that compared to Figure 6.12, the MSC in the non-defective location shows small
fluctuation which is probably due to the fluctuation of dynamic interaction loads when considering
road roughness.
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(a)

(b)

(c)

(d)

(e)

(f)

(h)

(g)

(i)

Figure 6.12: Damage detection results without considering road roughness
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(a)

(d)

(h)

(b)

(c)

(e)

(f)

(g)

(i)

Figure 6.13: Damage detection results considering road roughness ‘Level B’
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Detection sensitivity to the number of measurement points
More measurement points or sensors would reveal more information about the dynamic system.
The above analysis in section 6.6.1 and 6.6.2 are based on displacement responses measured from
all element nodes of the simply supported bridge except for the nodes at both ends. It is of great
interest to study the damage detection performance when less measurement points are available.
Figure 6.15 shows the MSC plots when displacement histories are obtained every two nodes along
the bridge, with (a) ~(c) corresponding to damage Cases 3, 7 and 10 respectively. Again the
damage locations of the single, double and three damage cases can be approximately determined.
However, in order to extract relatively smooth mode shapes as well as to keep the local damage
information, it should be noted that a minimal number of measurment points should be guaranteed
as appropriate.
(a)

(b)

(c)

Figure 6.14: Damage detection results considering road roughness ‘Level C’
Detection sensitivity to the measurement locations
There exist higher chances of damage occurrence in the vicinity of the mid-span region, which
bears higher shear forces and moments. Therefore, in practice, the limited number of measurement
points or sensors are usually deployed and focused on this region. Single damage case C4 is studied
here when the displacement histories are only “measured” in the area between 1/4 span and 3/4
span. Here, road roughness ‘Level B’ is considered. The single damage located in the mid-span
(element 18) can be successfully detected, as shown in Figure 6.16.
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(a)

(b)

(c)

Figure 6.15: Damage detection results with less available measurement points

Figure 6.16: Damage detection result with sensors only deployed between ¼ and ¾ span

6.7 Conclusion
Without requiring prior knowledge about the traffic excitation and road surface roughness, an
time-efficient output-only bridge damage detection method is proposed utilizing the vehicleinduced displacement response, which can be conveniently measured by, for example, a visionbased remote monitoring system. The contributions of this paper are in a proof of concept using
numerical simulations, specifically:
(1) Through VBI analysis by considering road surface roughness, it is found that the vertical
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bridge displacement excited by the moving vehicle is dominated by the first-order mode
component. The contribution of the first mode remains constant (around 93%) for various vehicle
speeds and weights. Thus as an obvious merit, only the first-order mode shape is needed for the
proposed MSC-based damage index. As an alternative to extract the displacement mode shapes
based on conventional EMA, the first-order mode shape can be conveniently constructed from the
PSD functions of the displacement responses.
(2) The proposed damage detection method demonstrates satisfactory damage localization
performance for both single and multiple damage scenarios. Minor damage as small as 5% stiffness
reduction can be detected, which demonstrates the potential of this method for early damage
detection. The MSC peaks increase with the damage severity. In practice, therefore, the MSC peaks
can be used as a damage index to quantitatively monitor damage progression over time.
Additionally, damage adjacent to the support can also be detected, which is another advantage of
the proposed method due to its high sensitivity.
(3) To simulate the application in real bridges, the performance of the proposed method is
investigated with different road surface roughness and less measurement points. Again,
satisfactory results are achieved for all the damage scenarios.
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Chapter 7
Conclusions and Future Work
The concluding chapter presents the main contributions and concluding remarks of this dissertation. Future research
directions are also introduced.

7.1 Main contributions and concluding remarks
Most existing structural health monitoring (SHM) techniques are based on measured acceleration
data. Such practice, however, is highly expensive to operate, mainly due to cumbersome, timeconsuming and expensive installation of sensors and their data acquisition systems. As an
emerging noncontact method, the vision-based displacement sensor systems have attracted
significant research interests and offered a promising alternative to the conventional sensors for
SHM. However, most existing vision-based sensors require physical access to the structure to
install a predesigned target panel, which has a higher contrast and thus is easier to track. Besides,
most studies are carried out in controlled laboratory environments. The accuracy and robustness
of vision sensors in the outdoor field conditions have not been fully investigated. It is also noted
that current researches are mainly focusing on the measurement performance evaluation of vision
sensors, without discussing the use of the measured displacement data for SHM.
This dissertation develops a high-precision vision sensor system for remote and real-time
measurement of multipoint structural displacements by tracking natural targets on structural
surfaces. Two sets of software packages are developed respectively based on two advanced
template matching algorithms incorporated with different subpixel techniques. Comprehensive
experiments, including laboratory shaking table tests and field bridge tests, are carried out to
evaluate its performance. This dissertation further explores the potentials of the vision sensor for
fast and inexpensive SHM applications, by demonstrating the usefulness of the displacement data
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for experimental modal analysis, FE model updating, and damage detection, etc. Efficient bridge
model updating and damage detection approaches are also proposed based on vehicle/traininduced displacement responses from the coupled vehicle-bridge or the train-track-bridge
interaction system.
In particular, the dissertation has contributed to the following four main aspects:
 Development of noncontact vision-based displacement sensor. Most vision-based
displacement sensors cannot perform real-time displacement measurement and require a
predesigned high-contrast target panel, which need to access the structure to install the target
panel. This dissertation develops a novel noncontact vision sensor for multipoint real-time
displacement measurement based on two advanced subpixel template matching techniques:
OCM and UCC, which can track either high-contrast artificial targets or low-contrast natural
targets on the structural surface. Efforts have been made to reduce the image processing time
to realize real-time online measurement. A user-friendly interface has been built into the
software package for easy operation. Comprehensive experiments, including laboratory
shaking table tests and field bridge tests, are carried out to investigate its performance.
Satisfactory agreements are observed between the displacements measured by the single
camera and those measured by high-performance reference displacement sensors. This study
further examines the robustness of the proposed vision sensor against ill environmental
conditions such as dim light, background image disturbance, and partial template occlusion.
It is found that the vision sensor based on OCM is more reliable than UCC since the
employed orientation codes are inherently invariant to variations in the image intensity.
Significant advantages of the noncontact vision sensor include its low cost, ease of operation,
and flexibility to extract structural displacement at any point from a single measurement.
 Vision-based SHM application through laboratory verification. While existing studies
on vision sensors mostly focus on the time-domain performance evaluation, this dissertation
experimentally explores the usefulness of the vision-based displacement data for low-cost
SHM, including modal analysis, FE model updating and damage detection. For the threestory frame structure, the experimental modal analysis shows that the obtained natural
frequencies and mode shapes from measurements by using one camera match well with those
by using four accelerometers. Thus it can be concluded that the vision sensor is a low-cost
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alternative to the conventional accelerometers for SHM. In fact, the vision sensor can
achieve smoother mode shapes which makes damage localization more accurate while the
resolution of mode shapes from accelerometers is limited by the sensor number. This is
demonstrated from the damage detection of beam structures based on the MSC index. The
availability of such as a remote multi-point displacement sensor will facilitate cost-effective
SHM.
 Displacement-based model updating of railway bridges considering the train-trackbridge interaction. To address the needs for monitoring aging railway bridges, a coupled
train-track-bridge finite element model is firstly developed to simulate the dynamic
interactions of railway bridges. A model updating approach for railway bridges is proposed
using time-domain optimization based on in-situ measurement of the bridges’ dynamic
displacement histories under trainloads. The sensitivity analysis reveals that the bridge
dynamic displacement response amplitude is significantly more sensitive to the bridge
equivalent stiffness than other parameters such as bridge damping, the rail bed stiffness and
damping, the train suspension stiffness and damping. Therefore, the proposed model
updating approach is applied to identify the stiffness of railway bridges by minimizing the
error between the measured and computed displacement time histories. The proposed visionbased displacement measurement and time-domain FE model updating can be developed
into an effective tool for long-term SHM of short-span railway bridges.
 Displacement-based damage detection considering the vehicle-bridge interaction. Most
existing bridge superstructure damage detection methods are based on acceleration or strain
response due to ambient excitation. This study proposes a bridge damage detection
procedure that utilizes vehicle-induced displacement response and the MSC index without
requiring prior knowledge about the traffic excitation. The dynamics of the VBI system is
firstly derived by considering road surface roughness. Analysis of the developed VBI FE
model shows that when subjected to moving vehicles, the bridge displacement response is
dominated by the first-order mode component. Thus the proposed damage detection method
only requires the first-order mode shape curvature. Satisfactory damage localization
performance are achieved for both single and multiple damage scenarios with different levels
of damage extents. The study demonstrates the potential of the proposed model-free and
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time-efficient method for damage detection of bridge structures.

7.2 Future research directions
The research of vision-based sensor for SHM is still at an early stage. Based on the observations
of the present work, in the near future, the following research topics should be addressed:
 During the uncontrolled outdoor field tests, the measurement accuracy of current vision
sensor system suffers from errors due to environmental noises including heat haze-induced
image distortion and wind/motion-induced camera vibration, etc. Future work should be
carried out toward vision sensor accuracy improvement through heat haze and camera
vibration cancellation.
 Field tests of dense displacement measurements along large-scale structures (e.g., long-span
bridges, high-rise buildings, wind turbine blades, etc.) will be conducted by using multiple
synchronized cameras targeting different sections of the structure. Furthermore, the
measurement can be expanded to a 3-D measurement by using two cameras in stereoscopic
configuration, depending on the application requirements. In long term, the novel algorithms
and software package developed in this research would be integrated into existing,
ubiquitously available security cameras to explore their potential dual usage for monitoring
structural deflections, displacements and possibly structural integrity and safety.
 More SHM studies will be conducted for a wider range of structures based on the developed
vision sensor system. For example, (1) field bridge experiments will be conducted to validate
the proposed bridge damage detection technique using vehicle-induced displacement
response and MSC index in Chapter 6; (2) Another possible application is load testing for
bridge ranking, with a goal of saving time and cost to make the load testing affordable; (3)
The application of the vision sensor in condition assessment of other civil, aerospace and
mechanical structures, whose static and/or dynamic deflections are causing safety concerns,
should be investigated; (4) The vision sensor system can be installed permanently for longterm continuous structural monitoring.
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Appendix
Simultaneous Identification of Bridge Structural
Parameters and Vehicle Loads
A new method is proposed to simultaneously identify bridge structural parameters and vehicle dynamic axle loads of
a vehicle-bridge interaction system from a limited number of response measurements. Numerical analyses of a simplysupported single-span bridge and a three-span continuous bridge are conducted to investigate the accuracy and
efficiency of the proposed method. This chapter is reproduced from the paper titled “Simultaneous identification of
bridge structural parameters and vehicle loads, co-authored with Maria Q. Feng, which was published in the journal
of Computers & Structures [91].

A.1 Introduction
Repeated operational traffic loads over time can lead to the deterioration of bridge structures. It is
therefore important to measure the operational vehicle axle loads or the moving dynamic forces
for evaluation and maintenance of bridge structures. From bridge design point of view, it is also
desirable to measure the vehicle axle loads [129]. Weigh-in-motion (WIM) systems [130] have
been developed, which measure the bridge strains caused by moving vehicles to estimate the
equivalent static axle loads [126, 131]. However, the accuracy of the WIM systems often depends
on the road surface condition and the results are reliable only when the vehicle speed is low and
bridge pavement surface is smooth [123]. In fact, the dynamic effects of the moving vehicle cause
much larger bridge responses, especially when unfavorable road roughness exists, by increasing
the average surface damage two to four times compared to that from the static axle forces [123].
In view of this, it would be beneficial if the dynamic axle forces of the operational traffic vehicles
as well as the structural parameters could be identified. Such information is of particular
importance for the purpose of deck and pavement design, management, maintenance, safety
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assessment as well as fatigue estimation [123, 132].
Consequently, there has been a considerable amount of research efforts towards identification
of dynamic vehicle axle loads or moving forces from measured bridge responses including strain,
displacement, acceleration, and bending moment [123, 126, 129-139]. For example, Law et al.
[133] introduced a regularization method in the ill-posed inverse problem to provide bounds to the
identified moving forces. Based on the finite element formulation, a generalized orthogonal
function approximation was developed by Zhu and Law [134] to obtain the derivatives of the
bridge modal responses, and moving forces were identified using the regularized least-squares
method in the time domain. Zhu and Law [138] further studied the effects of vertical and rotational
support stiffness on the identification results based on an elastically supported multi-span
continuous bridge deck. Gonzalez et al. [131] developed a moving force identification method
using the first-order Tikhonov regularization applied to a two dimensional orthotropic plate bridge
from 21 strain measurements. Deng and Cai [123] presented a moving force identification
technique using the superposition principle and the influence surface to deal with the bridge
structure, and effects of factors such as the vehicle speed, the road surface condition, the traveling
route, etc. were numerically studied. Asnachinda et al. [139] carried out laboratory experiments
by using two scaled two-axle vehicles running on a scaled three-span continuous bridge, and
successfully identified the multiple axle forces using an updated static component technique.
Besides the above numerical and laboratory experimental validations, Chan et al. [137] carried out
field measurements of an existing prestressed concrete bridge for moving force identification.
Dynamic axle forces and the gross vehicle weight were obtained with an acceptable error. In
general, all these methods can identify moving axle forces with an acceptable accuracy.
However, in the above studies, the force identification is based on the prerequisite that the
system parameters, e.g., the flexural stiffness of the bridge structure, are completely known in
advance, which would limit practical implementations of these approaches. There have been a few
attempts for simultaneous identification of both the structural parameters and vehicle parameters
or axle loads. For example, Zhu and Law [113] developed an iterative procedure to identify the
unknown moving forces and system parameters from measured bridge responses with a full sensor
placement. Lu and Liu [114] presented a response sensitivity-based finite element model updating
approach to identify both damages in a bridge and the vehicular parameters, where acceleration
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measurements from both the bridge and vehicle were used.
In summary, existing extensive vibration-based bridge system identification methods can be
categorized as follows: (1) studies focusing on identification of bridge parameters based on
dynamic measurements due to ambient excitations [106, 140, 141], earthquake excitations [53,
142-144] or traffic-induced bridge responses with known traffic loads [103, 112, 145, 146]; (2)
the identification of dynamic vehicle axle loads or moving forces by assuming known bridge
parameters; and (3) identification of both bridge and vehicle parameters with a full sensor
placement or using measurements from both the bridge and vehicle subsystems.
The major contributions of this study are: (1) we propose a new method to simultaneously
identify bridge structural parameters and vehicle axle loads from only a limited number of sensors
in the framework of an iterative parametric optimization process and (2) we present a Bayesian
inference-based regularization approach to solve the ill-posed least squares problem for the
unknown vehicle axle loads. This chapter is organized as follows. Section A.2 introduces the
dynamics of the VBI system. Section A.3 presents the basic identification formulation, including
the system identification as an optimization problem as well as the force identification using the
Bayesian inference regularization technique. Section A.4 presents the iterative identification
procedure. In Sections A.5 and A.6, numerical analyses of a single-span simply supported bridge
and a three-span continuous bridge are conducted to demonstrate the accuracy and efficiency of
the proposed method. Finally, Section A.7 summarizes the results of this study.

A.2 Dynamics of the VBI system
As shown in Figure A. 1, the vehicle-bridge interaction (VBI) system is modeled by a simply
supported or continuous bridge subject to a moving vehicle which is represented by a four-degreefreedom system. Here, mv and I v are the body mass and the pitch moment of inertia, respectively;
mt1 and mt 2 are the front and the rear axle mass, respectively; K s1 , K s 2 , Cs1 and Cs 2 are the linear

suspension stiffness and the viscous damping parameters of the front and rear axles, respectively;
K t1 , Kt 2 , Ct1 and Ct 2 are the linear tire stiffness and the viscous damping parameters, respectively;

a1 and a2 are the axle distances with respect to the gravity center. The simulation of road surface
roughness can be found in Section 6.2.1.
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Figure A. 1: VBI system considering road surface roughness

A.2.1 Vehicle model
The equation of motion of the four-degree-freedom vehicle in Figure A. 1 can be derived using
dynamic equilibrium, given by
0 
K v12 
M v1
 Cv11 Cv12 
K
y v   v11
 0 M  y v  C

 y v  Pv
v2 

 v 21 Cv 22 
K v 21 K v 22 
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where, Mv1 , Mv 2 , Cv11 , Cv12 , Cv 21 , Cv 22 , K v11 , K v12 , K v 21 and K v 22 are respectively the vehicle mass,
damping and stiffness sub-matrices; y v , y v and y v are respectively the vehicle displacement,
velocity and acceleration vectors; Pv is the external force vector, in details,
 yv 
 0  0
 

  
 v
 0  0
y v    , Pv   
 
 yt1 
 F1 (t )  W1 
 yt 2 
F2 (t )  W2 
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Here, F1 (t ) and F2 (t ) are the vehicle axle loads or moving forces acting on the bridge as shown
in Figure A. 2, which include the static plus dynamic interaction forces between the two axles and
the bridge, specifically,
 F (t )   K (y  y )  Ct1 (yt1  yc1 )  W1 
Fint   1    t1 t1 c1

 F2 (t )   Kt 2 (yt 2  yc 2 )  Ct 2 (yt 2  yc 2 )  W2 

(A.3)

The detailed definition of each term in Eq. can be found in Section 6.2.2.

Figure A. 2: Bridge-only model under moving loads

A.2.2 Bridge model
Suppose a simply supported beam bridge is discretized into nel equally spaced elements with
nel  1 nodes. Each node allows for rotational and vertical translations, i.e., with two degrees of

freedom (DOFs) per node. Thus the beam FE model has a total of ndof  2  (nel  1) DOFs. The
equation of motion of the bridge can be written as:
Mb y b  Cb y b  K b y b  NbFint

(A.4)

where, M b , Cb and K b are the bridge mass, damping and stiffness matrices, respectively; y b , y b and
y b are the nodal acceleration, velocity and displacement vectors, respectively; and (Nb Fint )ndof 1 is

an equivalent global load vector at each time instant. For the two-axle vehicle used in this study,
the matrix N b is a (ndof  2) transformation matrix that distributes the two dynamic interaction
forces to equivalent nodal forces, which consists of the Hermitian shape function vectors at the
DOFs of the beam elements where F1 (t ) and F2 (t ) are acting and zeros for the other entries [126],
given by
0
Nb  
0

H1  (x1 (t ), t ) 
0

0
H 2  (x2 (t ), t ) 
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The bridge displacement yb ( xi ,t ) under wheel i can be calculated by

 yb (x1, t ), yb (x2 , t )

T

 Nb T y b

(A.6)

In this study, Rayleigh damping is adopted for the bridge subsystem, i.e., Cb   Mb   K b .
The constants  and  can be obtained from   212 ( 1  2 ) and   2 ( 1  2 ) , where
 is the damping ratio, 1 and

2 are the first two natural frequencies.

A.2.3 Vehicle-bridge coupled model
The vehicle and bridge models are coupled at the contact points between the wheels and the bridge
by the dynamic axle loads Fint . By combining Eq. (A.1) and Eq. (A.4), the governing equation of
the VBI system can be expressed as

M b
 0


0
M v1

Nb M v 2  y b  Cb N bCv 21 N bCv 22  y b 
 
 
0   y v   0
Cv11
Cv12   y v 
K Nb K v 21 Nb K v 22  y b 
Nb Wv 
 b
   


K v11
K v12   y v 
 0 
0

(A.7)

By using the Newmark-β method, Eq. (A.7) could be solved step-by-step to simultaneously
obtain the dynamic responses of the bridge and the vehicle. It should be noted that the VBI system
represents a coupled time-varying dynamic system, namely, the mass, damping, stiffness matrices
as well as the force vectors of the system changing with time due to the interaction with the moving
vehicle, which have to be updated at each time step.
Remark 1 (VBI forward analysis to obtain the simulated bridge measurements and the
true/reference vehicle loads Fint). Given the parameters of both bridge and vehicle subsystems (e.g.,
parameters in Table 1), the time history responses of the VBI system can be solved from the
forward analysis of Eq. (10). Subsequently, the simulated bridge measurements from a limited
number of sensors can be selected, and the reference loads Fint can be calculated from Eq. (5). It is
noted that the vehicle parameters as shown in Fig. 1 are only used to numerically simulate the
bridge measurements and the reference dynamic axle loads. In practical applications for
simultaneous identification of bridge parameters and vehicle loads, for the vehicle, only speed v
and axle spacing a are needed (see also Remark 3).
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A.3 Basic identification formulations
Contrary to the ordinary forward VBI analysis, e.g., determining the dynamic responses given
known structural parameters and moving vehicle information, in this study, an iterative procedure
is developed to address the inverse problem for simultaneous identification of bridge structural
parameters and vehicle axle loads from a limited number of response measurements.

A.3.1 Structural parameter identification as an optimization problem
Consider that u(tk ) and y (tk ) are the true input and the output vectors, respectively, of a
structural system at the time instant tk , where k  0,1, 2,

, nt and

nt denotes the total number of

sampling points. Then, the estimated output yˆ (tk ) of the system can be obtained through the
general relationship:

yˆ (tk ) = f (uˆ (tk ), θˆ )

(A.8)

where uˆ (tk ) denotes the estimated input vector for the case of output-only identification; θ̂
represents an estimated set of the unknown structural parameters θ  1 ,2 ,

, n



T



n

,where

n is the number of parameters.
Identification of structural parameters is essentially an optimization problem [55, 110],
wherein the objective is to find the best parameter estimate θ̂ so as to minimize the error between
the measured response y (tk ) and the predicted one yˆ (tk ) . Herein, the objective function is
defined as the sum of the least-square errors between yˆ (tk ) and y (tk ) :
nt

(θ)   rkT (θ)rk (θ)

(A.9)

k 1

where rk (θ) is the residue vector, given by

 yˆ1 (tk )  y1 (tk ) 
 yˆ (t )  y (t ) 
 2 k
2 k 
rk (θ)  yˆ (tk )  y (tk )  



 yˆ ns (tk )  yns (tk ) 
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where ns depends on the number of sensors available in the tests. Therefore, system identification
is summarized as to solve the following nonlinear optimization problem in order to determine the
optimal parameters:
θˆ  arg min
(θ)
l
u
θ θ θ

(A.11)

where θ l and θu are the lower and upper bound vectors, respectively, of the parameters to be
identified. In this study Eq. (A.11) is solved by the damped Gauss-Newton algorithm presented in
Section 4. And θ l and θu are set to be 0.1 and 10 times of the true parameter values, respectively.

A.3.2 Force identification
The relationship between the system parameters, the output measurements and the input loadings
can be established through a state space model. The determination of the unknown input loadings
would formulate an ill-posed least squares problem when measurement noise is available. Herein,
a Bayesian inference-based regularization technique is presented to solve the ill-posed problem so
as to identify the vehicle axle loads.
State-space representation
From Eq.(A.4), the equation of motion of the bridge beam subjected to the moving vehicle can be
written as
Mb y b (t )  Cb y b (t )  K b y b (t )  L(t )Fint (t )

(A.12)

where L  t  is the global load transformation matrix, which is composed of time-varying matrix
N b at each time instant.

The state space representation of Eq. (A.12) can be written as:
z(t )  Ac z(t )  Bc (t )Fint (t )

(A.13)

with
0
 y (t ) 

z (t )   b
, Ac  

1
 y b (t ) 
 Mb K b

0
I



and Bc (t )   1


1
Mb Cb 
Mb L  t  
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where A c is the continuous system matrix; Bc (t ) is the time-varying input matrix due to the moving
vehicle and I is an identity matrix. When acceleration measurements are available at certain a
given number of DOFs of a structure, the output vector can be formulated as y(t )  Rx(t ) with R
being the output influence matrix, which depends on the sensor location information.
Consequently, the measurement can be expressed as
y(t )  Cc z(t )  Dc (t )Fint (t )

where Cc  RMb1K b

(A.15)

RMb1Cb  and Dc (t )  RMb1L  t  are respectively the continuous

output matrix and feedthrough matrix.
Converting Eq. (A.13) and Eq.(A.15) into the discrete-time form yields
z(k  1)  Ad z(k )  Bd (k)Fint (k)

(A.16)

y(k )  Cd z(k )  Dd (k )Fint (k )

(A.17)

where z(k ), y(k ) and f (k ) are discrete vectors at time step t  k t (k  0,1,2,

, nt ) . Here, A d ,

Bd (k ) , Cd and Dd (k ) are the discrete system state space matrices, given by

Ad  exp(Ac t ), Bd (k )  Ac1  Ad  I  Bc (k ), Cd  Cc , Dd (k )  Dc (k )

(A.18)

The substitution of Eq.(A.16) into Eq.(A.17) to solve for y (k ) and applying zero initial
conditions yield:
(A.19)

Y = HF

with

Y  y(0); y(1); y(2);

where Y 

; y(nt 1); y(nt )

(A.20)

F   Fint (0); Fint (1); Fint (2); ; Fint (nt 1); Fint (nt )

(A.21)

0
0
0 
 Dd (0)
 C B (0)
Dd (1)
0
0 
d d

H   Cd A d B d (0)
Cd B d (1)
Dd (2)
0 




Cd A dnt 1B d (0) Cd A dnt  2B d (1)
Cd B d (nt  1) Dd (nt ) 

(A.22)

ns ( nt 1)

is the assembled measured acceleration vector, F 

unknown force vector ( n f  2 for a two-axle vehicle), H 
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triangular Hankel matrix consisting of the system Markov parameters.
From Eq.(A.19), provided that the system parameters in H can be identified (as introduced in
Section 3.1), then the unknown external force vector F could be determined from the measured Y.
Bayesian inference regularization for force identification
In this study, the size of matrix H is determined by the total number of sensors ( ns ), the number
of data points ( nt ) and the number of moving loads ( n f ). In general, H is singular. The ordinary
least squares solution for Eq. (22) would lead to unbounded solutions because of the large
fluctuations when the moving loads suddenly enter and exit the bridge and the presence of noise
in measurements [147]. In order to provide a bounded solution, the damped least square approach,
well-known as the Tikhonov regularization, can be adopted by minimizing the regularized residual:
J (F)  HF - Y   F
2

2

(A.23)

where  denotes the Euclidean norm. Expanding Eq. (A.23) yields:
J (F)  YT Y  2FT HTY  FTHTHF  FTF

(A.24)

setting its derivative with respect to F equal to zero leads to:
1
Fˆ   HT H  I  HT Y

(A.25)

where  is the non-negative Tikhonov regularization parameter. It is noteworthy that by setting
1
  0 , Eq.(A.25) would reduce into the ordinary least squares solution, namely, Fˆ   HT H  HT Y .

The difficulty of applying the Tikhonov regularization lies in how to efficiently find the
optimal regularization parameter  . A number of choice are available in literature, e.g., the L-curve
method [148], the S-curve method [149] and the generalized cross-validation (GCV) method [150].
These methods operate on the basis of the singular value decomposition (SVD) of the coefficient
matrix (i.e., H) and is computationally effective when the matrix has a small scale size.
Nevertheless, when the matrix size increases, the computational efficiency decreases dramatically.
When dealing with force identification problems, the Toeplitz matrix H typically relies on the
number of observations ( ns ), the number of unknown forces ( n f ), as well as the sampling points
used for identification (N). Large values of these parameters bring severe computation burden
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using the L-curve and GCV methods, especially in an iterative optimization process where
repeated forward analyses are required.
To alleviate this issue, the Bayesian inference provides a statistical and efficient mechanism
for the selection of the regularization parameter through hierarchical modeling [92, 151, 152].
When applying the Bayesian inference approach to solve the unknown forces, the unknown vector
F in Eq.(A.19) can be encapsulated in the posterior probability density function (PDF)
p  F,  2 , Y  based on the hierarchical Bayesian modeling, expressed as





p  F, 2 , Y   p Y F, 2 p  F   p   p  2 





where p Y F, 2 is the likelihood function,

p F  

(A.26)

is the prior PDF, p   and p  2  are

conjugate priors for the hyper-parameters  and  , namely,





p Y F,  2 

1



ns ( N 1)

p F    

2
 1
exp   2 HF  Y 
 2


n f ( N 1)/ 2

(A.27)

2
 
exp   F 
2



(A.28)

Here,  denotes the variance of or prediction error and  is a scale parameter. Noteworht,    2
holds in the above formulations. The conjugate priors can be modeled as the inverse Gamma
distribution written as follows

0  1   
p   
 e ;
  0 
0

0

0

1
p   
 2 1e  
 1 
1

2

1

2

(A.29)

1

1 are the hyper-parameters of the conjugate prior distributions

where  0 , 0 , 1 and

0 , 0 ,1 , 1  0 . The substitution of Eqs.(A.27) , (A.28) and (A.29) into Eq. (A.26) yields
n f ( N 1)/2





2
2 
 1
2  1
p  F,  , Y   n ( N 1) exp   2 HF  Y  F  0   1e   1   e  

2
 1 
 2
   0 
0

1

2

0

0

1

2

1

s

(A.30)
To determine the feasible solution of F, the Bayesian inference approach aims to obtain the





maximum a posteriori estimate of the parameter set, e.g., Fˆ ,ˆ 2 ,ˆ , conditional on the measured
data y, namely,
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Fˆ ,ˆ ,ˆ  arg max p  F, , Y   arg maxln  p  F, , Y 
2

F , 2 ,

F , 2 ,

(A.31)

The optimality system of Eq.(A.31) can be obtained through analyzing the derivatives of

p  F,  2 , Y  w.r.t. the unknown variables, such as Eq. (A.25) and
 n f ( N  1)

1 ˆ 2
F  0  
  0  1 ˆ1  0
2
2



(A.32)

2
1 ˆ
 n ( N  1)

HF  Y  1   o
 1  1 ˆ 2  0
2
2



(A.33)

The optimality Eqs.(A.25), (A.32) and (A.33) form a sequential solution updating scheme, to
ˆ ˆ 2 as well as the unknown force vector
automatically determine the regularization parameter ˆ  

F̂ , as illustrated in Algorithm 1 in Section 4.
Remark 2 (selection of hyper-parameters for the Bayesian inference-based regularization
parameter). It is noted that in Eqs. (A.32) and (A.33) the four hyper-parameters (i.e.,  0 , 0 , 1 and
1 ) have to be predefined. To provide a non-informative identification process, we assume small

prior values are assigned to the hyper-parameters, e.g.,  0  1  0 and 0  1  1016 , which
would lead to an iterative data-driven regularization process. Given the bridge measurements as
well as the currently identified bridge parameters, the unknown vehicle loads can then be
iteratively determined using the proposed approach as illustrated in Algorithm 1.

A.4 Procedure of the simultaneous identification algorithm
The identification of unknown axle loads Fint is incorporated in the framework of the iterative
parametric optimization process by minimizing the objective function defined in Eq. (A.9) until
the convergence criteria are met. Figure A. 3 shows the flowchart of the proposed identification
procedure. The identification problem herein is solved by a damped Gauss-Newton optimization
algorithm, described as in Algorithm 1.
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Figure A. 3: Iterative procedure of the simultaneous identification algorithm

Remark 3 (available information and unknown parameters to be identified). Essentially, the
simultaneous identification process is an inverse problem of solving Eq. (15). The unknown
parameters that need to be identified are: (1) the dynamic vehicle loads Fint, and (2) the structural
flexibility rigidity EI and damping ratio ς which are respectively corresponding to the bridge
stiffness matrix Kb and damping matrix Cb. The known parameters are: (1) the bridge geometry
and material density which are used to derive the bridge mass matrix Mb, and (2) the vehicle speed
v and axle spacing a which are used to determine the time-varying global load transformation
matrix L(t) at each time instant. The known observations are bridge acceleration measurements
from a limited number of sensors.
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Algorithm 1- Iterative procedure of the simultaneous identification algorithm
Given the measurement vector Y;
Choose initial guess θ(0) , select the damping factor h(0) and the convergence criteria, i.e., the relative error
of the objective function (θ) is smaller than a tolerance value  (e.g.,   1106 );
set the iteration number index iter  0;





iter 1
iter
iter
While (θ )  (θ ) (θ )   do

State-space representation of the VBI system using θiter  , construct A, B(t), C, D(t) and the Hankel
matrix Hiter ;
Sub-algorithm - Bayesian inference regularization for force identification
Given an initial guess of 0 , convergence tolerance  , the maximum number of iteration  max ;
Set the initial identified force as a unit vector ;
k  0;

While (k  max ),  k 1  k k    and

 Fˆ

k 1

 Fˆ k





Fˆ k   do

Update the identified force by Fˆ k 1  HTiter Hiter  k I



1

HTiter Y ;

Update the regularization parameter by
2

k 1 

Hiter Fˆ k 1  Y  21 n f ( N  1)  2 0  2
2

Fˆ k 1  20

ns ( N  1)  21  2

k  k  1;
end while
Obtain the predicted moving forces: Fiter  Fˆ k ;
Calculate the predicted system response: Yiter = Hiter Fiter ;
Calculate the objective function (θiter ) ;
Calculate the Jacobian matrix of the residual function:

 Jr ij 

ri (θiter ) ri (1 ,..., j 1 , j   j , j 1 ,..., n )  ri (1 ,..., j 1 , j   j , j 1 ,..., n )

 j
2 j

Update the parameter set:
θ(iter 1)  θ(iter )   J r T J r  h( iter ) diag  J r T J r  J r T ri  θ( iter ) 
1

Update the numerical damping factor h( iter ) using the adaptive tracking approach.
Update the iteration index iter  iter  1;
end while
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A.5 Numerical example I: simply supported single-span bridge
To demonstrate the applicability and effectiveness of the proposed algorithm for vehicle loads
estimation as well as bridge structural parameter identification, in this section, a numerical
example of a single-span simply supported bridge subject to a moving two-axle vehicle is studied.
Table A. 1 lists the parameter values of the bridge and the vehicle subsystems, respectively,
which are estimated according to reference [126]. The simply supported bridge in Figure A. 1 is
discretized into 36 Euler-Bernoulli beam elements with 74 DOFs without considering the axial
deformation, as shown in Figure A. 4. The first five natural frequencies for the simply supported
bridge are 2.59Hz, 10.40Hz, 23.39Hz, 41.59Hz, and 64.98Hz. The natural frequencies of the
vehicle are 0.33Hz, 1.31Hz, 8.83Hz, and 10.20Hz. The front axle load F1 ( t ) and the rear axle load
F2 ( t ) between the wheels and the bridge from Eq. (A.3) are used as external excitations. Road

roughness level ‘A’ is considered. The time step is 0.001s in the simulation.
Table A. 1: VBI system parameters
Bridge

Vehicle

L = 36m

mv =16200 kg

mt1 = 700 kg

mt2 = 1100 kg

EI = 2.3×1010 Nm2

Iv = 9.50×105 kgm2

Ks1 = 0.40×106 N/m

Ks2 = 1.00×106 N/m

ρ = 5×103 kg/m

a1 = 2.42m

Kt1 = 1.75×106 N/m

Kt2 = 3.50×106 N/m

ς = 0.02 for all modes

a2 =1.85 m

Cs1 = 1.00×104 N/m/s

Cs2 = 2.00×104 N/m/s

v = 10,20,30 or 40 m/s

Ct1 = 3.90×103 N/m/s

Ct2 = 4.30×103 N/m/s

To quantify the force identification accuracy, a percentage error is defined as a ratio of the
norm of the difference between the true and the identified axle loads to the norm of the true axle
loads, namely [130], Error = Ftrue  Fid

Ftrue 100% , where Ftrue denotes the simulated true

time-varying moving axle loads, and Fid is the identified loads by the proposed procedure as shown
in Figure A. 3.

A.5.1. Identification of structural flexural rigidity and vehicle axle loads
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In this case, the bridge mass information and bridge damping ratio is assumed to be known. It
is reasonable to assume that the simply-supported bridge has a constant flexural stiffness EI along
its girder. The true value is EI  2.3 1010 Nm2 . In the optimization process, the initial parameter
guess is set to be EI  1.84 1010 Nm2 . According to the procedure in Figure A. 3, the structural
parameter EI is updated and the interaction force histories F1 ( t ) and F2 ( t ) would be accordingly
adjusted until the convergence criteria are met. It is noted that the proposed procedure does not
require prior knowledge of the road roughness and vehicle information except the axle spacing
and the moving speed, which could be easily obtained by the axle sensors placed at the entry and
exit locations of a bridge [137].
Here, a detailed study of the effects including different sensor numbers, measurement noise
levels and vehicle speeds on the accuracy of the identification results is carried out. Four sets of
sensor arrangements are investigated, as shown in Table A. 2, denoted from 2-sensor case S2 to 5sensor case S5. Figure A. 4 diagrammatically shows the node numbers of corresponding sensor
locations. It is noted that the sensors are approximately equally spaced at the 1/3, 1/4, 1/5 and 1/6
span locations for sensor case S2, S3, S4 and S5, respectively. To account for the effect of
measurement noise, a Gaussian random noise with zero mean is added to the simulated
acceleration responses, whose standard deviation is related to the noise level. In this study, three
levels of noise, namely, 0%, 2% and 5%, are studied. Moreover, four different vehicle speeds (i.e.,
v=10, 20, 30 and 40 m/s) are considered. Therefore, a total number of 48 separate numerical
identifications were carried out.

Figure A. 4: Schematic of sensor locations
Table A. 2: Sensor placement
Sensor
case

Sensor
No.

Sensor location (Node No.)

S2

2

13, 25

S3

3

7, 19, 28

S4

4

7, 15, 23, 30

S5

5

6, 12, 19, 26, 32
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Identification results
A summary of the percentage errors of the identified axle loads and structure parameter EI are
tabulated in Table A. 3 through Table A. 6.
Table A. 3: Percentage error (%) of 2-sensor case: S2
Vehicle speed

10 m/s

20 m/s

30 m/s

40 m/s

Noise level (%)

0

2

5

0

2

5

0

2

5

0

2

5

Axle load F1

0.18

11.6

16.8

0.13

10.5

20.7

0.39

11.5

17.4

0.33

13.1

22.1

Axle load F2

0.15

18.2

18.8

0.40

14.3

23.1

1.01

18.2

26.8

1.12

19.4

29.4

EI

0.00

0.06

0.06

0.00

0.34

0.09

0.00

0.30

1.52

0.00

0.16

0.66

Table A. 4: Percentage error (%) of 3-sensor case: S3
Vehicle speed

10 m/s

20 m/s

30 m/s

40 m/s

Noise level (%)

0

2

5

0

2

5

0

2

5

0

2

5

Axle load F1

0.00

4.06

9.43

0.06

5.81

8.64

0.00

7.08

11.4

0.00

5.34

11.5

Axle load F2

0.00

3.80

7.80

0.00

7.45

11.5

0.00

7.55

12.8

0.00

7.78

14.1

EI

0.00

0.00

0.00

0.00

0.03

0.21

0.00

0.11

0.08

0.00

0.04

0.25

Table A. 5: Percentage error (%) of 4-sensor case: S4
Vehicle speed

10 m/s

20 m/s

30 m/s

40 m/s

Noise level (%)

0

2

5

0

2

5

0

2

5

0

2

5

Axle load F1

0.00

2.03

4.09

0.00

2.80

8.32

0.00

2.09

6.80

0.00

3.03

6.06

Axle load F2

0.00

2.81

4.37

0.00

3.69

8.07

0.00

4.23

7.40

0.00

3.82

7.64

EI

0.00

0.03

0.02

0.00

0.00

0.12

0.00

0.00

0.09

0.00

0.04

0.03

141

Appendix. Simultaneous Identification of Bridge Structural Parameters and Vehicle Loads

Table A. 6: Percentage error (%) of 5-sensor case: S5
Vehicle speed

10 m/s

20 m/s

30 m/s

40 m/s

Noise level (%)

0

2

5

0

2

5

0

2

5

0

2

5

Axle load F1

0.00

1.77

3.23

0.00

1.36

5.31

0.00

1.07

3.45

0.00

1.58

2.83

Axle load F2

0.00

1.32

2.58

0.00

1.65

3.90

0.00

1.27

3.31

0.00

2.33

4.40

EI

0.00

0.01

0.08

0.00

0.01

0.06

0.00

0.03

0.28

0.00

0.07

0.00

It is observed that the identification errors of structural parameter EI are zero or close to zero
for all numerical cases. Take the 4-sensor case S4 for example. Figure A. 5 depicts the evolution
process of the identified flexural stiffness EI. It is seen that all the parameters quickly converge to
the true values after a few iterations. Figure A. 6 plots the identified front and rear axle loads from
noise-free responses (0% noise), which match perfectly with the reference time histories. Figure
A. 7 and Figure A. 8 show respectively the identified axle loads from the 4 measured acceleration
responses with 2% and 5% contamination. The errors are relatively small (with a maximum error
of 4.37% for the 5% noise scenario in Figure A. 8), and the overall agreement is good. Therefore,
the proposed method is applicable to and accurate for identification of both structural parameters
and dynamic vehicle axle loads.

(a) 10m/s

(b) 20m/s

(c) 30m/s

(d) 40m/s

Figure A. 5: Identification evolution process for flexural stiffness EI (4 sensor case: S4)
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Figure A. 6: Identified front axle force F1(t) and rear axle force F2(t) (S4: 10m/s, 0% noise)

Figure A. 7: Identified front axle force F1(t) and rear axle force F2(t) (S4: 10m/s, 2% noise)

Figure A. 8: Identified front axle force F1(t) and rear axle force F2(t) (S4: 10m/s, 5% noise)
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Effects analysis on vehicle axle loads identification
It is important to examine different factors affecting the accuracy of identified forces. Herein,
the effects of the measurement noise, the vehicle speed and number of sensors are investigated
utilizing the numerical simulation. Figure A. 9 and Figure A. 10 compare the axle loads
identification errors for the scenarios of 2% and 5% noise levels, four different vehicle speeds and
four different sets of sensor arrangements, respectively. From Table A. 3 through Table A. 6 and
Figure A. 6 through Figure A. 10, the following observations can be made:

(a) 10m/s

(b) 20m/s

(c) 30m/s

(d) 40m/s

Figure A. 9: Identification errors of front axle forces F1(t)

(a) 10m/s

(b) 20m/s

(c) 30m/s

(d) 40m/s

Figure A. 10: Identification errors of rear axle forces F2(t)
(1) Effect of noise level. It is obvious that the identified front and rear axle loads match the true
forces perfectly when noise level is 0%. The error increases as the noise level increases from 2%
to 5%, which are visualized in Figure A. 9 and Figure A. 10. For the noise corruption cases, in the
identified load time histories, there only exist slight fluctuations at the moments when the moving
vehicle enters and exits the bridge due to its sudden appearance and disappearance. In general, the
proposed method is robust and not sensitive to the measurement noise.
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(2) Effect of sensor number. As shown in Figure A. 9 and Figure A. 10, the identification error
decreases as the sensor number increase. The identified axle loads from 5 sensors has the smallest
identification error. In fact, we can see from Figure A. 8 that the identified force histories from the
scenario of 4 sensors and 5% noise agree quite well with the true forces, with only small
discrepancies at the entry and exit moment of the moving axles. In general, the identification
accuracy is better if more sensors are employed. Nevertheless, in practice, due to the number
limitation of available sensors, it is expected that 3 or 4 sensors would be sufficient for an accurate
identification.
(3) Effect of moving speed. Four different vehicle speeds, namely, 10m/s, 20m/s, 30m/s and
40m/s, are analyzed. Table A. 3 through Table A. 6 as well as Figure A. 9 and Figure A. 10 indicate
that the identification accuracy of the moving forces is slightly affected by the vehicle speed.
Nonetheless, it could be considered that the method is not sensitive to the vehicle speed, indicating
that the proposed method can be used for operational traffic conditions.
In sum, the structural parameters as well as the vehicle axle load histories can be successfully
and accurately identified through the proposed algorithm, which is proven to be not sensitive to
the measurement noise and the vehicle speed. The identification accuracy improves as the number
of sensors (measurement points) increases. The errors of the identified loads mainly occur at the
moments when the moving vehicle enters and exits the bridge.

A. 5.2. Identification of structural flexural rigidity, damping ratio and vehicle axle
loads
In most practical cases, the structural damping ratio  is also unknown. Therefore, besides the
identification of two axle loads, two bridge parameters need to be identified, i.e., the bridge flexural
stiffness EI and damping ratio  . We herein test the simultaneous identification of structural
flexural rigidity, damping ratio and vehicle axle loads. In the numerical analysis, the initial
parameter guesses for optimization are set to be EI  1.84 1010 Nm2 and   1.6% . Again, it is
noteworthy that the true EI  2.3 1010 Nm2 and   2% . To save space, only the results using
four sensors (Case S4 in Table A. 2) are summarized. Table A. 7 shows the identification results
corresponding to three noise levels (0%, 2% and 5%) and two vehicle speeds (10m/s and 20m/s).
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Table A. 7: Percentage error (%) of 4-sensor case: S4
Vehicle speed

10m/s

20m/s

Noise level (%)

0

2

5

0

2

5

Axle load F1

0.00

2.09

4.68

0.00

2.55

8.47

Axle load F2

0.00

2.24

4.24

0.00

3.63

8.26

EI

0.00

0.05

0.20

0.00

0.04

0.08

ς

0.00

0.03

2.32

0.00

0.08

0.49

The identification accuracy for both vehicle axle loads and structural parameters is quite
similar to that listed in Table A. 5 for the sensor case S4. Figure A. 11 depicts the evolution process
of the identified flexural stiffness and damping ratio. It is seen that all the parameters efficiently
converge to the true values after 4 or 5 iterations.

(a) EI (10m/s)

(b) ς (10m/s)

(c) EI (20m/s)

(d) ς (20m/s)

Figure A. 11: Identification evolution process for structural parameters EI and  (4 sensor case:
S4)

(b) ς

(a) EI

Figure A. 12: Sensitivity analysis of identification evolution process to initial estimates
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Furthermore, the sensitivity of the identification results to different initial estimates (0.7, 0.8,
0.9, 1.1, 1.2 and 1.3 of the true EI and ς, respectively) are studied. For example, for Case S4 with
the vehicle speed of 20m/s and the 5% noise level, the evolution process of the identified flexural
stiffness and damping ratio are depicted in Figure A. 12. It can be seen that all the parameters
efficiently converge to the true values. Besides, the identification errors of the moving forces are
similar to those tabulated in the last column of Table A. 7. Therefore, the algorithm is not sensitive
to the initial estimates of structural parameters.

A.6 Numerical example II: three-span continuous bridge
The application of the proposed method is not limited to single-span simply supported bridge. In
this section, a three-span continuous bridge with spans of 30m+50m+25m is adopted and
numerically analyzed, as shown in Figure A. 13. The flexural stiffness of the first, second and third
span are respectively EI1  1.5 1010 Nm2 , EI 2  2.5 1010 Nm2 and EI3  1.5 1010 Nm2 . Mass per
unit length is   5 103 kg m . The damping ratio for all modes is   2% . The vehicle parameters
are the same as for the simply supported bridge analyzed in Section 5. The vehicle speed is
assumed to be 20m/s. The bridge is discretized into 55 equally spaced Euler-Bernoulli beam
elements with 112 DOFs. Road roughness level ‘A’ is considered. The time step is 0.005s in this
simulation. The initial parameter guesses for optimization are set to be 0.8EI1 , 0.8EI 2 , 0.8EI 3 and
0.8 , respectively.

Figure A. 13: Three-span bridge illustration
As shown in Figure A. 13, seven measurement points S1~ S7 are employed in the identification.
There are two measuring points located at one-third span on the first span and the third span, and
three measurement points spaced at quarter span on the mid span.

147

Appendix. Simultaneous Identification of Bridge Structural Parameters and Vehicle Loads

Table A. 8: Percentage error (%)
Vehicle speed

(a) EI1

20m/s

Noise level (%)

0

2

5

Axle load F1

0.00

0.97

2.61

Axle load F2

0.00

1.17

2.97

EI1

0.00

0.00

0.02

EI2

0.00

0.01

0.02

EI3

0.00

0.00

0.02

ς

0.00

0.00

0.04

(b) EI2

(c) EI3

(d) ς

Figure A. 14: Identification evolution process for structural parameters EI1, EI2, EI3 and 
The errors of the identified dynamic axle loads and structural parameters are tabulated in Table
A. 8. Figure A. 14 depicts the identification evolution process of the four structural parameters.
Figure A. 15 through Figure A. 17 show the identified axle load time histories for different noise
levels. Following observations can be made:
(1) The three flexural stiffness values and damping ratio can perfectly converge to the true
values after a few iterations from both noise-free and noisy responses. The axle loads can be
exactly identified from noise-free responses. When with 2% and 5% noise are available, the
maximum percentage errors of the identified loads are 1.17% and 2.97%, respectively.
(2) The vehicle axle loads can be accurately identified except at the two intermediate support
locations for the front axle force, which results from the negligible acceleration responses
corresponding to the intermediate support DOFs. Compared with previous published results [134,
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138, 153] for similar bridge and vehicle parameters as well as sensor arrangement and noise levels,
it is encouraging that the proposed method in this study can achieve a similar (or even better)
accuracy in the identification of the moving loads. Nevertheless, a simultaneous identification of
the bridge parameters is also performed, in this work, along with the moving load identification,
which was not considered in References [134, 138, 153]. In general, the overall performance of
the proposed algorithm is excellent.

Figure A. 15: Identified front axle forces F1(t) and rear axle force F2(t) (20m/s, 0% noise)

Figure A. 16: Identified front axle forces F1(t) and rear axle force F2(t) (20m/s, 2% noise)
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Figure A. 17: Identified front axle forces F1(t) and rear axle force F2(t) (20m/s, 5% noise)
Again, for this three-span continuous bridge, the sensitivity analysis of the identification results
to different initial estimates (0.7, 0.8, 0.9, 1.1, 1.2 and 1.3 of the true EI and ς, respectively) are
carried out. For the 5% noise level scenario, the evolution process of the identified flexural
stiffness and damping ratio are depicted in Figure A. 18, which further shows that the algorithm is
not sensitive to the initial estimates of structural parameters.

(a) EI1

(b) EI2

(c) EI3

(d) ς

Figure A. 18: Sensitivity analysis of identification evolution process to initial estimates
One of the most important objectives of system identification aims to predict dynamic
structural responses (e.g., displacement, velocity, acceleration, strain, etc.) at locations where
sensors are unavailable or difficult to install. For example, mid-span displacement under
operational traffic loads is of great concern during the operational stage and would provide
quantitative information for bridge maintenance. As a demonstration, the identified structural
parameters and axle load histories (Figure A. 17) from 7 sensors with 5% noise are used to predict
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the displacement responses. As shown in Figure A. 19, displacement predictions at the mid-span
points (namely, L1 2，L2 2，L3 2 ) of the three spans are plotted and compared with the true time
histories. As can be seen, an accurate prediction is achieved.

(a) First span

(b) Second span

(c) Third span

Figure A. 19: Prediction of mid-span displacement of all three spans

A.7 Conclusion
A new numerical method is proposed to simultaneously identify bridge structural parameters and
vehicle axle load histories from a limited number of response measurements. The identification of
unknown axle loads is incorporated in the framework of an iterative parametric optimization
process. A Bayesian inference regularization is presented to solve the ill-posed least squares
problem for identifying the input axle loads. Numerical analyses of a simply supported single-span
bridge and a three-span continuous bridge are carried out to demonstrate the accuracy and
efficiency of the proposed method. The following conclusions can be made:
(1) The structural parameters as well as the vehicle axle load histories can be accurately
identified from the noise contaminated measurement of bridge acceleration response. The
proposed algorithm is not sensitive to the measurement noise, the vehicle speed and initial
estimates of structural parameters. The identification accuracy can be improved as the number of
sensors (measurement points) increases. For a single-span bridge, it is expected that 3 or 4 singleaxis sensors in the vertical direction would be sufficient for an accurate identification.
(2) The errors of the identified vehicle axle loads mainly occur at the moments when the
moving vehicle enters and exits the bridge or at the intermediate support locations for multi-span
continuous bridges. When used for bridge maintenance and assessment, the identified dynamic
axel force values at those moments could be excluded.
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(3) The identified structural parameters and vehicle axle load histories can be used to
accurately predict the structural response at locations where sensors are unavailable or difficult to
install, such as the displacement at the bridge mid-span as illustrated in the last example.
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