Development of a damage detection framework for railway bridges using
operational response

by

Md Riasat Azim

A thesis submitted in partial fulfillment of the requirements for the degree of

Doctor of Philosophy
in

Structural Engineering

Department of Civil and Environmental Engineering

University of Alberta

© Md Riasat Azim, 2020



Abstract

Railway bridges are critical components of the railway infrastructure system. These
bridges are subjected to various potential hazards resulting in different levels of
damage. Therefore, developing operational response-based robust damage
investigation strategies specifically tailored to railroad bridges is the goal of this
doctoral research. In this research, non-parametric damage detection methods are
proposed using operational acceleration and strain data. These methods only
require basic information about the bridge (e.g. the type of the bridge, such as girder
bridge or truss bridge, and its geometric configuration) during the setting up of the
instrumentation/data collection plan. Once the system of operational response data
acquisition 1is installed, the methods do not require further information from a
numerical model or information about the design of the bridge. These methods then
use the operational response to provide information about the structural condition
of the bridge. The methods also incorporate operational variability in terms of train

speed and loading.

The research contributions of this thesis are discussed in three parts. In the first part,
a new damage detection method using acceleration data is proposed for railway
bridges. This method applies a sensor cluster approach to the time-series analysis
of operational acceleration data recorded during and after the passage of trains. The
damage feature is investigated based on the difference of fit ratio of the time series
models fit to the measured free acceleration response of the baseline bridge and

unknown-state bridge. It is shown that the proposed framework provides useful
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information on the existence, location, and relative severity of the potential damage

in terms of nodal damage features.

In the second part, damage detection methods are developed for railway bridges
that utilize statistical analysis techniques such as coefficient of variation and
principal component analysis employing operational strain response that extracts
damage features from structural elements. The damage features are investigated as
the difference of coefficient of variations and the difference of geometric distances
in the principal component space respectively. The numerical results demonstrate
that the proposed methods are effective in identifying, locating, and relatively
assessing the severity of damage in instrumented truss elements. The damage
features extracted from elements using strain-based methods and those extracted
from the nodes using acceleration-based methods could be utilized as independent

damage assessment tools as well as complementary tools to each other.

In the third and final part, laboratory experiments are carried out on a steel deck
type bridge and a timber truss bridge to validate the acceleration response-based
damage detection method proposed in the first part of the thesis. The experimental
results show that the presented method indeed has the potential for implementation

in real-life bridges.

Finally, the thesis discusses the limitations of the present research and

recommendations for future research.
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1 INTRODUCTION

1.1 Motivation

The railway system is an integral part of the overall transportation network of many
countries. Despite the significant development of other means of transportation like
highways, waterways, and airways; the railway is still a major mode of
transportation especially relied upon for carrying a large number of passengers,
goods, and other products. Railway bridges are critical components of the railway
infrastructure system and they contribute to the socio-economic development of the
country. The majority of these bridges are approaching their estimated design life
and, in addition, they are subjected to various potential risks, such as natural
disasters, fatigue, corrosion, etc. These potential risks result in different levels of
damage which may cause failure or even collapse of these bridges. In the previous
few decades, the demands on the bridges have been burgeoning both in terms of
increased axis loads and operational frequency. Therefore, it is paramount that

railway bridges are maintained effectively.

The lack of proper maintenance was one of the major causes of failure and collapse
of numerous highway and railway bridges in the past. Examples of such cases
include the Mianus River Bridge in the United States [1], Somerton Bridge in
Australia [2]. In 2001, a railway bridge BRIDGE-924 of the Indian railway network
in Kerala, India failed when one of the girders collapsed as a train was passing over
it, killing 59 people [3]. The bridge was over 120 years old and was severely
distressed. But there were no proper maintenance practices in place to evaluate its
operability. In 2009, a brick arch railway bridge (RDG148) near London in England
failed while a train was passing [4]. Investigations revealed that one of the
abutments was gradually undermined by scouring which was not assessed at an

early stage due to lack of awareness.

A significant number of bridge failures could be averted by implementing a reliable
and proactive maintenance strategy that would detect signs of deterioration at an

early stage so that appropriate measures could be taken to prevent more severe



damage. This is where lies the importance of implementing a robust Structural

Health Monitoring (SHM) system.

Structural Health Monitoring is a valuable tool to improve safety and reliability, in
addition to formulating effective maintenance operations during the service life of
the infrastructure systems, offering considerable savings in life-cycle cost. The last
few decades witnessed rapid development in the field of SHM due to dramatic
technological progress, which has allowed engineers to acquire desired data in a
much easier way. Several SHM systems have been installed on different types of

civil infrastructures in real-world scenarios [5-9].

Over the years, vibration-based indirect methods have been developed by
researchers which rely on bridge responses to assist the on-site inspection
strategies. However, these existing methods have also some drawbacks which limit
their applicability to railway bridges. The most important challenge is that
anomalies should be detected regardless of operational or loading conditions [10-
13]. Therefore, developing a damage detection framework specifically tailored to
railway bridges which are robust to operational condition changes is the goal of this

Ph.D. research.

1.2 Condition of railway bridges around the world

Around 20000 bridges across Canada are vital components of the railway
transportation systems as per the Canadian National Railway (CNR). Of these
bridges, only 10% were built after 1990, 62% of the bridges were built between
1965 and 1989. Therefore, around 60% of these bridges are close to or older than
30 years. In the US, the railway network consists of over 100,000 bridges [14].
More than half of the railway bridges in the US were built before 1950 and show
signs of distress [15]. The operation of these railway bridges is hampered by
irregularities that cause accident or service interruptions. In Europe, there are over
300,000 railway bridges in the 212,000-km railway network with more than 35%
of these built over 100 years ago [16]. These bridges are being pushed to their

physical limit to improve railway capacity. These aging infrastructures pose a high



risk to the overall availability of railway network. India has one of the largest
railway networks in the world with over 136,000 railway bridges. Out of 136,000
bridges over the Indian railway network, 27% are over 100 years old. Most of these
bridges have passed or are close to reaching their design life and as of 2015, more

than 4500 bridges were found to be requiring rehabilitation [17].

The railway bridges around the world have been subject to increases in the axle
loads and are now running loads over the standards existing during the construction
and design of these bridges. Also, modern bridges are also subjected to an ever-
increasing demand for heavy axle loads and operational frequency. In the US,
Federal Railway Association (FRA) forecasts about a 40% increase in passenger
load by 2040 [14]. In the UK, the number of passengers has doubled in the last 20
years [18]. In India, over the last decade or so, the allowable axle loads were
increased from 20.32 Tons axle load to 22.82 Tons. It is now proposed that this
loading is increased to 25 Tons axle loads, signifying an increase in loads of almost
25% in the last decade. This increase in axle loads permitted is also accompanied
by a significant increase in the number of trains resulting in a rapid increase in the

total volume of traffic [19-20].

Lee et al. conducted a comprehensive study on U.S. bridge failure covering 1,062
bridge failures that occurred from 1980 to 2012 [21]. These studies do not
specifically focus on railway bridges, rather give information on the failure of
overall bridge infrastructure including railway bridges. According to this study,
about 65% of the failed bridges were steel bridges, with concrete and timber bridges
accounting for 22% and 12% respectively. It is a concern that even though there is
more than twice the number of concrete bridges than steel bridges in the US, the
failure rate of steel bridges is significantly high. Among the 615 incidences of steel
bridge failure, the data showed that about 59% of the failed steel bridges are steel
girder bridges and 37% are truss bridges. The study reported 19 instances of railway
bridge failure and 11 of these are steel truss bridges. Transportation Research Board
(TRB) published an article on the need for railway bridge health monitoring by

investigating incidences of railway bridge interruptions in the U.S. [22]. Based on



177 railway bridge-related events that occurred between 1982 and 2010, the study
reported that around 10% of the problem could be attributed to the structural

member failure and foundation related issue.

In addition to aging, small-scale natural disasters, increase in operational demand,
environmental effects and other internal causes (such as lack of maintenance)
normally result in distressed bridges where some of the members/connections have
been overstressed and/or lost stiffness/strength resulting in deterioration of bridge
performance. A severe collision of railroad traffic or derailment of a train has the
potential to damage structural members, connections, and support systems.
Weathering and corrosion can result in a reduction of member thickness, change in
support behavior, etc. If these distressed bridges are not maintained and repaired on
time, it can result in collapse. While it may not be always possible to avert the
sudden collapse of bridges due to major disasters like flooding and earthquakes, the
goal of the SHM framework is to continuously monitor for distressed bridges so
that serious failure can be prevented and maintenance operations can be done in a

proactive manner reducing the life-cycle costs.

1.3 Review of damage detection methods

1.3.1 Background

Structural health monitoring (SHM) is a broad research area encompassing various
disciplines and components, such as analytical, numerical and experimental
investigations, data acquisition systems, data processing and analysis, damage
detection methods, etc. Recent improvements in the area of computer science and
electrical engineering, have made the process of collection of large amounts of data
convenient and economical. However, despite the increased ability to possess a
huge volume of data, it remains a challenge to utilize these data for damage
detection especially for large civil infrastructures like bridges. The main objective
of this thesis is to develop damage detection methods using commonly used

parameters (i.e., acceleration and strain) which could be potentially useful for



railway bridges. In this section, a review of existing methods for damage detection

is presented.

Damage detection is a vital component of any SHM system. Damage could be in
the form of changes in the structural material and geometric properties, changes in
the boundary restraints, etc. These damages could adversely affect the performance
of the structure and its behavior. For any damage detection method to be useful, the
following four objectives need to be addressed: 1) identifying the presence of
damage; 2) localizing the damage; 3) quantifying the severity of damage; and 4)
estimating the remaining useful life of the structure [23]. Addressing the first three
objectives is the scope of the research conducted for this thesis. A thorough review
of SHM applications and associated damage detection methods for structures can
be found in the literature such as Brownjohn et al., Fan and Qiao, Das et al., Gomes

et al. [24-27].

1.3.2  Vibration-based damage detection methods

Previous studies on bridge health monitoring have sought to evaluate changes in
the modal properties of the given bridge (i.e., modal frequencies, shapes and
curvature, modal energy) [28-35]. This method is known as the vibration-based
method (also known as the modal-based method); it uses sensors (e.g.,
accelerometers) to measure the vibration response of the structure [36]. The
philosophy underlying this method is that damage or change in the structure will
result in a corresponding change in stiffness and/or mass of the structure, which in
turn will affect the dynamic response. The identification approaches are mainly
based on the change in the natural frequencies and mode shapes [37]. Scianna and
Christenson, for instance, proposed a probabilistic damage detection method which
analyzed the bridge’s natural frequencies for healthy and damaged states to quantify
and detect potential damage [38]. Ko et al. developed a multilayer neural network-
based damage detection method for the cable-stayed bridge carrying both road and
rail traffic [39]. The method relies on modal frequencies and shapes. Frequency and

mode shape-based damage detection studies have also been conducted on truss



bridges as reported in the literature [40-41]. The study showed that modal frequency

and curvature combined can be useful in detecting and locating damage.

In general, vibration-based methods are considered economically viable and suitable
for assessing the overall condition of the structure. However, modal characteristics
can be insensitive to localized damage. It also faces challenges in the case of time-
varying systems and the uncertainty caused by environmental and operational
variability in traffic loading and in the measurement itself. Besides, the location of
damage cannot be identified by using only modal frequency. Incorporating mode
shapes is could provide information on the location of damage, but mode shapes do
not change significantly due to small damage and therefore, usually locate severe

damage.

Therefore, different parametric and non-parametric SHM methods have been
developed by various researchers. Parametric methods are very useful for damage
detection of structures provided sufficient information on structural parameters are
available allowing the possibility of building a detailed numerical model. Methods
that rely on the changes in frequency, mode shapes as well as model updating
techniques can be categorized as parametric methods. When a detailed numerical
model is available, model updating techniques can be applied effectively to
compare the existing bridge condition (experimental data) with its baseline (from
the numerical model). However, building a detailed finite element model often is
not possible due to limited data especially for large bridges [42]. This is also true

for old bridges for which, construction details are not available.

Hence, non-parametric statistical-feature-based damage detection methods are
becoming increasingly popular for the health monitoring of structures. These
methods do not require knowledge of structural parameters as its parameters are
not directly related to the physical characteristics of the system. In this method,
damage-sensitive features are extracted from the measured vibration response (i.e.,
accelerations) of the undamaged structure, and the structure is monitored for any
changes to these features [43-44]. The likelihood of damage could be estimated by

comparing the damage feature of unknown condition to that of a reference



condition [45]. However, depending on the analysis type and method, the non-
parametric analysis may not yield as much detailed information as parametric

methods since the analysis is conducted only based on the measured data.

1.3.3  Application of time-series models for damage detection

Time-series-analysis-based damage detection of bridges has become popular in
recent decades [46-56]. In this method, damage-sensitive features are extracted
from the measured free vibration response (i.e., accelerations) of the baseline
structure, and the structure is monitored for any changes to these features. Using
autoregressive models with exogenous inputs (ARMAX) combined with outlier
analysis, DFs can be obtained. This offers the potential to detect damage
occurrence, location, and relative severity. In this thesis, time-series methods have
been employed to develop an acceleration-based damage detection method.
Therefore, some applications of time-series analysis for damage detection are

briefly discussed in the following sections.

Sohn et al. [46-47] demonstrated a procedure for damage detection by applying
time-series models to predict dynamic responses. Then, an outlier analysis was
performed to compute the Mahalanobis distance which was utilized as the damage
feature. This method was applied to the strain response of a patrol boat. It was
shown that the method could detect the change in structural conditions. However,

damage localization was a limitation of the presented method.

Monroig and Fujino [57] developed a damage detection method using time-series
models and investigated, how the predicted responses compare with the measured
acceleration responses of a structure. They investigated the suitability of the method
by applying it to a frame structure similar to the ASCE benchmark problem in Bernal
and Beck [11]. While the results showed potential for damage detection, there were

instances of false-positive and false-negative results.

A new damage feature based on the time-series model coefficients was proposed by
Nair et al. [48]. After applying the Auto-Regressive Moving Average (ARMA) model

to predict the vibration response, the researchers conducted a hypothesis test to detect



damage. The results of applying the method to the ASCE benchmark structure showed
the potential usefulness of the method. It was shown that the method could identify and
localize small as well as severe damages. Its application to the real-life structure was

not investigated.

Gl and Catbas [44] investigated a statistical pattern recognition technique utilizing
time series analysis. The experimental results conducted on laboratory structures such
as beams and frames demonstrated that this method was capable of detecting damage
in most of the investigated damage scenarios. However, the complexity in determining
the threshold damage feature for real-life structures under baseline condition was
identified as a potential issue that needs to be addressed for the real-life application of

the method.

Gl and Catbas [51] also proposed the concept of sensor clustering to the time series-
based method for damage detection. Based on this concept, the vibration data collected
from the instrumented accelerometers were analyzed through different clusters. Each
cluster consisted of an output channel and input channels. ARX models were utilized
to predict the outputs based on the input responses. By observing the changes in fit
ratios for the ARX models, damages were identified, localized and relatively
quantified. The method was validated through numerical and experimental

investigations.

One of the limitations regarding the applications of the time-series methods described
above is that the orders of time series models were estimated either by experience or
by observing the fit ratio between the measured and the predicted data. Therefore, the
models would change depending on the tested structure and the analyzed data. To
overcome the complexity of determining the model orders, Mei and Giil [52-53]
derived a procedure in which the model orders were determined directly from the
equation of motion. They proposed two DFs that compare fit ratios and model
coefficients. The presented methods were applied to 2-D frame type structures
subjected to impact hammer excitation and it was shown that the method has potential
for damage detection and localization. However, its application to the real-life structure
under operational conditions was not explored. In this thesis, time-series analysis has

been applied to predict the operational response due to the passage of trains over a



girder type and truss type railway bridges. In this thesis, time series analysis methods
have been applied to predict vibration response when the bridge is excited by trains of
variable speeds and axle loads in addition to the presence of measurement error. It is
demonstrated that time-series models can be utilized to detect, locate, and relatively
assess the severity of damage in a girder and truss type railway bridges which is a very

useful new application of such technique.

1.3.4 Damage detection methods applied to bridges

Most of the bridges on rail networks are currently monitored by visual inspections
and non-destructive testing, which could be time-consuming, prone to human error,
and thereby unreliable and inconsistent in its findings [58]. Therefore, the SHM of
railway bridges is increasingly becoming an area of interest, and implementation of
various SHM techniques for railroad bridges management needs to be given high
priority for research and development [59-61]. In recent decades, several
researchers have reviewed SHM concepts for different types of bridge structures;
these SHM concepts include vibration-based methods, model updating techniques,
and application of neural networks [62-68]. The main focus of these studies has
been on bridge monitoring to identify the existence of damage, in addition to
assessing the condition, and serviceability of these bridges. Based on this approach,
increasingly complex SHM concepts have been developed to expand their
evaluation capacity for bridge conditions and decision-making on the use, repair,

and strengthening of damaged and deteriorated structures.

In 2012, a wavelet transformation-based damage detection method was proposed
by Beskhyroun et al. [69]. They used the dynamic response of a steel railway bridge
to actuator-applied excitation as the data for wavelet transformation. In their study,
the damage is detected by comparing the damage indicator under baseline and
damaged conditions. While the method is successful in detecting and locating

damage, it is not suitable for continuous maintenance under operational conditions.

Farahani and Penumado, meanwhile, proposed a damage feature based on the ratio

of the standard deviation of the prediction error of the damaged bridge to the



healthy bridge [70]. This method used velocity response to impact loading on a
steel girder bridge. While the method is encouraging, damage localization is still

an issue, especially when data is contaminated by noise.

Kopsaftopoulos and Fassois conducted both parametric (i.e. modal parameter-
based and residual-based) and nonparametric damage detection tests (Power
Spectral Density and Frequency Response Function) on an experimental truss in
which damage was simulated by removing bolts from joints [71]. The study
concluded that while both methods have global damage detection capability,
parametric methods offer increased accuracy. The method is yet to be tested under

operational conditions.

Xu et al. proposed a strain energy-based damage detection method for long-span
cable-stayed bridges [72]. In this study, an energy index based on the difference of
mode shape curvature has been proposed to detect and locate damage. The proposed
method was able to detect and locate damage under noisy data. However, in that
study, severe earthquake excitations had been simulated to excite the bridge. Its

applicability under daily operational conditions had not been discussed.

Wang et al. developed a multilayer genetic algorithm to obtain a correlation of
Modal Strain Energy (MSE) of mode shapes of a steel truss bridge model [73].
They compare the MSE of the undamaged and damaged bridge to detect damage.
In the presence of noise, the correlation method could not localize mild damage
(25% stiffness loss) on a single member. The algorithm, however, can detect and

locate severe damage where multiple members are affected.

Nuno experimentally verified a detection method for truss bridges by obtaining the
Damage Index through the Frequency Response Function (FRF) curvature method
[74]. However, the method was able to detect damage only at the center of the truss

element and could not detect damage in cross-beams.

Siriwardane presented a parametric damage detection method through a case study
by observing the changes in modal parameters of an undamaged bridge to a

damaged truss bridge [75]. The method compares the variation of modal parameters

10



with respect to the position of the damage. While the method was validated using a
numerical model, the performance of the modal based method under noisy

condition was not discussed.

Prajapat et al. proposed a damage detection technique utilizing a Bayesian
algorithm that analyzes a mode shape of a truss bridge and its derivative [76]. This
method uses modal parameters and has limited performance under noisy

measurement, even at high damage level (50% stiffness loss in a truss element).

Recently there has been increased interest in developing SHM techniques for bridge
maintenance that rely on operational response. A train induced bridge acceleration
response-based damage detection method has been developed by Zhan et al. [77].
The researchers demonstrated damage identification in terms of response
sensitivity matrices which are updated using an iterative procedure to locate and
quantify the damage in railway bridges. The method compares the existing bridge
response to the damaged response and can detect and locate damage to the bridge.
It is only effective when the same train at the same speed is used for measuring the

response at the undamaged and damaged state.

Bowe et al. developed a damage detection method by analyzing vehicle
accelerations induced by train-track-bridge interaction [78]. Using the wavelet
transformation technique, this method showed the potential to detect and locate the
damage in terms of changes in pseudo frequency. However, only a simple beam
has been studied to represent a railway bridge, which may not be representative of
an actual truss bridge. While the method is validated considering train loading, but

it does not discuss the effect of operational variability.

George et al. developed an energy-based method to detect damage in the bridge
under train traffic load by comparing the normalized signal energies of the vertical
acceleration response of the healthy and damaged bridge [79]. At present, though,

the method can detect the presence of damage only.

Kaloop et al. performed a railway bridge assessment utilizing acceleration and

displacement response of the bridge to train passing over the bridge at high speed
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[80]. These studies evaluate the performance of existing bridges without
considering the effect of damage.

In another study, a damage detection strategy for railway bridges based on artificial
neural networks (ANN) was developed by Gonzalez and Karoumi [81]. The study
used bridge acceleration data as the primary input and proposed a damage indicator
based on the prediction error of the ANN system. However, one limitation of their
study is that a simply supported beam is represented as a railway bridge while a
real-life railway bridge is a complex structure. The method is also limited in the
sense that, to ensure accuracy, the train load’s position and speed need to be known
by the bridge weigh-in-motion system.

Another ANN-based damage detection method for railway bridges was developed
and numerically verified by Neves et al. [82]. In their study, the difference between
measured acceleration response and the predicted response was used as a damage
indicator. The method showed potential for railway bridge monitoring but was
limited by operational variability in terms of train loading. Also, limited damage

locations were investigated in this study.

Quirke et al. developed a damage detection method for railway bridges by
comparing the changes in the longitudinal profile of the bridge in response to a
passing train [83]. The method relies on the difference in elevation along the length
of the bridge. The method detects damage when the damage location is closer to
the mid-span. When the damage is near the support, the performance of the

proposed method is reduced.

In general, the modal-based and other acceleration-based methods usually provide
global information of damage as shown by the researchers. Strain-based SHM can
overcome some of these issues. Strain-based SHM is recently receiving increasing
attention for damage assessment purposes as strain monitoring is usually less
expensive compared to other measurements like acceleration [84-87]. Moreover,
strain-based methods have high sensitivity to local damage [86] while acceleration-
based methods are not so sensitive to damage [87]. Therefore, strain could be more

reliable for health monitoring even under noisy conditions.
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A strain-based bridge monitoring method was developed by Wipf et al. [88]. In this
method, strain data were collected under vehicle loading. The damage was detected
by observing the statistical relationship between target strain sensors and non-target
strain sensors. This relationship includes regression models. While this method
showed good performance for some damage cases but also a high degree of false
indications for other cases. Santos et al. proposed a damage detection method in
which strain gauges were used to identify strain mode shapes and concluded that
change in strain modes are a good indicator of damage [87]. Posenato et al. showed
that principal component analysis (PCA) can be used to detect and locate damage
in a multi-span beam in which displacement data is used to compute the
components [89]. More recently, Van Der Kooi and Hoult showed the application
of distributed fiber optic sensors in detecting variations in strain and element forces
of a steel truss bridge due to damage [90]. The cyclic load was applied to collect
strain response in the laboratory on a scaled truss bridge. The method could be
useful for monitoring a real-life railway truss bridge if it can identify damage using
operational conditions. Catbas et al. developed a moving correlation analysis-based
damage detection method utilizing highway bridges response to arbitrary vehicle
loading [91]. The method was validated through laboratory and real-life bridge

testing.

Railway bridges are integral components of the railway infrastructure system and
the majority of these bridges are approaching their estimated design life. In addition
to aging, these existing infrastructures are subjected to various potential risks, such
as natural disasters, fatigue, corrosion, etc. These potential risks result in different
levels of damage, which adversely affects their performance and may cause failure
or even the collapse of these bridges. In the previous few decades, the demands on
the railway bridges have been burgeoning both in terms of increased axis loads and
operational frequency. Therefore, it is paramount that these systems are maintained

effectively.
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1.4 Statement of the problem

One of the challenges of today's structural engineering profession is to deal with the
deterioration of the aging civil infrastructure system. Railway bridges are critical
infrastructures of railway communication network and as discussed, these bridges
around the world are aging. A significant portion of the railway bridges is made of
steel and timber. Based on the analysis of railway bridges owned by Canadian
National (CN), around 80% are steel and timber bridges. In Canada, about 67% and
56% of the steel and timber railway bridges owned by CN respectively were built
before 1965 and hence more than 50 years old. Moreover, steel and timber bridges
are vulnerable to degradation due to environmental effects and hence require
frequent maintenance. Therefore, it is necessary to develop a damage assessment
framework to monitor these railway bridges for signs of damage to avoid potential

collapse and/or costly repair.

Traditionally, railway bridges are monitored by site inspections, the effectiveness
of which is limited by the availability of personnel and their experience [58].
Monitoring railway bridges in this manner could be time-consuming, prone to
human error, and thereby unreliable and inconsistent in its findings. In the last few
decades, various damage detection methods have been developed for bridge type
infrastructures and significant progress has indeed occurred in this regard. Based
on the review of existing literature described in the previous section, it can be
observed that only a small number of researches focused specifically on railway

bridges. The studies which focus on railway bridges are still limited in their ability:

e Vibration-based methods that rely on data obtained from localized
excitation through hammer testing, require on-site experimental
investigations that are not convenient for the bridge owners and users and
day-to-day continuous monitoring is not possible in this manner.

e Limited studies are available on the train-induced response-based damage
detection. In recent years, some methods have been developed which are
based on train loading. But most of these methods are not robust to

operational condition changes and measurement noise.
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e The modal frequency-and shape and based methods cannot always detect
and locate small damage that occurs in a structural node or an element. Such
damage does not change the mode shape and frequencies significantly and
therefore these methods are most effective in detecting severe damages that
affect the structures globally.

It is important to recognize that there is a need to develop an extensive damage
detection framework tailored to common types of railway bridges relying on
operational loading rather than on-site testing which can effectively identify and
localize the damage, and quantify its relative severity. It is also important that the
damage detection framework should be robust enough to operational condition
changes and should be able to compensate for the measurement noise that affects
the operational responses. The goal of this research is to develop a damage
detection framework for common types of railway bridges that addresses some of
the existing shortcomings discussed above through the application of new

techniques.

1.5 Research objective

Around the world generally, girder or truss bridges are the most common types of
railway bridges which are the focus of this research. Choosing effective damage
sensitive parameters is critical for achieving satisfactory damage detection
performance. While different types of bridge responses can be used to formulate
the damage detection framework, this study will focus on using acceleration and
strain response of the bridge. Displacement data can be useful for condition
assessment of railway bridges [92-93]. However, it is also noted that in real-life
bridges, it may be difficult to obtain displacements and velocity response
accurately. Also, small damage is often not discernible using the variation of
displacements [94]. At the same time, it is common practice to monitor bridge
response using sensors that measure acceleration and strain-gauges [88]. The use
of wireless accelerometers and strain gauges makes it convenient to collect the
operational bridge responses that can be used to formulate condition assessment

plans [95]. Therefore, the objective of this research is to develop damage detection
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methods using operational acceleration and strain data from railway bridges, that
are capable of extracting damage sensitive features and providing information on
damage, its location, and relative severity for the damage cases investigated in this

research.

In this thesis, the research objective is to develop two separate methods based on
acceleration and strain data as acceleration and strain data are two of the most
commonly measured operational parameters for bridge monitoring. Also, these two
methods provide bridge owners with two independent tools for damage detection
of railway bridges. Acceleration and strain data are used to obtain damage features
from structural nodes and elements respectively and therefore provide two different
damage features. The acceleration-based method developed in this research could
assess global the condition of the bridge in terms of nodal damage features, while
strain-based methods developed rely on data from the individual structural elements

and could identify damage in instrumented elements.

Since these two methods are based on different types of data collected from
different components of the bridge, there could be situations when one method
individually might not provide adequate information on the location and severity
of the damage. This research presents the bridge owners with the option to develop
a plan for damage detection comprising both methods that have the potential to
increase the efficiency of the damage detection framework over individual

methods.

1.6 Research contribution

In the last few decades, various methods for damage assessment of bridges have
been proposed by researchers around the world as described in the previous
sections. However, a limited number of methods exclusively focus on railway
bridges. Most of the damage detection methods which focus on railway bridges
have limited ability. The main contribution of this research is that it presents a
damage detection framework specifically for railway bridges utilizing commonly

measured operational responses (such as acceleration and strain) which can be
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efficient and simple to implement for continuous monitoring of these bridges on a
day-to-day basis. This overcomes one of the limitations of the condition assessment

methods that rely on visual inspections and on-site testing.

The proposed methods can be considered as hybrid methods. The information about
the bridge (e.g. the type of the bridge, such as girder bridge or truss bridge, and its
geometric configuration) are needed only during the development of
instrumentation and data collection plan. However, once the data collection plan is
implemented, the methods become mostly data-driven, which makes the

application of the methods simpler compared to other parametric methods.

Another challenge that could be overcome using the proposed methods is that the
condition of the bridge could be assessed even when the bridge response is obtained
under variable train loads and speeds in addition to measurement errors. Therefore,
the proposed methods are versatile compared to other methods that do not consider
such issues. The developed methods will offer clear advantages to detecting and
localizing structural changes and estimates relative severity. The proposed damage
detection framework will allow the use of bridge responses monitored at critical
locations with operating traffic on a bridge considering operational variability in
terms of train speed and axle loads, which is usually the most economical and

convenient measurement method for bridges without interrupting bridge operation.

1.7 Tasks towards accomplishing the research objective

The research scope consists of three steps.

Task 1: develop a damage detection method for railway bridge using operational

acceleration response

e develop finite element models of a steel-girder and a steel truss railway
bridge and;
e develop an instrumentation plan for collecting acceleration response of the

bridge;
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e calculate the acceleration response of the bridge in response to the passage
of standard trains and extract free vibration response;

e propose a method for analyzing the acceleration response utilizing time-
series analysis and equation of motion to define a Damage Feature (DF)
which is sensitive to structural change;

e compare the DFs obtained from the baseline bridge to those from the
damaged bridge which would provide information of damage in terms of
nodal DFs;

¢ validate the proposed method for girder and truss bridges through numerical

simulation under various damage scenarios.

Task 2: develop damage detection methods for railway bridge using operational

strain response

¢ utilize the finite element model of the railway truss bridge developed during
objective 1;

e develop a plan for collecting strain response of the bridge;

e calculate the operational strain response of the bridge in response to the
passage of standard trains;

e analyze the strain responses utilizing statistical analysis tools such as
coefficient of variation and principal component analysis and propose
damage indicators for extracting element level information of structural
change;

e compare the damage indicators obtained from the baseline bridge to those
from the damaged bridge which would provide information of damage in
terms of nodal DFs;

e validate the proposed method through numerical simulation under various
damage scenarios;

The process of developing both methods is shown in Figure 1.1.
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Task 3: validate the acceleration-based damage detection method through

experimental investigation

e fabricate experimental prototypes of a simple steel deck bridge and a timber

truss bridge;

e instrument these bridges with accelerometers to collect acceleration

response to the passage of a vehicle;

e obtain acceleration response of the bridges to the passage of the vehicles

e analyze these responses through the proposed method developed for

accomplishing Objective 1 and obtain DFs;

e validate the proposed acceleration-based method for different damaged

bridge scenarios.

The research conducted in this thesis is summarized in Figure 1.2.
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1.8 Scope and applicability of the research

This research focuses on developing data analysis techniques for damage detection
which have the potential to be useful for short to medium span railway bridges.
While railway bridges like any other bridges can be damaged due to different
environmental and operational effects, investigation of causes of damage is a

separate research area that is not within the scope of this research.

The performance of the presented methods depends on the collection of useful
bridge responses to the passage of a single operational vehicle at a time. In highway
bridges, traffic movements are random; causing multiple vehicles passing over the
bridge at a time. On the contrary, trains pass over railway bridges usually follows
a fixed schedule and on a single-track bridge, only one train is present on the bridge
at a time and there is a considerable gap between each passage of a train. Also, the
live-load to dead-load ratio is considerably high for short-to-medium span railway
bridges, which is essential for extracting useful free vibration response. Therefore,
it is more practical to obtain useful free acceleration response in railway bridges

after each passage of train compared to highway bridges.

The strain-based methods developed in this thesis utilize the total forced response.
However, it is still based on the response of the bridge to the passage of a single-

vehicle at a time which is more practical to railway bridges as discussed above.

In this research damaged bridge is represented as a bridge in which one or more
structural members have distributed loss of stiffness along its entire length. Also,
support problems are investigated as a change in boundary conditions (i.e.,
translational and rotational fixity). Highly localized damages (i.e., partial damage
within a structural member, the formation of cracks) are not considered in this

research.

In this research, the damage detection methods have been developed considering
the linear behavior of the bridges dealing with low-levels of operational vibration

and strain response. Damage detection of railway bridges when the bridge
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responses are affected by non-linear behavior is not within the scope of this

research.

While environmental factors like wind, humidity, temperature changes can
certainly influence the structural response of the bridges and can make the process
of actual damage detection complicated; formulation of methods to compensate for
such environmental variabilities requires separate extensive research which is

beyond the scope of this Ph.D. study.

1.9 Organization of the thesis

Chapter 1 provides an introduction to this research. It includes the problem
statement and objective of this research along with the outline of steps towards
accomplishing the research objectives. It also summarizes the various damage
detection methods for bridges proposed by the researchers. This chapter includes a
review of the most commonly used damage detection methods for bridges which

include modal based methods and other parametric and non-parametric methods.

Chapter 2 presents the damage detection method for railway girder bridges using
operational acceleration responses. The theoretical derivation of the method is
presented in detail. Subsequently, the application of the proposed method for steel-

girder bridges and the numerical validation studies are presented.

Chapter 3 presents the damage detection method for railway truss bridges using
operational acceleration responses. The theoretical derivation and instrumentation
plan for the application of the method are presented. Subsequently, the application
of the proposed method for steel-truss bridges and the numerical validation studies

are presented.

Chapter 4 presents two damage detection methods for railway truss bridges
utilizing operational strain response. The theoretical derivations of the methods are
presented in detail. Subsequently, the application of the proposed methods for steel-

truss bridges and the numerical validation studies are presented.
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Chapter 5 presents the details of the experimental investigations carried out to
validate the acceleration-based method for railway bridges. The experimental
setups for a steel deck type bridge and a timber truss bridge along with the
instrumentation plans are described. Subsequently, the experimental results for the

damage investigation results are presented.

Chapter 6 provides a summary of the findings of the studies presented in the other

chapters along with conclusions and offers recommendations for future research.
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2 DAMAGE DETECTION OF STEEL-GIRDER RAILWAY BRIDGES
USING OPERATIONAL ACCELERATION RESPONSE!

2.1 Overview

According to Task 1 presented in Chapter 1, in this chapter, a damage identification
method is developed for continuous global monitoring of girder-type railway
bridges using operational acceleration data. The proposed method utilizes a sensor-
cluster-based time series analysis method. The potential usefulness of similar
technique was shown by previous researchers [51-53] for frame-type 2D plane
structures and demonstrated by analysis of vertical acceleration created by impact
hammers. However, a girder bridge is a complicated system. Moreover, a train
passing over a bridge is considered to be a case of global loading and it affects the
bridge differently than does localized impact loading. In this chapter, a new damage
detection method for girder railway bridges is proposed considering vertical
acceleration data. One of the novel contributions of the proposed method over the
existing literature on monitoring of railway girder bridges is that the method is
capable of detecting and localizing the damage even under operational variability
(i.e., when the vibration response is obtained in response to different train speeds
and axle loading). The method applies an auto-regressive moving average model
with exogenous inputs (ARMAX model) to analyze the free vibration response of
railway girder bridges to extract damage features. It is shown that the proposed
method can identify, locate, and estimate the relative severity of the structural
damage, a development which constitutes a significant improvement over existing
SHM methods for railway girder bridges since the efficiency of the method is
demonstrated under variable operational conditions where different train loadings
with different train speeds are used as initial conditions for obtaining free vibration

responses. The following sections discuss the theory behind the proposed method,

! A modified version of this chapter has been published in the following journal as follows:
Azim, M.R., and Giil, M. (2019). Damage detection of steel girder railway bridges utilizing operational
vibration response. Structural Control & Health Monitoring, 26(11), e2447.
It can be accessed using DOI: https://doi.org/10.1002/stc.2447
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along with the results of the numerical case studies. Limitations of the method are

also discussed.

2.2 Theoretical derivation

2.2.1 Equation of motion

The dynamic responses (accelerations, velocities, and displacements) of a structure
are governed by the equation of motion (EOM). This equation, to which the linear
dynamic response of a structure with N Degrees of Freedoms (DOFs) complies, can
be expressed in simple form as Eq. (2.1). Here, m;;, ¢;;, and k;; represent components
of mass, damping, and stiffness matrices of the system, respectively. The vectors,
u,u,i represent displacement, velocity, and acceleration, respectively. The
external forcing function is denoted by P. If the external force is zero (as in the case

of free vibration response), then the i’ row of Eq. (2.1) can be written as Eq. (2.2).

m, ... m, |4 ¢, - 0y ) lH k, ... k,\l|4 p,
T R S T R @.1)

le o mM’V uN ch ”' CNN 1'21\/ kN] o kNN uN pN
m i, (8) + ...+ mytiy (8) + ¢, () + ..o+t () + ko, (0 + ..o+ kpu, (£) =0 (2.2)

Eq. (2.2) contains velocity and displacement terms. The time-series model used in
the study only incorporates acceleration response since, in real-life bridges,
obtaining velocity and displacement responses under a moving train can be very
difficult. Therefore, a method has been developed to replace velocity and
displacement terms with acceleration. To achieve this, first Eq. (2.2) is
differentiated twice, resulting in Eq. (2.3). Then the central difference technique is
used to replace the 3™ and 4™ derivatives of u with Eq. (2.4) and Eq. (2.5),

respectively.
(m, () + ...+ my, 0, (1) + (i, () + ...+ ity () + (k gi, () + ...+ i, (1) =0 (2.3)

i (t+ At —ii (£ - AY)
2AL

1;(1)

(2.4)
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Ut 2.5

(1) a7 (2.5)
Making use of Eq. (2.4) and Eq. (2.5) in Eq. (2.3), Egs. (2.6 to 2.8) are
subsequently obtained.

m i, (t+ Ar) —2ii, (? +1i, (1 — At) ot i, (t+At) _MN(? +1i, (1 —At)

(A7) (A1)
. APy —ii (1 — A N AP —ii (f—A
{cﬂ ii, (¢ + At) —ii, (t — At) e, i (¢ + At —ii, (¢ t)} 06
2At 2At
+[ ki, (0) + .o+ ki ()] = 0
Eq. (2.6) can be expressed as Eq. (2.7).
i i (t+At) =26 (t)+ii (t— At) i ii (t+At)—ii, (t — At)
m,, — - + C. - +
= (Ar)? =t 2At
2.7)

ﬁ:kl.jiij(l‘)} —0

From Eq. (2.7), taking out # (#+A¢) and rearranging the terms, the following

expression is obtained.

1

Noomo c.
- Z — =i (t+Af)
m. c. |.. Jj=Lj#i (At) 2M '
— L+ i (t+Af) =
v om N m. c (2.8)
+ ——k W (O)+ ) | ———+— i (t-At
;(Ar)z o0 ; (At) 2At (=40

(A1) 2At
It can be seen that, for the i/ DOF, the sum of the j”’ DOFs is the contribution from

adjacent DOFs. Rewriting Eq. (2.8) for ii(f) by subtracting As from the

acceleration components on both sides of Eq. (2.8), Eq. (2.9) is finally obtained. It
can be seen that, for the i DOF, the sum of j# DOFs is the contribution from the
other DOFs which includes the i DOF itself for the (f —Af) and the (¢ —2A¢) time-

steps.

26



mfj
j=LN, j#i (Af )

C.
g

oAt )7

(1)

2.9)

C.
+— i (t-2A1)
2At i

i, (1) = S
mii cii

[ L — + L

[(At)2 2At)

2.2.2  Formulation of time-series models

+Z( 2m"’2 ‘ku}}("m)* Z[ ™

v\ (A7) JN . (A1)’

In this research, time series models are used to predict the above dynamic response
of a structure. A brief description of time-series modeling is provided here. Further

details about time-series models can be found in the literature [96-97].

The general form of the time-series model is known as the ARMAX model (Auto-
Regressive Moving Average model with eXogenous inputs). This time series model
to represent the relationship of input, output, and error terms of a system can be

written as Eq. (2.10),

y()+ay(t—At)+---+ a, y(t—n At)
(2.10)

=bu(t—At)+-+b, u(t—nAr)+e(t)+de(t-Ar)+--+d, e(t—n,Ar)
where y(t), u(¢), and e(¢) are the output, input, and error terms, respectively, of the

model, and ay, ..., @y, by ..., by,, ..., dq ..., dy, are model parameters. It can be used

in a more concise form as in Eq. (2.11),

A(q)y(0) = B(q)u(®) + D(q)e(?) 2.11)

here, A(q), B(g), and D(q) are the polynomials in the delay or backshift operator ¢/
including coefficients of the model as shown below in Eq. (2.12). A variable U(¢)

at time ¢ multiplied by ¢ is equal to U (7 — jAt).

Ag)=l+aq ++a,q"
B(q)=bq " +byq” +--+b,q" (2.12)

D(q)=1+d,qg" +--+ d,q"
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The model orders are nq4, ns, and na. The ARMAX process is shown using a block

diagram in Figure 2.1.

u(t) ——— | Bl@) |7/ @ — ()| )

D(q)

e(t)

Figure 2.1 Block diagram of the ARMAX process (adapted from Ljung [96])

By changing the model orders, several other time series models can be formulated
which are derived from the general ARMAX model. For instance, the AR model is
formulated by setting the orders of n, and ns both to zero which is the simplest form
of a time-series model. AR models can be used when there are no measured
responses available to be used as exogenous input for the model, and therefore, the
output at a previous time step is used to predict the output at the current time. The
model is called a moving average model (MA model) if n, and n, are both set as
zero. If only n4 s set to zero, an auto-regressive model with exogenous input (ARX)
is obtained as shown in Eq. (2.13) and can be written more concisely in the form of

Eq. (2.14)

V() +ay(t = A+ +a, y(t=n Al =bu(t=Ar)+--+b, ut—nAl) +e(t) (2.13)
A@y(t) = B(q)u(r) +e(t) 2.14)

The ARX process is shown using a block diagram in Figure 2.2.
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Figure 2.2 Block diagram of the ARX process (adapted from Ljung [96])

To apply the ARX model, the first step is to estimate the model parameters. Among
various techniques, the least square criteria (LSC) is often used to estimate those
parameters. The response of y at time 7 can be represented using data from previous

time steps in the manner shown in Eq. 2.15.
y(t)=-ay(t—At)—-+a, y(t—n,Al)+bu (t—Ar)+-+ b, u(t—nAbt)+et)  (2.15)

The predicted response of the y(?) can be calculated using Eq. 2.16.

v, () =-ay(t—At)—-+a, y(t—n,Al)+bu (t—At)+---+bnhu(t —n,At) (2.16)

Eq. (2.16) can be written in the form of Eq. (2.17),

y,0)=6"(a (2.17)
where,

SO =[-y(t—A)...— y(t—nA)  u(t—A)...u(t —n,Ar)] 2.18)
a=[a,...a, b..b T (2.19)

b

o(t) consists of the time series vectors, and « includes the model parameters that

are to be estimated. The error in predicted values of y(¢) can be estimated as:
e(t)=y(O)—y,t)=y(t)-6" (e (2:20)

here, e(?) is the error term in the ARX model and its value is related to the estimated

model parameters. So, the least square criteria can be expressed as Eq. (2.21), where
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S is the number of data points. This solution minimizes the error term. Derivation

of other search methods can be found in the literature [96].
1 T
ot = [525(1)5%)} {525(0 y(t)} (2.21)
t=1 t=1

2.2.3 Development of sensor clusters

From Eq. (2.9), a model can be created to predict the output of the i DOF by using
the response of other DOFs of the structure as inputs. Any change at a given
location in this model can provide information about the change in properties of
that region of the system. Similar equations can be written for each row and
different models can be created for each DOF of the structure. In a real-life
structure, there can be an infinite number of DOFs. However, its mass and stiffness
matrices are both sparse matrices with the majority of the elements being zero.
Therefore, the response generated from a particular DOF is related mostly to its
adjacent DOFs. So, Eq. (2.9) can be considered as a sensor cluster with a reference

DOF and its adjacent DOFs.

The method discussed above can be utilized to develop different sensor clusters.
These models can then be used to extract damage-related features to identify,
locate, and quantify the damage. To explain the method schematically, a simple 3-
DOF system as shown in Figure 2.3 is considered. Here, #i represents acceleration
responses of different channels of the system. Therefore, for the 3 DOF system, the
sensor cluster consists of three reference channels. For each reference channel, the
adjacent channels that are directly connected to it are included in the sensor cluster
for the given reference channel. For the first sensor cluster, the reference channel
is the 1°* DOF whose output is predicted using the response of the DOFs of the same
cluster that includes responses from DOFs 1 and 2. Similarly, the second sensor
cluster is developed with 24 DOF as the reference channel and includes DOFs 1,
2, and 3 in the cluster. To estimate the dynamic response of reference channels,

data fitting tools such as time-series models can be utilized.
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In this research, the ARMAX model is used, since the measured responses from the
adjacent channels are utilized as exogenous inputs to predict the response of the
reference channels at the current time. Model orders are obtained directly from the
EOM, by comparing the orders of Asterms of Eq. (2.9) with those of Eq. (2.13).
There are no Arterms on the left side. Therefore, the order n, for coefficients of

output a; fixed as 0. From Eq. (2.9) it is also seen that the input i, (¢) consists of the

term 2A¢ . Therefore, the order of n, for the coefficients of input b; is set as 2. The
final form of the ARMAX equation is shown in Eq. (2.22). As can be seen, Eq.
(2.22) looks similar in form as the Eq. (2.9), which indicates that the selected model
could be used to predict the dynamic response of the reference channel. Similar

ARMAX equations can be formulated for all the other DOFs in this manner.

N N N
()= b} jii (6)+ Y bljii;(t=A)+ Y b i (1 =2A0) +e(t) +...+d, e(t—n,Ar)  (222)
J=L,j#i Jj=1 Jj=1

2.2.4 Fit ratios and damage features

The responses from the channels of each sensor cluster are analyzed using the ARX
model to predict the output response of the particular reference channel of that
cluster. After creating the ARX models for both the baseline and damaged
conditions using the sensor cluster framework, damage features (DFs) are extracted
from the ARX models to detect the damage. Therefore, different linear time series
models can be created to establish models for each sensor cluster, and changes in
these models can indicate the presence of damage, along with its location and

severity.

For this study, DF is defined as the difference between fit ratios (FR). FR, in turn,
is expressed in percentage as the normalized root mean squared error, as shown in
Eq. (2.23), where y,, ¥, and ¥, are the measured output, predicted output, and

mean of measured output data, respectively.

=

”ym . ym ” (2.23)
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The DF is calculated using Eq. (2.24). Here FR; is the fit ratio of the baseline bridge
data to the baseline ARMAX model. FR; is the fit ratio obtained by fitting the
damaged bridge response to the baseline ARMAX model. When the structure is
damaged, the ARMAX model based on the baseline data cannot fit the damaged
bridge data adequately enough (compared to the ARMAX models based on
damaged data due to the changes in structural properties). Therefore, by comparing
the differences in values of DFs between different DOFs, the presence, location,
and relative severity of damage can be assessed.

~ |FR, — FR||

DF = x100 (2.24)

2

2.3 Finite element model of the bridge

The railway bridge model developed for this study is a 22 m long single-span deck
type steel plate girder bridge, as shown in Figure 2.4. The bridge consists of 2 main
girders. The width of the bridge is 6.2 m center-to-center between the main girders.
The bridge also features a concrete deck 150 mm thick and 5.4 m wide. The deck
rests on 5 cross girders at equal distance to each other, with two of them at the
abutments. The supports of the bridge are modeled as hinges that are fixed against
translation but are free to rotate. The bridge modeling and analysis has been

performed using software CSiBridge [98].

The depth of the main girders is 1,350 mm each. The top and bottom flange widths
are 500 mm, while the flange and web thicknesses are 50 mm and 16 mm,
respectively. The cross girders are 900 mm deep and have the same properties as
the main girders. The material for both the main girder and diaphragm is ASTM
A709 Gr50 steel. The deck material is 27.6 MPa normal weight concrete.

The bridge consists of a single track for the train. It has a typical Canadian Track
gauge of 1.435 m. To represent train load, the COOPER ES80 train, which is a

standard train load for designing railway bridges in North America as per the
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American Railway Engineering and Maintenance-of-Way Association (AREMA),

1s chosen.

y’

Figure 2.4 Finite element model of the railway girder bridge

As described above, a sensor cluster technique is used for damage detection of the
bridge. For the bridge modeled in this study, all the joints/nodes between the main
girder and diaphragms are considered locations of interests at which accelerometers
are placed to obtain bridge response. (The accelerations of the support nodes are
excluded from the model since these are very close to zero and cause instability in
the ARX model.) To capture the presence of damage in the deck, accelerometers
are also placed at the centers of each of the four-deck segments between the cross-
girders. In total, 10 accelerometers are placed on the bridge (excluding supports).
The positions of the accelerometers on the bridge are shown in Figure 2.5. The
nodes, which are part of the main girder, are N1, N2, N3, N4, N5, and N6. The
nodes that are placed on the deck are N7, N8, N9, and N10. Each node acts as a
reference channel, the output of which is predicted using inputs from its adjacent
channels. In total, ten different sensor clusters are created for each reference

channel as described in Table 2.1.
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Figure 2.5 Node numbers of the bridge
Table 2.1 Sensor cluster design for the bridge
Sensor Output of the ARX Model Inputs to the ARX model
Cluster (Reference channel) (Reference channel+ Adjacent channels)
1 N1 N1, N2, N3, N7, N8
2 N2 N1, N2, N4, N7, N8
3 N3 N1, N3, N4, N5, N8, N9
4 N4 N2, N3, N4, N6, N8, N9
5 N5 N3, N5, N6, N9, N10
6 N6 N4, N5, N6, N9, N10
7 N7 NI, N2, N7, N8
8 N8 N1, N2, N3, N4, N7, N8, N9
9 N9 N3, N4, N5, N6, N8, N9, N10
10 N10 N5, N6, N9, N10

In the proposed method, the bridge acceleration response from different sensors to
train load is used as the input to the ARMAX model. The response is obtained in
the form of vertical acceleration for the entire duration of the train passing over the
bridge, plus additional free response after the train has fully crossed the bridge. The
proposed method, it should be noted, is based on the free response of the bridge.

As such, for this study, only the initial portion of the free-response is considered.

The train load is simulated as a series of axle loads moving at a specific speed while
on the bridge. The responses are obtained at a frequency of 200 Hz (time step of
0.005 seconds), which is deemed adequate upon conducting a modal analysis of the

bridge. The responses are obtained by performing linear time-history analysis with

35



a time step of 0.005 seconds. The moving train axle loads are positioned at the
beginning of the bridge (support) at time zero and the response of the bridge is
collected. Then the position of the train on the bridge at 0.005 seconds is calculated
based on the speed of the train and again the responses of the sensors are calculated.
In this manner, the response of the bridge is calculated at the specified frequency
for the entire duration of the passage and then free vibration is calculated using the
initial condition of the last position of the train on the bridge before the train is off
the bridge. To collect the responses, the modal superposition technique is applied
which combines the free vibration mode shapes to characterize displacement
patterns. It is to be noted that, in this research, each train is modeled as a series of
axle loads moving at a specific speed. The mass of the train is not considered during
the dynamic time-history analysis. To consider the effect of the mass of train on the
dynamic response of the bridge, detailed train-bridge interaction analysis is needed
which is not within the scope of the present research. Further details regarding the

process of the analysis are provided in the CSI analysis reference manual [98].

The performance of the presented method depends on the collection of useful
bridge responses to the passage of a single operational vehicle at a time. In highway
bridges, traffic movements are random; causing multiple vehicles passing over the
bridge at a time. On the contrary, trains pass over railway bridges usually follows
a fixed schedule and on a single-track bridge, only one train is present on the bridge
at a time and there is a considerable gap between each passage of a train. Therefore,
it is more practical to obtain useful free acceleration response in railway bridges
after each passage of train compared to highway bridges, and as such the presented

method is considered for railway bridges.

For the undamaged baseline case, the original train passes over the bridge at a speed
of 20 km/h. The AREMA COOPER ES80 loading consists of 2 cars. However, to
account for the speed and train variability, it is assumed that, for each damage case,
the train passes at a speed of 50 km/h and with one additional car added to the
original configuration. The damping ratio of the bridge is kept constant at 1% for

the dynamic time-history analysis. In the modeled bridge, the load from the train is
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transferred to the main girders through the thick deck. Therefore, the vertical
acceleration responses are high in amplitude for the sensors in the decks compared
to the main girders. The typical total acceleration responses from the deck and the

girder with the initial few seconds of free responses are shown in Figure 2.6.

Free
Vibration

' W. HM |

¥ |1||{ N HM ‘ r‘,H‘ Uil AN M RRAE

Acceleration (m/s2)
o

0 2 4 6 8 10 12
Time (seconds)

(a)

Free
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““,H“ I
\ ”

Acceleration (m/s?)
(@]

0 2 4 6 8 10 12
Time (seconds)

(b)

Figure 2.6 Vertical acceleration response of the baseline bridge to COOPER E80 train at 20 km/h:
(a) from the deck (N8), (b) from the girder (N4)
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In real-life applications, the structural responses are inevitably contaminated by the
noise introduced by varying environmental, operational, and mechanical
conditions. These noisy results can mask the effect of structural damage or can lead
to false-positive alarms. To address the issue of data noise, 5% random noise is

added to all the obtained responses artificially for the time-series analysis.

2.4 Analysis and results

2.4.1 Analysis of residual errors

A critical decision in time-series modeling is choosing the model order.
Autocorrelation functions are often used to help choose model order [99,100].
Initially, the residual errors are computed from the baseline bridge. Residual errors
are the differences between actual and predicted responses. Then autocorrelation is
performed on the residual errors for different orders of moving average terms (74).
Figure 2.7Figure 2.10 and Figure 2.8 show the autocorrelation results with 95%
confidence limits for model orders of 0,1 and 2 for two nodes of the bridge (N1,
and N3). It can be seen from that as the order of ns increased from 0 to 1 and 2, the
correlations function behave similarly to white noise. In theory, these values should
decay, but it is clear from the figures they do not tend to zero. A possible cause of
this effect due to the series not being infinite and can be ignored [100]. For both the
nodes, the correlation functions are generally very small (within 95% confidence
limit of +/- 0.075) even at ns=0. These levels of residuals can be considered

appropriate based on studies in the literature [100,101].
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2.4.2 Estimation of threshold damage feature

Before damage identification, the threshold for DFs under noisy conditions should
be established to ascertain the change in DF due to damage from the change
resulting from noise. In this study, the threshold is determined by comparing the
acceleration response obtained from the baseline bridge before any damage has
been introduced. Two different acceleration responses for the baseline bridge are
obtained from two trains (the original train and the modified train as mentioned in
the model description) at speeds of 20 km/h and 50 km/h, respectively,
contaminated by 5% random noise. These are then analyzed using the time-series

method to obtain damage features (DF).

To create a statistically meaningful model, the whole process is repeated 300 times,
and the 299th-highest DF among 300 DFs is selected as the threshold of damage
based on the baseline bridge response to operational train loading to achieve a
99.7% confidence level. The threshold represents the highest DF caused by
operational variability and measurement noise without the effect of any structural
change. Therefore, any DF above this value is expected to indicate potential
structural change. Such an approach minimizes false positives/false negatives in a
real application, as shown by researchers [50-51]. In the present study, the value of
this threshold is obtained at 0.43. So, for damage detection, any DF values above

0.43 are expected to indicate the presence of damage.

In a real-world application, if the proposed method is implemented on a newly
constructed bridge, it will be able to identify all the future changes. If the proposed
method is applied to an existing bridge, the method can still be applied considering
the existing condition as a baseline for threshold estimation, and any subsequent
damage could be identified. This method can also be applied to detect existing
damage by applying model updating techniques, provided the original structural

design details are available.
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2.4.3 Damage identification, localization, and quantification

In the present study, different damage case scenarios on the railway bridge are
considered. Based on numerous railway bridge events occurring during the period
1982-2010, a study by Otter et al. reported some of the major causes of damage as
being derailed trains, foundation problems, fire, collision, and structural failure
[22]. The rest of the accidents were due to natural hazards and environmental
degradation. The study also found that failed and defective structural members pose
a great risk to the performance of railway bridges. Indeed, damage cases involving
failed and defective structural members and foundation problems cause a
normalized annual risk exposure of around 8 million USD according to their study.
All these types of reported issues can cause damage to the structural members
through cracking, buckling, thickness loss, etc., resulting in strength and/or
stiffness loss. Furthermore, with time, the deck can lose its thickness due to
abrasion and weathering, and cracks can form in the concrete. This problem is
simulated on the railway bridge model by reducing the modulus of elasticity of the
affected girder and the deck; this approach is a common way to simulate damage
as reported in various literature. Meanwhile, sometimes connections can lose their
moment carrying capacity due to accidental removal of bolts, decaying of welds,
etc. This is represented by forming a hinge at a connection. Foundation problems
involve a change in boundary conditions caused by the corroded or blocked bridge
supports that develop unintended fixity at the abutments. This problem is simulated
by fixing the support. Also, sometimes supports settle due to scouring of the river
floor, resulting in inactive support. The damage cases investigated in this study are
described in Table 2.2 and illustrated in Figure 2.9. Each damage case has been

analyzed 10 times and the corresponding DFs are plotted against the datasets.
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Figure 2.9 Damage cases investigated: (a) DC-1(a-d), (b) DC-1(e) (c) DC-2 (d) DC-3, (e) DC-4
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Table 2.2 Description of the damage cases simulated in this study

Damage Case Description of the damage
DC-1 Stiffness loss in the main girder portion between left abutment and N2
a) 10% b) 20% c) 30% d) 40%
e) 30% loss applied to the same girder portion and also girder between
N5 and right abutment

DC-2 Moment capacity loss (hinge formation) at N3
DC-3 Unintended fixity at the right supports
DC-4 20% stiffness loss in the deck portion marked by N8

2.4.3.1 Damage case (DC)-1: stiffness reduction in main girders

In this damage case, shown in Figure 2.9(a), for cases 1(a) to 1(d) the main girder
section between the left support and N2 is assumed to have lost its stiffness by 10%,
20%, 30 %, and 40%, respectively. The damage features (DFs) for cases (a) to (d)
are shown in Figure 2.10. For DC-1(a) the DFs for N2 are very close to the threshold
value while all other DFs are below the threshold. For DC-1(b), the average of the
DFs for N2 is around 1.5 (the same as for N4). The DFs for the other nodes on the
girders are all above the threshold. Thus, this is a good indicator that damage has
occurred, but, since there is no clear separation between N2 and N4, the likely
location of the damage is identified as the entire girder rather than being close to

N2 specifically.

Damage identification performance is much improved at damage levels of 30% and
40%. For cases 1(c) and 1(d), it can be observed that the highest DFs (maximum
3.5 for case 1(c) and 4.6 for 1(d)) are obtained for N2 since N2 is closest to the
location of the damage. The DFs for N1 and N4 are smaller than those for N2 by at
least 28% for case 1(c) and around 35% for 1(d) but are higher than those of all the
other nodes. This is because N1 is connected to N2 by a cross girder, while N4 is a
direct neighbor to N2 and is part of the same girder, which is damaged. For case
1(d), the DFs of N6 are also close to those of N1 and N4, owing to the increase in
the damage severity resulting in the entire girder being affected. The DFs for all the
other nodes are much lower compared to these three. For case 1(c) and 1(d), DFs

on the decks are below the threshold indicating no damage to the deck. The plots
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for cases 1(c) and 1(d) indicate that damage has occurred in the girder and that its

location is likely near N2.
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Figure 2.10 Damage features (DFs) for damage case DC-1: (a) 10% damage, (b) 20% damage, (c)
30% damage, and (d) 40% damage

In damage case 1(e), shown in Figure 2.9(b), 30% stiffness loss is applied to the
previous section, and, also, 30% loss is applied to the girder portion between N5
and the right support. The DFs from different sensors for this case are shown in
Figure 2.11. In this case, N2 and NS5 exhibit the highest DFs (maximum around
3.5). This is expected since these two nodes are closest to the location of the
damage. Other nodes of the main girder show lower DFs than do N2 and N5. The
DFs for the sensors on the deck, meanwhile, are below the threshold. It is

observable that the method is still able to detect and locate the presence of damage.
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Since the severity of damage is 30%, which is the same as DC-1(c), the maximum
DFs for N2 and N5 are similar to that of N2 in DC-1(c). Overall, it can be seen that,
at a damage severity level 10% or more, the method performs effectively in
detecting the presence of damage and as the damage severity increases, the location

of the damage is identified with increased accuracy.

In a real-world application, it is not practical to monitor the vibration response from
all the nodes. In such a situation, however, this method could still be useful and
provide important diagnostic information regarding the presence of damage and its
likely location, especially at moderate-to-severe damage cases in terms of the DFs

of the closest monitored nodes.
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Figure 2.11 Damage features (DFs) for damage case DC-1(e)

2.4.3.2 Damage case (DC)-2: moment capacity loss at N3

The damage case, DC-2, is shown in Figure 2.9(c). In this damage case, the node,
N3, in the left main girder is assumed to have lost its moment carrying capacity.
The results obtained, illustrated in Figure 2.12, show that N3 has the highest DFs
with a maximum of around 12.5, which is well above the threshold. For this damage
case, N1 and N5 also show high DFs, but still approximately 35% smaller than
those of N3. This can be considered a good result since N3 is the location of damage
and N1, N3, and N5 are part of the same damaged girder. (If a hinge forms at any

location of a girder, it is going to affect the moment distribution capacity of the
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entire girder.) N4 is connected to N3 through a cross girder, and, as a result, it shows
a relatively high DF compared to N2, N6, and the nodes on the deck. The nodes on
the deck show DFs close to or below the threshold, indicating that there is likely no
damage in the deck. Therefore, the method is successful in detecting the location

of damage, which is close to N3.
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Figure 2.12 Damage features (DFs) for damage case DC-2

2.4.3.3 Damage case (DC)-3: unintended fixity at the right supports

The damage case, DC-3, is shown in Figure 2.9(d). In this damage case, the right
abutment of the bridge is assumed to have become fixed support, while the original
bridge supports have no rotational fixity to prevent shrinkage. The results (shown
in Figure 2.13) demonstrate that the highest DFs are obtained at N5 and N6 and that
these DFs are significantly higher (by an average of approximately 23) than
previous damage cases. The results also show that the DFs at N3 and N4 are much
higher than the threshold, but on average 40% lower than those of N5 and N6. N5
and N6 are the closest nodes to the restrained supports and hence have the highest
DFs, while N3 and N4 are the closest neighbors to N5 and N6. The other DFs on
the girders (N1 and N2) exhibit an average DF of around 6, which is still high in
comparison to the threshold. Any change in the support restraint, it should be noted,
affects the behavior of the entire bridge globally. The DFs of the nodes on the deck
show there is no damage to the deck. Moreover, comparing the DFs with previous

damage cases (DC-1 and DC-2), it can be observed that this is the most severe
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damage case. Overall, the proposed method can identify, locate, and assess the

severity of this global damage case.
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Figure 2.13 Damage features (DFs) for damage case DC-3

2.4.3.4 Damage case (DC)-4. damage to the deck

The damage case, DC-4, is shown in Figure 2.9(e). In this damage case, the portion
of the deck indicated by N8 is assumed to have lost 20% of its stiffness. The results
shown in Figure 2.14 demonstrate that the highest DFs (around 2.5) are obtained at
N8, which is at the location of the damage. The results also show that all the other
DFs are significantly lower than the DF at N8 and are close to the threshold.
Therefore, the method predicts that there is damage and that it is likely in the deck
portion with center node N8. It is to be noted that the DFs in this damage case are
lower compared to the previous damage cases as 20% stiffness loss in a portion of

the deck is not as critical as any kind of damage to the girder or support.
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Figure 2.14 Damage features (DFs) for damage case DC-4
2.5 Conclusions

In this chapter, a damage detection method for girder type railway bridges is
presented that analyzes operational acceleration response. The acceleration
response is analyzed using time-series models and structural change is detected by
comparing the measured acceleration response to the predicted response from the
time-series model. The results demonstrate the potential of the proposed method
for continuous condition assessment of steel girder railway bridges under
operational loads. The major advantage of this method is that damage is detected,
localized, and estimated using bridge response under operational train loading
while considering the variability of train configuration, speed, and measurement
uncertainty due to data noise. This method could be especially useful for detecting
damage in inaccessible bridge locations where on-site testing could be difficult.

Moreover, once the system is installed, continuous real-time monitoring is possible.

One of the limitations of the proposed method is that small localized damage, while
identifiable, is difficult to locate accurately. The method assumes linear behavior
of structure considering low levels of operational vibration. Furthermore, the effect
of the train—track—bridge interaction is not considered in this study since the study
is based on free response (i.e., when the train is off the bridge), and, therefore, the
effects of such phenomena would be minimal on the proposed damage detection

method. Finally, the effect of environmental condition changes on the measurement

49



error, which could affect the performance of the method as it affects all damage
detection methods in the literature, is also not considered in this study. Despite such
limitations, the method has great promise for practical implementation, and further
research to address these limitations would improve its efficiency and robustness.
Overall, the presented sensor-cluster-based damage detection method for health
monitoring of railway bridges utilizing time series analysis of operational
acceleration response is shown to be effective. The verification of this method using
experimental results has been conducted and discussed in Chapter 5. The real-life

application of this method is beyond the scope of this research.
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3 DAMAGE DETECTION OF STEEL-TRUSS RAILWAY BRIDGES
USING OPERATIONAL ACCELERATION DATA?

3.1 Overview

In Chapter 2, a damage detection method has been developed for railway steel-
girder bridges which using only operational acceleration response in the vertical
direction. This makes the potential implementation of the method simple for girder
type railway bridges. However, railway bridges that utilize truss type structures that
are more complex than a simple girder bridge system and it is observed that analysis
of only vertical acceleration response is not adequate to identify damage in major
truss elements. Therefore, in this chapter, an improved damage identification
method is presented for steel-truss railroad bridges which utilize the same sensor-
cluster principal presented in Chapter 2 but is based on analysis of bi-axial
operational acceleration responses. The results are presented in terms of Damage
Features from each sensor, which are obtained by comparing the actual acceleration
response from the sensor to the predicted response from the time-series model. The
damage in the bridge is detected by observing the change in damage features of the
bridge as structural changes occur in the bridge. The relative severity of the damage
can also be quantitatively assessed by observing the magnitude of the changes in
the damage features. A finite element model of a steel truss railroad bridge is

utilized to verify the method.

3.2 Theoretical derivation

The detailed derivation of the method has been provided in Chapter 2, Section 2.2.

3.3 Sensor-cluster network for time-series analysis

The procedure for employing the method for truss railway bridges will be explained

using a detailed example by using a finite element model of a truss bridge which

2 A modified version of this chapter has been published in the following journal as follows:
Azim, M.R., and Giil, M. (2020). Damage detection of steel truss railway bridges using operational
vibration data. Journal of Structural Engineering, ASCE, 146(3), 04020008.
It can be accessed using DOI: https://doi.org/10.1061/(ASCE)ST.1943-541X.0002547
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was built in CSiBridge [99]. The analyzed truss bridge is inspired by a bridge
analyzed by Banerji and Chikermane [19]; however, it is not the same bridge. The
actual bridge situated in India consists of 5 spans of 31.92 m center to center
distance and 5.32 m width as well as height. Each span is divided into six
commensurate parts each having a length of 5.32 m. These parts are longitudinally
aligned to the track. In this study, only the Ist span is considered. In the finite
element model, the abutment end of the bridge is supported by hinges while the pier
end is supported by rollers. For simplicity of the model, it is assumed the supports
are smooth with no frictional resistance to provide translational restraint only
without inducing rotational restraint. All parts of the bridge consist of steel with a
modulus of elasticity of 200 GPa, yield stress of 345 MPa, ultimate tensile stress of
448 MPa and a Poisson ratio of 0.3. According to Salcher et al. [102], the damping
of steel truss bridges of 20m or more in length varied from 0.5% to 4.5% with mean
damping for steel bridges being around 1.2%. Since the bridge investigated has a
span length of 32m, the damping ratio of the bridge is assumed to be constant at 1.1
% for the dynamic time-history analysis. Different existing cross-sections of the

structure are listed in Table 3.1. The bridge model is shown in Figure 3.1.

Table 3.1 Different steel sections of the truss bridge

Steel Section Type | Bridge component Section properties Dimension

Profile (mm)
HSS- Hollow Top and bottom Outside depth and width 200.0
200 Structural chord bracing Flange and web 16.0
HSS- Hollow Diagonals Outside depth and width 400.0
400 Structural Flange and web 20.0
1-500 Wide Flange Verticals & top Outside height 500.0
Beam chords Flange width 300.0

Flange thickness 28.0

Web thickness 14.5

1-800 Wide Flange Bottom Chords Outside height 800.0
Beam Flange width 300.0

Flange thickness 33.0

Web thickness 17.5
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Figure 3.1 Finite element model of the bridge

From the derivation of the method presented in Section 2.2, it is observable that the
response of a particular DOF can be predicted from the response of its adjacent
DOFs. Therefore, develop different sensor clusters can be developed for different
DOFs. These models can then be used to extract damage related features to identify,
locate, and quantify the damage. For this bridge, 20 joints between top chords,
bottom chords, verticals, and diagonals are considered locations of interests obtain

bridge response.

The accelerations of the support nodes are excluded from the model since these are
practically zero and cause instability in the ARMAX model. The position of
assumed accelerometers in the bridge is shown in Figure 3.2. A bi-axial
accelerometer is assumed to collect data at each join in vertical and longitudinal
directions. A total of 40 sensor clusters are created for 40 channels. While each
channel acts as a reference channel (output of ARMAX model) for a sensor cluster,
the adjacent channels for each sensor cluster are determined based on their

connectivity, which is explained in detail in the following paragraphs.
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Figure 3.2 Node numbers for the bridge for developing sensor cluster

Two separate sensor cluster systems are implemented: One cluster is based on
vertical DOFs and the other cluster is based on longitudinal DOFs. For the former
system, vertical acceleration responses and for the latter longitudinal acceleration
responses are utilized for the time series analysis. The philosophy is that trusses
carry the load mainly through the axial force transfer mechanism. Therefore, any
structural change in the members aligned in vertical and longitudinal directions will
result in high DFs in the corresponding cluster systems. So, any damage in a vertical
member should show high DFs in the vertical cluster analysis and no damage in the
longitudinal cluster system. Similarly, damage in the top and bottom chords will
show high DFs in the longitudinal cluster only. The diagonal members have both
vertical and longitudinal directional components and hence should indicate the
presence of damage in both the clusters. The transverse bracings, which do not have
vertical and longitudinal components are usually not effective during operational
train loading and therefore not considered in this study. A separate cluster using
transverse acceleration (caused by transverse loading, e.g. wind) could be

developed to detect damage in those members.

For the vertical cluster system, each assumed vertical sensor (denoted with initial
‘V’) act as a reference channel. The response of each reference channel is predicted
using ARMAX analysis of the output of the adjacent channels. Here, all nodes
(including the reference channel itself) which are connected to the reference

channel through a vertical and/or a diagonal member is included in the ARMAX

54



model as inputs. For example, when V1 is the reference channel, the input channels
to the model channel are V1 and V11, while for V2, the input channels are V2, and
V11, V12, and V13. For the longitudinal cluster system, similarly, each assumed
longitudinal sensor (denoted with initial ‘L) acts as reference channel the response
of which is predicted using ARMAX analysis of the output of the adjacent channels.
Here, all sensors (including the reference channel itself) which are connected to the
reference channel through a longitudinal and/or diagonal as well as a longitudinal
bracing member is included in the ARMAX cluster. For example, when L1 is the
reference channel, the input channels to the ARMAX model are L2 and L7, while
for L2, the input channels are L1, L2, L3, L6, L8, L11, and L13. These clusters are
shown in Table 3.2.

Vertical and longitudinal acceleration responses are obtained from each node of the
bridge as the train crosses the bridge. The response is obtained for the entire
duration the train is over the bridge plus the initial few seconds of the free response

after the train fully crossed the bridge.

In this study, for the baseline case, the original train crosses the bridge at 40 km/h
speed. The AREMA COOPER E80 loading consists of 2 cars. To account for the
speed and train variability, different train load and speed are used for the damage
cases. It is assumed that for each damage case, the train passes at 50 km/h speed
and with the 2nd car carrying 25% more load than the original configuration. The
damping ratio of the bridge is kept constant at 1.1 % for the dynamic time-history

analysis.
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Table 3.2 Sensor cluster network for the truss bridge

Vertical Sensor Clusters

Longitudinal Sensor Clusters

The output of the
ARMAX model
(Reference channel)

Inputs to the
ARMAX model
(Reference channel+
Adjacent channels)

The output of the
ARMAX model
(Reference channel)

Inputs to the
ARMAX model
(Reference channel+
Adjacent channels)

%! V1, V1l L1 L1,L2,L7
L1,L2,13, L6, LS,
V2 V2, V11, V12, VI3 L2 LiL 113
V3 V3, V13 L3 L2,13,14,17,L9
L3,14, L5, L8, LI0,
V4 V4, V13, V14, V15 L4 13,115
Vs Vs, V15 L5 L4,15,19
V6 V6, V16 L6 L2,16,L7
L1,L3,L6, L7, LS,
V7 V7,V16, V17, V18 L7 116118
V8 V8, V18 L8 L2,14,17,18,L9
L3, L5, L8, L9, L10,
V9 V9, V18, V19, V20 L9 L18, L20
V10 V10, V20 L10 L4,19,L10
Vil V1, V2, V1l L1l L2, L11,L12,L17
Vi N— D2 L11,L12,L13, L16,
L18
L2, L4, L12, L13,
VI3 V2, V3, V4, V13 L13 T4, 117, L1
L13,L14, L15, L18,
V14 V4, V14 L14 120
V15 V4, Vs, V15 L15 L4,L14,L15,L19
V16 V6, V7, V16 L16 L7,L12,L16,L17
V17 V1, V17 17 L11,L13,L16, L17,
L18
L7,19,L12, L14,
V18 V7, V8, V9, V18§ L18 L17.Li8, L19
L13,L15,L18, L19,
V19 V9, V19 L19 o0
V20 V9, V10, V20 L20 L9, L14,L19, L20
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3.4 Analysis and results

The analysis results are discussed in the subsequent sections. The results are
displayed in terms of DFs vs Simulations, where each data set corresponds to DF
obtained at a particular simulation. Each damage case is simulated 6 times with an
added artificial noise applied as 5% of maximum normalized root mean square

(RMS) of the acceleration response.

3.4.1 Damage cases analyzed

An article on the need for railway bridge health monitoring by investigating
incidences of railway bridge interruptions in the U.S. was published by Otter et al.
[22]. Based on 177 railway bridge-related events that occurred between 1982 and
2010, the study reported that more than 22% of the accidents were caused by
damage due to derailed train while scouring and other foundation problems
accounted for 13.5% accidents. 6.8% of accidents were caused by fire damage,
5.1% were due to collision by railroad traffic and 4.5% were due to structural
member failure. The rest of the accidents were due to other hazards including
environmental degradation. The study also found that failed and defective structural

members pose a great risk towards the performance of railway bridges.

All these types of issues reported can cause damage to the structural members
through cracking, buckling, thickness loss, etc. which results in strength and/or
stiffness loss. In this study, the damage associated with stiffness reduction of truss
members will be presented. This damage is simulated on the railway bridge model
by reducing the modulus of elasticity of the affected member. All these damage
cases are described in Table 3.3. These damage cases and the damaged members

are visually shown in Figure 3.3 and Figure 3.4.
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Table 3.3 Damage cases investigated in this study

Damage Damage location and severity

Case

DC-1 Vertical members between nodes 1-11 and 6-16: 1) 20% and ii) 30% stiffness loss

DC-2 Longitudinal members between nodes 1-2 and 6-7: 1) 20% and ii) 30% stiffness
loss

DC-3 Diagonal members between nodes 2-13 and 7-18: 30% stiffness loss

DC-4 Longitudinal member between nodes 6-7 and vertical member between nodes 2-
12: 30% stiffness loss

DC-5 Vertical member between nodes 2-12 and diagonal member between nodes 7-18:
30% stiffness loss

DC-6 Longitudinal member between nodes 14-15 and bracing member between nodes
12-18: 30% stiffness loss in both members

(b)

Figure 3.3 Damage Cases analyzed: (a) DC-1, (b) DC-2

58




(d)

Figure 3.4 Damage Cases analyzed: (a) DC-3, (b) DC-4, (c): DC-5, (d) DC-6
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3.4.2 Estimation of threshold damage feature

In this study, it is assumed that the obtained responses contain artificial noise.
Therefore, before any damage identification, a threshold for DFs needs to be
established to separate the change in DFs due to actual damage to those caused by

noise.

To establish the threshold, two sets of acceleration responses from the baseline
bridge are obtained. The first set is with an original train at 40 km/h speed while
the second set is with a modified train at 50 km/h speed. These data are then
simulated 200 times and damage features are obtained for each simulation. In this
case, the damage features obtained based on the difference of fit ratios are the effect
of measurement noise without the presence of damage. Based on 200 simulations
on the baseline bridge, values of 0.31 and 1.43 are obtained as thresholds with a
99.0% confidence level for vertical cluster and longitudinal cluster respectively
meaning that the likelihood of DF exceeding the threshold without damage in the
bridge is only 1%. So, any DF above these values will be considered as indicative

of damage in the corresponding clusters.

In a real-world application, if the proposed method is implemented on a newly
constructed bridge, it will be able to determine all the future changes. If it is applied
to an already existing bridge, the method can still be applied considering the
existing condition as a baseline for threshold estimation and any damage onwards

could be identified.

3.4.3 Sensor cluster analysis for various damage cases
The vertical and longitudinal cluster system in combination is utilized to detect

damage in various members which are discussed in the subsequent articles.

3.4.3.1 Damage case DC-1: vertical members between nodes 1-11 and 6-16. (i)
20% stiffness loss (ii) 30% stiffness loss

In this damage case, the vertical member between nodes 1-11 and 6-16 are assumed

to have lost (i) 20% and (ii) 30% of its stiffness. The Damage Feature (DFs) for the

60



case are shown in Figure 3.5 and Figure 3.6 for case 1(i) and case 1(ii) where (a)

and (b) represent results from the vertical and longitudinal cluster, respectively.
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Figure 3.5 Damage Features (DFs) for DC-1(i): (a) Vertical Cluster, (b) Longitudinal Cluster

It can be observed that the highest DFs are obtained for V11 and V16, followed by
V1 and V6 for both 20% and 30% damage levels. From vertical cluster analysis,
for 20% damage shown in Figure 3.5(a), the average of DFs for V11 and V16 is
around 1.53, while an average of 0.92 is obtained for V1 and V6. For 30% damage
shown in Figure 3.6(a), the DFs increase to average values of 3.50 for V11 and V16
and 1.99 for V1 and V6 respectively. These four nodes exhibit significantly higher
DFs compared to the DFs of the rest of the nodes which are close to or below the

threshold. The longitudinal clusters show that all the DFs are very close to or below
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the threshold indicating that no damage likely in the longitudinal direction. Overall,
by observing the DFs of both vertical and longitudinal clusters, it can be inferred
that damage is present and its likely location is in the vertical members between
nodes 1-11 and 6-16. The results also show that the presented method can relatively

quantify the severity of damage levels.
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Figure 3.6 Damage Features (DFs) for DC-1(ii): (a) Vertical Cluster, (b) Longitudinal Cluster
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3.4.3.2 Damage case DC-2: longitudinal members between nodes 1-2 and 6-7: (i)
20% stiffness loss (ii) 30% stiffness loss

In this damage case, the longitudinal members between nodes 1-2 and 6-7 are
assumed to have lost stiffness by (i) 20% and (ii) 30%. The Damage Feature (DFs)

for this case are shown in Figure 3.7 and Figure 3.8 for case 2(i) and case 2 (ii)

where (a) and (b) represent results from the vertical and longitudinal cluster,

respectively.
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Figure 3.7 Damage Features (DFs) for DC-2(i): (a) Vertical Cluster, (b) Longitudinal Cluster
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It can be observed that the average DFs for vertical clusters shown in Figure 3.7(a)

and Figure 3.8(a) are all very close to or below the threshold value indicating that

no damage is likely in the vertical system for both levels of damage. In the

longitudinal system shown in Figure 3.7(b) and Figure 3.8(b), the highest DFs are
obtained for L1 and L6 with an average value of 3.30 and 6.99 for 20% and 30%
damage levels, respectively. Nodes L2 and L7 exhibit DFs around 2.65 and 4.96,

respectively. The average DFs for the rest of the nodes are close to or below the

threshold. This is indicative of the fact that damage is present and its likely location

is in the longitudinal members between nodes 1-2 and 6-7 with no damage occurred

elsewhere. Similar to Damage Case 1, the relative severity of damage is assessed

by observing the increase in DF values of the affected members.
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Figure 3.8 Damage Features (DFs) for DC-2(ii): (a) Vertical Cluster, (b) Longitudinal Cluster
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3.4.3.3 Damage case DC-3: diagonal members between nodes 2-13 and 7-18:
30% stiffness loss

In this damage case, the longitudinal members between nodes 1-2 and 6-7 are
assumed to have lost stiffness by 30%. The DFs for the case are shown in Figure

3.9(a) and Figure 4.7Figure 3.9(b) for vertical and longitudinal clusters

respectively.
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Figure 3.9 Damage Features (DFs) for DC-3: (a) Vertical Cluster, (b) Longitudinal Cluster

In this case, both the vertical and longitudinal cluster systems exhibit DFs above the
thresholds. The vertical cluster shows DFs for V2, V7, V13, V18 to be above the
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threshold with an average value of 2.14. The longitudinal cluster shows DFs for the
corresponding sensors L2, L7, L13, L18 above the threshold with an average value of
2.32. The diagonal members have both vertical and longitudinal directional components
and therefore, are expected to show a likelihood of damage in both the cluster systems.
The DFs for all the other nodes for both clusters are close to or below the respective
thresholds. Therefore, it is likely that damage has occurred in the diagonal members

between nodes 2-13 and 7-18.

3.4.3.4 Damage case DC-4: longitudinal member between nodes 6-7 and vertical
member between nodes 2-12: 30% stiffness loss

In this damage case, the longitudinal member between nodes 6-7 and vertical
members between nodes 2-12 are assumed to have lost stiffness by 30%. The DFs
for the case are shown in Figure 3.10(a) and Figure 3.10(b) for vertical and
longitudinal clusters respectively. For this damage case, the vertical cluster system
exhibits high DFs for sensors V2 and V12 with average values of 5.64 and 3.83
respectively. The longitudinal system shows DFs above the threshold for sensors
L6 and L7 with average values of 5.81 and 3.49 respectively. No other DFs for
vertical and longitudinal clusters are high enough above the respective thresholds.
Therefore, it can be inferred by combining the results of both clusters that, the
damage is likely in the vertical member between nodes 2-12 and longitudinal

members between nodes 6-7.

3.4.3.5 Damage case DC-5: vertical member between nodes 2-12 and diagonal
member between nodes 7-18: 30% stiffness loss

In this damage case, the vertical and diagonal members between nodes 2-12 and 7-18
respectively are assumed to be damaged in the form of 30% stiffness loss. The DFs for
the case are shown in Figure 3.11(a) and Figure 3.11(b) for vertical and longitudinal
clusters respectively. The vertical cluster, in this case, shows DFs above the threshold
for sensors V2 and V12 with an average value of 5.29 and 3.99 respectively. It also
shows high DFs of average 1.51 for sensors V7 and V18. The longitudinal cluster shows
DFs above the threshold for only sensors L7 and L18 with an average value of 2.39.

Combining both the results, it can be inferred that the vertical system indicates damage
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in vertical members between nodes 2-12 as well as a diagonal member between nodes
7-18, while the longitudinal system indicating damage in only the diagonal member
between nodes 7-18. This result is consistent with the assumption that each cluster will

indicate damage in members that have directional components along that cluster.
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Figure 3.10 Damage Features (DFs) for DC-4: (a) Vertical Cluster, (b) Longitudinal Cluster
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Figure 3.11 Damage Features (DFs) for DC-5: (a) Vertical Cluster, (b) Longitudinal Cluster

3.4.3.6 Damage case DC-6: longitudinal member between nodes 14-15 and
bracing member between nodes 12-18: 30%stiffness loss

In this damage case, the longitudinal top chord member between nodes 14-15 and a
bracing member between nodes 12-18 are both assumed to have lost stiffness by 30%.
The results are shown in Figure 3.12(a) and Figure 3.12 (b). The vertical cluster system
shows all the DFs close to or below the threshold. This is expected since the induced

damage is in members with no vertical directional components. The longitudinal cluster

shows very high DFs for sensors L14, followed by L15, L12, and L18, which connect
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the affected members. At the same time, the surrounding nodes which are L13, L17,

L19, and L20 show DFs above the threshold but close to or below the affected ones.

The longitudinal bracing member is not as effective during the passage of a train and

therefore, the connecting nodes (i.e. L12 and L18) do not demonstrate as high DFs as

the main top chord would at similar damage level (i.e. L14 and L15). However, the

method is still able to localize the damage in the longitudinal member between nodes

14-15 as well as a bracing member between nodes 12-18.
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Figure 3.12 Damage Features (DFs) for DC-6: (a) Vertical Cluster, (b) Longitudinal Cluster
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3.5 Conclusion

This chapter presents a novel damage identification method for railway truss
bridges utilizing bridge acceleration response to operational train loading. The
results presented in this study demonstrate the potential of the proposed method for
truss bridges especially for detecting small to moderate damage associated with
stiffness loss in the vertical, diagonal, and longitudinal members. The method under
operational condition can detect and locate damage in vertical, longitudinal, and
diagonal members since the train load is effective in vertical and longitudinal
directions only. The method can be extended to include pure transverse bracing
members if response under transverse loading is considered. While for some damage
cases (example include DC-3) some additional adjacent nodes could be identified as
damaged due to DFs above the threshold, these DFs are still very low and could be due
to stress redistribution as the damage occurred. In such a situation, additional
information could be obtained by combining the information from this presented
method with other damage detection methods, such as the strain-based method

developed in Chapter 4.

While the presented bridge is a short span one, it consists of a substantial number
of truss members spread over six bays. The instrumentation plan is designed
assuming one bi-axial sensor at each main connection as it facilitates damage
detection at the truss member level. In practice, it is not feasible to measure the
response from all the nodes of the truss bridge. It is also not a requirement to include
all the nodes in the sensor cluster system. The sensor cluster system can be
formulated based on the number of available sensors. In such a scenario, the
damage detection method will demonstrate results based on the available sensors,

and as expected damage localization cannot be achieved at the member level.

One of the limitations of the proposed method is that small localized damage, while
identifiable, is difficult to locate accurately. Even though train-track-bridge
interaction is not explicitly modeled in this study, random noise is added to the data
in recognition of such effects. The proposed method is based on the linear behavior

of the structure dealing with low levels of vibration. Therefore, this method and
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most other damage detection methods presented in the literature do not apply to
structures where data is affected by nonlinear behavior. Finally, the effect of
environmental condition changes on the measurement errors is also not considered
in this study which could affect the performance of the method as it affects all
damage detection methods in the literature. Currently, researchers (for example, Gu
et al., Kostic and Giil, Huang et al., Zhang et al.) are working on this topic
extensively and developing methods using artificial neural networks to compensate
for environmental effects [103-106]. Further studies are needed to integrate such
methods with the damage detection method presented in this research. Despite such
limitations, the method has great promise for practical implementation and further
research to address these limitations would improve the efficiency and robustness

of the method.

The proposed method can overcome some of the current limitations regarding the
monitoring of truss railway bridges. Moreover, once the system is installed,
continuous real-time monitoring is possible. It offers the opportunity to detect mild
to relatively moderate damage to develop economical maintenance strategies and
address the problem before it becomes too costly to repair. The verification of this
method using experimental results has been conducted and discussed in Chapter 5.
Validation of this method through a real-life bridge investigation is beyond the

scope of this research.
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4 DAMAGE DETECTION OF STEEL-TRUSS RAILWAY BRIDGES
USING OPERATIONAL STRAIN RESPONSE?

4.1 Overview

In this chapter, a strain-response based damage detection framework is developed
which accomplished Task 2 of the research objective. As mentioned in Chapter 1,
strain monitoring is usually a common and inexpensive means to assess the
condition of bridges and. The proposed method developed in this chapter utilizes
operational strain data obtained from instrumented truss elements in response to the
passage of a train. The baseline bridge response and damaged bridge responses are
analyzed using two data analysis methods: coefficient of variation and principal

component analysis (PCA).

In the first method, strain time-history responses obtained under baseline and
damaged bridge conditions are used to compute the coefficient of variation
matrices. The results are presented in terms of the difference of the covariance
matrix (DM) of the truss bridge between the baseline and damaged condition. The
damage in the bridge is detected and located by observing the coefficients of the

difference matrix as structural changes occur in the bridge.

In the second method, strain time-history responses under baseline and damaged
bridge conditions are used to compute the principal components (PC) which are
then ranked based on their corresponding eigenvalues. PCA is a statistical tool that
has the potential to be useful for developing effective damage detection
frameworks, as demonstrated by researchers [89, 107-111]. The results are
demonstrated in terms of Damage Indicators (DI) which are obtained by comparing
the geometric distance of coordinates of the principal component space between the

baseline and damaged bridge condition.

3 A modified version of this chapter has been published in the following journals as follows:
Azim, M.R., and Giil, M. (2020). Damage detection framework for truss railway bridges utilizing statistical
analysis of operational strain response. Structural Control and Health Monitoring, 27(8), €2573.
It can be accessed using DOI: https://doi.org/10.1002/stc.2573
Azim, M.R., and Giil, M. (2020). Data-driven damage identification technique for truss railroad bridges
utilizing principal component analysis of strain response. Structure and Infrastructure Engineering.
It can be accessed using DOI: https://doi.org/10.1080/15732479.2020.1785512
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The strain-based methods presented are numerically verified through a finite
element model of a truss railroad bridge. It is shown that the strain-based methods
could identify, locate, and assess the severity of damage in the railway bridge.
Moreover, the method provides damage sensitive features at the element level
which is different from the nodal damage features extracted from the acceleration-
based method presented in the previous chapter. Therefore, if utilized together, both

methods can complement each other.

4.2 Theoretical derivation

4.2.1 Coefficient of variation analysis

This method utilizes the strain-time history of the elements of the truss bridge.
Therefore, the first step is to obtain the strain response of the truss members and
construct the strain matrix S(t) which is shown in Eq. (4.1). Thus, each column of
the matrix S(t) is the strain time history response of each instrumented truss element

due to the passage of a train.

$i(f) o sy(8)
(9 = ' @.1)

Sl(tn) e SNs(tn)
Here,

N; 1s the number of strain gauges,

n is the number of observations in the analyzed data window (n> Nj);

These responses are then normalized with respect to maximum absolute strain

response to obtain the normalized strain matrix shown in Eq. (4.2).

S-S0

- (4.2)
max(abs(s(t)))

At time #, the vector of the normalized measurement will be like Eq. (4.3), where

k=1,2..n.
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s'(t) = s, (t,) s,(t,) Sy (8 “3)
“7 | max(abs(s(t))) max(abs(s(t))) ~~  max(abs(s(t))) '

The coefficient of variation between each measurement is computed and
Covariance Matrix, M is formulated based on each analyzed data window, the size
of which is Ny * N,;. The components of this matrix, m;; are computed using Eq.
(4.4) where 5;'and §j' are averages of normalized strain responses from sensors i

and ;.
m; = Z{Si’(tk)_gir}*{sj,(tk)_Ej'} (4.4)
k=1

These covariance matrices are computed for the truss bridge for the baseline and
damaged condition. Then damage can be identified as a Difference Matrix (DM)
shown in Eq. (4.5). Here, MV and MP are covariance matrices for baseline and

damaged conditions respectively.

DM=‘MU-MD

(4.5)

If no structural changes occur, the changes in the coefficients of the DM are
expected to be very small and could be attributed to the operational variability and
measurement noise. When damage occurs, the mean values and components of the
covariance matrix are expected to change significantly, and therefore, high DM
values will be observed for the elements damaged or affected by the damage.
Therefore, by observing the changes in the values of the difference matrix, the

damage could be detected and located.

4.2.2  Principal component analysis

In this method, similar to the previous method, the first step is to obtain the strain
response of the truss members and construct the strain matrix S(t) after the passage
of a train which is shown in Eq. (4.1). Then, principal component analysis is
performed on the strain dataset which provides Ny number of eigenvalues Ai, with

N;orthogonal eigenvectors yi. These are obtained utilizing Eq. (4.6) and (4.7). The
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coefficient of variation between each measurement is computed and covariance

Matrix, C is formulated, the size of which is Ns * Ni. Here, S is the mean of S.

C =L(S—S‘)(S—§)T (4.6)
n-—1

Then, eigenvalues and vectors are obtained by satisfying the equation shown in Eq.

(4.7) where y and A are eigenvector matrix and eigenvalue matrix respectively.
Cx¥Y=¥xA (4.7)

These eigenvectors are called principal components where each coefficient within
a vector represents each sensor. These eigenvalues are sorted in decreasing order,
i.e., A1 > A2 >.... The corresponding eigenvectors i (i=1,2,..., Ny) represent the
principal components from each time-history response with decreasing order of
variance with y1 having the greatest variance. Most of the variance is contained
within the first few principal components. For the example presented in this
chapter, it is observed that the first two components contain 90% or more variance
and deemed adequate for damage detection purposes. Considering more than 2
principal components does not necessarily result in improvement of the
performance. Since these components are orthogonal vectors, these values from
truss elements can be plotted in a 2-D principal component space as co-ordinates
considering y1 and 2 as orthogonal axes. Figure 4.1 shows such a plot. Then the

geometric distance, D is obtained for each sensor using Eq. (4.8).

Element i

Figure 4.1 Plots of the first two PCs on the 2-D principal component space
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After obtaining D values for both baseline and damaged bridge, a damage indicator,

(DI), is proposed, which compares these distances as shown in Eq. (4.9) where D,

and Dy represent distances for baseline and damaged bridge principal components

respectively.

M *100,i =1,2,---, N,
D

s
b

DI' = (4.9)

If no structural changes occur, the values of baseline DI are expected to be very
small. Since operational strain data is used, these baseline DI values could be
attributed to the operational variability and measurement noise. When damage
occurs, high DI values will be observed for the elements damaged or affected by
the damage. Therefore, by observing the changes in the DI values, the damage

could be detected and located.

4.3 Finite element modeling and instrumentation of the truss bridge

The finite element model of the bridge is used to validate the strain-based method
is the same as the one described in Chapter 3, Section 2.3. This section describes

the procedure for collecting strain data from this model.

To demonstrate the efficiency of the method, one side of the truss bridge shown in
Figure 3.1 is considered for monitoring. The modeled truss bridge has 21 individual
elements on each side. In an ideal situation, all the elements would be instrumented
with strain gauges to monitor the entire bridge. However, in real life, due to
financial and computational constraints, it is not always practical to install sensors
in all the members of the truss bridge. Therefore, in this study, 12 elements have
been chosen for instrumentation. These include 4 elements each from the bottom
chord, verticals, and diagonals. Strain-gauges are installed at the midpoint of each
element. The elements with strain-gauges are shown in Figure 4.2(top). In this
figure, the elements annotated with double vertical lines are instrumented with

strain gauges. Longitudinal strain responses are obtained from the top flange of
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each truss element at the mid-span location by aligning the strain gauge along the
longitudinal axes of the element as shown in Figure 4.2(bottom). In a real-life
bridge, the number and type of strain gauges to be used will depend on economic
considerations, the number of truss elements to be monitored, and desired levels of
accuracy. Li and Wu suggested that distributed long-gauge strain sensors are
sensitive to localized damage and therefore, could be utilized to obtain strain

response from the truss bridge [112].
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Figure 4.2 (top)The truss bridge elements instrumented with strain-gauges, (bottom) the longitudinal
and cross-sectional profile of element 22 showing the location of strain measurement (not to scale)
Longitudinal strain time-history responses are obtained from each instrumented
element of the bridge during each passage of a train as it crosses the bridge. In this
study, three operational standard trains are considered. For the baseline condition,
COOPER E80 (Tr-1) train loading is simulated at 40 km/h speed. To account for
the speed and axle loading variability, for the damaged bridge, in addition to Tr-1,
the COOPER E90 (Tr-2) train is simulated at 50 km/h speed, which already induces
variations of axle loads and speed by 11% and 25% respectively. Further, to assess
the performance of the method under the operational train at moving at high speed,
COOPER E100(Tr-3) train is simulated at 100 km/h speed on the damaged bridge.
Tr-3 represents operational variation in terms of change in axle loads from Tr-1 by

+25%, and change is speeds by 150%. These are the American Railway
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Engineering and Maintenance-of-Way Association (AREMA) standard train loads.
The train loads are modeled as a series of axle loads to represent the above-
mentioned design train loadings. Typical strain responses for some of the elements
are shown in Figure 4.3.
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Figure 4.3 Strain response from various elements for baseline bridge condition in response to Tr-1:
(a) element 21, (b) element 32, (c) element 44.
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4.4 Analysis and results

Otter et al. identified various causes of damage in railway bridges which include
accidents, fire damage, scouring, environmental degradation, failed and defective
structural members, and support problems [22]. All these types of issues reported
can cause damage to the structural members which results in strength and/or
stiffness loss. In this study, the damage associated with stiffness reduction of truss
members will be presented. The damaged truss members are simulated with a
reduced modulus of elasticity and also loss of thickness in the cross-sections
(different levels of damage severity are considered) along the entire length of the
individual members. Damage simulated in this manner represents a gradual
decrease of stiffness in a member likely caused by corrosion, and decay of member.
Also, the effect of the change in boundary condition is demonstrated as another
damage case. Change in support behavior could occur due to corrosion or blocked
bridge support. This could result in change is the structural configuration of the
entire bridge and may lead to unexpected force and stress redistribution among the
structural elements. In this study, this damage is simulated by adding fixity against
the longitudinal translation of the roller support on the right. All these damage cases

are described in Table 4.1. These damage cases are visually shown in Figure 4.4.

Table 4.1 Damage cases simulated in this study

Damage Case | Damage location and severity

DC-1 Element 22: stiffness loss by (a) 5% (b) 10%, (c) 20%
DC-2 Element 33: stiffness loss by (a) 5% (b) 10%, (c) 20%
DC-3 Element 44: stiffness loss by (a) 5% (b) 10%, (c) 20%
DC-4 Element 22: reduction in the flange and web thickness so that cross-

sectional area is reduced by (a) 9%, (b) 17% and (c) 25%

DC-5 Multiple damages combining damage cases of (a) DC-2(b) and DC-4(a)
and (b) DC-2(c) and DC-4(c)

DC-6 Element 20: stiffness loss by (a) 20% (b) 30%

DC-7 Roller support develops fixity against longitudinal translation
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Figure 4.4 Damage cases analyzed: (a) DC-1, DC- 4, (b) DC-2, (c) DC-3, (d) DC-5 (e) DC-6, and

(f) DC-7
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4.4.1 Results from the coefficient of variation analysis

4.4.1.1 Estimation of the threshold coefficient of the difference matrix

Initially, covariance analysis is conducted for the baseline bridge to assess the range
of difference caused by the variations in axle loads and speeds and measurement
error due to noisy data. So, three sets of strain data are considered which are the
responses of the baseline bridge to Tr-1, Tr-2, and Tr-3 moving at their respective
speeds as mentioned before. Then, by using Tr-1 as the fixed train, DMs are
obtained by comparing Tr-1 data with Tr-1, Tr-2, and Tr-3 data using the procedure
outlined in the “Theoretical Derivation” section for the baseline bridge. To obtain
a meaningful threshold, these comparative data sets are simulated 200 times each
with an added 5% random noise, and average DMs are obtained. Finally, the
maximum value among all the coefficients from the three average DMs is set as the
threshold coefficient for the difference matrix. In this study, for the presented
instrumentation plan, the value of the threshold coefficient is found to be 0.0021.
Therefore, if a component of the difference matrix is higher than this threshold

coefficient, it could be attributed to structural change due to damage.

In the subsequent sections, the results of different damage cases are presented. The
results for each damage case are presented as average difference matrix (DM) after
comparing baseline Tr-1 with damaged Tr-1, Tr2, and Tr-3 which were simulated
multiple times with 5% random noise. These results are shown in Figure 4.5
through Figure 4.11. In these figures, the matrix is color-coded according to the
scale shown beside the matrix. Also, the coefficients which are higher than the

threshold coefficient are highlighted in black fonts.

4.4.1.2 Stiffness loss in element 22: DC-1

In this damage case, the truss element number 22 is simulated to be damaged due
to stiffness reduction of (a) 5%, (b) 10%, and (c) 20%. This is shown in Figure
4.4(a). The difference matrices (DMs) for these levels of damages are shown in

Figure 4.5(a) and (b) and (c) respectively.
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Figure 4.5 DM for Damage case (DC-1): stiffness loss in element 22 by (a) 5%, (b)10%, and (c)
20%

It can be observed from Figure 4.5(a), (b) and (c) that, the major difference in

covariance occurs between element 22 and the rest. The coefficients for other
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elements are very small. The maximum absolute difference is 0.017, 0.034, and
0.078 for 5%, 10%, and 20% stiffness loss, respectively, i.e. around 8.1 times, 16.2
times, and 37.1 times the identified threshold, respectively. It is observed that, as
the damage severity increases, so does the coefficients of DMs of the damaged
element. At higher damage level, other elements of the bridge also show
coefficients above the threshold due to redistribution of stress and strains. Overall,
observing the results, the presence of damage in element 22 is identified, localized

and its severity is relatively assessed effectively.

4.4.1.3 Stiffness loss in element 33: DC-2

In this damage case, the truss element number 33 (which is a vertical member) is
simulated to be damaged due to the stiffness reduction of 5%, 10%, and 20%. This
is shown in Figure 4.4(b). The results in terms of the DMs are shown in Figure
4.6(a), (b), and (c). In this case, the results show that the major difference of
coefficients occurs between element 33 and the rest with maximum absolute
differences 0f 0.016, 0.034, and 0.085 respectively for element 33 which are around
7.6, 16.2, and 40.5 times the threshold respectively. All the remaining coefficients
are very close to zero. Therefore, the likely location of the damage is in element 33.
At higher damage severity (20%), some additional elements exhibit coefficients
beyond the threshold value due to stress redistribution which is expected. Overall,

the damage is successfully identified and located and relatively quantified.

4.4.1.4 Stiffness loss in element 44: DC-3

In this damage case, the truss element number 44 (which is a diagonal member) is
simulated to be damaged due to the stiffness reduction of 5%, 10%, and 20%. This
damage is shown in Figure 4.4(c). The results in terms of the difference matrices
are shown in Figure 4.7(a), (b), and (c) respectively. In this case, similar to the
previous damage cases, the results show that the major difference of coefficients
occurs between the damaged element 44 and the rest with a maximum absolute
difference of 0.023, 0.048, and 0.099 respectively. These values are around 11,
22.9, and 47.1 times the threshold values. While other elements exhibit coefficients
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above the threshold but those are smaller compared to the element 44. Similar to

DC-1 and DC-2, at 20% damage level, more elements exhibit coefficients above

the threshold which is expected due to redistribution of stresses and strains.

Figure 4.6 DM for Damage case (DC-2):

20%
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stiffness loss in element 33 by (a) 5%, (b)10%, and (c)
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Figure 4.7 DM for Damage case (DC-3): stiffness loss in element 44 by (a) 5%, (b)10%, and (c)

20%
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4.4.1.5 Thickness loss in element 22: DC-4

In this damage case, the truss element number 22 is simulated to be damaged due
to the reduction in thickness of the top and bottom flanges as well as the web. To
simulate damage, flange and web thicknesses are reduced which results in a
reduction in total cross-sectional area by around 9%, 17%, and 25% for case DC-
4(a), 4(b), and 4(c) respectively. The difference matrices (DMs) for these levels of
damages are shown in Figure 4.8(a), (b), and (c) respectively. From Figures 4.10,
it can be inferred that the changes in coefficients of DMs are higher for element 22
compared to the rest of the elements. The maximum absolute differences of 0.033,
and 0.071 and 0117 respectively have been obtained for DC-4(a) and DC-4(b) and
DC-4(c), respectively, i.e. around 16 times, and 34 times and 56 times the identified
threshold, respectively. Since the damaged element is the same, the pattern of the
results is similar to those of DC-1. Overall, observing the results, the presence of
damage in element 22 is identified, localized and its severity is relatively assessed

effectively.

4.4.1.6 Multiple damaged elements: DC-5

This damage case is a combination of (a) DC-2(b) and DC-4(a) and (b) DC-2(c)
and DC-4(c), where elements 33 and 22 have been damaged at the same time. The
damage is shown in Figure 4.4(d). The result in terms of the difference matrix is
shown in Figure 4.9(a) and (b). Similar to damage cases DC-2(b) and DC-4(a), the
maximum difference of covariance is observed for elements 33 and 22 while the
others are small. Comparing the difference of covariance between element 33 with
22 from the damage cases DC-2(b) and DC-4(a) with this damage case, it is seen
that the result for this case is a sum of those damage cases with slight variation due
to noise. Overall, the location of the damaged elements and also the relative severity

of damage are assessed.
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Figure 4.8 DM for Damage case (DC-4): reduction of the cross-sectional area in element 22 by (a)
9%, (b)17%, and (c) 25%
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Figure 4.9 DM for Damage case (DC-5): multiple damages combining (a)DC-2(b) and DC-4(a), and
(b) DC-2(c) and DC-4(c)

4.4.1.7 Stiffness loss in element 20: DC-6

So far it is demonstrated that the method is effective in detecting and localizing damage
in elements that are monitored directly by strain gauges. However, as discussed before,
it is not practical to monitor all the elements of a truss bridge. It is important that the
method still provides useful diagnostic info for damaged members for which strain
response is not available. To show how the proposed method performs in such a
situation, damage cases DC-6 is investigated. In this damage case, element 20 is
damaged which is not instrumented. In this case, element 20 shown in Figure 4.4(e)
is damaged due to stiffness loss of 20% and 30% respectively. The results for this

damage case are presented in Figure 4.10(a) and (b) respectively.
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Figure 4.10 DM for damage case (DC-6): stiffness loss in element 20 by (a) 20% damage, (b) 30%
damage (damaged element not instrumented)

It is observed from the results that the differences in coefficients are relatively high
for elements 21, 22, and 23, especially at 30% damage level. As the damage
severity increases, the changes in these coefficients also increase for these elements,
and differences from the rest of the elements are more discernable. However, these
values while above the threshold, are still very small compared to results of DC-1
and DC-4 in which damaged element is monitored. So, while damage is not exactly
located, the results still provide information that the location is somewhere close to

elements 21, 22, and 23 at 30% damage level.
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4.4.1.8 Detection of change in boundary conditions: DC-7

In this damage case, the effect of the change in support condition on the truss bridge
is simulated. Here, the damage is simulated as a change of the roller support with
pinned support on the right as shown in Figure 4.4(f). In this case, the results already
do not include information from the connected elements 25, 35, and 45 which are
not instrumented. The difference matrix is shown in Figure 4.11. Looking at the
difference matrix, it can be seen that, this is global damage with significant changes
in absolute values of coefficients in the DM for all instrumented elements, which
is expected. Change of support from roller to pinned causes longitudinal reaction
force which is aligned with the bottom chord elements. As a result, redistribution
of the axial forces and consequently the change in strains are mainly concentrated
on the bottom chord elements, which is observed in the difference matrix. Besides,
the changes in the coefficients are very high compared to all the previous damage
cases. Overall, it can be concluded that this is an instance of a global damage case
that is severely affecting the bottom chord elements. It is to be noted though that
since the strain gauges are installed in the truss elements, the damage is identified
and located in terms of those elements most affected due to the boundary condition
change (i.e., the bottom chord elements), which is very useful for a stand-alone
method. To obtain further information to exactly locate the change in support

condition, displacement or acceleration data should be obtained directly from the

support.
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Figure 4.11 DM for due to change in boundary condition (DC-7)
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4.4.2 Results from principal component analysis

4.4.2.1 Estimation of threshold damage indicator

Initially, PCA is performed on the baseline bridge to estimate a threshold damage
indicator that can be attributed to operational variation and measurement error due
to noisy data. So, three sets of strain data are considered with one set each from Tr-
1, Tr-2, and Tr-3. Then using Tr-1 strain data as the common baseline bridge
response, it is compared with baseline bridge response to Tr-1, Tr-2, and Tr-3 train
loads. Thus, three threshold DIs for three operational conditions (Cond-1, Cond-2,
and Cond-3) are obtained. Each of these data sets is simulated 200 times with an
added 5% artificial noise and DIs are obtained. Then DI with 99% confidence is
chosen as threshold DI for each condition; in other words, the likelihood of Dis
exceeding the threshold without structural change is only 1%. Therefore, DIs above
this threshold is attributed to structural change due to damage. The threshold values

obtained are 3.2, 3.4, and 3.5 respectively for the three operational conditions.

After establishing the thresholds, different damage cases are analyzed. For this
purpose, baseline data is obtained from Tr-1 and damaged data is obtained from Tr-
1, Tr-2, and Tr-3 to obtain DI for the three operational conditions. The results are
presented in Figure 4.12 through to Figure 4.18, where each state of the bridge
(baseline and different levels of damage) is simulated 5 times and presented in a

single graph for each operational condition when the data is affected with 5% noise.

4.4.2.2 Stiffness loss in element 22: DC-1

In this damage case, the truss element number 22, which is part of the bottom chord
members, is simulated to be damaged due to stiffness reduction of 5%, then 10%
and finally 20%. The damage indicators (DIs) for this damage case for the three

operational conditions are shown in Figure 4.12(a), (b), and (c) respectively.
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Figure 4.12 Damage indicators (DIs) for DC-1: (a) Cond-1, (b) Cond-2, (c) Cond-3

It can be observed that the presence of damage is detected from as early as 10%
stiffness loss in the element for all three operational conditions since the DIs for

element 22 are higher than threshold while DIs for all other elements are below or
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close to the threshold. The DIs for element 22 also increase as the severity of
stiffness loss increases. For example, for Cond-1 shown in Figure 4.12(a), the
average DIs for element 22 are 3.4, 9.0, and 18.1 respectively for the three levels
of damage. while threshold DI is 3.2. Similar results obtained for Cond-2 and Cond-

3. Therefore, the severity of damage is relatively assessed.

4.4.2.3 Stiffness loss in element 33: DC-2

In this damage case, the truss element number 33 which is a vertical member is
simulated to be damaged due to stiffness reduction of 5%, then 10%, and finally
20%. The DIs for this damage case for the three operational conditions are shown
in Figure 4.13(a), (b), and (c) respectively. Similar to DC-1, it can be observed that
the presence of damage is detected from the early stages. In this damage scenario,
stiffness loss of 10% and upwards could be identified in all three operational
conditions. For example, for Cond-3 shown in Figure 4.13(c), the average DIs for
the element 33 are 5.6, 9.3, and 19.2 respectively for the three levels of damage
while the threshold DI for such operational condition is 3.5. So, for 5% stiffness
loss, observed DIs are below the threshold and therefore not detected, while 10%
and 20% damage is identified. Overall, damage level of 10% and upwards could be

detected, located, and relatively quantified for all operational conditions.

4.4.2.4 Stiffness loss in element 44: DC-3

In this damage case, the truss element number 44 which is a diagonal member is
simulated to be damaged due to stiffness reduction of 5%, then 10%, and finally
20%. The DIs for this damage case for the three operational conditions are shown
in Figure 4.14(a), (b), and (c) respectively. Similar to previous damage cases, it can
be observed that the presence of damage is detected from the early stages. In this
damage case, at the 5% damage level, the damage is not detected. Stiffness loss of
10% and upwards could be identified and located in all three operational conditions.
For example, for Cond-3 shown in Figure 4.14(c), the average DIs for element 44
are 4.0, 8.9, and 17.8 respectively for the three levels of damage while the threshold
DI is 3.5.
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It is observed that when stiffness loss is relatively high (i.e. 20% or more) in an

element, some of the neighboring elements could exhibit DIs which are higher than

95



the threshold due to stress redistribution. This is expected at a high damage level
and only seems to occur in a limited number of neighboring elements. As an
example, for the DC-3, at 20% damage level, elements 34 and 23 exhibit higher
DIs than the threshold in addition to the damaged element 44. These members are
connected to element 44 and therefore could be affected by force redistribution. In
such a scenario, global damage detection methods that rely on acceleration response
of steel truss bridges such as the one developed in the previous chapter or other

global methods could be relied upon to garner further information [113, 114].

4.4.2.5 Thickness loss in element 22: DC-4

In this damage case, the truss element number 22 is simulated to be damaged due
to the reduction in thickness of the top and bottom flanges as well as the web. To
simulate damage, flange and web thicknesses are reduced which results in a
reduction in total cross-sectional area by around 9%, 17%, and 25% for case DC-
4(a), 4(b), and 4(c) respectively. The damage indicators (DIs) for these levels of
damages are shown in Figure 4.15(a), (b), and (c) respectively. It can be observed
that the presence of damage is detected from as early as 10% stiffness loss in the
element for all three operational conditions since the DIs for element 22 are higher
than threshold while DIs for all other elements are below or close to the threshold.
The DIs for element 22 also increase as the severity of stiffness loss increases. For
example, for Cond-1 shown in Figure 4.15(a), the average DIs for element 22 are
7.7, 17.9, and 24.3 respectively for the three levels of damage. while threshold DI
is 3.2. Considering the levels of damage these DIs are consistent with the results
obtained from DC-1. Similar results obtained for Cond-2 and Cond-3. Therefore,
the severity of damage is relatively assessed. Overall, observing the results, the
presence of damage in element 22 is identified, localized and its severity is

relatively assessed effectively.
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4.4.2.6 Multiple damaged elements: DC-5

This is a combination of damage cases DC-2 and DC-4. In this damage case, the
truss element 22 and 33 are simulated to be damaged due to reduction in cross-
sectional area in element 22 and stiffness in element 33 of initially 9% and 10%
and to 25% and 20% respectively. The DIs for this damage case for the three
operational conditions are shown in Figure 4.16(a), (b), and (c) respectively.

The results indicate that DIs for element 22 and 33 are significantly higher than the
threshold for all three operational conditions. While some adjacent elements like
element 23, 41 also show DIs above the threshold at the severe damage level, these
DIs are still below the DIs of the damaged elements. Overall, the presence of

multiple damages is identified, located, and relatively quantified.

4.4.2.7 Stiffness loss in element 20: DC-6

In this damage case, the truss element 20 is simulated to be damaged from baseline
by 20%, and 30%. In this case, there is no strain data available for this element as
shown in Figure 4.4(e). The results of analyzing such a damage case based on
available data are presented in Figure 4.17(a), (b), and (c). It is seen that for all three
operational conditions, information on the likelihood of damage is provided by the
DIs of adjacent element 21 at damage level 20% and 30%. The 5% and 10% damage
are not detectable as these are very small damage to significantly affect strain data
of adjacent elements. For 20% and 30% damage, while element 21 shows DIs above
the threshold, the values are still very small. For example, for Cond-1, the average
DIs of element 21 at 20% and 30% damage levels are 4.5 and 5.7 respectively.
Comparing with DC-1, which showed significantly high DIs for element 21 even
for 10% damage, it can be inferred that, the damaged member, in this case, is likely
not element 21 but its adjacent member which is not monitored. These results are
expected since based on the previous damage cases it is demonstrated that strain
data provides localized information of damage and therefore is very effective in
isolating damage location even for very small damage when an affected member is
monitored. For the same reason, not much information can be obtained for small

damage when affected member is not monitored and at the same time data contains
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high operational variability. Overall, still useful diagnostic info on damage in a non-
monitored element could be gleaned from adjacent connected elements for damage

levels of 20% and upwards.
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Figure 4.16 Damage indicators (DIs) for DC-5: (a) Cond-1, (b) Cond-2, (c¢) Cond-3
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4.4.2.8 Detection of change in boundary conditions: DC-7

In this damage case, the effect of the change in support condition on the truss bridge
is simulated. Here, the damage is simulated by introducing restraint against
longitudinal translation on the right pier roller support (i.e., the roller support
becomes a pinned support). This damage is shown visually in Figure 4.4(f). The

results are shown in Figure 4.18(a), (b), and (c).
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Figure 4.18 Damage indicators (DIs) for DC-7: (a) Cond-1, (b) Cond-2, (c) Cond-3
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It can be seen that; such boundary condition change has a global effect on the truss
bridge response. All the elements show DIs above the threshold. Significantly high
DIs are observed for multiple elements, specifically for the bottom chord elements
E22, E23, and E24. Also, two vertical elements E34 and E33 which are closest
vertical elements to the right support are shown to be affected by the boundary
condition change. Change of support from roller to hinge causes longitudinal
reaction force which mainly changes the response of the bottom chord elements
and the vertical elements to some extent. Redistribution of the axial forces and
consequently the strains are mainly concentrated on these elements as observed in
the result. It can be observed that the effect of noise on the DIs for this damage case
is less compared to the previous damage cases (i.e., the changes in DIs of the
elements between simulations are smaller compared to the other damage cases at
the same level of noise). Therefore, it can be concluded that this is severe global

damage and the method could be useful in detecting such damage.

4.5 Conclusion

In this chapter, two data-driven damage detection methods for railway truss bridges
are presented that utilize operational strain time-history response. In this chapter,
two data analysis techniques and two corresponding damage sensitive features are
described. The 1% method comprises the coefficient of variation analysis which
provides information on damage in terms of the difference of covariance matrix
(DM). In the second method, principal component analysis is performed and the
damage is identified in terms of damage indicators (DI). The results of both the
data analysis methods are have been presented for different damage scenarios
which include stiffness and cross-sectional area loss in truss elements and boundary
condition changes. The results show that both these methods have the potential to
identify, locate, and relatively assess the severity of the simulated damage using
operational data. Most of the damage detection methods for truss bridges have
limited ability to detect and locate damage due to small stiffness changes in
individual truss elements using operational data. The main contribution of the

proposed damage detection framework is its potential to identify small damage in

102



individual elements under variable operational conditions if the damaged elements

are monitored with a strain gauge.

For the truss elements not monitored, the methods still provide useful information
about damage identification based on the response of adjacent monitored elements
at higher damage levels. If the number of instrumented elements is further reduced,
the proposed method could still provide information on damage and its location
based on the available sensors, especially when the damage is severe, but the
efficiency of the method will be reduced. Besides, as shown before, at higher
damage levels, adjacent elements in addition to the affected elements could indicate
the presence of damage in those elements. In such situations, to obtain more
information on the location of damage, the proposed method could be incorporated
as a part of the damage detection framework comprising the acceleration-based

method presented in the previous chapter [113].

In this study, the efficiency of the proposed method is demonstrated for the
distributed loss of cross-sectional area and stiffness by instrumenting elements with
one strain gauge only. The method also shows good performance in detecting global
damage due to boundary condition changes. However, detection of damage within
highly localized damages such as those caused by cracking and buckling of
elements are not within the scope of the current research since identification and

localization of cracks with strain gauges is usually not feasible.

Like the previous chapter, the train-track-bridge interaction could influence the
response of the bridge and consequently could affect the performance of the
presented damage detection method. However, detailed modeling of such
interaction and other train track related issues such as track irregularity, wheel flats
are not within the scope of the present research. Similarly, it is recognized that the
effects of environmental condition changes are not considered in this study, which
could influence the strain data, and consequently, the damage detection results
similar to most damage detection methods in the literature if not all. Temperature
changes can alter the physical properties and vibration responses of the bridges

[111]. For real-life application, the proposed method needs to be combined with
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techniques to separate the effect on the presented method due to temperature
changes from the actual damage. Currently, research is ongoing (such as those by
Gu et al., Kostic and Giil, Huang et al., Zhang et al.) towards developing damage
detection methods by incorporating the use of artificial neural networks to
compensate for environmental effects [103-106]. Further research is needed to
integrate such methods with the damage detection methods presented in this

research.

The presented methods could complement existing SHM techniques by providing
the opportunity to detect mild to moderate damage and thereby assisting in
developing economical maintenance strategies. Verification of this method using
experimental results and/or a real-life bridge investigation is beyond the scope of

this research.
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5 EXPERIMENTAL INVESTIGATION ON VIBRATION-BASED
DAMAGE DETECTION OF RAILWAY BRIDGES*

5.1 Overview

This chapter could be considered as a subsequent study to the previous works of
the author described in Chapters 2 and 3 [113, 116]. The goal of this study is to
demonstrate the performance of the method on experimental bridge prototypes,
which is the final task (7ask 3) of this research. In this chapter, the results of the
experimental investigations on a vibration-based damage identification framework
for a steel girder type and a truss bridge based on acceleration responses to
operational loading are presented. Two experimental bridges are fabricated. The
first bridge is a simple steel deck bridge and the next one is a timber truss bridge
with a steel deck. The results are presented in terms of Damage Features (DFs) from
each sensor, which are obtained by comparing the actual acceleration response from
the sensors to the predicted response from the time-series model. The damage in
the bridge is detected by observing the change in damage features of the bridge as
structural changes occur in the bridge. The relative severity of the damage can also
be quantitatively assessed by observing the magnitude of the changes in the damage
features. The experimental results show the potential usefulness of the proposed
method for future applications on condition assessment of real-life bridge

infrastructures.

5.2 Theoretical derivation

The detailed derivation of the method is provided in Chapter 2, Section 2.2.

5.3 Experimental validation on a simple slab bridge

As part of the experimental investigation plan to validate the proposed method, a

simply supported slab bridge is considered as shown in Figure 5.1. The bridge deck

4 A modified version of this chapter has been published in the following journal as follows:
Azim, M.R., Zhang, H., and Giil, M. (2020). Damage detection of railway bridges using operational
vibration data: theory and experimental verifications. Structural Monitoring and Maintenance, 7(2), 149-
166.
It can be accessed using DOI: https://doi.org/10.12989/smm.2020.7.2.149
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is made of hot rolled steel W44, which has a yield strength of 250 MPa and ultimate
strength of 310 MPa. The modulus of elasticity of the steel is 200 GPa. The
dimensions of the bridge are as follows: length of 2000mm, width of 330 mm, and
thickness of 6.35 mm. The bridge is instrumented with three tri-axial wireless
accelerometers (Brand: Lord Microstrain Sensing, Model: G-Link-200 [117])
denoted as N1, N2, and N3 in Figure 1.1. These are placed at 1/4", mid-span, and
3/4" span along the direction of travel. A moving vehicle is used to generate vertical
accelerations data from the sensors. The vertical acceleration response is collected
at a frequency of 512 Hz. The vehicle is shown in Figure 5.2. The vehicle is
controlled by a motor. By adjusting the power transmitted to the motor, the speed

of the vehicle can be changed.

The sensor cluster system is presented in Table 5.1. Each sensor cluster consists of
a reference channel (whose output is predicted) and its adjacent channels (which
are used as inputs to predict the output of the reference channel). As discussed in
the theoretical derivation of the method, the adjacent channels to each reference
channel, include the reference channel itself. For example, the output of N2 is
predicted from inputs from adjacent channels N1, and N3 as well as the N2 channel

itself which together forms one cluster. For this bridge, there are 3 cluster systems.

Approach S];;an End Span

sl Direction of travel

Figure 5.1 Experimental setup for the simple bridge under baseline condition
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Figure 5.2 Vehicle to induce vibration in the bridge

Table 5.1 Sensor clusters for the simple deck bridge

Sensor Output of the ARMAX model Inputs to the ARMAX model
Cluster (Reference channel) (Reference channel+ Adjacent channels)
1 N1 N1, N2
2 N2 N1, N2, N3
3 N3 N2, N3

5.3.1 Estimation of threshold damage feature

Initially, the two different configurations of the vehicle are passed over the baseline
bridge several times. The 1% configuration (Vehicle-1) weighs around 2.5 kg and
passed over the bridge at an average speed of 0.25 m/s. The 2™ configuration
(Vehicle-2) weighs around 3.0 kg and passed over the bridge at an average speed
of 0.35 m/s. After obtaining the total response, the initial free vibration portion of
the data when the vehicle is off the bridge are extracted from each experiment.
Some sample data for the baseline bridge due to the passage of Vehicle-1 is shown

in Figure 5.3.
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Figure 5.3 Acceleration response of the bridge: (a) total response (b) extracted free response

To estimate the threshold DF, considering the operational variation, one set of
baseline data from Vehicle-1 is compared with 5 sets of baseline data from Vehicle-
2. These data sets are then analyzed by the proposed sensor cluster-based method.
Then fit ratios are obtained by comparing the measured data to the predicted data
from the method. This results in five different FRs and therefore, five different DFs
from each of three accelerometers for the baseline bridge. Finally, the maximum
DF among these 15 DFs is considered as the threshold damage feature which in this
experimental investigation is found to be 5.40. So, any DF value above 5.40 is

expected to imply structural change.

5.3.2 Damage investigation

Two damage cases are considered for experimental validation of the proposed
method for the simple deck bridge. These are, DC-1: 15% reduction in the cross-
sectional area centered at the mid-span, and DC-2: 30% reduction in the cross-
sectional area centered at the 14 span along the direction of travel. The results for

these two damage cases are discussed in the subsequent paragraphs.
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5.3.2.1 Damage features for DC-1: 15% reduction in the cross-sectional area
centered at the mid-span

In this damage case, the bridge has a 24.8 mm by 250 mm cut centered at the mid-
span at each side as shown in Figure 5.4(a) so that there is 15% in the cross-
sectional area. Vehicle-2 is passed over this damaged bridge six times and free
acceleration responses are extracted. The analysis results for this damage case are
shown in Figure 5.4(b) in which damaged bridge responses from Vehicle-2 are
compared with the Vehicle-1 data used during threshold estimation. As seen in
Figure 5.4(b), maximum DFs are obtained for N2 (located at the mid-span) with
average values of 6.70. The other nodes N1 and N3 show average DFs of 2.5 and
3.5 respectively which are below the threshold value of 5.4. Based on the values of
DFs, it is indicative that damage is present with a likely location around the mid-
span.

It is noted that there are some variations in DFs between experiments. For example,
for N2, the maximum DF is 9.1 for experiment 2 and the minimum is 5.3 for
experiment 4. The speed of the vehicle varied while passing over the bridge due to
the curvature of the deck. Besides, the travel paths of the vehicle between
experiments were not the same. These two issues could have affected the free

response of the bridge apart from the actual presence of damage.

5.3.2.2 Damage features for DC-2: 30% reduction in the cross-sectional area
centered at the 1/4™ span along the direction of travel

In this damage case, the bridge has a 49.5 mm by 250 mm cut near the 1/4™ span
as shown in Figure 5.5(a) so that there is a 30% loss in the cross-sectional area
centered at the 1/4™ span. Similar to the previous damage case, Vh-2 is passed over
this damaged bridge six times and the acceleration response is obtained. The results

analyzing this damage case are shown in Figure 5.5(b).
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Figure 5.4 (a) Visual of damage case DC-1, (b) DFs for DC-1

As seen in Figure 5.5(b), maximum DFs are obtained for N1 (located near approach
span) with average values of 18.1. The other nodes N1 and N3 show average DFs
of 11.6 and 10.6 respectively. Based on the values of DFs, it is indicative that
damage is present with a likely location near the sensor installed closer to the
approach span, which is consistent with the applied damage. Also, by comparing
the DFs of this damage case with the previous one, it is seen that the DFs are more
than two times higher in this case. The average DFs of all the nodes are above the
threshold. This is likely because this severe damage caused some load re-
distribution over the entire bridge. The variations between DFs could be attributed

to the same reasons discussed in the previous damage case.
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Figure 5.5 (a) Visual of damage case DC-2, (b) DFs for DC-2

5.4 Experimental validation on a truss bridge

The second experimental setup includes a simply supported truss bridge as shown
in Figure 5.6. The total span of the truss is 2m. The truss elements are cut into
rectangular cross-sections from S-P-F (Spruce, pine, and fir) dimension lumber
pieces. These are timber pieces made up of Spruce, Pine, and Fir woods. The pieces
used in this research are graded as ‘“No.2” which are suitable for engineering
applications such as trusses according to the Canadian Wood Council (CWC)[118].
According to CWC, the modulus of elasticity of the material varies from 6.5 to 8.5
GPa depending on the grade of the lumber [119]. The material properties are
provided here for information purposes and are not required for applying the
proposed methods in laboratory and/or real-life validation studies. The information
needed for developing a data collection plan are: the type of bridge (i.e., girder or
truss) and the geometric information of the nodes (i.e. member connectivity) to

develop sensor cluster networks. The dimensions and cross-sectional properties are
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presented in Table 5.2. The truss elements are bolted to the gusset plates made of
same dimension lumber pieces using 6.35 mm diameter steel bolts. The bridge deck
is made of hot rolled steel W44, which has the modulus of elasticity of is 200 GPa.
The dimensions of the bridge are as follows: 2m length, 330 mm width, and 6.35

mm thickness.

Figure 5.6 Experimental setup for the truss bridge under baseline condition

Table 5.2 Truss element section properties

Truss element Length (mm) Width (mm) Thickness (mm)
Top and Bottom Chord 500 25 12
Verticals 300 25 12
Diagonals 580 25 12
Cross bracings 350 25 25

To validate the proposed method, one side of the truss bridge is instrumented with
uniaxial accelerometers. At each connection, two accelerometers are placed to
collect acceleration response in both vertical and longitudinal directions as shown
in Figure 5.7 (a) and (b). Therefore, in total 12 uniaxial accelerometers (Brand:
PCB Piezotronics, Model: 393A03 [120]) are placed on one side of the truss bridge.
Instrumenting with 12 accelerometers on one side of the truss does add some mass
to the bridge on that side. However, it does not cause any stability issues for the
truss bridge. Since the same instrumentation setup is used for both baseline and

damaged bridge, there is no change in mass due to instrumentation between
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experiments. The change in mass between experiments is only due to the

replacement of original truss elements with damaged elements.

Vi, Ll V3]L3 5,L5

V2,12 V4,14 Ve, L6

(b)

Figure 5.7 (a) Schematic diagram showing the instrumentation of the truss bridge (b) Enlarged view
of the sensors V2-L2 on the actual bridge

These accelerometers are designated according to the vertical and longitudinal
direction (‘V’ and ‘L’ respectively). The vertical and longitudinal cluster system is
formulated based on the assumption that the vertical cluster would identify damage
in vertical truss elements while the longitudinal cluster would identify damage in
the elements aligned in the longitudinal direction. The vertical and longitudinal
sensor cluster systems are presented in Table 5.3. Similar to the example presented
for the steel deck bridge, each sensor cluster consists of a reference channel (whose
output is predicted) and its adjacent channels (which are used as inputs to predict

the output of the reference channel). Since the output of the reference channels also
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depends on the input from the reference channel, the reference channel is included
as part of the adjacent channels that form the sensor cluster system. In this truss
bridge, for example, the output of vertical sensor V1 is predicted from the inputs of
V1, V2, and V4. V1 is the output channel itself which is also included as input. V2
and V4 are adjacent channels to V1 which are vertically and diagonally connected
to V1. Similarly, the output of longitudinal sensor L1 is predicted from the inputs
of L1, L3, and L4. L1 is the output channel itself which is also included as input.
L3 and L4 are adjacent channels to L1 which are longitudinally and diagonally

connected to L1.

Table 5.3 Sensor clusters for the truss bridge

Vertical Sensor Cluster Longitudinal Sensor Cluster
The output of the Inputs to the The output of the Inputs to the
ARMAX model ARMAX model ARMAX model ARMAX model
(Reference channel) | (Reference channel+ | (Reference channel) | (Reference channel+
Adjacent channels) Adjacent channels)
\%! V1, V2, V4 L1 L1,L3,L4
V2 V1, V2 L2 L2,L4
V3 V3.V4 L3 L1,L3,L5
V4 V1, V3, V4, V5 L4 L1,L2,L4,L5,L6
V5 V4, V5, V6 L5 L3,L4,L5
Vo6 V5,V6 L6 L4,L6

5.4.1 Estimation of threshold damage feature

Initially, the vehicle is passed over the baseline truss bridge several times as shown
in Figure 5.8 to obtain a few sets of baseline data which include the vibration
response during the passage of the vehicle and a few seconds of free vibration
response. To incorporate variation in vehicle load and speed, two-vehicle weight
and speed combinations are considered. The 1% configuration is Vh-1 weighing 3.5
kg moving at an average speed of 0.35 m/s. The 2™ configuration is Vh-2 weighing

5.0 kg moving at an average speed of 0.25 m/s.
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To estimate threshold DFs, one set of baseline data in response to Vh-1 is compared
with five sets of baseline data in response to Vh-2. For both types of vehicle
passage, data sets are collected at a frequency of 2048 Hz. These data sets are then
analyzed by the sensor cluster-based proposed method. Then fit ratios are obtained
by comparing the actual data to the predicted response from the method for both
vertical and longitudinal cluster. Finally, the maximum difference of fit ratios
among the five different experiments is calculated as the threshold damage feature
which in this experimental investigation is found to be 5.89 and 2.07 for vertical
cluster and longitudinal cluster respectively. So, any DF values above these
thresholds are expected to imply structural changes that affect the corresponding

cluster.

| A0

Figure 5.8 Vehicle passing over the truss bridge deck

5.4.2 Damage investigation

To validate the proposed damage detection method for the truss bridge, two damage
cases are investigated. These are, DC-A: 33% thickness loss in vertical element
between nodes 1 and 2, and DC-B: 33% thickness loss in longitudinal element

between nodes 2 and 4.
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The results for these two damage cases are discussed in the subsequent paragraphs.
The results for the damage cases are presented when baseline data in response to
the passage of Vehicle-1 is compared with damaged bridge data in response to

Vehicle-2.

5.4.2.1 Damage features for DC-A: 33% thickness loss in element between nodes
1 and?2

In this damage case, the vertical truss element between nodes 1 and 2 is damaged
by reducing its thickness from 12 mm to 8§ mm resulting in a 33% reduction in
cross-sectional area and consequently axial stiffness. The Damage Features (DFs)
for the case are shown in Figure 5.9 where (a) and (b) represent results from the
vertical and longitudinal clusters, respectively. From vertical cluster analysis, the
average DF for V1 is around 31.4 which is almost 3 times higher than the threshold.
The average DF for V2 is around 12.2 which is also higher than the threshold. The
longitudinal clusters show that all the DFs are very close to or below the threshold
indicating that no damage likely in the longitudinal direction. Overall, by observing
the DFs of both vertical and longitudinal clusters, it can be inferred that damage is
present and its likely location is in the vertical members between nodes V1 and V2.
The results also show that the method can detect and locate damage in the vertical

element.

5.4.2.2 Damage features for DC-B: 33% thickness loss in element between nodes
2and 4

In this damage case, the longitudinal truss element between nodes 2 and 4 is
damaged by reducing the cross-sectional thickness by 33%. The location of the
damage is shown in Figure 5.10 (a). The Damage Features (DFs) for this case are

shown in Figure 5.10 where (b) and (c) represent results from the vertical and

longitudinal clusters, respectively.
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Figure 5.9 Results of DC-A: (a) actual location of damage, (b) DFs from vertical cluster analysis,
(c) DFs from longitudinal cluster analysis
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Figure 5.10 Results of DC-B: (a) actual location of damage, (b) DFs from vertical cluster analysis,
(c) DFs from longitudinal cluster analysis

It can be observed that the average DFs for vertical clusters are all very close to or
below the threshold value indicating that no damage is likely in the vertical system.
In the longitudinal system, the highest DFs are obtained for L2 and L4 with average

values of 3.6 and 3.2 respectively. The average DFs for the rest of the nodes are
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below the threshold. This is indicative of the fact that damage is present and its
likely location is in the longitudinal truss element between nodes 2 and 4 with no

damage likely have occurred elsewhere.

Fabrication error resulted in differences in elevations between nodes that otherwise
are supposed to be aligned longitudinally. Similar to the slab bridge, the speed of
the vehicles varied while passing over the truss bridge and between experiments
due to the curvature of the deck. Besides, the travel paths of the vehicle between
experiments were not always similar. These issues might have influenced the free
vibration response apart from the damage itself, which resulted in the variation of

DFs between experiments.

5.5 Conclusion

This chapter presents the results of experimental investigations performed based on
a novel damage identification method for railway girder and truss bridges utilizing
bridge acceleration response to operational train loading. For experimental
validation on a girder bridge, a simple steel deck is used. For truss bridge, a timber
truss has been built which also included a steel deck. Conducting tests on a timber
truss bridge also provides additional validation, that the method is not limited to
steel bridges only, rather it can be applied to different materials such as wood here
as long as a sensor cluster system can be implemented. A controllable 2 axle vehicle
is used to simulate vehicle loading. Since the method relies on the comparison of
free vibration response from the baseline and the damaged bridge due to the passage
of a single vehicle, it is suited to railway bridges. Trains usually pass over railway
bridges following a schedule and usually, there is a time gap between each passage
of a train. This makes the process of acquisition of useful free vibration data for
railway bridges convenient, unlike other types of bridges (such as highway bridges)
where vehicle movements are random and often multiple vehicles pass over the

bridge at the same time.

The experimental results presented in this study show that the proposed method

could detect, locate, and assess the investigated damage cases. It is shown that the
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time-series analysis-based method under operational condition can detect and
locate damage in the deck type bridge using only vertical acceleration response. For
the truss bridge, a bi-axial sensor cluster system could provide information on
damage on vertical and longitudinal elements using vertical and longitudinal
acceleration responses respectively. This method is presented for the
instrumentation plan consisting of bi-axial accelerometers in each joint to facilitate
element level damage localization. However, it is not practical to instrument all the
joints especially if the bridge span is long. In such a situation, element level damage

localization may not be possible.

It is acknowledged that fabrication errors might have occurred while building the
test setup, especially in the truss bridge, since each element is manually sized and
bolted. Even though the method is presented for railway bridges, during

experiments, the railway track has not been included.

Finally, since the experimental tests are performed inside the laboratory, the effect
of environmental condition changes on the measurement errors is also not
considered in this study which could affect the performance of the method as it
affects all damage detection methods in the literature. Currently, researchers (i.e.,
Gu et al., Kostic and Giil, Huang et al., Zhang et al.) are working on this topic
extensively and developing methods using artificial neural networks to compensate

for environmental effects [103-106].

Despite such limitations, the experimental results demonstrate that the proposed
method has great promise for practical implementation and further research to
address these limitations would improve the efficiency and robustness of the

method for real-life application.
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6 CONCLUSIONS AND RECOMMENDATIONS FOR FUTURE
RESEARCH

6.1 Summary and conclusions

In this research, two damage detection methods have been developed which are
expected to be useful for monitoring railway bridges. The damage detection
framework utilizes operational acceleration and strain data of the railway bridge in
response to the passage of trains which are two most commonly utilized parameters

for monitoring of bridges.

The acceleration-based method relies on the sensor-cluster analysis technique. The
principal of sensor cluster analysis is developed from the equation of motion which
shows that the response of a particular degree of freedom (DOF) can be predicted
from the response of its adjacent channels. To predict the response of a DOF, a
time-series analysis technique has been applied. The method has been numerically
applied to a steel girder and a truss bridge [113,116]. In both these bridges,
acceleration responses from instrumented nodes have been obtained from the finite
element models of these bridges to the passage of trains and free vibration responses
have been extracted when the train is off the bridge. Then responses of each node
are predicted from the adjacent channels. The predicted responses are compared
with the actual measured responses and Fit Ratios (FR) are obtained for baseline
and damaged bridge. When, there is no damage, the actual and predicted responses
are close but not the same and therefore the FR values are very high. When damage
occurs, the time series model could not predict the baseline response using the
damaged data which results in lower FR values. So, a Damage Feature (DF) is
calculated as the difference of FR values. By comparing the change in DFs from
the baseline bridge to the damaged bridge, the damage could be identified and
located. For the girder bridge, it was found that vertical acceleration is adequate to
obtain information on the simulated damage cases. However, for the truss bridge,
analysis of vertical acceleration was found to be not adequate. So, a bi-axial
instrumentation plan has been proposed to collect vertical and longitudinal

acceleration responses. These responses were analyzed through vertical and
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longitudinal cluster systems, to identify damage in the corresponding directions.
The method is also validated for a simple steel deck type bridge and a timber truss
bridge through laboratory experiments [121]. The acceleration-based method
showed useful potential for identifying, locating, and assessing the relative severity

of the damage, in terms of nodal DFs.

A strain-based damage detection framework is developed and demonstrated for the
truss railway bridge. Two data analysis method is presented as part of this method.
These include the coefficient of variation analysis and principal component
analysis. These techniques have been applied to the operational strain responses
obtained from the instrumented truss elements. In the first method, the covariance
matrix is calculated from the strain data for baseline and damaged bridge and the
difference in the coefficients between these two matrices is used for identification
of damage [122]. In the second method, principal components (PC) are calculated
from the strain responses from the baseline and the damaged bridge. The first two
PCs for each truss element are plotted in a 2-D principal component space and the
geometric distances are calculated. The differences of these geometric distances

from the baseline to the damaged bridge are proposed as damage indicators [123].

Both acceleration and strain-based methods could be utilized independently to
assess the condition of railway bridges, which is the main contribution of this
research. These methods provide bridge owners with two independent damage
assessment tools for railway bridges. Since these methods are independent,
combining both methods into a framework could be useful in improving the

efficiency of the damage detection performance.

These two methods provide two different damage sensitive features (from nodes
and elements). If both methods are utilized together, then these can complement
and validate the results of each other. Also, it will be useful to have both methods
in place to obtain further information, when individual methods do not provide
enough information (for example when a particular type of response is not
available). One way to combine the methods is by converting the nodal DFs from

the acceleration-based method to DFs in terms of elements. Then, the DFs could be
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normalized with respect to the threshold values and summed together. However,

this is beyond the scope of this research.

It is to be noted that the damage sensitive features presented in this thesis do not
provide any information on the type of change in the physical properties of the
system since no physical parameters are directly compared in the non-parametric
methods. Rather, the damage sensitive features provide information, that there may
be a change in the structure (i.e., damage) that corresponds to the change in
responses collected from the sensors. This damage feature relatively quantifies the
change in the response since, the higher the change in the response, the higher will

be the value of the damage feature.

6.2 Recommendations for future research

While the present research shows the potential use of operational data analysis for
damage detection of railway bridges; the application of the developed methods
needs to be addressed by further studies. To overcome the limitations of existing

research, the following research should be conducted:

e One of the major challenges towards the application of these methods to
real-life railway bridges is how to separate the effects of environmental
condition changes such as temperature, humidity from the actual damage.
Temperature changes can alter the physical properties and vibration
responses of the bridges [115]. Since the changes in environmental
conditions could falsely indicate damage or mask the presence of actual
damage, for real-life application, the proposed method needs to be
combined with techniques to separate the effect on the presented method
due to temperature changes from the actual damage. Over the years,
researchers have utilized seasonal time series models such as
Autoregressive Integrated Moving Averages (ARIMA), and Seasonal
Autoregressive Integrated Moving Averages (SARIMA) to identify, assess
and model the seasonal trends from time-series data [124-127]. These are

mainly utilized for forecasting future trends in data rather than predicting
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anomaly in response due to structural changes or environmental condition
changes. For example, the threshold damage feature of the baseline bridge
may vary depending on whether the data is obtained during summer or
winter even if there is no structural change and other factors such as
operational train loads, speeds remain the same. Therefore, how to
distinguish between the damage features obtained from the bridge due to
actual damage from those due to variation in environmental conditions
(such as changes in temperature) remains a challenge. As mentioned in the
previous chapters, currently, research is ongoing (such as those by Gu et al.,
Kostic and Giil, Huang et al., Zhang et al.) towards developing damage
detection methods by incorporating the use of artificial neural networks to
compensate for environmental effects [103-106]. These researches propose
procedures for separating the effect of temperature changes from the actual
damage. Through further research, such procedures for separating
environmental effects could be integrated into the procedures for damage
detection presented in this thesis. Conducting this research is beyond the
scope of this thesis.

In this research, train-track-bridge interaction is not considered. So, detailed
train-track-bridge interaction studies should be conducted to identify if train
and track related issues such as track irregularities could compromise the
damage detection framework.

The presented methods are validated only for the distributed loss of stiffness
in bridge elements and change in support behaviors. Future studies could be
conducted to investigate other types of damage cases, for example, the
formation of localized cracks in bridge elements, the effect of support
settlement on the bridge superstructure, etc.

The proposed methods are developed and validated considering the linear
behavior of the bridges dealing with low levels of operational vibration and
strain response. Future studies could be conducted to develop methods

considering the non-linear behavior of bridges as the proposed methods like
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most damage detection methods presented in literature do not apply when
the structural response is affected by non-linear behavior.

Finally, one of the major limitations of the current research is the lack of
real-life validation studies. It is acknowledged that real-life application of
the presented methods will involve significant challenges which are not
simulated and/or replicated in the numerical and laboratory experimental
studies conducted in this research. Therefore, the methods must be validated
by testing on real-life railway bridges to assess the applicability of the

presented damage detection framework.
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