
ABSTRACT 

MOSAVI KHANDAN HAGHIGHI, AMIR ARDALAN. Vibration-based Damage Detection 

and Health Monitoring of Bridges. (Under the direction of Dr. Sami Rizkalla and Dr. Rudolf 

Seracino). 

 

This dissertation presents the findings of a research program that was conducted to develop a 

vibration-based technique that can be used for identifying damage locations in steel bridge 

girders. Most of the vibration-based damage detection methods that are available for 

identifying damage locations in bridges are physics-based techniques which are either based 

on simple modal characteristics, modally-based derived indices, or Finite Element Model 

updating. Although these methods have shown promise, problems such as low sensitivity of 

damage indices to local damages, high statistical uncertainty of the derived parameters, and 

model uncertainty for complex structures are major hindrances in developing practical plans 

for health monitoring of bridges. These problems are even augmented when the only 

practical source of vibration is ambient vibration. 

This research program investigates two non physics-based approaches for potential vibration-

based damage detection in steel bridge girders under ambient vibrations. A novel damage 

diagnosis method was developed after modifying another damage diagnosis method 

published in the literature. Both methods are presented in the context of a statistical pattern 

recognition problem. Damage features were extracted in the 1
st
 damage diagnosis method by 

fitting autoregressive and autoregressive with exogenous inputs models to the vibration 

responses measured at individual sensor locations. In the 2
nd 

damage diagnosis method which 

is proposed as the result of this study, multivariate autoregressive models are used to extract 

the damage features from the vibration responses measured at multiple sensor locations at 

different damage conditions of the beam.  Appropriate statistical measures have been 

proposed to capture damage-related deviations in the extracted damage features in both 

damage diagnosis methods.  The damage locations were determined by finding the sensor 

location which corresponds to the largest deviations in the response. A critical threshold is 

also used in identifying the damage locations to prevent false-positive damage 

identifications. 



The concept is demonstrated using a simply supported two span steel beam in the lab. The 

beam was instrumented with accelerometers and subjected to ambient vibrations. The 

ambient vibrations were simulated by applying random loads on the beam using a hydraulic 

actuator. Different sets of randomly generated numbers were used as inputs to simulate the 

ambient vibrations. Damages were induced in the beam by cutting different sizes of the 

bottom flange at two different locations. Also, the effect of varying temperature was 

investigated on the vibration responses. The recorded vibration time histories under different 

loading and structural conditions were used along with the proposed damage diagnosis 

techniques to identify the damage locations. The research findings demonstrate that the 1
st
 

damage diagnosis method is able to locate the general damage region while the 2
nd

 proposed 

method successfully identified the exact sensor located closest to the physical damage 

locations. 

Also presented in this dissertation is the result of a field study to investigate the extent and 

possible reasons for the daily modal variability which is observed in a two span simply 

supported steel-concrete bridge located in Lumberton, North Carolina. Less attention has 

been paid in the literature to the possible reasons for the observed variations in the modal 

properties of bridges induced by temperature variations. Vibration, temperature and 

displacement measurements were performed in this study during a 24 h period. Linear and 

nonlinear finite element analyses were performed to find the possible reasons for the 

observed variation in the natural frequencies. The findings show the different displacement 

contours of the bridge deck induced by temperature gradients in the cross-section of the 

bridge during night and noon time can contribute to changes in the stiffness of the bridge 

deck and variations in the measured natural frequencies.    
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Chapter 1:  Introduction 

The recent collapses of bridges in the U.S. and around the world such as collapses of I-35 

bridge in Minneapolis in 2007 and de la Concorde Overpass in Quebec, Canada in 2006 has 

raised many concerns regarding the current condition of bridges. AASHTO announced in 

their 2009 Bottom Line report that 73,000 out of the 600,000 bridges in the US are 

structurally deficient. In addition, there are a large number of bridges in the United States 

which are in daily use without having enough information about their current condition. The 

biennial inspection of bridges regulated by the Federal Highway Administration is usually 

only visual or limited to local nondestructive testing. This type of inspection has limited 

ability in detecting all possible damages in the bridges, and they may very well miss a 

damage that grows during the two year time interval. All of these facts invoke the need for a 

revolutionary change in our approach to the inspection and maintenance of bridges as a 

critical civil infrastructure. As a result, there has been a large amount of effort during the past 

decade to develop Structural Health Monitoring (SHM) methods that can detect damages and 

assess the integrity of bridges continuously. The successful and comprehensive development 

of these methods can reduce consequences of bridge failures and minimize maintenance and 

repair costs if the damages are detected at their earlier stages.  

Damages can be usually defined as changes introduced to the system that can adversely 

affect the factor of safety. Implicit in this statement, changes are usually meaningful when 

compared to a reference condition of the structure. In this regard, structural health monitoring 

can be defined as methods used to continuously update conditions of the structure in terms of 

existence, location and other characteristics of damages by measuring different types of 

responses on the structure. Although, a comprehensive health monitoring strategy of a large 

structure needs both global and local response of the structure, typically only the global 

response of the structure is recorded due to the difficulties associated with local 

measurements on a large structure like a bridge. Also, measuring local responses requires one 

to have a good understanding about the location of damage beforehand. In this regard, the 
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global dynamic responses of bridges can be very useful to identify damages. The basic 

premise of damage detection using the global dynamic response of the structure is that 

changes in the structure will alter the stiffness, mass, or energy dissipation properties of the 

system. Although this analogy seems intuitive, its actual application on a structure usually 

poses some challenges. The first challenge is that since damage is usually a local 

phenomenon, capturing it in a global response of the structure may be difficult. The second 

challenge is that health monitoring of structures should ideally be performed in an 

unsupervised learning mode. This means that data from a damaged structure is not usually 

available for comparison purposes. Practical issues related to accurate and meaningful 

measurements on the structure are also constant concerns. In addition, changing 

environmental and operational conditions of the structure such as varying temperature, 

moisture, and loading can affect the dynamic response of the structure.  

Having defined all these problems for the damage detection of structures, SHM can be 

defined as a process of implementing a strategy for the damage detection of a structure. This 

process for vibration-based SHM algorithms includes continuous measurement of the 

dynamic response of the bridge and interpreting the data in a meaningful way that can 

identify changes in the structure while considering varying environmental and operational 

conditions. In this regard, Farrar and Doebling (1999) defined SHM as a statistical pattern 

recognition problem. A discussion of the problems and different aspects involved in fault 

detection and structural health monitoring of systems and structure is provided by Worden 

and Dulieu-Barton (2004).  

As the result of conducting successful SHM strategies, the damage state of the structure can 

be identified by 4 parameters: 

1) Is there damage in the system (existence)? 

2) Where is the damage in the system (Location)? 

3) What kind of damage is present (type)? 

4) How severe is the damage (extent)? 
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All of which contributes to the prediction of the remaining useful life of the structure, which 

is referred to as prognostics. The above questions should be answered in order presented. The 

first two questions can be answered when dynamic measurement data is available from 

undamaged and damaged data without having any prior knowledge or data from the damaged 

structure. The third question usually needs some prior data collected from different types of 

damage on the structure. Answering to the forth question usually requires analytical models 

in addition to data from different extents of the damage in the structure.  

Finally, an important part of the SHM process is to statistically test the developed model. The 

possibility of false identification of damage should be investigated with the real data 

collected on different conditions of the structure. False damage identifications can be 

classified in two categories: (1) False-positive damage identification (indicating damage 

when it is not present), and (2) False-negative damage identification (no indication of 

damage when it is present). Although the second type of false damage identification is more 

detrimental, the first type can also question the reliability of the SHM method (Sohn et al. 

2003). 

1.1. RESEARCH SIGNIFICANCE 

This dissertation describes a research program to develop a vibration-based SHM method 

that can be potentially used for identifying damage in bridge girders. Many researchers have 

addressed the question regarding the existence of damage in bridges in the past decade; 

however the damage detection methods that are available are typically not very reliable for 

identifying damage locations in complex structures like bridges, particularly when the source 

of vibration is ambient. The available methods for identifying damage location in bridges are 

mostly physics-based techniques which are either based on modal shape related indices 

(Stubbs et al. 1999), dynamically measured flexibility (Zhang and Aktan 1995), and FEM 

model updating (Dos Santos and Zimmerman 1996). Although these methods have shown 

promise, problems such as low sensitivity of damage indices to local damages, high 

statistical uncertainty of the derived parameters, computational difficulties and model 
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uncertainties for complex structures are major hindrances in developing practical damage 

detection methods for health monitoring of bridges.  

In order to overcome these problems, this research program investigates non-physics based 

approaches for vibration-based SHM, and presents a novel algorithm in the context of 

statistical pattern recognition that can be used for identifying damage location in bridge 

girders using the measured vibration response. Non-physics based techniques look for ways 

to relate observed physical changes in the structure to the data-driven indicators which are 

sensitive to the damages. The variations in these extracted indicators which are often called 

damage features can reveal information about the damages in the structure. Unlike the 

physics-based techniques, non-physics based SHM techniques do not have computational 

difficulties for updating the condition of complex structures, and the extracted damage 

features can be built to be more sensitive to the damages. The majority of the non-physics 

based techniques available in the literature are proposed to detect the existence of damage in 

bridges. Very little information is available in the literature for identifying location, extent or 

type of damage in bridges based on non-physics based SHM techniques. The proposed 

algorithm in this research is validated by conducting vibration testing on a two span simply-

supported steel beam in the lab. A hydraulic actuator was used for vibration testing, and it 

applied different random time history loading on the beam to simulate ambient vibrations. 

The vibration responses of the beam measured under different loading and environmental 

conditions have been used to evaluate the robustness of the proposed method under different 

operational conditions.   

Also presented in this dissertation is a field study to investigate the effect of daily 

temperature variations on modal variability of a steel-concrete composite bridge in 

Lumberton, North Carolina. There are a large number of studies in the literature that 

investigate the variability of the modal characteristics of bridges with variations in 

temperature; however, the reasons or the mechanisms that cause these variations in the modal 

properties of bridges have not been discussed enough. A good understanding of the 

mechanism and extent of the modal variability induced by temperature can help minimize the 
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misleading effect of temperature in damage detection. This part of the dissertation 

investigates the possible reasons for the observed changes in modal properties of the bridge 

by measuring displacement, rotation, temperature and vibration responses of the bridge 

during a 24 hour period in the summer season. Also, a modal finite element simulation of the 

bridge is performed to verify the experimental modal shapes derived from the measured 

vibration response of the bridge. 

1.2. SCOPE AND ORGANIZATION OF THE DISSERTATION 

This dissertation is organized in seven chapters. The proposed SHM methods for identifying 

damage locations in bridge girders and the field testing of a steel-concrete composite bridge 

are discussed in these seven chapters. 

Chapter 2 presents a review of the research that has been conducted on detecting damages in 

bridges and similar structures. The major focus of this chapter is related to the research that 

has been done to identify location of damages in structures especially bridges. This includes 

discussion of both physics-based and non-physics based techniques developed for SHM 

purposes. This chapter also presents a review of the studies related to the effect of variations 

in environmental temperature on the modal characteristics of bridges. 

Chapter 3 discusses the details of two proposed vibration-based damage diagnosis techniques 

to identify damage location in bridge girders. Different steps involved in the proposed 

techniques including damage feature extraction and statistical diagnosis are discussed in 

detail. Both proposed methods are based on the application of time series models in 

estimating vibration responses of the structure. The first method is developed by modifying 

some available methods in the literature (Sohn et al. 2001b) and is based on application of 

individual time series models from any individual sensor location. The second proposed 

technique is based on the application of multivariate time series models that fit a model to the 

vibration response from several sensor locations. 
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Chapter 4 discusses the details of the experimental program conducted under laboratory 

condition to validate the proposed damage diagnosis techniques. The experimental program 

included vibration testing on a two-span simply-supported steel beam. Selection of  

accelerometers with suitable sensitivity is also discussed in this chapter. Vibration responses 

of the beam were collected using the accelerometers under simulated ambient vibrations. 

These responses were measured under different damage and environmental conditions of the 

beam, and were used as the input for the proposed damage diagnosis techniques to extract 

sensitive damage features that can identify the location of damages along the length of the 

beam. 

Chapter 5 discusses the application of the two proposed techniques to the measured vibration 

responses of the beam in the lab. The results obtained from applying these techniques to the 

measured vibration responses are discussed in detail. Different damage scenarios were 

included in the analysis to conclude the final results. Also, the results from applying the 

proposed damage diagnosis techniques are discussed for the vibration responses which had 

been collected under varying environmental conditions.  

Chapter 6 presents the results of a field study to investigate the effects of daily temperature 

variations on the modal variability of a steel-concrete composite bridge. In this chapter, the 

displacement, temperature and vibration responses measured during a 24 hour period has 

been used along linear and nonlinear finite element analysis to better understand the extent, 

mechanism and reason for the observed variations in modal characteristics of bridges due to 

varying temperature.    

The findings from the conducted research program are concluded in chapter 7. This includes 

the results of damage identification from the proposed damage diagnosis techniques, and the 

field study performed on the bridge. Also, recommendations about future work are suggested 

in this chapter to develop a comprehensive SHM method for damage detection in bridges.  
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Chapter 2:  Literature Review 

The most important step in developing a reliable SHM method for bridges is to understand 

the operational characteristics of the bridge. This includes a good understanding of the load 

carrying mechanism of the bridge, different loading and operational conditions that the 

bridge experiences, the possible types of damages that can happen in the bridge and how 

these damages can affect the load carrying capacity and structural responses of the bridge. A 

good understanding of these characteristics is crucial in determining the type of responses 

that should be measured on the bridge in order to develop a comprehensive SHM scheme.  

The next step is the design of instrumentations and data acquisition systems that are required 

for collecting the desired responses. This step usually includes determining the appropriate 

types of sensors, the locations where the sensors should be mounted, bandwidth and 

sensitivity of the sensors, data acquisition systems, data storage and data transfer. These 

requirements are usually application specific and will vary with size of the structure, type of 

damage, frequency of data collection, and budget available for the project.  

The following step in SHM for bridges is to interpret the collected data deliberately so that 

useful information about the condition of the structure can be obtained from the changes in 

the measured response of the bridge. The first concern regarding the collected data is usually 

the varying condition under which the data has been collected. Changes in temperature, 

traffic loading and other operational conditions of the bridge result in varying structural 

responses of the bridge. These variations in structural responses can be misleading in 

detecting damages and can result in False-positive damage detections. For instance, Farrar et 

al. (1997) reported about 5% change in the measured natural frequencies of the Alamosa 

Canyon Bridge in New Mexico during a 24-hour test period. Similarly, Allampalli (1998) 

noted difficulty in observing small-scale damage in bridge structures when measuring the 

natural frequencies in the presence of temperature change. Therefore, there is a need to 

normalize or eliminate the effect of environmental and operational variations from the 
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collected response of the structure before concluding about observed changes in the structural 

response of the bridge.  

The next step in the SHM of bridges which has received the most attention in the literature is 

extracting damage sensitive features. Usually, there is a large amount of measured data on 

the bridge, and it is difficult to distinguish the changes in the structural response of the bridge 

by looking at the measured raw data. Damage feature extraction is a process of identifying 

damage sensitive characteristics of the structural response. This process happens by 

condensing the measured structural responses to features which are sensitive to a specific 

type of damage. Examples of damage features are the natural frequencies of the bridge, or a 

feature vector including information about different mode shapes of the vibration. Different 

types of damage features have been reported in the literature depending on the structure and 

type of measured response. A large sample of extracted damage features is usually desirable 

in order to derive accurate information about the condition of the bridge.  

Finally, there is a crucial need in developing SHM methods for a statistical evaluation of the 

extracted damage features. Developing a statistical model for damage feature discrimination 

helps to understand if the changes in the extracted damage features are statistically important. 

These statistical model developments can be different depending on the level of damage 

detection, and the type of data which are available from different conditions of the bridge. 

The types of statistical model developments can fall in different categories of statistical 

pattern recognition depending on the type of data available.  If previous data or experiences 

are available from both damaged and undamaged conditions of the bridge, the statistical 

models fall in the category of supervised learning, but if there is not any previous data from 

the damaged conditions of the bridge, the statistical models can be classified as unsupervised 

learning methods. Usually, supervised learning methods are required for higher levels of 

damage detection like quantifying extents of damage or identifying types of damage while 

unsupervised learning methods are satisfactory for detecting the existence or location of 

damages. An example of supervised learning methods is the application of neural network 

algorithms. Unsupervised learning methods are used as a type of outlier analysis. Different 
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types of linear discriminate models can be examples of unsupervised learning methods. As a 

result of an accurate and thoughtful design of these different steps, a reliable SHM can be 

provided for monitoring structural conditions of bridges during their operation.  

A review of different researches in SHM of bridges is provided in this chapter. The review 

begins with a review of different techniques and structural responses that has been used for 

performing SHM with an emphasis on SHM of bridges. Different techniques that have been 

used for eliminating the effect of environmental and operational conditions will be discussed. 

Different types of damage features which have been used for SHM of bridges will be 

discussed with an emphasis on the damage features that have been specifically developed for 

identifying damage locations, and finally a review of statistical model developments that are 

used for pattern recognition in SHM problems will be investigated.      

2.1. A SUMMARY OF PAST RESEARCH      

As discussed in Chapter 1, damages are usually local phenomenon. In order to capture this 

local phenomenon, a combination of local and global measurements is desirable on the 

structure; however, measuring the local response of a structure is not usually very practical 

for large and complex structures due to both the large number of local measurements and the 

type of instrumentations required for local measurements on the structure. One of the most 

common types of sensors suitable for local measurements on structures is PZT sensors. These 

sensors are usually used in active sensing. As an example, Fasel et al. (2005) used PZT 

patches in a laboratory experiment of a scaled three-story building in order to identify 

locations of damage in the structure. Unistrut columns were bolted to aluminum floors 

through connection brackets. Different levels of damage were simulated by reducing the 

preload applied to the connection bolts. PZT patches were used in an active sensing approach 

by applying a voltage input to the PZT in a short time causing them to deform and induce a 

mechanical input to the structure. The mechanical vibration of the structure is transferred 

back to the PZT patches which generated an output current in the PZT. The electrical 

impedance, which is the ratio of the input voltage to the output current, is used to monitor 
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and locate damages in the structure. These impedance values were used to extract damage 

features as the coefficients of Autoregressive models with Exogenous inputs (ARX) in the 

frequency domain, and finally the damaged conditions of the structure were identified by 

applying Extreme Value Statistics (EVS) to the distribution of the extracted damage features. 

The damage cases were identified successfully using the designed SHM process. In another 

study, Sun et al. (1995) investigated damage identification in a truss structure by using PZT 

sensor-actuators. They used electrical admittance (inverse of electrical impedance) of PZT 

sensors which were attached to each node of the truss structure as the damage features to 

detect location of damage. The damages were modeled by loosening the bolts at the nodes of 

the truss. They used a simple statistics algorithm to measure the variations of the damage 

features measured from the healthy and damaged condition of the truss, and they found out 

that the measurement from each PZT sensor can only be used to locate damage in its adjacent 

truss node. This characteristic allows each sensor to monitor damage at its adjacent node. 

Although showing promise, in general using PZT sensors and wave propagation methods for 

damage identification purposes is limited to detecting damage locally. This requires having a 

priori knowledge about the location of damage in the structure. For instance, using active 

sensing methods can be very beneficial for truss-like structures where the most susceptible 

locations of damage are truss joints. The other disadvantage of using this method for large 

structures like bridges is that there is a need for numerous sensors in the structures which 

should be carefully chosen with respect to size of the structural components. Also, PZT 

actuators are not rugged enough for long-term measurement in the field and harsh 

environments. PZT actuators are connected to the structures using adhesives which may not 

be very appropriate for long-term applications. In another research Feng et al. (2000) used 

electromagnetic imaging technology for voids and debonding between FRP sheets wrapped 

around a RC column for strengthening. They found difficulty in detecting the imperfect 

bonding since the scattering of EM waves from voids and debonding was small compared to 

that from the jacketed column. So, subsequently, they changed the dielectric lens to focus the 

EM waves on the bond interface, and they could successfully detect debonding. This 
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technique can lead to good results for local damage detection in small structures, but it 

cannot be adjusted for long-term monitoring of large structures like bridges.  

In search for more efficient measurement approaches for bridges, others have used structural 

measurements like displacement, strain or even computer imaging. Liu et al. (2009) 

conducted a case study to develop a SHM plan for on an existing highway bridge in 

Wisconsin. The proposed SHM uses strain data measured under different traffic loading to 

develop a safety margin for serviceability of the bridge. The proposed method is using strain 

measurement at a so-called critical location along the length of the 4 girders on the bridge. 

The strain measurements were collected during a 90 day period under loadings of different 

trucks passing over the bridge. The probability of exceeding the measured strain over a 

predefined strain were calculated by considering some parallel-series models for different 

components of the bridge. The authors claim that the proposed method can effectively assess 

the bridge system performance by using the measured strain data at the defined critical 

location. In another study, Inaudi et al. (1999) used fiber optic long-gage sensors to monitor 

horizontal and vertical deformations on a pre-stressed concrete bridge. The built bridge was 

expanded by the width of overhangs. The fiber optic sensors were installed both in the old 

and new concrete to measure curvature during the setting phase of the new concrete and 

during the service life of the structure. Deformations were calculated by double integration of 

the curvature values measured at different locations along the bridge. The cracking of the 

concrete during the shrinkage process was detected by measuring less deformation at the 

cracked regions. The vertical displacements were more difficult to interpret from the 

curvature measurements during the construction process due to the continuous change of live 

loads; however, the calculated long-term deformations were in excellent compliance with 

dial gages. This study did not investigate the effect of any damage on the global deformations 

of the bridge. Shenton and Chajes (1999) presented a study for SHM of a polymer composite 

bridge in Delaware. The bridge was instrumented with strain and deflection sensors. The 

measurements were recorded as “monitor” data and “event” data. The monitor data 

represents the slow gradual changes in the strain and deflection measurements which are 
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mostly due to temperature and humidity variations, and the event data represents the data 

collected due to vehicles crossing the bridge. They found that there are changes in the 

measured data due to daily variations in the temperature. The researchers intended to use the 

long-term data in evaluating the durability of the polymer composite bridge. In another 

research, Zaurin and Catbas (2010) developed a conceptual damage index by using a 

computer image from vehicles crossing a laboratory bridge model and a set of sensors for 

measuring the structural response. In this study, strain data measured at different locations 

along the bridge model was used to define a normalized influence line for the structural 

response of the bridge model regardless of the type of vehicle crossing the bridge. The 

damage index was proposed for damage detection and condition assessment of the bridge; 

however, the effect of damage was not considered on the proposed damage index which was 

constructed based on data at a local measurement location. Although, measuring local 

displacement and strains at different locations of the bridges can help detect the damage, it is 

usually very difficult to detect or especially locate damage only using these measurements. 

This information is useful when they are used along a physics-based model of the bridge 

such as a finite element model; however, uncertainties involved in calibrating these models 

for a large and complex bridge can make it difficult to detect damages. The other problem is 

that a priori knowledge about possible locations of damage is usually required to detect 

damage using these measurements. On the other hand, changes in the global dynamic 

responses of structures can be used more easily related to damages in the structure since 

damages will alter the stiffness, mass, or energy dissipation properties of the structure and 

these changes will directly affect dynamic responses of structures.  

2.2. VIBRATION-BASED DAMAGE DETECTION 

Although any of the methods presented above may work for the specific intention of their 

problem, detecting damages in large structures like bridges usually requires a combination of 

local and global structural responses recorded on the structure. Also, it is very important that 

the selected structural responses are sensitive to the possible damages in the structure. In this 
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regard, vibration measurements on bridges are among the global measurements that can be 

directly related to the damages occurring in the bridge. The premise of this analogy lies in the 

fact that changes in the stiffness and mass properties of the bridges can result in changes of 

modal characteristics of bridges. Doebling et al. (1998, 1996) presented a summery review of 

the vibration-based methods that researchers have used for damage identification in bridges. 

Although changes in the modal characteristics of bridges can be direct indications of damage, 

these are not always due to damages. Varying environmental and operational conditions can 

induce considerable changes in the modal characteristics of the bridges. A review of the 

research on the effect of temperature on the modal characteristics of bridges will be discussed 

in Section 2.2.1. Also, the techniques that different researchers have proposed for eliminating 

the effect of varying environmental condition will be discussed. Then, the review will be 

continued by comparing different works conducted on vibration-based health monitoring of 

bridges and the damage features used for vibration-based damage identification in Section 

2.2.2 and Section 2.2.3, respectively. There is an emphasis in this review on the methods 

used for identifying damage location in bridges, and finally the methods used for statistical 

discrimination of the damage features will be discussed.   

2.2.1. Effect of environmental and operational variations  

Farrar et al. (1997) conducted vibration measurements on a seven-span steel concrete 

composite bridge in New Mexico several times over a period of nine months. They reported 

changes in the operational condition of the bridge due to changes in temperature, existence of 

high winds and changes in the supporting soil media. They reported 5% variation in the first 

mode frequency during a 24 h time period. They also observed similar variations for the 

other modes of frequency. They also investigated variability caused in the frequency modes 

by the vehicle weight passing on the bridge, and found that this factor does not have a 

significant effect on the measured modal frequencies of the bridge. In another study, Liu and 

Dewolf (2007) investigated effect of temperature on modal variability of a three-span box 

girder reinforced concrete bridge during a 1 year period. They equipped the bridge with 
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accelerometers, and used the ambient source of vibration to extract the natural frequencies 

and mode shapes of bridge vibration. They investigated the first three modes of frequency, 

and they found the maximum measured difference in the first three modes of frequency 

during the year could be between 5-6%. They also proposed fitting a linear line for 

characterizing the temperature-frequency relationships for the first three modes of frequency. 

They also emphasized that building baseline frequency data for different ranges of 

temperature is necessary before performing any long-term health monitoring on bridges. 

Cornwell et al. (1999) developed a linear relationship for the temperature-frequency 

measurements conducted during a 24 hr period on Alamos Canyon bridge in New Mexico. 

Wahab and Roeck (1997) investigated the seasonal effect of temperature variations on 

natural frequencies and found that changes in natural frequencies in a skewed three-span box 

girder can be up to 5 percent. Others have reported the difficulty of damage detection in 

bridges using vibration measurements in the presence of varying environmental conditions. 

For instance, Farrar and Jauregui (1996) measured changes in the natural frequencies of the 

I-40 Bridge over the Rio Grande in New Mexico under the effect of induced damages in the 

steel girders. The bridge was a steel-concrete composite bridge with welded steel girders. 

The damages were introduced to the bridge by making various torch cuts in the web and 

flange of the girder. These researchers reported mixed changes in the natural frequencies 

which they later related to daily changes in temperature. Similarly, Allampalli (1998) also 

noted difficulty in observing small-scale damage in bridge structures when measuring the 

natural frequencies in the presence of temperature change. Xu and Wu (2007) investigated 

the effect of temperature on modal frequencies and mode shape curvature of a three-span 

cable-stayed bridge by using FE simulation of the bridge. They also compared the effect of 

damage and temperature variations on these modal properties. They found that variations of 

the modal frequencies in the bridge can approach 2% under 40˚C variations in the 

temperature. They reported more change in the mode shape curvatures (1 to 8 %) at different 

locations along the bridge. They also concluded that frequency changes due to damages, 
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which were induced in the bridge girders and cables, were less than those due to temperature 

variations.   

In order to consider the effect of environmental conditions and eliminating its masking effect 

on damage detections in bridges, researchers have proposed different approaches. For 

instance, Fraser et al. (2010) conducted a research to synchronize the computer imaging data 

with acceleration data measured on a reinforced concrete box girder highway overpass in 

California. They investigated variations in the modal characteristics of Voigt Bridge in San 

Diego due to environmental and loading variation by synchronizing the image data from the 

passing trucks to the measured acceleration data. This research intends to understand the 

effect of temperature on the variations of modal characteristics of the bridge in order to 

propose a long-term condition assessment for it. Llod et al. (2000) collected vibration 

measurements on a long span pre-stressed segmental concrete bridge in Illinois during a 

seven month period of observation, and they proposed using a linear relationship between 

temperature and frequency when the temperature was varying from -15˚ C to 33˚ C in order 

to consider effect of temperature in damage detection of bridges using vibration 

measurements. Oh et al. (2009) presented a more sophisticated method for novelty detection 

in Yeongjong suspension bridge in Korea in the presence of environmental variations. They 

used acceleration data to monitor the tension force in the hanger cables of the bridge. They 

collected baseline information on the bridge during 2002 and 2003 in the presence of 

different environmental conditions. In 2004, a railway was added on the bridge. They 

considered the additional loads on the bridge as a novelty, and used the acceleration data 

which was measured after the railway construction to detect the novelty in the presence of 

environmental variations. They proposed using a nonlinear Principal Component Analysis 

(KPCA) to reveal the nonlinear relationship between the measured baseline data and the 

unmeasured environmental conditions. They proposed a novelty index based on the 

difference between principal components obtained from baseline and test data. They defined 

a threshold for the calculated novelty indexes above which can be considered as outliers. 

This threshold was determined based on the distribution of the novelty indexes calculated 
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from the baseline measurements. They finally observed that the number of outliers 

considerably increased after adding the railway to the bridge. Catbas et al. (2008) performed 

a study to consider temperature effect in the structural response of the longest cantilever truss 

bridge in the United States in order to calculate the overall reliability of the bridge. They 

monitored strain variations in a critical member of the bridge for a 1 year time period and 

varying temperature conditions of the bridge. They used the maximum temperature-induced 

strains in these components of the bridge to calculate the reliability for these structural 

members. Finally, they calculated an overall reliability value for each the truss bridge by 

considering a parallel/series system of all the bridge structural components. Effects of 

damages were not considered in the change of structural responses of the bridge in this study.  

In another study, Sohn et al. (1999) proposed using an adaptive filter for predicting the 

changes in modal frequencies of Alamosa Canyon bridge due to temperature variations. They 

designed the filter by using both spatial and temporal temperature distributions on the bridge 

to determine the changes in the first and second modes of frequency. They used the collected 

vibration data during 1996 as the baseline data to train the filter, and they predicted the 

modal frequencies for the new temperatures measured on the bridge. This method provides a 

confidence interval for future values of the modal parameters in order to discriminate 

between the temperature-induced and damage-induced variations in the modal frequencies of 

the bridge. In another interesting study, Peeters et al. (2001) investigated damage detections 

in a post-tensioned concrete box girder bridge in Switzerland using the natural frequencies 

obtained from ambient vibration measurements on the bridge. There was a plan to demolish 

the bridge; however, the bridge was subjected to progressive damage before the full 

demolition in order to study the damage detection possibilities on the bridge. The bridge was 

instrumented with thermocouples and accelerometers at different locations, and the vibration 

and temperature data were collected for the healthy bridge from November 1997 to 

September 1998. Part of the natural frequencies and temperature data were used to build a 

non-physics based ARX model for the relationship between the temperature and natural 

frequencies. Then, the model was verified using the rest of the measured data at the healthy 
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condition of the bridge, and a confidence level was built based on the population of the 

predicted natural frequencies. It was noticed, that the natural frequencies predicted from this 

model had a considerable amount of error with respect to measured natural frequencies after 

introducing an 80 mm settlement to one of the piers in the bridge. The 20 mm and 40 mm 

settlements could not be detected since these levels of damage did not change the measured 

natural frequencies to a considerable extent. There was not any investigation in this study to 

identify location of the damage in the bridge. In another study, Moaveni et al. (2009) 

presented an approach for long-term monitoring of a highway overpass bridge in San Diego 

by considering the effect of temperature variations. They measured acceleration and 

temperature data on the bridge for a 50 day period from August to September 2007. They 

obtained the natural frequencies from the measured vibration data, and they proposed using a 

polynomial meta-model for identifying the relationship between the measured temperature 

and natural frequencies of the bridge. They used the developed model for removing the 

variability of the identified modal parameters due to temperature changes. Kullaa (2009) 

proposed another method to eliminate the effect of the varying environmental conditions 

from the extracted damage features on the structure. He used the missing data analysis to 

develop a correlation structure between the features obtained at varying environmental 

conditions. The feature data from the healthy condition of the structure and varying 

environmental conditions is required to develop this method. The developed method assumed 

linear relationship between the damage features and varying environmental conditions. The 

method was applied to a lab-scale truss bridge. The natural frequencies were used as damage 

features, and damage was simulated by adding some mass to the bridge. The natural 

frequencies had been collected for the bridge under varying temperatures. They distinguished 

the damage conditions from the undamaged ones using this method. Vanlanduit et al. (2005) 

proposed another method for damage detection in the presence of varying operational 

conditions. They proposed using singular value decomposition for this goal. In this method, 

the distance of an observation could be determined from the observation subspace measured 

at the intact condition of the structure. Also, a threshold could be determined based on the 
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data from the intact condition of the structure. The observations falling above the critical 

threshold was identified as the ones measured for the damage condition of the structure. An 

aluminum beam was selected to validate the proposed methods, and saw cut and fatigue 

cracks were induced to simulate damage conditions of the beam. The method worked 

successfully for identifying the damage in the simple beam structure. Sohn et al. (2002) 

presented a method for eliminating the effect of operational variation in damage detection 

problems. The difference between this method and previous methods is that they accounted 

for the nonlinear relationships between the damage features and varying operational 

conditions. To address this problem, they used an autoassociative neural network model to 

establish the nonlinear relationship between the damage features and the varying operational 

conditions. They used an 8 DOF mass spring structure for validating their proposed 

algorithms. They measured the acceleration time histories on the 8 DOF under varying levels 

of random excitations. They used a combination of autoregressive and autoregressive with 

exogenous input models (AR-ARX) to extract the damage features. After fitting the ARX 

models to the time histories collected under different operational conditions, they used 

coefficients of these models as the damage features, and as the input for the autoassociative 

neural network model. The outputs generated from this neural network model are the input 

given to the model; however, the model trained inside the neural network captures the 

nonlinear relationship between the damage features and operational conditions. This model 

had been trained only based on the data from the healthy condition of the structure, and 

supposedly, it cannot reproduce any data that has been obtained from a different damage 

condition of the structure. In their study, the damages were introduced to the system by 

adding bumpers between the masses, and they distinguished between these damage 

conditions and the varying operational conditions by using the proposed method. These 

researches can provide very valuable insight to how the effect of environmental and 

operational variations can be removed from the structural responses of the structure; 

however, none of the discussed researches have investigated effect of temperature variations 

on the spatial variation of the structural responses. This is important when the purpose of 
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structural health monitoring is to identify the location of damage in the structure. The amount 

of change that the temperature variations can induce in the local structural responses of 

different components of the structure or the structural responses at different locations of the 

structure can be different. In the fifth chapter of this dissertation, this problem is discussed 

for a steel beam which had been tested under varying temperatures in the lab.   

2.2.2. Modal-based damage detection algorithms  

The next important step in structural health monitoring is to choose the appropriate damage 

feature for damage detection purposes. As mentioned, these damage features are ideally 

different based on the level of damage detection, types of the structural response, and 

operational condition of the structure. Some of the damage features, used for damage 

identification in civil structures, were mentioned previously in this chapter. Here, we will 

mostly discuss the damage features which are extracted based on the vibration response of 

bridges since the focus of this dissertation is on vibration-based damage detection techniques. 

2.2.2.1. Methods based on modal frequencies 

The most basic modal characteristic of structures that can be used for structural health 

monitoring purposes is modal frequencies; however, since modal frequencies are a global 

property of the structure they are mostly used for detecting damage in the structure. Some 

examples of using modal frequencies as damage features have been presented in the previous 

section related to effect of temperature variations. It is reported that early works on vibration-

based damage detection started in the offshore oil industry to detect damages for those 

structures. Works by Loland and Dodds (1976), Duggan et al. (1980), Kenley and Dodds 

(1980) can be referenced in this regard.  Salawu (1997) presented a review of the studies 

which used modal frequencies for damage diagnosis. Another example study of vibration-

based damage detection in the offshore oil industry is the work by Idichandy and Ganapathy 

(1990). They investigated effects of damage on the natural frequencies and modal shapes of a 

laboratory scale offshore platform model. They simulated the damage by half-through cracks 

and removal of some cross members in the platform. They found that natural frequencies 
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changed considerably for some damage cases while they did not change for the others. They 

concluded that whenever damage occurred in a structural member with high structural 

redundancy the natural frequencies were not a good indicator of damage. They also 

concluded that modal shapes can be used for damage detection in offshore platforms. They 

also noticed that the change in modal shapes mostly initiated from around the damage 

location; however, it should be mentioned that all these conclusions are based on testings in a 

very controlled environment in the lab.  Chassiakos et al. (2007) used the modal frequencies 

to track structural changes during retrofit of a critical building in the metropolitan Los 

Angeles. The retrofit consists of constructing shear walls to strengthen a building after the 

1994 Northridge Earthquake. The accelerations were measured on different floors before, 

during and after the retrofit. They found 30 and 70% change in natural frequencies of the 

building in the X and Y directions, respectively. Mazurek and Dewolf (1990) conducted a 

study for damage detection on a scaled bridge girder in the lab. They used natural frequencies 

and mode shapes as the measure to detect an induced damage in the idealized girder. They 

induced damages by releasing the middle support as well as reducing the inertia of the beam 

by 19, 32 and 33%. The reduction in inertia was the result of cutting a crack in the cross-

section of the beam. They found out that natural frequencies changed 0.93, 4.2, and 10.2% 

for the three levels of cracks, respectively. Also, they observed that the mode shapes showed 

some deviation around the location of the induced damages; however, it should be mentioned 

that the testing was performed under a very controlled loading environment. Also, the lowest 

level of induced damage consisted of cutting the whole bottom flange of one of the two 

beams in the cross section of the girder. Few researchers have used modal frequencies to 

identify damage locations. As explained before, the reason is that modal frequencies are 

global properties of structures that have a low sensitivity to the damage location. Also, it 

should be known a priori which modes of frequency will be affected by damages at a 

particular location of the structure. Cawley and Adams (1979) used modal frequencies in 

context of a forward problem to identify damage locations in composite materials. They 

considered different damage locations in a FE model of the system, and investigated the 
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damage location which gives the least error between the pairs of predicted and measured 

modal frequencies of the composite structure. They did not consider multiple locations of 

damage in their study. Friswell et al. (1994) took a similar approach for identifying damage 

location using modal frequencies. They assumed that an existing model of the structure is 

vey accurate. They postulated several damage scenarios in the model structure, and predicted 

the shifts in different modes of frequencies. They similarly measured the shifts in the 

structure which were due to damages. Then, they plotted the ratio of shift frequencies to the 

corresponding frequencies for the model and real structure against each other. They made the 

analogy that the correct postulated damage scenario will result in a linear line close to the 

unity line. Stubbs and Osegueda (1990a, 1990b) used a similar approach to what Cawley and 

Adams (1979) used for damage localization, but they solved an inverse problem to identify 

the damage location. They validated their proposed approach through a numerical model of a 

simply supported beam. Information regarding modal frequencies at undamaged and 

different damage conditions of the structure should be known a priori for a successful 

implementation of the approach. They defined an error function based on the difference 

between the model predicted modal frequencies and those known for the damage condition 

of the structure. The location that minimizes the error function is determined as the damage 

location. It should finally be mentioned that implementing a successful damage detection 

using these approaches requires a priori knowledge about the modal frequencies of the 

structure at its undamaged and damaged condition. Also, it needs a highly accurate numerical 

model of the structure that is calibrated with the measurements on the structure. The other 

hurdle, is that damage is usually a local phenomenon, and may not be detected well by 

considering only some of the global modal frequencies in the structure; therefore, accurate 

measurements is usually required on the structure in order to obtain a large number of modal 

frequencies. Changes in modal frequencies can provide more information about damage 

location since modal shapes contain spatial information about the structure.   
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2.2.2.2. Methods based on changes in mode shapes 

Mayes (1992) developed a method for localization of error between two models based on the 

mode shape changes. The two models include a test structure and a FE model of the 

structure. The proposed method is based on a structural translational and rotational error 

checking (STRECH). STRECH is calculated for different elemental grids presumed in the FE 

and the test structure, and the amount of error between STRECHes of the two models is 

checked for each grid in order to localize the error between the two models. The author 

mentions difficulty of using this method for high order modes as well as for large structures. 

In another study, Zhou et al. (2005) used the mode shape changes identifying location of 

damages in a scaled concrete bridge deck. Accelerometers were used to measure the 

vibration response of the concrete deck induced by random loadings using a hydraulic 

shaker. In the proposed method, the location with the highest mode shape changes between 

the undamaged and damaged condition of the structure corresponded to physical damage 

location. They found out that repeating a large number of random loading trials and using the 

averaged mode shapes is necessary for the success of this method. This study was continued 

by Siddique et al. (2006) to detect damage in a two-span steel-concrete composite highway 

overpass.   

2.2.2.3. Methods based on mode shape curvatures 

An alternative to the use of mode shape changes is using changes in the mode shape 

curvatures. Pandey et al. (1991) used changes in the mode shape curvature to identify 

location of damage in structures. They investigated the success of the approach using an 

analytical model of a cantilever and simply supported beam. The curvature values were 

obtained from the displacement mode shapes using a central difference method. Maeck and 

Roeck (1999) also used mode shape curvatures to detect damage on a prestressed concrete 

bridge in Switzerland. They proposed using a weighted residual penalty-based technique 

instead of central difference method to calculate the mode shape curvatures. Use of central 

difference methods result in oscillating and inaccurate values of mode shape curvatures. 
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Then, they calculated bending stiffness using the obtained curvature values. The result of 

their study showed that a 80 mm pier settlement could be localized by looking at the 

reduction of calculated stiffness around the pier location. The cost of the proposed method is 

that a very accurate experimental modal displacement is required along the structure. Guan et 

al. (2007) defined a damage index based on changes in modal strain energy values. These 

modal strain energy values were calculated based on the mode shape curvatures for each 

mode of frequency and at different locations of the structure. The result of this study revealed 

deteriorations at the expansion joint location of a FRP composite highway bridge which had 

been instrumented with a large number of accelerometers for long-term monitoring. In 

addition, a finite element model of the bridge was built, and the weakened deck panel joints 

were simulated. The results showed that these degradations in the finite element model had a 

small affect on the global dynamic properties such as natural frequencies of the bridge. The 

ability of this damage detection method has not been really investigated for local damages at 

multiple locations along the bridge. In another study, Stubbs et al. (1992) used the measured 

mode shape curvatures to calculate changes in modal strain energies for damage localization 

purposes. This method worked well for damage localization between two structural DOFs. 

Wang et al. (2000) numerically simulated a pre-stressed segmental concrete bridge at its 

damaged and undamaged condition to identify damage location in the bridge. Damages in the 

numerical model included local reduction in young’s modulus of the segments at three 

different locations and with different severities. The damage index that was used in this study 

was the ratio of the combined modal strain energy from different modes of frequency 

calculated for each segment of the bridge. The damage indexes were calculated based on the 

results from modal simulation of the damaged and undamaged bridge. The authors claim that 

the proposed method is able to locate the damage in the simulated bridge 70% of the time.    

2.2.2.4. Methods based on dynamically measured flexibilities  

Another alternative approach for damage localization is to calculate dynamically measured 

flexibilities. In this method, damage is usually detected by comparing the flexibility matrix 

obtained from the mode shapes of the damaged and undamaged structure. Raghavendrachar 
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and Aktan (1992) proposed using changes in flexibility values to detect damage in a three 

span reinforced concrete slab bridge. Forced vibration measurements were used on the bridge 

to derive the Frequency Response Functions (FRFs). Modal parameters of the bridge were 

extracted from the calculated FRFs. A numerical model of the bridge was constructed and 

calibrated with the measured modal properties of the bridge. Flexibility values, obtained from 

the scaled mode shapes in the numerical model, were compared to the flexibility values that 

were directly measured on the bridge due to static loadings. A good match was observed 

between these flexibility values. Damages were induced in some of the concrete piles 

simulated in the numerical model of the bridge. It was observed that the calculated flexibility 

values are much more sensitive than modal frequency and mode shapes to the local damage 

in the structure; however, it was mentioned that an accurate calculation of the structural 

flexibilities is not possible with considering a few number of the lower modes of frequency. 

A similar approach has been presented by Aktan et al. (1994) for damage detection in another 

bridge. Pandey and Biswas (1994) also proposed using changes in the flexibility matrix as a 

viable approach for damage localization in structures. They calculate the flexibility matrix 

from a few of the frequency modes of vibration, and used an analytical model of a beam to 

validate their proposed method. The damage was induced in this analytical study by 

reduction in elastic modulus of the damaged element. The proposed method is then used to 

locate the damage on a wide flange beam using experimentally collected vibration data. They 

implemented their testing in a controlled testing environment and using forced vibrations. 

They found that it is difficult to locate damage near the support location for a simply 

supported beam. Also, it is note-worthy that the considered type of damage may not be very 

realistic in a real structure. Also, Pandey and Biswas (1995) verified their proposed approach 

by detecting damages in truss structures. Duffey et al. (2001) compared the ability of two 

damage detection methods, (i) change in strain energy method known as damage index 

method and (ii) flexibility change method, in locating damage in a 8 DOF mass spring 

structure. They induced damages by reducing the stiffness of the springs which were placed 

between the masses. This study was performed both numerically and experimentally using 
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forced and random vibration measurements. In their numerical investigation both methods 

performed well in detecting and locating the damage in the structure; however, they 

mentioned that the flexibility change method was somewhat unreliable to identify the 

damage experimentally depending on the damage location, damage level and number of  

modes included in the analysis. In another study, Catbas and Aktan (2005) also presented a 

study to use forced and ambient vibrations on the structure in order to calculate modal and 

pseudo-modal flexibilities, respectively. The deflections obtained from calculated modal 

flexibilities were compared to the measured deformation of the bridge. They used this 

concept on three different bridges to identify damage location on the structure. Although no 

tentative conclusion was presented about use of this method in the paper, the authors claim 

that the application of these dynamically driven data can be reliably used for damage 

identification of bridges. Catbas et al. (2008) presented a more complete study for damage 

detection in bridges using flexibility-based displacement and curvatures. They proposed 

using multi-input-multi-output (MIMO) vibration measurement for accurate calculation of 

the modal properties in their study. Modal flexibility values are calculated from the modal 

properties of the bridge, and finally displacements and curvature values can be calculated 

based on the obtained flexibilities and by considering different loading conditions. The 

proposed method was validated by measurement in damaged and undamaged conditions of a 

laboratory scaled bridge and the Seymour Bridge in Cincinnati, Ohio. Damage location was 

identified from field measurements on the bridge when the flange and web of one of the six 

steel girders were fully cut. The damage location was again identified after the damage was 

augmented by cutting an X-bracing close to the 1
st
 damage location. They mentioned that a 

dense sensor grid is required for their damage identification method on the structure; 

however, it should be mentioned that the amount of uncertainty in modal calculations are 

considerably reduced in this study due to MIMO measurements on the bridge.        

2.2.2.5. Methods based on stiffness matrix 

As a variation to the flexibility change method, a method has been proposed for change in the 

dynamically measured stiffness matrix. This stiffness matrix is the pseudo-inverse of the 
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dynamically measured flexibility matrix. Salawu and Williams (1993) compared this method 

with three other model updating methods to evaluate the ability of these methods in 

identifying damage locations. The ability of these methods has been compared by simulating 

the modal response of a simply supported beam. Maeck et al. (2000) proposed using the 

stiffness matrix for damage detection in reinforced concrete structures. They proposed 

calculating the stiffness matrix differently from dividing the sectional moments by the 

calculated mode shape curvature. The method they used for calculating the mode shape 

curvatures in this study was analogous to the Mindlin plate element. This method has been 

mentioned in another study by the same author, and uses penalty factors to minimize an 

objective function which contains difference terms between an approximate and measured 

mode shapes. They mentioned that the drawback of using this method could be choosing the 

inappropriate penalty term for calculating the objective function. Finally, the method 

successfully revealed the stiffness degradation in the cracked RC beam. They mentioned 

difficulty of obtaining the stiffness values for the vibration modes higher than the 3
rd

 mode of 

frequency. Also, the authors mention the necessity of using a very dense sensing network for 

accurate calculation of mode shape curvatures for higher modes of frequency. Maeck et al. 

(2001) also used this method for damage localization in the Z24 bridge in Switzerland. They 

successfully identified the settlement location on the bridge by looking at the updated 

stiffness values calculated from mode shape curvatures. Again, they mentioned difficulties 

regarding the use of this method with higher modes of frequency. It is the common 

perception that higher modes of frequency will usually provide more information about small 

and local damages in large structures. Similarly, in this study, the damage could not be 

detected well until they had 80 mm settlement in the bridge pier.    

2.2.2.6. Methods based on model updating 

Another group of methods that have been used widely for damage detection purposes is 

based on updating structural model parameters that have been obtained from dynamic 

measurements. These methods are usually based on imposing some constraints on the 

problem, minimizing an objective function or updating a numerical model of the structure. 
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Usually, comparison of the updated structural model parameters to the originally calculated 

parameters will provide an indication of damage in the structure. For instance, McGowan et 

al. (1990) used the modal properties obtained from measurement and an analytical model of a 

truss structure to update the stiffness matrix of the structure. The difference between the 

original and updated stiffness matrix provided information about the location of damage in 

the truss. The constraint was imposed in this study in order to maintain connectivity and 

sparsity of the original stiffness matrix. Similarly, Kabe (1985), Kammer (1987), and Smith 

and Beattie (1991) used modal data to update the stiffness matrix of the structure by 

comparison between the measured and numerically/analytically calculated modal properties. 

The updating process was conducted by either imposing the modal equation as a constraint or 

minimizing an objective function imposed by a penalty term. Also, symmetry and sparsity of 

the stiffness matrix is another method used for imposing constraints in the proposed 

approaches. As another instance, Maeck et al. (2000) used an objective function for updating 

the mode shape curvature of a bridge by minimizing the difference between the measured 

and the calculated modal parameters of the bridge. Liu (1995) used an optimization method 

for updating the stiffness and mass properties of a truss structure. The error function, which 

was the error in the modal eigen-equations, was minimized by solving for the stiffness and 

mass properties of the structure. He also proposed using the perturbation analysis to account 

for the errors in the measurement of modal properties. A finite element simulation of a truss 

structure was performed in this study to understand modal properties of the structure at its 

damaged and undamaged conditions. The damage was simulated by reducing the axial 

stiffness of a truss member to 10% of its original value. The proposed method for minimizing 

the errors in the eigen-equation was conducted to identify the stiffness and mass properties of 

different members of the truss structures. The damaged member was clearly identified by 

comparing the stiffness properties of the original and damaged truss structure. As another 

alternative, Zimmerman and Kaouk (1994), Kaouk and Zimmerman (1994a, 1994b), and 

Zimmerman et al. (1995a, 1995b) proposed using the Minimum Rank Perturbation Theory 

(MRPT) in order to detect damages in the structures. The motivation is that since the damage 
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is usually a local phenomenon, it will be concentrated in a few structural members rather than 

being distributed in the whole structure. Therefore, the perturbation matrices will have a 

small rank. The perturbation to the mass matrix, stiffness matrix or measured FRFs was 

estimated, and was used to detect, locate and quantify damages in the structures. The 

proposed methods have been validated by FEM simulation of truss or space structures. 

Sanayie and Onipede (1991) and Sanayei et al. (1992) presented another approach for 

damage detection in structures. The stiffness matrix is calculated based on a sensitivity-based 

method to minimize the error between the applied forced on the structure and the forces 

calculated from the measured displacement and the stiffness matrix of the structure. The 

changes in the stiffness can be used in order to identify damages and elemental damage in the 

structure. The proposed method has been investigated using a FEM model of a multi DOF 

structure.  Several other researchers have proposed using hybrid model update methods 

which are usually combinations of different methods presented before. Kim and Bartkowicz 

(1997) proposed a two step method for the damage localization in large structures. In the first 

step, a general area of damage is detected using an optimal matrix method and a hybrid 

model reduction/eigenvector expansion technique. The reason for expanding the eigenvectors 

was the limited number of measurements on the structure. Therefore, expanding the 

measured eigenvectors can help for a more accurate update of the optimal matrix. In the 

second step, a sensitivity based method is used along with the information obtained in the 

first step in order to identify the exact location of the damage. The ability of the proposed 

method in detecting the damages is demonstrated by testing and analysis of a ten-bay 

hexagonal truss structure. Another example of hybrid damage detection methods is the work 

presented by Dos Santos and Zimmerman (1996a, 1996b). They proposed using the MRPT 

residual force errors in conjunction with least square estimation to preserve the connectivity 

of the FEM model during the update procedure. The method is conducted in two steps. First, 

the global stiffness matrix perturbation is estimated using the MRPT algorithm. Later, a set 

of parameters is calculated in each element for loss of stiffness by minimizing the error 

between the MRPT matrix perturbation and the global stiffness matrix perturbation. The 



 

Chapter 2: Literature Review 

 29 

accurate implementation of the method requires that the number of measurement points be 

larger than the number of estimated loss parameters.  

2.2.2.7. Summary  

Finally, it should mentioned that although showing promise, most of the methods presented 

above are validated on small and discrete structures such as truss-like mechanical systems. 

Also, most of these methods have used either numerical modeling or vibration measurements 

obtained under a controlled environment and forced excitations. Also, it was observed in a 

few examples provided for damage detection in bridges that small levels of damage cannot 

usually be detected. For instance, in the study carried out by Maeck et al. (2001), the damage 

could only be detected after the pier settlement reached 80 mm. Similarly, in the study 

performed by Catbas et al. (2008), the damage could only be detected after that the whole 

bottom flange and web of one of the steel girders was cut. Farrar and Jauregui (1998a, 1998b, 

1996) provided a comparative study for damage identification on the I-40 bridge over the Rio 

Grande in Albuquerque, NM using different modally-based damage detection methods. An 

elevation view and cross-section of this bridge is shown in Figure 2. 1. Damages were 

introduced to the structure by cutting different size notches in the web and bottom flange of 

one of the steel girders. These different levels of damages are shown in Figure 2. 2. Five 

different damage detection methods were used to identify changes in the bridge with respect 

to its undamaged condition. These five methods include damage index method, mode shape 

curvature method, change in flexibility method, change in uniform load surface curvature and 

change in stiffness method. The results of these studies confirmed findings of other 

researcher that the natural frequencies and mode shapes are poor indicators for detecting and 

locating damage in large structures such as bridges. The results of these studies showed that 

all the methods were inconsistent and did not identify the damage location correctly until the 

most severe damage case occurred. The damage index method performed the best among all 

other methods. The better performance of this method was contributed to normalizing the 

changes in the damage index with respect to the undamaged condition of the bridge. Methods 

based on changes in the flexibility and stiffness matrix performed worst among all other 
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method. The damage could be determined at its most severe condition only using these two 

methods. The vibration data used in this study was collected under the forced vibration of the 

bridge; however, the authors believe that the damage index method can be successful in 

damage detection even when the source of the collected vibration is ambient and traffic 

excitations.  

(a) Elevation view

(b) Cross-sectional geometry
 

Figure 2. 1 – I-40 bridge tested by Farrar and Jauregui 1998a 

 

 
Figure 2. 2 – Induced damage levels (Farrar and Jauregui 1998a) 
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As a conclusion to the summary of modal-based damage identification methods, it is 

important to highlight the problems for damage detection of complex structures such as 

bridges. All the reviewed modal-based damage detection methods go through a process of 

data condensation. This means that the measured vibration data on the structure is used to 

derive a condensed set of information like natural frequencies, mode shapes or mode shape 

curvatures. Then, these parameters are used differently in extracting damage features that can 

be used for damage identification; however, a useful portion of the data could be lost during 

the data condensation process. This can be due to limitations of the modal properties in 

capturing all the information in measured vibration time histories. The other problem can be 

related to the fact that usually a limited number of vibration modes are used in the reviewed 

methods in order to identify damages in the structures. It is known that damages are local 

phenomena that can be identified in the higher modes frequency, and capturing these 

damages using the global information in a few early modes of vibration could be difficult. 

Also, it was observed that the accuracy of many of the proposed methods was reduced when 

they used the information from higher modes of vibration. Another issue is that many of 

these methods use some sort of numerical model updating which may be very difficult for 

large and complex structures with many variable components to choose for the model 

updating. The last difficulty can also be related to the inevitable need for an accurate 

calibration of the numerical model of the bridges. This calibrating process can be very 

complex and computationally demanding for online monitoring of bridges. As a result of all 

these problems, some researchers have proposed using other types of non-physics based 

damage features which can be more sensitive to the damages and contain as much as possible 

information from the measured vibration time histories of the structures. The following two 

sections review some of these damage features. 

2.2.3. Damage detection algorithms based on time-series models 

In the search for more sensitive damage features that can capture more information from the 

measured vibration time history responses of structures, researchers have proposed using 
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different types of time series models. Time series models rely on the fact that the value of the 

measured response of the structure at any time can be predicted based on a linear 

combination of its values at a previous time and some random errors. The analogy behind 

using time series models for vibration-based damage identification of structures lies in the 

fact that if a time series model is fitted to the vibration responses of the bridge, the obtained 

coefficients and properties of the model can capture the dynamic characteristics of the 

structure. Then, any deviation from the obtained model can be a sign of change or damage in 

the structure; however, different researchers have extracted different types of damage 

features based on time series models in order to capture the deviations in the time series 

models. For instance, Fasel et al. (2002) used a combination of Autoregressive models (AR) 

and Autoregressive models with eXogenous inputs (ARX) in order to extract damage 

features. They performed a study for damage detection in a three story frame structure. Bolt 

connections were used to attach the floor plates to the unistrut columns. The damages were 

introduced by loosening the bolts for different connections in the scaled structure. The 

vibration response of the structure was collected at different conditions of the structure under 

a dynamic loading applied by a shaker. Data from different baseline (healthy) conditions of 

the structure was collected by varying the input level of the shaker and adding mass to 

different floors of the three-story building. In order to detect the damage, the difference 

between the accelerometers on the floors and columns were investigated. An AR model was 

fitted to the measured acceleration time histories on the columns and floors. The residual 

errors between the measured and predicted time history differences were used as the input for 

fitting the ARX models to the measured acceleration time histories. Because the AR-ARX 

model is a linear model, it is expected that the prediction residual errors will be much higher 

if this linear model is fitted to a nonlinear response of the structure caused by damage. 

Therefore, the standard deviation of the residual errors from the AR-ARX model is used as 

the damage feature for identifying damage location. The large damage feature or standard 

deviation of the residual errors is expected to correspond to the damage condition of the 

structure. A statistical modeling was performed on the calculated damage features in order to 
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statistically measure the significance of the calculated damage features. The damages were 

identified in the structure although there were several false positive damage identifications. It 

should be noted that identifying damage location in this study was based on comparison of 

local measurements at the connection joints; however, it might not be economically possible 

to mount two accelerometers at each joint of a structure for identifying the damage location. 

Another instance of using time series model is the work reported by Sohn et al. (2000). 

Similar to the previous work, the damage detection process was performed as a statistical 

pattern recognition problem. The vibration responses of a RC column of a bridge were 

measured in the laboratory at different damage conditions and different locations of the 

column. Different levels of damage were created in the column by enforcing different levels 

of lateral displacements on the column using a hydraulic actuator, and the vibration responses 

were collected under a random vibration applied by the hydraulic actuator. A Principal 

Component Analysis (PCA) was applied on the vibration data measured at different locations 

of the RC column. The purpose of performing the PCA analysis was to compress the 

acceleration time histories measured at different locations of the RC column to a single 

vibration time histories. Then, the damage features were extracted by fitting an AR model to 

the compressed vibration measurement. The coefficients of the fitted models were taken as 

the sensitive damage features. An erroneous change in these coefficients could be indication 

of a damage occurring in the structure. Another data compression was performed on the 

obtained AR coefficients using a statistical measure called Fisher Criterion to reduce the 

dimensionality of the damage features from a 2D space to a 1D space. Finally, a statistical 

modeling was performed to detect outliers in the calculated coefficients. All the damage 

cases were successfully identified using the proposed damage features and statistical 

evaluation process. The extent of this study was limited to detecting existence of damage in 

the RC column, and no additional effort was made to identify the damage location. Sohn et 

al. (2001a, 2001b) used a combination of AR-ARX models to extract damage features for 

damage detection in a patrol boat. Three sets of strain measurement time histories were 

obtained from different operational conditions of the patrol boat. The authors had been 
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informed that two of these strain measurements had been obtained under the same structural 

condition of the boat while the third set of data was related to a new damage condition of the 

boat. Damage features were developed based on a combination of AR-ARX models in order 

to classify the third set of data as a damage condition of the boat. A data normalization 

process was initially performed on the three sets of data since theses three sets of data had 

been obtained under different operational conditions of the boat. Each of the three sets of 

normalized strain time histories were divided to two sets of data with equal sizes. The data in 

the first half of one of the healthy data sets was used to construct an AR-ARX model for the 

healthy condition of the boat. Any deviation from this model can be used as a sign of damage 

in the boat. The built AR-ARX model was used to predict the data in the second half of the 

three different data sets. Variances of the residual prediction errors from these different data 

sets were used as the damage features. A threshold was determined based on the variance 

values in the healthy set of data, and it was observed that most of the calculated variance 

values for the third set of data fell above the critical threshold line. This showed that the 

constructed model based on the healthy condition of the structure cannot be used to 

accurately predict the data set coming from a damage condition of the boat. Sohn and Farrar 

(2001) used a similar approach to identify damages in an 8 DOF mass-spring system. 

Acceleration had been collected on all the masses and under different levels of random 

excitations induced by a shaker. The damage is introduced by adding a bumper between two 

masses. The presented approach successfully identified the location that the bumpers had 

been installed in the system. A very similar approach has been used by Zhang (2007) to 

identify the location of damage in a numerically simulated three span beam. The beam was 

defined as a combination of frame elements and zero-length elements to connect frame 

elements together, and the damages were introduced by reducing the stiffness at the zero-

length node elements. The acceleration time history responses of the beam were obtained at 

the healthy and damaged conditions of the beam under simulated ambient vibrations. 

Damage features were obtained in a very similar approach to what was presented by Sohn et 

al. (2001) using a combination of AR-ARX models; however, the difference lies in the 
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statistical evaluation of the damage features. A probability value is calculated for occurring 

damages at each finite element node using the statistical evaluation procedure. Finally, the 

node location that shows the largest probability of damage was tested. It was found that these 

identified nodes correspond to the nodes with induced damages in the finite element 

simulation. It should be mentioned that the way that the beam and damages have been 

simulated in this study may represent formation of hinges in the beam. This may not be a 

very realistic simulation for cracks in steel beams, and experimental evaluation of this 

method is required. Similar types of damage features, which are extracted based on the 

combination of AR-ARX models, will be used in Chapter 5 of this dissertation to identify 

damage locations in an experimental setup of an idealized bridge girder in the laboratory. 

Other time series models have also been used for damage detection purposes. Omenzetter 

and Brownjohn (2006) used both vector and univariate seasonal Autoregressive Integrate 

Moving Average (ARIMA) model for damage identifications in a bridge. These models were 

used to predict the strain data time histories measured during construction and service life of 

a pos-tensioned box girder bridge in Singapore, and the coefficients of the ARIMA models 

were used as the damage features to observe the changes in the response of the bridge. It was 

observed that changes in the coefficients of both univariate and multivariate ARIMA model 

can identify different construction events; however, it was observed that there are some 

events that univariate ARIMA models cannot identify while using a vector ARIMA model 

can provide additional information about the events on the bridge during its construction and 

service life; however no investigation was performed in this study to identify spatial 

information about the occurred events. In another study, Gul and Catbas (2009) used the 

deviations in the coefficients of AR models for damage identification on two different 

laboratory scale structures. Although there were some unsuccessful damage identifications, 

the method was successful in general for classifying the damages in the scaled structures. 

Carden and Brownjohn (2008) used Autoregressive Moving Average (ARMA) models for 

structural health monitoring of several different structures. These structures include the 

IASC-ASCE benchmark four-story frame structure, the Z24 Bridge and the Malaysia-
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Singapore Second Link bridge. The coefficients of the fitted ARMA models obtained under 

different operational and damage conditions of these structures were used as inputs to an 

unsupervised classifier. Different conditions of these structures were successfully classified 

in general. The authors mention that using ARMA models can only provide information 

about the existence of damages or changes in the structure and cannot provide any spatial 

information about changes in the structure; however, they mention that using a Vector 

Autoregressive Moving Average (VARMA) model can provide spatial information like 

modal shapes of the structures. This can be useful in identifying the location of damage in the 

structure since changes in the VARMA model coefficient can provide spatial information 

about damages in the structure. Few researchers have used VARMA models for locating 

damage in structures or bridges. Bodeux and Golinval (2003) fitted VARMA models to the 

vibration responses of a Steel Quake Benchmark structure in order to distinguish between the 

damaged and undamaged condition of the structure using the natural frequencies derived 

from VARMA models. Then, they used the confidence interval obtained from the standard 

deviation of the natural frequencies to classify damage conditions of the structure. No spatial 

information about locations of damage was obtained in their study. Heyns (1997) and De 

Stefano et al. (1997) derived modal shapes and curvatures from the fitted VARMA models in 

order to locate damage in the structures. However, modal properties do not usually have 

sufficient sensitivity to locate damage in structures as discussed earlier. The reason can be 

the extra condensation process that is performed on the VARMA model coefficients to derive 

the modal properties. Some useful information could be easily lost in this process. A new 

damage diagnosis method has been proposed in Chapter 3 of this dissertation which uses 

VARMA model coefficients in the context of statistical pattern recognition to identify 

damage locations in an idealized bridge girder experimentally tested in the laboratory. 

2.2.4. Other types of damage features 

In addition to the methods mentioned before, other types of damage features have been also 

proposed for structural health monitoring purposes. For instance, Todd et al. (2001) proposed 
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using a novel feature, called the average local attractor variance ratio (ALAVR), to extract 

damage features from nonlinear time series measured under chaotic excitations. The 

application of this method was investigated for damage detection in an 8 DOF mass-spring 

system. The authors found that the proposed damage features resulted in an order of 

magnitude improvement in resolution and robustness over other traditional modal-based 

damage features; however, the proposed damage feature was only used to detect damages, 

and capability of the proposed damage feature was not investigated for locating the damages 

in the structures. Nichols et al. (2003) used the same approach and type of damage features to 

identify damages in a scaled three-story frame building tested in the laboratory under a 

chaotic excitation. In another study Nichols et al (2004) used a new technique based on an 

empirical model for dynamics of the structure to monitor integrity in the jointed structures. 

The empirical models of the system dynamics were constructed in phase space at one 

location, and used to predict the response at another location using a Nonlinear Cross 

Prediction Approach (NCPE). The results of this method were compared to the damage 

features extracted from AR models, and it was found that the proposed method works better 

in identifying levels of preload loss in the joint when the source of excitation is chaotic. In 

another study, Overbey et al. (2007) used a state-space-based prediction error technique for 

damage detection in an aluminum frame with bolted joints. Damage was simulated by 

loosening the joint, and it was found that state-space-based prediction error techniques can be 

useful for damage detection of a stochastically excited structure.  

Another popular group of damage features consists of the ones extracted from applying the 

wavelet packet transform on the structural responses. These types of damage features are 

especially good for dealing with non-stationary dynamic structural responses. The reason is 

that they can capture changes of the frequency content of the responses in the time domain. 

Sun and Chang (2002) proposed using component energies of the wavelet packet transform 

as the damage features for damage detection in a simulated model of a three span bridge. The 

vibration responses of the simulated bridge were obtained at the nodes of the finite element 

model and under impact loadings. The damages were simulated by reducing the stiffness of 
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different elements in the FE model. Component energies of wavelet packet transforms were 

calculated from the obtained vibration responses of the simulated structure. A sensitivity 

analysis was performed on the component energies to identify the most sensitive 

components. Finally, the selected component energies from different damage levels and 

conditions of the structure were used to build a neural network model in order to locate and 

quantify extent of damages in the structure. The author mentions that using this approach 

requires a repeatable excitation on the structure. Therefore, a mechanical shaker should be 

used for exciting the response of the structure. The other drawback can be related to the 

smaller resolution of the proposed method in higher frequencies. This can potentially affect 

the damage detection process since the damages usually appear better in the higher frequency 

modes of the structural response. Similarly, Hou et al. (2000) presented another study on 

damage identification using wavelet-based approaches. The study presents an application of 

this method in damage detection by using data from a simple mass-spring structural model 

simulated under harmonic loading and actual acceleration measurements on a building during 

an earthquake event. The method shows that the damages may be detected by spikes in the 

details of the wavelet decomposition of the acceleration responses. Also, the location of these 

spikes in the time axis may accurately indicate the time that the structural damages occurred. 

Glabsiz et al. (2003) presented a study for system identification of the nonlinear dynamic 

systems using wavelet packet analysis. This study can be particularly useful to identify 

changes in the response of nonlinear dynamic systems. 

Another example of damage features used to identify damage in dynamic systems can be 

frequency domain nonlinear ARX models. Haroon and Adams (2007) used these models to 

identify damage in mechanical systems by capturing the nonlinear nature of the damages. 

Frequency domain ARX models were used to track changes in the nonlinear frequency 

correlations in the automotive suspension systems. It is shown that only using the outputs in 

the ARX models is effective in locating the damage due to the increased sensitivity to the 

local dynamics of the system. Another example of taking advantage from the induced 

nonlinearity in the system due to damages for damage identification is the work by Robertson 
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et al. (2003). They used wavelet transforms to determine Holder exponent values as the 

damage features. They proposed using this method in identifying damages that introduces 

discontinuities in the acceleration responses of dynamic systems. One of the benefits of using 

the proposed method is capturing the time at which the damage has occurred. The ability of 

the method was tested using the dynamic data from a mechanical system with a loose part.         

2.2.5. Statistical evaluations 

Statistical evaluation is an important step in the success of structural health monitoring 

methods. The extracted damage features which are used for damage identification usually 

suffer an inherit uncertainty due to different factors such as statistical uncertainty in the 

methods used for extracting the damage features and varying operational and environmental 

condition of the structure. Also, there is a need to determine a range under which the 

structural condition can be considered undamaged or damaged. Determining this range will 

also help determine the level of reliability of a proposed damage detection method for a 

specific type of damage in the structure. In other words, the number of false-positive and 

false-negative damage identifications can be understood by implementing an appropriate 

statistical model development. Finally, it can be said that developing a SHM step of 

statistical analysis is important in order to statistically quantify state of damage in the 

structure. The statistical model development falls into two categories (Farrar et al. 1999). 

When the data is only available from the undamaged condition of the structure, the statistical 

models fall in the category of unsupervised learning. These statistical models are only good 

for the lower levels of damage detection like detecting existence or location of damages in 

the structure. Some examples of these models are the application of multivariate probability 

density function estimation or statistical process control to detect outliers among the 

extracted damage features. If the data is available from both damaged and undamaged states 

of the structure, the statistical models can be categorized as supervised learning. These 

statistical models can be used for higher levels of damage detections such as quantifying 

extent of damage or identifying the type of damage in the structure. The supervised learning 



 

Chapter 2: Literature Review 

 40 

methods can be essentially defined as group classification methods and regression analysis 

methods. Some examples of both methods can be Bayesian classifiers, neural network 

classifiers and different regression methods. Some of examples of applications of these 

methods in damage detection problems are provided in the following.            

For instance, Fasel et al. (2002) used a Sequential Probability Ratio Test (SPRT) to classify 

the state of damage in a structure by evaluating the extracted damage features. The damage 

features were the standard deviations of the prediction errors from fitting an AR-ARX model 

to the measured vibration responses. The concept behind this statistical test is to determine if 

the mean and variance of the calculated damage features has changed enough to classify a 

damage condition of the structure. The SPRT statistical test worked reasonably well in this 

study to reduce the amount of data needed to make a correct decision about the state of the 

structure. Another example of using unsupervised methods is the application of X-bar chart 

analysis by Sohn et al. (2001) for identifying the existence of damage in a structure. X-bar 

chart analysis provided a framework to monitor the changes in the mean value of the selected 

damage features and to identify the samples that are inconsistent with the previous data sets. 

A similar study was conducted by Fugate et al. (2001) to use a combination X-bar and S 

control charts to monitor the mean and variance of the selected damage features. The study 

was performed to detect the existence of damage in an RC column. Damage features were 

obtained by applying AR models to the measured acceleration time histories, and X-bar and 

S chart were used to monitor the mean and variance of the obtained damage features at 

different conditions of the RC column. The number of outliers in these charts increased 

significantly when the damage features were from the damage condition of the structure. 

Also, X-bar control charts were used to test existence of any false-positive damage 

detections. Gul and Catbas (2009) used Mahalanobis distances to statistically measure the 

deviation of the damage features from the undamaged condition of the structure. Similarly, 

Worden et al. (2000) used Mahalanobis distances as an outlier analysis for damage detection 

in four case studies. The studies included a simulation of a 3 DOF spring-mass system with 

faulty springs, two pseudo-experimental tests for a gearbox with local tooth fault and for a 
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plate with local delaminations and finally an experimental test of a ball-bearing. The result of 

the study showed that this type of outlier analysis can be successfully used in classifying 

different damage conditions of a faulty structure by setting a threshold based on the 

probability density of the unfaulty Mahalanobis distances. Sohn et al. (2004) and Park and 

Sohn (2006) discussed the importance of using extreme value statistics (EVS) in damage 

detection problems. Using EVS is important in accurate modeling of the damage features in 

the damage state of the structure. The reason is that the probability distributions of damage 

features usually migrates from normal to other distribution with long tails such as Gumbel or 

Weibull distributions as the damage occurs in the structure. Using EVS can provide a more 

reliable tool for decision-making about the condition of structures. The ability of EVS has 

been explained through a delamination detection study for a composite plate. Similarly, Sohn 

et al. (2005) showed the robustness of EVS in detecting a nonlinear damage introduced into a 

linear system through a study for damage detection in an 8 DOF spring-mass structural 

system. More information about testing normality of the data can be found in Shapiro and 

Wilk (1965), Linnet (1988) and Pearson et al. (1977). 

Another example of using unsupervised learning methods is the study carried out by Farrar et 

al. (1999). The Fisher linear discriminant was used in this study to discriminate between the 

damage features obtained from the damaged and undamaged condition of a RC column. This 

linear discriminant showed a strong potential for identifying existence of damage. One of the 

advantages of using this statistical method can be using only data from responses of the 

structure. Moniz et al. (2004) carried out a study to show how using the continuity statistics 

can be useful in detecting existence and location of damage. They used geometric 

representation of system dynamics to infer information about the condition of a three story 

frame building in the lab. The building was instrumented with multiple sensors at the joints 

of each floor, and they proposed using continuity statistics to measure the probability that a 

continuous function exists from one geometric object to another. Using the experimental data 

from the test structure, the authors showed that this type of statistical test can be useful for 

both detecting and locating damages in the structure.  
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Ruotolo and Surace (1999) demonstrated application of Singular Value Decomposition 

(SVD) for damage identification in structures exposed to different operational conditions. 

They tested the ability of this statistical method for damage classification on simulated data 

for a truss-type structure. The singular values of measurements were taken as the damage 

index. The analysis showed that the damages can be detected in the truss structure by 

following the trend of damage index over time. Iwasaki et al. (2005) used another statistical 

method within the class of unsupervised learning methods to detect the damage in a jet-fan. 

A quadratic polynomial regression model was used to simulate the loading condition at one 

of the turnbuckles. A statistical F test was performed on the obtained coefficients of the 

regression model to measure the similarity of the obtained coefficients. They could 

successfully detect damages in the jet-fan using this statistical method.  

Also, there are several examples of supervised learning methods in the literature for damage 

detection purposes. A very popular statistical tool is the use of neural networks for 

identifying the state of structures. For instance, Worden (1997) used an Auto-Associative 

Network (AAN) for this purpose. As it is clear from the name, this type of neural network 

produces the inputs of the model as their outputs. Using this approach can be useful for a 

structure which shows nonlinearity in its measured responses at different operational 

conditions when the structure is still undamaged. Using the data from the undamaged 

condition of the structure to train the neural network can build a complex model that captures 

the nonlinearity of the response due to changes in different operational conditions; however, 

if the input of the trained AAN model comes from a damaged condition of the structure, then 

the difference between the input and output grows. Worden (1997) used a Euclidean distance 

between the inputs and outputs of the AAN model to capture novelties that occur in the 

structure due to damages. Another example of using the Auto-associative neural networks is 

the work by Sohn et al. (2002) to classify damage conditions of the structure under varying 

operational and environmental condition of the structure. More details about the auto-

associative neural networks which can be considered a tool for operating a Nonlinear 

Principal Component Analysis (NLPCA) is discussed in Kramer (1999). Other researchers 
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have also used other types of neural networks for damage detection purposes. Choi and 

Kwon (2000) used neural networks to locate damage in a steel truss bridge. They used static 

and dynamic measurements on a steel truss bridge to calibrate a finite element model of the 

bridge. Then, they simulated the static and dynamic response of the bridge under different 

loadings at the healthy condition of the bridge and used it to train a neural network to identify 

the damage location in the bridge. The identification process was performed in two steps. In 

the first step, the strain data was used to identify the abnormal half-span of the bridge, and in 

the second neural network model the natural frequency and mode shape data was used to 

identify the damaged parts of the bridge. The authors claim that the method worked 

successfully in identifying most damage cases. Another example of using supervised learning 

methods in damage identification is using Bayesian updating methods presented by Enright 

and Frangopol (1999). The authors presented an approach to incorporate the prior 

information into probabilistic strength loss predictions and time-variant reliability estimated 

of deteriorating bridges using Monte Carlo Simulation, regression analysis, numerical 

integration and adaptive importance sampling. The method allows for quantitative 

assessment of the bridge component using the inspection results.   

2.3. RESEARCH GAPS 

There is considerable amount of research conducted to identify locations of damage based on 

vibration-base techniques. Almost all the reviewed vibration-based techniques use either 

simple modal characteristics such as modal frequencies or modal shapes, some modally 

related indices such as flexibility matrix or some sort of model parameter updating.  All these 

methods go through a process of data condensation. This means that the measured vibration 

data on the structure is used to derive a condensed set of information like natural frequencies, 

mode shapes or mode shape curvatures; however, a useful portion of the data could be lost 

during the data condensation process. The other problem of these methods is that usually a 

limited number of vibration modes are used in the reviewed methods in order to identify 

damages in the structures. It is known that damages are local phenomena that can be 
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identified in the higher modes frequency, and capturing these damages using the global 

information in a few early modes of vibration could be difficult. Also, it was observed that 

the accuracy of many of the proposed methods was reduced when they used the information 

from higher modes of vibration. Another issue is that many of these methods use some sort 

of numerical model updating which may be very difficult for large and complex structures 

with many variable components to choose for the model updating. The last difficulty can also 

be related to the inevitable need for an accurate calibration of the numerical model of the 

bridges. This calibrating process can be very complex and computationally demanding for 

online monitoring of bridges.  

In the search for more sensitive damage features that can capture more information from the 

measured vibration time history responses of structures, researchers have proposed using 

time series models. Most researchers have used AR, ARX and ARMA models to identify 

damages in the structure; however, these models do not provide spatial information about the 

vibrations in the structure, and therefore are difficult to use for identifying damage locations. 

Few researchers have considered using VARMA models for extracting damage features, but 

they have derived modal properties from the fitted VARMA models in order to locate 

damage in the structures. The modal properties do not usually have sufficient sensitivity to 

locate damage in structures due to data condensation. Some useful information could be 

easily lost in this process. This research focuses mainly on developing a new damage feature 

to identify location of damages. The research starts with modifying a damage diagnosis 

method which was previously developed in the literature based on combination of AR-ARX 

time series models (Sohn et al. 2001b) for identifying existence of damage and uses it to 

identify location of damage in a two-span steel beam. Finally, a new class of damage features 

will be developed based on fitting VAR models to the vibration responses. The new damage 

features will be directly extracted from the coefficients of the fitted VAR models to prevent 

loosing useful information in the data condensation process. An appropriate damage 

diagnosis method will be presented in Chapter 3 of this dissertation in the context of 

statistical pattern recognition to identify damage locations in an idealized bridge girder 



 

Chapter 2: Literature Review 

 45 

experimentally tested in the laboratory. The details of the experimental program are 

discussed in Chapter 4. Chapter 5 describes the details of steps in which the damage 

diagnosis methods have been applied to the measured vibration responses of the beam in 

order to identify locations of damages.  
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Chapter 3:  Damage diagnostics 

This Chapter outlines two different damage diagnosis schemes proposed for identifying 

damage locations in steel bridge girders. Both proposed methods are discussed in context of 

statistical pattern recognition problems. It means both methods are developed such that the 

extracted damage-sensitive features will be statistically tested to measure the amount of 

deviations from the undamaged condition of the structure. In this regard, the damage features 

in both diagnosis schemes are extracted from the vibration responses of the structure in 

damaged and undamaged conditions using different types of time series models. As 

discussed before, direct extraction of the damage features from the measured time history 

vibration responses has several advantages over using the conventional modal-based damage 

features like natural frequencies, mode shapes and mode shape curvatures. An important 

aspect that should be carefully thought in the damage feature extraction process is the 

sensitivity of the damage feature with respect to type of damages, type of structural responses 

and level of damage detection. A simple example can be using natural frequencies in damage 

detection. If the goal of the damage detection process is obtaining information about the 

location of damage in the structure, then natural frequencies of the structure cannot be very 

sensitive damage features since natural frequencies are global properties of the structures 

which do not contain spatial information about the response of the structure. Although some 

natural frequencies may be affected by damages at a certain location, they are not good 

candidates for identifying damage locations in general. 

The other important step in the damage diagnosis problems is conducting an appropriate 

statistical evaluation of the extracted damage features. The extracted damage features from 

the measured structural responses often contain some inherit uncertainty due to the 

calculation algorithm and varying operational and environmental conditions of the structure. 

The last step in both of the proposed diagnosis schemes will include some statistical 

evaluations that statistically discriminate between the damage-induced changes and other 

inherit variations in the extracted damage features.  
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In the following, an overview of the time series models will be reviewed, and then the 

proposed damage diagnosis methods will be discussed in details. 

3.1. AN OVERVIEW OF THE TIME SERIES MODELS 

Time series models have application in many disciplines. The interest in using these models 

for system identification and damage detection problems has raised during the past two 

decades. Both of the proposed damage diagnostic methods in this Chapter will used time 

series models to extract sensitive damage features. Before providing more details about the 

proposed damage diagnosis methods, a brief background about the different time series 

models will be provided. For more information, classical treatments of these models are 

provided by Box et al. (1994) and Fuller (1996). Also, a more application oriented treatment 

of these models specially for the system identification and system analysis problems is 

provided by Pandit and Wu (1983). Three different types of time series models will be 

discussed in the following.   

3.1.1. Autoregressive  and Autoregressive Moving Average models   

Autoregressive Moving Average models can be used to predict the time history responses of 

any stochastic system. The data in the time history response of a dynamic system has a 

dependent nature. The time series models can be used to realize this dependency in the 

response of a structural system to the uncorrelated “white noise” inputs. These models are 

actually regression models that can predict the present observations in the structural response 

as sum of two uncorrelated parts, one is dependent on the previous observations in the 

structural response and the other one can be a series of uncorrelated sequences. The simplest 

such models are:  

                                                              t t-1 tX =φX +e     (Eq. 3.1) 

where: 

 Xt = Observation in the structural response at time t 
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 φ = Model constant 

 et = A sequence of uncorrelated variables or the prediction error of the model 

This model is called a first order Autoregressive model (AR(1)). The root of the name goes 

back to the fact that the observation, Xt, can be rewritten by regressing on its own value at a 

previous time.  

The other simple time series model is when an observation can be related as sum of a series 

of uncorrelated sequences. The simplest such model can be represented as: 

t 1 t-1 tX =θ e +e      (Eq. 3.2) 

This model is called a first order Moving Average model (MA(1)). None of these simple 

models, AR(1) or MA(1), can be a real representative of dynamic responses in a complex 

structure. Indeed, in order to model responses of a complex dynamical system, higher order 

Autoregressive moving average, ARMA(p,q), models can be used: 

                        t 1 t-1 2 t-2 p t-p 1 t-1 2 t-2 q t-q tX =φ X +φ X +...+φ X +θ e +θ e +...+θ e +e   (Eq. 3.3) 

This model can also be written as: 

  
p q

t i t-i j t-j t

i=1 j=1

X = φ X + θ e +e∑ ∑     (Eq. 3.4) 

where: 

 Xt = Observation in the structural response at time t 

 φi = i
th

 predictor coefficients for the Autoregressive part of the model 

 θj = j
th

 predictor coefficients for the Moving Average part of the model 

 et = Residual error of the model prediction at time t 

 p, q = Orders of Autoregressive and Moving average terms of the model, respectively 
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The other interesting characteristic of these models is that AR and MA model can be used to 

represent the same dynamical model interchangeably. For instance, an AR(1) model with a 

constant can written as: 

t 0 1 t-1 t

0 1 0 1 t-2 t-1 t

0 1 0 1 0 1 t-3 t-2 t-1 t

2 t-1 t t-1
0 1 1 1 1 0 t 1 t-1 2 t-2 1 1

X =φ +φ X +e

=φ +φ (φ +φ X +e )+e

=φ +φ (φ +φ (φ +φ X +e )+e )+e

=φ (1+φ +φ +...+φ )+φ X +e +φ e +φ e +...+φ e

⋮

(Eq. 3.5) 

It can be shown that Xt can be a stationary response of the structure only if φ1<1. Therefore, 

if the process has started at infinite past, the above equation can be written as: 

j0
t t-j1

1 j=0

φ
X = + φ e

1-φ

∞

∑     (Eq. 3.6) 

By performing similar expansion for any higher order AR model, it can be said that any AR 

model can be written in term of an infinite MA process. Similarly, it can be shown that any 

MA process can be also written as an infinite AR process provided that the MA process is 

invertible.  

Structural responses of a dynamic system can be ideally modeled by an ARMA(p,q) model 

as in Eq. 3.4. The model parameters given in this equation, φi and θj coefficients, include 

information about physical properties of the structure. φi coefficients define the AR function 

of order p, and can be used to determine the natural frequencies, and damping ratios while θj 

coefficients define the MA function of order q and include information about power of the 

response in different modes of frequency (Pandit and Wu 1983). In fact, if the number of 

modes excited in the dynamic response of the structure is n/2, then φl can be written in term 

of natural frequencies of the structure: 

1 2 l

1 2 l 1 2 l

n
l+1

l i i i

i ,i ,...,i =1,i <i <...<i

φ =(-1) λ λ ....λ∑   (Eq. 3.7) 
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where 

 λi = i
th

 pole of the system 

Each pair of poles is related to the natural frequency, ωj, and damping ratio, ζj, of a mode 

through the following equation, where i=2j: 

     
( )2

j j j j∆ -ζ ω ±ω ζ -1

i i-1λ ,λ =e                (Eq. 3.8) 

where 

 λi-1 = complex conjugate of λi  

 ∆ = the sampling time interval 

 Therefore, if only modal properties of the structure are required, the vibration response can 

be modeled by just the AR part of the model. This information can make AR more 

interesting than using ARMA model. Besides, it is known that all ARMA models can be 

written as possibly infinite order AR models; however, in practice they may be modeled 

adequately by a finite order series (Box et al. 1994). As a result, using AR models instead of 

ARMA models has the advantage of less trial and error in estimating the model parameters. 

If an ARMA model is used for predicting a structural response, orders of both AR and MA 

part of the ARMA model should be found through trial and error while only order of the AR 

model is the target of trial and error if an AR model is used to predict the structural response. 

Another advantage of using AR models rather than ARMA models is the fact that a linear 

least-square method can be used for estimating AR parameters while a nonlinear least-square 

technique is required for estimating parameters of an ARMA model.  

There are several different criteria that can be checked for finding the appropriate order of 

the AR or ARMA models. The Akaike information criterion (AIC) (Ljung 1987) and 

Schwarz's Bayesian criterion (SBC) (Schwarz  1978) are among those that enforce a penalty 

for choosing longer than required series. These criteria may sometimes suggest AR models of 

different orders; hence a reasonable judgment should be used to choose the proper order of 
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the model when using this criterions. The other method that can be used to identify the 

proper orders for the times series models are the autocorrelation and partial autocorrelation 

functions. Autocorrelation function can be defined as: 

  ( )
( )
( )

t t+h

t t+h

γ h Cov(X ,X )
ρ h = =

γ 0 Var(X ) Var(X )
              (Eq. 3.9) 

where: 

 γ(h) = Autocovariance function of an observation with itself in a time shift h 

 Cov(Xt, Xt+h) = Covariance of an observation with itself in a time shift h 

 Var(Xt) = Variance of the observation 

This autocorrelation function can be estimated with ( )ρ̂ h  for a large sample of data:  

( )
( )( )

( )

n-h

t t+h

t=1
n

2

t

t=1

1
X -X X -X

n
ρ̂ h =

1
X -X

n

∑

∑
   (Eq. 3.10) 

where: 

 n = size of the sample 

Partial autocorrelation function, Φ(h), is also defined as: 

( )t t t-h t-h

t t t-h t-h

ˆ ˆCov X -X ,X -X
Φ(h)=

ˆ ˆVar(X -X ) Var(X -X )
  (Eq. 3.11) 

where: 

 tX̂ = The best linear unbiased predictor of Xt 

More information about how to calculate the autocorrelation and partial autocorrelation 

functions can be found in Fuller (1996). Autocorrelation and partial autocorrelation functions 
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can be used to guess the order of AR and MA processes. For instance, it has been shown that 

autocorrelation function cuts off after the m
th

 lag for a MA(m) process. Therefore, if the 

autocorrelation number cuts off suddenly after a certain lag number, it can be guessed that 

the structural response can be realized using a Moving Average process with a order equal to 

the cut-off lag number. This cut-off in the autocorrelation function is not true for an 

Autoregressive model for which the autocorrelation function decays smoothly to zero after a 

long number of lags. On the other hand, partial autocorrelation functions can be used to 

estimate the order of autoregressive models. Partial autocorrelation functions cut off after a 

certain lag for any autoregressive models; say, they drop after lag number n, then the an 

AR(n) can be estimated to represent the response of the structure. This observation is not true 

for MA models.        

In reality, the measured structural response of the structures do not fall in the exact category 

of either AR or MA models. Therefore, it will be difficult to understand the correct order of 

the model just by looking at the autocorrelation and partial autocorrelation functions; hence, 

another simple approach that can be taken to find the appropriate order of the AR or ARMA 

models is checking normality and randomness of the prediction residual errors. If the 

prediction residual errors are not white noise, then the AR or ARMA models have not 

captured the system dynamics, the excitation poles, the measured noise or combination of 

these factors properly. The randomness of the prediction errors in the AR model can be 

determined by checking the autocorrelation of the prediction errors. This process usually 

requires some trial and error for estimating the proper order of the model, and as explained 

before, using an AR model over an ARMA model to simulate the structural response can be 

beneficial in order to reduce the number of trial and errors. 

More information on the estimation method of the time series model can be found in Fuller 

(1996) and Box et al. (1994). 
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3.1.2. Autoregressive with exogenous inputs models 

The other type of univariate time series models is called Autoregressive with exogenous 

inputs (ARX) model. This model can be represented as the following: 

a b

t i t-i j t-j t

i=1 j=1

X = α X + β e +ε∑ ∑     (Eq. 3.12) 

where: 

 αi = Predictor coefficients for the AR part of the model at time lag i 

 βj = Predictor coefficients for the exogenous part of the model at time lag j 

 Xt = Observation in the structural response at time t 

  εt = Residual error of the model prediction at time t 

et-j = External input to the model at time t-j 

a, b = Orders of Autoregressive and eXogenous terms of the model, respectively 

It can be shown that the ARX model is a linear approximation of an ARMA model for a 

stationary time series (Ljung 1987). If it is assumed that the prediction errors, et-j, between 

the measured response and predicted response using an AR model is mainly caused by an 

unknown external input, then these prediction error terms can be used to construct the ARX 

model. It is suggested by Ljung (1987) that orders of the AR part and eXogenous part in the 

ARX model are chosen so that: 

a+b P≤      (Eq. 3.13) 

where: 

 a = Order of the AR part of the ARX model 

 b = Order of the eXogenous part of the ARX model 

 p = Order of the AR model in Eq. 3.4 
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Estimating parameters of an ARX model can be treated as a linear regression problem using 

least-square techniques. A model will be regressed on the observation values at previous 

times and some external inputs, which can be taken from the error term in the AR model, to 

predict the value of the observation at a present time. More information about this model, its 

properties and estimation procedure can be found in Ljung (1987). 

3.1.3. Vector Autoregressive Moving Average models 

The vector autoregressive moving average model is called VARMA(p,q). The form of the 

model can be written as:  

          
p q

t i t-i j t-j t

i=1 j=1

Y = Φ Y + Θ ε +ε∑ ∑                                     (Eq. 3.14) 

Where 

 Yt = (y1t, y2t, …, ynt )
T
= Vector response variables  

 εt = (ε1t, ε2t, …, εnt) 
T
= Vector unobserved noise variables 

 Φi = i
th

 predictor coefficient matrix for the Autoregressive part of the vector process 

 Θj = j
th

 predictor coefficient matrix for the Moving Average part of the vector process 

 p, q = Orders of the vector processes related to the Autoregressive and Moving 

Average part of the model, respectively  

 n = number of observation vectors 

 Unlike, the univariate Autoregressive Moving Average models, the VARMA model is useful 

to realize a model for a set of vectors of data not only in the time domain but also in other 

domains such as space. The simple interpretation of this model for a dynamic system can be 

that the response variables, which are acceleration responses at different locations, are not 

only contemporaneously correlated to each other, they are also correlated to each other’s past 

values.  

The model parameters given in equation Eq. 3.14, Φi and Θj coefficients, include information 

about physical properties of the structure. Unlike the univariate ARMA models (Eq. 3.4) 

where φi coefficients only include data about the natural frequencies and damping ratios, Φi 
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coefficient matrix in the VARMA models defines the parameters for the AR part of the 

model, and can be used to obtain spatial information about the vibration such as mode shapes 

in addition to the natural frequencies and damping ratios. Providing spatial information about 

the vibration response of the structure can be useful for the damage detection problems which 

seek information about the location of the damage. The reason is that if the damage is local at 

a certain location of the structure, some portion of the model coefficient matrix in the VAR 

or VARMA models can be affected more than other parts of the coefficients. This partial 

change in the coefficient matrix can provide useful information about the location of the 

damage. Θj coefficients in the VARMA model define the MA part of the model and can 

provide information about power of the response in different modes (Pandit and Wu 1983). 

Therefore, all the discussion regarding using AR models instead of ARMA models in 

modeling the response of a dynamic system can be true for the vector case as well if only 

modal information is required about the system rather than the power of the response in the 

vibration modes. There are several different criteria that can be checked for the required 

order of the AR model. Minimum Information Criterion proposed by Spliid (1983) and 

Koreisha and Pukkila (1989) and Akaike information criterion (AIC) can be used to identify 

the proper order of VARMA models. These approaches are available in the SAS statistical 

package in order to find the proper order of an VARMA model; however, like the case of 

univariate ARMA models, a simpler approach for validating the appropriate order of the AR 

model can be checking the randomness and normality of the residual error vector. Normal 

probability plots or autocorrelation of the residuals can be used to check the Gaussianity and 

randomness of the residual errors, respectively. As it was discussed in the case of univariate 

time series models, using AR models has some advantages over ARMA models since the 

number of trial and errors required to estimate the model. This discussion is true for the 

vector time series too. Another advantage of using VAR models can be using a simpler 

estimation process. The parameters of the VARMA models can be estimated using nonlinear 

least-square methods while VAR can be estimated using a linear least-square technique.  
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As the result of estimating a VAR model, the matrix of model parameter, Φi , can be 

obtained for different time lags of the model. For a set of acceleration time history vectors, p 

coefficient matrices will be obtained as components of ( )1 2, ,..., ,...Φ = Φ Φ Φ Φi p  for the p time 

lags of the model. In this model, Φi  corresponds to the coefficients of i
th

 time lag and is a 

n×n matrix where n is the number of observation vectors. This matrix can be represented as 

following:      

    

11,i 12,i 1n,i

21,i 22,i 2n,i

n1,i n2,i nn,i

φ φ φ

φ φ φ

φ φ φ

i

 
 
 Φ =
 
 
  

⋯

⋯

⋮ ⋮ ⋱ ⋮

⋯

                                   (Eq. 3.15) 

Useful information can be obtained from these matrices for damage detection problems. 

Some of this information such as spatial information about the vibration cannot be obtained 

from univariate time series models. Further information about the model parameter 

estimation and model order determination of vector time series processes can be found in 

Fuller (1996).  

Modal information can also be obtained from the ARMAV models. ARMAV models can be 

expressed by: 

     
t tY = CX    (Eq. 3.16) 

where: 

     t t-1 tX =AX +Wε   (Eq. 3.17) 

Where for v = max(p,q+1): 
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Where C is the observation matrix, A is the matrix containing the coefficients of the AR part 

and W matrix contains information for the moving average part of the data. The natural 

frequencies, fr, and damping ratios, ζr, can be obtained from the eigenvlaues, τr, of the AR 

parameter matrix, A as following: 

    

( )

( )
( )

r
r

r
r

r

ln τ
f =

2π∆t

Real(ln τ )
ζ =-

ln τ

   (Eq. 3.18) 

Where r = 1,2,…,v.n, and n is number of observation vectors. The complex mode shapes of 

the structure can be also obtained from ARMAV models. If L corresponds to the column 

matrix defined by eigenvectors of matrix A, the mode shape matrix, Φ, can be found as: 

     Φ=CL                (Eq. 3.19) 

However, it should be noted that all the eigenvector obtained from VARMA models may not 

be related to true mode shapes of the structure. Identifying physical and non-physical mode 

shapes in the VARMA model can be obtained by using stability diagrams.    

3.2. FIRST DAMAGE DIAGNOSIS METHOD 

This damage diagnosis approach is proposed in 4 steps. During these four steps, the vibration 

responses of the structure obtained at its healthy and damage conditions will be indirectly 
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compared to each other by extracting sensitive damage features. The damage features will be 

obtained by application of AR and ARX models to the measured vibration response of the 

structure, and probability values will be used to statistically measure the amount of variations 

in the extracted damage features from healthy to the damage condition of the structure. 

Supposedly, the most amount of deviations should be observed in the sensors close to the 

physical location of damage. The following are the four different steps: 

1) Data sample formation: In this step, smaller data samples were segmented from vibration 

time histories collected under healthy and different damage conditions of the beam. This step 

has two major motivations. The first is to create data samples which are collected under 

varying operational/loading conditions of the structure. Since the vibration response of the 

structure will be measured under ambient vibration, any of the smaller data segments in the 

vibration response of the structure can be regarded as the response of the structure measured 

under a varying loading. The second was to include the effect of the statistical uncertainty 

which is involved in estimating the time series models in the diagnosis scheme. There is an 

inherit uncertainty in estimating the parameters for any regression or time series model; 

however, if several time series parameters are estimated for a similar data, the degree of 

statistical uncertainty involved in estimating the parameters can be included in the future 

analysis to build a more reliable damage diagnosis. Then, the damage diagnosis will only 

monitor the changes which are due to damages rather than changes which have other sources 

such as statistical uncertainty.     

In order to perform this step, the time histories collected in the healthy condition of the beam 

will divided to two data sets. One of the data sets will be taken as the Reference data set, 

Set
R
, and the other one will be referred to the Healthy data set, Set

H
. The reference data set 

will be used as a reference condition of the beam and the healthy data set will be used for 

later damage feature extraction for healthy condition of the beam. Similarly, the portion of 

collected time histories from damage conditions of the beam which had equal length to those 

of the healthy data set were taken as the Damage data set, Set
D
, for extracting damage 
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features for different damage conditions of the beam. Later, the time histories in each of 

these data sets, Set
R
, Set

H
 and Set

D
 were divided into smaller data samples.  

2) Data Normalization: Varying environmental and operational (loading) conditions can 

significantly affect the vibration responses of structures. Although the effect of varying 

environmental conditions was not considered in this study, the normalization procedure is 

performed to match the data samples in different data sets that correspond to similar 

operational conditions. For this purpose, the number of data samples that are segmented in 

the Reference data set, Set
R
, is much larger than the number of data samples in the healthy 

and damage data sets. Therefore, the data samples in the Reference data set represent the 

vibration response of the beam collected under a variety of loading conditions. For each data 

sample in Set
D
 or Set

H
 a data sample is matched from the reference data set. To perform this 

matching process quantitatively, an AR model is estimated for any data sample in all 

different data sets. If x(n) and y(n) represent the data in the Reference and Healthy/Damage 

data sets respectively, the estimated AR models will be as follows: 

                                                    ( ) ( ) ( )
p

x x

k=1

x(n) = - a k x n- k + u n∑                                            (Eq. 3.20) 

                                           ( ) ( ) ( )
p

k=1

(n) = - a k n- k + u ny yy y∑                                     (Eq. 3.21) 

where: 

 x(n) = Acceleration response at time n in a Reference data set 

 y(n) = Acceleration response at time n in a Healthy/Damage data set 

 ax(k) = Predictor coefficients of the AR models at time lag k for predicting x(n) 

 ay(k) = Predictor coefficients of the AR models at time lag k for predicting y(n) 

 ux(n) = Residual errors of the AR model for predicting x(n) 

 uy(n) = Residual errors of the AR model for predicting y(n) 
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 p = Order of the AR models 

For each data sample in the Healthy or Damage data sets, a data sample in the Reference data 

set was matched by finding the data samples which have the highest correlation in their AR 

coefficients. The correlation values were calculated using Eq. 3.22. 

( ) ( )

( ) ( )

p

x y

k=1

p p
2 2
y x

k=1 k=1

a k a k

Corr=

a k a k

∑

∑ ∑

    (Eq. 3.22) 

3) Damage feature extraction: The damage features in this damage diagnosis were extracted 

based on reproduction of the data samples using ARX time-series models. The approach is 

based on the premise that if a data sample is obtained from the same operational condition as 

one of the data samples in the reference data set and there is no damage in the structure, the 

dynamic characteristics in these two data samples should be represented by the same time 

series model. However, if the data sample is coming from a damage condition of the beam, 

the prediction errors will be high even if the prediction model is chosen from the closest data 

sample in the reference data set. In this regard, ARX models were used to predict the data 

samples in the reference data sets after the normalization procedure is completed and a data 

sample in the reference data set is matched to any of the data samples in either healthy or 

damage data sets. If x(n) represents the data from a Reference data sample, the ARX model 

will have the following form: 

                                              ( ) ( ) ( ) ( ) ( )
q r

x x

i=1 j=1

x(n)=- α i x n-i + β j u n-j +e n∑ ∑                           (Eq. 3.23) 

where: 

 x(n) = Acceleration response at time n in a Reference data set 

ux(n-j) = Exogenous inputs of the ARX model obtained from prediction errors of the 

AR models in the data normalization step 
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ex(n) = Prediction errors of the ARX model for predicting x(n)  

 α(i) = Predictor coefficients of the input terms in the ARX models at time lag i  

 β(j) = Predictor coefficients of the exogenous terms in the ARX models at time lag j  

q, r = Orders of the ARX model for the input and exogenous inputs, respectively 

The data in the healthy and damage data sets was then  predicted using the same ARX 

models estimated for their matched data samples in the reference data sample. Prediction 

errors from this fitting to the data sample in either healthy or damage data sets can be 

represented as: 

                                               ( )
q r

y y

i=1 j=1

e (n)=y(n)+ α(i)y(n-i)- β(j)u n-j∑ ∑                                     (Eq. 3.24) 

where: 

y(n) = Acceleration response at time n in a Healthy/Damage data set 

uy(n-j) = Exogenous inputs of the ARX model obtained from prediction errors of the 

AR models in the data normalization step   

ey(n) = Prediction errors of the ARX model for predicting y(n)  

α(i),  β(j) = Predictor coefficients of the ARX models obtained from fitting ARX 

models to the Reference data sets  

q, r = Orders of the ARX models obtained for fitting ARX models to the Reference 

data sets 

If the data samples are coming from the healthy condition of the beam, the same as the 

reference condition, the prediction errors from ARX models will be small and in the same 

range as ex(n). Otherwise, the prediction errors are expected to be large if the data samples 

are from a different structural condition. Finally, the damage features were calculated for 

data samples in the healthy and damage data sets as follows: 
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y
F

x

σ
D =

σ
                                (Eq. 3.25) 

Where  

σy = The standard deviations of prediction errors from Healthy/Damage data samples  

σx = The standard deviations of prediction errors from the matched data sample in the 

Reference data set 

If the damage features calculated for healthy and damage conditions are shown as DFH and 

DFD, respectively, it can expected that values of DFH  will be close to 1 since ex(n) and ey(n) 

would have similar magnitudes. On the other hand, DFD values are expected to be much 

higher since the calculated prediction errors are larger than ex(n). Finding the damage 

location was based on the assumption that the damage features calculated for a sensor close 

to the physical damage location will have the largest values. 

4) Statistical evaluation: In this step, a statistical evaluation will be conducted on the 

calculated damage features in order to identify damage location in the structure. This 

evaluation will be performed by comparison between the damage features calculated for the 

healthy and the damage condition of interest for each individual sensor location. It was noted 

that not only the mean value of the damage features is important for this comparison, but also 

the variance of the damage features is crucial in determining the actual difference between 

the damage features calculated for the healthy and the damage condition of interest. The 

statistical measure chosen for the final statistical evaluation is the Fisher criterion. The actual 

deviation in the population of the damage features from healthy to damage conditions of the 

structure can be discriminated by applying the Fisher criterion on the calculated damage 

features for the healthy and damaged conditions of the structure. Both means and variances 

of the damage features are required to calculate the Fisher criterion: 

     
( )

2
D h

2 2
D h

m -m
f=

σ +σ
                                                 (Eq. 3.26) 

where:   
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 f = Fisher criterion 

 mD, mh = mean values of damage features calculated for the damages and healthy 

data sets, respectively  

 σD, σh = Standard deviations of damage features calculated for the damages and 

healthy data sets, respectively 

The Fisher criterion falls in the category of linear classifiers that are used to find a linear 

combination of features which characterize or separate two or more classes of objects or 

events. More information about the Fisher criterion can be found in Bishop (1995). 

A set of f values will be obtained for each sensor location as the result of applying the Fisher 

criterion on the calculate damage features. Finally, identifying the damage location in the 

structure is based on the simple analogy that the Fisher criterion calculated for the sensor 

close to the physical damage locations will have the highest values. This means the selected 

the vibration response of the beam will experience the most extreme deviations at the sensor 

located closest to the physical damage location. 

3.3. SECOND DAMAGE DIAGNOSIS METHOD 

This damage diagnosis approach is also proposed in 4 steps like the first damage diagnosis 

method. Similar to the first method, the vibration responses of the structure obtained at its 

healthy and damage conditions will be indirectly compared to each other within the four-step 

process to identify the damage location. The difference of this method with the method 

presented before basically lies on the type of the extracted damage features and statistical 

methods used to detect damages. The proposed damage features are based on vector time 

series models. The vibration responses from different undamaged and damaged conditions of 

the structures are predicted using Vector Autoregressive models in order to realize the 

dynamics of the structure; however, the estimated parameters of these models are expected to 

deviate when a damage occurs in the structure. As discussed earlier, parameters of a VAR 

model include spatial information about the vibration as well as the natural frequency 

information. Therefore, different amount of deviations in different coefficients of the 
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parameter matrix in Eq. 3.15 can possibly provide useful information about the location of 

damage. The amount of deviations in different coefficients of this matrix from healthy to the 

damaged conditions of the structure can be calculated using statistical measures like 

Mahalanobis distances. Mahalanobis distances are taken as the sensitive damage features. 

One set of damage features is calculated for each sensor locations and at different damage 

conditions of the structure. Then, a statistical evaluation is conducted on the damage features, 

calculated for different sensors, to statistically measure the amount of deviations in the 

structural response at different sensor locations. Supposedly, the most amount of deviations 

should be observed in the sensors close to the physical location of damage. The following are 

the four different steps: 

Step 1: The first step in this damage diagnosis scheme is dividing the recorded vibration 

history of the structure at different conditions of the structure into smaller data samples. This 

allows having a number of different VAR models representing the vibration response of the 

structure for a number of the smaller data samples rather than fitting one single model to the 

entire recorded vibration time-histories. Conducting this step is important in taking into 

account two important factors in the vibration-based damage detection: (1) uncertainty in 

estimating the model parameters; (2) non-stationarity observed in the vibration time-

histories, which can mainly be related to structural nonlinearity and variations in levels of 

ambient excitation. The first factor is automatically taken into account when a number of 

VAR models are estimated to model stationary responses of a structure; however, if the 

responses of the structure have a non-stationary and time-varying nature, dividing the data 

into smaller data samples can help providing smaller data samples with stationary 

characteristics. In other words, the effect of structural nonlinearity may not be observed in 

the smaller data samples. The stationarity of the data samples guarantees the ability to predict 

the data using time series models such as VAR models. Thus, it should be mentioned that 

creating smaller stationary data samples from a longer non-stationary response time history 

may not be very applicable for all types of nonlinear responses collected from different types 

of the structure. Including the effect of these two factors in the damage diagnosis scheme 
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could potentially increase the reliability of the damage diagnostic algorithm since they are 

inevitable in vibration-based damage detection in large structures under ambient loadings. 

The first task in this step is dividing the recorded vibration history of the structure at its intact 

condition into two smaller data sets. The first half of the healthy data set was arbitrarily taken 

as the reference data set, Set
R
, and the second half of the healthy data set was taken as the 

undamaged data set, Set
U
, in order to derive damage features for the healthy condition of the 

structure. Similarly, the second half of the recorded vibration time histories from different 

damaged conditions of the structure were taken as damage data set, Set
D
, and used to derive 

damage features for the corresponding damage condition of the structure. These data sets for 

the reference, healthy and damage data sets are segmented into smaller data samples in order 

to incorporate the effect of uncertainty in parameter estimation. The data samples are created 

so that each has 50 % overlap with adjacent data samples. It should be reminded that each 

data sample is a matrix constituent of multiple time histories for different sensors at different 

locations. 

Step 2: The second step in this proposed damage diagnosis scheme will be estimating the 

parameters of the VAR models for each data sample generated from the Reference, 

Undamaged or Damaged data sets. The proper order of the estimated models is determined 

by checking the randomness and Gaussianity of the prediction errors between the measured 

and predicted structural responses in addition to checking the AIC criterion. The model 

parameters for different time lags will be obtained as coefficient matrices, shown in Eq. 3.15. 

The proposed diagnosis method looks for the coefficients in these matrices which can be only 

representative of role of a single sensor in the VAR model. Therefore, the diagonal terms of 

these matrices are potentially the best candidates to monitor the response collected at each 

individual sensor location. Other coefficients in the coefficient matrix include mixed effects 

of multiple sensor locations; hence, they may not be good representatives for capturing 

changes in a single sensor location. Also, it is preferable to directly use the coefficients of 

these matrices for the damage diagnosis process rather than using the eigen values or eigen 

vector values of the coefficient matrices. The reason is that some amount of information can 
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be potentially lost during the data condensation process, which is deriving the eigen value 

parameters. The times series model coefficients for early time lags like Φ1, and Φ2 are more 

important in predicting the recorded vibration responses. Therefore, φjj,1 and φjj,2 diagonal 

terms of the coefficient matrix in Eq. 3.15 were used to derive damage features for sensor j at 

different conditions of the structure. These coefficients indirectly include spatial information 

about the vibration at the sensor location as well as information about natural frequencies. 

These parameters calculated from each data sample were plotted versus each other 

representing a number of points for any of the different conditions of the structure. It means 

that the number of points representing each condition of the structure will be equal to the 

number of data samples segmented from the recorded vibration data in the corresponding 

condition. A schematic plot of these parameters is shown in Figure 3. 1 corresponding to four 

different conditions of the structure. 

 

-2

-1.6

-1.2

-0.8

-0.4

0

1 1.2 1.4 1.6 1.8 2 2.2

Reference

Healthy

Damage-1

Damage-2

,1φ jj

,2
φ

jj

 
Figure 3. 1 - Plot of a selected group of VAR parameters for sensor j at different structural 

conditions 

 

Step 3: In order to recognize the deviation pattern in the selected VAR parameters, a 

statistical measure, Mahalanobis Distance, is used to measure the distance between the 

selected VAR parameters corresponding to different conditions of the structure. This 

statistical distance was calculated based on the selected VAR model for different sensors. 

These calculate Mahalanobis distances are the sensitive damage features that are calculated 

for different sensor locations and different damage conditions. The Mahalanobis Distance of 
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a multivariate potential outlier vector x = (x1, x2, …, xn)
T
 from a reference group of data with 

mean µ and covariance matrix S will be: 

    ( ) ( ) ( )
T -1

MD x = x-µ S x-µ                                       (Eq. 3.27) 

where: 

 DM(x) = Mahalanobis distance of a multivariate potential outlier vector 

 x = (x1, x2, …, xn)
T
 = multivariate potential outlier vector 

 µ= (µ1, µ2, …, µm)
T
 = mean value of the reference group of data 

 S = Covariance matrix between the reference and outlier group of data  

In other words, the Mahalanobis distance calculates the distance between a data point in the 

potential outlier group of data and the mean value of a reference group of data adjusting for 

the covariance of the reference set of data. This can be schematically explained in Figure 3. 

1.  Notice that arrows in Figure 3. 1 stand for ordinary (Euclidean) distances between two 

points in the different groups of data, and are not adjusted for the covariance of the groups of 

data.  The Mahalanobis distance is different than this ordinary, or Euclidean, distance.  

Elliptical contours in Figure 3. 1 show Mahalanobis distances of same probability 

surrounding a mean for a bivariate normal population.  It can be seen in this figure that 

arrows are pointing to three different data points with similar Mahalanobis distances while 

Euclidean distances to these three data points are completely different. These differences 

arise from taking into account the effect of covariance between different groups of data in 

calculating Mahalanobis distances. The Mahalanobis Distances fall in the category of 

multivariate outlier analysis, and more information can be obtained about it in Mahalanobis 

(1936). 

As a result of this step, a distance vector will be obtained for each group of potential outlier 

data at any sensor location. The number of columns in this vector will be equal to the number 

of the data points in the potential outlier group of data or similarly, equal to the number of 

the segmented data samples. 

Step 4: In this step, a statistical evaluation will be conducted on the calculated damage 

features in order to identify damage location in the structure. This step is conducted very 
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similar to the statistical evaluation step in the 1
st
 damage diagnosis method. The evaluation 

will be performed to compare between the Mahalanobis distance vectors, damage features, 

calculated for the healthy and the damage condition of interest for each individual sensor 

location. Fisher criterion will be used to perform this comparison since both the average and 

variance values of the damage features are important in determining the actual difference 

between the estimated VAR models calculated for the healthy and the damage condition of 

interest. This can be also observed by looking at the data points falling within elliptical 

contours of different probability in Figure 3. 1.  

A set of f values will be obtained for Fisher criterion at each sensor location by using Eq. 

3.26. Finally, identifying the damage location in the structure is based on the analogy that the 

Fisher criterion calculated for the sensor close to the physical damage locations will have the 

highest values. This means the selected VAR parameters will experience the most extreme 

deviations at the sensor located closest to the physical damage location. 

Application of both proposed damage diagnosis techniques will be explained in Chapter 5. 

The vibration measurements collected on an idealized bridge girder in the laboratory are used 

to validate the proposed damage detection methods. The experimental testing and the 

measured data will be discussed in Chapter 4. 
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Chapter 4:  Experimental program 

This chapter outlines the experimental program that was conducted to evaluate the reliability 

of the damage detection techniques proposed in chapter 3. The main objective of this chapter 

is outlying a set of laboratory testing which was performed to measure vibration responses of 

an idealized bridge girder at different damage conditions under varying operational and 

environmental conditions. A steel beam was set up in the lab in order to idealize a bridge 

girder. The first task was to determine the required specification for measuring the vibration 

responses of the idealized bridge girder. Finite element analyses were carried out for this 

purpose based on the set-up geometry of the beam and with an expected level of excitation 

loadings. The vibration responses of the beam obtained from the FE analysis were used to 

determine the required specification of the accelerometers, the required digital sampling rates 

for collecting the vibration response and to estimate a reasonable range of spacing between 

the accelerometers to capture the information about induced damages.  

After designing the test setup and determining the measurement requirements, a testing 

scenario was planned to measure the vibration response of the beam at its different 

conditions.  Damages were simulated by cutting different sizes of the cross section of the 

beam at two different locations. A hydraulic actuator was used to simulate ambient vibrations 

on the beam, and a high channel industrial data acquisition system was used to collect the 

vibration responses of the beam at all of its different conditions and at different locations 

along the length of the beam. Also, temperature variations were considered in these sets of 

laboratory testing. The main objective of simulating temperature variations on the beam was 

to investigate if the proposed damage identification methods are able to identify damage 

locations in presence of temperature variations. Details of the experimental set up and the 

testing procedures are discussed in this chapter. 
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4.1. DESCRPTION OF THE TEST SETUP 

4.1.1. Description of the beam geometry and set up 

The steel beam used for the testing in the laboratory was a standard steel section, W4×13 

wide flange steel beam. This beam was fabricated using an A992 Gr. 50 steel. This beam was 

40 ft long. The beam was setup in two continuous spans, and was supported by three pinned 

and roller supports. Each span was 18 ft long. Vertical stiffeners were welded to the both 

sides of the web of the steel beam at the support locations. A schematic view of the beam 

setup is shown in Figure 4.1. Supports were designed to act as pinned and roller boundary 

conditions in three support locations along the length of the beam. These pinned and roller 

supports are shown in Figure 4.2(a) and 4.2 (b), respectively. These supports were designed 

to prevent movements in the direction parallel to the web of the beam. A pinned support was 

used at the left support of the beam, and roller supports were used at the middle and right 

supports of the beam. These supports had been bolted to the steel pedestals which were used 

as stands for the beam. These steel pedestals had also been tightened to the lab strong floor; 

however, a special setup was used to tighten the steel pedestals to the lab strong floor as 

shown in Figure 4.3. The main reason for this special setup was the fixed spacing of the holes 

in the lab strong floor, which was 3 ft. An offset of 1 ft was necessary between the centerline 

of the beam supports and the holes in the lab strong floor to prevent applying the excitation 

loads, which was applied using a hydraulic actuator, on a stationary node of a major mode of 

vibration. As a result, the vibration responses of the beam would include contributions from 

more modes of vibration. This will be helpful in damage detection problems to have a diverse 

range of vibration modes in the vibration response of the beam. This is important because 

there is not usually any a priori knowledge about effects of damage on different modes of 

vibration, and it is not desirable to miss the response from a vibration mode which might be 

more affected by the damages in the structure.         
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Left Support

Middle Support

Middle Support

Right Support

(a) (b)

 

Figure 4.1 – A view of the (a) Right span and (b) Left span of the beam in its two-span setup 

  
(a) (b)

 

Figure 4.2 – (a) Pinned support used at left support and (b) Roller support used at middle 

and right supports of the beam set-up 
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2 ft
1 ft

3 ft

 

Figure 4.3 – Setup of the steel pedestals with respect to the lab strong floor 
 

A 20 kips hydraulic actuator was used to excite the vibration response of the beam at its 

different damage conditions. This hydraulic actuator was used to simulate the ambient 

vibrations on the beam by applying random loadings. The details of the applied loads will be 

discussed later. The hydraulic actuator was setup on a steel frame to apply loadings parallel 

to the web of the beam. The steel frame was prestressed to the lab strong floor to prevent 

vibrations of the steel frame. Also, dimensions of the steel members used in the steel frames 

were selected so that vibrations of the steel frame do not affect the frequency range of 

interest in the vibration response of the beam. The steel frame was setup 5ft from centerline 

of the left support of the beam as shown in Figure 4.4. This setup was possible due to the 1ft 

offset between the centerline of the beam supports and the holes in the lab strong floor. As 
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the result, the location of excitation was not a stationary node for a major mode of beam 

vibration.    

5 ft

 

Figure 4.4 – Setup of the 20 kips MTS hydraulic actuator on a steel frame with respect to the 

left support of the beam 

4.1.2. Determining the measurement requirements 

4.1.2.1. Sensitivity of the accelerometers 

In order to determine the specification of the accelerometer and their placement on the beam, 

a transient finite element analysis was carried out to simulate the vibration response of a two-

span continuous steel beam with the same geometry of the set up beam under an impact 

loading. The reason that impact loadings was considered for finding the measurement range 

of the accelerometers was that a modally-tuned impact hammer was used to identify modal 
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properties of the beam as part of the study. The geometry of the modeled beam and location 

of the simulated impact loading is shown in Figure 4.5. The beam was modeled using 8 

noded shell elements in ANSYS v11. Its boundary conditions were simulated with pinned 

and roller constraints at the support locations of the beam. An impact loading was simulated 

in the model by applying a triangular shape loading which reaches to 300 lbs in 0.5 ms, and 

goes back to zero. The meshes of the finite element model of the beam and the applied load 

have been shown in Figure 4.6. After building the model, a transient dynamic analysis was 

performed to obtain dynamic responses of the beam due to the applied loading.  

Impact loading
5 ft
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Figure 4.5 – Geometry of the modeled beam (dimensions in inch if not stated) 
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Figure 4.6 – Shell elements used for FE modeling of the beam and simulated impact loading 
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The time steps in this transient analysis were chosen so that the waves do not pass length of 

one element earlier than one time step. The minimum size of the elements in the longitudinal 

direction of the beam was 2 inches. Knowing that the elastic modulus of steel is 29000 

kips/in
2
, the time steps were kept smaller than: 

max

2 2 ∆x ∆x
∆t= = = = =3.21e-6

2cω c E

∆x ρ

  (Eq. 4.1) 

Therefore, a time stepping of 3e-6 was used in the analysis to obtain vibration response of the 

beam under an impact loading. 

The acceleration outputs of the FE analysis were obtained at four corner nodes of the shell 

elements. The maximum acceleration time histories were obtained at location of impact 

loadings. It showed a maximum about 4 g as the full acceleration time history response is 

shown in Figure 4.7. The reason that the acceleration response does not die out fast in this 

figure is due to the fact that no damping was considered in the transient dynamic analysis of 

the beam; however, the maximum acceleration response of the beam was the important 

output to determine the specification of the appropriate accelerometers on the beam. 
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Figure 4.7 – The maximum acceleration time history along the length of the beam obtained 

from transient FE analysis of the beam under a simulated impact loading  
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Basically, the sensitivity and measurement range of accelerometers have inverse relations 

with each other. It means the higher is the sensitivity, the smaller will be the range of 

measurements. It was decided to use an accelerometer that can measure at least up to 10 g. 

This decision was based on the maximum acceleration response of the beam calculated using 

the FE model of the beam under an impact loading of 300 lb. Selecting this range of 

acceleration measurements allows for a safety factor in the calculation as well as measuring 

the response of the beam due to higher impact loads. Unidirectional ICP
®

 accelerometers 

from PCB Piezotronics, Inc were selected for measuring the vibration response of the beam. 

These accelerometers were available for different range of acceleration measurement. The 

ones that were close to the range of interest had a measurement range of ±5g and ±50g. 

Therefore, unidirectional IEPE accelerometers, model 333B32, were selected for the purpose 

of this study. These accelerometers had a measurement range of ±50g and a sensitivity of 100 

mV/g, and they were able to measure vibration responses in the frequency range of 0.5 to 

3000 Hz. It was also important that the selected accelerometers have a small weight so that 

they do not affect the modal response of the light beam selected for the purpose of this study. 

The selected accelerometers had a weight of 4 gm which made them ideal for the purpose of 

this study. This accelerometer is shown in Figure 4.8. 

 

Figure 4.8 – PCB accelerometer model 333B32 
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4.1.2.2. Placement of the accelerometers 

The other important aspect in designing an appropriate sensory system for measuring the 

structural response of the structures is selecting an optimal number of sensors on the 

structure. It is not usually possible to use a large number of sensors due to economical 

limitations. Also, it is not desirable to loose important information about the response of the 

structure due to using a very limited number of sensors. Therefore, placing sensors on the 

structure usually turns to an optimization problem.    

In this regard, Trendafilova et al. (2001) carried out an interesting research to assess the 

optimal sensor location for vibration measurement on a plate structure. They employed the 

Shanon’s idea of mutual information (Gallager 1968) to find the optimal distance between 

sensors so that no information is either lost or duplicated between two adjacent measurement 

points. This optimal distance will be in fact the distance that makes information between 

adjacent sensors independent.  

Based on the Shanon’ idea of mutual information, if measurement 
i

a  is from sensor A and 

measurement 
j

b  is from sensor B, the mutual information between these two measurements 

can be represented as:  

( )
( )
AB i j

i j 2
A i B j

P (a ,b )
I a ,b =log

P a P (b )

 
 
  

    (Eq. 4.2) 

Where: 

 I(ai, bj) = The mutual information between measurement points A and B 

 PAB(ai, bj) = the joint probability density for measurements A and B  

PA(ai) and PB(bj) = the individual probability densities for A and B, respectively.  

If the measurements in A and B are completely independent from each other, then ( ),I a b  

will be equal to zero since: 
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( ) ( )P a,b =P(a)P b               (Eq. 4.3) 

In this regard, if ai(t), i=1, 2, …, N represents the acceleration signals from N measurement 

points that are located at a distance ∆x from each other, and these acceleration responses are 

measured in discrete times, each acceleration signal from these N measurement points can be 

represented as: 

( ) ( ) ( ){ } { } { }
m

i i 1 i 2 i m i1 i2 im ij
j=1

a = a t ,a t ,...,a t = a ,a ,...,a = a   (Eq. 4.4) 

For these acceleration signals, the average overall mutual information between measurement 

points with equal distance x∆ from each other can be written as: 

( ) ( )
( )

( ) ( )

N
i i+∆x

i i+∆x 2
i i+∆xi=1

P a ,a
I ∆x = P a ,a log

P a P a

 
  
 

∑   (Eq. 4.5) 

Where: 

 I(∆x) = Average mutual information  

 P(ai, ai+∆x) = the joint probability density between ai and ai+∆x  

 P(ai) = the individual probability densities of ai 

Individual probability densities and joint probability densities in Eq. 5.5 can be calculated 

from marginal histograms of aij and two-dimensional marginal histograms of aij and ai+∆x,j, 

respectively . When x∆ becomes large the calculated I(∆x) should tend to zero since the 

measurements from different sensors would become independent. It turns out in practice this 

values never becomes zero, but it will converge to a small value. 

Trendafilova et al. used this concept to find the optimal sensor location for vibration 

measurements on a plate. Trendafilova et al. suggested that the optimal sensor placement is 

the distance at which I(∆x) reaches its minimum and stays at a constant plateau.. They 

proposed three sensor placement configurations to prove this claim. These three 

configurations are shown in Figure 4.9. In the first set, sensors were placed at a minimum 
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distance. In the second set, sensors were placed at the optimal distance which was later found 

from I(∆x) calculation, and in the last set, distances between sensors exceeded the optimal 

distance. They found out, their damage detection method is not able to find damage location 

properly using set III while both set I and II were able to find the location of damage. Their 

calculated I(∆x) for sensor set II is shown in Figure 4.10. 

 

(I)
(II)

(III)

 

Figure 4.9  – Three different sets of sensor placement 

 

 

Figure 4.10 – The average mutual information as a function of the distance between 

measurement points 

A similar approach was used in this study to estimate the maximum distance that the 

accelerometers can be placed from each other in the proposed experimental setup. The 
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vibration responses that was obtained from FE simulation of the beam setup under impact 

loading was used to find this distances. Acceleration outputs of this FE model was used at the 

intersection nodes of the web and bottom flange shell elements. The minimum distance 

considered for calculating I(∆x) was 4 inches. I(∆x) was calculated for all the sensors that 

were 4, 8, 12, … 216 inches far from each other. In order to calculate these I(∆x) values the 

density probability and joint density probability values were calculated using marginal 

histograms and two-dimensional marginal histograms, respectively. 20 bins were used in 

constructing the marginal histogram and two-dimensional marginal histograms of the 

calculated acceleration responses. Probability densities and joint probability densities were 

calculated by considering the number of acceleration data that falls in each bin with respect 

to the total number of acceleration data. The calculated I(∆x) values are plotted in Figure 4. 

11. According to Trendafilova et al.’s findings, the distance at which the calculated I(∆x) 

values reached its first minimum in this figure was used as the maximum placing distance 

between the accelerometers.  The maximum value in the plateau of this graph was used to 

determine this distance as shown in Figure 4. 11. This distance was found to be 2 ft and 8 

inches.  
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Figure 4. 11  – The average mutual information based on FE simulation of the beam set-up 

It should be mentioned that the method proposed by Trendafilova et al. has been validated for 

plate structures which are very different from beams in terms of structural behavior. As it 
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was mentioned before the main objective of this study was to identify the damage locations 

in bridge girders, and validating or proposing a method for sensor optimization is out of 

scope of this study; however, the identified distance from the concept of average mutual 

information was used as a rough estimation for the maximum distance between sensors. As a 

result of this estimation, a total of 15 accelerometers were purchased to measure the vibration 

responses of the beam in the two spans. This number of sensors was obtained from dividing 

the total length of the beam in two spans over the estimated maximum number. 

Finally, in order to place the sensors on the beam, the only factor that was taken into account 

was to prevent putting the sensors on the stationary nodes of major vibration modes of the 

beam. Due to the simple geometry of the beam, these stationary nodes of vibrations were 

found by identifying the locations that are on major divisions of the free length of the beam. 

The selected locations for placement of the 15 sensors along the length of both spans of the 

beam are shown in Figure 4.12. 
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Figure 4.12 – Setup of accelerometers along the length of the beam 

4.1.2.3. Data acquisition system 

A National Instrument high channel industrial platform module was chosen for measuring the 

simultaneous dynamic response of the beam at 15 sensor locations. The selected module was 

a NI PXI-4496 data acquisition module that was used inside a rugged chassis from National 

Instrument, model NI PXI-1033. The configured dynamic data acquisition system and the 

PXI express module are shown in Figure 4.13(a) and (b), respectively. The NI PXI-4496 

module is a high performance data acquisition module which is able to simultaneously 

sample analog data from 16 input channels at a sampling rate of up to 204.8 kS/s. This data 
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acquisition module was configured with a 24-bit Analog to Digital Convertor (ADC) 

allowing for high resolution measurements. This data acquisition was also configurable for 

measuring the input from IEPE accelerometers which were used for the purpose of this study. 

This configuration was carried out through the LabView software controlling interface by 

allocating a 4 mA excitation current for the accelerometers. The PXI-4496 data acquisition 

module was also equipped with variable anti-aliasing filters to prevent inaccuracies in the 

frequency content of the measured vibration responses due to digital sampling of the analog 

signal. As mentioned, this data acquisition module was used inside a rugged chassis shown in 

Figure 4.13(a). This chassis has a compact package design and has 5 slots for simultaneous 

use of 5 different peripheral modules. Only one of the slots was used for purpose of this 

study as it can be seen in Figure 4.13(a). This chassis is also equipped with an integrated 

MXI-express controller card that enables control of the data acquisition modules through a 

laptop as well as transfer of the sampled analog data to a computer for storage or further 

process. Connection of the chassis to a Dell Inspiron laptop through this MXI-Express card is 

shown in Figure 4.14. The Laptop that was used along this data acquisition system was a Dell 

Laptop. The laptop was used for two purposes, controlling the data collection from the 

accelerometers and process and storage of the measured vibration response of the beam. NI 

LabView software v8.5 was used as a programming interface to control the measurement and 

transfer of the data to the laptop. Also, the excitation current inputs required for all the 

accelerometers were configured through the LabView interface. The LabView powerful tools 

also enable processing of the measured vibration signals both in time and frequency domains. 

The measured vibration responses of the beam were stored with an ASCII text format in the 

laptop. 
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(a) (b)

 

Figure 4.13 – (a) the configured data acquisition module inside the NI Chassis (b) NI PXI-

4496 data acquisition module  

MXI-Express card

 

Figure 4.14 – Controlling the data acquisition system using a Dell Inspiron laptop and an 

MXI-Express controller card 
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4.1.2.4. Data acquisition and signal processing 

A trigger-based data acquisition was set in a LabView program for measuring the vibration 

responses of the beam. It means that sampling and transfer of the vibration data was started if 

the acceleration response in a specific sensor exceeded a certain limit. 

Although, the frequency range of the vibration response of the beam had been investigated 

using analytical models, a trial testing was performed on the beam in order to select the 

appropriate sampling frequency of the vibration response. This trial testing was necessary to 

better understand the frequency content of the vibration response of the beam under the 

random loading applied by the hydraulic actuator. The details of the applied random loading 

on the beam using the hydraulic actuator will be discussed later.  

The sampling rate, used in the trial testing, was 2048 Hz. The vibration response of the beam 

was recorded for 300s with this sampling rate. This vibration response had been obtained 

under a trial random loading that had been applied using the hydraulic actuator. The 

spectrogram of the vibration response of the beam is plotted in Figure 4.15 for an arbitrary 

sensor location, sensor 5 (Figure 4.12).  
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Figure 4.15 – Sample Spectrogram obtained from sensor 5 at healthy condition of the beam 

under random loading 
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The vibration response of the beam has a stationary nature since the intensity of the colors 

stays the same along the time axis of the spectrogram graph in Figure 4.15. Information 

about the frequency content of the response can be found by looking at the intensity and 

variation of the colors along the frequency axis of the spectrogram graph. A major amount of 

power in the frequency response of the beam is concentrated up to 500 Hz. This is indicated 

by intensity and variation of the colors along the frequency axis of this graph. The minimum 

sampling frequency that satisfies the Nyquist sampling criterion for measuring the frequency 

responses of the beam up to 500 Hz is 1000 Hz, twice the frequency bandwidth. Therefore, 

the sampling frequency that was actually used for digitizing the vibration response of the 

beam was 2048 Hz. The used sampling frequency was selected higher than the lower bound 

of Nyquist rate to provide a better resolution for the measured vibration data in the frequency 

domain. 

No filters were applied on the measured vibration response of the beam except the anti-

aliasing filters. The reason was due to the noise level in the measured vibration data. Anti-

aliasing filters were automatically applied on the measured vibration data to prevent any 

shifts in the frequency content of the beam due to digital sampling of the analog outputs of 

the accelerometers. Also, no windowing was applied on the measured vibration data. Further 

data processes on the measured vibration data will be explained in the analysis chapter.  

4.1.3. Description of the induced damage conditions 

The damages were induced in the beam by cutting notches of different configurations, sizes, 

and widths in the bottom flange of the beam. These notches were cut at 2 different locations 

along the length of the beam as shown in Figure 4.16. The notches at the 1
st
 damage location 

were of minimal width in the longitudinal direction of the beam while the cuts at the 2
nd

 

damage location were 4 inches wide. An electrical saw was used to cut pieces of the bottom 

flange and web of the beam at these two damage locations. Five different levels of damage 

were considered at the 1
st
 damage location, and 4 different levels of cuts were considered for 

damages at the 2
nd

 damage location. The extent of different levels of damage at the 1
st
 and 2

nd
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damage locations are shown in Figure 4.17. The five different levels of cuts at the 1
st
 location 

are presented in Figure 4.17 as D11 to D15 damage cases. Similarly, the four levels of 

damage in the 2
nd

 damage location are shown in this figure as D21 to D24 damage cases.  

The notches at the 2
nd

 damage location were cut when the damage at the 1
st
 damage location 

was already available at its maximum level. Figure 4.18 and Figure 4.19 show the different 

damage cases that were induced on the bottom flange of the beam using an electrical saw. 

Also, amount of reductions in the cross-sectional properties of the beam due to the saw cuts 

are presented in Table 4.1. The least and maximum reductions in moment inertia of the beam 

due to notches at the 1
st
 damage location were about 5 and 76 %, respectively. These values 

were about 9 and 43% for the 2
nd

 damage location, respectively.  
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Figure 4.16 – Locations of the induced damages along the length of the beam (Dimensions in 

inches)  
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Figure 4.17 – Extent of cuts in cross-section at (a) 1
st
 and (b) 2

nd
 damage locations 

(Dimensions in inches) 
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Table 4.1 – Percent changes in cross-sectional properties of the beam due to different levels 

of damages 

% reduction in D11 D12 D13 D14 D15 D21 D22 D23 D24 

area 4.9 9.8 19.6 36.7 39.2 7.3 3.4 15.7 26.9 

Moment Inertia 5.4 12.2 28.3 68.4 76.0 8.7 15.2 21.4 43.2 

(a) (b) (c)

(d) (e)

 

Figure 4.18– Extent of cuts in (a) D11, (b) D12, (c) 13, (d) D14 and (e) D14 damage cases 



 

Chapter 4: Experimental program 

 88 

(c)

(a)

(d)

(b)

 

Figure 4.19 – Extent of cuts in (a) D21, (b) D22, (c) D23 and (d) D24 damage cases 

4.2. EXCITATION LOADS 

4.2.1. Random loadings applied using the hydraulic actuator 

The main objective of this study is to identify the location of damage for bridges under 

ambient loading. Many researches such as Huang 2001, Zhang 2007 and Sohn et al. 2000 

have used random white noise signals to simulate the ambient vibrations due to traffic or 

wind flow. In this research, random white noise signals generated using signal generator 

functions in Matlab was also used as input commands of a hydraulic actuator in order to 

simulate the ambient vibrations on the idealized beam setup. The hydraulic actuator was used 

to apply these random loadings in parallel direction with respect to the web of the beam at 5ft 

from the left support of the beam. The setup of this hydraulic actuator is shown in Figure 4.4.  

Three different sets of white noise signals were as the input commands of the hydraulic 

actuator. These white noise signals are shown in Figure 4.20. The actuator was used in an 
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open-loop force-control manner to apply these three different sets of random loadings on the 

beam. This actuator was equipped with two servo-valves to apply compression and tension 

loadings, and was capable of applying strokes up to 20 inches.  The random loadings were 

applied on the beam to excite its vibration response in the range of 0-500 Hz; however, the 

actual applied loads did not completely match the input commands due to use of the actuator 

in an open-loop, system limitations and dynamics of the beam and supporting frame. As the 

result, the feedback signals were not quite white noise signals since the power spectral 

density of the applied loads were not uniform over the range of excitation. The applied 

signals for the three different sets of input commands and their Power Spectral Densities 

(PSDs) are shown in Figure 4.21 and Figure 4.22, respectively. There were differences 

between the maximum and minimum limits of the input command and feedback signals as it 

can be understood by comparison of Figure 4.20 and Figure 4.21. The average and standard 

deviations of the three applied loads have been presented in Table 4.2. The main reason that 

these applied loads did not have a uniform power is related to use of the actuator in an open 

loop. However, the major modes of vibration of the beam were excited in the desired range 

of frequency. This can be observed in Figure 4.22 as spikes in the power densities of the 

applied loads around the natural frequencies of the beam. The reason that the natural 

frequencies of the beam are observable in the power density of the feedback signals is related 

to the interaction of actuator and beam dynamics in the open loop control. Also, it can be 

observed in Figure 4.22 that the power densities of the applied loads are noticeably decreased 

after 250 Hz. It means that there will not be a noticeable power density in the vibration 

responses of the beam after 250 Hz either. This can be observed in Figure 4.15 which shows 

the spectrogram of the vibration response in sensor location 5.  

Table 4.2 – Average value and standard deviation of the three applied signals 

 1
st
 Signal 2

nd
 Signal 3

rd
 Signal 

Average (lb) 352.37 400.77 350.81 

Standard deviations 63.16 62.71 63.40 
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Figure 4.20 – (a) 1
st
 , (2) 2

nd
 and (c) 3

rd
 generated white noise time histories  
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Figure 4.21– (a) 1
st
 , (2) 2

nd
 and (c) 3

rd
 applied loads using the hydraulic actuator 
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Figure 4.22 – Power spectral density of the (a) 1
st
 , (b) 2

nd
 and (c) 3

rd
 sets of loading applied 

by the hydraulic actuator 
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4.2.2. Impact loading 

The second type of excitation applied on the beam was impact loadings. The main purpose of 

applying the impact loadings on the beam was to calculate Frequency Response Functions 

(FRFs) and modal properties of the beam at different damage conditions and different 

temperatures of the beam. The impact loading was applied using a PCB modally tuned 

impact hammer, model 0860C3. The impact hammer was equipped with a force sensor, and 

was capable of exciting the frequency response of the beam up to 0.8 kHz. The sensor at the 

tip of hammer had a 500 lbf amplitude range, and a sensitivity of 10 mV/lbf. Although the 

nominal amplitude range of the hammer was 500 lbf, it was able to measure higher loads too. 

A low noise coaxial cable was used to provide the excitation voltage for the hammer and 

transfer the measured analog signal of the impact hammer to the NI PXI data acquisition 

system. The impact hammer is shown in Figure 4.23.    

 

Figure 4.23 – Using the modally tuned impact hammer to excite vibration responses of the 

beam  
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The impact hammer was used to apply excitations in two locations along the left span of the 

beam as shown in Figure 4.24. The extracted natural frequencies were averaged from the 

FRFs obtained from applying the loads on these two locations. The natural frequencies 

obtained for different damage conditions and temperatures of the beam will be discussed in 

chapter 5. A sample impact load and induced vibration of the beam at an arbitrary sensor 

location, sensor 3, are shown in Figure 4.25.  

18'18' 2'2'

6' 4" 5' 1"

Impact location 1

Impact location 2

 

Figure 4.24 – Impact locations along the length of the beam 
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Figure 4.25– (a) An impact loading applied in impact location 1 and (b) vibration responses 

measured at sensor location 3 

4.3. TESTING PROCEDURE 

The methods presented in chapter 3 for damage identification purposes are mainly based on 

comparison of the vibration responses of the beam at its different conditions to its vibration 

responses at reference condition of the beam. Therefore, a complete set of testing was 

performed at the healthy condition of the structure to build the reference database for future 

comparison purposes. These testing included applying the three different sets of random 

loadings on the beam and recording the vibration responses of the beam at different sensor 



 

Chapter 4: Experimental program 

 96 

locations along its length. Any of the three different sets of random loadings were applied 

twice on the beam and the vibration responses were collected. Recording the vibration 

responses of the beam was started by tapping on the beam to trigger the recording level of 

acceleration in sensor location 1. The actuator loadings were applied after the trigger of 

vibration measurements. The actuator was set to reach a starting point of 100 lb before 

applying the input commands. This starting point ensured a consistent procedure in applying 

the loadings and an all-time compressive load on the beam. A square shaped steel plate was 

used between the actuator and the beam to ensure a full contact of the shoe of the actuator to 

the narrow width of the beam.  

The vibration responses of the beam were collected for 330 s for each set of loading on the 

beam. Anti-aliasing filters were the only filters applied on the measurements, and the 

vibration responses were saved as text files on the laptop hard disk. Multiple text files were 

used to save the 330 s long vibration data from the 15 accelerometers in order to prevent 

large sizes of the files for easier future processing.  

Damages were induced after measuring the vibration responses at healthy condition of the 

beam. It started by damage case D11 at the 1
st
 damage location which is shown in Figure 

4.16, Figure 4.17 and Figure 4.18. The extent of damage was increased in this damage 

location to D15 damage case which is shown in Figure 4.17 too. The same procedure was 

repeated for exciting and measuring the vibrations responses of the beam at any of these 

damage conditions. Similarly, 330 s vibration responses of the beam were collected at any of 

these damage conditions and for any of the three sets of random loadings. Damage cases 

were expanded to the 2
nd

 damage location after collecting the vibration responses of the beam 

for all damage cases in the 1
st
 damage location and all three different loading conditions. The 

same testing procedure was repeated to measure 330 s of vibration responses for the 4 

different damage cases in 2
nd

 damage location under the three different sets of random 

loadings. These damage cases were shown in Figure 4.16, Figure 4.17 and Figure 4.19. 

Processing of the vibration measurements collected at different damage conditions and under 

different loadings will be discussed in chapter 5.  
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4.3.1. Measuring the vibration responses under varying temperatures 

The other part of this study is to investigate effect of temperature variations on the ability of 

the proposed damage diagnosis methods to identify damage locations along length of the 

beam. Dry ice blocks were used to evaluate the effect of temperature variations in the 

experimental setting of this study. These dry ice blocks were used on the top flange of the 

beam to generate a temperature gradient between the top and bottom flange of the beam as 

the temperature gradient was diagnosed as the main reason for the variations in the modal 

properties of the bridges by Mosavi et al. (2010), and it will be discussed in chapter 6.  

Several 50 lb Blocks of dry ice were cut into smaller pieces. The pieces cut from a 50 lb 

packet of dry ice were not enough to cover the whole length of the beam as shown in Figure 

4.26. Therefore, the sliced pieces of dry ice were used to cover the whole area of top flange 

of the beam in two steps. In the first step, slices of dry ice were put on the beam with equal 

spacing for 5 minutes. In the second step, they were replaced so that they cover the parts of 

the top flange which were not covered in the fist step. The time that slices of dry ice were left 

on the top flange in the second step was 3 minutes. This procedure resulted in reasonable and 

consistent temperature variations along the length of the beam. The blocks of dry ice were 

collected from the beam after putting them for a total of 8 minutes. Then, the vibration 

responses of the beam were collected at different sensor locations along the length of the 

beam. These vibration responses had been excited by using the 1
st
 random loading time 

histories as the input command of the actuator, and they were collected for 330 s. 

This procedure was started when there was no damage in the beam, and was similarly 

repeated after inducing different damage conditions. As the result, a complete set of vibration 

responses of the beam at different damage conditions and different temperature conditions 

were measured in this study. The original temperatures along the beam were always very 

stable around 70±2 ۫ F due to the controlled temperature in the lab environment. The 

temperatures of the beam were measured using a laser noncontact thermocouple at 10 

locations along the length of the beam. Temperatures were measured on the web, top and 
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bottom flanges of the beam at any of these 10 locations, 5 locations in the left span and 5 

locations in the right span of the beam. The average temperatures of the web, top and bottom 

flanges of the beam for these 10 measurement locations are presented in Table 4.3. The 

temperatures in this table are related to the measurements performed at different damage 

conditions of the beam.  

(a) (b)

 

Figure 4.26 – Sliced pieces of dry ice on (a) the left span and (b) along the beam 

Table 4.3– Average temperatures measured on the web, top and bottom flange of the beam at 

its different damage conditions   

 h D11 D12 D13 D14 D15 D21 D22 D23 D24 

Top flange 43.7 41.5 47.7 33.1 46.8 54.7 46.5 48.2 48.3 45.4 

Web 48.2 48.6 53.0 43.9 53.1 58.0 56.1 55.3 55.0 55.9 

Bottom flange 51.3 53.7 58.7 52.7 61.6 63.8 65.4 63.8 66.8 64.6 
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The averaged measured temperatures on the web, top and bottom flanges of the beam are 

plotted in Figure 4.27 with respect to depth of the beam at its different damage conditions. 

Figure 4.27(a) presents measured temperatures of the beam for healthy and different damage 

cases at the 1
st
 damage location. Figure 4.27(b) shows the measured temperatures for the 

different damage cases at the 2
nd

 damage locations and the temperatures related to their 

reference condition, damage case D15. Although inducing the temperature variations was 

repeated with the same procedure at different damage conditions of the beam, there were 

differences between the measured temperatures of the beam at different times.  
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Figure 4.27 – Average measured temperatures along the depth of the beam for (a) Reference 

and damage cases at the 1
st
 damage location (b) Reference and damage cases at the 2

nd
 

damage location 
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The deflections of the beam, induced by the temperature gradients between the top and 

bottom flanges of the beam, are also measured when the beam was cooled down with blocks 

of dry ice at D15 and D24 damage conditions. Two Linear Variable Differential 

Transformers were used to measure the deflections at these damage conditions due to the 

induced temperature variations. These two LVDTs were used to measure the deflections only 

in the left span. They were glued to bottom flange of the beam 5ft and 9ft away from the 

middle support. Installation of one of these LVDTs is shown in Figure 4.28. The measured 

deflections of the beam due to the temperature gradients at the LVDT locations are shown in 

Figure 4.29(a) and (b) for damage conditions D15 and D24, respectively. The distances of 

the LVDTs are presented in this figure with respect to the middle support of the beam. Figure 

4.29 shows that the temperature gradient has resulted in considerable deflections along the 

left span of the beam.  

5 ft

 

Figure 4.28 – Deflection measurements on the left span of the beam 
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Figure 4.29 – Deflections measured at two locations in the left span of the beam (with 

respect to the middle support) at (a) D15 and (b) D24 damage conditions 
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Chapter 5:  Implementation of the proposed diagnosis 

strategies 

This chapter outlines the results of implementing the damage diagnosis methods, proposed in 

chapter 3, on the vibration response of the beam experimentally tested at different conditions. 

The main objective of applying these diagnosis methods is to identify damage locations in 

bridge girders, and this chapter outlines the ability of the proposed diagnosis methods in 

identifying the damage locations. Effects of the induced damages on the natural frequencies 

of the idealized beam are discussed at the beginning of this chapter. Also, the effects of 

temperature on the natural frequencies will be shown. Application of the 1
st 

proposed method 

will be discussed thoroughly on the measured vibration responses of the beam at different 

damage conditions. Results of the analyses will be discussed. Similarly, the 2
nd

 proposed 

damage diagnosis method is applied on the measured vibration responses of the beam. The 

details involved in different steps of the method and the results of the analyses will be 

discussed. Also, the ability of the proposed damage diagnosis method is investigated under 

the effect of varying loading and temperature conditions. 

5.1. NATURAL FREQUENCIES OF THE BEAM  

The measured vibration response of the beam at its different damage conditions were used to 

derive the natural frequencies of the beam. The natural frequencies are the most basic 

information about vibration characteristics of structures, and are extensively used for damage 

detection purposes as mentioned in Chapter 2. Vibration responses of the beam to impact 

excitations, applied by a modally-tuned impact hammer, were used to derive its natural 

frequencies. The excitation input, impact loads, and the vibration responses were used to 

calculate the Frequency Response Functions for different input/output locations. A sample of 

this excitation load and vibration responses were shown in Figure 4.25. For a system with 
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multiple inputs/outputs, the measured frequency response for excitation location p and 

measurement location q can be expressed by: 

( )
( )

( )

q

p

V f
H f

U f
=      (Eq. 5.1) 

where Vq(f) is the Fourier Transform of the acceleration measurement at location q, and Up(f) 

is the Fourier Transform of the impulse loading at location p (Halvorsen & Brown 1977). 

The FRFs normalize the measured vibration responses with respect to the excitations applied 

on the beam. A sample of the calculated FRFs is plotted in Figure 5.1 for impact location 1 

(Figure 4.24) and sensor location 5 (Figure 4.12) for the healthy condition of the beam.  This 

FRF represents the average FRFs calculated from 5 sets of impact loading at location 1. The 

resolution used in calculating the FRFs is 0.0095 Hz. 
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Figure 5.1 – Averaged FRF for impact location 1 and sensor 5 

The natural frequencies of the beam were derived from the averaged FRFs at the two impact 

locations and different sensor locations. These natural frequencies are obtained using the 

pick-peaking method and are calculated for different conditions of the beam. The first 10 
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natural frequencies of the beam are presented in Table 5.1 for different damage conditions of 

the beam. The presented natural frequencies are average natural frequencies obtained from 

FRFs for different impact and sensor locations.  

Table 5.1 – Natural frequencies derived for different conditions of the beam (Hz) 

 f1 f2 f3 f4 f5 f6 f7 f8 f9 f10 

Healthy 11.74 17.87 44.70 48.81 52.12 56.90 97.85 117.32 157.82 166.94 

D11 11.74 17.86 44.70 48.83 52.04 56.90 97.85 117.34 157.80 166.97 

% change 0.00 -0.06 0.00 0.04 -0.15 0.00 0.00 0.02 -0.01 0.02 

D12 11.73 17.83 44.55 47.66 51.99 54.38 97.80 116.19 157.61 166.85 

% change -0.09 -0.22 -0.34 -2.36 -0.25 -4.43 -0.05 -0.96 -0.13 -0.05 

D13 11.72 17.82 44.47 47.46 51.94 53.96 97.74 116.09 157.32 166.84 

% change -0.17 -0.28 -0.51 -2.77 -0.35 -5.17 -0.11 -1.05 -0.32 -0.06 

D14 11.70 17.79 44.55 47.46 51.22 52.62 97.64 115.50 157.15 166.63 

% change -0.34 -0.45 -0.34 -2.77 -1.73 -7.52 -0.21 -1.55 -0.42 -0.19 

D15 11.58 17.73 44.19 45.45 49.85 ------ 96.93 115.89 156.58 166.48 

% change -1.36 -0.78 -1.14 -6.88 -4.36 ------ -0.94 -1.22 -0.79 -0.28 

D21 11.49 17.56 44.27 45.24 49.62 52.22 96.68 ------ 156.33 166.11 

% change -2.13 -1.73 -0.96 -7.31 -4.80 -8.22 -1.20 ------ -0.94 -0.50 

D22 11.49 17.55 ------- 45.18 49.59 52.22 96.69 ------ 157.76 166.15 

% change -2.13 -1.79 ------- -7.44 -4.85 -8.22 -1.19 ------ -0.04 -0.47 

D23 11.49 17.55 ------- 45.18 49.50 52.20 96.70 ------ 157.76 166.16 

% change -2.13 -1.79 ------- -7.44 -5.03 -8.26 -1.18 ------ -0.04 -0.47 

D24 11.46 17.54 ------- 45.02 ------ 50.95 96.23 ------ 157.36 165.24 

% change -2.39 -1.85 ------- -7.76 ------ -10.46 -1.66 ------ -0.29 -1.02 

 

The natural frequencies of the beam decreased after inducing damages to the beam as can be 

observed in Table 5.1. This decrease in the natural frequencies is the direct result of the 

decrease in the stiffness of the beam by introducing the damages. The amount of decrease in 

the natural frequencies increased as the extent of the induced damages increased. The natural 

frequencies of the beam were not noticeably affected when the D11 damage case was 

induced in the beam. The small variations observed in some of the natural frequencies in the 

D11 damage condition are in the level of the resolution used in calculating the natural 

frequencies, and cannot be directly related to changes in the natural frequencies of the beam. 

The natural frequencies of the beam decreased more in the later damage cases; however, the 

amount of decrease was not the same for all the natural frequencies. The least decrease of 
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variation was observed in the 9
th

 mode of vibration, while the most variation was observed in 

the 6
th

 mode of vibration. The 1
st
 mode of vibration changed 2.39 % from its original value at 

the most sever extent of damage in the beam.  

The other observation was that some modes of vibration were not identified at higher extents 

of damages. This can be related to the fact that the energy in some modes of vibration was 

dispersed between other vibration modes as the damage extent grew. This was more evident 

when the damages were introduced in the 2
nd

 damage location.  

Table 5.2 shows the natural frequencies calculated for different damage conditions of the 

beam when the temperature of the beam was different from its reference condition. The 

suffix “_c” in this table stands for the conditions when the temperature was different from the 

reference temperature of the beam. All the changes are presented with respect to the healthy 

condition of the beam at room temperature. The variations induced and measured in the 

temperature of the beam are thoroughly discussed in Section 4.3.1 of Chapter 4.  
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Table 5.2 – Natural frequencies of the beam derived for different conditions of the beam at 

varying temperature (Hz) 

 f1 f2 f3 f4 f5 f6 f7 f8 f9 f10 

Healthy 11.74 17.87 44.70 48.81 52.12 56.90 97.85 117.32 157.82 166.94 

Healthy_c 11.75 17.83 44.52 47.35 52.12 57.01 97.87 117.39 158.20 166.89 

% change 0.09 -0.22 -0.40 -2.99 0.00 0.19 0.02 0.06 0.24 -0.03 

D11_c 11.76 17.86 44.60 47.55 52.14 57.19 97.93 117.38 158.43 167.10 

% change 0.17 -0.06 -0.22 -2.58 0.04 0.51 0.08 0.05 0.39 0.10 

D12_c 11.76 17.85 44.59 47.51 52.13 57.17 97.89 117.53 158.37 167.08 

% change 0.17 -0.11 -0.25 -2.66 0.02 0.47 0.04 0.18 0.35 0.08 

D13_c 11.75 17.84 44.63 47.61 52.20 57.17 97.81 117.79 158.36 167.25 

% change 0.09 -0.17 -0.16 -2.46 0.15 0.47 -0.04 0.40 0.34 0.19 

D14_c 11.62 17.82 44.63 45.27 ------ 56.75 97.25 ------ 158.57 167.20 

% change -1.02 -0.28 -0.16 -7.25 ------ -0.26 -0.61 ------ 0.48 0.16 

D15_c 11.52 17.68 ------ 45.30 49.63 56.54 96.75 ------ 158.72 167.26 

% change -1.87 -1.06 ------ -7.19 -4.78 -0.63 -1.12 ------ 0.57 0.19 

D21_c 11.52 17.68 ------ 45.21 49.58 56.45 96.80 ------ 158.35 166.67 

% change -1.87 -1.06 ------ -7.38 -4.87 -0.79 -1.07 ------ 0.34 -0.16 

D22_c 11.51 17.67 ------ 45.28 49.91 55.84 96.71 ------ 158.16 166.53 

% change -1.96 -1.12 ------ -7.23 -4.24 -1.86 -1.17 ------ 0.22 -0.25 

D23_c 11.52 17.70 ------ 45.14 49.54 56.46 96.71 ------ 158.48 166.36 

% change -1.87 -0.95 ------ -7.52 -4.95 -0.77 -1.17 ------ 0.42 -0.35 

D24_c 11.50 17.69 ------ 45.03 50.08 56.46 96.43 ------ 158.28 165.66 

% change -2.04 -1.01 ------ -7.74 -3.91 -0.77 -1.45 ------ 0.29 -0.77 

 

The temperature variations induced in the beam were not always consistent as discussed in 

Chapter 4. Therefore, a general comparison of the natural frequencies is only possible due to 

the effects of temperature variations rather than quantitative comparisons. Increases in most 

of the natural frequencies were expected due to the deflections measured on the beam (Figure 

4.29) after putting blocks of the dry ice on its top flange. The stiffness of the beam was 

expected to increase in existence of these deflections due to the effects of secondary load 

distributions. That is, that the axial stiffness has a secondary effect on the flexural stiffness of 

the beam when the beam is deformed due to temperature variation. A mixed effect of 

temperature was measured on the natural frequencies as can be seen in Table 5.2. While 

increases were observed in most of the natural frequencies, other modes of frequencies 
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decreased. Effects of temperature on natural frequencies of the beam can be understood by 

comparison of the changes between Table 5.1 and Table 5.2. 

It can generally be concluded that the natural frequencies decrease due to the existence of 

damages in the beam; however, the amount of change is negligible for early levels of 

damage. For example, the amount of variation in the 1
st
 and 2

nd
 natural frequencies in the 

early states of damage was in the order of the resolution used for calculating natural 

frequencies. This small amount of variation with respect to the resolution of calculations 

raises uncertainty in detecting damages. The other problem in detecting damages using 

natural frequencies is that the amount of variation in different modes of frequency is 

different. Some natural frequencies show small variations due to damages while other show 

larger amount of variation. Therefore, a priori knowledge about effect of damages on natural 

frequencies is required to detect damages using more sensitive natural frequencies. The 

problem of damage detection using natural frequencies becomes even more complex when 

the effects of temperature variation on modal frequencies combine with those of damages. As 

can be seen in Table 5.2, decreasing temperatures of the beam have an opposite effect on the 

natural frequencies of the beam compared to the effects of damages. This opposite effects 

may disguise the existence of damage in the structure if only natural frequencies are used to 

detect damages. It is impossible to confirm the existence of damage in the beam for damage 

cases D11, D12 and D13 by looking at 9 of the 10 natural frequencies of the beam. 

Therefore, if natural frequencies are used for damage detection purposes, great care should 

be taken into account in using the vibration data which is measured under a different 

temperature from the reference condition of the structure. Alternatively, it will be easier to 

develop a pool of reference vibration data that has been collected under different 

temperatures conditions. 

The main purpose of this chapter is to investigate the use of damage features that are more 

sensitive than fundamental modal characteristics to identify damage locations in bridge 

girders. The details of applying the proposed damage diagnosis methods on the measured 

vibration responses of the idealized bridge girder will be discussed in the following.  
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5.2. IMPLEMENTATION OF THE FIRST DAMAGE DIAGNOSIS 

SCHEME AND DISCUSSION 

The 330 s acceleration time histories measured at different damage conditions of the beam 

were used to evaluate the ability of the 1
st
 damage diagnosis method to identify damage 

locations on the beam. The vibration responses measured at different damage conditions of 

the beam were indirectly compared to the vibration responses measured at its healthy 

condition. All the vibration responses used for this comparison were measured under the 

same random loading excitations. Vibration responses from the 1
st
 random excitations are 

specifically used in the following discussion of the analysis and results. These vibration 

responses were measured under the normal room temperature of the lab, 70±2 ۫ F. Therefore, 

it was expected that changes in the vibration responses of the beam would be only due to the 

effects of damages. The first 10 s of the measured vibration responses were discarded and 

only the remaining 320 s of the vibration time histories were used for damage diagnosis 

purposes. The main reason for performing this data cleansing process was to obtain a more 

stationary response of the beam. Stationarity of the vibration signal is important in estimating 

the signal using a sound time series model. The cleaned vibration responses of the beam were 

used to extract damage features and to evaluate the probability of occurring damage at 

different sensor locations along the length of the beam. Details of the damage feature 

extraction process were explained in Chapter 3. Implementing the damage diagnosis method 

on the measured responses of the beam will be discussed in the following 4 steps: 

5.2.1. Step 1: Data sample formation 

The 320 s long vibration time histories measured at different sensor locations and from 

different damage conditions of the beam were used to form the Reference (Set
R
), Healthy 

(Set
H
) and Damage data sets (Set

D
). The data measured under the undamaged condition of 

the beam was used to form the Reference and Healthy data sets at each sensor location. The 

first two-thirds of the vibration time histories measured under the undamaged condition of 

the beam was used as the Reference data sets which included 436,907 data points, and the 



 

Chapter 5: Implementation of the proposed diagnosis strategies 

 109 

last third of the vibration time histories was used as the Healthy data sets which included 

218,453 data points. Likewise, different Damage data sets included 218,453 data points from 

the last third of the vibration time histories measured under different conditions of the beam. 

Generation of the Reference, Healthy and Damage data sets are shown in Figure 5.2 for 

vibration responses measured at a sample sensor location, sensor 5. As mentioned in Chapter 

3, the Reference data sets were generated for comparison purposes, and Healthy and Damage 

data sets were generated to extract damage features for healthy and different damage 

conditions of the beam, respectively. These data sets were further divided to smaller data 

samples. The length of each data sample was set to be 4,096 data points. The Reference data 

set was divided into 2,000 overlapping data samples which had 3,880 common data points 

with their adjacent data samples. The Healthy and Damage data sets were divided to 54 data 

samples, 4,096 data points long. These data samples only shared 52 common data points with 

their adjacent data samples. Generation of these smaller data samples in the Reference, 

Healthy and Damage data sets, shown in Figure 5.2, are shown in Figure 5.3. As discussed in 

Chapter 3, one of the reasons for segmenting the vibration response of the beam to smaller 

data samples was to form data samples which represent the response of the beam under 

varying loading conditions. In this regard, the large number of generated data samples in the 

Reference data set (2000 data samples) was selected to represent the response of the beam at 

the Reference condition under a variety of loading conditions. This large number of the data 

samples in the reference data sets will ensure a better data normalization step. In other words, 

a better match can be found for the data samples in the Healthy and Damaged data sets in the 

pool of Reference data samples that represent similar operational conditions of the beam. 
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Figure 5.2 – (a) Reference and healthy data sets formed from the undamaged condition of the 

beam and (b) Damage data sets formed from damaged conditions of the beam 
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Figure 5.3 – Smaller data samples generated in (a) Reference data sets and (b) Healthy and 

Damage data sets  

5.2.2. Step 2: Data Normalization 

AR models were fitted to all the data samples generated in the Reference, Healthy and 

Damage data sets in order to perform the data normalization step. This process was 

performed using SAS statistical package, v9.1. Different tools including the Autocorrelation 

and Partial Autocorrelation functions of the time series, Akiake Information Criterion (AIC), 
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the autocorrelation and normality test of the fitting prediction errors were used to select the 

appropriate order of AR models. The Partial Autocorrelation and Autocorrelation functions 

are plotted for a sample data obtained from sensor location 5 at D21 damage condition of the 

beam in Figure 5.4 and Figure 5.5, respectively. As mentioned in Chapter 3, the 

Autocorrelation function will cut off after q lags for a MA(q) time series model, and Partial 

Autocorrelation functions will cut off after p lags for an AR(p) time series model. It can be 

seen in Figure 5.5 that the Autocorrelation function does not die out even after 50 lags. This 

shows that the data cannot be definitely modeled using a pure MA model. The calculated 

Partial Autocorrelation function, shown in Figure 5.4, cuts off after a large number of lags. 

This indicates that an ARMA model can probably provide the best fit to the data; however, 

an AR model with a large lag number can be also used for fitting a model to the sample data. 

The appropriate order for the AR models was finally determined by evaluating 

autocorrelation and normality tests for the fitting prediction residuals. The autocorrelation of 

the prediction residual errors is plotted in Figure 5.6 for AR(20) and AR(50) models which 

are fitted to the same sample data used for calculations in Figure 5.4 and Figure 5.5. The pink 

lines in Figure 5.6 represent twice the standard error. The autocorrelation values for an ideal 

white noise signal falls in the range inside the pink lines. It can be seen that the prediction 

errors from fitting AR(20) models to the sample data does not satisfy this requirement. On 

the other hand, the prediction errors obtained from fitting an AR(50) model is close to white 

noise. The prediction errors obtained from fitting AR(50) models were also very close to 

normal distribution. Therefore, AR(50) models were fitted to estimate all the data samples in 

the Reference, Healthy and Damage data sets. A data sample in the Reference data set was 

matched to each data sample in either the Healthy or Damage data sets after fitting the AR 

models to different data samples. The matching process was performed by finding the highest 

correlation between the coefficients of the fitted AR models as discussed in Chapter 3. The 

average correlation values calculated for between the AR model coefficients of the Healthy 

and Damage data samples and the AR model coefficients of the matched Reference data 

samples are presented in Table 5.3.  The matched data samples in different data sets can 
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potentially represent the responses of the beam that are obtained under similar loading 

conditions.  
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Figure 5.4 – Calculated Partial Autocorrelation function 
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Figure 5.5 – Calculated Autocorrelation functions  
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Figure 5.6 – Autocorrelation functions for the residual errors from fitting (a) order 20 and 

(b) order 50 AR models 

Table 5.3 – Average correlation values between the coefficients of the AR models fitted to the 

matched data samples in the healthy and damage data sets and the reference data sets  

 Healthy D11 D12 D13 D14 D15 D21 D22 D23 D24 

Sensor1 0.992 0.952 0.967 0.952 0.937 0.944 0.944 0.950 0.926 0.957 

Sensor2 0.991 0.914 0.961 0.914 0.899 0.902 0.902 0.902 0.922 0.939 

Sensor3 0.989 0.959 0.964 0.959 0.909 0.916 0.916 0.920 0.945 0.977 

Sensor4 0.990 0.950 0.974 0.950 0.942 0.939 0.939 0.945 0.936 0.971 

Sensor5 0.990 0.967 0.961 0.967 0.932 0.927 0.927 0.924 0.941 0.981 

Sensor6 0.994 0.974 0.966 0.974 0.966 0.953 0.953 0.964 0.953 0.985 

Sensor7 0.994 0.984 0.972 0.984 0.954 0.941 0.941 0.944 0.949 0.986 

Sensor8 0.991 0.964 0.964 0.964 0.952 0.938 0.938 0.945 0.939 0.975 

Sensor9 0.991 0.973 0.970 0.973 0.956 0.913 0.913 0.950 0.929 0.975 

Sensor10 0.984 0.965 0.972 0.965 0.937 0.926 0.926 0.938 0.924 0.956 

Sensor11 0.981 0.943 0.967 0.943 0.907 0.896 0.896 0.913 0.911 0.967 

Sensor12 0.986 0.970 0.976 0.970 0.924 0.927 0.927 0.920 0.904 0.942 

Sensor13 0.980 0.959 0.968 0.959 0.943 0.924 0.924 0.933 0.922 0.951 

Sensor14 0.985 0.975 0.975 0.975 0.933 0.926 0.926 0.921 0.919 0.961 

Sensor15 0.983 0.968 0.978 0.968 0.940 0.940 0.940 0.943 0.939 0.955 

 

5.2.3. Step 3: Damage feature extraction 

The damage feature extraction was started by fitting ARX models to the data samples in the 

Reference data sets as explained in Chapter 3. These models were obtained by performing a 
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linear least square regression on the error terms, obtained from fitting AR models to the data 

samples in the Data Normalization step, and the vibration data. The details of the model were 

discussed in Chapter 3. The appropriate order of the ARX models was determined by 

performing statistical tests on the prediction errors of the fitted model. The autocorrelations 

of the prediction errors from fitting ARX(10,5) and ARX(10,10) models to an arbitrary data 

sample in the Reference data set are plotted in Figure 5.7(a) and (b), respectively. If the 

calculated autocorrelations falls within the range of twice the standard deviation, shown by 

pink lines in Figure 5.7, the prediction errors represent a white noise process. As it can be 

seen in Figure 5.7(b), it was found that the prediction errors from ARX(10,10) models are not 

correlated to each other. These prediction errors had a normal distribution too. Therefore, 

ARX(10,10) models were used to estimate all the data samples in the Reference data set. 

Then, the data in the Healthy and Damage data samples were predicted using the same ARX 

models fitted to their matched data samples in the Reference data sample. The prediction 

errors from fitting the ARX models were calculated using Eq. 3.24. These prediction errors 

were used to extract the damage features according to Eq. 3.25 where the standard deviations 

of prediction errors from both target (Healthy/Damage) data samples and Reference data 

samples were needed. The standard deviations of the prediction errors were calculated for 

each data sample in the Healthy/Damage data sets and their matched data sample in the 

Reference data set. Then, 54 damage features from 54 data samples were calculated for each 

of the healthy and damage conditions of the beam using the calculated standard deviation 

values. The average values of these calculated damage features are presented in Table 5.4 for 

different sensor locations at different conditions of the beam. As can be seen, the average 

damage features for different sensors in the healthy condition beam are closer to 1, as 

expected. As the damage grows, the average damage features grow. The larger the damage 

features are, the greater the likelihood is that damage is located at that sensor location. 

However, the average values of the damage features should not be used alone for identifying 

damage locations. It is important to take into account the probability distribution of damage 

features to evaluate possible deviations from the healthy condition of the beam.      
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Figure 5.7 – Autocorrelation functions for the residual errors from fitting (a) ARX(10,5) and 

(b) ARX(10,10) models 

Table 5.4– Average damage features extracted from different sensors at different conditions 

of the beam 

Sensor # Healthy D11 D12 D13 D14 D15 D21 D22 D23 D24 

1 1.22 1.45 1.51 1.74 1.90 1.15 1.48 2.17 2.36 1.76 

2 1.18 1.34 1.44 2.78 2.73 1.91 2.29 3.23 3.74 2.07 

3 1.39 2.16 1.73 2.34 3.33 2.10 2.94 4.36 4.86 3.46 

4 1.20 1.94 1.49 1.94 3.86 2.08 3.13 4.79 5.97 3.69 

5 1.20 5.56 4.09 5.55 8.08 6.47 7.10 10.86 13.65 9.08 

6 1.35 1.84 1.52 1.76 2.33 2.60 3.50 4.15 4.93 2.83 

7 1.20 2.00 1.64 1.76 2.64 2.40 2.88 5.52 4.76 2.93 

8 1.20 2.02 1.49 1.65 2.41 1.83 2.16 4.18 3.56 2.58 

9 1.19 2.58 1.77 2.53 4.33 2.24 2.98 6.24 6.77 4.30 

10 1.24 1.79 1.44 1.60 4.50 2.67 4.01 6.62 8.13 5.41 

11 1.20 2.25 1.84 2.12 4.51 3.16 4.62 8.39 9.74 7.45 

12 1.46 2.63 1.95 2.24 4.48 3.68 5.70 7.74 8.31 5.72 

13 1.21 1.78 1.39 1.96 2.87 1.62 2.07 3.86 4.31 3.38 

14 1.15 1.72 1.50 1.62 3.24 2.92 3.13 6.54 4.29 3.26 

15 1.20 2.23 1.55 1.92 4.48 2.07 3.15 5.62 6.75 4.36 

 

The probability density functions for the calculated damage features were plotted. It was 

observed that the calculated damage features do not follow a normal distribution. Therefore, 

the calculated damage features were transformed to a normal distribution using a Box-Cox 

transformation (1964). This transformation was conducted using MATLAB software v7.0.4. 

The normal distribution of the damage features will make their statistical evaluation easier. 
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The original and transformed density functions of the damage features are plotted for an 

arbitrary sensor location and damage condition of the beam in Figure 5.8.  
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Figure 5.8 – Normal probability plot of the (a) original and (b) transformed damage features 

extracted for sensor 6 at D11 damage condition 

Probability densities of the transformed damage features are plotted in Figure 5.9 and Figure 

5.10 for different sensors at damage conditions D11 to D15. Figure 5.9 and Figure 5.10 show 

these probability densities for sensors 1 to 8 and for sensors 9 to 15, respectively. As it can be 

seen in these figures, the probability densities of the damage features at damage conditions 

deviate from the probability density at the healthy condition of the beam; however, the 

amount of this deviation does not match with the level of damage for all sensors.  For 

example, it can be seen in Figure 5.9 that the amount of deviation in the probability 

distribution of damage features for damage case D14 is more than damage case D15 at sensor 

4. Therefore, although the existence of damages can be detected by observing the deviations 

in the probability density plots of the damage features with respect to the healthy condition of 

the beam, it is difficult to quantify the extent of damages by measuring the amount of 

deviations. In order to identify the damage location, the amount of deviation in the 

probability density plots should be compared between different sensors. A statistical 

evaluation will be conducted on the transformed damage features in step 4 of this damage 

diagnosis in order to identify the sensor which shows the largest amount of deviation in the 

probability density of damage features with respect to the healthy condition of the beam. 
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Figure 5.9 – Probability density plots of the transferred damage features for sensors 1 to 8 

for different damage conditions at the 1
st
 damage location  
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Figure 5.10 – Probability density plots of the transferred damage features for sensors 9 to 15 

for different damage conditions at the 1
st
 damage location 
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5.2.4. Step 4: Statistical evaluation 

As explained in Chapter 3, the Fisher criterion was finally used to perform the statistical 

evaluations on the transformed damage features. Values of the Fisher criterion were 

calculated using Eq. 3.26 to determine the amount of deviation in the damage features from 

the damage features calculated for the healthy condition of the beam at each sensor location. 

The Fisher criteria were calculated for different damage conditions of the beam. The sensor 

which corresponds to the highest value of the calculated Fisher criterion is potentially a 

sensor located close to the physical damage location. The calculated probability values are 

shown in Figure 5.11 and Figure 5.12. The calculated Fisher criterion values in Figure 5.11 

are related to the conditions where damage was only induced at the 1
st
 location. Figure 5.12 

shows the calculated Fisher criterion values from the damage conditions where damages 

were available in both damage locations.  

The 1
st
 damage location was located between sensors 4 and 5, 1 inch from sensor 4 and 11 

inches from sensor 5. As it can be observed in Figure 5.11, there was not a high Fisher 

criterion associated with sensor 4 except for D14 damage condition. Surprisingly, sensor 5 

was identified as the sensor with the highest Fisher criterion in damage cases D12 and D15, 

and had the second highest Fisher criterion in the D13 damage condition. Although 

identifying sensor 5 highlights the region close to the damage location, it was expected that 

sensor 4 would have a high Fisher criterion too. The 2
nd

 damage location was located 

between sensors 11 and 12. As can be seen in Figure 5.12, sensor 11 was identified as the 

highest Fisher criterion after sensors 4 and 5 at the D11 damage condition. Sensor 11 had the 

4
th

 highest Fisher criterion after sensors 4, 5 and 15 at damage condition D12, and it was not 

identified at the D23 damage condition. This sensor was clearly identified as the sensor with 

highest Fisher criterion at the D14 damage condition. Sensor 4 was identified as the sensor 

with the highest Fisher criterion value in damage condition D23, and it was reasonably 

among the sensors with high Fisher criterion at damage conditions D21, D22 and D24. 
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Figure 5.11 – Fisher criterion calculated for different sensors at (a) D11, (b) D12, (c) D13, 

(d) D14 and (e) D15 damage conditions 
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Figure 5.12 – Fisher criterion calculated for different sensors at (a) D21, (b) D22, (c) D23 

and (d) D24 damage conditions 

It can be concluded that although this damage diagnosis method is able to identify the 

general damage region, it is not always able to identify the exact location of damage. This 

conclusion is made after it was observed that sensor 4 was not identified as the sensor with 

the highest Fisher criterion value although it was closer to the damage location than sensor 5; 

however the damage region can be identified since sensor 5 is identified as the sensor with a 

high Fisher criterion at all damage conditions of the beam except damage condition D11. 

Sensors 11 and 12 were not identified with a high Fisher criterion in damage condition D23. 

The reason for this observation could be related to the approach used for calculating damage 

features which was based on fitting AR-ARX models to the data from individual sensors. AR 

and ARX models fitted to vibration responses from individual sensors include information 
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about natural frequencies and damping of structure, but they do not include any spatial 

information about the vibrational response (Pandit and Wu 1983). It means that although the 

spatial information about vibration is included in the vibration response measured at different 

sensor locations, the spatial information cannot be derived from the individual time series 

models used to extract the damage feature extraction. Therefore, the changes induced in the 

fitted time series models for different sensor locations by damages are not correlated between 

different sensor locations. This individual nature of measuring changes in the fitted AR-ARX 

models can induce uncertainty in identifying the damage location. The other reason for the 

low performance of this damage diagnosis method can be related to the matching process 

used between data samples in the Reference data set and Healthy/Damage data sets to 

normalize the response of the structure with respect to the excitation loadings. There is no 

guarantee that the generated pool of data samples in the Reference data set always includes a 

data sample that is measured under the same loading condition as the data sample in 

Healthy/Damage data sets. In order to develop a better damage feature which includes spatial 

information about the changes in the vibration response of the structure in the presence of 

damage, the second damage diagnosis scheme has been developed. In this scheme, VAR 

models are used instead of AR-ARX models to develop damage features based on data from 

different sensors at different locations. 

5.3. IMPLEMENTATION OF THE SECOND DAMAGE DIAGNOSIS 

SCHEME AND DISCUSSION 

The ability of the second damage diagnosis method presented in Chapter 3 is investigated in 

the search for a method that can reliably identify damage location in the beam. The major 

difference between this damage diagnosis method and the 1
st
 damage diagnosis method lies 

in the approach used for damage feature extraction. This difference has been thoroughly 

discussed in Chapter 3. The spatial relation between vibration responses of the beam 

measured at different sensor locations will be incorporated in the fitted VAR model. 
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Therefore, the damage features extracted from VAR models will include spatial information 

about the vibration response of the beam. 

Like the 1
st
 damage diagnosis method, the 330 s acceleration time histories measured at 

different damage conditions of the beam were used to evaluate the ability of this method to 

identify damage locations on the beam. Likewise, the first 10 s of all the measured vibration 

responses were discarded to obtain a more stationary vibration response and the rest of the 

320 s vibration time histories were used to validate the method.  

In order to investigate the ability of the proposed method, this damage diagnosis method is 

initially validated using all the vibration responses measured at different damage conditions 

of the beam under the same random loading excitations. Therefore, all the vibration 

responses measured under the 1
st
, 2

nd
 and 3

rd
 random excitations are compared together 

individually. The data which has been used to explain the details of implementing this 

damage diagnosis method in the following 4 steps are specifically measured under the 1
st
 

random excitation. This data had been also measured under the normal room temperature of 

the lab, 70±2 ۫ F. The result of implementing the damage diagnosis method will be also shown 

for the vibration responses measured under the 2
nd

 and 3
rd

 random excitations. In addition, a 

study was performed to investigate the ability of the proposed damage diagnosis method to 

identify damage location when the source of excitation varies. Vibration responses of the 

beam measured under different random excitations were mixed to represent responses of the 

beam at its different damage conditions. This mixed vibration responses were used to extract 

damage features and damage identification purposes. The details of this study will be 

discussed in Section 5.3.5. Another study was performed to evaluate the ability of the 

proposed method when the vibration responses of the beam were measured under a different 

temperature with respect to the temperature at the reference condition of the beam. The 

details of this study are provided in Section 5.3.6. Implementing this damage diagnosis 

method on the measured responses of the beam under the 1
st
 random excitation and room 

temperature is discussed in the following 4 steps: 
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5.3.1. Step 1: Data sample formation 

Like the first damage diagnosis method, the measured acceleration time histories of the beam 

at its undamaged condition were divided into Reference and Healthy data sets, Set
R
 and Set

H
 

respectively. These data sets were formed with equal size and include 327,680 data points 

which correspond to 160 s of recorded data. Set
R
 included the vibration data recorded during 

10-170 s while Set
U
 included data from 170-330 s. These data sets were used as Set

R
 and 

Set
H
 when damage was available only in the 1

st
 location. After having damage in both 

locations, the 10-170 s and 170-330 s of acceleration time histories at D15 condition were 

taken as Reference (D
R
15) and Healthy (D

H
15) data sets. The main reason that the Reference 

and Healthy data sets were formed with equal sizes is that there is no need to have a larger 

Reference data set for data normalization purposes in this scheme. Like the 1
st
 damage 

diagnosis scheme, the Reference data sets were used for comparison purposes, and the 

generated Healthy data sets were used to extract damage features for the healthy condition of 

the beam. The vibration time histories from all other damage conditions of the beam were 

divided into two data sets likewise and the second data set, called Damage data set (Set
D
), 

was used for future damage extraction. Generation of the Reference, Healthy and Damaged 

data sets is shown in Figure 5.13. All the formed Reference, Healthy and Damage data sets 

were further segmented into 156 smaller data samples with 4096 data points. The data 

samples were created so that each has 50 % overlap with adjacent data samples. Generation 

of these smaller data samples in the Reference, Healthy and Damage data sets, shown in 

Figure 5.13, are shown in Figure 5.14.  
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Figure 5.13 – (a) Reference and healthy data sets formed from the undamaged condition of 

the beam and (b) Damage data sets formed from damaged conditions of the beam 
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Figure 5.14 – Smaller data samples generated in (a) Reference data sets and (b) Healthy and 

Damage data sets 

5.3.2. Step 2: Data Reduction 

The purpose of this step was to reduce the amount of information available in the segmented 

data samples into useful parameters that can be used for damage feature extraction. In this 

step, VAR models were initially estimated for any of the 156 segmented data samples in 

Reference, Healthy, and Damaged data sets. Two individual VAR models were estimated 

based on sensors in the two spans of the beam for the measured vibration responses at each 
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condition of the beam. The first VAR model consisted of nine columns of data from the nine 

sensors in the left span, and the other VAR model included six columns of data from the six 

sensors in the right span. The estimation process included trial and error in selecting the best 

order for VAR models. Autocorrelation functions, AIC, and SBC criteria were used to make 

a decision for this selection. Finally, VAR (20) was selected to model the recorded time 

histories in the segmented data samples. In order to validate this selection, statistical tests 

were performed on the prediction errors. It is checked if the prediction errors are a white 

noise sequence and have a Gaussian distribution. Figure 5.15 shows the results of the 

statistical tests on prediction error of a random data sample from sensor 5. Figure 5.15(a) 

shows the calculated autocorrelation for these prediction errors up to lag 40. As can be seen 

from the horizontal reference lines, the calculated autocorrelation lies within two standard 

deviations of 0. Also, Figure 5.15(b) shows the normal probability plot of the prediction 

errors showing they are very close to Gaussian.  
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Figure 5.15 – Statistical tests on sensor 5 prediction errors (a) Autocorrelation with its 95% 

confidence interval (b) Cumulative density function 

Twenty coefficient matrices were finally obtained as coefficients of VAR(20) models which 

were fitted to the data samples in any of the Reference, Healthy and Damage data sets. The 

purpose of this step is to reduce the amount of information in these 20 coefficient matrices. 

The reduced information can then be used in step 3 to extract damage features. To reduce the 

amount of information, the diagonal terms of these coefficient matrices were saved and other 

coefficients in these matrices were discarded. These diagonal terms are φjj,i terms in Eq. 3.15 



 

Chapter 5: Implementation of the proposed diagnosis strategies 

 128 

where j=1, 2,…,15 is the number of sensors and i=1, 2, …, 20 is the time lags of the VAR 

model. Therefore, twenty coefficient terms, φjj,i=1,2,…,20 were obtained from coefficient 

matrices of different time lags for sensor j. As mentioned in Chapter 3, these coefficients are 

the only coefficients in the coefficient matrices that are related to the vibration responses in 

individual sensors. Other coefficients in the coefficient matrix include mixed effects from 

multiple sensor locations. It is known that the coefficients of the initial time lags in the time 

series models are more important in estimating the time history responses. Hence, the VAR 

model coefficients φjj,1 and φjj,2  were selected among the twenty φjj,i coefficients to extract damage 

features for sensor j. Pattern of variations in these two coefficients are statistically investigated 

to see if these coefficients are capable of identifying the damage locations along the length of 

the beam.  

Therefore, a total of 156 sets of φjj,1 and φjj,2  were obtained for 156 data samples in each of 

the data sets, Set
R
, Set

H
 and Set

D
 for each sensor (sensor j). Figure 5.16 and Figure 5.17 show 

the plotted coefficients at different conditions of the beam for sensors 1 to 8 and for sensors 9 

to 15, respectively. The plotted coefficients show some variability even in the healthy 

condition of the beam due to uncertainties in the estimation and varying excitation loadings. 

Nonetheless, the calculated coefficients from the Reference and Healthy data sets are very 

close to each other compared to the coefficients from other conditions of the beam. The 

reason for this observation lies in the fact that coefficients from Reference and Healthy data 

sets come from the same physical condition of the beam although the excitation load is 

varying. As it can be seen in Figure 5.16, the variation of these coefficients at damage 

conditions of the beam is more evident in sensor 4 which is close to the damage location. It is 

also interesting that the variation of the coefficients occurred in a direction in which the 

Reference and Healthy coefficients have a small variation. Damage features will be extracted 

in the next step for each sensor location by measuring the amount of variation in these 

coefficients quantitatively.  



 

Chapter 5: Implementation of the proposed diagnosis strategies 

 129 

-1.8

-1.3

-0.8

-0.3

0.2

0.8 1.3 1.8 2.3

φ11,1

φ
1

1
,2

R
H
D11
D12
D13
D14
D15
D21
D22
D23
D24

-2

-1.5

-1

-0.5

0

0.8 1.3 1.8 2.3

φ22,1

φ
2

2
,2

R
H
D11
D12
D13
D14
D15
D21
D22
D23
D24

-3.5

-2.5

-1.5

-0.5

0.5

0.8 1.8 2.8 3.8

φ33,1

φ
3

3
,2

R
H
D11
D12
D13
D14
D15
D21
D22
D23
D24

-1

-0.5

0

0.5

1

0.5 0.9 1.3 1.7

φ44,1

φ
4

4
,2

R
H
D11
D12
D13
D14
D15
D21
D22
D23
D24

0

0.5

1

1.5

-0.2 0.3 0.8 1.3

φ55,1

φ
5

5
,2

R
H
D11
D12
D13
D14
D15
D21
D22
D23
D24

-1

-0.5

0

0.5

1

0.4 0.9 1.4 1.9

φ66,1

φ
6

6
,2

R
H
D11
D12
D13
D14
D15
D21
D22
D23
D24

-0.5

-0.2

0.1

0.4

0.7

0 0.5 1 1.5 2
φ77,1

φ
7

7
,2

R
H
D11
D12
D13
D14
D15
D21
D22
D23
D24

-0.8

-0.3

0.2

0.7

1.2

0.5 1 1.5 2
φ88,1

φ
8

8
,2

R
H
D11
D12
D13
D14
D15
D21
D22
D23
D24

 
Figure 5.16 – Selected VAR coefficients for sensors 1 to 8 at different conditions of the beam  
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Figure 5.17– Selected VAR coefficients for sensors 9 to 15 at different conditions of the beam 
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5.3.3. Step 3: Damage feature extraction 

As it can be seen in Figure 5.16 and Figure 5.17, the covariance of the Reference data in 

different directions is important in measuring the actual amount of variations in the selected 

VAR coefficients between the Reference and Damaged conditions of the beam. Therefore, 

Mahalanobis distances were used to measure these variations. Mahalanobis distances 

measure distances between a target data and a Reference set of data by taking into account 

the direction in which the reference data is scattered. The formulation detail of this statistical 

parameter is presented in Chapter 3, Eq. 3.27. 

The Mahalanobis Distances are the damage features which were extracted in this damage 

diagnosis method. The damage features were extracted for the healthy and different damage 

conditions of the beam. In order to extract damage features for the healthy condition of the 

beam, Mahalanobis distances were calculated between the selected VAR coefficients 

obtained from Reference and Healthy conditions. Similarly, Mahalanobis distances were 

calculated between coefficients from Reference and D11 to D15 data sets to extract damage 

features for D11 to D15 damage conditions. After having damage in both locations, selected 

VAR coefficients obtained from D
R
15 data set were taken as the reference group of 

coefficients and the Mahalanobis distances were calculated between coefficients from D
R
15 

and D21 to D24 data sets to extract damage features for D21 to D24 damage conditions. 156 

damage features were calculated for each damage condition of the beam at each sensor 

location since 156 sets of coefficients were available from 156 data samples at each damage 

condition. The distribution plots were close to normal for most of the damage features 

population obtained for different sensors and damage conditions of the beam. The normal 

probability density plots of the damage features are plotted in Figure 5.18, Figure 5.19, 

Figure 5.20 and Figure 5.21 for different damage conditions of the beam.  
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Figure 5.18 – Normal pdf curve for Mahalanobis Distances obtained at different sensor 

locations at damage conditions D11, D12 and D13   
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Figure 5.19 – Normal pdf curve for Mahalanobis Distances obtained at different sensor 

locations at damage conditions D14 and D15 

As it can be seen in Figure 5.18 and Figure 5.19, sensor 4 which is the closest sensor to the 

1
st
 damage location is among the sensors which show the largest damage feature values. It 

should be noted that although there are some other sensor locations whose average value of 

damage feature probability distribution is higher than that of sensor location 4, the variances 

in their distributions is also much higher than the variance in probability distribution of 

damage features for sensor 4. Sensors 13 and 14 in damage conditions D11 to D14 are 

among these sensor locations.  This observation means that the average values of damage 

features are not the only parameter in measuring the amount of deviation from the Reference 

condition of the beam. On the other hand, variances of the probability distributions should 
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also be taken into account to evaluate the deviations from the Reference condition of the 

beam.    
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Figure 5.20 – Normal pdf curve for Mahalanobis Distances obtained at different sensor 

locations at damage conditions D21, D22 and D23 
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Figure 5.21 – Normal pdf curve for Mahalanobis Distances obtained at different sensor 

locations at D24 damage condition 

Sensor 11 which is the closest sensor to the 2
nd

 damage location is among the sensors which 

show the largest damage feature values for damage conditions D21 to D24 as can be seen in 

Figure 5.20 and Figure 5.21. Although the probability distribution of some other sensors like 

sensor 8 in damage condition D24 has a higher average than that of sensor 11, these 

probability distributions has also much higher variances. This observation will again 

emphasis the importance of both averages and variances of the damage feature distributions 

in evaluating the amount of deviation in the measured vibration response at each sensor 

location with respect to the Reference condition of the beam. 

5.3.4. Step 4: Statistical evaluation 

The Fisher criterion was used to statistically evaluate the deviations between the probability 

distributions of the damage features obtained for damage conditions of the beam and those 

obtained for the healthy condition of the beam. Equation 3.26 was used to calculate these 

Fisher criterion values. The calculated Fisher criterion for different sensors are shown in 

Figure 5.22 and Figure 5.23 at D11 to D15 and at D21 to D24 damage conditions of the 

beam, respectively. In these figures, the physical damage locations are highlighted by a black 

line along the horizontal axes of the graphs.  



 

Chapter 5: Implementation of the proposed diagnosis strategies 

 136 

Sensor 4, the sensor adjacent to the 1
st
 damage location, was identified as the sensor with 

largest damage features for all damage cases D11 to D15, as can be seen in Figure 5.22. In 

other words, the estimated VAR coefficients experienced the largest variations in this sensor 

location.  
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Figure 5.22 – Fisher Criterion calculated for different sensors at damage conditions D11 to 

D15 under 1
st
 random excitation 
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Figure 5.23 – Fisher Criterion calculated for different sensors at damage conditions D21 to 

D24 under 1
st
 random excitation 

A critical threshold was used in this figure to identify the sensors close to the physical 

damage locations from other sensor locations with possible high Fisher criterion to prevent 

false-positive damage identifications. The thresholds were determined by considering the 

95% confidence interval limit in the probability distribution of the Fisher criterion values at 

the 15 sensor locations. This limit corresponds to the mean plus 1.96 times the standard 

deviations calculated for Fisher criterions at the 15 sensor locations. The Fisher criterion 

values that fall above this threshold are considered outliers, and can be used to identify the 

location of damage. As can be seen in Figure 5.22, sensor 4 was successfully identified in all 

damage conditions D11 to D15, and there was not any false-positive damage identification 

for other sensor locations in this figure. Sensor 11, the sensor adjacent to the 2
nd

 damage 

location, was also identified as the sensor with the largest damage feature for all damage 

cases D21 to D24 as can be seen in Figure 5.23, and the Fisher criterion calculated for this 
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sensor was greater than the determined critical threshold in all damage conditions D21 to 

D24. Since the time histories data from the D15 damage case was taken as the reference data 

set to calculate damage features for D21 to D24 damage cases, the Fisher criterion for sensor 

4 did not show a large value in Figure 5.23 as expected.  

5.3.5. Damage detection under different excitation loadings 

The results of applying the second damage diagnosis method, presented in Figure 5.22 and 

Figure 5.23, are obtained based on the vibration responses of the beam which are measured 

under random excitation 1 at different damage conditions of the beam. The same 4 steps of 

the second damage diagnosis process were also applied on the vibration responses of the 

beam which were measured under random excitations 2 and 3 to examine the reliability of 

the proposed method under a different source of excitation. Figure 5.24 and Figure 5.25 show 

the Fisher criterion values calculated for different sensor locations using the vibration 

responses measured under random excitation 2. These figures present the Fisher criterion 

values calculated for damage conditions D11 to D15 and D21 to D24, respectively. Similarly, 

vibration responses measured under the 3
rd

 random excitation was used to calculate the 

Fisher criterion values presented in Figure 5.26 and Figure 5.27. These figures similarly 

present the Fisher criterion values calculated for damage conditions D11 to D15 and D21 to 

D24, respectively.  As it can be seen in Figure 5.24, there were false-negative damage 

detections in identifying sensor 4 for damage cases D11 and D14 although the Fisher 

criterion in sensor 4 had the largest value among all other sensor locations. Also, there was a 

false-positive damage identification in damage case D13 for sensor 13. Sensor 4 was also 

successfully identified in all damage conditions except D14 under the 3
rd

 random excitation 

as it can be seen in Figure 5.26; however, sensor 4 had the highest Fisher criterion even in the 

D14 damage condition with small difference compared to sensors 7 and 13. Sensor 11 is also 

identified successfully in all damage conditions D21 to D24 as it can be observed in Figure 

5.25 and Figure 5.27. It can finally be concluded from all these figures that the method will 

always successfully identify the sensors close to the physical damage location with the 
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largest Fisher criterion independent of the excitation source. However, it was noticed that 

there was some false-positive and false-negative damage identifications in the proposed 

damage diagnosis using the defined critical threshold. Therefore, if the existence of damage 

is already known in the structure, finding the sensor with the largest Fisher criterion value 

using the steps proposed in the 2
nd

 damage diagnosis method will identify the sensor close to 

the actual damage location.   
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Figure 5.24 – Fisher Criterion calculated for different sensors at damage conditions D11 to 

D15 under 2
nd

 random excitation 
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Figure 5.25 – Fisher Criterion calculated for different sensors at damage conditions D21 to 

D24 under 2
nd

 random excitation 
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Figure 5.26 – Fisher Criterion calculated for different sensors at damage conditions D11 to 

D15 under 3
rd

 random excitation 
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Figure 5.27 – Fisher Criterion calculated for different sensors at damage conditions D21 to 

D24 under 3
rd

 random excitation 

Another study was performed in the context of this research to see if the proposed damage 

diagnosis method will still be able to identify the damage locations provided that the 

vibration responses from all different sources of excitation are mixed. In order to investigate 

this, all the selected VAR coefficients obtained in the 2
nd

 step of the proposed damage 

diagnosis method for the data samples from different random excitations were mixed 

together. Figure 5.28 and Figure 5.29 show these mixed coefficients obtained from the 

Reference, Healthy and D11 to D15 vibration data sets obtained under the three random 

excitations. Figure 5.28 shows the mixed coefficients obtained for Reference, Healthy and 

D11 to D15 data sets and Figure 5.29 show these coefficients for D21 to D24 damage 

conditions. The suffix “_1”, “_2” and “_3” in the graphs of these figures stands for the 

vibration data sets obtained under the 1
st
, 2

nd
 and 3

rd
 sources of excitations, respectively. As it 

can be seen in these graphs, small variations were observed between the selected coefficients 

obtained from different sources of excitations.  
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Figure 5.28– Selected VAR coefficients calculated for sensor 4 from the Reference, Healthy 

and D11 to D15 vibration data sets obtained under the three random excitations 
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Figure 5.29 – Selected VAR coefficients calculated for sensor 4 from the D21 to D24 

vibration data sets obtained under the three random excitations 

Damage features were extracted in step 3 of the damage diagnosis method using these mixed 

coefficients. To extract the damage features for each condition of the beam, the Mahalanobis 

distances were calculated between the mixed coefficients for that condition of interest and 

the Reference data set. Therefore, 468 ( 3 156× ) damage features were obtained for each 

condition of the beam and each sensor location from 468 sets of mixed coefficients for that 

specific damage condition and sensor location. Finally, the statistical evaluation in step 4 of 

the damage diagnosis was conducted on the obtained damage feature to calculate the Fisher 

criterion for each sensor location. The calculated Fisher criterion values are plotted in Figure 

5.30 and Figure 5.31 for different sensor locations. Figure 5.30 represent the calculated 

Fisher criterion values for D11 to D15 damage conditions while Figure 5.31 shows these 

values for D21 to D24 damage conditions. As it can be observed in these figures, sensor 4 

and sensor 11 were successfully identified in all the damage conditions of the beam as 

sensors closely located to the physical damage locations. There was only one false-positive 
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damage identification in D23 damage for sensor 4. It was not expected to identify sensor 4 as 

a damage location for D21 to D24 damage conditions since the data samples in the D15 data 

set were used as the Reference data samples to calculate the damage features at D21 to D24 

damage conditions. It can be seen in Figure 5.27 and Figure 5.25 that sensor 4 similarly had a 

large calculated Fisher criterion value for the data obtained under the 2
nd

 and 3
rd

 random 

excitations.   
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Figure 5.30 – Fisher Criterion calculated for different sensors from mixed vibration 

responses obtained under different loadings at damage conditions D11 to D15  
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Figure 5.31 – Fisher Criterion calculated for different sensors from mixed vibration 

responses obtained under different loadings at damage conditions D21 to D24 

It can be concluded that different sources of random excitations did not have a major 

influence on the selected VAR coefficients. Hence, the results of this study suggest that the 

2
nd

 proposed damage diagnosis method can be successfully used to identify the damage 

location whether the selected VAR coefficients is obtained from the data measured under a 

single source of random excitation or different sources of random excitations. However, it 

should be noted that the PSD for all the three random excitations were almost similar. The 

applicability of this method should be further investigated for the conditions where sources 

of random excitations have completely different magnitudes or frequency content. 

5.3.6. Damage detection under varying temperatures 

Another part of this study was to investigate effect of varying temperature on the capability 

of the second damage diagnosis method in identifying damage locations. The vibration 
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responses of the beam were measured after inducing a temperature gradient in the beam 

using blocks of dry ice as explained in Chapter 4. All the vibration data were measured under 

the 1
st
 random excitation loading at the varying temperature conditions of the beam. The 

steps in the 2
nd

 damage diagnosis method were repeated using the data measured under 

varying temperature conditions to see if the damage location can still be identified in the 

beam when the temperature is not as the same as the Reference condition of the beam. The 

temperature gradients induced in the beam at different damage conditions are shown in 

Figure 4.27. The purpose of the study was to induce similar temperature gradients at all 

damage conditions of the beam; however, this could not be achieved due to uncontrolled 

nature of the cooling procedure using blocks of dry ice. The procedure of applying the 

damage diagnosis method was started by generating Reference, Healthy and Damage data 

samples as the 1
st
 step. Reference and Healthy data samples were generated from the 

vibration response of the beam under varying temperature in order to normalize the effect of 

temperature from the Damage data samples. To do this, 156 Reference data samples were 

generated from the vibration data at healthy condition of the beam measured at normal lab 

temperature, 70±2 ۫ F, and 156 Healthy data samples were generated at the varying 

temperature. Therefore, the Mahalanobis distances between the VAR coefficients obtained 

from the Reference and Healthy data samples will only reflect the effect of the temperature 

variations on the selected VAR coefficients. 156 damage data samples were also generated 

from vibration responses at the damage conditions measured under a varying temperature. 

Hence, the vibration responses of the beam generated in the damage data samples include 

both the effect of damage and varying temperatures on the response of the beam. The desired 

set of VAR coefficients were obtained from the Reference, Healthy and Damage data 

samples in the 2
nd

 step of the damage diagnosis algorithm. Mahalanobis distances (damage 

features) were calculated for Healthy and Damage conditions of the beam in the 3
rd

 step of 

the damage diagnosis algorithm. The damage features calculated for the Healthy condition of 

the beam only included the effect of temperature on the coefficients of the VAR model while 

the damage features calculated for the Damage condition of the beam included the effect of 
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both damage and varying temperatures on the coefficients of the VAR models. Finally, a 

linear normalization was performed to eliminate the effect of temperature from the damage 

features by calculating the Fisher criterion values in the 4
th

 step of the damage diagnosis 

algorithm. The Fisher criterion values calculated for D11 to D15 and D21 to D24 damage 

conditions are plotted in Figure 5.32 and Figure 5.33, respectively. 
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Figure 5.32 – Fisher criterion calculated for different sensors from the vibration responses 

obtained under varying temperatures at damage conditions D11 to D15 
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Figure 5.33– Fisher criterion calculated for different sensors from the vibration responses 

obtained under varying temperatures at damage conditions D21 to D24 

The damage diagnosis method and normalization approach used were not always successful 

in identifying the damage locations as it can be seen in Figure 5.32 and Figure 5.33. The only 

conditions which lead to successful localization of damages were D14, D15 and D24 damage 

conditions. The minimum reduction in moment inertia of the cross-section among these 

damage conditions was 43 percent which was related D24 damage condition. Sensor 4 was 

identified as the sensor with the 2
nd

 largest Fisher criterion value in the D13 damage 

condition, but it was not identified as a damage location. It can be concluded from these 

observations that the effect of temperature has masked the effect of damage on the vibration 

responses of the beam when the extent of damage was small. This can be due to the fact that 

the effect of temperature is not similar for different sensor locations. This can be observed in 

Table 5.5 where the average and variance of the damage features calculated for the Healthy 

condition of the beam under a varying temperature is presented for different sensor locations. 
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The reason for this observation can be due to the fact that temperature gradients were 

induced by putting dry ice with discontinuous spacing on the beam rather than a uniform 

temperature reduction on the whole structure.  

Table 5.5 – Average and Variance of the Mahalanobis distances calculated for different 

sensors between the Healthy data set from a varying temperature and Reference data set 

under normal temperature  

 Sensor number 

Mahalanobis 

Distances 
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Average 16 12 10 25 15 13 24 12 5 6 14 19 22 199 31 

Variance 85 35 39 53 89 63 231 39 282 12 53 100 78 4016 176 

 

Another reason for the unsuccessful identification of damage location may be related to the 

different temperature gradients along the beam measured at Healthy and Damage conditions 

of the beam. The temperature gradients for Healthy and damage conditions of the beam can 

be compared in Figure 4.27. This difference will definitely prevent a full normalization of the 

effect of temperature on the calculated damage features. Finally, it should be noted that a 

linear normalization procedure between the damage features calculated for Healthy and 

Damage conditions of the beam may not be the best solution to eliminate the effect of 

temperature from the damage features.  
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Chapter 6:  Field Investigation 

As mentioned in Chapter 2, natural frequencies and mode shapes are among the fundamental 

characteristics of structures that can be monitored during their service life. Change in these 

modal properties can be directly related to changes in mass and stiffness of the structure. 

However, changes in the environmental or operational condition of the structure can have a 

similar effect on the modal properties of the structure. The reason for this fact is that usually 

changes in air humidity will change mass properties of the structure or similarly, variations in 

temperature of structure can change the boundary conditions of the structure significantly. 

Also, the nonlinear nature of large and complex structures such as bridges shifts the natural 

frequencies or changes the mode shapes as the structure undergoes different levels of 

loading.  

A few researchers have compared the changes in modal properties of a structure induced by a 

change in environmental condition and damage in the components of the structure. 

Allampalli (1998) also noted difficulty of observing small-scale damage in bridge structures 

when measuring the natural frequencies in the presence of temperature change. Siddique et 

al. (2007) showed that on a two-span overpass structure, temperature changes and damage in 

the concrete cover of the deck can induce changes in natural frequencies of the bridge with 

similar orders of magnitude.  

This chapter presents the results of an investigation to realize the extent of changes in the 

modal properties of a steel-concrete composite bridge due to change in temperature and 

loading condition. The dynamic responses at different locations on the bridge were collected 

three times during a one day temperature cycle in the summer season. Also, two types of 

excitation methods were used. The first series of excitation was applied using an impact 

hammer. The hammer was instrumented with a load cell. In this case, a consistent magnitude 

and impulse loading curve allows comparison of the shift in modal properties of the bridge 

due to temperature shift only.  The second series of excitation consisted of loading due to a 
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minivan driving over a piece of wood on the bridge deck. The more arbitrary nature of this 

loading case is desired for investigating the effect of different loadings on the modal 

properties of the bridge structure. 

The geometry of the bridge and details of the instrumentation are presented in Section 6.1. In 

Section 6.2, the analysis and results for data obtained using the impact hammer are presented. 

The effect of temperature on natural frequencies and mode shapes of the bridge are 

accordingly discussed in this section. A finite element dynamic simulation of the bridge is 

illustrated in Section 6.3 to fully understand the mode shapes of the structure. Finally, 

Section 6.4 discusses the effect of loading on modal properties of the bridge.  In this section, 

data recorded from loading due to the driven minivan is presented and discussed.  

6.1. FIELD TESTING PROGRAM 

6.1.1.  Description of the bridge structure 

The overpass structure under investigation is the Chicken Road Bridge located in Lumberton, 

North Carolina. Constructed in 2007, the skewed steel-concrete composite bridge consists of 

a four lane, two span bridge (135.46 and 127.8 ft long) with a total deck width of 50.426 m 

and a skewed alignment of almost 46
°
 as shown in Figure 6.1. This composite bridge is laid 

in a near east-west direction, and consists of four steel girders per span which are 59 in deep 

and equally spaced at 3 m.  

The reinforced concrete deck is 12 in thick. The concrete deck over each span is separated by 

thermal expansion joints at each end. One of these thermal expansion joints is located above 

the pier, and the other two expansion joints are at the abutments. The steel girders in each 

span are simply supported on a neoprene pad at the abutment and pier ends. The central 

reinforced concrete pier consists of a beam supported on top of three columns.  
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6.1.2. Instrumentation and data acquisition 

The primary instrumentation for this investigation was six unidirectional ICP
®

 

accelerometers, model 393A03 from PCB, Inc. These accelerometers had a sensitivity of 1 

V/g, and were configured for a maximum range of ±0.5 g. They are able to measure in the 

frequency range of 0.5 to 2000 Hz. These accelerometers were attached to the bottom flange 

or web of the steel girders using a two-part glue as shown in Figure 6.2. Two different 

configurations were considered for the placement of the accelerometers. Three sets of 

measurements were recorded in three different times of the day. During the 1
st
 and 2

nd
 sets of 

measurements, all the accelerometers were mounted in the vertical direction on the bottom 

flange of the outer girder A1 as shown in Figure 6.3. In the 3
rd

 set of measurement, the 

location of 4 accelerometers was changed to the horizontal direction on the web of girder A1 

as shown in Figure 6.4. The location of the accelerometers was selected so that none of them 

coincide with the stationary nodes of major modes of bridge vibration. 

  

Figure 6.1- Chicken Rd. Bridge (viewed from northeast) 
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Figure 6.2- Typical accelerometer attachment (bottom flange shown) 
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Figure 6.3- Location of accelerometers in the 1
st
 and 2

nd
 sets of measurements  
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Figure 6.4- Location of accelerometers in the 3
rd

 set of measurements 

As stated earlier, two types of loading were used to excite the vibration response of the 

bridge structure. The first was impact loading which has many advantages for modal 

identification of the structure. The test measurement time is usually very short, and it can 

usually excite a number of frequency response modes effectively. A large sledge impulse 

hammer instrumented with a load cell and four different tips was used for applying this load. 

The measurement range of the load cell was listed as ±5000 lb, but it was practically able to 

measure up to ±10000 lb. The four tips had different stiffness properties consisting of hard, 

medium, soft, and super soft plastic. Consequently, magnitude, time, and pulse shape of 

loading were different when different tips were used on the hammer. The mass on the 

hammer was 12.1 lb. Six locations were chosen for applying the impact loads on the concrete 

deck of the bridge. These locations coincided with the accelerometer locations mounted on 
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girder A1. Five iterations of loading were repeated at each of these six locations in order to 

attenuate the effect of measurement noise and excitation characteristics. Hence, a total of 30 

acceleration time histories were measured for each accelerometer during any of the three sets 

of measurements.  

The second type of loading on the bridge was also an impact load, but this time the impact 

was applied by driving a minivan over a piece of wood. The dimensions of this piece of 

wood were 2in × 2in × 6 inches. The axle spacing of the minivan was 113.3 in, and the total 

weight of the minivan was 3763 lbs. The minivan passed over the piece of wood three times 

at each of the six impact locations described previously. Therefore, a total of 18 acceleration 

time histories were recorded for each accelerometer during each set of measurements. In this 

set of loadings, no loading curve was recorded; however, more variability in the loading was 

expected because of possible changes in the speed of vehicle, and variable nature of contact 

between the tires and the piece of wood.  

The data acquisition system included Vishay micro-measurement system 7000 and a signal 

conditioner. The signal conditioner transformed the DC bias voltage from the sensors to an 

AC current. It also provided power for the ICP
®

 accelerometers. The sampling rate used for 

all data acquisition was 2048 Hz. This high sampling rate was necessary to capture the 

impulse load which was applied in milliseconds. Also, it enhanced the resolution of the 

calculated Frequency Response Functions (FRF). The data acquisition system was also 

equipped with anti-alias filtering capabilities. 

6.2. EFFECT OF TEMPERATURE ON MODAL PROPERTIES 

The acceleration data obtained using the impact hammer at different locations and under 

different temperatures were used to investigate the effect of temperature on the modal 

characteristics of the bridge structure. Using this data minimized the effect of loading on the 

modal properties of the structure since the loads applied by the impact hammer were more 

consistent in terms of magnitude, time of loading, and shape. In addition, measured loading 
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inputs to the bridge helped building the FRFs of the structure. FRFs are a very useful and 

important tool for modal analysis of the structure. 

6.2.1. Frequency Response Function 

The frequency response function H(f) is defined in terms of the single input/single output 

system shown in Figure 6.5, as the ratio of the Fourier Transform of the system output or 

response v(t) to the system input or excitation u(t) as given by. 

( )
( )

( )

V f
H f

U f
=             (Eq.6.1) 

where V(f) is the Fourier Transform of the system output v(t), and U(t) is the Fourier 

Transform of the system input u(t). If the system is nonlinear or time-variant, the FRF will 

not be unique, but will be a function of a nonlinear system and a function of time in the case 

of a system with time-varying properties. 

 

H(f) u(t) v(t) 

 

Figure 6.5- Single input/single output system 

FRFs may be computed directly using Equation 6.1. However, better results are obtained in 

practice by computing the frequency response function as the ratio of the cross-spectrum 

between the input and output signals to the power spectrum of the input signal as in  

( )
( )

( )
uv

u

G f
H f

G f
=          (Eq.6.2)  

where Guv(f) is U
*
(f)V(f), that is cross-spectrum between u(t) and v(t), Gu(f) is U

*
(f)U(f), that 

is, the power spectrum of u(t), and U
*
 is the complex conjugate of U(f). 
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The usefulness of this form of FRF can be seen by considering the practical single 

input/single output measurement situation illustrated in Figure 6.6, where m(t) and n(t) 

represent noise at the input and output signals, respectively. 

 

H(f) v(t) y(t) 

n(t) 

u(t) x(t) 

m(t) 

 

Figure 6.6- General single input/single output measurement situation 

The measured frequency response function H
’
(f) can be given as: 

( )
( ) ( ) ( )

( ) ( ) ( )

Y f V f N f
H f

X f U f M f

+
′ = =

+
       (Eq.6.3) 

where the upper case letters denote the Fourier Transform of the corresponding time domain 

data. 

In this form, the measured FRF will be a good approximation of the true FRF only if the 

noise in the input and output signals are small relative to the input and output signals. 

By multiplying the numerator and denominator of Equation 6.3 by the complex conjugate of 

X(f), and knowing that m(t) and n(t) are noncoherent with each other and with the input 

signal u(t), then the measured frequency response function can be rewritten as: 

( )
( )

( ) ( )
( )

( )
( )

1

uv

u m m

u

G f H f
H f

G f G f G f

G f

′ = =
+  

+  
 

      (Eq.6.4)  

where H(f) is the true frequency response function. Thus, if the noise to response ratio in the 

input signal is much less than 1, the measured frequency response function will be 

approximately the true frequency response function of the system. 
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There is another reason for calculating of frequency response functions in terms of the cross-

spectrum; it allows calculation of coherence between the input and output signals. The 

coherence functions can be calculated as: 

( )
( )

( ) ( )

2

2 xy

xy

x y

G f
f

G f G f
γ =         (Eq.6.5) 

According to the definition of the power spectrum and the cross-spectrum, the coherence 

function will be equal to 1 if there is no measurement noise or nonlinearity in the system. 

Otherwise, the minimum value of this function is 0 which can happen when the input and 

output signals are total noise. 

Now, for a system with multiple input/outputs, the measured frequency response for 

excitation location p and measurement location q can be expressed by: 

( )
( )

( )

q

p

V f
H f

U f
=           (Eq.6.6) 

where Vq(f) is the Fourier Transform of the acceleration measurement at location q, and Up(f) 

is the Fourier Transform of the impulse loading at location p (Halvorsen & Brown 1977). 

6.2.2. Results and Discussion 

The impact hammer was equipped with 4 tips representing different levels of stiffness. In 

order to select the one that generates the best data for modal analysis of the bridge, impact 

loads were applied using all 4 tips, and a sample loading curve obtained from each of the tips 

is presented in Figure 6.7. 
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Figure 6.7- Sample impulse loadings induced by the four different tips 

As expected, the most observed loading input was related to the softest tip due to the limited 

sampling rate of the Data Acquisition System. As a result, softest tip was used for exciting 

the vibration response of the bridge in the rest of analysis (Figure 6.8). The first set of 

measurements on the bridge was collected around midnight on August 15
th

, 2008. Six 

accelerometers had been mounted according to Figure 6.3, and loading was applied at the 6 

designated locations on top of the deck. The second set of measurements occurred near 6am 

the following morning. The same configuration of accelerometers and loading locations were 

used. The final set of measurements was recorded near noon of the same day. The 

configuration of accelerometers was changed according to Figure 6.4 in this set of 

measurement, but the same loading locations were used. A typical acceleration response is 

shown in Figure 6.9.     
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Figure 6.8- Using impact hammer on Chicken Rd. Bridge 
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Figure 6.9- Acceleration response of sensor 2 from impulse load at location 5 

In order to investigate the effect of temperature on the modal properties of the bridge, natural 

frequencies of the bridge were derived from calculated frequency response functions. 

Multiple input and output data corresponding to six accelerometers and different loading 

locations were available for different times of the day. However, FRFs related to the same 

input/output locations should be compared in order to capture the effect of temperature on the 
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modal properties of the structure. In this regard, only FRFs related to the 2
nd

 and 3
rd

 output 

locations could be used to investigate the effect of temperature since the configuration of 

accelerometers was changed in the third set of measurements.          

Coherence functions equal to 1 were obtained for different input/output locations. This shows 

very low noise in the measurements and linearity in the system under the impact type of 

loading. Five sets of FRFs were obtained for each input/output location as the result of 5 

iterations of loading at any input locations. Averaging these FRFs attenuated the effect of 

measurement noise and excitation characteristics. Averaged FRFs can provide insight 

towards the effect of temperature on the natural frequency of the bridge.   

FRFs from different iterations of loading at a typical loading location, location 5, are 

calculated for a typical measurement location, location 2, and are shown in Figure 6.10, 

Figure 6.11, and Figure 6.12 for night, morning, and noon measurements, respectively. 

Similarly, Figure 6.13, Figure 6.14, and Figure 6.15 represent the calculated FRFs from 

different iterations of loading at location 5 and a different sensor location, location 3, for 

night, morning, and noon measurements. In these figures, say, the graph corresponding to 

H52_iter#1 is showing the calculated FRF from 1
st
 iteration of loading at location 5 and 

sensor location 2. The corresponding averaged FRFs are also shown in these figures. As it 

can be seen in these figures, the amount of noise in the averaged FRFs is significantly 

reduced. Also, average values are obtained at the resonance peaks. The peaks in these figures 

correspond to the natural frequencies of different modes of vibration in the bridge. As it can 

be seen in these figures, the FRFs calculated for different loading/measurement locations in 

the same times of the day are very consistent in terms of the natural frequencies of the bridge. 

This consistency again refers to advantages of using the impact hammer for exciting the 

vibration response of the bridge. 

Seven modes of vibration with frequencies under 20 Hz can be identified in these figures. 

However, it should be noted that all modes of vibration are not observable from all sensor 

locations. For example, the 3
rd

 mode near 7 Hz is not observable from sensor 3 as it can be 
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seen in Figure 6.13, Figure 6.14, and Figure 6.15 because sensor 3 is a stationary node for 

that mode of vibration.    
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Figure 6.10- FRFs related to load location 5 and sensor location 2 from night measurement  
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Figure 6.11- FRFs related to load location 5 and sensor location 2 from morning 

measurement 
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Figure 6.12- FRFs related to load location 5 and sensor location 2 from noon measurement 
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Figure 6.13- FRFs related to load location 5 and sensor location 3 from night measurement 
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Figure 6.14- FRFs related to load location 5 and sensor location 3 from morning 

measurement 
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Figure 6.15- FRFs related to load location 5 and sensor location 3 from noon measurement 
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Although the magnitude of the spikes in the FRFs calculated from different iterations of 

loading were slightly different for the same input/output locations and the same measurement 

time, all natural frequencies were highly coincident. This can be explained by the fact that 

FRFs are characteristic properties of the structure for the same input/output locations. 

However, some changes in the natural frequencies can be observed if the averaged FRFs for 

the same input/output locations but from measurements for different times of the day are 

superimposed. The averaged H52, H53, and H42 related to different times of measurements are 

plotted in Figure 6.16, Figure 6.18, and Figure 6.20, respectively. An enlarged version of 

these graphs that magnifies the magnitude and consistency of the shift in the FRFs for 

different measurement times are shown in Figure 6.17, Figure 6.19, and Figure 6.21. Two 

interesting observations can be made in these graphs. First, averaged FRFs related to noon 

measurements on the bridge showed a consistent shift in the peak frequencies from other two 

averaged FRFs regardless of input/output locations. This confirms the fact that the natural 

frequencies are global characteristics of the structure. It means that if any change is expected 

in natural frequencies calculated from a specific input/output location, that change should 

also be observed in the natural frequencies calculated from all other input/output locations. 

Further, the averaged FRFs calculated from night and morning measurement are coincident 

with each other in peak frequencies for all input/output locations. Secondly, peaks of spikes 

in averaged FRFs related to the night and morning measurement are very close to each other. 

On the other hand, peaks of FRFs for the noon measurements are showing a distinct 

deviation from the peaks in the night and morning measurements regardless of input/output 

locations. This deviation is observable for all the peaks under 20 Hz. As it was discussed 

before, peaks of the spikes in FRFs are related to mode shapes of vibration modes.  So, it can 

be directly concluded that the measured mode shapes at the night and morning will not 

change while the measured mode shapes at noon are expected to be different. 



 

Chapter 6: Field Investigation 

 167 

0.0

0.5

1.0

1.5

2.0

0 2 4 6 8 10 12 14 16 18 20

Frequency (Hz)

M
a
g

n
it

u
d

e
 (

E
-0

4
).

..
..

..
.

Night

Morning

Noon
See Figure 5.17

 

Figure 6.16- Averaged H52 at different times of day 

0.0

0.4

0.8

1.2

1.6

2.0

2 2.2 2.4 2.6 2.8 3

Frequency (Hz)

M
a
g

n
it

u
d

e
 (

E
-0

4
).

..
..

..
.

Night

Morning

Noon

 

Figure 6.17- Averaged H52 at different times of day within 2-3 Hz frequency range 
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Figure 6.18- Averaged H53 at different times of day 
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Figure 6.19- Averaged H53 at different times of day within 2-3 Hz frequency range 
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Figure 6.20- Averaged H42 at different times of day  

0.0

0.4

0.8

1.2

1.6

2.0

2 2.2 2.4 2.6 2.8 3

Frequency (Hz)

M
a
g

n
it

u
d

e
 (

E
-0

4
).

..
..

..
.

Night

Morning

Noon

 

Figure 6.21- Averaged H42 at different times of day within 2-3 Hz frequency range 
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In addition to the acceleration response of the bridge, the temperature of girders A1 and A2 

and the top of the concrete deck was measured. Five thermocouples were used for continuous 

measurement of temperature of the top and bottom flanges of girders A1 and A2 as well as 

the temperature in the intermediate diaphragm between A1 and A2. The recorded 

temperatures on these girders are shown in Figure 6.22. Besides, the temperature of the top of 

the concrete deck was measured using a laser thermocouple only during acceleration 

measurements at all three times of the day and is presented in Table 6.1.           

It is clear from Figure 6.22 that the thermocouple on the top of girder A1 was initially 

unstable but the trend is clear. The averaged temperature of the corresponding points on 

girders A1 and A2 are presented in Table 6.1 and used to represent the temperature of the top 

and bottom flanges of the girders at the times of testing.    
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Figure 6.22- Girder temperature on August 21th, 2008  

Natural frequencies of the structure were extracted from the averaged frequency response 

functions related to different measurement times (Figure 6.16, Figure 6.18 and Figure 6.20) 

by using the peak picking method (Harris 2002). Seven natural frequencies of the bridge 
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structure were found below 20 Hz. The extracted natural frequencies for the different times 

of the day are also included in Table 6.1. 

Table 6.1- Natural frequencies and temperatures measured at three different times of the day 

Temperature (
˚
F) Frequency (Hz) 

 
Top of 

concrete 

Top 

flange 

Bottom 

flange 

1
st
 

mode 

2
nd

 

mode 

3
rd

 

mode 

4
th
 

mode 

5
th
 

mode 

6
th
 

mode 

7
th
 

mode 

Night 

measurements 
70.0 76.5 80.1 2.187 2.641 6.984 7.724 8.357 21.1 24.7 

Morning 

measurements 
71.1 72.5 75.0 2.195 2.656 7.00 7.750 8.388 21.7 22.5 

Change (%) 1.4 -5.23 -6.25 0.37 0.57 0.23 0.34 0.37 1.4 -5.23 

Noon 

measurements 
98.4 91.0 86.0 2.234 2.6875 7.047 7.844 8.539 36.9 32.8 

Change (%) 26.3 18.95 7.5 2.13 1.76 0.9 1.55 2.18 26.3 18.95 

The measured temperatures in Table 6.1 show that during the night and morning, the 

temperature of the concrete deck and top flange of the steel girders were lower than the 

measured temperatures of the bottom flange of the steel girders. On the other hand, during 

the noon measurements, the temperatures of top of the concrete deck and the top of the 

girders were higher than the temperature of the bottom flange of the girders.  

The interesting observation that can be made in Table 6.1 is related to the percentage change 

in the modal frequencies of the bridge. The first seven modal frequencies did not have a 

noticeable change between night and morning measurements while an almost 2 percent 

change in natural frequencies can be observed in all modes for the noon measurements. This 

distinct change in the modal frequencies between noon and other two times of day can be 

attributed to the temperature inversion between the top and bottom of the composite girders. 

In addition, changes in the boundary conditions of the bridge as a result of temperature 

change are another important parameter that may contribute to changes in the modal 

frequencies of the bridge structure.  

The deflections for three girders in span A were also measured at the mid-span and are 

shown in Figure 6.23. The measured deflections are relative to the reference measurements at 
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1:00 AM and positive refers to upward movement. The shaded region in this figure 

corresponds to times of vibration measurements at night, morning and noon. The three 

girders showed a small upward deflection from night to morning, and relatively large upward 

deflections from night to noon. It can be noticed that negligible changes in the relative 

deflection from night to morning were coincident with the unchanged temperatures and 

natural frequencies. On the other hand, noticeable changes in deflection of all three girders 

from night to noon were coincident with the temperature inversion and variations in natural 

frequencies. 
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Figure 6.23 - Measured mid-span deflections of girders, August 16, 2008 

6.2.2.1. Deriving mode shapes 

Knowing mode shapes of each natural frequency is necessary for a better understanding of 

different modes of vibration in the structure. Mode shapes of the bridge can be derived from 

the averaged FRFs related to the same input and different output locations. The mode shape 

for each modes of vibration can be calculated by dividing the magnitude of different FRFs 
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from different sensor locations by magnitude of FRF for a reference sensor location at that 

specific modal frequency. Therefore, for a specific mode of vibration, a mode shape of the 

bridge is the relative movement of different measurement points on the structure with respect 

to a reference measurement point. The more measurement sensors are available on the 

bridge, the more complete the shape of the mode shapes will be (Harris & Piersol 2002).  

The vibration measurements recorded on the Chicken Rd. bridge were limited to 6 

accelerometers on one of the outer girders (A1) in span A. Therefore, constructing the entire 

mode shape of the bridge is impossible because of the limited measurement locations. 

However, the first five partial mode shapes were built for girder A1 based on the available 

sensor locations and the method explained in the previous paragraph. Figure 6.24 and Figure 

6.25 show FRFs obtained from different sensor locations and the same loading locations 

from night and morning measurements, respectively. It can be clearly seen that at any of the 

natural frequencies, the magnitude of FRFs corresponding to different accelerometers are 

different. The first five partial mode shapes of the bridge for girder A1 were built by 

normalizing the magnitude of different FRFs in Figure 6.24 with respect to the magnitude of 

H34 at 1
st
 mode of frequency. These mode shapes are shown in Figure 6.26. 
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Figure 6.24- Averaged FRFs for the same input and different output locations (night) 
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Figure 6.25- Averaged FRFs for the same input and different output locations (morning)  
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Figure 6.26- Mode shapes derived for sensors on girder A1 

Like natural frequencies of the structure, mode shapes are expected to be susceptible to 

changes in temperature of the structure. However, due to changes in location of the 

accelerometers in the noon measurements, the mode shapes could not be reconstructed based 

on noon measurements. Nonetheless, since the mode shapes are built by normalizing the 
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magnitude of the FRFs at their peaks, it can be concluded from Figure 6.16 and Figure 6.18 

that they can change due to shifts in temperature of the bridge. This conclusion is directly 

derived from the fact that the magnitude of FRFs at natural frequencies of the bridge in these 

figures are almost the same for night and morning measurements while it is very different for 

noon measurements. This change in magnitude of FRFs may not be equal for all modes of 

vibration as it can be observed in the figures. Therefore, it may be concluded that while the 

mode shapes do not vary very much from night to morning, some changes can be expected in 

their shapes between night and noon. 

6.2.3. Finite element analysis 

Linear and nonlinear FE simulations were performed to investigate effects of temperature 

variations on the stiffness of the bridge and its modal characteristics. SAP2000 v11.0.8 finite 

element software was used to carry out the simulations. Only span A of the bridge was 

simulated in the finite element models. The primary justification for this partial modeling of 

the bridge is related to the fact that the two spans of the steel-concrete composite bridge are 

structurally independent from each other. This is due to simply supported steel girders and 

expansion joints on both sides of the concrete deck in each span. Therefore, it was expected 

that the initial modes of vibrations are only due to flexure and torsion of the deck in each 

span; however, appropriate boundary conditions were considered in order to account for pier 

and abutment components of the bridge. The four steel girders and the two concrete barriers 

on the longitudinal edges of the concrete slab were modeled using frame elements. The 

concrete slab was modeled using 4-node shell elements which consider membrane, bending 

and transverse shear deformations. Although the frame and shell elements were modeled in 

the same plane, an offset was considered between them in the global vertical direction to 

account for their eccentric centroids. Also, a constraint was considered between the frame 

and shell elements to ensure consistent deformations in the global vertical direction. This 

constraint will simulate full composite action between the concrete and steel girders which is 

a reasonable idealization. The intermediate and end bent diaphragms between the steel 
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girders were simulated using link elements with an idealized longitudinal and vertical 

stiffness of the real diaphragms. For simplicity, the support on top of the abutment end of the 

span was modeled using rigid pinned supports. This assumption is realistic since the 

abutments were supported by several prestressed concrete piles both in the vertical and 

horizontal directions for load transfer and bracing of the abutments. A fixed vertical restraint 

was considered for the supports at the pier end of the span. Spring supports were used to 

constraint the longitudinal movements of the span at the pier end of the span. The stiffness of 

these springs was calculated using the shear stiffness of the neoprene bearing pads. The 

horizontal stiffness of the pier columns was not taken into account since the horizontal 

stiffness of the bearing pads is much smaller than the horizontal stiffness of the pier. 

However, the real stiffness in the longitudinal direction of the span can be very dependent on 

the functionality of the expansion joints. Finally, concentrated masses were considered at the 

support locations to account for mass contribution of the pier and abutments to the modal 

characteristics of the span in rotational and longitudinal degrees of freedom. Half of the mass 

at the abutment support was considered. Also, half of the mass of the concrete cap and one 

fourth of the mass of the concrete columns were considered at the pier support. The FE 

model of the bridge span is shown in Figure 6.27. 

 

Figure 6.27 - FE model of the simulated bridge span 
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An eigenvalue analysis of the model was performed to identify the natural frequencies and 

mode shapes of the bridge span at its night time reference condition. There was no 

temperature effect considered in this analysis since the experimental comparisons between 

different times of the day were performed relative to this reference condition. The measured 

natural frequencies and mode shapes of the bridge span in the reference condition are 

presented in Figure 6.28. As it can be seen, the calculated mode shapes are in a very good 

agreement with the partial mode shapes measured for girder A1, presented in Figure 6.26.  

The calculated natural frequencies are also reasonably close to the measured natural 

frequencies. The most deviation can be observed in the 1
st
 calculated natural frequency which 

is about 13% different from the measured natural frequencies; however, calibration of the FE 

model with the measurements on the bridge was not the main purpose of the investigation in 

this study. The obtained accuracy is considered acceptable for the purpose of this study 

which is the relative comparison between structural responses induced by temperature 

variations.  

f1=1.932 Hz

A1

f2=2.997 Hz

A1

f3=6.805 Hz

A1

f4=6.944 Hz

A1

f5=7.852 Hz
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Figure 6.28 First five modal shapes of bridge span A calculated for the reference condition 
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After calculating the modal characteristics of the reference condition of the bridge, nonlinear 

static analyses were performed by considering P-delta and large-deflection effects to 

calculate the displacement and induced stresses in the bridge due to temperature variations 

from night temperatures. The relative variations of the temperatures from night time were 

used as constant and gradient temperature loadings in the frame and shell elements to 

consider axial and out-of-plane bending deformations, respectively. Values used are based on 

the average temperatures measured on girders A1 and A2 and temperatures of the concrete 

slab presented in Table 6.1. In order to calculate the temperature gradient in the slab shell 

elements, the temperature at the bottom of the concrete slab was obtained by interpolating 

between the temperatures at the top flange of the steel girders and the top of the concrete 

slab. The results of these nonlinear analyses for morning and noon temperature variations are 

presented in Figure 6.29, Figure 6.30 and Figure 6.31.  

(a)
DA1= 0.2 inch

DA2=0.21 inch

DA3= 0.21 inch

DA1= 0.91 inch

DA2= 0.73 inch

DA3= 0.56 inch

(b)

 

Figure 6.29 - Relative deformation of bridge span A due to temperature variations from (a) 

night to morning, (b) from night to noon (in inch) 
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M11= -233

M11= -223

M11= -211

M11=- 198

M11= -233 

M11= -224

M11= -211 
M11= -198(a) (b)

M11= -560

M11= -386

M11= -518

M11= -750

M11= -868 

M11= -793

 

Figure 6.30 - M11 moment distributions in the concrete slab due to temperature variations in 

(a) morning and (b) noon times (in Kip-ft). 

(a)

DA2= -3.23 

DA3= -3.24

(b)

DA2= -3.01

DA3= -3.02 mm

(c)

DA2= -2.49

DA3= -2.67

 

Figure 6.31 - Deformation of bridge span A due to (a) dead load, and combination of dead 

and temperature loadings at (b) morning, (c) noon (in inch) 
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Figure 6.29(a) and (b) show the relative displacement contours due to temperature variations 

at morning and noon time, respectively. The calculated deformations of steel girders are 

consistent with that of the slab at the location of the steel girders since the frame and shell 

elements had their vertical deformations constrained along these lines. It can be observed 

from comparison of the absolute values of the calculated deformations (Figure 6.29) and the 

measured relative deformations (Figure 6.23) at mid-span of the steel girders are different at 

morning and noon times. The calculated deflections in the FE analysis are greater than the 

measured deflections. This can be due to differences in the boundary conditions and material 

properties used in the FE model with respect to the bridge; however, as it was explained 

before, calibrating the FE model was not a purpose of this study. On the other hand, relative 

deformation patterns are consistent between the measured and calculated results. As it can be 

seen in Figure 6.29(a), the mid-span deflections of all girders are almost equal in the morning 

while a distinctly larger mid-span deflection is observable in girder A1 with respect to the 

other steel girders during the noon time measurements. This observation is consistent with 

the measurements in Figure 6.23. The reason for the larger deflections in outer girder A1 

during the noon time can be related to the high temperature gradient between the bottom and 

top of the steel girder and the concrete slab. This claim can be better understood by looking 

at the moment in the longitudinal direction of the slab in the morning and noon times (Figure 

6.30(a) and (b)). The moment contour at morning is nearly symmetric about a diagonal axis 

of the span in Figure 6.30(a). This is due to the fact that the temperature gradient was small 

in the concrete slab and steel girders and most of the deformation was governed by different 

longitudinal expansion rates between the concrete slab and steel girders. In fact, the concrete 

slab experienced a small increase in temperature in the morning while some decreases in 

temperature were measured in the steel girders. The small observed asymmetry in Figure 

6.30(a) can be related to the skewed geometry and graded cross-section of the bridge. On the 

other hand, the unsymmetrical moment (Figure 6.30(b)) and deflection contours (Figure 

6.29(b)) at noon time can only be related to the temperature gradient due to the simple 

geometry of the bridge.  
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In order to compare the structural response of the bridge at night, morning and noon times, 

the displacement contours of span A have been plotted in Figure 6.31 due to the combined 

effect of dead and temperature loadings on this span. Temperature loadings were not 

considered in the night displacements since the comparison is relative to this reference 

condition. It can be seen that displacement contours for both night and morning times are 

symmetrical and similar in shape. On the other hand, the displacement contour looks 

completely asymmetric for the noon time. This asymmetrical displacement contour can result 

in an asymmetric stiffness in the span since the effect of P-delta and large-deflections are 

considered in calculating the deflections and stress distribution of the section. As a result, this 

observed asymmetry is expected to affect the modal characteristics of the bridge at noon time 

more than the morning time. In order to numerically investigate this, modal analyses were 

conducted after performing the nonlinear static analysis, and the new stiffness matrix 

obtained at the end of nonlinear solutions was used to extract the eigenvalues of the bridge 

span for the morning and noon times. Results of these analyses are presented in Table 6.2. 

The natural frequencies experienced an average variation of 1.4% variations from night to 

noon time while this value was only 0.16% from night to morning. These values are in 

general agreement with the measured natural frequencies where the natural frequencies 

varied 1.7% and 0.38% for the noon and morning times, respectively.     

Table 6.2 - Calculated natural frequencies from the FE model after applying the temperature 

loadings for different times of the day 

 Natural frequencies (Hz) % Difference  

Mode 
Night 

(Reference) 
Morning  Noon  Morning  Noon  

1 1.932 1.934 1.947 0.1 0.78 

2 2.997 3.001 3.106 0.13 3.06 

3 6.805 6.813 6.886 0.39 1.19 

4 6.944 6.947 7.007 0.04 0.91 

5 7.852 7.862 7.934 0.13 1.04 
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6.3. EFFECT OF LOADING ON MODAL PROPERTIES 

For investigating the effect of loading on the modal properties of the bridge, the previous 

configuration of sensor placement was kept on the bridge, but a different type of loading with 

more variability compared to the impact hammer was used for exciting the vibration 

responses. Also, all measurements were recorded at the same three different times of the day 

as in the previous case. The second type of loading on the bridge was applied by passing a 

minivan over a piece of wood. The wood was placed on top of the concrete deck at each of 

the 6 locations previously loaded by the impact hammer. At each of these locations, loading 

was repeated three times by passing the minivan over the piece of wood. Unfortunately, the 

loading input on the bridge could not be recorded; however, it was expected to have greater 

variation between the repetitions of loading due to the variable nature of the contact between 

tires and the piece of wood and slight differences between speeds of minivan at different 

repetitions of loading. This is unlike the case of impact hammer where different repetitions of 

loading were closely consistent in magnitude, time and shape of loading.  

Acceleration time histories obtained from different iterations of loading at the same location 

were used for investigating the effect of loading on modal properties of the bridge. Power 

Spectrum Densities (PSDs) for different sensors and different iterations of loading at 

different locations were calculated from the output acceleration time histories. Three PSDs 

related to the three iterations of loading at the same location were calculated and compared 

together.    

6.3.1. Power Spectrum Density 

The power spectrum density of a recorded vibration response of a structure, when multiplied 

by appropriate weight factors, gives the energy carried by the acceleration signal, per unit 

frequency, for each frequency within the vibration range of the structure (Norton & Karczub 

2003). Frequency domain information about vibration of the structure is needed for 

calculating energy of vibration in each vibration frequency. Therefore, acceleration time 

histories recorded from sensors were initially transformed to frequency domain data by using 
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Fast Fourier Transform and 864 amplitude points An were obtained for the frequency range 

of 0~20.25 Hz. Then, the normalized energy En was calculated for each frequency as:  

n 864

n=1

2
A

nE =
2

A
n∑

                                                                       (Eq. 5.7)                                                    

The frequency range of 0~20.25 Hz was divided into 288 bands with 0.1171 Hz width and 

0.0468 overlap length. The power spectral density of each frequency was calculated for each 

acceleration data set by applying proper weight factors to the normalized energy of each 

frequency as:  

m mm-2 m-1 m+1 m+2B = 0.25E + 0.75E + E + 0.75E + 0.25E m = 3p, p = 1,...,288    (Eq. 5.8) 

Where Bm values are referred as normalized power spectrum density. The frequencies of 

natural modes of vibration have a very high power density compared to other frequencies. 

This fact was used to compare natural frequencies obtained under different iterations of 

loading. Also, using normalized power spectrum density instead of power spectrum density 

provided clearer graphs with less observable noise which made the comparisons easier.    

6.3.2. Results and discussion 

Recording acceleration data from different iterations of loading at different loading locations 

and different measurement times provided information about modal properties of the bridge 

not only from different repetitions of loading but also from measurement at different times of 

the day. In order to investigate differences in modal properties under different iterations of 

loading, PSDs were derived from acceleration data related to the same sensors and loading 

locations but different iterations of loading at the same time of the day. Before comparing the 

PSDs obtained from different iterations of loading, all PSDs obtained from different sensors 

for the same iteration of loading were compared. It is expected that frequencies with high 

power should match each other in different PSDs related to different sensors and the same 

iterations of loading. Figure 6.32 and Figure 6.33 show 6 PSDs obtained for all 6 sensors 

from 2
nd

 and 3
rd

 iteration of loading at location 3 during night and morning measurements, 
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respectively. For example, PSD31 in these graphs stands for power spectral density obtained 

from sensor 1 and loading at location 3. It is clear from these graphs that all sensors are 

identifying the same frequencies as natural frequencies of the bridge. This observation was 

expected since loading and temperature was identical for all data from 6 accelerometers.     

Following this observation, PSDs were plotted to compare the natural frequencies of the 

bridge obtained from different iterations of loading. Figure 6.34 and Figure 6.35 show two 

different sets of PSDs obtained from loading and measurement at location 3 and taken at 

morning and noon, respectively. In these figures, PSDs from three different iterations of 

loading are plotted. Similar to frequency response functions, spikes in these graphs are 

representative of bridge modal frequencies. It can be seen in Figure 6.34 that second natural 

frequency had a 2.7 % change from 2.58 to 2.65 Hz between the first and third load iteration. 

This amount of change in the natural frequency is very close to the change previously 

observed in frequency in Table 6.1 due to temperature shift. The amount of change in natural 

frequencies due to different iterations of loading was not similar for all natural frequencies. 

In some other frequencies like the third natural frequency obtained from morning 

measurements (Figure 6.34), a smaller change with a magnitude of 0.6 % was observable. 

Similar to Figure 6.34, a change close to 1% occurred in the 1
st
 and 2

nd
 natural frequency 

between the first and third load iterations in noon measurement as it can be seen in Figure 

6.35. Besides, in some cases some of the natural frequencies were not excited in all iterations 

of loadings. For example, in the first iteration in Figure 6.35 it can be seen that 1
st
 natural 

frequency, near 2 Hz, is not excited well and it has a very low power close to that of the noise 

in the signal. Putting all these changes together, it may be concluded that each iteration of 

loading can result in a slightly different natural frequency of the structure due to unequal 

magnitude or shape of loading. Although a change of 1-2% in natural frequencies may not 

seem to be significant, knowing that natural frequencies are characteristics of a structure that 

should remain constant highlights the importance of any change in natural frequencies of the 

bridge. These changes due to different iterations of loading may create some problem during 

structural health monitoring since identical natural frequencies are expected in the absence of 
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damages throughout the service life of the structure. Furthermore, it has been shown by 

others, Allampali (1998) that changes in natural frequencies due to some structural damage in 

the structure may be in the same order of 2%. 
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Figure 6.32- PSDs obtained for all 6 sensors by loading at location 3 in the night 
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Figure 6.33- PSDs obtained for all 6 sensors by loading at location 3 in the morning 
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Figure 6.34- PSDs for sensor and loading location 3 and different iterations of loading in the 

morning 
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Figure 6.35- PSDs for sensor and loading location 3 and different iterations of loading in the 

noon 

Finally, three PSD plots from different iterations of loading at different times of the day are 

presented in Figure 6.36 in order to compare the combined effect of change in temperature 

and different iterations of loading on the natural frequency of the bridge. The natural 

frequencies of the bridge obtained from noon measurements are still showing a distinct 

difference compared to the natural frequencies obtained from the night and morning 

measurements. Except for the second natural frequency where similar values can be seen for 

noon and morning measurement due to the combined effect of temperature and different 

loadings, the other 3 natural frequencies show distinct shifts between night and noon 

measurement. The first, forth and fifth natural frequency experienced 3.2%, 1.2%, and 0.85% 

shifts between night and noon measurements. This observation confirms the findings from 

impact loading by the hammer. However, unlike the case of the impact hammer the shifts in 

natural frequencies are not consistent in all natural frequencies which is a result of both 

temperature and loading effects on the natural frequency of the structure. 
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Figure 6.36- PSDs for sensor and loading location 3 and different times of measurement 

It can be concluded from the above observations that changes in temperature and loading of 

the bridge are other parameters beside damages that affect modal properties of bridge 

structures. Therefore, a complete set of information on natural frequencies and mode shapes 

of the structure under the effect of different temperatures and operational environment of the 

bridge is necessary in order to monitor the bridge for any possible damage.      
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Chapter 7:  Conclusions and Future work 

Two vibration-based damage diagnosis methods were proposed to potentially identify the 

location of damages in steel bridge girders under ambient vibrations. A two span beam set-up 

was used in the lab to idealize bridge girders. A series of vibration testing were performed on 

the beam to measure the vibration response of the beam at different damage conditions under 

a simulated ambient excitation. The measured vibration responses were used to validate the 

capability of the proposed method. Also, field testing was performed on a two-span steel-

concrete composite bridge to investigate the extent and possible reasons for daily variations 

in the modal characteristics of the bridge due to temperature variations. Conclusions of this 

research program and recommended future research work are presented in the following 

sections.  

7.1. SUMMARY AND CONCLUSIONS 

Vibration testing was performed in the lab on an idealized two-span steel beam to investigate 

the capability of the proposed damage diagnosis methods to identify locations of damage in 

the beam. A hydraulic actuator was used to excite the beam using random loading time 

histories in order to simulate the ambient vibrations in the field. Three different random time 

histories were used to measure the vibration responses of the beam at each damage condition. 

Different damage conditions were induced in the beam by saw cutting different sizes of the 

cross-section at two different locations. Vibration responses of the beam were measured at 15 

sensor locations along the length of the beam at any of the damage conditions and under 

different random excitations. These vibration responses were used to evaluate the proposed 

damage diagnosis methods. Both damage diagnosis methods were presented in context of 

statistical pattern recognition.  The first damage diagnosis method presented in this study 

used a combination of the AR and ARX time series models to extract damage features for 

different damage conditions of the beam at different sensor locations. Reference and Healthy 

data samples were generated from vibration responses measured at the healthy condition of 
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the beam, and Damage data samples were generated from vibration responses of the beam 

measured at the damaged conditions of the beam. AR time series models were fitted to the 

data samples generated in Reference, Healthy and Damage data sets, and a data 

normalization step was performed to match the data samples in the Healthy and Damage data 

sets to a data sample in the Reference data set in order to find the data samples that are 

measured under similar loading conditions of the beam. ARX models were fitted to the data 

samples in the Reference data set, and the fitted ARX model were used to calculate the 

prediction errors from the matched data samples in Healthy and Damage data sample. The 

damage features were calculated using the variance of the prediction errors for the Healthy 

and Damage conditions of the beam. Finally, a statistical evaluation was performed using 

Fisher’s linear discriminant criterion to evaluate the amount of deviation in the vibration 

responses measured at different sensor locations for the damage conditions of the beam. The 

sensor that corresponds to the highest Fisher criterion value is potentially the sensor located 

closest to the physical damage location. 

 The 2
nd

 proposed damage diagnosis method is different from the 1
st
 method mostly because 

of the approach used in calculating the damage features. Similar to the 1
st
 damage diagnosis 

method, data samples were generated for Reference, Healthy and Damage data sets. Damage 

features were obtained in this method by fitting VAR time series models to the vibration 

responses at multiple sensor locations. The diagonal terms of the coefficients matrix 

estimated for the 1
st
 and 2

nd
 time lags of the VAR models were used to extract the damage 

features for each sensor location. The reason that these coefficients were used to extract the 

damage features is because these coefficients are the only coefficients in the coefficient 

matrices that are related to the vibration responses in individual sensors. Other coefficients in 

the coefficient matrix include mixed effects from multiple sensor locations. Also, the 

coefficients for the initial time lags include the most amount of information from the 

vibration response. The amount of deviations in the selected VAR coefficients at different 

damage conditions of the beam were determined with respect to the Reference condition of 

the beam using Mahalanobis distances in order to extract the damage features. Fisher’s linear 
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discriminant criterion was used to determine the amount of deviations in the vibration 

responses measured at different sensor locations with respect to the damage. The Fisher 

criterion was used to measure the difference between the damage features calculated for the 

Healthy and Damage condition of the beam at each sensor location. The sensors which 

correspond to the highest Fisher criterion are supposedly the sensor close to the actual 

damage location. Also, a critical threshold was determined using the 95% confidence interval 

of the probability distribution of the calculated Fisher criterion at different sensor locations. 

This critical threshold was used to discriminate the sensors close to the damage location from 

other sensor location with possible high Fisher criterion value. Damage features obtained 

from these methods were statistically evaluated to identify the locations of damage in the 

beam. Effects of varying excitation loading and varying temperature conditions of the beam 

were also investigated to evaluate the capability of the proposed damage diagnosis method. 

The research findings led to the following conclusions: 

• Natural frequencies of the two-span continuous beam were derived at different 

damage and temperature conditions of the beam from vibrations induced by an impact 

hammer. Decreases in most of the natural frequencies were observed due to the 

existence of damages in the beam. These decreases in natural frequencies were 

expected since damages will reduce the stiffness of the beam cross-section; however, 

since the damages were local they had a small effect on the global modal frequencies 

of the beam especially for early levels of damage. The small effect of damage on the 

natural frequencies was more evident for the 1
st
 and 2

nd
 natural frequencies of the 

beam. For example, the amount of variation in the 1
st
 and 2

nd
 natural frequencies in the 

early states of damage was in the order of the resolution used for calculating the natural 

frequencies. This small amount of variation with respect to the resolution of 

calculations raises uncertainty in detecting damages. The other problem in detecting 

damages using natural frequencies is related to different amount of variation in 

different modes of frequency. Therefore, a priori knowledge about the effect of 

damages on natural frequencies is required to detect damages using more sensitive 



 

Chapter 7: Conclusions and Future work 

 192 

natural frequencies. Temperature variations in the beam made it even more difficult to 

detect the damages using natural frequencies. It was observed that temperature 

variations had an opposite effect on the natural frequencies of the beam compared to 

the effects of damages. Cooling the temperature of the beam resulted in increases in 

most of the natural frequencies derived from the vibration responses of the beam. 

These opposite effects disguised the existence of damage in the structure in most of the 

natural frequencies. Therefore, if natural frequencies are used for damage detection 

purposes, great care should be taken when using vibration data measured under a 

different temperature from the reference condition of the structure.  

• It was found that fitting an appropriate order of the AR and ARX time series model is 

very important in successfully implementing the 1
st
 damage diagnosis method. The 

findings from the application of the 1
st
 damage diagnosis method on the measured 

vibration responses of the beam show that although this damage diagnosis method is 

able to identify the general damage region, it is not always able to identify the exact 

location of damage. This conclusion is made after it was observed that sensor 4 is not 

identified as the sensor with the highest Fisher criterion value although it was the 

closest sensor to the 1
st
 damage location; however the damage region was identified 

using a high Fisher criterion value for sensor 5 location except in the smallest level of 

damage (D11). Also, the second damage location was not identified in one of the 

damage conditions (D23). The reason for the low performance of this damage 

diagnosis method can be related to the matching process used between data samples in 

the Reference data set and Healthy/Damage data sets to normalize the response of the 

structure with respect to the excitation loadings. There is no guarantee that the 

generated pool of data samples in the Reference data set always includes a data sample 

that is measured under the same loading condition as the data sample in 

Healthy/Damage data sets. In order to solve this problem, it is suggested to measure the 

vibration response of the structure under a variety of different operational conditions at 

its healthy condition to generate a large pool of data in the Reference data set that 
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represent the healthy response of the structure under different operational conditions. 

The other reason that this damage diagnosis method could not always pinpoint the 

exact location of damage can be related to the approach used for calculating damage 

features. AR and ARX models fitted to vibration responses from individual sensors 

include information about natural frequencies and damping of structure, but they do not 

include any spatial information about the vibrational response (Pandit and Wu 1983). It 

means that although the spatial information about vibration is included in the vibration 

response measured at different sensor locations, the spatial information cannot be 

derived from the individual time series models used to extract the damage feature. 

Therefore, the changes induced in the fitted time series models for different sensor 

locations by damages are not correlated between different sensor locations. This 

individual nature of measuring changes in the fitted AR-ARX models can induce 

uncertainty in identifying the damage location.  

• In order to develop a better damage feature which includes spatial information about 

the changes in the vibration response of the structure in the presence of damage, the 

second damage diagnosis scheme was developed. In this scheme, VAR models are 

used instead of AR-ARX models to develop damage features based on data from 

different sensors at different locations. In this method, sensors 4 and 11 were always 

successfully identified as the sensors with highest Fisher criterion, and it was 

concluded that the extracted damage features have a good sensitivity for identifying 

locations of damage. No false-positive or false-negative damage identification was 

detected when all the damage features were calculated from the vibration responses 

measured under the 1
st
 source of random excitation. Selecting the proper order for the 

VAR model fitted to the vibration data is very important for the success of this damage 

diagnosis method. Also, statistical uncertainty involved in estimation of the time series 

models was considered in this damage diagnosis method by estimating VAR models 

for a large number of overlapping data samples generated from the measured vibration 
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responses of the beam. This will potentially decrease the possibility of false-positive or 

false-negative damage detections.   

• The success of the 2
nd

 damage diagnosis method was also investigated in the presence 

of operational variability. The proposed method was used to identify damage locations 

using the vibration responses measured under three different sources of excitation. Data 

samples that were generated in the Reference, Healthy and Damage data sets were 

obtained under all three different sources of random excitations. Damage features were 

calculated accordingly for Healthy and Damage conditions of the beam and statistical 

evaluations were performed to identify the sensor close to the damage location. Both 

sensor 4 and sensor 11 were successfully identified in all the damage conditions of the 

beam as sensors closely located to the physical damage locations. There was only one 

false-positive damage identification in D23 damage for sensor 4. It was not expected to 

identify sensor 4 as a damage location for D21 to D24 damage conditions since the 

data samples in the D15 data set were used as the Reference data samples to calculate 

the damage features at D21 to D24 damage conditions. It was noted that sensor 4 had 

been falsely associated with a large calculated Fisher criterion value when the Fisher 

criterion had been only calculated based on the vibration data from the 2
nd

 or 3
rd

 

random excitations.  It was concluded that different sources of random excitations did 

not have a major influence on the selected VAR coefficients. Hence, the results of this 

study suggest that the 2
nd

 proposed damage diagnosis method can be successfully used 

to identify the damage location whether the selected VAR coefficients is obtained from 

the data measured under a single source of random excitation or different sources of 

random excitations. However, it should be noted that the PSD for all the three random 

excitations used in this study were almost similar. 

• Effect of varying temperature was also investigated on the capability of the proposed 

damage diagnosis method to identify damage locations. The Reference data samples 

were generated from the vibration data at the healthy condition of the beam measured 

at normal lab temperature, and Healthy data samples were generated from the vibration 
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data measured at the varying temperature. The generated Damage data samples were 

also obtained from the vibration data at the damage condition of the beam measured 

under a varying temperature. The damage features calculated for the Healthy condition 

of the beam only included the effect of temperature on the coefficients of the VAR 

model while the damage features calculated for the Damage condition of the beam 

included the effect of both damage and varying temperatures on the coefficients of the 

VAR models. Finally, a linear normalization was performed to eliminate effects of 

temperature from the damage features by calculating the Fisher’s linear discriminant 

criterion values between the damage features for Healthy and Damage conditions of the 

beam. The damage diagnosis method and normalization approach which were used 

were not always successful in identifying the damage locations. The damage locations 

were only identified in the most severe damage conditions in the 1
st
 and 2

nd
 damage 

locations (D14, D15 and D24). In other words, the effects of temperature masked the 

effect of damage on the vibration responses of the beam when the extent of damage 

was smaller in the beam. One reason is due to the fact that the temperatures of the 

beam were not exactly the same for the Health and Damage data sets due to the 

uncontrolled approach used for cooling down the beam. Therefore, the normalization 

process did not completely eliminate the effect of temperature. Also, it was observed 

that the temperature variations did not change the Mahalanobis distances equally at all 

sensor locations. The reason can be due to the fact that the blocks of dry ice were put 

on the beam in a discontinuous manner, and they likely did not induce a uniform 

temperature reduction along the length of the beam. 

Another part of this research included a field investigation to address the extent and possible 

reasons for daily modal variability induced by temperature variations in a two span steel-

concrete composite bridge. The vibration responses of the bridge were excited using a 

modally-tuned impact hammer at three different times of a day, and natural frequencies were 

extracted. The temperature of the bridge and deformations on the mid-span of the steel 

girders were also measured during the 24 hours. Linear and nonlinear finite element analyses 
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were performed to understand the possible reasons for the observed shifts in the modal 

frequencies of the bridge. The findings of this study led to the following conclusions: 

• The results of this field study indicate that the first five modal frequencies did not 

have a noticeable change between night and morning measurements, while an almost 2 

% change in natural frequencies can be observed in all modes for the noon 

measurements. These frequency shifts were coincident with the variation observed in 

the measured temperatures on the bridge. Only a small temperature variation was 

observed on the bridge from night to morning. On the other hand, a 28 ۫ F variation was 

observed in the temperature of the concrete deck from night to noon. Also, the 

temperature profile of the bridge was reversed between the top and bottom flanges of 

the girders from night to morning. Deflections of three girders were measured at mid-

span during the 24 h measurement period. The three girders showed a small upward 

deflection from night to morning, and relatively large upward deflections from night to 

noon. It can be noticed that negligible changes in the relative deflection from night to 

morning were coincident with the unchanged temperatures and natural frequencies. On 

the other hand, noticeable changes in deflection of all three girders from night to noon 

were coincident with the temperature inversion and variations in natural frequencies.  

• Linear and nonlinear finite element analyses were conducted to understand the likely 

mechanism leading to the changes in the measured modal properties at different times 

of the day. Static nonlinear analyses were conducted to obtain the response of the 

bridge span due to temperature loadings at morning and noon time. An unsymmetrical 

displacement contour was obtained at noon time when there was a high temperature 

gradient in the cross-section of the steel girder and concrete deck. This was in 

agreement with the unsymmetrical measured displacements at mid-span of the bridge 

girders. This asymmetry in the displacement contour was not observed in the morning 

when the displacements were governed only by different rates of longitudinal 

expansion in the steel girders and concrete deck. This difference in the displacement 

contour between the morning and noon time was related to the existence of a high 
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temperature gradient at noon time reinforced by observing the longitudinal moment 

distribution contours obtained due to morning and noon temperature loadings. 

•  In order to understand the possible effects of temperature loadings on the stiffness of 

the bridge span, displacement contours were plotted due to the combination of dead 

load and relative temperature loadings for night, morning and noon time. There was a 

consistency in the symmetry of the contour between the night and morning time while 

an asymmetry was observable in the displacement contour at noon time. This 

asymmetrical displacement contour at noon time is the main reason for a major change 

in the stiffness of the bridge span with respect to the night. The stiffness matrices 

obtained at the end of the static nonlinear analysis were used to obtain the 

corresponding modal properties of the bridge in the morning and noon time. Observed 

changes in the measured modal properties were validated with similar changes in the 

modal properties calculated for the morning and noon times. The results of this field 

study confirm that great care must be taken when using modal properties in long-term 

monitoring of bridges. 

7.2. RECOMMENDED FUTURE WORK 

The current research program has led to the development of a damage diagnosis method that 

can be used for identification of damage in the steel bridge girders; however, additional 

research would also be beneficial to develop a comprehensive health monitoring and 

prognostics of bridges. Recommended topics for the future research include: 

• The proposed damage diagnosis method has been tested in a lab setting and on a 

simplified structure. Evaluating the proposed method for identifying damages in a 

more complex structure and under real ambient vibrations is suggested. Although it 

was the intention of this study to simulate the ambient excitations, the applied random 

loading may not represent ambient vibrations in the field imposed by traffic or wind on 

the structure.  
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• Although the extracted damage features were always able to identify locations of 

damage with a high Fisher criterion value, it was observed that in some cases there 

were other sensor locations with a high Fisher criterion. This observation can lead to 

false-negative damage identification which may decrease reliability of the proposed 

method. It is suggested to conduct additional research on the reason for this 

observation and possibly add other damage identification criteria to the current method 

in order to prevent false-negative damage identifications. 

• The reliability of the proposed method was tested under different excitation loadings. 

However, all three random excitations had similar magnitudes of loading and similar 

frequency content. It is suggested to investigate the possibility of damage identification 

using the proposed method when the excitation sources vary more, but still considered 

ambient. 

• Effect of temperature should be investigated more on the proposed damage diagnosis 

method. There is a good possibility that the observed difficulty with the damage 

identification in the presence of temperature variations comes from the fact that the 

temperatures were not similar for the damage features calculated at Healthy and 

Damage conditions of the beam. Therefore, it is suggested to develop a large pool of 

damage features for the healthy condition of the structure calculated from vibration 

responses measured at different temperatures. The other problem regarding the 

temperature investigation was related to the non-uniform temperature variation along 

the length of the beam due to the blocks of dry ice used. It is suggested to generate 

uniform temperature variations which can better simulate the temperature variations in 

the field. Also, the effects of temperature on the selected coefficients of the VAR 

model should be investigated more. A linear normalization procedure, which is 

implemented in this study, linearly discriminated between the deviations induced in the 

damage features by temperature variations and those deviations induced in the damage 

features by combination of temperature variations and damages. This linear 

discrimination was performed using Fisher linear discriminant criterion; however, a 
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linear discrimination may not be the best solution to eliminate the effect of temperature 

from the damage features. 

• The extent of variations in the natural frequencies of a simply-supported steel 

concrete composite bridge was investigated during a 24 h period. However, it is 

necessary to monitor the variations of natural frequencies due to temperature variation 

for a longer time in order to discriminate the changes that occur due to damages from 

those induced by temperature. The phenomenon that contributed to the reason for the 

observed variations in the natural frequencies of the bridge span from night to noon 

time can be confirmed by implementing additional measurements on the bridge for a 

longer period of time. Understanding the mechanism of modal variability due to 

temperature variation can help reduce the effect of temperature on modal properties by 

planning to record the vibration data at times of the day when temperature gradients in 

the bridge are similar.    

• Proposing a damage diagnosis method that can identify the damage locations is a key 

component for developing a comprehensive health monitoring scheme that can be used 

for prognostics of the bridges. Developing a reliable prognostic scheme will make a 

fundamental shift from the current fail and fix ideology in the bridge inspection to a 

predict and prevent ideology that can be used for a safe and cost-effective maintenance 

of bridges. However, to develop a reliable prognostic scheme it is necessary to 

combine a comprehensive health monitoring scheme which is capable of identifying 

existence and location of damage, quantifying extent of damage and determining type 

of damage with a physics-based model of the bridge. Therefore, additional research is 

necessary to develop methods that can reliably quantify extent of damage and 

determine type of damage in the bridge.    
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