
UC San Diego
UC San Diego Electronic Theses and Dissertations

Title
Passive and Active Sensing Technologies for Structural Health Monitoring /

Permalink
https://escholarship.org/uc/item/20j3x8rt

Author
Do, Richard

Publication Date
2014
 
Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/20j3x8rt
https://escholarship.org
http://www.cdlib.org/


 

 

 

 

UNIVERSITY OF CALIFORNIA, SAN DIEGO 

 

Passive and Active Sensing Technologies for Structural Health Monitoring  

A Thesis submitted in partial satisfaction of the 

requirements for the degree Master of Science 

in 

Structural Engineering With Specialization in Structural Health Monitoring, Prognosis 

and Validated Simulations 

by 

Richard Do 

Committee in charge: 

Professor Michael D. Todd, Chair 

Professor Charles R. Farrar 

Professor Francesco Lanza di Scalea 

 

2014 



 

 

 

 

 

Copyright 

Richard Do, 2014 

All rights reserved. 



 

iii 

 

Signature Page 

 

 

The Thesis of Richard Do is approved and it is acceptable in quality and 

form for publication on microfilm and electronically: 

 

 

 

Chair 

University of California, San Diego 

2014 

 



 

iv 

 

TABLE OF CONTENTS 

Signature Page .................................................................................................................. iii 

Table of Contents ............................................................................................................... iv 

List of Abbreviations ......................................................................................................... vi 

List of Tables ................................................................................................................... vii 

List of Figures ................................................................................................................. viii 

Acknowledgements ............................................................................................................. x 

Vita ..................................................................................................................................... x 

Abstract of the Thesis ...................................................................................................... xii 

Chapter 1 Introduction to Structural Health Monitoring .................................................... 1 

1.1. Introduction ..................................................................................................... 1 

1.2. Structural Health Monitoring Paradigm .......................................................... 4 

1.2.1. Operational Evaluation ........................................................................ 5 
1.2.2. Data Acquisition and Cleansing .......................................................... 6 
1.2.3. Feature Extraction and Data Compression .......................................... 6 
1.2.4. Statistical Model Development ........................................................... 7 

1.3. SHM Applications and Methodologies ........................................................... 7 

1.4. Scope of Thesis ................................................................................................ 8 

Chapter 2 Passive Sensing and Low Frequency Vibration Testing .................................. 10 

2.1. Introduction ................................................................................................... 10 

2.2. Data Acquisition ............................................................................................ 11 

2.3. Test Bed and Experiment .............................................................................. 13 

2.4. Feature Extraction ......................................................................................... 17 

2.4.1. Power (Auto) Spectral Density .......................................................... 17 
2.4.2. Autoregressive (AR) Model – AR Coefficients ................................ 19 
2.4.3. Autoregressive (AR) Model – Prediction Error (PE) ........................ 20 
2.4.4. Malahanobis Distance (MD) ............................................................. 21 

2.5. Statistical Model ............................................................................................ 22 

2.6. Results ........................................................................................................... 24 



 

v 

 

Chapter 3 Ultrasonic Guided Waves ................................................................................ 33 

3.1. Introduction ................................................................................................... 33 

3.2. Bulk Waves ................................................................................................... 33 

3.3. Impedance Controls for Wave Equation ....................................................... 40 

3.4. Ultrasonic Guided Waves .............................................................................. 41 

3.4.1. Attenuation ........................................................................................ 42 
3.4.2. Symmetric and Antisymmetric Modes .............................................. 43 
3.4.3. Phase Velocity and Group Velocity .................................................. 45 

Dispersion Curves ................................................................................................... 47 

3.4.4. Dispersion curve study ...................................................................... 49 
3.4.5. Sparse Wavenumber Analysis (SWA) .............................................. 50 

3.5. Active Sensing using UGWs: A SHM application ........................................ 55 

3.5.1. Piezoelectric Sensors ......................................................................... 56 
3.5.2. Filtering ............................................................................................. 56 
3.5.3. Damage Detection ............................................................................. 57 
3.5.4. Localization ....................................................................................... 59 

Chapter 4 Temperature effects on UGWs ........................................................................ 62 

4.1. Introduction ................................................................................................... 62 

4.1.1. Effects of Temperature on Ultrasonic Guided Waves ....................... 63 

4.2. Temperature Compensation Techniques ....................................................... 66 

4.2.1. Performance metric ........................................................................... 69 

4.3. Experimental Test Set-up .............................................................................. 70 

4.4. Method 1 – Scale-Invariant Correlation (SIC) .............................................. 71 

4.4.1. Experimental Results - SIC ............................................................... 74 

4.5. Method 2 – Instantaneous Phase Correction (IPC) ....................................... 76 

4.5.1. Experimental Results – IPC ............................................................... 77 

4.6. Method 3 – Instantaneous Magnitude and Phase Correction (IMPC) ........... 79 

4.6.1. Experimental Results – IMPC ........................................................... 81 

4.7. Comparison of Performance .......................................................................... 83 

4.8. Comparison of Performance with Damage ................................................... 88 

Chapter 5 Conclusions & Future work ............................................................................. 92 

References ......................................................................................................................... 95 

 



 

vi 

 

LIST OF ABBREVIATIONS 

AR Autoregressive 

BP Basis Pursuit 

BSS Baseline Signal Stretch 

CBM Condition Based Monitoring 

DAQ Data Acquisition 

EOC Environmental and Operational 

FBG Fiber Bragg Grating 

FFT Fast Fourier Transform 

IPC Instantaneous Phase Correction 

IMPC Instantaneous Magnitude and Phase Correction 

MD Malahanobis Distance 

NDE Non Destructive Evaluation 

OBS Optimal Baseline Selection 

PE Prediction Error 

PI Performance Index 

PSD Power Spectral Density 

ROC Receiver Operating Characteristic 

SHM Structural Health Monitoring 

SIC Scale-Invariant Correlation 

SNR Signal to Noise Ratio 

SWA Sparse Wavenumber Analysis 

UGW Ultrasonic Guided Wave 



 

vii 

 

LIST OF TABLES 

Table 1: Impact Hammer Drop Heights ........................................................................... 16 

Table 2: Limiting case for impedances changes ............................................................... 41 

 



 

viii 

 

LIST OF FIGURES 

Figure 1: Example of Peak Hopping ................................................................................ 12 

Figure 2: Blueprint of the composite plate with embedded FBG sensors ........................ 14 

Figure 3: Composite Panel Impact Test Fixture ............................................................... 15 

Figure 4: Impact Test Set-up; Specimen Mounted ........................................................... 16 

Figure 5: Comparison of the PSD– Plate 4 – 36’’ Drop ................................................... 18 

Figure 6: Comparison of the AR Coefficients for Plate 4 – 36’’ Drop ............................ 20 

Figure 7: Comparison of the AR Prediction Error for Plate 4 – 36’’ Drop ...................... 21 

Figure 8: Damage detection performance comparisons via ROC analysis ...................... 24 

Figure 9: Damage Profiles of Plate 4 at Various Impact Heights ..................................... 26 

Figure 10: MD Results for the PSD Feature for Plate 4 ................................................... 26 

Figure 11: MD results for the AR Coefficients Feature for Plate 4 .................................. 27 

Figure 12: MD Results for the AR PE Feature for Plate 4 ............................................... 28 

Figure 13: ROC curves for Plate 4 – Sensor 1.................................................................. 30 

Figure 14: ROC curves for Plate 4 – Sensor 3.................................................................. 30 

Figure 15: ROC curves for Plate 4 – Sensor 4.................................................................. 31 

Figure 16: Longitudinal and Transverse Waves [30, p. 1] ............................................... 34 

Figure 17: Longitudinal Vibration of a Rod ..................................................................... 37 

Figure 18: Impedance Controls for Wave Propagation into a New Medium ................... 40 

Figure 19: Attenuation Rates versus Frequency ............................................................... 43 

Figure 20: Particle Directions for Symmetric (top) and Antisymmetric (bottom) 
mode wave propagation ................................................................................... 45 

Figure 21: Group and Phase Velocity Relationship ......................................................... 46 

Figure 22: Phase Velocity-Frequency Dispersion Curve for Steel AISI – 4340 
norm ................................................................................................................. 48 



 

ix 

 

Figure 23: Wavenumber-Frequency Dispersion Curve for Steel AISI-4340 norm .......... 48 

Figure 24: Results from SWA for a Steel Plate ................................................................ 55 

Figure 25: Pitch-Catch Waveform With and Without Damage ........................................ 58 

Figure 26: Localization through Delay-and-Sum ............................................................. 61 

Figure 27: Effect of Varying Temperature on an Isotropic Plate Structure ..................... 66 

Figure 28: Baseline with and without Temperature Influence ......................................... 67 

Figure 29: Experimental Test Bed .................................................................................... 71 

Figure 30: Waveform Results from SIC Method ............................................................. 75 

Figure 31: Waveform Results from SIC Method – A0 ..................................................... 76 

Figure 32: Waveform Results from IPC Method ............................................................. 78 

Figure 33: Waveform Results from IPC Method – A0 ..................................................... 79 

Figure 34: Waveform Results from IMPC Method .......................................................... 82 

Figure 35: Waveform Results from IMPC Method – A0 .................................................. 82 

Figure 36: Comparison of Waveform for each method – Δ5C......................................... 84 

Figure 37: Comparison of Waveform for each method – Δ10C....................................... 84 

Figure 38: Comparison of Waveform for each method – Δ15C....................................... 85 

Figure 39: Comparison of Waveform for each method – Δ20C....................................... 85 

Figure 40: Comparison of Waveform for each method – Δ25C....................................... 86 

Figure 41: Normalized Error versus Temperature change with Baseline ......................... 87 

Figure 42: Normalized Error versus Temperature change without Baseline ................... 88 

Figure 43: Experimental Test Bed Setup for Temperature Compensation – With 
Bolt Loss .......................................................................................................... 90 

Figure 44: Normalized Error comparing damage and undamaged - SIC ......................... 90 

Figure 45: Normalized Error comparing damage and undamaged - IPC ......................... 91 

Figure 46: Normalized Error comparing damage and undamaged - IMPC ...................... 91 



 

x 

 

ACKNOWLEDGEMENTS 

I would like to first acknowledge and give many thanks to my advisor, Dr. 

Michael Todd, for providing me with the opportunity and guidance. I can never forget 

our first meeting where I asked him for a research position as an undergraduate; he took 

a chance on me and it allowed me finish this thesis 3 years later. I would like to thank 

my mentors Scott Ouellete and Colin Haynes for the guidance and the fun times we 

have spent both at and outside of work. Scott, I will never forget about the soldering 

iron, I promise. Colin, thank you for being patient with me and teaching me the 

necessary skills I needed to succeed in research; I have learned so much working under 

you and am extremely grateful.  I would also like to thank Dr. Zhu Mao for “knowledge 

time,” I have really enjoyed those conversations with you and will take those life 

lessons with me throughout my career. Additional thanks to Dustin Harvey, Mike 

Yeager, Luke Robinson, Eric Kjolsing, and Luke Sziga for their knowledge they have 

shared throughout my time working at the SHM lab. 



 

xi 

 

VITA 

2012 B.S. University of California, San Diego    

2014 M.S. University of California, San Diego 

 



 

xii 

 

ABSTRACT OF THE THESIS 

Passive and Active Sensing Technologies for Structural Health Monitoring 

by 

Richard Do 

Master of Science in Structural Engineering With Specialization in Structural Heath 

Monitoring, Prognosis and Validated Simulations 

University of California, San Diego, 2014 

Professor Michael Todd, Chair 

A combination of passive and active sensing technologies is proposed as a 

structural health monitoring solution for several applications. Passive sensing is 

differentiated from active sensing in that with the former, no energy is intentionally 

imparted into the structure under test; sensors are deployed in a pure detection mode for 

collecting data mined for structural health monitoring purposes. In this thesis, passive 

sensing using embedded fiber Bragg grating optical strain gages was used to detect 

varying degrees of impact damage using two different classes of features drawn from 
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traditional spectral analysis and auto-regressive time series modeling. The two feature 

classes were compared in detail through receiver operating curve performance analysis. 

 The passive detection problem was then augmented with an active sensing 

system using ultrasonic guided waves (UGWs). This thesis considered two main 

challenges associated with UGW SHM including in-situ wave propagation property 

determination and thermal corruption of data. Regarding determination of wave 

propagation properties, of which dispersion characteristics are the most important, a 

new dispersion curve extraction method called sparse wavenumber analysis (SWA) was 

experimentally validated.  Also, because UGWs are extremely sensitive to ambient 

temperature changes on the structure, it significantly affects the wave propagation 

properties by causing large errors in the residual error in the processing of the UGWs 

from an array. This thesis presented a novel method that compensates for uniform 

temperature change by considering the magnitude and phase of the signal separately and 

applying a scalable transformation.  
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Chapter 1  

Introduction to Structural Health Monitoring 

1.1. Introduction 

 

Our infrastructure (spanning the civil, aerospace, and mechanical domains) is a 

key component for an efficiently functioning society. However, when these structures 

are out of service or have significant damage, it may result in an economic loss or 

threaten the life-safety of our citizens [1]. Therefore, there exists a need to develop 

smart tools and systems in order to evaluate the integrity of a structure for preventative 

measures. 

 In order to reduce the uncertainty of the structure’s health, the fields of Non-

Destructive Evaluation (NDE) and Structural Health Monitoring (SHM) have emerged 

[1][2]. NDE comprises of a group of techniques that assess the structure, component, or 

system without causing any permanent damage to it (“non-invasive”). The primary 

disadvantage of using a traditional NDE approach such as radiography, thermal imaging, 
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or eddy current analysis, is that the structure must be off-line during the inspection 

process. Furthermore, the tools used in most NDE applications require a highly trained 

technician to perform the inspection.  On the contrary, the modern SHM paradigm 

(discussed below) mandates the design of a system to evaluate the structure on-line and 

in near real-time, providing a more autonomous health assessment of the structure.  

 The applicability of an SHM system is not limited to any single engineering 

discipline, but instead encapsulates a range of fields that look to instill damage detection 

strategies for safety measures or cost reduction. To illustrate the possible benefits of an 

SHM system, a case study of known structural failures via the National Board of Safety 

and Transportation is presented.  In the civil structures domain, according the highway 

accident report NTSB/HAR-08/03, the I-35 Mississippi River Bridge in Minneapolis, 

MN, collapsed during rush hour, killing 13 people and injuring an additional 145. In 

addition to insufficiently sized gusset plates the report concluded that there was a lack 

of inspection guidance as well as insufficient use of technology for assessment [3]. In 

this situation, an SHM system could have potentially detected a change in load path or a 

loss in local stiffness via change in dynamic response, which could have been a key 

warning for the bridge operators to shut down its service for maintenance, thus avoiding 

the loss of life.  

In the aerospace field, according to aircraft accident report NTSB/AAR-89-03, a 

Boeing 737-220 operated by Aloha Airlines Inc. experienced a structural failure while 

enroute to Honolulu from Hilo, killing 1 and injuring 8 [4]. During the flight, a large 

section of the fuselage skin was ripped off, which required an immediate emergency 
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landing. The aircraft also received its routine pre-departure inspection before takeoff; 

however, the inspection was unable to detect the crack in the fuselage skin that had 

formed. In several instances the visual inspection method has failed to adequately detect 

critical structural flaws; as such, SHM technologies are the necessary next step to 

effectively detect damages that visual inspection cannot, or at least better inform 

existing visual inspection protocols [5]. 

An SHM system may also provide economic benefits largely seen in the 

condition based maintenance (CBM) field, which is colloquially used to refer to SHM 

for rotating machinery applications [6]. For example, the primary failure mode in a 

wind turbine is damage the gear box, and prior to the implementation of a monitoring 

system the wind turbines would require routine maintenance. The benefits that CBM 

brings to bear include a reduction in the number of failures which decrease the number 

of repairs, reduction of the severity of the failure reducing the cost of the repair, and a 

reduction of the maintenance downtime of the turbine reducing the overall revenue loss. 

A report that outlines the cost benefits of CBM for wind turbines estimates that, 

component wise, the cost of a failed gearbox replacement is on the order of $300k, 

while an early replacement would be on the order of $50k. Additionally, if a turbine 

were to fail then there would be a revenue loss of around $415k [7]. With a CBM 

system on the wind turbine, it would prevent the turbine from experiencing a total loss 

of a gear box potentially saving $700k. This example provided an economic 

justification for an SHM system. 
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Traditional routine maintenance protocols have been shown to be inadequate 

towards ensuring a structure’s integrity. The purpose of an SHM strategy will be to 

accurately and reliably monitor the structure’s health, and to make statistically 

intelligent decisions on whether to issue inspections or maintenance in order to ensure 

the safety of the users, as well as minimizing maintenance costs.  

1.2.  Structural Health Monitoring Paradigm  

 

The modern SHM process is generally broken down into four categories that 

provide a foundation for any application. The categories are listed below with some 

essential components [8]: 

1. Operational Evaluation 

 Define economic and life-safety justification for the SHM system. 

 Define the system-specific damage/failure mode to be targeted. 

 Define the operational and environmental conditions. 

 Define the limitation on data acquisition in the operational 

environment. 

 Define as many other constraints on the problem as are provided. 

2. Data Acquisition and Cleansing 

 Determining the type of data that is acquired. 

 Specifying the sensor type, the number of sensors, and location of 

each sensor. 

 Figuring out how the system acquires, sends, and stores the data. 
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 Determine how often the data is acquired. 

 Explaining the data normalization and cleansing procedures. 

 Identifying the possible variability in the data. 

3. Feature Extraction and Data Compression 

 Determine the damage-sensitive features and each feature’s 

sensitivity to damage. 

 Using possible information condensation. 

 Identifying the variability that affects each feature. 

4. Statistical Model Development  

 Define if system is uses supervised/unsupervised learning. 

 Identifying the level of damage classifications 

i. Damage detection 

ii. Damage localization 

iii. Damage classification 

iv. Extent of damage 

v. Damage Prognosis. 

 Accounting for false-positives and false-negatives 

1.2.1.  Operational Evaluation 

Operational evaluation phase defines the high level aspects of the SHM system 

of a specific application; it provides implementation justifications such as increase in 

safety, reduction in cost, or an increase in performance. The rule of thumb is that the 

benefits from the SHM system must exceed the cost of implementation. Since the 

definition of damage is so broad, it must be defined specifically for the application 

where the type of damage and the location of damage are outlined. The operational and 
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environmental conditions must be considered because they are generally a driving 

factor to the performance of the system. These conditions listed above will ensure that 

the SHM system could perform as designed; therefore, setting a limitation on the 

available options. 

1.2.2.  Data Acquisition and Cleansing  

Data acquisition (DAQ) and cleansing involves determining what kind of raw 

data is to be acquired, what kind of hardware/sensors are required to collect the data 

sufficiently, and what are the preliminary signal processing that are applied to the raw 

data before it enters the feature extraction phase. An important measure to consider are 

all the extraneous artifacts that occur during testing, these are important to note because 

they will potentially generate false outliers in the data that needs to be account for. 

DAQ involves high level planning to ensure that the data desired is the data that gets 

acquired. 

1.2.3.  Feature Extraction and Data Compression 

Feature extraction is formally known as a method of dimensionality reduction or 

data compression and is used to identify characteristics from the sensor data that 

correlate well with damage. Tools from the signal processing field have been used to 

extract the damage-sensitive features. If the system contains multiple sensors, then a 

data fusion strategy could be used to integrate multiple sensors’ damage-sensitive 

features, which would increase the confidence of the results. Data normalization needs 

to be accounted for as well during the signal processing in order to reduce those effects 

from the environmental and operational conditions such as temperature change.  
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1.2.4. Statistical Model Development 

The statistical model development phase uses the features that have been 

developed and builds a statistical classification model to distinguish the changes in the 

feature from damage events and a non-damage event. The two approaches that used to 

build the model are through unsupervised and supervised learning. Unsupervised 

learning model deals with information that contains only undamaged data and generally 

looks for outliers that do not fit the model. Supervised learning models incorporate data 

from both the damage and undamaged states; with supervised learning, group 

classification and regression analysis could be done.  

There are different levels of sophistication that the model could have. The first 

level is the binary case of damage detection to determine whether damage is present or 

not. The next level is the damage classification to see the type and location of damage 

that has occurred. More complex models will also be able to determine the extent of the 

damage, and finally at the highest level, the model will be able to perform prognosis 

which is determining the remaining life or useful on the structure on the structure, 

although this final step is beyond the scope of the present thesis.  

1.3. SHM Applications and Methodologies  

The use of SHM technologies have become increasingly important in the fields 

of civil, mechanical, and aerospace engineering as structures are being used beyond 

their design service life, despite the accumulating damage and degradation [1]. SHM is 

a multidisciplinary field that spans the domains of energy harvesting, sensor networks, 

low frequency vibration testing, ultrasonic guided waves, and many others [8]–[10]. A 

traditional example in the vibration testing domain is where modal analysis has been 
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used for system identification; understanding that there are inherent modal properties 

that relate to damage forms a basis of features that could be used in SHM [8]. If a 

higher resolution of damage detection is desired, the ultrasonic guided wave regime is 

available [11]. A wide range sensing techniques have been used to accommodate 

different applications such as strain gauges, piezoelectric sensors, fiber optic strain 

sensor, and even MEMS sensors [12]. Specific applications and sensors will be 

discussed in further detail as it pertains to this thesis.  

1.4. Scope of Thesis 

The scope of this thesis will be divided by two general themes: passive sensing 

and active sensing. The passive sensing portion is motivated by a project considered the 

structural integrity of composite marine structures. The project utilized fiber optic strain 

sensing technology called fiber Bragg gratings (FGBs) to capture the dynamic response 

of composite structure under dynamic impact loads. Features were extracted from time-

series strain data and were correlated with the physical state of the structure. After 

investigating a passive sensing approach, and being able to solve the binary detection 

case, a higher resolution of damage was desired; therefore, an active sensing system 

was studied. 

Active sensing brings a new set of tools for damage detection; specifically, in 

the ultrasonic guided wave (UGW) domain, high frequency signals could be used to 

propagate waves throughout the structure to look for damage in a manner described as 

structural sonar [13]. Using permanently mounted sensors, active sensing provides 

monitoring of the structure at any desired time [10]. Guided waves are dispersive, 

contain multiple propagation modes, and have multi-path propagation vectors; 
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therefore, it motivates the need to study the characteristics of wave propagation by 

empirically determining dispersion curves directly from measured data. There are 

numerous methods that have been proposed to extract dispersion from measurement 

data which will be reviewed. The method that is experimentally validated is referred to 

as sparse wavenumber analysis (SWA), which borrows ideas from the compressive 

sensing field, it takes advantage of the sparse nature of lamb waves in order to recovery 

dispersion curves [14].  

In non-laboratory settings, it is normal to have fluctuations in temperature 

during operation. Guided waves are highly sensitive to ambient changes commonly 

found in field-deployed structures, such as ambient temperature; therefore, the 

motivating theme in the final portion of this thesis is temperature compensation for 

UGWs. This thesis extensively studies UGWs in order to fully understand the 

characteristics of guided waves, and their relationship to temperature variations. For 

completeness, a literature review of the known effects that temperature has on UGW 

systems will be presented. After understanding the effects of temperature on guided 

waves, compensation algorithms will be reviewed through literature. Specifically, two 

algorithms are extensively studied, and a new method of temperature compensation is 

proposed. Lastly, a comparison study of all three algorithms is presented for clarity. 

The main contributions from this thesis include: 

 Impact damage detection on a marine composite structure via low 

vibration detection. 

 Experimental validation of SWA. 

 Formulation of novel temperature compensation technique with rigorous 

comparison to existing state-of-the-art techniques
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Chapter 2  

Passive Sensing and Low Frequency Vibration Testing 

2.1. Introduction 

Next generation marine vessels have increased the amount of composite material 

incorporated in the structural design due to the list of associated advantages [15]. 

However, a lack of knowledge of failure modes for complex composite layups and 

geometries under hydrodynamic loading requires a substantial need to integrate an 

intelligent monitoring system to accurately monitor and predict damage propagation. 

Visual damage on the surface of composites can be easily detected and corrective 

actions can be prescribed; however, a major concern is hidden damage known as barely 

visible impact damage [5]. Failure to detect these early barely visible damages may 

result in catastrophic failure. Therefore, a passive sensing system based on distributed 

dynamic strain measurements was considered in order to detect and monitor the impact 

events. Dynamic inputs were provided by ambient sources such as the sea state. This 

work provided the foundation to implement an SHM system on composite plates with 

FBG strain sensors embedded within the fabric during the manufacturing process, 
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providing in-situ internal measurements of composite response to the inputs. The 

primary goal of the project was to demonstrate the ability to detect damage using these 

embedded FBG sensors in composite plates, and to compare some candidate features 

for detecting incipient damage. The rest of this chapter will outline the efforts of this 

work in detail. 

 

2.2.  Data Acquisition 

Optical FBG strain sensors were chosen due to their ability to withstand harsh 

environments, immunity to electromagnetic interference, miniature bonding footprint 

and ability to be embedded inside the host structure (as opposed to surface-mounted), 

high sensitivity, and highly-serialized multiplexing [16]. For reference, Hill and Meltz 

have provided a detailed overview of optical FBG technology [17]. The FBG sensors 

output an analog record of strain measured by the wavelength shifts of reflected light 

through the fiber, which is converted digitally by the fiber optic interrogator. The DAQ 

system used to collect the strain data was the Micon Optics sm130. This interrogator is 

able to sample several channels, each with the ability to multiplex an array of FBGs at 2 

kHz. Specifically, this test used the multiplexing ability to interrogate 5 sensors on a 

single channel. However, this DAQ system has some limitations; since this optical 

interrogator architecture measures the strain by tracking the wavelength shift of optical 

power peaks, any distortions in the reflected signal would directly affect the determined 

wavelength. The article by Hill and Meltz showed that the ideal received signal should 

be single peak which represents the reflection of a specific wavelength through the 

optical grating structure; however, the distortion in the strain sensor will result in peak-
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splitting, as seen in Figure 1. The cause for these distortions is partly due to FBG 

sensors experiencing some residual stresses that accumulate from the curing process 

during embedment, or any strong strain gradient that occurs over the gage length of the 

individual FBG. A phenomenon called “peak hopping” subsequently occurs because the 

distortion causes the DAQ to be unable to resolve a single wavelength as it continuously 

“hops” through all peaks. This phenomenon is a well-known issue when working with 

embedded fiber optic technology [18]. The skewness of the data was used in the data 

cleansing to determine when peak hopping was present in the raw data. This peak 

hopping data was highlighted to ensure it did not cause any unexplainable outliers in the 

feature extraction process.  

 

 

Figure 1: Example of Peak Hopping 
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2.3.  Test Bed and Experiment 

The design of the test beds was directly motivated by the material failure modes, 

with the goal being to impose a supervised learning model to classify the severity of the 

impact damage. The failure modes of interest included [19] failure of individual fibers, 

matrix cracking or microcracking of the matrix, debonding or separation of the fibers 

from the matrix, and delamination or separation between individual lamina. Fiber glass 

was used specifically to make each failure mode easier to examine. The test beds 

included five 60.96 cm by 60.96 cm by 0.9525 cm thick composite plates manufactured 

contain embedded FBG sensors.  

 The specimen were created using glass-reinforced polymer Gurit Sprint 

Wre850T_ST94 pre-preg produced using typical fabrication principles imposed for the 

material layup, vacuum bagging, and curing. The FBG sensors were placed one ply up 

from the bottom most surface, specifically 0.78232 mm from the bottom in order to 

produce the greatest strain field. Analysis for finite element models (FEM) of the 

composite plates was done using LS-DYNA in order to predict the modal response of 

the structure. Using the model information, the FBG sensors were strategically placed in 

an asymmetric array to capture the modal information with high signal-noise-ratio 

(SNR). Figure 2 shows a blue print of the final placement of each sensor on every plate. 
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Figure 2: Blueprint of the composite plate with embedded FBG sensors 

A lightweight impact test machine was used to conduct the dynamic impact 

tests. The test fixture is shown in Figure 3 and Figure 4. An impact hammer of 400 lbs 

was configured to have a 6’’ diameter hemispherical head in order to ensure that it 

could damage the plate. The composite plates were sandwiched along the boundaries 

between two steel frames that were clamped together using 12 C-clamps, each with 75 

ft-lbs of torque to simulate a fixed boundary condition. In order to excite the structure, a 

50 lbs electro-mechanical shaker (MB Dynamics model 50A) was attached slightly off 

center with respect to the plate in the normal direction. Before any damage was applied 

to the plate, sufficient baseline measurements were acquired. The excitation signal was 

a band-limited white-noise input between 10 Hz – 1 kHz, where the response was 

recorded by the fiber optic interrogator. A force transducer was used to monitoring the 

input from the shaker. The testing protocol was as follows: collect the data for noise 

24” x 24” square overall

2”

Center

10”

3”

4”

5”

7.5”

6”

4.5”

Gage #1 - X

Gage #2 – Y
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Gage #4 - X

Gage #5 - X

Gages are one ply up from the bottom surface, or 0.0308” up from bottom.

20” (unsupported 
panel opening)
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floor reading for 1 minute (no input signal was sent to the shaker), subject the plate to a 

60 s excitation 5 times for baseline data, disconnect the shaker and perform a drop test, 

reconnect the shaker and perform 3 runs of 60 seconds excitation. This test protocol is 

continued until there was visible failure in the composite where SHM would no longer 

be necessary. It should be noted that between each run, the stinger was detached and 

reattached to ensure that the effect of reconnecting the stinger is properly accounted for 

in the analysis. Also, the drop heights were increased after each drop and are displayed 

in Table 1. 

 

 

Figure 3: Composite Panel Impact Test Fixture 

400 lb hammer

Test Fixture for 
Specimen



16 

 

 

 

Figure 4: Impact Test Set-up; Specimen Mounted 

Table 1: Impact Hammer Drop Heights 

 

Test Fixture for 
Specimen

Test Fixture for 
Specimen

Modified 
Head on 
Hammer

TEST IP2 IP3 IP4

1 12 24 3

2 18 36 6

3 24 48 9

4 36 N/A 12

5 60 N/A 18

6 N/A N/A 36

7 N/A N/A 70

HAMMER HEIGHT (IN)
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2.4. Feature Extraction 

This section will cover the features used in the signal processing of the temporal 

strain data collected from the fiber optic interrogator. There are a lot of different 

features that investigate time-history strain data in composite structures [12], [20].  In 

this analysis, three features will be explored in order to demonstrate their detection 

ability and sensitivity.  The performance of each feature will later be compared against 

one another.  

2.4.1. Power (Auto) Spectral Density  

The first feature explored was the power spectral density (PSD) method because 

of the clear relationship between the physical state of the structure and the system’s 

eigenstate. The stiffness and load-carrying capacity of the structure was expected to 

decrease as the hammer impacts reached the target failure modes, which should cause a 

change in the eignestate of the structure such that the resonant frequencies shifts 

towards baseband. Therefore, PSD estimations should illustrate that change in the 

structure. Specifically, this analysis used Welch’s PSD method which splits the signal 

into overlapping segments, windows each segment, and then performs a Fast Fourier 

Transform (FFT) of each section, with an averaging of the resulting FFT magnitudes 

over the segments [21]. The equation of the PSD is  

 

 �̂�(𝑓𝑛) =
𝐿

𝑈𝐾
∑ |𝐴𝑘(𝑛)|2𝐾

𝑘=1 ,   (2.1) 

 𝑈 =
1

𝐿
∑ 𝑊2(𝑗)𝐿−1

𝑗=0 , (2.2) 



18 

 

 

where L is the length of the segment, K is the number of segments that the 

signal is broken into, W is the windowed segment, Ak(n) are the discrete Fourier 

Transform of the windowed segments. The hypothesis is that the natural frequencies of 

the system will decrease as the amount of damage applied is increased; the change 

indicates a loss in stiffness of the structure. Figure 5 shows a sample set of data 

collected from the 36’’ hammer drop that demonstrates the softening of the structure 

represented through the PSD. Specifically, this feature will monitor the shift in natural 

frequencies as damage is imposed on the composite plate [6].  

 

 

Figure 5: Comparison of the PSD– Plate 4 – 36’’ Drop 
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2.4.2.  Autoregressive (AR) Model – AR Coefficients 

The next two types of features involved time-varying predictive modeling or AR 

model; this type of feature assumes that the past observations are able to predict future 

observations. The AR model used is formally an infinite impulse response filter that 

utilizes the Durbin-Levinson algorithm to determine linear weights from a set of 

training data that are used a linear predictor of future behavior in the time series [22].  

The AR model is given by the following equation,  

 

 �̂�𝑛 = ∑ 𝑎𝑖𝑥𝑛−𝑖
𝑝
𝑖=1 + 𝜖𝑡, (2.3) 

where p is the model order or the length of the finite regression, ai are the AR 

coefficients calculated from the previous data, x is the training time series data, �̂� is the 

prediction for point n, and 𝜖𝑡 is the error associated with the prediction. If there is a 

perfect reconstruction between the actual time signal and the estimated signal then 𝜖𝑡 =

0. The order of the model is a tunable parameter, where higher-order models run the 

risk of being non-general (model will only predict training data) but lower-order models 

may fail to capture relevant dynamics in the time series. Therefore, there is a tradeoff 

between the amount of variability that would differentiate a system damage from an 

undamaged system. The rationale behind using AR coefficients as a feature is that the 

damaged and undamaged systems will produce a unique set of coefficients where the 

damaged and undamaged sets of coefficients will contain a significant statistical 

difference between one another. A sample of the comparison between an undamaged 

system and a damaged system’s AR coefficients is seen in Figure 6. There is variation 

in the coefficients even though they are extracted from dissimilar data that are either the 
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undamaged or damaged same state; however, the comparison in Figure 6 shows that 

there is a visual different between the two states’ coefficients [6]. 

 

Figure 6: Comparison of the AR Coefficients for Plate 4 – 36’’ Drop 

2.4.3.  Autoregressive (AR) Model – Prediction Error (PE) 

The last feature is an extension of the second feature, and it utilizes AR model’s 

predictive power by comparing PE between the system’s different states. PE measures a 

single set of AR coefficients determine by an undamaged (or baseline) system and then 

passes through, point by point, the data to make a prediction, whose difference from the 

actual data results in a residual error measure. The same model coefficients used to fit 

the baseline data are used in the test data residual error generation. The hypothesis 

behind this feature is that the absolute error resulted from the difference of the 
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prediction and actual data should have a non-zero average for the damage with respect 

to the undamaged data. In Figure 7, the top shows the prediction of an undamaged and 

damaged state signal and the bottom shows the prediction error. The feature that will be 

utilized here is the sum of the prediction error for each set of data [6]. 

 

 

Figure 7: Comparison of the AR Prediction Error for Plate 4 – 36’’ Drop 

2.4.4.  Malahanobis Distance (MD) 

After each feature was extracted from the data, a method of comparison as well 

as data reduction was required. The MD was used in order to combine the multivariate 

data to simplify the comparison by converting the large vectors of data into a scalar 
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metric. The MD takes in a set of references (baselines) from a single feature and 

measures the “statistical distance” between the different states of the feature. The MD, 

𝜁, is formally defined in equation 2.4 as 

 

 𝜁 = √(𝑥𝑡𝑒𝑠𝑡 − �̅�𝑟𝑒𝑓)
𝑇

∑ (𝑥𝑡𝑒𝑠𝑡 − �̅�𝑟𝑒𝑓)−1
𝑟𝑒𝑓 , (2.4) 

where xtest is the multivariate feature for the test sets, �̅�𝑟𝑒𝑓 is the multivariate 

feature for the baseline set , and Σ−1
ref is the inverse of the covariance matrix of the 

reference or baseline data. The distance is intelligently measured because the MD takes 

into account the correlation of the data by incorporating the covariance matrix as a 

weighting factor so that any feature correlation not due to damage will not have 

significant influence on the output. The MD is used to detect outliers as well as measure 

the similarities between two data sets, which in this case makes the MD a tool for 

possible damage detection and damage classification [23]. 

2.5. Statistical Model  

Given the features developed in the previous sections, the next step would be to 

compare how each feature performs relative to one another. To visualize the 

performance of each feature, a receiver operating characteristic (ROC) curve is 

considered [24]. The approach will be to measure the performance of each feature by 

examining their true positive and false positive rates given a specific decision threshold. 

The threshold is a function of cost that takes account the false positive or false negative 

tolerances in the specific application.   
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To compute the ROC curve empirically, refer to Figure 8; two distributions are 

plotted next to one another representing the feature’s value for an undamaged and 

damage state. A threshold marches through both distributions; at each point, the 

threshold determines the false positive and true positive rate which represents a single 

point on the ROC curve. After the threshold passed through all the data a full ROC 

curve will form. The random guess line in Figure 8 represent if a feature’s damage 

detection ability is not better than a 50/50 guess. A feature whose ROC curve moves 

further away from the random guess line indicates a better feature. The more the 

distributions overlap, the worse the feature is.  To quantify the results of the ROC curve, 

the area under the curve (AUC) could be computed. The AUC value ranges from 0.5 to 

1 where 1 designates perfect detection and 0.5 a coin flip [25]. 
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Figure 8: Damage detection performance comparisons via ROC analysis 

2.6. Results 

As mentioned before, 5 plates were manufactured and tested; however, for 

brevity the results from plate 4 will only be presented because it was subjected to the 

most comprehensive test, i.e., the plate was subject to the finest increment of impact 

drop heights. Also, note that due to significant peak hopping in the strain time series for 
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sensor 2, this sensor will be omitted from the following analysis for plate 4. During the 

analysis it is important to note that sensor 1 had the highest optical power because it 

was closest to the interrogator and did not experience a significant amount of peak 

hopping. The general scope of this section will begin by presenting each feature’s 

results afterwards, the feature vectors will be compressed in to scalar metrics by the MD 

and then it will lead into a comparison of each method via ROC curves. 

The visual results from the impact damages for plate 4 are seen in Figure 9. As 

the impact heights were increased, initial signs of matrix cracking and delamination 

became more significant. The PSD results are presented in Figure 10. The number of 

over each bin denotes the height at which the impact hammer was dropped at. There is a 

clear ascending trend of data with increase impact hammer drop height. At the 3’’ drop 

height, the MD is similar to that of the undamaged data; as expected because visually 

there is no damage that is apparent.  After the 6’’ drop height, initially signs of matrix 

cracking begin to occur, it could be seen that there is an increase in the calculated MD. 

The scattering of the point may be attributed to peak hopping. Looking at the 9’’ drop 

height, additional matrix cracking and signs of delamination become evident and the 

MD shows an increasing distance measurement.  Finally, at 36’’ drop height, there is 

matrix cracking, delamination, and fiber damage and the MD results show a significant 

separation between all the other drop heights. It is not surprising to see that the PSD 

feature was not extremely sensitive to smaller levels of impact damage because the 

feature reflects the global eigenstate of the structure.  
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Figure 9: Damage Profiles of Plate 4 at Various Impact Heights 

 

Figure 10: MD Results for the PSD Feature for Plate 4 

For the AR coefficients feature, a model order of 10 was determined to be 

optimal through an empirical method that determined an order that maximized the area 
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under the curve for the ROC curve. Specifically, the analysis using the AR coefficient 

feature was performed over a range of model order numbers and was scored by the 

AUC; an order of 10 had the highest AUC. The MD results are presents in Figure 11 as 

there is a clear increasing trend with respect to increase impact hammer height. Notice 

that the AR coefficient feature seems to be more sensitive to smaller damage levels, as 

there is a larger separation between the 3’’ impact drop height than there was for the 

PSD feature. The AR coefficients sensitivity is attributed to the statistical properties of 

the strain time histories; therefore, it allows the AR model to be more sensitive to 

smaller changes in the system. However, looking at sensor 3 and 4 there are random 

groups of data that do not follow the trend; this could be an aspect of the peak hopping 

phenomenon.  

 

 

Figure 11: MD results for the AR Coefficients Feature for Plate 4 
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In Figure 12, the MD of PE also presented a statistically significant trend of the 

different levels of damage. The sensitivity of the PE is similar to that of the AR 

coefficients feature since it directly uses the coefficients. Sensors 3 and 4 are not able to 

get good damage detection because PE takes into account the time series point by point; 

any sort of spurious deviations from the actual mean significantly affects the results of 

the PE feature. From the results, PE may be too sensitive of a feature to utilize as a 

reliable detection method. Conversely, PSD feature mainly considers the frequency 

content; therefore, it makes it less vulnerable to the peak hopping phenomenon than the 

AR modeling features are, since peak-hopping would appear as “high-frequency” noise 

that is averaged out in the PSD estimation process.   

 

 

Figure 12: MD Results for the AR PE Feature for Plate 4 

200 400 600 800 1000 1200 1400 1600 1800 2000
0

500

1000 3'' 6'' 9'' 12'' 18'' 36''

PE MD for Sensor 1

Samples

M
D

 

 

Undamaged

Damagaged

200 400 600 800 1000 1200 1400 1600 1800 2000
0

5

10 3'' 6'' 9'' 12'' 18'' 36''

PE MD for Sensor 3

Samples

M
D

 

 

Undamaged

Damagaged

200 400 600 800 1000 1200 1400 1600 1800 2000
0

20 3'' 6'' 9'' 12'' 18'' 36''

PE MD for Sensor 4

Samples

M
D

 

 

Undamaged

Damagaged



29 

 

 

To make a comparison of the performance of each feature, Figure 13 shows the 

ROC curves for sensors 1, 3, and 4 respectively. Figure 13 shows that sensor 1 is able to 

perform an almost perfect detection across all features (within the finite data sets). 

Figure 14 shows that the AR coefficient and the AR PE did not perform that well 

compared to sensor 1 because of the peak hopping phenomenon in the time series data. 

For sensor 4 in Figure 15, only AR PE does not perform well. From the study, it appears 

that when peak hopping is not present in the data, the AR modeling approach seems to 

be the more reliable in detecting smaller damage-induced changes to the plate. In such 

composite materials there is a lot of uncertainty in damage propagation for fiber 

breakage and matrix cracking failure modes, and early detection carries increased 

importance.  

This study has compared three different features rigorously in which the data 

was acquired through a series of dynamics test of composite panels. All the features 

have been able to perform the damage detection when peak hopping was not present. 

The class of features associated with AR modeling has shown that they are more 

sensitive feature than the PSD, but is also more susceptible to data corruption due to the 

peak hopping. Along with damage detection, damage classification was demonstrated as 

there was a clear increase in the MD between the different drop levels. 
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Figure 13: ROC curves for Plate 4 – Sensor 1 

 

Figure 14: ROC curves for Plate 4 – Sensor 3 
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Figure 15: ROC curves for Plate 4 – Sensor 4 

Up to this point, the results of passive sensing technology have demonstrated the 

capabilities of characterizing an impact event. An increase in the sampling or resolution 

of the DAQ is required to be able to monitor the structure for real time impact events. 

The next phase of the project will look into full spectrum interrogation for the FBG 

sensors [26].  

After detecting the damage events, the next level of damage prognosis would be 

to determine the location of the impact. Active sensing in the ultrasonic frequency 

regime could be used in order to localize the impact damage location. Working with 

active sensing will allow for actuation inspection at any desired time. The ultrasonic 

frequency range will allow for a significantly increase in sensitivity and spatial 

resolution. On a side note, temperature effects were not considered in this section; 

however, it plays a major role in the conditioning of the signal because temperature 
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inherently will change the material properties of both the sensor and the structure, 

which will ultimately affect the signal readings. Temperature effects will be considered 

in later sections. 
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Chapter 3  

Ultrasonic Guided Waves 

3.1. Introduction 

Waves are formally known as disturbances in a medium that propagate without 

moving matter. To motivate why ultrasonic guided waves (UGWs) are utilized in SHM, 

this section will examine the mechanics of waves through the derivation of the wave 

velocity and discuss impedance control of waves [11][27][28][29].  

3.2. Bulk Waves 

The two modes that the bulk wave propagates are transverse and longitudinal 

waves. Transverse waves are also known as shear waves while longitudinal waves are 

also known as pressure waves. Their propagation pattern could be seen in Figure 16.
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Figure 16: Longitudinal and Transverse Waves [30, p. 1] 

 In one dimension, the wave equation is a function of spatial and temporal frequency, 

 𝑢 = 𝐴 ∗ sin (𝑘𝑥 − 𝑤𝑡), (3.1) 

where 𝑡  is time,  𝑤  is the temporal frequency, 𝑥  is displacement, 𝑘  is spatial 

frequency, and 𝐴  is amplitude. For constant t, the wave oscillates in space at a 

frequency controlled by 𝑘, and vice versa, for constant 𝑥, the wave oscillates in time (at 

that point) at a frequency controlled by 𝑤. If the second spatial and second temporal 

derivatives of the wave model are considered (spatial derivative first): 

 

 
𝑑2𝑢

𝑑𝑥2 =
𝑑2

𝑑𝑥2 (𝐴 ∗ sin(𝑘𝑥 − 𝑤𝑡)), (3.2) 

 
𝑑2𝑢

𝑑𝑥2
=

𝑑

𝑑𝑥
(𝑘 ∗ 𝐴 ∗ cos(𝑘𝑥 − 𝑤𝑡), (3.3) 
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𝑑2𝑢

𝑑𝑥2 = −𝑘2 ∗ 𝐴 ∗ sin (𝑘𝑥 − 𝑤𝑡), (3.4) 

 
𝑑2𝑢

𝑑𝑥2 = −𝑘2 ∗ 𝑢. (3.5) 

and for the temporal derivative, 

 

 
𝑑2𝑢

𝑑𝑡2 =
𝑑2

𝑑𝑡2 (𝐴 ∗ sin(𝑘𝑥 − 𝑤𝑡)), (3.6) 

 
𝑑2𝑢

𝑑𝑡2 =
𝑑

𝑑𝑡
(−𝑤 ∗ 𝐴 ∗ cos(𝑘𝑥 − 𝑤𝑡)), (3.7) 

 
𝑑2𝑢

𝑑𝑡2 = −𝑤2 ∗ 𝐴 ∗ sin (𝑘𝑥 − 𝑤𝑡), (3.8) 

 
𝑑2𝑢

𝑑𝑡2 = −𝑤2 ∗ 𝑢. (3.9) 

Combining the equation 3.5 and 3.9 together, 

 

 
𝑑2𝑢

𝑑𝑥2 = −𝑘2 ∗ 𝑢 => 𝑢 = −
𝑑2𝑢

𝑑𝑥2

1

𝑘2, (3.10) 

 
𝑑2𝑢

𝑑𝑡2 = −𝑤2 ∗ 𝑢 => 𝑢 = −
𝑑2𝑢

𝑑𝑡2

1

𝑤2. (3.11) 

then setting equations 3.10 and 3.11 equal to one another, 

 

 −
𝑑2𝑢

𝑑𝑡2

1

𝑤2 = −
𝑑2𝑢

𝑑𝑥2

1

𝑘2, (3.12) 

and moving terms around gives the following, 
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𝑑2𝑢

𝑑𝑥2 =
𝑑2𝑢

𝑑𝑡2

𝑘2

𝑤2. (3.13) 

Using the following relationships 

 

 𝜆 =
1

2𝜋𝑘
 , (3.14) 

 𝜏 =
1

2𝜋𝑓
 , (3.15) 

where 𝜆 is the wavelength and 𝜏 is the period, and inserting them into equation 3.13 

yields the following, 

 
𝑑2𝑢

𝑑𝑥2 =
𝑑2𝑢

𝑑𝑡2

𝑘2

𝑤2 =
𝜏2

𝜆2

𝑑2𝑢

𝑑𝑡2 =
1

𝑐2

𝑑2𝑢

𝑑𝑡2 , (3.16) 

 
𝑑2𝑢

𝑑𝑥2 =
1

𝑐2

𝑑2𝑢

𝑑𝑡2 . (3.17) 

where 𝑐 is the velocity of the wave. To determine the physical properties that dictate the 

velocity, a relationship with the material properties must be made that relates the spatial 

and temporal domain together. These relationships depend on the specific structural 

material and geometry, but for the purposes of discussion, the longitudinal vibrations of 

a rod will be explored to study this relationship. Looking at Figure 16, a rod with the 

properties E, A, and 𝜌, a small stress is applied to a small section, dx.  
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Figure 17: Longitudinal Vibration of a Rod 

Newton’s equation relating the sum of forces and the time change in momentum 

could be seen as, 

 

 𝐹 =
𝑑

𝑑𝑡
(𝑚𝑉) = 𝑚

𝑑

𝑑𝑡
(

𝑑𝑢

𝑑𝑡
) = 𝑚

𝑑2𝑢

𝑑𝑡2 , (3.18) 

where 𝐹 is the force, 𝑚 is the mass,  𝑉 is the velocity. From the figure, 

 

 Σ𝜎 = 𝜎 +
𝑑𝜎

𝑑𝑥
∗ 𝑑𝑥 − 𝜎, (3.19) 

 Σ𝜎 ∗ 𝐴 = 𝐹 = 𝑚
𝑑2𝑢

𝑑𝑡2  , (3.20) 

where 𝜎 is the stress of the material and 𝐴 is the area. Note mass is equal to the density 

of the object multiplied by its volume 

 

 𝑚 = 𝜌𝐴𝑑𝑥, (3.21) 
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where 𝜌, is density of the mass. Plug in equation 3.21 into equation 3.20, 

 

 
𝑑𝜎

𝑑𝑥
𝐴𝑑𝑥 = 𝑚

𝑑2𝑢

𝑑𝑡2 = 𝜌𝐴𝑑𝑥(
𝑑2𝑢

𝑑𝑡2 ) , (3.22) 

 
𝑑𝜎

𝑑𝑥
= 𝜌

𝑑2𝑢

𝑑𝑡2
. (3.23) 

Hook’s Law is 

 

 𝜎 = 𝐸𝜖. (3.24) 

where 𝐸 is Young’s modulus and 𝜖 is strain. Plug in Hooks law 

 

 
𝑑𝐸𝜖

𝑑𝑥
= 𝜌

𝑑2𝑢

𝑑𝑡2 ,  (3.25) 

strain is defined as 

 

 𝜖 =
𝑢+

𝑑𝑢

𝑑𝑥
𝑑𝑥−𝑢

𝑑𝑢
=

𝑑𝑢

𝑑𝑥
. (3.26) 

Inserting the strain relationship, 

 

 𝐸
𝑑

𝑑𝑥
(

𝑑𝑢

𝑑𝑥
) = 𝐸

𝑑2𝑢

𝑑𝑥2
, (3.27) 

yields the spatial and temporal relationships, 

 

 𝐸
𝑑2𝑢

𝑑𝑥2 = 𝜌
𝑑2𝑢

𝑑𝑡2 =>
𝑑2𝑢

𝑑𝑥2 =
𝜌

𝐸

𝑑2𝑢

𝑑𝑡2  . (3.28) 
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Recalling 

 

 
𝑑2𝑢

𝑑𝑥2 =
1

𝑐2

𝑑2𝑢

𝑑𝑡2 , (3.29) 

combining equations 3.17 and 3.29  

 

 
1

𝑐2

𝑑2𝑢

𝑑𝑡2 =
𝜌

𝐸

𝑑2𝑢

𝑑𝑡2  , (3.30) 

where 𝑐 is the velocity of the wave, results in 

 

 
1

𝑐2 =
𝜌

𝐸
=> 𝑐𝐿𝑜𝑛𝑔 = √

𝐸

𝜌
 . (3.31) 

where 𝑐𝐿𝑜𝑛𝑔  is the longitudinal velocity. Applying the same principles as for the 

longitudinal waves, it is a similar process for transverse waves, 

 

 𝑐𝑇𝑟𝑎𝑛𝑠𝑣𝑒𝑟𝑠𝑒 = √
𝐺

𝜌
 (3.32) 

where 𝐺 is the shear modulus and 𝑐𝑇𝑟𝑎𝑛𝑠𝑣𝑒𝑟𝑠𝑒  is the transverse wave velocity. When 

arriving at the 3-D wave equations, Poisson’s effect must be considered for the 

longitudinal waves: 

 

 𝜈 = −
𝜀𝑦

𝜀𝑥 
 (3.33) 

which results in the final 3-D relationships, 
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 𝑐𝐿𝑜𝑛𝑔−3𝐷 = √
𝐸

 𝜌
(

1−𝜈

(1+𝜈)(1−2𝜈)
) (3.34) 

 𝑐𝑇𝑟𝑎𝑛𝑠𝑣𝑒𝑟𝑠𝑒−3𝐷 = √
𝐺

𝜌
 (3.35) 

3.3. Impedance Controls for Wave Equation  

Elastic waves propagating between two different media are controlled by their 

interface impedance. Typical changes that can occur as a result of the difference in 

impedance are: refraction, transmission, reflection, interface propagation, mode 

conversion, or attenuation. Figure 18 shows a case of normal incidence where 𝜌 

represents the density of the medium and 𝑐 represents the wave speed in the medium, 

illustrates how waves are generally transferred through a new medium [11]. 

Medium 1 Medium 2

Incoming Wave - Pinc

Reflected Wave - Pref

Transmitted Wave - Ptran

 

Figure 18: Impedance Controls for Wave Propagation into a New Medium 
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The amount of pressure in the wave that is transmitted through the new medium 

is dictated by the acoustic impedance of each material. Equations 3.36 and 3.37 show 

the relationship between the acoustic impedance (equation 3.38) and the transmission 

and reflection coefficients. The limiting cases of the impedance are seen in  

Table 2: Limiting case for impedances changes [13] 

 

 𝑇𝑝 =
2𝑧2

𝑧1+𝑧2
 (3.36) 

 𝑅𝑝 =
𝑧2−𝑧1

𝑧1+𝑧2
 (3.37) 

 𝑧𝑚 = 𝜌𝑚𝑐𝑚 (3.38) 

 

Table 2: Limiting case for impedances changes 

Case 1 z1 = z2 R=0, T=1 : As if no boundary existed (e.g. steel only) 

Case 2 z1 << z2 R=1, T=2: Reflected wave in phase and transmitted wave doubles 

in phase (e.g. air into steel) 

Case 3 z1 >> z2 R= -1, T=0: Reflected wave out phase, no transmission (e.g. Steel 

into air) 

3.4. Ultrasonic Guided Waves 

Guided waves are critically refracted bulk waves, meaning for a finite medium 

with two boundaries, the waves are going to stay bounded within the medium and 

resonate instead of escaping into the surroundings. When a wave is propagated through 
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a waveguide, e.g. a plate, it is going to hit a traction-free boundary causing it to mode 

convert and reflect both a longitudinal and shear wave. Each of those reflected waves 

will product an additional longitudinal and shear wave and this will continue on 

throughout the whole structure. During the reflections, there exist resonant modes that 

dictate the pattern at which waves reflect back and forth; these resonant modes are 

called the symmetric and antisymmetric modes. UGWs are defined as these resonant 

modes, also known as Lamb waves, that travel within waveguides. Other waveguides 

include structures with one or two dimensions bounded by air such as a plates, bars, 

rods, and cables. UGWs are an attractable application for SHM applications because 

most structures in the fields act like waveguides, and therefore energy does not escape 

into the surroundings; this allows the UGWs to travel long distances. [29][31][13]. 

3.4.1. Attenuation  

During the UGW propagation through a waveguide, there is a loss of energy that 

results in a decrease in the amplitude of the signal. One cause for the attenuation is 

called absorption; this is a result of the material absorbing the wave motion and 

converting it to heat, similar to energy loss through damping. As the frequency of the 

signal increases, the rate of energy loss due to absorption also exponentially increases; 

this is because increases motion causing the damping to increase. Another form of 

energy loss is called scattering; whenever the wave interacts with irregularities 

(impedance changes) in the structure, the energy of the wave gets unevenly shifted.  

Similar to absorption, scattering also has an exponential increase in the attenuation rate 

with frequency and as the consequence of the wavelength decreasing. Decreasing the 

wavelength prevents waves from passing through relatively small defects, which 

increases the amount of scattering that occurs. Lastly, there is a loss of energy due to 
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beam spreading; when the wave propagates in a radial manner away from the excitation 

source, in order to maintain conservation of energy, the energy must be distributed 

evenly as the radius of the wave increases. The idea of bream spreading is analogous to 

applying a distributed fix force to an object of increasing area; the stress of the object 

decreases as the area increases, in this case the amount of stress is the energy in the 

signal. Beam spreading could be considered as a geometric loss where the attenuation 

rate is inversely related to the radius for a two dimensional structure.  A representation 

of the general trends for attenuation of the wave as a function of frequency is seen in 

Figure 19: Attenuation Rates versus Frequency [13]. 

 

Figure 19: Attenuation Rates versus Frequency 

3.4.2. Symmetric and Antisymmetric Modes 

The resonant modes mentioned earlier describe the resonant pattern at which the 

waves reflect at the boundary. The basis for the parameters that control the resonant 

modes are clear after applying the UGW assumptions to the 3-D wave equation 3.30  
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 𝜌�̈� = 𝒇 + (𝜆 + 2𝜇)∇(∇𝒖) − 𝜇∇ × (∇  ×  𝒖) (3.39) 

where 𝜆  and 𝜇  are known as Lamé parameters and they represent Young 

modulus, shear modulus, and Possion’s ratio. Applying the assumption of a traction-free 

boundary condition and assuming an exponential solution, the characteristic equations 

are given as  

 

 
tanh(𝜂ℎ)

tanh (𝛽ℎ)
−

(2𝑘2−𝑘𝑠
2)

2

4𝑘2𝜂β
= 0 (3.40) 

 
tanh(𝜂ℎ)

tanh (𝛽ℎ)
−

4𝑘2𝜂β

(2𝑘2−𝑘𝑠
2)

2 = 0 (3.41) 

where  

 

 𝜂2 = 𝑘2 − 𝑘𝑝
2 (3.42) 

 𝛽2 = 𝑘2 − 𝑘𝑠
2 (3.43) 

 𝑘𝑝 =
𝑤

𝑐𝑝
 (3.44) 

 𝑘𝑠 =
𝑤

𝑐𝑠
 (3.45) 

where 𝑤 is the circular frequency, 𝑐𝑝 and 𝑐𝑠 are the velocity of pressure or longitudinal  

and shear or transverse waves respectively. Equation 3.40 represents the anti-symmetric 

(Ai) wave mode and equation 3.41 represents the symmetric (Si) wave mode. From 

these characteristic equations, a relationship between wavenumber and frequency are 
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given in equations 3.44 and 3.45. Therefore, for a given frequency, there is at least a 

single solution for the S0 and A0 whose wavenumbers that meet the criteria. S0 and A0 

are the respective zero-order modes for the symmetric and antisymmetric modes. Given 

a higher frequency range, higher modes exist and each of those is also a solution. The 

particle movement of each resonant mode could be seen in Figure 20. For the 

symmetric modes, the top and bottom of the particles moves in the symmetric manner. 

On the contrary, for the antisymmetic modes, the top and bottom particles move in the 

same direction or in an antisymmetric fashion. The speeds at which the modes travel at 

are dictated by the characteristic equations [27]. 

 

 

Figure 20: Particle Directions for Symmetric (top) and Antisymmetric (bottom) mode wave propagation 

3.4.3. Phase Velocity and Group Velocity  

When a wave is propagated, it has different spatial and temporal frequencies; the 

rate of change and the absolute difference between the two frequencies are equivalent to 
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the group and phase velocity. Group velocity is the speed at which the wave packet 

travels, i.e., how fast the envelope of the signal is moving. Phase velocity is the speed at 

which the shape of the wave is moving or how fast the particle is moving. These are 

important principles to understand because the signal processing applied to UGW data 

primary deals with group and phase velocity. Error! Reference source not found. 

hows how the group velocity moves and how the phase velocity moves.   

 

 

Figure 21: Group and Phase Velocity Relationship 
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Dispersion Curves 

Dispersion curves are the solutions to each characteristic equation given a range 

of frequencies; there is more than one unique solution at higher frequencies, which 

explains why the dispersion curve graph has multiple curves. Figure 22 shows the 

theoretical phase velocity of both modes plotted against the frequency for steel AISI – 

4340 normal steel; the dispersion curve was generated by University of South 

Carolina’s waveform revealer [32]. The modes represent the different ways that the 

wave could propagate through the plate. It is important to understand the characteristics 

of the wave because real signals are multi-modal and dispersive, making the 

interpretation the signal very difficult. Figure 22Figure 22: Phase Velocity-Frequency 

Dispersion Curve for Steel AISI – 4340 norm shows that generally S0 modes are faster 

than A0 modes. The phase velocity-frequency representation could be changed into the 

wavenumber-frequency representation through the conversion seen in equation 3.44 and 

3.45. The theoretical wavenumber-frequency dispersion curve for the same as material 

is given in Figure 23, this figure provides the spatial frequency representation of the 

wave. The dispersion curves are important for SHM applications because they are used 

as a reference in order to determine the expect speed of the wave given the actuation 

frequency. The velocity of the wave is an important parameter used during the 

localization of damage.  
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Figure 22: Phase Velocity-Frequency Dispersion Curve for Steel AISI – 4340 normal steel 

 

Figure 23: Wavenumber-Frequency Dispersion Curve for Steel AISI-4340 norm steel 
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3.4.4. Dispersion curve study 

UGWs are complex, multimodal, and dispersive as mentioned, so it is 

advantageous to be able to extract these characteristics. There are multiple proposed 

methods throughout the literature that have experimentally demonstrated the ability to 

extract the dispersion curves from real data [14], [33]–[41]. One of the earlier works in 

the field that extracts phase and group velocities from dispersive media was phase 

spectral analysis [33]. The method experienced difficulties in phase unwrapping and 

was unable to resolve when multiple modes were present in the signal. Alleyne and 

Cawley showed that a two-dimensional Fourier transform method was able to extract 

multiple modes by taking a Fourier transform in the frequency and the spatial domain 

[34]. However, the method required closely spaced sensors in order to ensure sufficient 

spatial resolution. Group velocities were also estimated using time-frequency 

representations by allowing for specific wave modes to be identified that overlapped in 

time[36], [37]. In 2009, Li et al. introduced the dispersion analysis which estimated the 

velocities by looking at the ridges in the time-scale domain [39]. The dispersion 

analysis requires successive measurements at different frequency bands in order to 

produce a full spectrum. Another technique proposed was Gabor analysis, which used 

2D finite impulse response filters that contained a wide spatial bandwidth and a narrow 

frequency bandwidth [41]. Recently, phased array beamforming estimated the 

dispersion curves for both isotropic and anisotropic materials [40].  Phase velocity was 

estimated by using a narrowband wavenumber beamforming technique, and group 

velocity was estimated by phase array beamforming that targeted specific modes.  

For sparse arrays, the sparse wavenumber analysis (SWA) technique, described 

below, is able to accurately extract multimodal and dispersive properties in guided 
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waves using compressed sensing [14]. Through this methodology, it takes Lamb waves 

and represents them in the frequency-wavenumber domain thus allowing a user to 

theoretically be able to extract the dispersion curve through experimental data. SWA 

will be extensively studied in this thesis. 

 

3.4.5. Sparse Wavenumber Analysis (SWA) 

Estimating the dispersion curves from data is not easy because it is an 

underdetermined inverse problem [14]. SWA takes advantage of the sparse nature of 

Lamb waves in the wavenumber-frequency domain; using compressed sensing (CS), l1 

optimization techniques allow for recovery of the Lamb wave parameters [14]. SWA 

will be validated experimentally as part of the thesis.  

CS enables full length signals to be represented by only few coefficients, it 

allows for a large reduction in sampling for signals with sparse representations [42]. In 

this case, it has been shown that guided waves have a sparse representation in the 

wavenumber-frequency domain [14]. The problem formulation begins with signal 

model for any two transducers  

 

 𝑋(𝑟, 𝜔) = ∑ √
1

𝑘𝑚(𝜔)𝑟
𝐺𝑚(𝜔)𝑒𝑗𝑘𝑚(𝜔)𝑟 ,𝑚  (3.46) 

where r is the distance between sensors, Gm is the frequency dependent complex 

amplitude for mode m, and km is the wavenumber value [43]. Note Gm is dependent on 

the transducer and bonding conditions to the medium, and km is dictated by the 

properties of the medium [10]. Discretizing the signal model into the wavenumber-
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frequency domain in order to determine 𝑘𝑚(𝜔)  and 𝐺𝑚(𝜔)  from data gives the 

following, 

 𝑉(𝜅, 𝜔) = {
𝐺𝑚(𝜔)

0
     

𝑖𝑓 𝜅 = 𝑘𝑚 𝑓𝑜𝑟 𝑎𝑛𝑦 𝑚
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

, (3.47) 

Since km is unknown, 𝜅 will be defined as the possible wavenumber values. By 

specifying possible wavenumbers for 𝑉(𝜅, 𝜔), it discretizes the wavenumber vector  

 

  𝑣(𝜔) ≈ [𝑉(𝜅1, 𝜔) 𝑉(𝜅2, 𝜔) …  𝑉(𝜅𝑁 , 𝜔)]𝑇 ,  (3.48) 

where 𝑁 is the number of specified wavenumbers. The discretization has made 

𝑣(𝜔)  sparse because a solution does not exist at every specified wavenumber-

frequency. Plugging in equation 3.48 into 3.46 and applying measurement data, 𝑥(𝜔), 

defines the following inverse problem, 

 

 𝑥(𝜔) = 𝐷𝑟𝐴𝐷𝑘𝑣(𝜔), (3.49) 

where  

 𝐷𝑟 = 𝑑𝑖𝑎𝑔[𝑟1 

−
1

2 … 𝑟𝑀 

−
1

2], (3.50) 

 𝐷𝑘 = 𝑑𝑖𝑎𝑔[𝜅1 

−
1

2 … 𝜅𝑁 

−
1

2], (3.51) 

 𝐴 = [𝑒𝑗𝜅𝑗𝑟𝑖]
𝑖𝑗

, (3.52) 

where 𝑀 is the number of measurements in the data and A is a generalized 𝑀𝑥𝑁 

Vandermode matrix. Generally, the number of measurements used in the search will be 

less than the number of points in the data meaning 𝑀 < 𝑁; therefore, A will represent 

an underdetermined system where there may exist many solutions of 𝑣(𝜔) that satisfy 
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equation 3.49. To solve for 𝑣(𝜔), the sparse representation is exploited, and techniques 

from sparse recovery and CS are used in order recover the solution with relatively few 

measurements. 

The solution will first look at an ideal system that is noise-free; the assumption 

of a noise free system for a sparse representation allows for the problem to be defined as 

the following optimization problem, 

 

 𝑣(𝜔) = arg min
𝑣(𝜔)

‖𝑣(𝜔)‖0, (3.53) 

where 𝑣(𝜔) is taken from equation 3.49. The ‖. ‖0  is known as the l0-pseudo-norm 

which is defined as the non-zero element vector, the optimization could be solved using 

a search algorithm that efficiently looks at large solution spaces; this is known as the 

combinatorial search [44]. Using the l0-norm, optimization quickly becomes 

computationally substantial as 𝑁 increases in size; therefore, in order to address this 

issue the basis pursuit (BP) algorithm is used to relax l0-norm into an l1-norm [45], 

[46], 

 

 ‖𝐯‖1 = ∑ |𝑣𝑛|𝑁
𝑛=1 . (3.54) 

The convex relaxation allows for the sparse solution of 𝑣(𝜔) to be solved at a 

computationally faster rate using convex optimization programs. The next step for the 

BP is to normalize the sensitivity matrix, in this case 𝐷𝑟𝐴𝐷𝑘, which gives 

 

 Φ =
1

√𝑀‖𝐷𝑟‖2
𝐷𝑟𝐴. (3.55) 
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The energy from the measured signals are normalized by the l2-norm in order to 

reduce the solution space at each frequency, 

 

 xn(𝜔) =
𝑥(𝜔)

‖𝑥(𝜔)‖2
. (3.56) 

Applying the normalizations to the BP, 

 

 𝐯(ω) = arg min
𝑣𝑛(𝜔)

‖𝑣𝑛(𝜔)‖1, (3.57) 

where 

  𝑥𝑛(𝜔) = Φ𝑣𝑛(𝜔). (3.58) 

Recalling that the derivation of equation 3.57 assumed a noise-free system; 

however, the measured data that is generally plagued with noise and must be 

considered. Therefore, to address the noise, the BP denoising known as the l1 penalized 

least-squared method will be used [45], [47], [48], leaving the unconstrained 

optimization problem as 

 

  𝑣𝑛(𝜔) = arg min
𝑣𝑛(𝜔)

‖Φ𝑣𝑛 − 𝑥𝑛(𝜔)‖2
2 + 𝜏‖𝑣𝑛(𝜔)‖1, (3.59) 

where 𝜏 is the parameter that controls the behavior of the optimization. A large 𝜏 will 

have the optimization emphasize making the solution sparse and a small 𝜏  will 

emphasize fitting the linear model.  

In order to validate the model, a steel plate with a thickness of 1.27 mm was 

instrumented with a sparse sensor placement. A sparse array is defined as an array of 

transducers that are too separated to be able to use phase information that would 

normally be available in phase-array beamforming [49]. Sparse arrays provide a large 
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range of coverage using relatively fewer transducers.  The sensors were a quarter inch 

piezoelectric wafers that were bonded onto the structure. A total of 15 sensors were 

used. The excitation signal was a sinusoidal chirp that ranged from 1 kHz – 300 kHz. 

The sampling frequency of the DAQ was 2.5 MHz. Figure 1  

Figure 24 shows the results from the experimental data. This test specifically 

used a tau factor of 0.66, which was determined empirically to produce the best results. 

A windowing function was used for preprocessing in order to eliminate later wave 

arrivals. The A0 mode was experimentally recovered using SWA; the results match the 

theoretical dispersion curve taken from the GUIGUW software package [50]. The S0 

mode is not present in the figure because the transducer parameters were tuned to bias 

the A0 mode. In order to further improve the result, there must be more M 

measurements; in this case the number of sensors must be increased.  
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Figure 24: Results from SWA for a Steel Plate 

3.5. Active Sensing using UGWs: A SHM application 

An embedded UGW system essentially equips a structure with its own nervous 

system with the capability to report any sudden change in the structure. The use of 

UGWs has been adapted to many different industries [51]. There are two modes of 

active sensing: pulse echo and pitch catch [52]. Pulse echo test method refers to when 

the sensor is both the transmitter and the receiver and thus relies on the reflection 

pattern to interrogate the signal. Pitch catch on the other hand utilizes a dedicated 

transmitter and has the other sensors as receivers.  
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3.5.1. Piezoelectric Sensors 

The class of sensors used in UGW applications are piezoelectric sensors. The 

sensor uses the piezoelectric effect, which is the accumulation of an electric charge that 

results in a mechanical stress on specific solid materials [53].  This electromechanical 

coupling is reversible as well, where an applied electric charge will result in a 

mechanical stress. The use of the piezoelectric transducers wafer disks in UGWs has 

become an attractive option because they are economically viable even with a dense 

configuration, and so the cost of adding additional sensors to a system has become 

marginal relative to the cost of the structure being inspected [10]. In addition, the 

sensors minimal bonding footprint, making them unobtrusive to the structure globally. 

3.5.2. Filtering  

After a measured signal is received, before any damage detection or localization 

algorithms are applied, the signal must first be filtered to remove non-structural effects 

such as electrical, environmental, or operational noise. Filtering the signal is important 

because the additive noise from these effects can cause a damage detection algorithm to 

signal a false alarm [54]. There have been comprehensive studies on environmental and 

operational variability affecting the received waveform [55]–[65]. Environmental and 

operational (EOC) include mass loading, operational speed loading, ambient loading, 

temperature, humidity, wind and several others. Each effect, if not considered and dealt 

with, is able to corrupt the data in a way that degrades the SHM classification problem 

at hand. There are many data normalization techniques have used to compensate for 

EOC effects [54]. This thesis will be mainly interested in the effects of temperature on 

UGWs and will study extensively the effects of temperature as well as propose 

compensation methods in later sections. 
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3.5.3. Damage Detection 

Damage detection for UGWs looks at the change in the response similar to that 

in vibration testing domain. The basis for damage detection in UGW is to take a 

measurement waveform (time-trace) and subtract it from an undamaged (baseline) 

waveform [66]. Theoretically, when an undamaged signal is baseline subtracted from a 

damage signal, the resulting time-trace should be zero across the whole waveform 

because the reflections that result from geometrical features are canceled out. However, 

in the real signals noise exists; therefore, the resulting signal from subtracting two 

undamaged time-traces should be a residual error, or noise. An example of a pitch-catch 

waveform baseline subtracted without damage is given in Figure 25. When damage is 

present, it is expected that the waveform reflection pattern changes due to the scattering 

from the defect; thus, subtracting a test time-trace from a baseline time-trace would 

produce a residual different from a similar normalization without defect scatter present. 

A representative resulting time-trace residual when damage is present is seen at the 

bottom of Figure 25. 
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Figure 25: Pitch-Catch Waveform With and Without Damage 

Damage detection in its simplest form is a binary process of determining 

whether or not damage is present in the structure. Previous studies in the UGW domain 

have aim to study the change in normalized maximum residuals, maximum amplitude, 

Fourier transform at the center frequency, correlation coefficient, and the short-time 

Fourier transform in order to detect changes in the scattering patterns [52], [67]–[70]. 

Scattering is a result of the guided wave signal propagating to a defect or irregularity 

and causing an uneven distribution in the energy in reflection. However, scattering 

could also be cause by non-damage features in the structure such as geometric 

complexities and material. The optimal damage detector for guided waves was 

determined using the Neyman-Person’s likelihood ratio; Haynes et al. did a 
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comprehensive comparison, using the ROC curve as a comparator, between other 

known methods to determine the optimal detector and concluded that the total energy of 

the signal was best way to distinguish between undamaged and damage states in the 

case of sparse array UGW analysis [71]. The energy detector is given by  

 

 ∑ 𝑥2[𝑛] > 𝛾′,𝑁−1
𝑛=0  (3.60) 

where x[n] the cleansed signal and 𝛾′ is the given (normalized) threshold. The result is 

reasonable because the residual signal from an undamaged state will be dominated by 

noise; thus, the residual signals from a damage state will contain both the noise and the 

scattering effect due to defects, which will cause a large energy change relative to a 

baseline cleansed signal. After damage has been detected through the binary process, 

the next level of SHM complexity is to be able to locate the damage.  

3.5.4. Localization 

The purpose of this section is to give a brief overview on localization of UGWs 

in order to be complete, but this section will not present details from all localization 

algorithms. One type of localization method called the arrival time algorithm which is a 

class of the delay-and-sum method [72]. The algorithm will be performed on a sparse 

array. The method takes a cleansed signals and maps on the energy at each point on the 

time-trace onto discritized points on the structure. The arrival time is calculated by 

determining the time it takes the wave to travel from a transmitter to a discretized 

location and back to the receiver. Specifically, the arrival time calculation is given by, 

 

 𝑡𝑡𝑟(𝑥, 𝑦) =
√(𝑥𝑡−𝑥)2 +(𝑦𝑡−𝑦)2  +√(𝑥𝑟−𝑥)2 +(𝑦𝑟−𝑦)2 

𝑐𝑔
, (3.61) 
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where (𝑥𝑡, 𝑦𝑡) and (𝑥𝑟 , 𝑦𝑟)  are the location of the transmitter and receiver respectively, 

(𝑥𝑡, 𝑦𝑡) is a discrete location on the structure, and 𝑐𝑔 is the group velocity. The energy 

of the signal is mapped on to structure by determining the energy at each discretized 

point by using 𝑡𝑡𝑟(𝑥, 𝑦)  and the cleansed signal, 𝑑𝑡𝑟 . An image is constructed by 

applying the computed value across all sensors at each discretized point,  

 

 𝐸(𝑥, 𝑦) = [∑ ∑ 𝑑𝑡𝑟(𝑡𝑡𝑟(𝑥, 𝑦))𝑁
𝑟=𝑡+1

𝑁−1
𝑡=1 ]2, (3.61) 

 

where N is the number of sensors. The total number of unique sensor combinations is 

𝑁(𝑁 − 1)/2. As the energy is mapped onto the structure, ellipse will form where the 

foci are the transducer locations. The ellipses represent the possible locations of 

damage; through a form a sensor fusion, multiple ellipses are mapped and the 

intersection represents the damage location. The intersection point could be determined 

using trilateration [73]. Localization through delay-and-sum is demonstrated in Figure 

26.  
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Figure 26: Localization through Delay-and-Sum 
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Chapter 4  

Temperature effects on UGWs 

4.1. Introduction 

The implementation of an SHM system on a structure implies that there would 

be permanent sensor attachments to the structure to allow for continuous monitoring. As 

mentioned above, it is important to address the issue of EOC effects. The effects of 

EOC have shown in the past to corrupt data and cause the features to have false positive 

readings; specifically, damage detection algorithms primary look for statistical changes 

in the signal and a change in EOC have shown to change those statistical characteristics 

[54]. In the guided wave domain, the measured signals in UGWs are high sensitive to 

very small changes in the structure; thus, if temperature effects are not accounted for, 

then false alarms can frequency occur [74].  Therefore, it is important to develop a 

methodology to compensate for the effects of temperature change if UGWs systems are 

to become an in situ solution for SHM. 
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4.1.1. Effects of Temperature on Ultrasonic Guided Waves  

There has been a large motivation to study the effect of temperature on guided 

waves from different perspectives. One the earliest works that observed the effects of 

temperature on Lamb wave signals was Blaise and Chang; they embedded piezoelectric 

transducers in a honeycomb structure for cryogenic fuel tanks at extremely low 

temperatures. They had a pitch-catch sensor configuration with an actuation from 40 

kHz-150 kHz; the experiment observed a decrease in the amplitude and the time of 

flight with varying temperature and an empirical model was fitted for both features [75].  

In 2003, Lee el al. studied the effect of varying temperature from a range of 

room temperature to 70⁰C on a metallic plate with a damage added. Lee showed that 

there was a decrease in the amplitude’s signal as temperature was increased. The study 

concluded that the effect of temperature was more pronounced than a 1 mm hold drilled 

at the direct path. The results from the study showed the substantial need to further 

investigate the effect of temperature of UGW in order to develop the compensation 

methods [76]. Schulz et al. in 2003 studied the performance of PZT-5A patches at high 

temperatures and showed that there was up to a loss of 74% strain response amplitude at 

150⁰C relative to the strain at ambient room temperature, and at 240⁰C there was no 

response. It was demonstrated that an increase in temperature above ambient resulted in 

a loss of piezoelectric properties causing a decrease in the actuation and sensing ability. 

In addition, degradation of adhesive bonding due to a temperature increase also showed 

a decrease in signal levels [77]. Lu and Michaels in 2005 also observed the decrease in 

amplitude and time of flight as a result of increasing temperature as well. They 

proposed to use a library of baseline waveforms that contained all operational 

temperature and use it as a look-up table to help minimize the errors from temperature 
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change. The experiment proved that the look up table could improve detection rate with 

approximately only a 5% false alarm rate for a 1-2 mm hole with a temperature 

variation of more than 30⁰C [74]. Konstantinidis et al. in 2006 concluded similar results 

in the arrival time and amplitude level at the temperature range of 22 to 32⁰C. They tied 

the change of velocity of the wave to the shifts in the dispersion curves and determined 

the dominating factor for temperature change was Young’s modulus. Also, the article 

highlighted the importance of temperature compensation in order to ensure long-term 

stability of UGW SHM [78]. Chambers et al. in 2006 presented a framework that 

suggests test procedures to ensure environmental durability and reliability on SHM 

systems. An experiment that subjected a UGW SHM system to rising temperatures 

concluded that the increase in temperature caused degradation in the shear couplant 

which resulted in a decrease in the wave amplitude [79]. Raghavan and Cesnik in 2007 

perform a comprehensive study on the effects of varying temperatures for piezoelectric 

transducers. The study’s experiment used PZT-5A sensors and excited only the S0 mode 

at a center frequency of 120 kHz over a range of 20 to 150⁰C. The results showed that 

there was a non-monotonic relationship in between temperature and amplitude; from 20 

to 90⁰C the amplitude was increasing and from 90 to 150⁰C the amplitude was 

decreasing [80]. In 2008, Lanza di Scalea and Salamone studied PZT-5A patches and 

microfiber composite (MFC) type P1 patches during vary temperatures range between -

40 to 60⁰C. The article theoretically and experimental confirmed the non-monotonic 

trends of increasing amplitude from -40 to 20⁰C and decreasing amplitudes from 20 to 

60⁰C. These trends were explained by competing roles between piezoelectric 

coefficients and dielectric permittivity. Also it was shown that in the temperature range 

of -40 to 60⁰C , that the shift in the wavenumber-frequency for both the A0 and S0 were 
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miniature [81]. Marzani in 2012 built a Semi-Analytical Finite Element model to 

predict the UGW response between a pitch catch pair under varying temperature range 

between -40 to 60⁰C. The numerical responses are validated experimentally. The study 

confirms the results from Lanza di Scalea and Salamone regarding piezoelectric 

coefficients and dielectric permittivity. [82]. 

In summary, the effects of elevated temperature could visually be seen in Figure 

27. Both the amplitude and the time of arrival of the signals have decreased. The 

amplitude change has been attributed to the degradation of the bond condition and the 

ratio between the piezoelectric coefficient and the dielectric permittivity. The change in 

time of flight has been accounted for by the change in Young’s modulus, which controls 

the velocity of the wave. The next section will look at the methods that have been 

developed to adjust for the temperature effects.   
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Figure 27: Effect of Varying Temperature on an Isotropic Plate Structure 

 

4.2. Temperature Compensation Techniques  

The presence of a temperature change between two baselines signals will result 

in residual time traces that contain a significantly large difference even though no 

damage was present. The difference in the residual signal will contain the change in the 

wave velocity as well as amplitude from the temperature change. It has been 

demonstrated that during the presence of a temperature change, utilizing residual signals 

solely is not sufficient enough in order to discriminate damage from temperature effects 

[27], [49], [53]. Figure 28 illustrates the difference in the residual time-trace with and 
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without an incidence of a temperature fluctuation, with all vertical scales set 

equivalently. In the bottom plot of the figure, the residual error is of the same order of 

magnitude as the original signal. Note that the residual time-trace for the baseline at the 

same temperature (middle plot) is not completely zero due to expected test-to-test 

variability introduced by random noise processes. 

 

Figure 28: Baseline with and without Temperature Influence 

The first proposed solution to compensate temperature effects on guided waves 

was called optimal base selection (OBS) which is a data drive approach that requires a 

library of data sets served as a look up table[74].  Possible criteria for choosing the 

optimal baseline time-trace have include the means square standard deviation and the 

maximum residual amplitude [74], [83].  
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Another solution to account for the temperature effects on guided waves is do a 

baseline signal stretch (BBS) [74]. BBS method only requires a single baseline time-

trace; BBS tries to stretch the signal as best as it could to match that of the measured 

temperature affected signal. BSS modifies a single time-trace by stretching the signal by 

a stretch factor, �̂�, that will minimize the point-by-point different of the temperature 

affected time-trace. BSS assumes that temperature influencing the velocity of the wave 

is constant, which results in all the time of flights of each wave packet to arrive with 

increasing delay.  This model allows for a time-stretch model to be assumed. One of the 

early forms of BSS was performed by Lu and Michaels where the optimal stretch factor 

was determined by the short time cross-correlation between the two signals, a time 

dependent local time-shift is used to compute �̂� [74]. Another method that considers the 

time-stretch base model is the local peak coherence to determine the optimal stretch 

factor [85] [68]. BSS is a solution for temperature compensation when having a bank of 

data for OBS is not feasible. 

Croxford et al. in 2009 considers the combining OBS and the BSS methods 

together to achieve a greater compensation method [84]. The idea behind the combined 

strategy is to choose the best estimate available according to the OBS; using the 

selected time trace, perform a BSS. The approach has been demonstrated to be 

theoretically and experimentally a robust solution for temperature compensation for 

UGWs in an isotopic medium. 

Improvement in temperature compensation algorithms have primarily dealt with 

computational time and error minimization for the BSS [86], [87]. Harley in 2012 

utilized the Scale Transform in order to perform the BSS which computationally shown 

to be more efficient than the current existing BSS algorithms [86]. Ambrozinksi in 2013 
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used the Hilbert Transform to perform an instantaneous phase correction between a 

baseline and a temperature induced baseline [87]. The method showed promising ability 

to compensate for the temperature effects. The rest of this chapter will examine 

extensively the use of the Scale Transform and the Hilbert Transforms and then present 

a novel technique in combining both methods together for perform temperature 

compensation via BSS.  

4.2.1. Performance metric 

The goal in developing the BSS methods is to completely negate the effects of 

temperature on the time-trace. A perfect method would be able to adjust a baseline 

time-trace such that it perfectly matches the temperature affected time-trace. The study 

will specifically examine the performance of a compensation method at the signal level. 

In order to compare the performance of each method quantitatively, a performance 

index (PI) was used.  The temperature compensated signal is defined as, 

 

 𝑇𝐶{𝑥𝑇𝑅 , 𝑇1} = 𝑥𝑇𝑐

𝑇1∗
, (4.1) 

where TC{.} denotes temperature compensation process for a reference signal 𝑥𝑇𝑅 at 

temperature 𝑇1 . The normalized error percent will quantitatively measure the 

performance of each method presented. 

 

 𝑁𝑜𝑟𝑚. 𝐸𝑟𝑟𝑜𝑟 % =
∑(𝑥𝑇𝑐

𝑇1∗
[𝑛]−𝑥𝑇1[𝑛])

2

∑(𝑥𝑇𝑅[𝑛])
2 ∗ 100%, (4.2) 

where 𝑥𝑇1[𝑛] is the signal at temperature 𝑇1. The normalized error percent will be the 

metric used to directly show the effectiveness of each algorithm. A small error percent 
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denotes that the signals are similar (in a least squares error squared), where an error 

percent of 0% indicates perfect compensation. 

4.3. Experimental Test Set-up 

The test bed used in the experiment was an aluminum plate seen in Figure 29: 

Experimental Test Bed; these tests were conducted at Metis Design Corporation 

(Boston, MA). The test used 2 Metis MD7 nodes containing 1 actuator sensor in the 

middle surrounded by 6 receiving sensors. The node was place near the center and 

around 3.5’’ apart from one another. A thermistor was placed at the center of the plate 

between the two nodes to monitor the mean temperature of the plate. This plate was 

placed inside a thermal chamber where it remained untouched during the test. The test 

protocol was as follows: heat the structure to 55°C, turn off the heating mechanism and 

allow for self-cooling, continuously record the temperature using a thermistor, and 

simultaneously take periodic UGW measurements until 30°C was reached. Multiple 

baseline tests were run. A testing metric will be established next. 
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Figure 29: Experimental Test Bed 

4.4. Method 1 – Scale-Invariant Correlation (SIC) 

The model used to drive the development of this algorithm was a stretch-based 

temperature model illustrated by the following equation [86], 

 

 𝑇𝛼{𝑥(𝑡)} ≈ 𝑥(�̂�𝑡), (4.3) 

where 𝑇𝛼{. } is the change of temperature of the guided wave signal, {𝑥(𝑡)}, and 𝑥(�̂�𝑡) 

is the compensated stretched signal. The effect of temperature is thought of as a phase 

stretch to first order, where the stretch in the signal proportionally stretches longer for 

later parts in the signal. In this case, the problem is defined as minimizing the 

normalized squared error between the temperate induced signal and the baseline signal 
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to determine an optimal stretch factor, �̂� ; the problem is defined by the following 

equation 

 

 �̂� = 𝑎𝑟𝑔 min
𝛼

∫ |
𝑥(𝑡)

𝜎𝑥
−

𝑠(𝛼𝑡)

𝜎𝑠/√𝛼

∞

0
|2 𝑑𝑡, (4.4) 

where 𝑥(𝑡) is the temperature induced signal, 𝑠(𝛼𝑡) is the compensated baseline signal, 

𝜎𝑥 and 𝜎𝑠 are the standard deviations of the two signals respectively. Equation 4.4 could 

be reduced through expansion, arriving at equation 4.5, 

  

 �̂� = 𝑎𝑟𝑔 min
𝛼

√𝛼

𝜎𝑥𝜎𝑠
Φxs(𝛼), (4.5) 

 Φxs(𝛼) = ∫ 𝑥(𝑡)𝑠(𝛼𝑡)
∞

0
 𝑑𝑡.  

The scale transform will be used in order to efficiently solve the optimization 

problem. The scale transform and inverse scale transform is defined by the following 

operations respectively [88], 

 

 𝑆{𝑥(𝑡); 𝑐} = 𝑋(𝑐) = ∫ 𝑥(𝑡)𝑡−𝑗𝑐−1/2𝑑𝑡
∞

0
, (4.5) 

 𝑆−1{𝑋(𝑐); 𝑡} = 𝑥(𝑐) =
1

2𝜋
∫ 𝑋(𝑐)𝑡−𝑗𝑐−1/2𝑑𝑡

∞

0
, (4.6) 

The scale transform has several stretch-invariant properties that physically 

concentrate a majority of the energy on the earlier parts of the signal. Through a change 

of variables 𝑡 = 𝑒𝜏 and = 𝑒𝜏𝑑𝜏 , the scale transform and inverse scale transform may be 

expressed as the following equations 
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 𝑆{𝑥(𝑡); 𝑐} = ∫ 𝑥(𝑒𝜏)𝑒(
1

2
)𝜏𝑒−𝑗𝑐𝜏𝑑𝑡 = 𝐹{𝑒(

1

2
)𝜏𝑥(𝑒𝜏); 𝑐}

∞

0
, (4.7) 

 𝑆−1{𝑋(𝑐); 𝑡} =  
1

2𝜋
∫ 𝑋(𝑐)𝑡−𝑗𝑐−1/2𝑑𝑡

∞

0
= 𝑒−(

1

2
)𝑙𝑛(𝑡)

𝐹−1 {𝑒(
1

2
)𝜏𝑥(𝑒𝜏); 𝑐}, (4.8) 

which shows that the scale transform is the Fourier transform, 𝐹{. }, in the exponential 

time domain multiplied by an exponential envelope. Applying the Fourier transform’s 

convolution theorem, it could be shown that the inverse scale transform can compute 

scale cross-correlation function. 

 𝑆−1{𝑋∗(𝑐)𝑆(𝑐); 𝛼} = 𝑒−(
1

2
)𝑙𝑛(𝛼)

𝐹−1{𝑋∗(𝑐)𝑆(𝑐); ln (𝑡)},  

                          = ∫ 𝑒𝜏𝑥∗∞

0
(𝑒𝜏)𝑠(𝑒𝜏+ln(𝛼))𝑑𝜏  

         = ∫ 𝑥∗(𝑡)𝑠(𝛼𝑡)𝑑𝑡
∞

0
 

 𝑆−1{𝑋∗(𝑐)𝑆(𝑐); 𝛼} = Φxs(𝛼).                                              (4.10) 

To avoid numerical complications, the inverse scale transform is not normally 

computed; therefore, instead of using the inverse scale transform, the relationship in 

equation 4.8 could be utilized.  Combining equation 4.5 and 4.10 gives the resulting 

formulation to solve for the optimal stretch factor  

 

 �̂� = 𝑎𝑟𝑔 min
𝛼

√𝛼

𝜎𝑥𝜎𝑠
𝑒−(

1

2
)τ𝐹−1{𝑋∗(𝑤)𝑆(𝑤); ln(𝛼)}. (4.11) 

To implement the SIC method, both signals, s(t) and x(t), are resampled in the 

exponential domain. To determine the data points in-between the linearly sampled 
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points, a spline interpolation technique could be used. Resampling to the exponential 

domain will force the cross-correlation to focus the optimization on the early parts of 

the signal. The next step is to multiply both signals by an exponential envelope and then 

use the fast Fourier Transform (FFT) to complete the scale transform. Lastly, the 

optimal stretch factor is determined by maximizing the scale cross-correlation and 

determining the specific index that maximized the argument [86].  

4.4.1. Experimental Results - SIC 

The performance of the SIC method is presented in this section; the damage case 

will be examined in a later section. Figure 30 presents the results of the full waveform 

using the scale transform to determine an optimal signal stretch. The temperature-

induced signal was a baseline signal taken when the structure was 55°C and the baseline 

reference signal was taken when the structure was 30 C. The compensated signal is the 

resulting signal that takes the baseline time trace s(t) and resamples it according to the 

selected optimal stretch factor. Figure 31 zooms into A0 first arrival so the results may 

be better analyzed qualitatively. Immediately, it could be seen that the compensation 

does a decent job in choosing a stretch factor because the time of flight of the wave has 

been nearly matched. Quantitatively, comparing the 55°C and 30°C waveform, the SIC 

method has a normalized error percentage of 2.48% while the uncompensated signal 

that has a normalized error percentage of 85.89%. Compensating the signal has greatly 

decreased the error. The shortcomings of the algorithms are a result of using the 

stretched-based model, which is accurate to first order, where the effects of temperature 

on dispersion are not considered. By updating the time of arrival using the scale 

transform, algorithms that perform detection and localization could be greatly 

improved. However, the stretching of the signal does not take account the change in 
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amplitude that the induced temperate signal has experienced. This is important because 

many residual signal detectors for damage rely on amplitude or signal strength to 

inform the decision [66], [89], [90]. As an example, the optimal damage detector, 

discussed in earlier sections, is a measure of energy; thus, change in amplitude of the 

time-trace needs to be considered to avoid frequent false alarms [71].  

The advantage of using the scale transform to compensate for temperature 

change is that it has linearly-scaling computational complexity (and thus is relatively 

less computationally expensive) compared to other known techniques. Harley presents a 

comparative test where he implements various BSS techniques and compares the 

computational time; the results of this test showed that SIC method could maintain 

same performance while being 6.9 times faster in computational speed [86].  

 

Figure 30: Waveform Results from SIC Method 
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Figure 31: Waveform Results from SIC Method – A0 

4.5. Method 2 – Instantaneous Phase Correction (IPC) 

This model assumes that temperature changes causes a thermal expansion that 

affects the propagation velocity, so it uses a stretch base time 

 

 𝑇𝛼{𝑥(𝑡)} ≈ 𝑥(�̂�𝑡), (4.12) 

where 𝑥(�̂�𝑡) is the temperature influenced signal. It assumes that the delay in time of 

flight of wave packets increases with time and as a result the method plans to correct the 

effects of temperature through adjusting the instantaneous phase [87]. This method will 

utilize the Hilbert transform to extract the signal’s analytical signal and extract the 

instantaneous phase 

 

 𝑧(𝑡) = 𝐴(𝑡)𝑒𝑖𝜙(𝑡), (4.13) 
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where z(t) is the signal, A(t) is the magnitude of the signal, and 𝜙(𝑡)  is the 

instantaneous phase of the signal. Next, taking the instantaneous phases from both 

reference and measured signal, the phases will be matched by taking the differences in 

instantaneous phase and adding it on to the baseline reference signal as seen below 

 

 𝑧′(𝑡) = 𝑧(𝑡) ∗ 𝑒𝑖(𝜙𝑚𝑒𝑎𝑠(𝑡)−𝜙(𝑡)), (4.14) 

where 𝜙𝑚𝑒𝑎𝑠(𝑡) is the instantaneous phase temperature affect time-trace, 𝜙(𝑡) is the 

instantaneous phase of the baseline time-race, and 𝑧′(𝑡) is the compensated baseline 

signal. No processing is done to the magnitude of the signal. IPC will essentially align 

the phases together to account for the phase shifts that occur during the presence of 

temperature change. 

 

4.5.1. Experimental Results – IPC 

The data used to validate this algorithm is the same as the one used on the SIC 

method; the temperature induced time-trace was a baseline signal taken when the 

structure was 55°C and the baseline reference signal was taken when the structure was 

30°C. Figure 32 shows the results of the compensation using instantaneous phase 

correction (IPC). In Figure 33, the first arrival is expanded; qualitatively it could be 

seen that the time of flight for the wave packets align up with minimal error. Under the 

same data set and parameters as the SIC method, IPC method has an error percentage of 

2.07%, which is slightly less than the SIC. The IPC method performs almost the same 

as the SIC, this is because they are based on the same model and both models have 

optimally stretched the signal. However, IPC takes into account that the effects of 
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temperature are dispersive, as the constant stretch factor assumed in SIC is not 

comprehensive enough to compensate for the change in phase velocity. The loss in the 

amplitude in the signal due to temperature has yet to be addressed, however; the 

following section will look to incorporate both the SIC and the IPC to develop novel 

method for temperature compensation that also takes into account the loss in amplitude.  

 

 

Figure 32: Waveform Results from IPC Method 
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Figure 33: Waveform Results from IPC Method – A0 
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 𝑇𝛼{𝑥(𝑡)} ≈ 𝑥(�̂�𝑡), (4.15) 

The approach used to compensate temperature effects utilizes the Hilbert 

transform to extract the signal’s analytical solution:  

 

 𝑧(𝑡) = 𝐴(𝑡)𝑒𝑖𝜙(𝑡), (4.16) 

where the frequency component of the signal has been ignored because through long-

term observations of the signals, it has been concluded that the signal input frequency is 

the same frequency at the output. First, considering only the magnitude of the time-

trace, SIC method will be used to take the magnitude of both the baseline and 

temperature induced baseline seen in the following equation, 

 

 �̂� = 𝑎𝑟𝑔 min
𝛼

√𝛼

𝜎𝑥𝜎𝑠
𝑒−(

1

2
)τ𝐹−1{𝑋𝑀∗

(𝑤)𝑆𝑀(𝑤); ln(𝛼)}, (4.17) 

where 𝑋𝑀 and 𝑆𝑀 are the magnitude of each of the signals extracted from the Hilbert 

Transform respectively. The magnitude of the signal is computed in MATLAB by 

taking the absolute value of the “Hilbert” function. Next, optimal stretch factor, �̂�, with 

stretch the magnitude 𝑆𝑀 accordingly to account for changes in the group velocity, 

 𝑆𝑇𝐶
𝑀 = 𝑅{𝑆𝑀, �̂�} ,  (4.18) 

where R{.} is MATLAB’s resample function and 𝑆𝑇𝐶
𝑀  is the compensated magnitude. 

Then the amplitude of the magnitude of the signal is taken 
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 𝑆𝑇𝐶
𝑀∗ = 𝑆𝑇𝐶

𝑀 ∗
∑ |𝑋𝑀|

∑ |𝑆𝑀|
,    (4.19) 

where 𝑆𝑇𝐶
𝑀∗ is the full compensated magnitude portion of the signal. The ratio of the sum 

of the absolute value of the each time-trace will compensate for the change in energy; 

physically it accounts for the changing bond condition between the sensor/plate. The 

second part of IMPC involves using IPC to perform a phase correction for the phase 

portion of the signal,  

 𝑆𝑇𝐶
𝜙

= 𝑒𝑖𝜙𝑆 ∗ 𝑒𝑖(𝜙𝑥−𝜙𝑠), (4.20) 

where 𝜙𝑆 and 𝜙𝑥 are the phase components of each signal respectively and 𝑆𝑇𝐶
𝜙

 is the 

compensated phase. The last step is to combine each of the compensated components 

together 

 𝑆𝑇𝐶 = 𝑆𝑇𝐶
𝑀∗ 𝑆𝑇𝐶

𝜙
, (4.21) 

where 𝑆𝑇𝐶 is the temperature compensated signal.  

4.6.1. Experimental Results – IMPC 

The data used to test out the IMPC method are the same as the data used for the 

SIC and IPC methods.  Figure 34 presents the results of the full waveform. Figure 35 

zooms into the waveform giving us a better qualitative sense of how well the IMPC 

method is working.  The time of flight for the wave packets for the temperature induced 

baseline and the compensated signal both align; the results are expect because IPC 

method was used to adjust the phase component. Looking at the PI score for this 

specific case, the IMPC scores an error percentage of 0.69%, which means that the 

compensation does a better job in accounting for the effects of temperature than the 

other presented method.  Regarding the magnitude, the group velocity was “stretched” 
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to match the temperature-induced signal’s magnitude; also, scaled to match the 

envelope’s total magnitude. The scaling portion is strictly used to compensate for the 

change in the baseline time-trace’s overall amplitude. The improvement made on IMPC 

been shown to almost perfect compensation for temperature for the undamaged case.  

 

 

Figure 34: Waveform Results from IMPC Method 

 

Figure 35: Waveform Results from IMPC Method – A0 
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4.7. Comparison of Performance  

The following section will perform a comparison among the presented methods. 

The comparison will look at different values of temperature differences to illustrate how 

each method performs for a given temperature change. In Figure 36 with a 5°C change 

in temperature, there is not much change in the waveforms; the effects of temperature 

are negligible at this point, and there is no differentiation visual between the signals. 

With a 10°C change in temperature in Figure 37, the raw waveform begins to separate; 

this is due to the change in the velocity of the wave. The temperature change has not 

significantly affected the bond condition yet; therefore, the amplitudes of the signals are 

still matching. Also, each method is able to perform near-perfect compensation 

qualitatively. In Figure 38, along with the previous changes, the degradation of the bond 

condition begins to become noticeable as the amplitude of the signals no longer match. 

At this point, the IMPC begins to outperform the SIC and IPC because both methods do 

not compensate for the amplitude change, as shown in Figure 39. At a difference of 

25°C, only the IMPC method is able to match the waveform most accurately. Figure 40 

highlights the importance of a temperature compensation for GW, as without it, the 

error generated exponentially increases as a function of temperature change. 
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Figure 36: Comparison of Waveform for each method – Δ5C 

 

Figure 37: Comparison of Waveform for each method – Δ10C 
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Figure 38: Comparison of Waveform for each method – Δ15C 

 

Figure 39: Comparison of Waveform for each method – Δ20C 
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Figure 40: Comparison of Waveform for each method – Δ25C 

Next, a more quantitative approach is taken for performance comparison. Figure 

41 displays the results of the normalized error as a function of temperature change; the 

figure shows how well each algorithm performs relative to one another quantitatively. 

The baseline signal was added to illustrate how much error is a present relative to the 

compensated signal if effects of temperature were not considered. There is an 

exponential increase in the normalized error for the raw data as temperature from a 
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algorithm places an emphasis in the earlier parts of the signal; thus, it determines the 

optimal stretch factor from that information the early wave packets. However, the delay 

of the wave packets are not constant for later arrivals due to the dispersive 

characteristic; therefore, the IPC outperforms the SIC method in this regard. The best-

performing method is the IMPC method, and it is a result of the algorithm taking into 

account the changes in both phase and amplitude of the signal.  However, the 

normalized error seems to be growing with temperature; the degradation of the 

algorithm is a result of the time stretch model breaking down.  

 

 

Figure 41: Normalized Error versus Temperature change with Baseline 
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Figure 42: Normalized Error versus Temperature change without Baseline 

4.8. Comparison of Performance with Damage 

Another issue that temperature compensation algorithms have to overcome is 

being able to differentiate damage events from temperature change. This issue is a 

major concern because if compensation algorithms mask damage events then they 

would be counterproductive for the detection algorithm. Therefore, it is important to 

quantitatively examine how the SIC, IPC, and IMPC will perform when it is given a 

signal that has both a temperature change and a damage in it.  There were 2 damage 

cases that were implemented during the experimental test taken with Metis Design 

Corporation’s thermal chamber. The first damage case was a large magnet that was 

placed 4 inches from the center of the plate, the magnet has similar scattering properties 

as corrosion and has the benefit of leaving the structure undamaged [71][91].  The 

second damage case was a bolt that was removed from the plate, as seen in Figure 43. 

Both damage cases were subjected to the same test protocol as the undamaged test. The 
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results from the test will determine how much the compensation smears the effects of 

damage with temperature. 

The results include the undamaged case, added magnet, and bolt damage 

superimposed on to a single figure to compare difference in normalized error. Figure 44 

demonstrates the performance of the SIC method where the compensation has shown 

not to masks the effects of the two damage modes. There is larger separation in 

normalized error for the magnet as opposed to the bolt loss; the reason is because the 

magnet was relatively small, and thus the scattering effects from it are significantly less 

than the bolt loss. Figure 45 and Figure 46 show the results from the IPC and IMPC 

which are relatively similar to each other; it is interesting to notice that the normalized 

error for these methods compared to the SIC methods have the same trends but 

amplitudes are lowered. The separation in normalized error is less in the phase matching 

techniques because the algorithm matches the wave packets arrivals. A higher 

temperature change in the structure needs to experimented to determine the temperature 

at which the temperature compensation algorithms could no longer drive down the 

residual error below that of a damage mode 
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Figure 43: Experimental Test Bed Setup for Temperature Compensation – With Bolt Loss 

 

Figure 44: Normalized Error comparing damage and undamaged - SIC 
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Figure 45: Normalized Error comparing damage and undamaged - IPC 

 

Figure 46: Normalized Error comparing damage and undamaged - IMPC
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Chapter 5  

Conclusions & Future work 

The first part of this thesis focused on using passive sensing to detect impact 

damage through lower frequency vibration test on composite plates with embedded 

FGB strain sensors. The study was able to demonstrate several features that could detect 

damage and compared their performance using ROC analyses. The PSD feature is a 

robust feature against peak hopping failure in the sensing system, but demonstrated low 

sensitivity to damage. Conversely, the AR-derived features prove to be higher in 

sensitivity, but were more susceptible to the peak hopping phenomenon.  

The next portion of the thesis examined the active sensing regime where UGWs 

were exploited for a higher sensitivity in SHM. The properties of UGWs were derived 

from bulk waves and were shown to be desirable because guided waves remain in the 

waveguide as opposed to leaking into the surroundings, allowing them to propagate for 

long distances. Dispersion curves illustrate the solutions to the characteristic equation, 

which showed that UGWs are multimodal. The dispersion curves contain important 

information on the wave speed that is required in damage localization algorithms. A 

method of extracting the modal information through a sparse sensor configuration 
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called SWA was experimentally validated. The technique utilized methodologies from 

CS in order to recover the dispersion curve in an efficient manner. Future work in this 

area could quantify the uncertainty of the results attained from SWA. 

 Next, this thesis extensively studied the effects of uniform temperature changes 

on UGWs and has been able to conclude the different components that affect the 

measure signal. On the structural side, the effects of temperature causes the Young 

modulus of the material, the effective geometry, and the mass density to change, which 

results in the wave speed to changing altering the time of flight of the wave packets. 

From the sensor side, the effects of elevated temperature causes the bonding condition 

to degrade and also alter the ratio between the piezoelectric coefficient and then 

dielectric permittivity both which are attribute to lowered amplitude levels from the 

measured signal. The performance  

After understanding the effects that temperature has on UGWs, temperature 

compensation methods were studied in order to account for the error due to temperature 

in the cleansed time-trace. Two techniques have been demonstrated, SIC and IPC, and 

presented a new, IMPC, that all perform temperature compensation requiring only one 

baseline measurement. By looking at looking at each technique’s compensated 

waveform, it has been qualitatively illustrated how well each method works. Also, 

utilizing a normalized error percentage to see the benefit from compensating for 

temperature; the new IMPC technique had superior performance because it accounts for 

the degradation of the sensor/structure bond conditions. Amplitude adjustment accounts 

the major performance improvement on time-stretch temperature compensation 

algorithms. The study confirmed that for bolt and magnet damage detection, the 

compensation methods discussed do not mask the effects of damage for the change in 
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temperature range explored. There is a need for further studies to examine the limitation 

to see the largest range that each method could compensate for; specifically, when the 

time based stretch model is no longer valid.  

In summary, the major contributions of this thesis included: 

 Impact damage on a composite structure has successfully been detected 

using embedded FBG sensors. Various features were proposed and 

compared side-by-side using an ROC curve. 

 Experimentally validated the SWA technique that recovers the 

wavenumber-frequency dispersion curves. 

 Presented two different BSS temperature compensation techniques and 

proposed a novel method that combines aspects of both algorithms. 

Compared the performance of each technique. Demonstrated that the 

novel method, IMPC, did not mask the effects of damage simulated with 

an added magnet and bolt loss. 
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