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Structural Health Monitoring (SHM) and condition assessment deal with inspecting the health and
integrity of the monitored systems. Although robust damage detection methods have been proposed in the
recent two decades, there are intensive ongoing investigations to tackle the practical and technical open
challenges, such as smart sensing, sparse sensor measurements and real-time damage detection. This thesis
is devoted to discussing pattern recognition and damage detection methods using vibration, acoustic and
vision perspectives.
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First, a machine learning-based approach is proposed for object classification by texture analysis.
Bag-of-Words (BoW) and Support Vector Machine (SVM) techniques are used to extract the features and
train an identifier, respectively. The method is particularly exploited for tie/ballast image classification at
Rail Defect Facility of UC San Diego by mounting a high-speed camera on a cart moving with walking

speed.

Second, a deterministic vibration-based method is proposed for damage quantification in the
structures, using sparse sensor measurements. The estimated damages are then further tuned by repeating
the proposed approach to reach more accurate results. The method is employed for damage detection in

lab-scale and full-scale building structures.

Defect imaging in plates using data-driven Matched Filed Processing (MFP) is the last concept
discussed in this thesis. Under the Born approximation, difference between the responses of the damaged
and pristine plates is computed as the data set containing the defect’s acoustic signature, and conventional
and adaptive beamformers are used to perform the MFP and localize the defect. The method is employed

for damage detection in an aluminum plate.
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Chapter 1: Introduction

Structural health monitoring (SHM) and damage detection have received considerable attention in
the past two decades. Although engineering structures and systems are designed against common loads that
they might experience in their lifetime, sudden loadings and/or unexpected situations can cause visible or
internal invisible damages that adversely affect the performance and serviceability of the system. Early
detection of such damages not only can prevent sudden failure, but also can help engineers to prepare cost-
effective renovation plans [1-4]. Different local-scale and global-scale techniques have been developed in
the literature for damage identification, localization and quantification. A complete review of these methods
can be found in [5-8]. This thesis is aimed at using smart computer vision as well as acoustic sensing to
facilitate the condition assessment procedure. Moreover, vibration-based concepts are employed to propose
a new model updating and damage detection method using sparse sensor measurements. In the following,

an overview of the materials covered in each chapter is presented.

Chapter 2 introduces a machine learning-based approach for tie/ballast image classification. First,
a set of images of ties and ballasts are selected as the training data. The features of the images are extracted
using Bag-of-Words (BOW) technique. Then, Support Vector Machine (SVM) is applied as a supervised
learning method to train an identifier. The method is used for tie/ballast image classification based on the
images captured by a high-speed camera mounted on a cart at Rail Defect Facility of UC San Diego.
Besides, a deterministic signal-based method is introduced to discriminate ties and ballasts. The main idea
is based on the maximum amplitude of the reflected ultrasonic waves from the surface of the objects. Non-
contact air-coupled capacitive ultrasonic transducers in pulse-echo mode are used to launch waves to the
surface of the ties and ballasts. Comparative studies are carried out to check the accuracy and precision of

the vision-based and signal-based approaches in tie/ballast classification.



In Chapter 3, a new vibration-based method is proposed for damage localization and quantification
in common civil structures. Damage is defined as changes in the stiffness of the damaged elements.
Deflections of the system under a virtual unit load are estimated using the modal data of the first several
modes and changes in the deflections between the pristine and damaged cases are used to estimate element-
wise damages. The baseline model is updated to an Adapted Baseline (AB) model and the method is
repeated to increase the accuracy of the estimated damages till the stopping criterion is satisfied. The
method is based on using the full-size mode shape vectors; however, in real SHM programs the number of
the sensors attached to the structure might be less than the structural Degrees of Freedom (DOFs). To tackle
this problem, the perturbed force-based mode shape expansion technique is employed to expand the
experimentally extracted mode shape vectors. The proposed method is validated by studying a lab-scale
five-story shear building tested on a shake table, and a full-scale high-rise building structure. A parametric

study is also conducted to evaluate the performance of the structural supports.

Defect imaging in plates is the subject of Chapter 4. Matched Field Processing (MFP) in a data-
driven platform is used to localize defects in a plate. This method is model-free, and all the process is based
on the acquired data by experiments. The pristine and damaged plates are excited using an impact induced
by a hammer. Using the time history responses of the pristine plate excited in different points, the replica
vectors are made. Then, a set of damage-sensitive data is extracted by subtracting the data of the pristine
plate from the data of the damaged plate, and it is used to perform the MFP by means of conventional
Bartlett processor as well as adaptive beamformers, like Minimum Variance (MV) and White Noise

Constraint (WNC). The applicability of the method is demonstrated by testing an aluminum plate.

Concluding remarks as well as suggestions for future investigations are given in Chapter 5 of this

thesis.

In this thesis, the vectors are shown by bold small letters while the matrices are denoted by BOLD

CAPITAL LETTERS. Moreover, the scalers are shown by italic letters.



Chapter 2: Machine Learning-based Image Processing for Tie-

Ballast Image Classification

2.1. Motivation and problem definition

Analyzing images’ texture has been widely used for pattern recognition, abnormality detection, and
object classification in different research fields [9-12]. Surface damage detection and classification in
concrete slabs [13, 14], crack and deterioration detection on the surface of asphalt roads and pavements [15,
16], and micro-scale tissue image classification for biomedical pattern recognition and abnormality
detection [17] are some of the research subjects that have been developed and popularized by leveraging

the advances in texture analysis and machine learning.

In the present study, a machine learning-based image processing technique is proposed for
tie/ballast image classification using the texture signature of the objects. This idea is a part the solution
proposed in response to the necessity of developing a robust and fast speed sensing and monitoring system
for the ties, which is eventually aimed at assessing the health of the wooden and/or concrete ties in the
railroads. The tie deflection profile can be used to determine adverse support conditions (e.g., center
binding) [18, 19]. Developing a system for tie profile imaging can reveal valuable information about the
permanent or temporary deflections of the ties that can be further analyzed to establish some criteria on
assessing the health of the corresponding ties. For this purpose, an array of non-contact ultrasonic
transducers (in pulse-echo mode) are used to image the surface of the ties based on the Time-of-Flight
(ToF) of the received waves as the reflections from the ties’ surfaces. This system has been proposed by

Experimental Mechanics & NDE laboratory at UC San Diego and it is under further investigations for real-



time tie assessment. The system is connected to a cart (or train) and acquires the data when the train moves.
Determining the object which is probed by the transducers in each instant is of importance to construct the
surface profile of the ties. In general, the probed object (tie or ballast) can be identified based on the strength
of the reflected waves. However, this idea might face uncertainties in some cases. For example, the ballasts
are naturally placed in the ties’ level, and it is possible that a ballast with flat surface is mistakenly identified
as part of a tie if only the strength of the reflected signals are studied for object classification. On the other
hand, ties with rugged surfaces (which can be a result of surface damage) may be classified as ballasts
because of the observed high attenuation in the amplitude of the reflected waves. Computer vision-based
image classification can be helpful in such conditions to robustly confirm the wave-based classification and

surface imaging results.

Considering the distinguishable texture of the ties and ballasts, the images can be efficiently
classified if their texture is analyzed. Herein, the tie/ballast image classification is considered as texture
classification problem, and using the features extracted from a set of tie/ballast images, an identifier is
trained to automatically label a given image. For this purpose, Support Vector Machine (SVM), a
supervised learning technique, is employed to train an identifier based on the texture features extracted by

Bag-of-Words (BoW) method.

2.2. Background

2.2.1. Bag-of-Words (BoW) model for texture representation

Texture is one of the basic features of almost all the images that can be effectively used for pattern
recognition and image (object) discrimination. In the field of texture-based pattern recognition, texture
representation is a challenging concept which has been extensively studied in the literature [20]. The texture
representation methods can be divided into two main groups: Bag of Words (BoW)-based methods, and

Convolutional Neural Networks (CNN)-based methods. A rich review of these methods can be found in



[20, 21]. In this thesis, BoW method is employed for texture representation and analysis. In the following,

BoW model is introduced by a simple example related to the text processing.

BoW is a very simple model that has been used for feature extraction from the text documents [22].
In the field of text analysis, BowW model is defined as a representation that maps arbitrary text into fixed-
length vectors which counts how many times each word appears. This process is called vectorization. To
illustrate the main concept of BowW model, consider the following sentences as the responses of three

students who have been asked to describe a course that they have in common:

e Student #1: This course is easy and practical.
e Student #2: | like this course.

e Student #3: This course covers practical concepts and | like this course.

Each of these sentences is nhamed a document, which consists of several words. In the next step,

using a set of “words” found in these documents, a vocabulary is made as below:

LTSN L RT3 LR INT 9

“this”, “course”, “is”, “easy”, “and”, “practical”, “I”, “like”, “covers”, “concepts”

In this example only one vocabulary is formed; however, the approach can be followed by forming several
vocabularies with different lengths. To vectorize a given document, the count of each word in the
vocabulary should be determined in the corresponding document. Table 2.1 summarizes the counts of the
words in the proposed vocabulary. As a result, each document can be replaced with a 10-entry vector as

follows:

Table 2.1: Counts of the words in the example documents.

Document#  this course is easy and practical like  covers concepts

|
1 1 1 1 1 1 1 0 0 0 0
2 1 1 0 0 0 0 1 1 0 0
3 2 2 0 0 1 1 1 1 1 1




Document#1=4{1,1,1,1,1,1,0,0,0, 0};

Document#2=4{1,1,0,0,0,0,1, 1,0, 0};

Document#3=4{2,2,0,0,1,1,1,1,1, 1}.

Utilizing the mentioned count-based vectorization, the contextual information (like the information
about the order, structure or location of a specific word) is discarded. The vectorization can also be done
by returning “0” or “1” per the existence of the vocabulary’s words in a document; but, count-based

vectorization is more preferred because it returns relatively more information about the document.

In the field of computer vision, BoW technique (also often referred to as Bag of Features (BoF) or
Bag of Visual Words (BoVW) [20]) is known as an image categorization method which assigns a category
label to a given image [23]. Texture representation or texture feature extraction is the most important part
of this technique, which is defined as a transformation to map the texture of the input image into a feature
vector describing the main properties of the texture. Using different combination of the “visual” words,
different visual vocabularies are formed, which are subsequently used to make a codebook (or visual
dictionary), and this codebook can then be used to map the features from local level to global level (entire)
of the image. It is important to mention that generally, analyzing sparse vectors (i.e., vectors with
considerable zero entries) can be problematic because of making singular (degenerate) matrices. To tackle
this issue, visual vocabularies should be selected in a way that such sparsity is minimized. In the following,
different steps of the BoW model for texture analysis are summarized [20, 23]. These steps have been

schematically shown in Figure 2.1.

1. Defining local patches: In the first step, the input image is divided into a pool of N image patches
over a regular fixed grid [24], interest point detector-based segmentation or randomly sampled

patches [25]. In the present study, a fixed gird is used to define the local patches.
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Figure 2.1: Different steps of BoW technique for image analysis (adapted from [20], with some revisions).

2. Patch representation in the local level: Texture representation cannot be formed over a single
pixel because the texture is a spatial phenomenon [20]. Thus, texture pattern in local level (which
is a texture representation over local pixel neighborhoods) should be mapped into the global
representation of an image to return an accurate texture representation of the entire image. For this
purpose, the texture is first transformed to a pool of local features, which are then aggregated to
make a global representation of the entire image. In the present step, local representation is formed
for the extracted N patches in step 1. A set (or pool) of texture features is produced by applying the
local texture descriptors to the N patches. Assuming the features of D dimension, the local features
of the ith patch in an image is denoted as xi € R®, where i=1, 2, ..., N. To have a successful Bow
model, the local descriptors should be distinctive and robust to the possible image transformations
(like scale, blur, rotation, illumination, and changes in the viewpoint) [20].

3. Codebook generation: In this step, a set of codebooks (i.e., visual dictionaries) is generated using
the training data. Clustering is a common method to learn a visual vocabulary or codebook. In this
study, the K-means clustering technique is leveraged for this purpose and the center of each cluster
is defined as a codeword (or visual word), denoted by y; € RP, where j=1, 2, ..., K.

4. Feature encoding: This step is devoted to mapping each local feature x; into one or several

codewords, forming a feature coding vector, w; € RX. Feature encoding links local feature



representation to the global feature representation, and it can affect not only the accuracy, but also
the speed of the classification method.

5. Feature pooling: In this stage, the global feature representation z; is achieved for a given image by
aggregating the coded feature vectors (i.e., wi). Note that the properties of texture are usually
translationally invariant, and this allows order-less aggregation of local texture features, by
operators like the weight-less summation [20, 21, 23]. The results of this stage are presented as a

histogram of the codewords frequency for the given test image.

The histogram of the feature frequency in the global level is then used as the basis for classification.
Different approaches like Nearest Neighbor Classifier (NNC), Support Vector Machine (SVM), Neural
Networks (NNs) and Random Forests (RF) can be employed to train the classifier [21]. In this study, SVM

is used as a supervised learning approach.

2.3. Field tests

The field tests were conducted at the Rail Defect Testing Facility of UC San Diego. A high-speed
camera was mounted on the prototype attached to a cart to capture the images of the ties and ballasts (see
Figure 2.2). The camera holder (blue ring around the camera shown in Figure 2.2) has a special shape which
can hold the camera after rotating by —45°. The prototype (designed by Experimental Mechanics & NDE
Laboratory at UC San Diego for tie deflection measurement) consists of six capacitive air-coupled
ultrasonic transducers (VN Instruments CAP-2) with a central frequency of 135 kHz. The camera is a Basler
acA 1300-200uc (USB3.0 version), with an ON semiconductor, Python 1300 Complementary Metal-Oxide-
Semiconductor (CMQOS) sensor, which can deliver up to 200 frames per second (FPS) with 1.3 Megapixel
resolution. The lens of the camera is a Kowa, 1/1.8" Format, Manual Iris version. The focal length of the

lens is 4.4-11mm, with a zoom ratio of 2.5x. Based on the existing standards, at least 3" clearance above
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the surface of the rails is needed for equipment installation, which was considered in prototype design (see
Figure 2.3(a)). The distance between the sensors/camera and top surface of the ties is ~11.5". The encoder
is connected to the left side of the cart and it is in contact with the front wheel as shown in Figure 2.3(b).
The tests were conducted by running the cart with walking speed over nine ties, with a total path length of
20 ft. As the cart moves, the encoder rotates and subsequently the sensors and camera are triggered by the

encoder pulse with a 0.25" resolution.

Air-coupled acoustic
transducers (CAP-2)
Note: The effective diameter

of the transducer’s head is
3.9cm.

Figure 2.2: The camera mounted on the prototype. ‘CH1’ and ‘CH6’ denote the first and sixth transducers attached
to the prototype. CH1 is fixed at a distance of 6" from the right edge of the hollow beam. The distance between the
camera and CH1 is 6".
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Figure 2.3: (a) Key dimensions of the prototype (unit: inch): the camera is placed ~11.5" above the tie’s surface,
with a clearance of ~3.5" from the top surface of the rail. (b) Encoder: the transducers and sensors are triggered by
an encoder with 0.25" resolution.
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Figure 2.4: Front panel of the LabVIEW routine for the camera during a test.

Figure 2.4 shows the front panel of the LabVIEW program developed to communicate with the

camera. The camera is connected to a SuperSpeed (SS) USB3.0 port on the computer, which provides the
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camera with both power supply and fast speed data transmission path. Running the developed LabVIEW
code, the camera turns on, and grabs images based on the encoder count number. The encoder count number
comes through a network communication with the LabVIEW routine developed for the transducers! and
this number determines the name of the images which is saved as “jpeg” file in the computer system. If the
encoder stops, the count number remains constant and the image is overwritten with a name of that count.
The camera frame rate can be controlled through the front panel of the LabVIEW routine (see Figure 2.4).
In this field test, the camera was set to grab 100 FPS, which is a reasonable frame rate for the walking speed

test.

The code is executed based on a stop command which is issued by the user through the LabVIEW
routine of the signal acquisition part. Therefore, the camera’s LabVIEW routine constantly checks the
commands through the network communication in terms of receiving the stop command. As soon as this
command is received, the camera stops image acquisition; but the code continues running until all the inline

images are successfully saved in the hard drive.

2.4. Tie/ballast image classification method

In this section, the details of the computer vision-based tie/ballast image classification method are

presented.

2.4.1. Preparing images for analysis

Figure 2.5 shows a typical image captured by the camera. A rotation in the view field of the camera

is seen because the camera was rotated by —45° to be rigidly kept by the holder (discussed in section 2.3).

Note that the transducers’ LabVIEW routine is the host routine which manages the developed LabVIEW routine for
the camera.
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Figure 2.5: A typical image captured by the camera.

Therefore, the image captured by the camera should be rotated back to its original configuration before
analysis. Also, the image has a wide field of view; however, the Region of Interest (ROI) is a circle
equivalent to the transducer’s effective area (a circle with 3.9 cm diameter), located at the center of the
rotated image. Therefore, the image should be cropped and focused on the ROI. To crop the image, the
actual travelling distance was converted into the pixel domain because the images are in the pixel domain.
For this purpose, a couple of points in an image were selected and tracked in the next successive image.
Then, pixel-domain displacement was mapped into the actual physical displacement computed by the
encoder’s pulse generation frequency as follows. The pixel-domain displacement of a given point in two
successive images (which are the images corresponding to two successive encoder counts) was equal to
0.25" —the encoder sends out a trigger pulse in every quarter inch of displacement. A point tracker method
was employed to extract the pixel-domain displacements. There are different point tracking algorithms in
the field of computer vision. In this study, the Kanade-Lucas-Tomasi (KLT) tracker [26] was employed. In

the following, the fundamentals of the KLT tracker are briefly explained.

The mathematical derivation of the KLT method can be found in [26]. The main idea is based on

minimizing the Euclidean distance between two image patches by gradient search. Here, the concept is
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illustrated with a 1D problem by tracking a point on a curve. It is assumed that curve | and J (shown in
Figure 2.6) are two images of a given curve in two successive frames, which are displaced with h. From
camera specification viewpoint, h is inexplicitly proportional with the camera’s frame rate. The error
between these curves, e = 1-J, has also been depicted in Figure 2.6. This error in the domain W can be

defined as follows [27]:

e(h) = fw <I (x + g) -] (x - g))z dx (2.1)

Taylor expansion of | and J around x yields:

I (x + g) =1(x) + gl’(x) + 0(h?) (2.2a)
J(x=2) =16~ 5/ + 0(?) (2:2)

The derivatives of | and J are computed by expanding the Taylor series for Egs. (2.2a) and (2.2b)

as follows:

I (x + ﬁ) — PG+ + o) (2.30)
2/ 2 :

Y

« W

[

Figure 2.6: Mathematical derivation of the KLT tracking method for a simple 1D problem (adapted from [27]).
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y(x=5) =1 -3/ + 00 (2:3h)
2) 2 '

To minimize the error e(h) (Eqg. (2.1)), its derivation with respect to h is set to be O:
de | hI’ h, O(h2
5= (10537 -1e+37 + 0w
h h
X (1’(x) + EI”(x) +J'(x) —E]”(x) + O(hz)) dx =0 (2.4)
From Eqg. (2.4), the following equation system is derived:
| 1@ -1 @+ @)ax
w

h
=3 f ((I(x) —JE)(I" () =" () + (I'(x) + ]’(x))2> dx + 0(h?) (2.5)
w

In Eq. (2.5), the term (1(x)-J(x))(I" (x)-J"(x)) can be discarded because: (1) if h—0, (I'(x)+J'(x))? >> (I(X)—
JO)) (1" (X)-J"(X)); (2) the term is computationally heavy; and (3) if h is large enough, scale pyramids can
be used to reduce the resolution, and in the lower resolution, h gets small enough again to make the term
ignorable [27]. Defining g(x) = I'X)+J'(x), & = 2fw(1(x) — J(x)).g(x)dx, and Z = Jwg?(x)dx, Eq. (2.5) is shorten

as:

Z.h=e (2.6)
Solving Eg. (2.6), the translation h can be achieved. Following similar strategy, the translational vector h

is computed for 2D problems (like tracking points in successive frames of a footage stream) as follows:

Zh=e 2.7)
where,
9%  9x-9
zsz [ x xzy]dp (2.8a)
w l9y-9x 9y
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In this study, the KLT tracker embedded in MATLAB computer vision toolbox (with some
adjustments) is employed to convert the physical displacements to the pixel-domain displacements. First,
the RGB image sequences are converted to grayscale format, where the hue and saturation information is
eliminated and only the luminance of the images is retained. Then, an area in the image’s field of view (in
the first image of the sequence) is selected and the robust trackable features (points) are automatically
identified. Here, the Speeded-Up Robust Features (SURF) algorithm [28] is used to find blob features. The
robust trackable points are basically corner points that do not suffer from any aperture problem. In the next
step, the shift (displacement) of the trackable points in the successive images are tracked. The framework
of the tracking approach is based on local optimization, which was illustrated before in a 1D example and
generalized for a typical 2D problem (Egs. (2.1) to (2.8)). A squared distance criterion over a local region
with respect to the transformation parameters is used to define the objective function. Then, the point
displacement is approximated with a linear term using Taylor series. In the present application, the
mentioned framework is used to track the 2D in-plane displacement of the robust trackable points in the

successive images.

2.4.2. Training the tie/ballast identifier using Support Vector Machine (SVM)

The cropped images are used to train an identifier using the Support Vector Machine (SVM)
method. The SVMs are supervised learning methods, which employ data analysis and pattern recognition
for classification and regression analysis by building a set of hyperplanes to classify all the inputs into a
high-dimensional or even infinite spaces [29, 30]. The SVM methods can be categorized based on the
structure and attributes of the embedded classifier. A complete review of SVM methods can be found in
[29-32]. The SVM with linear classifier is one of the well-known SVM methods which uses one hyperplane

for classification purposes. The main concept of a typical SVM method is schematically shown in Figure
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2.7. Based on this figure, the closest values to the classification margin are known as support vectors and

an SVM is aimed at maximizing the margin between the hyperplane and the support vectors [29].

Given a labeled training data set (which means supervised learning), the SVM’s output is an
optimal hyperplane classifying the new examples. In the present study, the texture of the object is used to
extract the main image features for training an identifier. Specifically, two key features are extracted: the
2D Fast Fourier Transform (2D FFT) and the histogram of the visual words. These two features are studied
to check their suitability in terms of classifying a given test image. In Table 2.2, the 2D FFT and histogram
of 100 visual words for a sample image of tie and ballast are shown. The magnitude of the dominant
frequencies forms a trace which can be employed for tie/ballast classification. Moreover, the details of the
histograms extracted for the ties and ballasts can be used as an effective index for image classification. In
general, the histogram of the ties is sparse, with almost a constant number of appearances for the visual
words. However, the histogram of the ballasts reveals a complex combination of different visual words.
This trend is justifiable if the visible texture of the ties is compared with the visible texture of the ballasts.
For this, it is assumed that reconstructing the texture of the ties and ballasts is desired. The texture of a
wooden tie can be constructed by repeating a limited number of special visual units because its texture is
unique and periodic. Ballasts, however, have more complex texture that a combination of different visual
units is needed to reconstruct an image of the ballasts. Therefore, it is concluded that both the 2D FFT and

histogram of the visual words can be suitable features to classify ties and ballasts.

(a) (b) (©

Figure 2.7: The SVM method: (a) Simplifying the classification task by feature map, (b) hyperplane to separate the
data, and (c) maximal margin hyperplane with its support vectors [30].
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Table 2.2: The 2D FFT and histogram of visual word occurrence for a typical tie and ballast image.
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2.5. Implementation, results and discussion

In this section, the proposed method is employed for tie/ballast image classification by analyzing
the images captured at the Rail Defect Testing Facility of UC San Diego. A 20 ft-long segment of the
railroad was monitored in five independent tests using a data acquisition system consists of six CAP-2
ultrasonic transducers —the platform for non-contact fast-speed tie assessment system—, and a camera.

The details of the tests as well as the data acquisition system were discussed in section 2.3.
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Figure 2.8: Tacking automatically selected robust features in eight successive images by the KLT tracker.

The proposed machine learning-based image classification method was discussed in detail in
section 2.4. To implement the method, at first step, the KLT tracker was used to map the actual travelling
distance into the pixel domain. Figure 2.8 shows the selected zone as well as the automatically selected
robust points (denoted by numbers 1 to 4). These points were tracked in 8 successive images and the pixel-
domain displacements are plotted in Figure 2.8. The tracked points reveal straight traveling lines, with no
lateral movements. The displacement of any of the tracked points in two successive images should be equal
to 0.25". Using this criterion, it is concluded that every 20 pixels on the images is equivalent with 0.25".
Therefore, the ROI in the pixel domain will be a circle (at the center of the rotated images) with a diameter

of 122.84 pixels. Using this information, the images were prepared for the analysis.

Figure 2.9 shows the details of image preparation for a typical image: the image is rotated by 45°
to be in the original x-y plane. Then, only the ROI is cropped and is saved as a new image. Note that all the

procedure is done in MATLAB [33] using functions of the Computer Vision toolbox.

In the next step, sample images of the ties and ballasts (cropped images, focused on the ROI) are
randomly selected among all the images and the identifier is trained using the SVM method. The initial
evaluations indicated that using 2D FFT and histogram of the visual words, an effective set of features can

be extracted for the classifier training step (see section 2.4.2). However, detailed investigations revealed th-
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Figure 2.9: Preparing images for analysis.

-at 2D FFT not only decreases the speed of the image evaluation because of the required side computations,
but also cannot add much more distinguishable details in some cases. Because of the relatively small ROI,
in some cases the edges of the ballasts produce locally aligned textures and the associated 2D FFT is almost
like the 2D FFT of the ties. On the other hand, the machine learning toolbox of MATLAB has accelerated
functions for BoW algorithm which include the SVM method. Therefore, the speed of the training part is
considerably increased if only the histogram of the visual words is employed as the texture features. In the
following, the optimal training system was programmed using the histogram of the visual words as the

object’s features.

In tests #1, 3, 4, and 5, about 4% of all the images (i.e., 20 images of the ties and 20 images of the
ballasts) and in test #2, about 3% of all the captured images (i.e., 15 images of the ties and 15 images of the
ballasts) were used to implement the proposed method. In test #1, for example, 24576 features were totally
extracted for each category (i.e., ties and ballasts) and 80% of the strongest features for each category was
selected to make 500 visual vocabularies using K-means clustering approach. The confusion matrix of the
evaluation process for the test set, as well as another set of 40 randomly selected images, revealed that the

trained classifier has an accuracy equal to 100%.
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Figure 2.10: Tie/ballast classification using image-based approach.

For each test, the explained procedure was repeated, and the trained classifier was used to classify
the tie/ballast images. Figure 2.10 shows the classification results for all the five tests. Ties and ballasts are
plotted with black and orange colors, respectively. The width of each cell in vertical direction is equal to
one count of the encoder (i.e., 0.25"). The results indicate that the method can properly classify ties and
ballasts in different tests. Moreover, the number of the identified ties (9 ties) and their width match with the
field observations. In the results shown in Figure 2.10, white cells represent the “missed” frames. That is
because of the current buffer size that limits the effective frame rate. To tackle this issue, a couple of

solutions are suggested as follows:

(1) Increasing the buffer size by saving the captured images in a Real-Time Performing System
(RTPS): This solution relies on a promotion in the hardware. Generally, PXIs/PXles with RTPS

can be used to save the images with higher buffer size comparing with the regular systems. This
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solution is effective only if a GigE version of the camera is used. Note that in the present research,
USB3.0 version of the camera was used which is not compatible with RTPS. This idea is under
further investigations by Experimental Mechanics & NDE Lab at UC San Diego.

(2) Extracting the ROI of the missed images from the last successfully captured/saved image:
Generally, there are overlaps among the successive images captured by the camera. The proposed
method uses central segment of the ith image as the ROIl;. Because of the overlap between two
successive images, the ROI in the (i+1)th image can be extracted from the ith image. This idea

can be used to tackle the mentioned missed frames issue.

In the following, the missed frames are recovered using the suggested solution (2). As an illustrative
example, missed frames #153 and 155 in test #1 are recovered using frames #152 and 154, respectively.
Figure 2.11 shows frames #152 and 154 with the corresponding ROIs, as central circles with diameter of
122.84 pixels (the red circles). The center of the ROl;s3 and ROl1s5 can be reached by shifting the center of
the ROIl15; and ROlis4 by 20 pixels (equal to the encoder’s resolution, which is 0.25") along y axis,
respectively (blue circles in Figure 2.11). Figure 2.12 shows the focused ROI for frames #152, 153, 154,
155, and 156. Visually inspecting the movement of the ballasts in the ROIs reveals the accuracy of the
suggested solution to tackle the missed frames issue. The idea can also be generalized to find the optimal
number of the images needed to cover the entire test path. Figure 2.13 shows frame #152 containing ROl;s;
and all the next ROIs that can be extracted from this frame. The ROIs for the next 22 images can be extracted
using only top half of the image #152 (see Figure 2.13). Therefore, in each 24 counts of the encoder, one
image should be captured and saved. Note that in this calculation only half of each image is used to extract
the ROIs of the next frames. This generalized idea is under implementation for another field test at the Rail

Defect Facility of UC San Diego.

In the following, the illustrated solution in Figure 2.11 is employed to tackle the missed frames
issue. Figure 2.14 shows the tie/ballast image classification results for the case that the missed frames are
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extracted from the last existing images. There is a full accordance between the general appearance of the
ties/ballasts in this figure and in the original results reported in Figure 2.10. Moreover, the accuracy and

precision of the suggested solution for recovering the missed frames are approved by the results summarized
in Figure 2.14.

Frame #154
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Figure 2.11: The ROIs for frames #152, 153 (missed frame), 154, and 155 (missed frame), in test #1.
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Figure 2.12: The ROIs for frames #152—156 in test #1. <> denotes the frames which were originally missed and
recovered by analyzing the previous captured images.
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Figure 2.13: Image #152 (test #1): ROl1s, and the subsequent 22 ROIs that can be extracted from this image.
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Figure 2.14: Tie/ballast classification using image-based approach. Missed frames has been recovered from the last
existing images.

This section ends with a study to compare the performance of the proposed image-based method
with a signal-based approach for tie/ballast classification. The signal-based classification method is derived

by tracking the amplitude of the reflected waves. The ultrasonic transducers (in pulse-echo mode) send
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waves out and receive the reflected waves. Based on the amplitude of the reflected waves, the nature of the
reflecting surface can be identified. The ballasts are in chaotic shapes, sizes and orientations, which result
in highly scattered reflections. Therefore, a highly attenuated signal is expected to be received as the
reflected waves from the ballasts’ surface, which appears as a signal with low amplitude. Comparing with
the ballasts, the ties’ surface is much flatter, which result in relatively low attenuation (i.e., low-level
scattering) or large amplitudes. Figure 2.15 shows typical reflections from the ties’ and ballasts’ surfaces,
which confirms the described amplitude changes of the reflected waves. Therefore, ties and ballasts can be

identified based on the amplitude of the reflected waves.
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Figure 2.15: Typical reflected ultrasonic waves from the surface of the wooden ties and ballasts.

Two comparative studies are conducted to evaluate the performance of the image-based and signal-
based tie/ballast classification methods. In the first comparative study, the signal-based classification is
applied to the entire array of the transducers (the main platform developed for measuring the tie deflection
—see section 2.3) and a probed surface is labeled as tie if at least four transducers report a reflected wave
with an amplitude greater than 0.75 V. The signals were acquired in test #2 using six transducers on the

array. Figure 2.16 shows the obtained results using signal-based and image-based methods for this test. In
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the image-based approach, not only the original set of images (i.e., images with the missed frames), but
also the fully recovered set of images were used for tie/ballast image classification. First, it is re-emphasized
that the robustness of the suggested approach to recover the ROIs of the missed frames is confirmed based
on the results. Comparing image-based and signal-based methods, in general, there is a good agreement
between the two methods. In the signal-based method, however, tie #8 is not identified. The field
observations revealed that this tie is not aligned with the array of the transducers (see Figure 2.17). As a
result, the acoustic reflections from the tie do not reach to multiple transducers simultaneously, and the

signal-based tie identification approach fails.
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Figure 2.16: Comparison between image-based and signal-based approaches for tie/ballast classification in test #2.
The signal-based classification is based on analyzing the signals received by all the transducers on the array.
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Figure 2.17: Misalignment of tie #8. The box denoted by ‘C’ shows the area scanned by the camera.

The second comparative study is devoted to investigating the performance of the image-based
method compared with the signal-based approach by analyzing the signals acquired by transducer #1
(located next to the camera, denoted by CH1 in Figure 2.2). To study the effects of the threshold value in
signal-based tie/ballast classification, two different thresholds (0.6 V and 0.75 V) are considered. If the
amplitude of the received signal is greater than these thresholds, the reflecting surface is labeled as tie.
Otherwise, it will be labeled as ballast. Figures 2.18 and 2.19 show the obtained results for test #2 and #5,
respectively. Note that in these figures, the image-based identification has been applied to the full set of
images, including the recovered ROIs of the missed frames. Similar to the first comparative study, there is
acceptable accordance between signal-based and image-based classification methods. Regardless the
selected threshold value, tie #8 can be identified in the signal-based method because the misalignment issue
cannot be realized by only one sensor. However, some of the ballasts have been mistakenly labeled as ties
which is probably because of having a reflecting surface similar to the ties’ surfaces. Moreover, the signal-

based classification method depends on the selected threshold.
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Based on the obtained results in the discussed comparative studies, the vision-based method can be

considered as a useful back-up to the signal-based method for tie vs. ballast discrimination.
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Figure 2.18: Comparison between image-based (containing the recovered ROIs of the missed frames) and signal-
based approaches for tie/ballast classification in test #2. In the signal-based approach, the signals acquired by
transducer #1 (denoted by ‘CH1” in Figure 2.2) were analyzed. “Thr’ denotes the selected threshold (amplitude) that
is used for tie/ballast discrimination.
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Figure 2.19: Comparison between image-based (containing the recovered ROIs of the missed frames) and signal-
based approaches for tie/ballast classification in test #5. In the signal-based approach, the signals acquired by
transducer #1 (denoted by ‘CH1’ in Figure 2.2) were analyzed. ‘Thr’ denotes the selected threshold (amplitude) that
is used for tie/ballast discrimination.
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Chapter 3: Vibration-based Method for Structural Damage

Localization and Quantification

3.1. Introduction

Among different damage detection methods, vibration-based approaches have been extensively
used for structural damage localization and quantification by studying the dynamic behavior of the entire
system in a global scale. These methods are based on the relationship between the physical properties (i.e.,
mass and stiffness) and the vibration parameters (i.e., structural frequencies and mode shapes) of the system
[34]. In general, damage causes changes in the physical properties of the structural system which affect the
vibration characteristics. Therefore, evaluating the vibration parameters of a given system, can be
potentially used for damage identification and quantification [34, 35]. Based on this definition, damage
detection is classified as an inverse problem: The vibration parameters are considered as the inputs and the
goal is to find the structure’s physical properties in a way that the measured vibration characteristics are
achieved. Different approaches can be utilized to solve such an inverse problem [36-38]. Herein, these
methods are classified as iterative and deterministic model updating approaches.

Iterative methods are basically based on error and trial concept [39]. An error function is proposed
to minimize the difference between the behavior of the monitored structure and its analytical model (with
unknown damage variables). The unknown variables are guessed in each iteration and the error function is
evaluated to check the suitability of the guessed variables. Such a problem is a highly ill-posed problem,
with an inherently complex solution domain, and a robust search method is required to solve it. Gradient-

based search algorithms can be used to solve such problems; however, they might face some uncertainties
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in converging to the global optimal point because of their dependency on the initial guesses. Derivative-
free optimization algorithms (e.g., metaheuristic nature-inspired optimization algorithms [39]) can offer
more robust seeking techniques to tackle this problem.

In deterministic approaches, a damage index is developed to identify the location and the severity
of the structural damage. In the latter, an explicit expression between the unknown damage severities and
damage-sensitive parameters is derived in a way that the damage severity in the element level is returned
[40, 41]. In general, deterministic methods are simple to implement and are attractive in terms of high-
speed damage quantification. However, they have some shortcomings: Most of the deterministic methods
are adapted for simple structures and they cannot be implemented for damage detection in complex systems.
Generally, they are classified as ill-posed problems and noisy input data can adversely affect their success
in real applications. Moreover, deterministic methods need sensor installation in almost all the structural

Degrees of Freedom (DOFs) to return more robust damage detection results.

3.2. Motivation and scope

Damage in structures can be modeled as stiffness reduction in the damaged elements. Such an
assumption has been accepted and widely used in different research works [35, 39, 42]. Following this
definition of structural damage, in this chapter a new vibration-based damage detection method is proposed
aiming at structural damage localization and quantification. Based on the presented brief review of the
vibration-based model updating and damage detection methods in section 3.1, some of the main challenges

and/or shortcomings of such methods are listed as follows:

(1) An accurate model of the intact structure is needed,

(2) Sensor installation in all the DOFs is required,

(3) To quantify damage, iterative approaches in the optimization framework should be used.
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In this section, a new deterministic approach with an iterative self-tuning capability is proposed as
an effort to tackle the practical and computational difficulties associated with challenges (2) and (3).
Changes in the static deflections (estimated by the modal data) are computed and a simple relationship
between the unknown damage severities and damage-sensitive vibration characteristics is derived. Using
the proposed method, the baseline model is updated to a transition model named “Adapted Baseline (AB)”
model. Then, the method is repeated to adjust the estimated damage severities in the AB model in a way
that this model converges to a behavior close to the monitored structure’s behavior. The method can be
used for Finite Element (FE) model updating of all the engineering structures, without any change in the
main principles. The method is also generalized for a case in which sparse sensors are used for data
acquisition. Using the data of a series of tests carried out on lab-scale and full-scale shear building
structures, the performance of the proposed method is assessed. Also, a parametric study is conducted to

evaluate the general performance of the supports in the studied full-scale shear-type building.

3.3. The proposed damage detection method

3.3.1. Fundamentals

A structural system with Ne elements and N degrees of freedom (DOFs) is considered. Defining
damage as some reduction in the stiffness matrix of the damaged element(s), the global stiffness matrix of
the damaged structure, K9, can be formulated as follows:

Ki=3 (1-d)K¢ , 0<d, <10 3.1)
where, superscripts u and d denote undamaged and damaged states, respectively. Ke denotes the stiffness
matrix of the eth element and d. is the amount of damage in the eth element, which is a number between 0
(for the healthy case) and 1 (for the fully damaged case). Eq. (3.1) can be re-written as:

K% = K* — 4K (3.2)

in which, AK is:
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Ne
AK = Z 4 KY (3.3)
e=1

Based on Hooke’s law, if f; is applied to all DOFs, the static displacement of the damaged structure,

u?, is calculated as:

K% = f; (3.4a)
or

u? = G4, (3.4b)
where, fi is defined as the unit static force vector (fi={1.0 1.0 ... 1.0}") (f, has N entries), and G" is the
flexibility matrix of the damaged structure. Because the flexibility matrix can be calculated by means of
the modal data of the first several mode(s), it is more preferred to employ Eq. (3.4b) to estimate the static
displacement of the structure using the extracted modal data from dynamic tests. Note that following this
strategy, not only can the practical difficulties associated with static tests be tackled, but also the sensitivity
of the modal data to structural damage is exploited.

Using the first two terms of the Taylor expansion, u® can be computed as below:

Nm
v \ 94,
e=1

where, u" is the static displacement of the undamaged structure. By differentiating from both sides of Eq.

(3.5)

de=0

(3.4b) with respect to the damage ratio of the eth element, de, EQ. (3.6) is yielded:

du® B 9G? Py of; 3.6)
ad, ad, ' ad, '
Because f, is not a function of d., its differentiation with respect to d. will be zero:
M _y (3.7)
ad, '

In the following, G%/dd. is calculated. Note that because the flexibility matrix is the inverse of the stiffness
matrix, the relationship between the flexibility and stiffness matrices for the damaged structure is released

as:
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GYK? =1 (3.8)
where, | is the unity matrix. By differentiating from both sides of Eq. (3.8) with respect to de, Eq. (3.9) is
released:

0G° K% + G¢ oKT _ 0 (3.9
ad, ad, '

Considering the damage definition presented in Eq. (3.1), 0K%dd.= —K.". Therefore, Eq. (3.9) is rewritten
as:

0G4
ad,

= GIKUGH (3.10)

By substituting Eq. (3.7) and (3.10) into Eq. (3.6), Eq. (3.11) is yielded:

ou?
ad,

= GYKLG*, (3.11)

Finally, considering Eq. (3.5) and Eqg. (3.11), differences between static displacements of the

damaged and undamaged structures is achieved as:

Ne
d—u*~ ) d,(GYKYGUf)) (3.12)

e=1

u

This equation can be re-written in matrix format as follows:

u¢ —u* ~ A*.d (3.13)

where,
A¥ = [GYKYG“f; GUKYG'f, - GUKj G“f/] (3.14a)
d={d; d; .. dy}'; 0<d;<10 , i=12.,N, (3.14b)

The vector d returns damage severity of the elements and it can be calculated using least-square
method as follows:
d=((AY)".A%).(AY)7T. (u? —u¥) (3.15)
where, u and u“ are computed using the modal data of the first p mode(s) as:

u? = (@9).(e9) " (e)" 1, (3.16a)
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w = (@) (@) (@3)".f, (3.16b)
in which, @, and €, are the matrix containing the first p mode shape vector(s) and a diagonal matrix of the
first p eigenvalue(s) (i.e., the square of the first p natural frequencies), respectively. Using Eq. (3.15),
damages in the monitored system can be estimated. In the next section, the details of the proposed method

are presented.

3.3.2. The proposed method

In section 3.3.1, the fundamentals and formulation of the proposed method were derived. In the
present section, different steps of the method are explained. The flowchart of the proposed method is shown
in Figure 3.1. First, the structure is tested in the field and the acceleration time histories under an external
ambient or synthetically generated excitation are recorded by accelerometers. Then, the modal data (i.e.,
frequencies and mode shape vectors) of the monitored structure is extracted. In most of the SHM programs,
the number of the sensors are less than the ideal number of the structural DOFs. But the proposed method
requires a set of full-size mode shape vectors. If sparse sensors are used for data acquisition, the full-size
mode shapes can be estimated using mode shape expansion approaches. In this thesis, the Perturbed Force-
based Mode Shape Expansion (PF-MSE) technique [43] is used for this purpose. PF-MSE technique is
explained in section 3.3.3. Utilizing the first p modes’ data (i.e., the frequencies and full-size mode shape
vectors), the proposed method is implemented by developing an analytical (or baseline) model of the
monitored structure. This model is based on the intact structure’s specifications, with unknown variables in
all the elements representing unknown damage parameters (see Eg. (3.1)). Employing Eqg. (3.15) the
baseline model is updated to a transition Adapted baseline (AB) model. In the next step, the AB model is
considered as a new baseline model and the proposed deterministic approach is repeated to tune damage
severities. The updating procedure is stopped in the ith round of updating if the magnitude of tuning

parameters for most the elements is close to zero.
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Figure 3.1: The flowchart of the proposed method. d and Adi denote the total and tuning damage severity
vectors in the ith iteration, respectively.

3.3.3. Mode shape expansion to compensate the effects of the sparse sensor measurements

In the actual monitoring programs, it is difficult to attach sensors to all the effective DOFs
highlighted in the FE model. Therefore, the number of the sensors attached to the system (Ns) is almost
always less that the total number of the effective DOFs (N). This means that the extracted mode shape
vectors will be in the order of Ns. However, in most of the applications (e.qg., structural model updating and
damage detection), full size mode shape vectors are required. To tackle this issue and estimate the full-size
mode shape vectors, Mode Shape Expansion (MSE) techniques can be used. In this thesis, an MSE
technique is employed to make full size mode shape vectors required in computing the static deflections of

the structure using Egs. 3.16(a) and 3.16(b). In the following, the MSE technique is briefly introduced.
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The dynamic equilibrium equation for a structural system with N DOFs is written as follows:
(K— w?M)@; =0 (3.17)

where, K and M are the global stiffness and mass matrices, respectively, and wi and ¢; are the ith natural
frequency and the associated mode shape vector, respectively. The full set of analytical DOFs are divided
into two sets, the measured DOFs at the test points (as master DOFs, denoted by superscript “m”) and the
remaining unmeasured DOFs (as slave DOFs, denoted by superscript ““s”). Eq. (3.17) is rewritten in the
partitioned format as follows:

Kmm Kms (plm , MMM Mms (p%" (0
[Ksm KSS]{(pf}_wi Ms™ MSS]{([)‘E}_{O} (3-18)

From the second row of Eq. (3.18), the unmeasured part of the ith mode shape vector can be

obtained:
@ = ~[K* — M= [K — oM (319)

The ith expanded full-size mode shape vector, is assembled using the sub-mode shape vectors related to the
measured part, @i", and unmeasured part, ¢;°, as follows:
o
@; = { ls} = Te" (3.20)
P;
where, T is the transformation matrix between the incomplete and full-size models. Depending on the model
expansion method, different representations of T have been developed in the literature. One of the simplest

approaches is static or Guyan model expansion (mainly known as Gyuan model reduction? method) [43,

2Note that using the same transformation matrix, the mass and stiffness matrices of the full-size system can be reduced
to the order of the measured (master) DOFs. For example, in Guyan method, the reduced mass and stiffness matrices
are computed as follows:

(Mreduced)mxm = TguyanMTGuyan ) (Kreduced)mxm = TguyanKTGuyan
Model reduction concept is of interest if iterative optimization-based model updating is employed for damage
detection (for example, see [45, 46]). In such cases, the modal data of the monitored structure is extracted in the tested
points. Subsequently, the change in the physical properties (e.g., change in the stiffness if Eq. (3.1) is employed to
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441, which is based on static stiffness by neglecting the inertial forces at the unmeasured DOFs. The

transformation matrix for this technique is given by [43]:

I
Teuyan = _(KSS)—lem] (3.21)

There are also other model reduction approaches that consider the inertial terms and are known as
dynamic methods [47-51]. Although the transformation matrices of the dynamic model expansion methods
have extra terms comparing with Eq. (3.21), the entries of these matrices are mainly based on the physical
properties or modal data of the reference structure. In the following, Eq. (3.21) is inspected in detail to

highlight its shortcomings in terms of returning accurate expanded mode shape vectors.

Based on Eq. (3.21), the transformation matrix requires the stiffness matrix of the model. However,
in the damage detection methods (developed by defining damage as stiffness reduction (i.e., Eq. (3.1)),
there is no information about the stiffness of the monitored structure. Therefore, the stiffness of a reference
model (basically, intact or undamaged model) is used to form Eq. (3.21), which can be a source of the error
in the expanded mode shape vectors. On the other hand, the discrepancy between the reference model and
the actual tested structure (potentially the damaged structure) is not considered in the static or conventional
dynamic MSE techniques. This also causes considerable errors in the estimated mode shape vectors for the
monitored structure. To tackle these issues and estimate unmeasured entries of the mode shape vectors with
high accuracy, Chen [43] proposed a Perturbed Force-based Mode Shape Expansion (PF-MSE) technique
to formulate the transformation matrix by considering the unknown discrepancy between the physical
properties of the monitored structure and the reference model. Note that such an MSE technique is well-
suited to extract the full-size mode shape vectors of the tested structures in the applications like structural

damage detection, in which the physical properties of the tested structures are partially unknown.

define damage) are guessed in different iterations and used to construct the full-size mass and stiffness matrices of the
analytical model. These matrices are then condensed using the model reduction approaches and modal data of the
condensed analytical model is extracted and compared with the test modal data.
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In this thesis, the PF-MSE is employed to extract the full-size model shape vectors which are
subsequently fed into the proposed method as the input data. In the PF-MSE technique, the discrepancy in

the mass and stiffness matrices are considered as below:
M, =M + AM (3.22a)
K, = K+ AK (3.22b)

where, M and K; denote the mass and stiffness matrices of an analytical model for the tested structure,
respectively, M and K are the mass and stiffness matrices of the reference model, respectively, and AM
and AK are the unknown perturbation in the mass and stiffness matrices between the reference model and
the tested structure, respectively. In the damage detection applications, the perturbation matrices can
represent the structural damage, and the reference model is considered as the intact structure. The PF-MSE
technique is based on expressing the mode shape vectors as a linear combination of the independent
analytical eigenvectors. Then, the incomplete set of the measured DOFs are scaled with an Adjusting Factor
(AF) to make the measured mode shapes close to the corresponding part of the reference model’s mode
shape vectors. Finally, the full-size mode shape vectors of the tested structure are computed by Eqg. (3.20),

utilizing a mode-wise transformation matrix as follows [43]:

I . m
I, = n ((pr);((Pr)}"Blﬂ- , B, = Z (‘pr)j ((Pr)JT' (3.23)
L (00?2 — (@)?) 4 ((@)F = @0}

where, subscripts i and j show the ith and jth mode, respectively, t and r denote the information related to
the tested structure and reference model, respectively, n is the number of the available modes (which is
equal to N in an ideal case that all the structural modes are extracted from the modal analysis). Also, it is
recalled that superscripts m and s denote DOFs associated with the measured (master) and unmeasured
(slave) DOFs, respectively, which are determined based on the measurement configuration developed for
acquiring data from the tested structure. Moreover, B is the sensitivity coefficient matrix which brings the
effects of AF and the perturbation force into the MSE technique, and “+” is the Moore-Penrose
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pseudoinverse operator. Note that in the presence of noisy modal data, B belongs to a highly ill-posed

domain and B* is computed by Tikhonov regularization [43].

3.4. Experimental validations

3.4.1. Lab-scale five story shear building structure on a shake table

In this section the proposed method is utilized for damage detection and quantification in a five-
story shear building structure tested on a shaking table (see Figure 3.2). This structure has been previously
studied for damage identification and localization [52]. In this thesis, the raw data of the tests was analyzed

to extract the modal data and implement the proposed method.

The physical properties of the frame are as follows: mass m=16.09 kg, bending stiffness EI=20
Nm?, story length h=34.3 cm, and damping ¢=3.27 Ns/m. In addition, the modulus of elasticity, the
Poisson’s ratio, and the mass density for the steel used in this building are p=7850 kg/m?, v=0.28, and
E=200 GPa, respectively. The damage pattern was introduced by 10% reduction in the stiffness of the of

the first story. The columns’ cross sections in the intact and damaged states are shown in Figure 3.3.

A white noise broadband excitation was applied to the structure by a shake table for 10 minutes,
and five accelerometers were attached to the building (one accelerometer to each story) to record the
structural time history responses with a sampling frequency of 20 Hz [52]. Both the intact and damaged
structures were tested eight times to investigate the effects of the measurement uncertainties on the modal
data and subsequently, on the performance of the proposed method. Figure 3.4 shows the time history
responses recorded by the sensors for a typical test. Data-drive stochastic subspace identification method
[53] is employed for modal parameter identification. Figure 3.5 shows the first three mode shapes extracted
in the healthy and damaged states. Although small discrepancy between the mode shapes of the intact and

damaged structures is observed, no detailed decision can be made on the health of the monitored structure
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only by inspecting the general trend of the mode shapes. The first three modes’ frequencies and the
associated MAC values (as an index representing the amount of correlation between the mode shape vectors
in the intact and damaged cases) are presented in Table 3.1 for one typical test. This table reveals that by
occurring damage in the structure, the frequencies decrease in comparison with the pristine state. However,
based on the summarized MAC values in Table 3.1, it is difficult to judge the health of the monitored

structure by evaluating the amount of correlation between the mode shapes vectors in two states.

Figure 3.2: Experimental setup of the five-story shear building structure on the shake table.
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Figure 3.5: Mode shapes of the lab-scale five-story shear frame in the intact and damaged states: (a) first mode, (b)
second mode, and (c) third mode.

Table 3.1: The modal frequencies and MAC values for different states of the lab-scale five-story shear frame.

Parameter State The first mode  The second mode The third mode
Frequency (Hz) Intact 1.24 3.70 5.91
Damaged 1.21 3.63 5.84
MAC™ Damaged 0.9998 0.9987 0.9980

"MALC is the correlation between mode shape vectors. The structure is labeled as “undamaged” if MAC = 1.0.

The proposed method is employed to identify damage location and severity in the monitored
structure using the first two and three modes’ data (i.e., p=2 and 3). First, an analytical model of the
monitored structure (with unknown damage parameters) was developed as the baseline model and its

suitability was verified using the modal data of the intact structure tested immediately after assembling on
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the shake table®. For this purpose, the modal data of the tested structure in undamaged state is utilized for
model updating. The time histories recorded by all the attached sensors are analyzed in the present study
(Ns = N). Therefore, the extracted mode shape vectors are in full size and no MSE is required. Note that in
all the studies, the stop criterion (see Figure 3.1) is defined as e=1x107%°. The obtained results are shown in
Figures 3.6 and 3.7 for p=2 and p=3 cases, respectively. In these figures, the results of the first updating
stage (in which the AB model is achieved) as well as the final results are shown for eight independent tests.
In some of the tests, small damage severities have been reported for the first story, which are justifiable
considering the effects of the measurement noise. However, the average / standard deviation of the reported
damage severities for the first story in eight independent tests are 0.2% / 0.47 and 0.19% / 0.47 for p=2 and
p=3, respectively. Therefore, regardless the number of the utilized modes to update the model, damage in
all the stories are equal (or very close) to zero, and the suitability of the developed analytical model of the

constructed structure is confirmed.

In the following, the proposed method is used for damage identification and quantification in the
damaged structure. Modal data of the first two and three modes (i.e., p=2 and 3) are employed to update
the baseline model. In this study, the responses of a full set of sensors are used for extracting the modal
data. The stop criterion is defined as e=1x1071°. The obtained results for all eight independent tests using
the first two and three modes’ data are shown in Figures 3.8 and 3.9, respectively. Based on the results, the
method can correctly identify and quantify the modeled damage (i.e., 10% damage in the first story), with
no false-positive or -negative alarms. The mean / standard deviation of the reported damage severities for
the first story are 11.79% / 1.03 and 10.92% / 1.63, for p=2 and p=3, respectively. Therefore, not only is
the acceptable accuracy of the method revealed, but also its precision (i.e., repeatability) is confirmed. In

p=2, the first updating stage (i.e., the damage detection results which are used to form the transition AB

3In actual SHM programs, such a model is numerically developed using as-built maps, but a kind of verification is needed to match
the behavior of the numerical model with the actual behavior of the undamaged structure. Leveraging “digital twins” concept, more
realistic baseline of the structure can be developed [54]. Also, hybrid numerical/experimental approaches can also be employed to
develop suitable analytical models if the as-built maps are not available [55].
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Figure 3.6: Damage detection results for the lab-scale five-story building structure in undamaged case: p=2. The
results are used for calibrating the analytical model of the intact structure.

model) performs well, and the subsequent updating stages have small tuning effects on the reported damage
parameters for the AB model. In p=3, however, the advantage of the further updating can be clearly
observed. Inspecting the damage severities denoted as “First update” in Figure 3.9, there are
overestimations in the damage severities reported for story #1 (for example, see Test #3 in Figure 3.9).
Moreover, some small damage severities have been reported in the healthy stories (for example, see Test
#1 in Figure 3.9). In the next updating stages, however, these overestimations and false-positive results are

effectively tuned, and more accurate results are reported as the final damage detection results.
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Figure 3.7: Damage detection results for the lab-scale five-story building structure in undamaged case: p=3. The
results are used for calibrating the analytical model of the intact structure.
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Figure 3.8: Damage detection results for the lab-scale five-story building structure in the damaged case: p=2 and
Ns=5.
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Figure 3.9: Damage detection results for the lab-scale five-story building structure in the damaged case: p=3 and
Ns=5.

The performance of the proposed method was investigated using the data of a full set of sensors
(i.e., N=N;s=5). In the following, the robustness of the proposed method is evaluated for the cases in which
a limited number of sensors are used for data acquisition. Table 3.2 summarizes the details of the sensor
installation configurations as well as the number of the available modes for damage detection. In Configs.
1-3, the method is performed using the first two and three modes’ data (i.e., p=2, 3); however, Configs. 4—
9 concentrated on damage detection using only the first two modes’ data (i.e., p=2). Each case is solved

eight times (based on the experimental data of eight independent tests), and the mean and one standard
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deviation of the obtained results are reported as the damage detection results. Figures 3.10 to 3.12 show the
obtained results for Configs. 1 to 3, respectively, and the obtained results for the remaining configurations
are shown in Figure 3.13. The results emphasize the robust and viable performance of the proposed method
for damage detection using sparse sensor measurements even though only 40% of the structural DOFs are
equipped with the sensors. Moreover, the results reveal the effectiveness of the proposed iterative updating
algorithm in terms of increasing the accuracy of the detected damages in the first updating stage. Note that
the AB model, as the transition model, returns acceptable results if the first two or three modes’ data are
employed; however, the accuracy of the estimated damage features considerably increases using the

subsequent updating stages.

Table 3.2: Details of the studied cases to evaluate the performance of the proposed method for damage detection in
the lab-scale five-story building structure using sparse sensor measurements

Configuration #  Sensor locations Number of the
(story number) available modes (p)

Config. 1 1,3,5
Config. 2 1,34 2,3
Config. 3 1,2
Config. 4 4,5
Config. 5 2,5
Config. 6 3,4 5
Config. 7 1,4,5
Config. 8 2,3,5
Config. 9 2,4,5
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Figure 3.10: The mean and one standard deviation of the obtained damage detection results for lab-scale five-story
building structure in the damaged case: sensor configuration #1 — sensors were attached to the 1%, 39, and 5™ floors.
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Figure 3.11: The mean and one standard deviation of the obtained damage detection results for lab-scale five-story
building structure in the damaged case: sensor configuration #2 — sensors were attached to the 1%, 3, and 4™ floors.
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Figure 3.13: The mean and one standard deviation of the obtained damage detection results for lab-scale five-story
building structure in the damaged case (p=2): sensor configurations 4-9.The number of the stories equipped with
sensors has been indicated as the title of each figure.

3.4.2. Full-scale five-story shear building structure

3.4.2.1. The test structure and numerical modelling

The test structure is a five-story building structure as shown in Figure 3.14, named UNISON modal-

test tower, and it has been constructed at UNISON Corporation, Cheonan, Korea, to evaluate the
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effectiveness of the approaches devoted to structural vibration control and damage detection [56]. In this

thesis, the raw data of the tests was analyzed to extract the modal data and implement the proposed method.

This building is a steel frame structure with a total height of 30.0 m and slab size of 6.0 m x 6.0 m.
Details of the columns’ and beams’ cross sections are shown in Figure 3.15. A concrete slab with 15 cm
thickness covers the floor beams. Each floor is kept by four H-shape steel columns and the length, cross
section, and moment of inertia for each column are 6.0 m, 1.78x102 m?, and 9.95x10°m*, respectively
(see Figures 3.14 and 3.15). The fifth story has been covered by a steel container box with 2.0 cm thickness
to protect facilities such as an exciter (which is used to produce ambient vibration) and a computer system
(used to save the recorded structural responses). The mass density, modulus of elasticity, and Poisson’s
ratio for floor beams, columns and container box are equal to p=7850 kg/m?® E=200 GPa, and v=0.3,

respectively.

(b)

e 5t f|OOr
Container Box

Exciter

U 4th floor

. 3rd floor

—— ) d floor ey -

Spring "& R 2|
member sensor
A
. B 1st floor
,\"_L\‘; Connected
L T = Dy spring
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Figure 3.14: (a) UNISON test tower and (b) details of the test structure and measurement setup.
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Figure 3.15: Details of the columns’ and beams’ cross sections for the UNISON tower (units: mm).
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The material properties of the floor slabs are as p=2300 kg/m?, E=30 GPa, and v=0.18. The mass
of the first, second, and third stories are equal to 19.7 ton. The fourth and fifth stories’ masses are equal to
22.352 ton (including the mass of the exciter and other equipment in the fourth story) and 19.775 ton,
respectively. With this condition, the structure is considered as an irregular structure in terms of the mass
distribution. Because of such irregular distribution of the masses, the behavior of the structure should be
evaluated to determine if it is unidirectional. Considering the irregular mass distribution in the height, the
rotational behavior of the system should be inspected at level of the upper floors. Thus, based on the
behavior of the system in the fourth-floor level, a general conclusion can be made on the entire structure’s
behavior. For this purpose, the captured video with a surveillance camera installed at the roof level of the
fifth story —watching down to the story’s floor (i.e., the fourth floor)— is analyzed to find the inter-story
displacements. The footage was in low quality, with no tangible information on the camera specifications.
Loading and analyzing the video in MATLAB revealed that the footage had been made by a frame rate of
56 FPS. In the analyses, only a segment with a duration of 20 sec was used to track a couple of robust
features in the Region of Interest (ROI). Figure 3.16(a) shows a typical frame of the captured footage,
including the two robust features automatically selected by SURF algorithm. The points were tracked
frame-by-frame using KLT* method and the relative displacements (i.e., drifts) of the points in x-y° pixel-
plane were plotted to check the vibration orientation of the floor during a typical excitation (see Figure
3.16(b)). Based on the results, it is concluded that the structure at the level of the fourth floor is mainly
oscillated in the x direction and this emphasizes the unidirectional behavior of this floor. Note that x-y pixel-
domain drifts also reveal some tendency of the floor (which is a rigid steel-concrete composite floor) to
rotate with respect to the z axis (the axis along the structure’s height); however, the main trend of oscillation
is in the x direction. Therefore, in the present study, the behavior of structure is assumed as a unidirectional

behavior.

4KLT tracker was introduced in Chapter 2.
5In general, such a plot is known as “Lissajous curve.” Considering the control theory of the LTI systems, this plot can be used to
evaluate the system’s behavior with respect to a reference system.
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Figure 3.16: (a) A typical frame of the footage captured by a surveillance camera attached to the fifth story’s roof.
The ROI and the two tracked robust features are shown in this figure. (b) The pixel-domain relative-displacements
of the tracked points.

(b)

Figure 3.17: Spring members utilized in fabricating the (a) intact and (b) damaged structures.

At the first story of the building, there was a spring member connecting the brace element to the
first floor (see Figure 3.14(b)), and damage was introduced by changing the stiffness of this spring member.
Two spring members with different stiffness were used, as shown in Figure 3.17. To estimate the actual
stiffness of the spring members considering manufacturing errors, an experimental test was conducted by
means of a universal test machine (UTM) even though their stiffness has been printed on them [56]. The
output of this experiment was plotted as a force-displacement curve of the spring member. If the curve is
fitted by a line, the slope of this line will reflect the stiffness of the spring member. The estimated stiffness

for the spring members shown in Figures 3.17(a) and 3.17(b) was 1.485 KN/mm and 0.696 kN/mm,
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respectively. The stiffest spring member was utilized to fabricate the intact structure, and the other spring

member was used to build the damaged structure [56].

Because the purpose of this study is to quantify the damage occurred in each story, it is essential to
estimate the stiffness of the stories in each case as a forward problem, which will be used to verify the
accuracy of the obtained damage detection results. To do so, a numerical model of the intact and damaged
structure was simulated in the workspace of ABAQUS [57], a commercial finite element software. Shell
elements were used to model the floor slabs. Moreover, the columns and beams were modeled by beam
elements while the brace member was made by truss element. Then, the static displacements of each story
under a known external load F at the level of each story were extracted as the results of the static analysis

in ABAQUS. Finally, the stiffness of the ith story, K;, was calculated using the Hook’s law as follows:
j=i P} .
K,=—=71  i1=12345; d,=0 (3.24)

where, Fj and d; are the static force applied to the jth story and the static displacement of the ith story,
respectively. Figure 3.18 shows the static deflections of the FE model of the UNISON tower in the intact
and damaged cases, modeled in ABAQUS. Assuming F; = 2000 N, and using Figure 3.18 and Eq. (3.24),
the estimated stiffness for the first story in the intact and damaged cases are 25.9 kN/m and 16.69 kKN/mm,
respectively. By comparing the stiffness of the first story in the intact and damaged case, the damage pattern

is summarized as 35.56% damage at the first story.

Moreover, the stiffness of the second, third, fourth, and fifth stories are equal to 4.23 kN/mm, 4.13
kN/mm, 3.98 kN/mm, and 3.68 kKN/mm; respectively. Therefore, the nature of the stiffness distribution in
the structure is also irregular. As a result, the structure is considered as a full-size structure, with irregular

mass and stiffness distributions.

Note that the computed masses and stiffnesses are based on the as-built maps and numerical

simulations, and the numerical model of the baseline (intact) structure should be verified using the
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experimental data of the healthy structure. In the following subsection, the experiments as well as model

verification and damage detection results are discussed.
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Figure 3.18: Static displacements of the UNISON tower under Fj = 2000 N, j=1, 2, 3, 4, and 5; modeled in
ABAQUS for (a) intact and (b) damaged cases.

3.4.2.2. Experiments and data acquisition

The structure was excited by randomly generated acceleration with 600 sec duration using an
exciter device placed at the fourth floor (see Figure 3.14(b)). The time history of acceleration responses
was measured by sensors installed at the level of the floors with a sampling frequency of 20 Hz [56]. The
sensors were PCB 393B12 accelerometers with 10 Volts/g sensitivity. In Figure 3.14(b), a typical sensor
installed on the structure is shown. To consider the uncertainties like measurement noise or environmental
effects, the measurement was repeated seven times for each case (i.e., the intact and damaged cases), and
the measured data was stored on a laptop computer through a signal coordinator and an A/D board [56]. A

typical time history of acceleration responses for the damaged structure is shown in Figure 3.19.
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Figure 3.19: Acceleration time history responses of the damaged structure for a typical test.

The modal data of the monitored structure for all the experiments were extracted by ARTeMIS
software [58]. Figure 3.20 shows the changes in the modal frequency of the first and second modes for the
intact and damaged structures in all the seven independent tests. Although the changes of the frequencies
can reveal damage occurrence, no more detailed information about the damage location and/or severity is
inferable from frequency change plot. The mode shapes of the first and second modes are shown in Figure
3.21 for a typical test of the undamaged and damaged cases, when a full set of sensors is used for data
acquisition. It is observed that the mode shapes of the undamaged and damaged structures are close together,

and no clear conclusion can be drawn on the health of the structure by inspecting the mode shapes.
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Figure 3.20: The frequencies of the UNISON tower for undamaged (experiments #1-7) and damaged (experiments
#8-14) cases: (a) first mode and (b) second mode.
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Figure 3.21: Mode shapes of the UNISON tower in the intact and damaged states: (a) first mode and (b) second
mode.

3.4.2.3. Condition assessment: Evaluating the support performance

One of the important challenges in the field of structural condition assessment is the performance
evaluation of the supports. Construction errors or damage at the base level of the structural systems can
cause changes in the expected behavior of the supports. In the following, the behavior of the UNISON
tower’s supports is evaluated by a simple frequency-wise approach. Based on the design maps, the support
should be a “fixed” support, which rejects all the translational and rotational displacements. Making
translational restrictions is relatively easy during construction. Moreover, such restrictions mainly remain
effective during the building’s lifetime. Rotational restrictions and their ideal performance, however, might
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face uncertainties not only during the construction, but also during the structural lifetime. Herein, a
numerical model of the pristine structure is developed by replacing the rotational DOF of the support with
a spring, and the spring’s stiffness is swept in a reasonable range to make frequency-stiffness plot for the
building. Then, the frequency of the tested structure in the intact case is compared with the plot to check if
the expected behavior for a fully fixed support is satisfied. In the following, a parametric study for the

support evaluation in the shear buildings is presented.

First, the stiffness matrix of a 2D frame with shear behavior is derived considering rotational spring
in support. Such a model is beneficial if health assessment of the supports is of interest. The element shown
in Figure 3.22 represents the first story of a N-story shear building structure, in which, a rotational spring
with stiffness of ks has been connected to a pinned support. Based on the DOF numbering scheme shown

in this figure, the Hook’s law for the element (which represents the first story) is written as:

f1 12 6h —-12 6h]1 (™
fol _EIl 6n 4h®> —6h 2h%*|)uz
fs( h3|-12 —6h 12 —6h|)Us (3.25)

fa 6h 2h? —6h 4h%?]\Us

IR

——
First Story /

M

Figure 3.22: The first story of a shear building structure with rotational spring to derive the stiffness matrix of the
first story, including the stiffness imposed by the support.
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where, fi and u; are the force and displacement at the ith DOF, respectively, and E, I, and h are the Young’s
modulus, moment of inertia, and height of the first story, respectively. The boundary condition of point B
returns u;=u,=0. On the other hand, it is known that fs= —ksus. Therefore, the equation related to the fourth

row of Eq. (3.25) is rewritten as:

El )
—kouy = I (—6hus + 4h°u,) (3.26)
or,
_ 6EI/N? (327)
Y T GEI/R) + ky 2 '
Using Eq. (3.27), the equation related to the third row of Eq. (3.25) yields:
_ (12EI 6EI  6EI/h? (3.28)
3T\ ThE T hZ EI/R) + ky ) '
where, the term in parenthesis is the total stiffness of the column with rotational spring element:
r  12EI  6El 6EI1/h?
=— (3.29)

V7R3 R2 (4EI/h) + kg

Note that, if ky— oo, then k;" — 12EI1/h%, which means the support is completely fixed and no displacement
is allowed along the rotational DOF. However, if ko — 0, then ki — 3EI/h®, which reflects a behavior
associated with a column with pinned support. Considering Eq. (3.29) and defining ki = 12Eili/h;® as the
stiffness of the ith story of a N-story structure with shear behavior, the global stiffness matrix of the system

is presented as:

3kl /4 +k k 0 0]
Y oR243kg/ky 2 2
K = —k; ko+ks  —ks - 0 (3.30)
0 _k3 k3 + k4_ s 0
0 0 0 okl
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Figure 3.23: f1-a plot to evaluate the performance of the support in UNISON tower (red point represents the
behavior of the UNISON tower tested in pristine case).

where ki is the stiffness of the first story assuming fully fixed support, which is tuned by 0.75k:h?/(h?*+3«)
and « is defined as a = kg/k1. Using Eq. (3.30) along with a lumped-mass matrix (representing the mass of
the UNISON tower), the frequency of the structure can be found by the classical modal analysis. Figure
3.23 shows f; (the first dominant frequency) as a function of «. Based on this figure, if o is equal or greater
than ~120, the first dominant frequency of the system is almost a fixed number and this is the optimal o to
consider the behavior of the support as fully fixed support. To evaluate the performance of the support in
UNISON tower, the mean value of the first frequency (computed by analyzing the acquired data from seven
independent tests conducted on the pristine structure) is used to find o from fi-a plot. Referring to Figure

3.23, o = 95 for the UNISON tower, which reveals almost fully fixed behavior of the support.

3.4.2.4. Damage detection results

The proposed method is used for damage detection and quantification in the UNISON tower. Three

configurations for sensor installation were considered:
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Figure 3.24: The mean and one standard deviation of the obtained damage detection results for UNISON tower in
the damaged case (p=2): (a) Config. 1, (b) Config. 2, and (c) Config. 3.

e Config. 1: Sensors are attached to all the floors,
e Config. 2: Three sensors are attached to the 1%, 4", and 5" floors, and

e Config. 3: Three sensors are attached to the 2", 3, and 5" floors.

Although sensors were attached to all the floors in Config. 1, in Configs. 2 and 3 only three floors
were equipped with the sensors. Moreover, in Config. 2, there is a sensor at the level of the first floor, which
represents the DOF directly related to the damaged story. In Config. 3, however, sensors were attached to

the DOFs with no connection to the damaged story.

In each configuration, the numerical model of the structure was developed in MATLAB and the
modal data of the first two modes in the intact state was used to update the baseline model to a verified
model. Then, the verified baseline model was served as the analytical baseline model (with unknown
damage severities) for damage identification. Similar to section 3.4.1, the stop criterion for iterative model
updating procedure is defined by setting ¢ equal to 1x1071° (see Figure 3.1 to find &’s definition). Figure
3.24 shows the mean and one standard deviation of the obtained damage detection results for the seven
independent tests of the damaged structure. The results associated with initial update (i.e., updating the
verified baseline model to the AB model) as well as the final damage detection results have been shown in

this figure. The first update returns initial estimation of the damage severities, which contains false-positive
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results, reporting the fifth story as a damaged story. The final results —which are the results of further
updates aimed at tuning the damage parameters reported in the AB model— return more accurate damage
severities. Note that the standard deviations of the obtained results are small numbers, which is interpreted
as high precision (or repeatability) of the proposed method in solving ill-posed problems. Specifically, the
standard deviations of the final results are relatively less than the standard deviations of the initial results
(used to form the AB model), which reveals the robust performance of the proposed iterative algorithm in
tuning the initial estimations. In addition, the results emphasize the acceptable performance of the proposed

method in structural damage detection using sparse sensor measurements.
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Chapter 4: A Data-Driven Matched Field Processing for Defect

Detection in Plates: Preliminary Study

4.1. Introduction

Matched Field Processing (MFP) is a generalized beamforming method that matches the received
data to a dictionary of replica vectors to localize source(s) (e.g., acoustic sources) in the complex media
[59, 60]. The approach has also been used for passive structural monitoring and defect detection [61-63].
The MFP requires an accurate model of medium, and this is a challenge in some applications. To tackle
this issue, data-driven MFP has been recently introduced [64, 65]. Data-driven methods are considered as
model-free methods which do not require prior knowledge of the propagation environment to localize a
defect. This chapter introduces a data-driven MFP method for defect detection in plates. The replica vectors
are made using the Fast Fourier Transform (FFT) of the time history responses of the pristine plate under
excitation induced by an impact hammer. Subtracting the data of the pristine plate from the data of the
damaged plate, a set of data is extracted which contains the acoustic signature of the defect. This set of data
is then used for MFP by means of conventional Bartlett processor and adaptive beamformers, like Minimum
Variance (MV) and White Noise Constraint (WNC). The method is used for defect identification in an

aluminum plate.
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4.2, The method

Consider a plate with N attached sensors as the receivers. Applying an external excitation, the
received time history responses with the sensors are denoted by d;, i=1, 2, ..., N. The MFP can be used to
identify the location of the applied excitation, Xa, by backpropagating the received data and matching them
up with a dictionary of the possible look directions (i.e., replicas). For this purpose, a numerical model of
the plate should be developed knowing the properties of the medium. Then, the response of the plate to a
virtual exciting noise should be analytically extracted by placing the excitation in a typical point x;, j = 1,
2, ..., Ne. These points are considered as the candidate look directions (or sources) and the FFT of the
associated responses in a certain frequency, f, is used to make the dictionary of replica vectors, {w(x;)}.
Note that each replica vector contains N entries. Correlating the replicas with the backpropagated data (in
the frequency domain) can identify the source location. Different beamformers can be used for this purpose.
In this study, the conventional Bartlett beamformer as well as two well-known adaptive beamformers,
Minimum Variance (MV) and Whine Noise Constraint (WNC), are used. In the following, these

beamformers are briefly introduced.

The Bartlett processor is a spatial matched filter processor which inspects the amount of correlation
between the normalized replica vectors and the data [59]. Using the FFT of the received data in a certain
frequency (denoted by s(f), which is a vector with N complex entries), the Cross-Spectral Density Matrix

(CSDM), C, is derived as follows:

C=s(f).s"(f) (4.1

in which, H denotes the Hermitian operator. Note that C is an N by N matrix. For a candidate source location

Xj, the Bartlett output is computed as:

Ps(x;) = w(x;). C. w(x;) (4.2)
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Generally, the peak-to-background ratio is not optimal in Bartlett processor because of high

sidelobes [64]. But adaptive beamformers, like MV and WNC, can return results with high resolution.
The MV processor is defined as follows [66]:
Pyy (x;) = wiiy (x;). C. wyy(x;) (4.3)
where,

CLw(x))

wH(xj).C‘l.w(xj)

Wiy (X)) = (4.4)

Comparing to the Bartlett processor, the MV can return results with higher resolution; however, it
IS very sensitive to any mismatch between the data vector and the replica vector [67].

The WNC processor is another adaptive beamformer which can tackle modest mismatches induced

by the modelling errors or manipulation of the received data [67, 68]. The WNC processor is defined as:
Pyn(x;) = wipy (x;). C.wiyy (/) (4.5)
where,

(C+ aD)~ . w(x;)
wh(x;). (C+ a)~1. w(x;)

win(x;) = (4.6)

in which, I is the identity matrix, and « is the added white noise which not only reduces the signal gain

degradation induced by mismatches, but also makes (C+al) invertible.

x of the maximum P for a given beamformer represents the source location. In the mentioned
formulations, the dictionary of the replica vectors is formed by numerical simulations using the
specifications of the propagation environment. Employing a data-driven method can result in a model-free
approach to make the dictionary of the replica vectors. For this purpose, all the candidate points of the given

test piece are perturbated with a controlled noise excitation and the received data by N sensors are processed
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to make the replica vectors. Then, the data-driven replica dictionary can be correlated with a given test data
to localize the excitation source. Note that using such a dictionary, the environmentally induced mismatch

in the replicas will considerably be reduced.

In the following, the mentioned method is generalized for defect localization. The defect can be
defined as a perturbation (or a secondary source) in the environment which can be potentially identified by
tracking the acoustic signature of the environment if the response data is isolated in a way that any other
set of responses induced by the primary source is removed or weakened. Under the Born approximation,
such an isolated data set can be reached by subtracting the response data of the pristine structure from the

response data of the damaged structure as follows:
dai; = dpi-dp; ,  i=12,...,N (4.7)

where, dm; and dp,; denote the data acquired by the ith sensor under a controlled noise perturbation at a
certain location in the damaged and pristine states, respectively, and dqir; is the isolated data set (associated
with the ith sensor), which is of interest for defect localization. Applying the excitation at a certain location
is important to assure that the primary source’s acoustic effect will be removed from the test data. Next, the
MFP can be applied to the set of daiss for defect detection and localization using the described beamformers.
In the next section, the presented data-driven method is used for not only impact source detection, but also

defect localization in a plate.

4.3. Experimental study

Figure 4.1 shows the experimental setup, which is a small 15 cm by 15 cm thin aluminum plate
with a central 10 cm by 10 cm grid of cells —containing a total of 25 cells (each 2 cm by 2 cm). The plate

is placed on three fixed supports (shown in Figure 4.1(a)), which provides the plate with enough freedom
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Figure 4.1: (a) Pristine plate and (b) damaged plate. A small hammer is used to excite the plate.

to vibrate under a broad-band excitation applied by an impact hammer. Three PCB shear accelerometers
(placed in cells #6, #9 and #18) are used for data acquisition. A defect, as a hole drilled in cell #12 (see
Figure 4.1(b)) is also made to evaluate the applicability of the presented method for defect localization. The
pristine plate was excited using a small impact hammer (shown in Figure 4.1) by hitting the center of all
the 25 cells, and the time history responses (with a sampling frequency of 80 MHz) were saved in a laptop
for further analysis. A lowpass filter (with cutoff frequency of 10 kHz) was applied to the data. Moreover,
the data was downsampled by a factor of 400 and a truncated version of the data in an interval of [0.5t
0.75t], t is the total acquisition time, was proceeded to the next steps. Note that in some cases, some of the
received signals at the first instances were in outside of the accelerometers’ acceptable range, which formed

a saturated time history response. The mentioned data preparation step can fix such issues.
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4.3.1. Primary source localization

Using the data-driven replica dictionary, the MFP can be implemented to localize the impact
source. Using acquired data in the pristine case, the dictionary of the replica vectors was made. Then, data
sets of the excitations applied to cells #1, #5, #20, and #23, were selected as the impact sources to perform
the primary source localization. Here, there is a complete match between the test data and candidate
solutions in the replica dictionary because the test data are selected from the developed dictionary. The
main purpose of this study is to highlight the promising and shortcomings of the beamformers in source
localization using the presented data-driven method. The obtained results are shown in Figures 4.2 to 4.5.
Note that all the calculations were performed using the frequency associated with the first peak in the FFT
plot of the test data. All the results emphasize the acceptable performance of the data-driven MFP in
localizing the impact source. The beauty of the data-driven methods is that, they are categorized as model-
free methods and no details of the environment’s specifications is required. In terms of the performance of
the employed beamformers, all can effectively localize the primary sources; however, the MV and WNC
(specified as 10 dB down) return results with higher resolutions and the lower sidelobes comparing with
the Bartlett processor. It is worth mentioning that because of a perfect match between the replicas and test
data, the maximum values of the processors (appeared at the location of the detected primary source) are

identical for a given case.
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Figure 4.2: The obtained results for the primary source localization (values are in [dB]). The actual location of the
primary source: cell #1, located in the first row/first column.
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Figure 4.3: The obtained results for the primary source localization (values are in [dB]). The actual location of the
primary source: cell #5, located in the first row/fifth column.

4.3.2. Secondary source (damage) localization

Using the impact hammer, the damaged plate was excited by hitting at the center of the plate (i.e.,
cell #13). As the first investigation, the necessity of the introduced differencing method (Eq. (4.7)) is
illustrated. Figure 4.6 shows the MFP-based defect localization results for a case that dm was used as the
test data (with no subtraction between the data of the damaged and pristine states). Moreover, the replica
vectors were made using the data acquired from the pristine state. Based on this figure, the location of the
both secondary source (i.e., the defect, which is in cell #12, located in the third row/second column) and

primary source (i.e., the impact location, which is in cell #13, located in the third row/third column) are
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highlighted. This means that two perturbation sources, associated with the location of the impact and defect,
are reported in the ambiguity plot of the damaged plate. Note that the MFP evaluates the energy of the
scattered waves and there is no difference between the primary (impact) and secondary (defect) sources in
terms of wave scattering. Eq. (4.7) is an effort to isolate the data which are purely related to the energy
scattering induced by the defect. In the following, the presented method is applied for defect detection.

Different steps of the method are summarized as below:
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Figure 4.4: The obtained results for the primary source localization (values are in [dB]). The actual location of the
primary source: cell #20, located in the fourth row/fifth column.
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Figure 4.5: The obtained results for the primary source localization (values are in [dB]). The actual location of the
primary source: cell #23, located in the fifth row/third column.

o Foracertain frequency, the data-driven replica vectors are computed using the time history
responses of the pristine plate,

o Eg. (4.7) is formed using the time history responses of the damaged and pristine plates,
when the excitation (i.e., controlled noise) is applied at cell #13,

o For the selected certain frequency, the MFP is performed using the Bartlett, MV, and WNC

processors.

The obtained results are shown in Figure 4.7. Based on this figure, all the beamformers can identify

the location of the defect. Note that the sidelobes of the Bartlett processor are relatively high and for this
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Figure 4.6: The results of the MV processor for the secondary source (defect) localization without applying the
subtraction step defined by Eq. (4.7) (values are in [dB]).
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Figure 4.7: Defect localization results in the tested thin aluminum plate.

reason the defect location cannot be identified with high resolution. The MV can clearly identify the defect

location with a better resolution comparing with Bartlett processor, but the sidelobes are still in high levels.
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The WNC can identify the location of the defect with the highest resolution. As expected, the WNC can

strongly suppress the sidelobes and the defect location is clearly highlighted.
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Chapter 5: Conclusions

This thesis was focused on smart sensing and structural damage detection. First, a machine
learning-based method was proposed for image classification using Bow and SVVM techniques. The method
was successfully used for tie/ballast image classification at the Rail Defect Testing Facility of UC San
Diego. Second, a vibration-based damage detection method was proposed using the static deflections of the
structural systems computed with the modal data of the first several modes. This method was applied to
damage localization and quantification in a lab-scale five-story shear building structure tested on a shake
table as well as a full-scale high-rise building. The results emphasized the accuracy and precision of the
proposed method in damage detection even though sparse sensor measurements were used as the test data.
Data-driven MFP was the last concept covered in this thesis. The MFP has been used for defect detection.
But most of the methods require information of the environment to obtain the dictionary of the replicas (as
the candidate solutions). Using data-driven concept, a model-free approach is developed for MFP which
can be used for defect localization if the difference between the responses of the damaged and pristine
systems is fed to the processor. The method was employed for defect detection in an aluminum plate using
the conventional and adaptive beamformers. The results indicated WNC as the best processor for defect

detection with high resolution for this application.
In the following, suggestions for future investigations are listed:

o Using GIigE cameras to tackle the buffer issues in saving images: A USB3.0 camera was
used in Chapter 2 to capture tie/ballast images and save them in a computer system.
Although this camera was able to efficiently capture and save the images, some of the

frames were missed because of buffer issues. Using GigE cameras can help to tackle this
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issue because GigE cameras can be connected to Real Time Performing Systems (RTPS)
offering higher buffer size.

Investigating the applicability of the proposed vibration-based damage detection method
in identifying damages in top stories: Based on the experimental data availability, the
proposed method in Chapter 3 was used for detecting damages occurred in the first story.
The application of the method has been numerically investigated by the author for detecting
damages in other stories; however, experimental validations are needed.

Employing “Spatial Smoothing” to remove (or weaken) the effects of the primary acoustic
source in data-driven MFP-based defect detection method: In Chapter 4, the signature of
the primary source was removed using a subtraction method. Another method can be
investigated employing a Spatial Smoothing [69] approach, which uses the details of the
excitation location of in the damaged plate to weaken the signature of the primary source

and highlight the secondary source.
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