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Smart Structural Health Monitoring (SHM) technique capableawomatedand
accurate structural health condition assessment is appealing since civil infrastructural
resilience can be enhanced ducing the uncertainty involved in the process of
assessing the condition state of civil infrastructures and carrying out subsequent retrofit
work. Over the last decade, deep learning deen impressive success in traditional
pattern recognition applications historically faced with kinge challenges, which

motivates the current research in integratimg advancement afeep learning into



SHM applications. This dissertation researaimsaio accomplish the overall goal of
establishing a smart SHM technique based on deep learning algorithm, which will
achieve automated structural health condition assessment and condition rating
prediction for civil infrastructures.

A literate review on tsuctural health condition assessment technologies
commonly used for civil infrastructures was first conducted to identify the special need
of the proposed method. Deep learning algorithms were also reviewed, with a focus on
pattern recognition applicatipespecially in the computer vision field in which deep
learning algorithms have reported great success in traditionally challenging tasks.
Subsequently, a technical procedure is established to incorporate a particular type of
deep learning algorithm, teed Convolutional Neural Network which was found
behind the many success seen in computer vision applications, into smart SHM
technologies. The proposed metheasfirst demonstrated and validated on an SHM
application problem that uses image data for stimat steel condition assessment.
Further studywasperformed on time series data including vibration data and guided
Lamb wave signals for two types of SHM applicatiertrace damage detection in
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structures. Additionally, discrete dgtaither images nor time series data), such as the
bridge condition rating data frohational Bridge Inventory (NBljlata repositorywas
also investigated for the application of bridgendition forecastingThe study results
indicatel that the proposed method is very promising as adlatan structural health
condition assessment technique for civil infrastructures, based on research findings in

the four distinct SHM case studies Imst dissertation.
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ChaptdedmtXoducti on

1.1 Research Background and Motivation

Natural disasters have historically caused billions of dollars in direct economic loss due
to damaged civil infrastructures all over the world. Structural condition assessment in
such hazardous evermitasalways been concerning the public and property oswvéh

the uncertain risks to the public safety and the{@mm property managemei.order

to rationally manage such uncertain hazardous risks, especially for the civil
infrastructures, system resilience metrics hadequatelyeen established suel the

ones by Ayyub (2014 and 2015). Recently, researchers have also studied the feasibility
of integrating the Structural Health Monitoring (SHM) technologies with resilient civil
infrastructure design and establishing a resilience metric for ratingdea@dSHM
technologies (Zhang et al., 21 By explicitly considering the SHM technologies in
the building design with resilience metri c.
enhanced with rapid and accurate structural health condition ass¢ssspecially for

those poshazardous inspections (see Figusg)1Therefore, research on smart SHM
technology capable of rapid and accurate structural health condition assessment is

appealing so that enhancement of the civil infrastructural resileardee achieved by



reducing the uncertainty involved in the process of assessing the condition state of civil

infrastructures and carrying out subsequent retrofit work.
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Figure X1. Impact on system resilience curves of 8k technologies (Zhang et al.,

2016)

Popularized by Hinton and otheoser the last decade, deep learning based
algorithms have been reported recently to have achieved impressive success in many
challenging fields (Hinton et al., 2006; LeCun et al., 2015)s reported that deep
learning powered image recognition is now performing better than human vision on
many tasks (Krizhevsky et al., 2012). The AlphaGo and AlphaZero are other examples
of the tremendous achievements by deep learning in recent $daes €t al., 2017).
Incorporating deep learning algorithms into SHM technologies for civil infrastructures

2



is promising with standing from two aspects: (1) deep learning based technologies have
achieved impressive successhasechallenging fields, sugesting the strong potential

of success if extended to the SHM application; (2) deep learning algorithms have been
found to be very effective in representing the hardescribe relationship or features

in high dimensional data and thus can automateethteifemining process without the

need for explicit definition of features in advance. This has a strong potential in
representing SHM data such as photo images, vibration data, and ultrasonic surface

guided wave signals, which are typicalyhigh dimengon.

1.2 Research Objectives

This dissertation research aims to accomplish the overall goal of establishing a smart

SHM technique based dhe selectedleep learning algorithm, which is expected to

capable of automated structural health condition assdsand condition rating

prediction for civil infrastructures. Specifically, the following objectives will be

investigated,

I.  Performing a literature review on structural health condition assessment

technologies commonly used for civil infrastructures, sostiecial need of the
proposed method can be identified. Also, with the specific application

background clearly defined, the current research study can be targeted onto



Vi.

more specific condition assessment tasks, so the effectiveness and practicality
of theproposed method can be more conveniently evaluated,;

Performing a literature review on deep learning algorithms, with an emphasis
on its pattern recognition application, especially in the field of computer vision
where deep learning algorithms have beeontep withtheimpressive success

in traditionally challenging tasks;

Performing an application study of selected deep learning algorithms, with an
emphasis on garticulardeep learning model termed Convolutional Neural
Network (CNN), which has seen masiycceshul applicationsn the computer

vision field;

Establishing a working procedure that incorporatess#tecteddeep learning
algorithm into a smart SHM technique for typical structural health condition
assessment applications.

Applying the proposedhethod to solve a similar application problem that uses
image data for structural steel condition assessment. Examine the effectiveness
of the proposed method in sughimagedriven application, and further study

the implementation requirements such asvio effectively train the deep
learning model, etc.

Extending the study to time series data such as vibration data or guided
ultrasonic surface wave signals for specific applications of structural condition

assessment such as brace damage detectiomaerdacally braced frame
4



Vii.

viii.

structures or nondestructive damage evaluation in thin plate structures.
Examine the current research work in such applications using time series data,
including working procedure for particular SHM tasks dealing with time series
data, modification to accommodate time series input data, training matitbd
strategies, etc.

Further extending the study thscrete data (neither images nor time series
data), such as the bridge condition rating data ftbe National Bridge
Inventory(NBI) data repository, for a specific application of bridge condition
assessment. Examine again the componeritejoroposed method, including

the working procedure for the SHM task dealing with discrete data,
modification on input data and deep learning model architecture, training
method and strategies, etc.

Summarizing the findings and developing a general procddurstructural
health condition assessment and condition deteriorating modeling using the
deep CNN algorithm. Identifying the advantages and limitations ah#thod

and propose potential improvements for future works.

1.3 Dissertation Organization

In this dissertation research, a smart SHM technique using deep learning algorithm has

been proposed and studied in addressing the feee@dpid and accurate structural

5



health condition assessment for civil infrastructures. The following chapters are
organizel as follows.

Chapter 2 reviews the previous research works in common structural health
condition assessment problems in civil infrastructures, including structural steel fuse
condition assessment in eccentrically braced frame structures, brace dateatiende
in concentrically braced frame structures, guided lamb wave basedestmuctive
testing (NDT) for plate structures, and bridge condition rating deterioration modeling
based on the National Bridge Invento(MBI) database. Additionally, previous
research works in deep learning are reviewed with emphasis on computer vision related
topics. Deep learning based SHM technologies published recently are also covered.

Chapter 3 presents the research work on the topic of hehd@ggn structural
steel damag condition assessment using deep learning algorithm. In this study, the
deep learning algorithm has been applied to a similar application that uses image data
for condition assessments. This study first examines the specific deep learning model
used for slving the application problem. The proposed method is demonstrated and
validated in two independent case studies using different sources of imagérdtga
element simulation generated contour plot images, printed photo images, and photo
images takemn structural test experiments. As the first study in the dissertation, the
research aims to examine the effectiveness of the proposed method amsuelge
driven application, and further study the implementation requirements such as how to

effectivelytrain the deep learning model, etc.
6



Chapter 4 presents the research work on the toleey learning based brace
damage detection for concentrically braced frame structures under seismic loadings.
This chapter extends the proposed method to time sdmtassuch as the vibration
response of structural frames subjected to earthquake ground motion. The current study
further examined the research work on deep learning method for SHM, including
working procedure, training method and strategy. Modificatanthe methodof
accommodating the time series data is also presented. The modified method is
demonstrated and validated in a numerical simulation based case studystdra 6
CBF structure under seismic excitation. A statistical approach is used toeattayz
results from the deep learning method.

Chapter 5 presents the research worldeep learning based nalestructive
evaluation (NDE) in plate structures using guided Lamb wave signals. This chapter
extends the research work to another form of time series data, guided Lamb wave
signals. This study further examines the proposed method for this particular NDE
application, including the working procedure, modification to tisegies data, training
method and strategies. The proposed method is demonstrated and validated in a case
study of damage detection on aluminum plates with notch or breathing crack damages.
The proposed method can effectively identify the occurrence, the location and the
severity (or type) of the concerned damage in thin plates. The results from the deep

learning modelreexamined by comparing with manual damage analysis.



Chapter 6 presentise research work on the topichBI bridge condition rating
data modeling using the CNN method. This chapter aims to extend the application of
theproposed method to discrete data (neither images nor time series data), such as the
bridge condition ratinglata fromthe NBI data repository. This study examined the
components in applying the deep learning method, including the working procedure,
modification on input data, training method and strategies. Modificatidime method
including the architecturef the CNN model is needed and presented. The modified
method is demonstrated and validated in a case study of the Maryland-&edestake
highway concrete and steel highway bridges from the NBI databaseission of the
resultsis also included to éér insightsinto the proposed method.

Chapter 7 summarizes the research findings from the previous chapters and
finalizes the general conclusiofieoriginal contributiors of the dissertatioresearch
are also presented’he advantages and limitations aliscussedwith future work

proposed for further improvement.



Chaptdentz2rature Review

2.1 Common SHM Techniques for Civil Infrastructures

In this section, a literature review has been performed in structural health condition
assessmertechniques commonly used for civil infrastructyrexludng structural

steel fuse condition assessreneccentrically braced franstructures, brace damage
condition assessmeintconcentrically braced fransgructures, nondestructive damage
detection in plate structures, and bridge condition assessmené fboedopics are
selected in the basis of: (1) common civil infrastructures such as building structures,
plate structures, and bridges, and tipeimary structural health condition assessment
demand; (2) with the access to the necessary data resourcesirfing the deep
learning algorithm, including experimental data, numerical simulation or theoretical
modeling dataand public panel data such as the National Bridge Inventory database,

so the research work can @envenientlyinvestigated and validade

2.1.1 Structural Steel Fuse Condition Assessment in EBF

New design trends for seismic resistant structures is to incorporate fuse members
(sacrificial elements to dissipate energy) into structures so that damage can be confined
to alimited number of structural fuse members while other structural members would

9



remain undamaged during design level earthquakes. Examples of structural fuses are
buckling restrained braces, steel shear links (Figtkg dhd slit steel plate wall with
buckling restraiedcover plate (see, e.g., Hajjar et aD13; Vargas Bruneay2009).

For example, Qu et al. (2018) developed bucktiestrained brace (BRB) with
replaceable steel angle fuses which offer ease ofgaoiquake examination of fuse
damage, convenient and prompt replacement of damaged fuses, and reuse of the
buckling restraining elements. Such structure design concept is also appealing to
structural health monitoring (SHM) since condition assessment or monitoring work can
now be concentrated to a limited number of fuse members. For such smart fuse
members instrumentedith sensors, rapid inspection of fuse members for damages
likely inflicted by strong earthquakes could be carried out in an efficient way, which
would accelerate damage condition assessment and thus enhance structural resilience
through quick and less gelstive inspection practice. Currently, visual inspection is

the typical practice for podhazard condition assessment of structural fuses (e.g.,
Clifton et al, 2012). Intensive labor, high cosind variable results are typical of such
manual operationFurthermore, in buildings, structural members are often hidden
behind fireproof coating and drywall, and thus damage of these hidden steel fuse
members are difficult to detect, often requiring removal of coverings and thus time
consuming andostly. For eficient operation with instrumerassisted inspection,
researchers have been looking into automated structural health monitoring technology

such as computer vision based or acoustic emission based method (SW#O&7al.
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In assessg the damage condith of structural fuse members, imaggsed
structuralcondition assessment showsrong potential in addressing the rapid
inspection neesxlin practical applications: convenient data collection by snapping
photos (e.g.using smartphones, wearable imagimeyides or drones) and availability
of well-designed algorithms for accurate image pattern recognition. Several research
works have been reported in using images to assist with structural condition assessment
(Jacobsen et al201Q Zhang& Bai, 2015 Li et al.,, 2017; Cha et 8l2017; Chen&
JahanshahR017). For examples, Jacobsen et al. (2010) identified the maximum drift
angle during an earthquake event by using strain patterns in steel slit plate walls to train
an artificial neural network. Despite thgomising potential of using imagmsed
method for condition assessment, a robust algorithm to identify structural damage from
collected datés difficult to definebecause the detection results are usually sensitive to
such predefined damage feature$o address this need of hidgwvel features that
might not be accurately described with current mathematical models, deep learning

methods have been adopted which can learn such features from training data.

2.1.2 Brace Damage Condition Assessment in CBF

Destructive earthquakes have posed a continuous threat to lives and properties
worldwide, so thestructural damage condition assessment plays an essential role during

the posthazard repair and recovery efforts (espeFigure 22). Structural health
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monitoring can reduce economic loss and minimize service interruption to civil
infrastructures. A new trend in structural health monitoring of civil infrastructures is to
use sensor arrays to automate structural abnormallymage detection. An automated
damage condition assessment technique agtinsistent level of accuracy is desirable
for posthazard inspection with reduced inspection time and thus enhaheed
resilience of civil infrastructures.

Popular structural daage detection methods for buildings during strong
earthquakes can be broadly classified into parametric Ai@deld and nonparametric
methods. Parametric modehsed structural identification methods involve the use of
mathematical models to representstinnal system behavior in either time or frequency
domain. Damage to structures is usually reflected by changes in structural parameters
such as modal parameters, stiffness and damping indites.benefits of using
parametric models for structural identdtion-based damage detection include their
direct relationship with physically meaningful quantities such as stiffness and mass,
and their suitability for analysis, prediction, fault diagnosis and control (Pets&unis
Fassois2001; Ni et al.2009; Vank et al, 2000; Xia& Hao 2000). NoRparametric
damage detection methods do not requir®r information on the nature ahe

structural model but suffer from their inability to determine the severity of damages.
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2.1.3 NDE in Thin Plate Structures

Nondestructive evaluation (NDE) is appealing to structural health monitoring (SHM)
of civil infrastructures because structural health condition can be evaluated without
causing destructive damage, which can be both economic and time eftitieagonic
damagedetection and characterizati@are commonly used in NDE of aerospace
structures.Lamb wave was first discovered by H. Lamb (1917), and it was found to be
existing in thin plates or shells. The Lamb wave theory has beerestallished and

can be foundn numerous textbooks (e.gAchenbach, 2012; Rose, 2014). The
mechanisms of the Lamb wave propagation in thin plates or shells have been rigorously
examined ovethe years aiming to provide better guidance for damage identification.
The modeling and simation of the Lamb wave propagation are primarily through
analytical or numerical approaches. Many advanced finite element modeling (FEM)
techniques have been investigated in parallel for the application of damage
identification (Hayashi et al., 2002; SuYe, 2004; Gibso& Popovics, 2005; Lu et

al., 2008). Analytical approaches have also shown good performance in simulating
Lamb wave propagation in plates &iZhang, 2008Shen& Giurgiutiu, 2014).

Since the Lamb wave can propagate over a large distance in plates or shells, it
is particularly advantageous for ultrasonic scanning and has been widely used as an
NDE tool for SHM purposes (Raghav&nCensnik, 2007t eckey& Parker 2014;Li
et al, 2018) In plate structures, Lamb wave can be excited and measured in a variety

of means. Piezoelectric sensors such as the Piezoelectric lead zirconate titanate (PZT)
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element (Dimitriadi& Fuller, 1991 Badcock& Birt, 2000; Kee& Zhu 2013;Zhou&

Zhang 2014) and piezoelectric paint sensor &iZhang 2008), have been shown to

be effective in Lamb wave generation and reception, and are especially suitable for the
application as an active SHM technique because of their cost efficiency, compact size
and many ther appealing aspects (Su et al., 2006). Applying Lamb wave for damage
identification is an interpretation process of damage features contained within the
guided wave signals.Identifying the damage feature is critical to the success of
detecting and chacterizing thestructural damageSuitable features should be selected
from raw wave signalsaccording to engineering experience and professional
knowledge, which makes feature selection a challengingtiam@consumingtask.
Conventional features, such #®e wave energy, wavenumber, frequency,, ete
typically discovered with certain signal processing methods, which can be categorized
in: (1) time domain methods (So&nFarrar, 2001; Zang et al., 2004); (2) frequency
domain methods (Heller et al., 2QKessler et al., 2002; Ruzzene, 2007); (3) time
frequency domaimethodgWang et al., 2004; Park et al., 2007; Poddar et al., 2011).
To automate the process of damage feature identificatereral researchers have
started to investigate machine leamimased approaches. For examples, Agarwal and
Mitra (2014) studied a Lamb wave based automatic damage detection that uses
machine pursuit to preprocess the wave signals as input and then uses support vector
machine (SVM) or artificial neural network (ANNjs a classifier for the damage

detection. The method is verified based on a finite element simulzdi®ed case study
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of a thin aluminum plate. The results reflected that the machine learning algorithm is
very suitable for sucla classification problem wh a successful detection rate near
95%. Dworakowski et al. (2015) also studied a Lamb wave based damage detection
using the ANN combining with a predefined damage index as input. The V&N
trained with numerical simulation generated wave signals and tested with
experimentdy collected data. The results indicated that itapable of performing
successful classification that uses simulation generated data for the training of ANN,
but the esults of such a classification depend on the degree of similarity between the
training and the real collected dataget.an evolved form of ANN, deep learning has
improved the ability of algorithms to find optimal features and started demonstrating

predaminant performance in many tasks (e.g., Krizhevsky g2@1.2).

2.1.4 Bridge Condition Data Modeling

Bridge condition assessment is crucial to a successful Bridge Management System
(BMS) as a proper measurement of bridge performancenmmunication with bridge
engineers and administratioresd.,see Figure ). Since 1972, the National Bridge
Inventory (NBI) initiated by the Federal Highway Administration (FHWA) provides
the primary source of data for bridge management in the UnitgadsSChase et al.,
1999; Frangopol et al., 2001). According to the National Bridge Inspection Standards

(NBIS), the federahid highway system bridges shall be routinely inspected every two
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years and the condition ratings of bridge components keidge deck, superstructure,
and substructure) will be recorded in the NBI database. The condition ratings are one
digit numbers that characterize the general condition of the entire component being
rated. For example, the condition of three subsystems dtigebmay be rated on a
scale from O to 9 (with 9 being fAexcellent
A time-dependent reliability analysis requires the knowledge of deterioration
models which predict the future structural condition and form the basis faytfe
monitoring and maintenance planning. The condition ratings have been utilized as the
basis of bridge deterioration modeling to assist with the BMS in optimizing
maintenance, rehabilitation, and replacement decisions. Markovian methods are
reported as the nsbcommon probabilistic model and have been extensively studied in
modeling such deterioration process (Cesare et al., 1992; Frangopol et al., 2004;
Morcous, 2006; Ranjith et al., 2013). The Markovian methods assume the bridge
deterioration process as a Mav-Chain based stochastic process that describes the
condition deterioration witl probabilistic transition from one state to another during
one inspection interval. The probabilistic transition of the facility condition state is
defined by the transi@n matrix, which can be obtained through regresbmsed
nonlinear optimization, Bayesian maximum likelihood, and Maf&tain Monte
Carlo method (Micevski et al., 2002; Wellalage et al., 2014). Through probabilistic
modeling, Markovian meth@dcan captug the uncertainties within the bridge

deterioration due to unobserved explanatory variables, the presence of measurement
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errors, and the inherent stochasticity of the deterioration process (Madanat et al., 1995).
However, there exist certain limitationsho@rning the use of Markovian methods. For
example the Markov-Chainmodelassumes the future condition depends only on the
current facility condition other than the condition history (Madanat et al., 1997).

To circumvent the limitations of Markovian mettsg machine learning such as
the Artificial Neural Network (ANN) based method has been investigated by many
researchers as an alternative approach to bridge deterioration m¢8elagjo, 1997;
Tokdemir et al., 2000; L& Burguefio, 2010; Huang, 2010). rFexample, Sobanjo
(1997) utilized a multilayer ANN to predict the condition rating of the bridge
superstructure based on the bridge age. Tokdemir et al. (2000) used the ANN model
for predicing the bridge sufficiency rating using age, traffic, geometny, structural
attributes as explanatory variables. Li and Burguefio (2010) conducted comparative
studies of severasoft computingmethods(including ANN) for predicting bridge
abutment condition ratings in the state of Michigan. Huang (2010) analyzeddaisto
maintenance and inspection data of concrete decks in Wisconsin using an ANN model

with areported accuracy of 75% in classifying the true condition rating.

2.2 Deep Learning Algorithms for Pattern Recognition

Popularized by Hinton and otheoser the last decade, deep learning methods have

been reported recently to have achieved impressive success in many challenging fields
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(Hinton et al., 2006; Lecun et al., 2015). It is reported that deep learning powered image
recognition is now performing bettthan human vision on many tasks (Krizhevsky et

al., 2012; Ren et al., 2015, also see Figut. Zhe AlphaGo and AlphaZero are other
examples of the tremendous achievements by deep learning in recent years (Silver et

al., 2017, also see Figuregy.

2.2.1 A little History about Deep Learning

Deep learning, as one of the many streaitisin machine learning, has had a long and
rich history but gone by many different names. The artificial neural networks (ANN)
is one of them and has been walown sincethel980s. The modern term, deep
learning, is recognized by the machine learning community starting with the paper
(Hinton et al., 2006), in which the very deep neural nets was found to be capable of
well-trained if proper strategies were applied. Howewaheearly days, conventional
machine learning techniques were limited in processing-tiigiensional data in its

raw form due toinefficient training algorithms and lacking computational power.
Hence, conventional machine learning based techniqueisatly used as a semi
automated pattern recognition system, because adraftdeature is usually desired

to reduce the data dimension and such feature needs careful engineering and

considerable domain expertise.
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Since the training issue was reportathworking solutions in 2006 (Hinton et
al., 2006), deep learning has been found to be very good at discouringte
structure or recognizing patterns in hidimensional data (Lecun et al., 2015).
Impressive successes have been reported in magreedields, such as those beating
records applications in image classification, object detection, speech recognition
(Krizhevsky et al., 2012; Hinton et al., 2012; Girshick, 2015). Unsurprisingly, deep
learning powered technology has also been appligtieamimedical field to support

biomedical diagnosis (Mirowski et al., 2008; Ma et al., 2015).

2.2.2 Deep Learning based Pattern Recognition

Pattern recognition, namely, is the recognition of patterns or regularities jnvtiata

is the typical researclo€us in many deep learning based applications, especially for
the image classification and object detection gaskcomputer vision. The image
classification tasks can be challenging as the ImageNet (Deng et al.,, 2009) which
requires the computer visionagel to classify 1,000 objects amongnlllion images.

In a more complicated tasthe object detection neetb precisely mark the location

of one or more objects occurredthin the image.Deep learning powered image
classification has been reported wjkrforming better than humans in the visual
recognition tasks (Krizhevsky et al., 20X2e et al., 20&), and the performance has

continuously been reported with beating records (Lecun et al., 2015).
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The Convolutional Neural Network (CNN) is found to the deep learning
model behind the many success in computer vision based challenging tasks. The CNN
is a specialized kind of neural network (NN) for processing data that has a known grid
like topology, such as timgeries data, which can be treatedha&d-D grid of samples
at given time intervals, and image data, which can be thoughDofy@d of pixel
information. The examples of typical CNN models with reported -hesaird
performance can be the AlexNet (Krizhevsky et al., 2012), GoogleNet (Szegddy et
2014), VGGNet (Simonya& Zisserman, 204), and ResNet (He et al., 2811t can
be found that the architecture becomes deeper and deeper, starting from 8 layers in the
AlexNet to 156 layers in the ResNet. These advanced CNN modeistaigated the
latest deep learning technologies, such as the rectified linear unit (RRe&in)&

Hinton, 2010, the Xavier initialization (Gloro& Bengio, 2010), and the ResNet block
(He et al., 20@). These technologig®.g., the ReLu and the Xaviegjther helps to
accelerate the training of CNN modelsprovide improvements of data flevin CNN
model architectures (e,ghe ResNet block).

Another appealing property of these advanced deep learning models is the
transfer learningTransfer learning refers to the situation where what has been learned
in one setting (base dataset) is exeld to improve the generalization in another setting
(target dataset) (Goodfellow et al., 2016). It has been observed that the generalized
features in early layers appear to be general regardleése @tact cost function and

natural image dataset, amd later layers seem to be taspecific (Yosinski et al.,
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2014). In image classification, the general feature can be an edge detector while the
taskspecific feature can be the face of a human or the wheel of a car. Visual evidence
(seeFigure 27) of this finding can be found in the reference by Zeiler and Fergus
(2014). When the target dataset is significantly smaller than the base dataset, transfer
learning enables training a large target network without overfitting; recent studies that
have taken advaage of this fact obtained stadéthe-art results from transfer learning
(Yosinski et al., 2014; Zeile& Fergus, 204). Transfer learning is also appealing to

the application of structural health condition assessment for two reasons: (1) the
sophisticaéd design of the architecture of those successful CNN models can be taken
advantage of, and (2) the size of acquirable database for brace damage detection (order
of thousands) is far smaller than the image data (order of milliortheimageNet
databasgfrom which those sophisticated deep CNN models were trained.

While deep CNN models have demonstrated impressive performance on image
classification and object detection, there is a lack of deep insight in how and why the
CNN models work so well and ascsumodel improvement is restricted to tréald
error process (Zeilek Fergus 2014). To address the need for visualizing features,
researchers have investigated visualization techniques that give insight into the
function of intermediate feature layersdahe feature evolution during training (Zeiler
& Fergus 2014; Simonyan et al.2013; Springenberg et aR014). Visual examples
can be seen in Figure& The deconvolutional neural network used by Zeiler and

Fergus (204) provides a noiparametric view of invariance, showing which patterns
21



from the training set activate the feature map. Simonyan et aB)(#0ther elucidated
the function of the deconvolutional neural network for featetated pattern
visualization by computing imaggpecific class saliency map, which approximates the
highly nonlinear scoring function mapped from CNN model by evaluaitimdirst-
order Taylor expansions as Eq&-1):
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where& represents the scoring functidndenotes input variable (images) dads a
given specific image. The saliency map is established based on the derivative respect
to the input image of the score function that its magnitudes indicate which pixel needs
to be adjusted the least to affect the score. They pointed out that thealation layer
is either equivalent or similar to computing the gradient of the visualized layer. It is
effectively corresponding to the gradient bgorkpagation through a convolutional
|l ayer. The reason for the fAehthgradgenval e
ReLU layer.Therefore,guidedbackpropagation (Springenberg et @014) can be
utilized to achieve enhanced accuracy in calculating the gradientgdraplgation
through a convolutional layeAccording to the comparison made by i8genberg et
al. (2014), he difference betweerthese techniquesre shown in Figure-2.

In addition to feature related pattern visualization techniques, researcher have

also investigated the deep learning algorithm in artistic style representatidns wit
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aiming to understand the mechanism of the deep CNN model (Gatys et al., 2015). In
their research, an artificial system based on a Deep Neural Netwqtké jeretrained
VGGNet bySimonyan and Zissermam 2014) was proposed to create artistic images

of high perceptron qualityThe neural representations were used to separate and
recombinethe content and style of arbitrary images, providing a neural algorithm for
the creation of artistic images. Moreover, in light of the striking similarities between
performanceoptimized artificial neural networks and biological vision, their work
offers a path forward to an algorithmic understanding of how humans create and
perceive artistic imagery. Their research work also provides vigu#ion of how the
deepCNN models process higltimensional pixel information (e,@n image with 224
pixels by 224 pixels by 3 color channalsyjarding the imageontents and style, which

are hard to be described in conventional mathematical models (see Fifce 2

2.3 Deep Learning based SHM Techniques

Appealing by the deep learning algorithms, a few related research works that also
investigate deep learningbed SHM techniques, especially using the CNN, have been
published recently (Liang et al., 2016; Cha et al., 2017; Kim et al., 2017; Kumar et al.,
2018). For examples, Cha et al. (2017) proposed a deep learning based crack damage
detection approach for corete structures. The study proposed a vibiased method

using a deep architecture of CNN for detecting concrete cracks without calculating the
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defect featuresComparative studies were conducted to examine the performance of
the proposed CNN using ti@idnal Canny and Sobel edge detection methods. The
results indicated that the proposed method shyquite better performances and can
indeed find concrete cracks in realistic situatiddsmar et al. (2018) develope
prototype system that uséise deepconvoluted neural network (CNN) to classify
multiple defects in sewer CCTV images including riotrtusions, deposits, and cracks.
The viability of this approach in the automated interpretation of sewer CCTV videos
wasdemonstratedith anaverage testingccuracy of 86.2% using trained CNN model
based on 12,000 imagesllected from over 200 pipelines. Kim et al. (2017) used a
regiontbased CNN (i.ethe faster RCNN proposed by Ren et al. (2015)) for detecting
equipment on construction sites by takingvaatage of transfer learning. It was
reported with a mean average precision of 96.33% in detecting five classes in the
benchmark datancluding a dump truck, excavator, loader, concrete mixer truck, and
road roller. Liang et al. (2016) conductedstdy on big dateenabled multiscale
serviceability analysis for aging bridges. The studestigateddeeplearningbased
techniques to evaluate the bridge serviceability according tdinealsensory data or
archived bridgeelated data such as traffic stgtwgeather conditionsand bridge

structural configuration.
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2.4 Summary

Through the literature review, it has been identified that there exidesnand of
advanced SHM techniques with being capable of rapid and accurate structural health
condition assessamt for civil infrastructures, at least the four common topics within

the area of building structures, bridges and plate structures that have been investigated
in this dissertation.Comparing to traditional SHM technologiedeep learning
algorithms argromisingto be utilized orSHM applications wittautomatediamage

pattern recognition.

In terms of deep learning algorithms for pattern recognition, the Convolutional
Neural Network (CNN) is found to be the foundation of many success behind the
challenging tasks in computer visioiransfer learning may facilitate the beginning of
the research since the demdnd knowledgeis softened regarding the design of a
sophisticated CNN architectyrand thusa greaterchance to succeed. Feature related
pattern visualization techniques may off e
mechanisnso thatthe results can be interpretable and better guidance may be offered
to the community.

It is noticed that the communityf €ivil Engineering startethe investigation
of deep learning algorithmfr engineering applicationsComparing to the related
research works that have been published recently, especially to those who also used
CNN, the dissertation research distingussfrem the following aspects: (1) for image

driven applications, the proposed SHMethod for structural health condition
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assessment is aiming to provide mquantitative damagmformation the ultrdow

cycle fatigue condition of structural steel fuse rbens in eccentrically braced framed
structures; (2yarious types of SHM data have been investigated in the dissertation,
including images, time series data and discrete data. Modification of each data formats
to achieve optimal results is also present®) results interpretation has been
implemented in a different angle, such as the feature related pattern visualization
techniques for imagdriven applications with comparing to visual intuitions and the

statistical interpretations for namagedriven aplications.
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Figure 21. Ultra-low cycle fatigue damages to a structural steel fuse member: the
shear link beam designed for the eccentrically braced framed structures

(Tong et al., 2018)
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(b)
Figure 22. Damages in building structures during the 1994 Northridge Earthquake:
(a) the 4story steel framed HP building (Hall et al., 1995); (b) damaged brace was

revealed after the dry wall has been removed (Sabelli, 2013)
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(b)
Figure 23. Non-destructive testing of plate structures using guided lamb waves: (a)

PiezoelectriaNVafer transducers; (b) calibration on theoretical simulation of guided

lamb waves (She& Giurgiutiu, 2014)
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(b)
Figure 24. Deteriorating bridges: (a) treuter road bridge over the gasconade river
in Laclede county (courtesy Missouri department of transportaijiona bridge over

Monroe Street in Minneapolidé¢ffrey Thompson, MR Newg
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bolt detections with p(bolt | box) >= 0.5
if | LS (R T

Figure 25. Deep learning powered techniques for challenging computer vision tasks:
(a) image classification (Krizhevsky et al., 2012); (b) object deteasorg Faster R

CNN (Ren et al., 2015)c) duplicate work for bolt detection using FasteCRN
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Figure 26. Go knowledge learned by AlphaGo Zero (Silver et al., 2017)
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Figure 27. Visualintuition for general features learned by different layerghe

CNN model (Zeile& Fergus, 204)
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CNN X Fully-connected
Convolutloival layers Iayﬁrs

kit fox 0.5956
red fox 0.3576
grey fox 0.0439
coyote 0.0013
Arctic fox 0.0003
c5_3 fc1000

(b)

Figure 28. Feature related pattern visualization for interoperating results from deep

CNN models (Yu et al., 2016)
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Forward withRelLu

Deconvolution

(Zeiler & Fergus2014)

Gradient Backpropagation

(Simonyaret al., 2013)

i)

o(z) =max(0,z)

R(x)
Ri= (R/.1>0) - R,
R(¥)
= (fll>0) “Ri
R(X)

Guided Backpropagatiol®/ = (f{ >0) - (R/.1>0) - R\,

(Springenbergt al., 2014)
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Figure 29. Difference between deconvolutional neural network, gradient

backpropagation and guided backpropagation
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(€)
Figure 210. Deep learning based artistic style: if@pges that combine the content of
a photograph with the style of several walown artworks (Gatys et al., 2015); (b)
Glenn L. Martin Hall(2015)at University of Maryland, College Park; (c) artistic

style of the Martin Hall
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Chaptdema3fle i verctltrrad St eel Damag

Condition Assessment Met hod

3.1 Introduction

This study investigates applying deep learning methodnt@pplication oimage
drivenrapid inspection of structural steel fuse damage condition. Firstly, a procedure
for incorporating a customary deep learning model into structural condition assessment
is presented, in which a micromechanical fracture index is defined to label the damage
condition of the structural steel fuse member. The proposed method is demonstrated in
a case study of a replaceable shear link beam, which is designed as a striggtural fu
member for eccentrically braced framesigepConvolutional Neural NetworkJNN)
modelis adaptedor the imagedriven structural damage condition recognition in this
case study. This case study validates and optimizes the method by using FE simulation
generated images akta resourcesThe printed photosf selected FE simulatien
generated imageand one experimental imagee also used to investigate optical
effects and to identify potential issues for using realistic images. The method is further
verified by a second case study involving photo images taken during experimental

testing of a dogbone steel plate specimen. The results from both case studies suggest
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that the proposed method can effectively identify damages in structural steel fuse

members.

3.2 Deep Learning Model Description

DeepCNN is adhpted here for imagbased structural condition assessment because of
its advancement and demonstrated success in computer vision field. However, a few
issues discussed next distinguish the present $tadythe research works on image
classification in the computer vision field. The first one is that the label of the structural
condition images is assigned to reflect the quantitative damage condition of the
structural elements; therefore, a damage if@esxto be established first to characterize
the damage. Another issue is that generating the millions of training image data as
observed in the ImageNdatabas€Deng et al., 2009) is not practical in near future
simply because of the limited availabilayfield reconnaissance data and experimmlent

test data. Due to the limited amount of available training data, the training strategy
needs to be adjusted to avoid the overfitting problem. Finally, no benchmark testing
data is available for evaluating therformance ofhetrained model. Thus, the testing
data needs to badequatelydesigned to fit the objective of damage condition
assessment (e,gonsidering the relation of damage condition to the loading history

and different loading protocols).
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Detals of deep learning or the CNN can be found in references (e.g., the review
article by LeCun et gl.2015 or the book by Goodfellow et ,aR016). A brief
description that helps readers to gain necessary background knowledge on the specific
algorithm of tle deep learning model used in this study is presented next. Additionally,

a salieng map based visualization technique is also used to interpret results. The
adapted CNN model idased orthe VGG16 model prdarained bySimonyan and

Zissermar(2014).

3.2.1 Architecture

The architecture of CNN is specialized for processing the 2Dliggdtopology of

input images and the CNN model usually includes multiple stacks of alternating
convolution and maypooling layers to function as feature extractors, followed by a
small number of fully connected layersthsclassifier Goodfellow et al.2016) The
architecture othe adptedCNN model is shown in Figure-B. The input images are
converted into numerical vectors with RGB valuesaaaize of 224 (pixels) x 224
(pixels) x 3 (color channels: red, green and blue). The vectors are then forwarded into
multiple convolutionabnd pooling layers, outcoming with features followed by fully
connected layers. Finally, a SoftMax layer is used to score the activations into a vector
consistingof C (possible classes) values with each ranging from 0 to 1 and all

summating to 1. The pdétion is made by choosing the class with the highest score.
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3.2.2 Layers

Convolutional layer, max pooling layeand fully connected layer are frequently used
in the adpted CNN model. The convolutional operation computes features based on a

local field of the preceding layer as described in HGrl),

Y= (Xpur- weer) +b (3-1)

wherey is the output of the convolutional computation on a local receptive Keld)(
of input data X); wexr is the weights of the filter; b is the filter bias; oper at es an
elememwise summationk- is the kernel size of the local field window. The additional
control parameters of a convolutional layer are: (1) the st8dedntrolling how many
pixels the filter moves one step; (2) the zero paddi®)gwhich is to make the output
data size as integer (i,dW-F+2P)/St1 and H-F+2P)/St1) by padding zeros at the
each side of the input data; and {8)andH, which are the width and height of input
data respectively.

The max pooling layer performs maximum operation over a pooling window.
The fully connected layer is the conventional artificial neural network with full
connection to all parameters in the preceding layer as described b{BE2yn.

Yn><1:Wn><m .Xm><1+Bn><1 (3-2)

whereY is the output of fully connected layak/ andB are weights and biases matrix;
m and n are the size of input and output vector respectively.
The mathematical operation described in E@l) and (3-2) are linear and

thus, without any further operation, a linéanction is characterized by combinations
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of those layers, which makes the network eventually be a linear regression model.
Therefore, an activation layer is introduced with 4lioparity into the network to
describe a nonlinear function. In thespttdCNN model,ReLu, which is abbreviated

from Rectified Linear Units introduced by Nair and Hinton (2010), is extensively used
as the activation layer because it has been observed that deep CNN with ReLu layers
can be trained several times faster than signforcttion (Nair & Hinton, 2010;
Krizhevsky et al., 2012; He et al., 2016). The operation of an ReLu Layer is shown in
Eqn.(3-3),

o(zr) =max(0,z) (3-3)

where x represents each element in the input vectar&xample of using a 5x5 input
matrix to illustrate the operation of a convolutional, ReLu and max pooling layer is

shown in Figure 2.

3.2.3 Training CNN

Training CNN for representatidearning is an optimization process, which aims to
minimize the output loss (or error) on the given training data sets. The first step of this
process is to determine which part (i.e., CNN model parameters) contribute most to the
output loss so that adjusents (or weights update) can be applied to those sensitive
area. Mathematically this is achieved by computing the gradients of loss function at

the CNN parameter values, which are determined by usiagbackpropagation
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method. The backpropagation refdacs the method for computing the first order
gradients of CNN through repeatedly applying chain r@eadfellow et al.2016)

For example, the backpropagation can be used for computing the gradient of function
f(x), wherex is the vector of inputs. In ANl this function would be the loss function,

and the input vectors consist of the image pixel RGB values, as well as the weights and
biases in the neural network. In theapitd CNN models, the SoftMax with the

Multinomial Logistic Loss (Bisho@006) is sed as the loss function defined in Eqn.

(3-4) below,
pio W)
> exp(y’) (3-4)
i=1
LW)=-Y]-In(2)
wherey (i =1, 2C) are8the feéatyres fed into the SoftMax lay@is the number

of possible classesV denotes the weights and biases, @n@presents a SoftMax
function that scores proceeding features with each ranging from 0 to 1 and all
summating to 1Z describes the score vectay, (2, z3,  &),andYyis assigned with
ground truth vectong, Vg2, ¥g3,  Bo); L(W)is the loss function or objective function
that evaluates the distance frahe current model to the target. In the classification
problem, the ground truth is usually an indicator vector with 1 in the target neuron and
0 in the rest. For example, in eclsses classification problem, given the ground truth

in the 39 neuron, the vetor is (0,0,1,0,0). If the score vec®r (0.1,0.1,0.6,0.1,0.1),
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the loss value L(W) #1*In(0.6) +0*In(0.1)*4]=-In(0.6). It can be noticed that the
closer the score to 1 in the target neuron, the less the loss value would be.

Parameter adjustments weights update are then orchestrated based on
calculated gradients with an attempt to minimize the loss. Generally, the adjustments
would follow the steepest direction (gradients) with respect to the trend of decreasing
the loss as EQr{3-5),

oL
DPrew = Potd — T ap 0 (3'5)

wherep denotes each parameter (including weights and biases) in the CNN model and
the learning rated is a parameter specified byeuser.A higherlearning rate means
that bigger steps are taken in the weight updates and thus, it would take less time for
the model to converge on an optimal set of weights, ibdlesmall a learning rate will
slow down the gradient descent and hence the overalhiggimocess

While the training of a deep CNN model seems to be stréagivard by
repeatedly applying backpropagation and weights update to eventually minimize the
value of the loss function, convergence or efiting is a common problem obstructing
the training process which in turn requires a large training datasetturimg or
transfer learning has been suggested to circumvent this issue by many researchers. The
fine-tuning or transfer learning means that the initialization of the CNN modeles bas
on a pretrained model rather than from random generation. In practicetuimeg is

appealing because of two restraints: large enough training dataset (on the order of
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millions) to avoid overfitting problem and computing demand. fimeng of a pre
trained CNN model can substantially reduce the required training images and training

time by transferring the wetrained ability of feature extraction.

3.2.4 Visualization check

While deep CNN models have demonstrated impressive performance on image
classification and object detection, there is a lack of deep insight in how and why the
CNN models work so well and as such model improvement is restricted tartdal
error process (Zeilek Fergus 2014). To address the need for visualizing features,
reseachers have investigated visualization techniques that give insight into the
function of intermediate feature layers and the feature evolution during training (Zeiler
& Fergus2014; Simonyan et al2013; Springenberg et 22014). The deconvolutional
neural network used by Zeiler and Fergus @0firovides a nofparametric view of
invariance, showing which patterns from the training set activate the feature map.
Simonyan et al. (2@) further elucidated the function of the deconvolutional neural
network for featurerelated pattern visualization by computing imapecific class
saliency map, which approximates the highly4fiaear scoring function mapped from

CNN model by evaluating its firgirder Taylor expansions as E¢&-6):
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0S8,
Sc(I) =~ Sc(Lp) + 8_IC|I” (I —Ip)

oS
1 (S0 = %2l 1)

_ o5, (3-6)
oI

where& represents the scoring functidngenotes input variable (images) dads a

given specific image. The saliency map is established based on the derivative respect

to the input image of the score fiion that its magnitudes indicate which pixel needs

to be adjusted the least to affect the score. They pointed out that the deconvolution layer

is either equivalent or similar to computing the gradient of the visualized layer. It is

effectively correspondg to the gradient baeggropagation through a convolutional

|l ayer. The reason for the fAeither equival e

ReLU layer. Therefore, guiddaackpropagation (Springenberg et, &014) was

proposed to achieve enhadcaccuracy in calculating the gradient backpagation

through a convolutional layeAccording to the comparison made by Springenberg et

al. (2014) differences between these methads shown in Figure-3. The guided

backpropagation method will be udeto visualize the featunelated patterns

recognized by the CNN model.
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3.3 Deep Learning based Structural Condition Assessment

Procedure

The general procedure for deep learning based structural condition assessment is
illustrated in Figure 3} (1) colecting data; (2) labeling images; (3) defining the deep
learning model; (4) training and testing the model, while some modification and
customization steps are also included for structural condition assessment. It is also seen
that the feature visualizatiotechnique prescribed in Section 3.2.4 is employed to

understand the higlevel features identified by the deep learning model.

3.3.1 Data Collection

In this study, the focus is given to replaceable steel structural fuse members as seismic
energy dissip&n devices, in which the damage condition is usually controlled by
ultraclow cycle fatigue failure. Whitewash paintings have been widely used in
laboratory testing for visualizing the plastic deformation distribution in steel structures
thus,the flakingpatterns of the whitewash coatings on steel surface provide a potential
source of image data for such damage assessment purpose. However, due to the
unknown amount of required training data and high costs of doing experiment tests, the
contour plots of th accumulated equivalent plastic strain from FE simulation of
structural fuse members dhnest employed as the training image data for demonstrating
and optimizing the proposed damage assessment procedure. Contours plots of peak

strains (including elastiand plastic strains) were used by Jacobsen €2@L0) to
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estimate drift angle identification. Afterward, real experimental images of flaking

patterns from whitewash paintings will be used to further examine the procedure.

3.3.2 Data Labeling

Data labeling clusters the data into desired groups of damage conditions to supervise
training of thedeep learning model in this application. A micromechanical damage
index is adpted to characterize the damage of structural fuse members so that the
cluskering of different damage conditions can be quantitatively evaluated. The critical
failure of structure fuses is usually governed by ductile fracture orlaltraycle

fatigue since such sacrificial structural element is designed to dissipate energy by
allowing significant plastic deformation under seismic loadidefinition of ultralow-

cycle fatigue can be found in references (e.g., Bleck.e2@D9). Analytical studies
(Rice& Tracey, 1969; Hancock Mackenzie, 1976) indicate that the ductile fracture
initiation depends on the interaction of triaxiality and the equivalent plastic strain, with

a larger triaxiality hastening the onset of the fracture, where the triaxiality refers to the
mean or hydroste stress normalized by the effective or Von Mises stress.
Consequently, the fracture is predicted when the equivalent plastic strain exceeds a
critical value. Henceforth, the damage index is computed as the ratio of accumulated

equivalent plastic straito critical plastic strain in Eqr(3-7). Similar damage index
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has also been used by other researchers (e.g.,&Rinzhards 2006; Fell et al, 2006;
Chi & al., 2006) for evaluating seismic steel fuse devices.

Accumulated equivalent plastic strain
Ep,crz’tical (3_7)

Damage index (DI) =

and the dtical plastic strain is taken as,

€y critical — QLEXD <— 1.5 Um)
¢ (3-8)

whemies 0t he hy dristsetvan Mises stressndUiss material constant.
The ratio of the hydrostatic and von Mises stress is the stress triaxiality. Fracture
initiation is declared oncén¢ above damage index exceeds 1.0 over a characteristic
lengthof’. I n this study, the materiladresstonstant
to be 2.6 and 0.2 mm respectively.

For ease of structural condition scoritige extent of damage is claified into
five damage level groups: no damage, minor damage, moderate damage, severe
damage, and imminent fracture. For each group, the damage index range is given in
Table 3-1. The index range is assumed to be evenly divided into five damage level
groups while an uneven division is also possible if deemed necessary. Additionally,
under cyclic loading, the triaxiality value can switch signs in tension and compression
stages (positive in tension and negative in compression), then it will ggyiga to

have the same sign as the triaxiality. However, the accumulated equivalent plastic strain

is monotonically increasing with positive values, thus the damage index would
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decrease during the compression cycle. In this study, the damage level labehfor eac
image is assumed to be based on the maximum value of the historical damage index
values in the fuse member. This assumption is made to mimic the flaking behavior of

whitewash paint which is irreversible in paint flaking occurrence.

3.3.3 Defining and Training of Deep Learning Model

A 16-layer CNN model (VG@EL6) pretrained by Simonyan and Zisserman (2014) is
adaptedas the CNN moddbr transfer learningn this study. The original application

of this model is to classify 1,000 classes from a lagpeimage classification
database. Adapting this model for structural damage condition assessment, the possible
prediction classes (i,ahe output number of the last layer) is modified to five damage
condition groups.

Training of the deep learning modelp#dmds on the training dataset size.
Generally, a deep learning model can be trained by starting from scratch in which all
parameters are randomly initialized, however doing so usually requires a large training
dataset to avoid overfitting problem. To cincuent this issue, firuning of a pre
trained model using a smaller dataset has been employed as a solution by many
researchers (Goodfellow et al., 2016; Yosinski et al., 2014; Zikergus, 2013). In
fine-tuning, the parameters of adopted layersritalized from the prdrained model.

However, which part of the model should be finaed is still unclear in the beginning
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and needs to be optimized for best results. Therefore, to find the best suitable training
strategy, different training strategi@sre employed: (1) training from scratch; (2) treat
the pretrained CNN model as fixed feature extractor and only train the classifier at the
end of the neural network; (3)xing a few early convolutional layers due to its
generalized feature extractiand only training the later layers; (4) fiiene the CNN
model on all the layers.

Testing is to evaluate the performance of the trained CNN model on an
independent dataset which should also have a sufficiently large size for statistical

significance.

3.4 Case Study I: Perforated Steel Shear Link Beam

In this section, the proposed method will be used for damage condition assessment of
a steel shear link bearhink beams are employed to serve as fuse members in steel
eccentrically braced frames (EBF). ImetEBF structures, shear links (its length e is
shorterthan 1.6*MVp,, ref erred to as fishear | ink?o
since they are more ductile than the long links (e >2#/V r ef erred t o

Il i nkd or | oersg@me kectiorks)zes yend \h derote the plastic moment

and shear capacity of the steel section (AISC, 2010).
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3.4.1 Specimen and FE Modeling

The dimensions of the perforated link specimen (G20Mn5QT cast steel) tested by
Zhang (2015) are shown in Figueb. Cyclic reversal displacement loading protocol
prescribed by the AISC Seismic Provisions (2010) was adopted for both FE analysis
and experimental tests. The FE model of the same shear link was built in a general FE
software- ANSYS Mechanical (2017) usg Solid185, an &0de brick solid element.

The combined Chaboche kinematic hardening and nonlinear isotropic hardening rules
(Chaboche, 1989 and 1991) areya@dd to simulate the hardening effects as described

by Eqn.(3-9),

o=o0y+ G (1—e™)+R.,(1—e")
N (3-9)

w h e roeadenates the initial yield stress;1 @ n d are the Chaboche kinematic
hardening parameters;pRand b characterize the nonlinear isotropic hardening
behavor. These parameters were calibrated with experimental data as listed in Table
3-2 and good agreement between FE analysis results and experimental data can be seen
in Figure 36. Details of the experimental setup, test specirpeensloading protocols

canbe found in Tong, et al. (2018). The calibrated FE simulation results were then used
to calculate the damage index. The evolution of the damage index was plotted along
with the applied AISC loading protocol in FigureZ3lt should be noted that the FE
simulation results under the particular AISC loading protosele only used for

generating the CNN model test databaseisirapresentative of the link beam behavior
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in an earthquake. However, the actual loading condition of the link beam may differ
from the AISC loading protocol. To partially remove this effect, twelve loading
protocols listed in Tabl8-3 were used to generate training data that are independent

of the testing data (from AISC).

3.4.2 Deep Learning Implementation

The accumulated plaststrain contours from FE simulation were used to generate the
image data. Although the FE generated images are employed for training the CNN
model, replicating as many details in real images as possible is always preferred to
make the images realistic. Hetee accumulated equivalent plastic strain contours are
generated in gragcale with nine shades as shown in Figw®. For the testing
database, 1,000 images were generated by capturing contouatpeish load step
until the fracture initiation (thend of 0.02 rad cycle for this link specimen, see Figure
3-7). The size of the testing database was fixed in the following parametric study.
However, the size of the training database varied (3,200 vs. 8,600) to investigate the
effectsof different trainirg data size.

The training of the CNN model was implemented in the Caffe Framework (Jia
et al, 2014) using a workstation with a single GPU (model: Nvidia GeForce Titan X)
under the Ubuntu 14.04 LTS operation system. The learning rate was set to 0.001 as

theinitial value and decayed witlhratio of 0.1 per 300 steps. The initialization of the
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CNN model varied with different training strategies, and the convergence of the
training process is indicated by the consistently high testing accuracy followed with

relatively low training loss as shown in Figur® 3or a typical learning curve.

3.4.3 Results and Discussion

3.4.3.1 Training Data Size Effect

As the training data sets in this case study include several thousand images, which is
far less than the typical order of millions of images (émgthe ImageNetlatabasg
overfitting would be expectatithe model was trained from scratch via such small data
set. Also, Xavier parameter initialization (Glo&tBengio, 2010) and the dregut
technology (Srivastava et a2014) applied in the VGG16 would randomly affect the
gradient updating and eventlyainake the performance of the trained model slightly
different from each training episode. Considering these effects, the testing results were
averaged on the 1,000 testing images over 10 training episodes for each batch of
training data and training stemjies. The average testing accuracy results are given in
Table3-4. It is found from this study that as the size of the training data increases, the
average testing accuracy keeps improving. It is recommended to have a training data
size of at least sevarthousand images if a good fmieained CNN model is available

for fine-tuning.
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3.4.3.2 Training strategy

As mentioned in Section 3.3.4, two strategies are available for the training: training

from scratch or finguning. For the finduning, it can als be subdivided into three:

fine-tuning all layers; finguning all layers except for the first two layers; fi@ing

only the classifier (the last fully connected (fc) layer). The testing results for different

training strategies are presented in Téble. The results suggest tt
|l ayerso is the best strategy -tuengehe Anot he
classifier and all layers except for the first two layers also yields acceptable
performance comparhbbllayertsbeoffioe wbhenngt

with 8,600 images.

3.4.3.3 Featurerelated Pattern Visualization

Featurerelated pattern visualization has been performed for two reasons: (1) providing
an intuitive visual indication whether the CNN model is identifying the relevant
features for structural damage condition assessment; (2) using the visual indication,
rank the adopted strategy for optimizing the CNN model by tuning the training
parameters. The guided backpropagation in Section 3.2.4 offers such a tool to visualize
the gradients of the prediction corresponding to each pixel of the input image. The
saliengy map can show the discriminative patterns that the trained CNN model has used
for classification. The visualization results of the trained CNN model in this case study

are shown in Figure-30. It is seen that the walained CNN model is based on visual
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patterns similar to the human visual inspection. For this particular damage assessment
of perforated steel link beam, human intuition would consider the rectangular bar
patterns between the holes in the link beam web as the features for damage level
evalwation where the plastic deformation concentration occurs. The width and color
shades of those bars would be closely related to the target damage condition under
consideration. These bar patterns in the link beam web can also be explained by the
physical mehanism underlying the lowycle fatigue induced damage in the steel link
beam. On the other hand, the models with poor performance can be seen to have looked
into irrelevant visual patterns. Therefore, this visualization tool can be used for
validating the training strategy as well as checking whether model optimization is

guided in the right direction.

3.4.3.4 Optical Effects

In order to verify the proposed deep learning based structural damage condition
assessment procedure under more realistic phqtbgettings, the trained model was
tested with three types of photo images of printed pictures selected from the generated
FE image testing database. The three image categories are characterized agIdllow
damage level 5 with no residual drift, (2)ndage level 5 with residual drift and (3)
moderate damage levels with no residual drift. The damage level and corresponding
damage index of these three image categories are listed in3fabléde FE generated

images were first printed out using a lasenter (model: Brother HLL2380DW) with
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a resolution of 600 x 600 dpi. The size of the printed pictures was scaled to match the
real dimensions of the perforated steel shear link specimen in the experimental testing.
The distance between the holeasmeaswed as 62 mm which is close to the design
value of 60 mm (Figure-8 (b)).

The investigation focuses on the optical effect (e.g., light condition, optical
distortion, etc.) to see that has any effect on the assessmentaeautiera was used
to take pitures of the printed pictures which were then used as testimages. Considering
the popularity and convenience of smartphone camera, rear camera on an iPhone 6S
(Apple model A1634) was used here. Three different object distance values (28 cm, 35
cm, and 4Zm) from camera to object and four different camera inclination angles (0°,
5°, 10° and 15° horizontal angle between image sensor axis and perpendicular line to
the object) were considered in the test to account for possible camera imaging condition
during field inspection. An iPhone tripod was used so these values can be precisely
controlled. The definitions of object distance and camera inclination angle are sketched
in Figure 311. The camera picture mode is set as square size andaolonavith
room light condition. The images are takentla original size of 640 pixels x 640
pixels and are cropped manually to keep only the perforated shear link portion and
resized to 224 pixels x 224 pixels (to fit the input size of VB8k Sample images are
shown inFigure 312.

The test results are summarized in Tabit8 37. It shows that the method is

quite robust in categorizing the fracture damage images for all considered values of
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object distance and camera inclination angles. Interestingly, some ofaesrte.q.
with 15° inclination angle) are apparently distorted by the resizing operation, but the
results are still encouraging with little change in the evaluation result. For the
moderatey damaged images, the prediction results are in good agreentbnihes
ground truth athe object distance of 28 cm and 35 cm combined with some camera
inclination angle values. However, the results are missed by one mark for the remaining
cases. The results are expected eswithce t he
the inclination angles. Furthermore, these kinds of uncertainties can be reduced by
increasing the training data set size with the images under different situations.
However, missing by one mark still suggests that the method is very promising for
structural damage condition assessment and could be further improved by using more
data for training.

For further investigation under reabrld setting, a real photo image taken during
lab cyclic load testing dheperforated steel link beam is used ésstimage to identify
potential issues in evaluating the proposed method in future field implementation. The
original image is shown in FigureI8. The white paint on the linlkeamweb was a
water based latex paint. Potentially factors such as paintitgquand optical
characteristics of photographing could haveegative impact on the performance of
the proposed method. For instance, the white paint on the link web specimen is dotted
with yellowish oxidization blemish and the paint flaking pattern iesag not used for

the training of the CNN model but the FE generated plastic strain contour images.
59



Additionally, the deflected shape of the shear link shows residual deformation since the
load on the link specimen was completely removed when the pieas¢aken.

Before using this image to evaluate the proposed method, the image is converted
to grayscale and resized to 224 pixels x 224 pixels. The CNN model still successfully
predicts the damage condition as Level 5. The confidence level or the ptylmakput
(40%) is lower than those FE generated images and printed photos but still the highest
one among other damage levels. The result of this exploratory test suggests that the
proposed method is promising for reabrld implementation and issues likaint
guality could affect the performance. However, further study is needed once more
experiment collected images are available. The feature visualization of the test result is
shown in Figure &3. It can be seen that the model predicts the damagehgvel
focusing on the rectangular bar patterns between the holes. From the observations made
in Figures 310 and 313, similar key features are consistently extracted indepelydent

of the test images.

3.5 Case Study Il: Dogbone Steel Plate Specimen

In the pevious section, a case study of a replaceable steel shear link beam has been
presented by using FE simulation generated images and printed photos. The results
from the parametric study suggest that at a minimum several thousand images are

needed if finguning of a prerained model is adopted and fihening all layers yields
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the best accuracy. Since the plastic strain contour images are ideally generated from FE
simulations, realistic paint that can faithfully reflect such damage pattern is still needed.
In this section, the white latex coating is examined, and experimentally collected
images from tensile loading test of a dogbone steel plate coupon spacénsad to

further verify the performance of the proposed damage identification method.

3.5.1 Experimental Test Description

A dogbone steel plate coupon specimen made of low yield point steel Q225LY was
used forthe experimental test under cyclic tensile loadings so that real video images
can be recorded during the test. Before the experiment, latatecoating was brushed

onto the surface of the dogbone segment of the steel plate coupon specimen so that the
paint flaking pattern can be used to visua
plastic zone during the cyclic loading test. Pictukthe white flaking pattern in the
dogbone segment were recorded using a digital camera with 720P resolution at a speed
of 33 frames per second. Pictures of the dogbone steel plate coupon specimen at the
beginning and the end of this experiment are showkigure 314 with dimensions
marked. FE simulation results were used to calculate the damage index value at
corresponding load steps in order to label the images. It should be noted that the FE
simulation results used in this section are only for lalgepurpose while the data

(images) are collected through video stream taken during the experimental test of the
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specimen. The FE simulation was performed in ANSYS Mechanical (2017) using solid
element and employing large deformation formulation. The mesiednodel is
plotted in Figure 3.5 (a). Mesh refinement studies were conducted to determine the
level of refinement necessary to achieve reasonable accuracy for hysteresis behavior of
the specimen and its fracture initiation point estimatibine calibra¢d hysteresis
results are shown in Figurel® (b). The evolution of the damage index from the FE
simulation for the prescribed loading protocol is also shown in Figa&e(8).The FE
predicted crack initiation is 24.67 mm in terms of cumulative dispiao¢ (12 mm for

the first two cyclic cycles plus an additional 14.67 mm in the last tensile excursion;
24.67=4x3+14.67), while the first visible crackthre experiment is around 26.5 mm.

The FE prediction error is 7% in terms of cumulative displacement.

3.5.2 Deep Learning Implementation

A total of 8,259 images, on a similar order of magnitude to those reported earlier in the
previous section, were extracted from the video stream taken during the experimental
test of the dogbone steel plate coupon spegirRrom these 8,259 images, 80% (6607)

and 20% (1652) of the images were randomly selected for the training and test dataset
respectively. This training to test data ratio (i88% to 20%) remains the same for the

data set at each damage level. The images were then cropped and resized to 224 pixels

by 224 pixels to match the input requirement of thepsetl CNN model. The cropping
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window was set as rectangular (600 pixels by pid@ls) to keep the width to height

ratio of the specimen unchanged for resize operation since the ratio would change
without cropping when the original video size was 1280 pixels by 720 pixels. The
training and testing process were similar to those tegan the previous section. The

converged learning curve is plotted in Figus&73

3.5.3 Results and Visualizations

The trained CNN model was tested using the 1,652 testing images, which achieved an
overall 99.87% testing accuracy, indicating that trepsed method is doing well in
the case of using realorld photo images collected from experiment tests.

The guided backpropagation method described in Section 3.2.4 was then used
to interpret the results by visualizing the feattekated pattern iderited by the CNN
model. Four sample images representing different damage levels (from level 2 to level
5) randomly selected from the 1,6BRage test database were plotted with feature
related patterns in Figure1®. It is seen that featurelated pattersimilar to those of
humanvisualinspection were identified: the flaking patterns of the white latex coating
were highlighted in the pattern plots for damage condition assessment. Interestingly,
the cable behind the notched specimen was also identifibd dscriminative feature

related pattern by the CNN model. This would make sense because the cable length
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shown in the video image can be correlated with the loading displacement amplitude

and thus also the damage severity in the test specimen.

3.6. Concluding Remarks

Thisstudyinvestigates an imaggrivenultra-low cycle fatigue induced structural steel
damage condition assessment method usitgep learning algorithnihe technical
procedure for incorporating deep learning model into irtsgeed stictural steel low
cycle fatigue induced damage condition assessment method is developed. To
demonstrate the usage of this method and its effectiveness in low cycle fatigue induced
damage identification, a case study of structural steel fuse device wead catrusing
finite element (FE) simulation generated contour plot images. Parametric studies were
performed in order to investigate the optimal parameter values in this method. The
findings are further verified with another case study of a dogbonegxagelspecimen
using photo images taken during the experimental test. The proposed method is found
to be effective for damage condition assessment in both case studies. The main findings
are summarized as follows,

() The technicalprocedure for implememtg the deep learning model for
structural condition assessment application has been developed, including data labeling

with quantitative damage index, training strategy and feagladed pattern
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visualization. Quantitative damage index is defined to |labeictural condition
images.

(Il) Fine-tuning of all layers in a preeained CNN model is the recommended
training strategy for structural damage condition assessment application; by doing so
the training data size can be made far less than the supediata size that would be
typically required for training a deep learning model from scratch.

(Il Training data size is an important factor affecting the performance of the
CNN model for image driven low cycle fatigue induced damage condition assgssme
The order of magnitude for the training dataset is found to be a few thousand images
when finetuning of adaptedpre-trained CNN model, to ensure the ninety percent
accuracy seen in the case studies.

(IV) Saliency map offers a visual tool to evaluatbether the trained deep
learning model is doing the right thing and distinguish wreined deep learning
models from those pooHyerforming models by looking at the featwetated patterns
aligned with the human visual inspection. The guided bgekpayation method
provides the salience map showing the featatated patterns in the original images

recognized by the deep learning model.
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Figure 32. lllustration of mathematical operation of convolutional, ReLu and max
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Figure 33. Difference between deconvolutional neural network, gradient

backpropagation and guided backpropagation
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Figure 34. Imagedriven structural damage condition assessment flowchart using

deep learning algorithm
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Figure 36. Hysteresis curves of perforated steel link specimen from FE analysis and
experimental testing
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Figure 37. Evolution of damage index of perforated shear link specimen under AISC
loading protocol
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Figure 38. Sample FE simulatiegenerated images for CNN model training
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Figure 39. Sample learning curve from firtening the CNN model with 8,600
training images for shear link
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Figure 310. Visualization check on four sample images: (a) wralined model with

92.3% testing accuracyh) poorly-trained model with 18.2% testiragcuracy
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Figure 311 lllustration of object distance and camera inclination angle
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(a) Photos of FE generated images (Fracture Damage with no Residual Drift)
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(b) Photos of FE generated images (Fracture Damage with Residual Drift)
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Object Distance =42 cm
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(c) Photos of FE generated images (Moderate Damage Image with no Residual Drift)

Camera Inclination Angle
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Object Distance = 28 cm
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Object Distance = 42m
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Figure 312 Samples of printed FE generated image
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Figure 313. Visualization check results of experimental test image
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Figure 314. Dogbone steel plate specimen: (a) picture of specimen in test machine;

(b) picture of fractured specimen; (c) specimen geometry and dimensions
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Figure 315. FE simulation of dogbongpecimen: (a) meshed FE model; (b)
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Figure 316. Visualization of sample images with different damage severities in the

dogbone steel plate specimen (the coordinates referring to 224x224 pixels)
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Figure 317. Learning curve from finguning theCNN model with 8,259 images for

dogbone specimen
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Table 31. Categorization of damage levels

No Minor Moderate Severe Fracture
Damage o
N Damage Damage Damage Damage | (imminent)
Condition
(Level 1) (Level 2) (Level 3) (Level 4) (Level 5)
Damage
0-0.2 0.20.4 0.40.6 0.60.8 >=0.8
Index value

Table 32. Material hardening parameters of G20Mn5QT cast steel

Co (MPa)

C1

21

Re

483

5872.7

31.51

21

1.2
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Table 33. Loading protocols used for generating the training dataset

Amplitude Cycles

Waveform

Amplitude Cycles

Waveform

0.0:0.0:0.0% |, 0.01-:0.01-0.02
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0.02 0.030.01-0.01
ul o ‘/’\\ j/\\
0.030.030.03 |, 0.01-:0.01-0.04 5:,\/// \\ A A
gu A ‘ / \ \/
0.03 : 0.040.0:001 | 7 |/ \//
Ny i Y Y
0.040.040.04 glfg 0.01-0.020.03
0.04 " 0.020.01
: 1T N
0.01:0.020.03 ;" \ / 0.0:0.020.04 |, /|| /\A
0.04 ‘: \/ \ 0.020.01 Y \ / /
: : /
\
0.040.030.02 | \ \ /| | 0.0%0.030.03
0.01 g v V 002001 |-
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Table 34. Test results on FE simulation generated dataset

Training Data Averaged Testing Accuracy over 10 training episodes
Size . Fine Tuning
Training from _ : _
(total no. of Classifier Excluding First 2 All
_ Scratch
images) only layers Layers
3200 77.3% 79.5% 82.4% 83.4%
8600 80.6% 89.2% 89.4% 91.2%

Table 35. Test results on photos of printed FE simulation generated images:

Fracture with no residual drift

Damage Level Object Inclination Evaluation Results
(Damage Index) Distance (cm) Angle (Probability)
0° 5 (0.867)
5° 5(0.712)
28 cm
10° 5(0.815)
15° 5 (0.703)
0° 5 (0.849)
Damage Level 5 5° 5 (0.830)
, 35cm
(Damage Index=1.04] 10° 5 (0.737)
15° 5(0.787)
0° 5(0.681)
5° 5 (0.668)
42 cm
10° 5(0.734)
15° 5 (0.753)
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Table 36. Test results on photos of printed FE simulation generated images:

Fracture with residual drift

Damage Level Object Inclination Evaluation Results
(Damage Index) Distance (cm) Angle (Probability)
0° 5(0.713)
5° 5(0.739)
28 cm
10° 5 (0.787)
15° 5 (0.670)
0° 5(0.815)
Damage Level 5 5° 5 (0.715)
35cm
(Damage Index=0.92] 10° 5 (0.739)
15° 5 (0.753)
0° 5 (0.853)
5° 5 (0.749)
42 cm
10° 5(0.710)
15° 5(0.821)
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Table 37. Test results on photos of printed FE simulation generated images:

Fracture with no residual drift

Damage Level Object Inclination Evaluation Results
(Damage Index) Distance (cm) Angle (Probability)
0° 3 (0.595)
5° 4 (0.485) / 3 (0.463)
28 cm
10° 3(0.672)
15° 3(0.631)
0° 3 (0.529)
Damage Level 3 ac 5° 4 (0.633) / 3 (0.268)
cm
(Damage Index=0.45] 10° 4 (0.615) /3 (0.273)
15° 4 (0.534) / 3(0.287)
0° 4 (0.744) ] 3 (0.220)
5° 3(0.595)
42 cm
10° 4 (0.485) / 3 (0.463)
15° 3 (0.672)
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Chapt 8r acd.e Damage Detection for

Braced Frame Structures under Se

4.1. Introduction

Automated and robust damage detection tool is needed to enhance the resilience of civil
infrastructures. In thistudy, a deep learng based damage detection procedure using
acceleration data is proposed as an automatedhpaatd inspection tool for rapid
structural condition assessment. The procedure is investigated with a focus on
application in concentrically braced frame (CBFusture, a commonly used seismic
force-resisting structural system with bracing as fuse members. A case studioof 6

CBF building was selected to validate and demonstrate the proposed method. The deep
learning modei a ConvolutionalNeuralNetwork(CNN), was trained and tested using

a numerically generated dataset from over two thousand sets of nonlinear seismic
simulation, and maccuracyof over ninety percent was observed for bracing buckling
damage detection in this case study. The results ofeiye l@arning model were also
discussed and extended to define other damage feature index. This study shows that the
proposed procedure is promising for rapid bracing condition inspection in CBF

structures after earthquakes.
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4.2 Deep Learning based Brace Damage Detection

4.2.1 Brace Damage Detection Procedure

The proposed brace damage detection method involves training aCtiéépvith
acceleration response data for brace damage detection tasks (see Section 4.3.4) for a
series binary classification taskse(i.damaged or not), including (1) use roof
acceleration data to detect the occurrence of brace damage in the building and (2) use
the acceleration data at each floor to detect brace damages in the lower story. The
training of the deep CNN model uses walbeled images to discover features or pixel
patterns in order to distinguish between images. The feature generalization is optimized
through an iteration process called b@ckpagation.In order b improve the
generalization capability of the CNN modiels necessary to use training samples that
are representative of structural response under interested ground motions (see Section
4.3.2). Since the acceleration response ddtmesseriesn nature, it is also necessary
to preprocess the raw input @ainto standardized input format of the deep CNN model
(see Section 4.3.5).

The brace damage detection process is illustrated in FdplreFirst, a
sufficiently large data set with rectified data samples is buithfstraining of the deep
CNN model. h this study, nonlinear timgeries finite element simulation has been
performed to generate training data samples representative of structural responses. A
total of 2,880 sets of nonlinear time history analysis were conducted to create the
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training datase Next, these acceleration response data from the time history analysis
results are prprocessed and labeled for the training of the deep CNN model. Then,
the deep CNN model is optimized through bac&pagation in training. Finally, the
trained CNN modes evaluated using test data samples which are generated separately
from the training data samples. Wadidated CNN model can be used for brace damage

detection in the CBF structure

4.2.2 Deep Convolutional Neural Network

The proposed brace damage detection method relies on the deep CNN model to detect
the features related to brace damage using a strategy similar teb&d¢d image
classification. The CNNé a specialized kind of neural network for processing data that
hasa known gridlike topology (Goodfellow et al., 2016). Examples of deep CNN
models for image classification tasks are AlexNet (Krizhevsky et al., 2012), VGGNet
(Simonyan& Zisserman, 2014), and ResNet (He et al., 2016). These CNN models have
sophisticated etwork architectures in stacking of computational layers, including
convolutional layer, pooling layer, ReLu layand fully connected layer. Details of
these computational layers can be found in the reference by Goodfellow et al. (2016).
It is observed Hat the generalized features in early layers appear to be general
regardless of exact cost function and natural image dataset, and in later layers seem to

be taskspecific (Yosinski et al., 2014). In image classification, the general feature can
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be an edgeletector while the taskpecific feature can be the face of a human or the
wheel of a carThe \vsualintuition of this finding can be found in the reference by
Zeiler and Fergus (2@). This observation on the feature generalization enables the
use of tansfer learning to facilitate the training of CNN models. Transfer learning
refers to the situation where what has been learned in one setting (base dataset) is
exploited to improve the generalization in another setting (target dataset) (Goodfellow
et al.,2016). When the target dataset is significantly smaller than the base dataset,
transfer learning enables training a large target network without overfitting; recent
studies that have taken advantage of this fact obtainedo$ttte-art results from
trarsfer learning (Yosinski et al., 2014; Zeil&r Fergus, 204). Transfer learning is

also appealing to the application of brace damage detection in this study for two
reasons: (1) the sophisticated design of the architecture of those successful CNN
models ca be taken advantage of, and (2) the size of acquirable database for brace
damage detection (order of thousands) is far smaller than the image data (order of
millions) in ImageNetdatabase (Deng et al., 200&%om which those sophisticated
deep CNN modelsvere trained. Transfer learning has shown promising results in
medical applications also with limited number of available datamples such as
melanoma screening (Menegola et al., 2017) and skin lesion classification (Lopez et
al., 2017). Therefore,ansfer learning is apted in this study, and the pmained deep

CNN model (VGG16) by Simonyan and Zisserman (2014) has been used in this study
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as the base model due to its advanced network structure and manageable computational

cost.

4.2.3 Visual Interpretation

With demonstratetnpressiveperformance of deep CNN modéds largescale image
recognition, the problem of understanding the aspects of visual appearance captured
inside adeep learning moddias becomeelated so theimprovementwould not be
restricted to trianderror processSimonyan et al., 201Zeiler & Fergus2014). To
address theroblem researchers have investigated visualization techniques that gives
insight into the function of intermediate feature layers and titere evolution during
training (Zeiler& Fergus2014; Simonyan et al2013; Springenberg et a2014). The
deconvolutional neural network used by Zeiler and Fergus4j2®bvides a non
parametric view of invariance, showing which patterns from theitia set activate

the feature map. Simonyan et al. (3pXurther elucidated the function of the
deconvolutional neural network for feature visualization by computing irapgeific

class saliency map, which approximates the highlylm@ar scoring funitton mapped

from CNN model by evaluating its firstrder Taylor expansions as E@#-1):

oS
Se(D) = Se(Ip) + 521, - (1= 1)

oS oS
= el 1+ (S — FE L. - 1)

(4-1)
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where&: represents the scoring functidngenotes input variablgmages) ando is a

given specific image. The saliency map is established based on the derivative respect
to the input image of the score function that its magnitudes indicate which pixel needs
to be adjusted the least to affect the score. They pointetat the deconvolution layer

is either equivalent or similar to computing the gradient of the visualized layer. It is
effectively corresponding to the gradient bgrkpagation through a convolutional

| ayer. The reason fol arhe oieiompeit i equit\hal @
ReLU layer. Afterward, guidedbackpropagation (Springenberg et, &014) was
proposed to achieve enhanced accuracy in calculating the gradiergrbpekation
through a convolutional layer. The difference betweewneautional neural network,
gradient backpropagation and guided backpropagation were compared in the reference
(Springenberg et al2014). The guided bagkropagation method is used in this study

to visualize the feature patterns identified in the CNNdehoso the classification

results for damage pattern identification can be more easily assessed.

4.3 Case Study: 6-story Steel Braced Frame Building

The validation procedure is illustrated in Figd¢2. A 6-story CBF building is selected
as the prototyp structure and nonlinear time history analysis of the prototype CBF
structure subjected to earthquake ground motions were performed to generate the data

for training the deep learning model. Then, the performance of the CNN model is
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evaluated based on twevaluation tasks. Details and results are presented in this

section.

4.3.1 Prototype Building and Numerical Modeling

To demonstrate and validate the proposed bracing damage detection methed, a six
story CBF (chevron type, 6V) structure was selected eptbtotype building. This
building was designed for a sitetime metropolitan Los Angeles area with site class D
(firm soil) by Sabelli et al. (2003). To generate the data records, a finite element (FE)
model for the prototype structure that can simuthgenonlinear failure behavior of
bracings and other structural members needs to be established first; without loss of
generality, only a single braced bay was modeled in the FE software and later used for
performing the nonlinear time history analysiddeanan ensemble of ground motion
records, as shown in Figu4e3. Similar to the model by Sabelli et al. (2003), all beam
to-column connections with gusset plates attached (i.e., all connections except for the
roof level joints) were modeled as rigid jantBraces are modeled withe pin-pin
connection at their ends. The rigid floor diaphragm was assumed for all floors; thus, all
nodes at the same floor level would experience the same lateral drift in the horizontal
direction. The columns were fixed atthase on a rigid foundation. The globadeP
effects were considered via a leam column. The seismic mass was modeled as a

lumped mass with orgixth of the total floor mass assigned to the node of thedean
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column because a total of six braced baytrifoute to lateral force resistance in each
direction.

The finite element mod€FEM) of the building was built using a general FE
modeling software - OpenSees (McKenna et al., 2000). The displacement based
nonlinear BearColumn element with discretized fiber section was used to model all
the beams, columns and braces. The rigid truss element was used to modetdhe lean
columns. The uniaxi&Giuffre-MenegottePinto nonlinear material model for steel and
large displacement effect by usingmational transformation were considered in the
model. An initial imperfection with onthousands of the initial brace length was
assigned to the braces simulate the brace buckling behavior. The yield stress of the
steel material was assumed as 55 ksi (379.21 MPa) for all beams and columns as used
by Uriz (2008), and 60 ksi (413.69 Mpa) for braces based on the experimental data
from Yang and Mahin (2). Panelzone effects were not considered. The strain
hardening ratio (ratio between the pgild tangent stiffness and the initial elastic
stiffness) is assumed to be 0.05. It was found that 10 elements for columns and 20
elements for braces and beamsre sufficient to capture the nonlinear response
behavior of the CBF structure subjected to seismic ground motion while the
computation efforts are not unreasonably high for generating the massive training data

through nonlinear time history analysis.
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4.3.2 Ground Motions and Seismic Analysis

A total of 192 historical earthquake ground motion records were selected from the
PEER NGA database (https://ngawest2.berkeley.edu/) according to the following
criteria: (i) The selected earthquake records are fraeyforward directivity effects;
(i) All earthquake ground motion accelerograms were recorded on soil type D; (iii)
were generated by earthquakes of moment magnitudahing from 5.7 to 7.3; and
(iv) The hypocentral distance for these records rahgaeen 3.4 and 59.7 km.
Subsequently, all the earthquake records were scaled to a target spectrum that
represents the design basis earthquake (DBE) in Van Nuys, California conforming to
the ASCE 710 seismic code. The scaling factor for each of the selezarthquake
records was calculated by matching the averaged 5% damped response spectrum to the
target spectrum ahe pre-specified period range. The interested periods were set as
0.55 sec, 0.6 sec, 0.65 sec, 0.7 sec and 0.75 sec based on the fuhgemediaf the
prototype structure L= 0.65 sec from eigenvalue analysis). After each ground motion
was scaled to DBE, additional records were created by scaling the corresponding DBE
earthquake using scaling factors ranging from 0.15®d that diferent damage level
scenarios could be simulated for the prototype structure under varying seismic intensity
levels. In total, 80 ground motion records were used for the nonlinear seismic
analysis data generation.

In the nonlinear time history analysisthe Newmark constant average

acceleration method (b=0.25 -alewtbnreth6d. 50 )
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(Scott& Fenves, 2009) was used as the solution algorithm, which usesareast
squares analysis to advance the search for equilibriurheatdegrees of freedom
(DOFs) where the largest changes in structural state occur; then it corrects for smaller
changes at the remaining DOFs using a modified Newton computation. The algorithm
is suited to simulating brace buckling in CBF structure wheeddiyig and local
collapse mechanisms form at a small number of DOFs while the state of the remaining
structural components is relatively linear. The analysis results of the prototype structure

revealed thathe method had satisfactory convergence perforaan

4.3.3 Potential Damage Scenario

In CBF structures, seismic loads are mainly resisted by pairs of braces, in which the
potential damage would initiate as compression braces buckle and tension braces yield.
It is noted from nonlinear analysis resultstt brace buckling always happens first
because the intestory drift limit for brace buckling is smaller than the corresponding
yielding limit for a specific brace. Other types of damage such as plastic hinge
formation would then occur at beamcolumn pints at large intestory drifts. Among

the different damage types considered, brace buckling occurs first and has the most
severe effect to structural properties, thus the status of brace buckling is used to label

the input data for the CNN model so tlilaé deep CNN model has been trained to
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identify the occurrence of brace buckling. The brace tension yielding and plastic hinge

formation near beasto-column connections were also included the FE model.

4.3.4 Evaluation Tasks

In buildings, structural menaps are often hidden behind fireproof coating and drywall,
and thus buckling or yielding of these hidden steel members are difficult to detect, often
requiring removal of coverings and thus thle@nsuming and costly. For example, in

the 1994 Northridge etlmquake, a 4tory office building with fractured HSS bracing
remained plumb following the earthquake and the initial assessment of the structure by
the owner's representative prior to the review engineer arriving on site was that the
structure had not stened much damage (Tremblay et, 41995). Only after the
drywall with some cosmetic damage was removed, the fractured bracing could be
inspected. Therefore, visual inspection of the damage condition of each brace in the
building structure might be neitheconomical nor time efficient due to difficult access

to braces after strong earthquakes. Therefore, as shown in Bigutero simplified
damage detection schemes are proposed and examined in place of all possible
permutations: (Task 1) use the roofeleration record only to detect the occurrence of
brace damage (at least one brace damaged in the building); This can be viewed as a
yes/no question to be addressed during the initial quick screening stage of structural

condition inspection; (Task 2) ust®e acceleration data at each floor to detect brace
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damages in the lower story (at least one of the two braces are identified as damaged).
Once the first scheme raised a red flag for the-gisstster inspection that signals the
retrofit or closeup inspe&tion priority, the second scheme can be carried out to reveal

the damage location which would help engineers rapidly locate the damage and justify
the need for closap inspection in the building. These two damage detection schemes
are developed to addeeglifferent needs and resource availability: more accurate
damage information needs more sensors which increase the installation and
maintenance costs. These two damage detection schemes are investigated to evaluate

the damage detection procedure.

4.3.5 Deep Learning Implementation

4.3.5.1 Input Data: format and preprocessing

The floor acceleration response data from nonlinear seismic analysis of the prototype
CBF structure subjected to earthquake ground motion base excitation was selected as
the rav input data in this study. Howevéheimagedatawas stipulated as the input to

the particular deep learning model (i.€GG-16) adpted for this study while the
acceleration data gme seriesn nature. Thusthe shorttime Fourier transformation
(STFT, see Figurd-5) was applied first to transform the acceleration time series data

to image format compatible with theaped CNN model. The STFT spectrum plot can

be defined with two coordinates: time-dxis) and frequency {gxis), while its
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magnitude is represented by different color shades. Because differenintieneals

were used for the original 192 ground motion records, all acceleration response data
were interpolated with a uniform time interval value of 0.01 seconds to standardize the
outpu STFT images. Additionally, all acceleration time series data were tailored to a

constant duration of 70 seconds by padding zeros if the original duration is shorter.

4.3.5.2 Dataset creation

As mentioned above, a total of 192 ground motion records sealed to the design

basis earthquake (DBEand they were further scaled using scaling factors ranging
from 0.1 to 15 to generate different damage scenarios for the prototype CBF structure.
Nonlinear time history analysis of the CBF structure was tlegfopned using each
scaled ground motion record (total number &8B). For40 records out of the 830

sets of scaled ground motion records, the displacement response of the structure
became overly largand the numerical analysis diwdt converge irthe later stage of

the seismic duration. Therefore, thd€acases were dropped, and the remaini8g @,

sets of nonlinear time history analysis results were selected for the damage detection
study. The acquired dataset was randomly shuffled before thingplidr the training

and testing subsets, and the ratio of training to testing data was set at 80% to 20% for
the respective class. Details about the size of training and testing samples can be found

in Table4-1.
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4.3.5.3 Model Training and Validation Test

The deep | earning model 6s training and
Framework (Jia et al. 2014) using a workstation with a single Graphic Processing Units
(GPU) card (model: Nvidia GeForce Titan X) under the Ubuntu 16.04 LTS system.
The learniig rate was set to be 0.001 as initial value and decayed with a ratio of 0.5 per
every 300 steps (e.g., after 300 iterations, the learning rate was adjusted to 0.0005, and
after 600 iterations, the rate decayed to 0.00025, etc.). The training batch s&st was

as 64 due to graphic memory limit. The deep learning model wasuiveel fromthe
adapted/GG-16 using the training data generated ab®he.last fully connected layer

in the original VGG16 was replaced by a binary output for brace damage detection.
The training strategy of finkuning all layers isusedhere It can be seen from the
learning curve in Figuré-6 that the model convergedryavell, indicated by consistent

high training and testing accuracy

4.3.5.4 Validation Test Results

Seven CNN models were trained separately for the abvmrdioned evaluation tasks.
The testing results were summarized in Table It can be found thahe proposed
method can successfully identify damage or healthy cases with consistently high
accuracy in Tasks | and II, except for the damage case if'ts®ry of Task II. This

was due to the facts that the amount of data samples was too few ingtrfainthis

case, and this particular dataset cannot be augmented by adding more sets of ground
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motions because of the specific design of this prototype building that made the brace
in this story less likely to buckldt should be noted that the 192 DB&vél ground
motions with a scaling factor of 1.5 represented the maximum considered earthquake
(MCE) level events. Thus, further scaling the ground motions would not benefit the
filed practice since the ground motsgreater than this levelre out of the design

scope However, this issue can be circumvented by implementing the brace damage
detection for two adjacent floors. For instance, thardd the % floor can be combined

for the damage detection; the acceleration signals at'tfied were usedo detect

the occurrenceof brace buckling within the two stories. A separate CNN model was
trained based on this damage detection scheme, and the results turned out to be effective
with a testing accuracy 86.07% (135/142) for the healthy case 88d%6% (419426

for the damaged case.

4.4 Discussions

With the encouraging accuracy observed in the previous section, the potential of using
the proposed method for brace damage detection appears to be promising. However,
the reasoffior such success remaiasclear. To address this question, the discussion in
this section is attempting to interpret the results by visualization in order to understand
why the CNN model can do well and how to optimize. The attempt was first trying to

identify a recurring patterthrough visual inspection of the results from the trained
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CNN model. This pattern was then used to formulate a handcrafted feature for
classification using Bayesian decision theory, so the comparison can be made between
the handcrafted feature and thetfea identified by the trained CNN model in order to
explain the reason for the high accuracy of brace damage detection. A modified version
of the handcrafted feature and a feedforward neural network is also included for
comparison.

The results from thérained deep learning model were visually assessed by
using the guided backpropagation method described in Sdc2i@) the saliency map
recognized by the trained CNN model for brace damage detection is visualized here.
The saliency map wasotted using the same method as described in the reference by
Simonyan et al. (2@). Given an input STFT image, the saliency map represents the
most relevant pixel information regarding brace damage detection.

Through visual inspection of the saliencypaaa recurring feature pattern was
observed as the fAvolumeo of the STFTs if
viewed as the height of the bottom tiinequency surface for a3 representation. For
demonstration, three STFT plots were randombked from testing data, and the
saliency maps for the selected STFTs were shown in Figidrén order b quantify
this feature, the volumé&/J of a given STFT plot can be calculated using the summation

expression in Eqr{4-2) below,

224 224

V=>T1=> > I.

m=1n=1 (4_2)
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wherel representshe STFT image matrix, afdn denoteghe gray scale intensity of
the pixel with coordinates @handn.

Applying Eqn.(4-2), the STFTs can be transformed into the feature space, so
the classification problem can be restated as: given a feature valui€ivalume),
how to make the prediction? According to Bayesian based decision theory, the
prediction can be made based on the ruldakimum a Posterio(MAP), which
assigns the prediction to the class with the highest posterior probability. The posterior

probability can bealculated based on the Bayes theorem as (#eB),

P(v,C;)  P(|C,)P(C) —1.9

P(Czlv) = P(v) - P(’U) y U= (4_3)

where PY,Ci)(i=1,2) denotes the joint probability; \Rgi)(i=1,2) represents the class
conditional probability (or likelihood); P({Cdescribes the prior probabilitysignifies
the feature (volume) valueCi(i=1,2) is the binary class. The ratio of posterior
probability can then be formulated as E{fh4),

P(Cilv) _ P(s,C) _ P(v|C)P(C)
P(02|U) P(v,C,) P(U|02)P(02) (4-4)

If a uniform prior is assumed, which means the prior probability of the two
classes is equal (i.e. R{EP(G)=0.5) when no prior information is given. EqA-4)
can be restated as Eq#-5),

P(C,|v) _ P(v|C)
P(Cylv) P|C,)

(4-5)
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Since the feature variable is assumed to be continBus4|C) = 0 for a given

value ofv (e.g, v=w). The L'Hospital's rule is then used to calculate E4p5) that,

P(Ci|v,) _ P(v,|Cy) — lim P(v|Cy) — lim p(v|Cy) _ p(v.1Cy)

P(02|Uz) B P(Uz|02) ”%“rP(U|C2) “ﬁ”fp(ﬂcz) B p(vz|02) (4-6)

wherep(v|Ci)(i=1,2) represents the classnditional probability density (or likelihood
density), which can be established based on the observed data (feature distribution).

Henceforth, the classification can be made based on(&qi,

Cl, lf p(’Uz|CJ) >p(’l)x|02>

Prediction =
{027 1f p(vz |CJ) < p(vz |C2)

(4-7)
A decision boundary can also be found so gfefC1) = p(v|Cz), which is the
cross intersect of the two probability density functions. And the prediction cabealso

made based on Eq-8),

C,, if v, vy, so p(v,|C;) > p(v,|Cs)

Prediction =

Cs, if v, vy, so p(v,|C;) < p(v,|C:)

ANV V A

(4-8)
Interestingly, it is noticed that the rule dfaximum a Posterio(MAP) is
equivalent to the rule of minimizing the misclassification rate, with the assumption of
auniform prior. The proof about this statement can be found in the reference by Bishop

(2006). The misclassification occurs when an input feature belonging toQilass
assigned to clags, or vice versa. The probability of making the mistake is given by
Eqgn.(4-9),
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P (misclassification) = P(ve R,,C,) + P(ve R,,C))

:P(Cz)/l;lp(mcz)dv +P(Cl)/}22p(U|01)dv 49

As illustrated in Figured-8, the optimal decision boundaxy is the cross
intersect of the two clagsonditional probability density functions; the probability of
misclassification will always be larger wittssigning a boundary on the left)(or
right (v2) side of thes, since an additional area region (yellow or blue) will occur while
the sum of the area of red and green regions remains constant. With the optimal decision
boundaryv, it can also be fouhthat the larger the intersection area of the two curves
(i.e.,, the summation of the two integrals in E¢#9); the sum of the area of the red
and green mgions), the higher the misclassification probability will be. Since the
feature distribution predominately influersdbe intersection area, a better feature will
always havea smaller intersection area, so as the probability of making mistakes; a
compari®n can be made between features.

The observed volume feature formulation was applied to2{B40 sets of
acceleration data in Task 1. The histogram of the feature distribution and the estimated
classconditional probability density function were shown kigures 4-9(a), (b)
respectively. The establishment of the clessditional probability density function
was based on the kernel smoothing function estimation to fit the observed feature
distribution. The decision boundary was found to be 26.37, as shown in Figure 9(b).

The predicting accuracy per class was then found to be 86.13% (healthy) and 87.30%
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(damaged), which were close to the estimated rate 85.39% (healthy) and 86.95%
(damaged)The estimatedccuracy was calculated based on the cumulative probability
using the estimated clasenditional density function. It should be noted that the
accuracy here was referred to the whole dataset rather than the testing dataset used in
Section4.3.

As discusseé before, feature comparison results show that an ideal feature
would be the one formulated to reduce the intersection area in thecofaditonal
probability density function curve plots. An example of this can be modifying the
volume feature with a mdfier (s), which was set as the scaling factor of the input
earthquake ground motion with respect to the design earthquake leved (iaue

between 0.1 to B), as expressed in Eqgf#-10) below,

. 224 224
V=s-V=s-Y I=s > > I,
m=1n=1 (4-10)
This modification is inspired by the fact that stronger earthquakes would have

a higher likelihood to cause brace damaged in the CBF structure. The data distribution
of the modified feature is shown in Figurd 0, with fewer intersection area comparing
to the original volume feature in Figu4e9(b). When the decision boundary was set as
12.72, the predicting accuracy per case was found to be 95.48% (healthy) and 92.43%

(damaged), which were close to the restied rate 95.58% (healthy) and 91.54%

(damaged).
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The modi fication of the Avolumeo featur

made on the feature function in Eq@-2) to further boost the classification
performance by mining features with the least intersection area. The optimization can
be achieved by training a feedforward neural network (FNN) with no hidden neuron
but two outputs. The output neuron (befahe SoftMax layer) calculated feature

from the input STFT using Eq-11),

F=> WI+b= %%Wmnmn +b
m=1n=1 (4-12)
whereW andb are the weight matrix and bias term in the FNN. It is found that Eqn.
(4-11) is reduced to Eqgr(4-2) if the weight matriXW s set as albnes matrix and the
bias termb is set as zero. The activations in the output neuron was extracted and the
feature distribution are shown in Figurd 1. The intersection area is further decreased
(Figure4-11(b)) comparing to the previous handcrafted features in Fige9€s) and
10(b).When the boundary was set as 0.451, the predicting accuracy per case was found
to be 98.23% (healthy) and 95.95% (damaged), which were close to the estimated
98.27% (healthyand 95.63% (damaged).
Next, the activations in the last feature layer of the CNN model used in this
study were extracted, and the feature distribution is shown in Hglie An even

better feature distribution can be qualitatively assessed in FHgl2éb). When the

boundary was set a6.38, the predicting accuracy per case was found to be 99.23%
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(healthy) and 98.41% (damaged), which were close to the estimated rate 99.19%
(healthy) and 98.42% (damaged)

It was found that the trained deep CNN moddliaed the best classification
performance by generalizing the most discriminative feature distribution witbasie
intersection area, comparing to the features of volume, modified volume, and trained
FNN. The difference between the trained deep CNNehaxdd the FNN was found to
be the definition of the feature function. In the FNN, the feature function was restricted
to the form as expressed in Eq4-11), while a more advanced feature function is
believed to be generalized by the CNN model through stacking different computation
layers. The advancement of the feature function had potential to increase the

classification performance.

4.5 Concluding Remarks

A deep learning based damage detection procedure using acceleration data is presented
as a nondestructive evaluation tool for rapid gwstard inspection and condition
assessment task. In this study, the procedure is demonstrated with a case study of CBF
structure, which is a widely used seismic load resisting systerat@ysCBF building

is selected as the prototype structure for the validation study. The deep learning model
is trained and tested based on nonlinear time history analysis data frahcd 2840

cases. For practical issues, two representative evaluation tasks are selected: Task (1)

106



detect the occurrence of bracing damage in the entire building using roof acceleration
data only and Task (2) not only detect the occurrence but alsoddbatdamaged in

the building using acceleration data measured from each floor. The results from the
trained deep learning model were visually assessed on the recognized features through
the saliency magn order b interpret the results, a comparison weasle between the
inspired feature volume, modified volume, trained FNN and trained deep CNN model.
The study shows that the proposed procedure is promising in offering an automated
damage detection tool for rapid condition assessment. Specific findirgs ar
summarized as follosv

() The proposed damage detection method is effective in identifying the
presence of seismiaduced brace damage (buckling) in the CBF structures, tivéth
accuracy over®.60% in this case study.

(I The inspiration from the si@ncy map revealed a simple feature that was
tested with acceptable accuracy, which showed the potential to learn from the deep
learning. However, the performance of the inspired feature yielded to the optimization
of the feature function.

(1) The deep ®IN model was trained to discover more discriminative features
comparing to the simple FNN through the optimization of more advanced feature
function, which was generalized by the stacking of different computational layers.

(IV) The transfer learning was an to be effective in training the deep CNN

model for the detection of seismiimduced brace damage (buckling) in the CBF
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structures. The transfer learning can simplify the design and training of the deep CNN
model. The agpted CNN model here offered aptmn with finetuning a well pre
trained model on a databaseaatorder of a few thousand training samples for this

specific brace damage detection problem.
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Figure 41. Deep learning basdatacedamage detectioprocedure
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Figure 42. Brace damage detection procedure in the case stual§-story CBF

building
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Figure 47. Feature visualization of three randomly picked input images
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Figure 48. Schematic illustration of the optimal decision boundary to minimize the

misclassification rate under the assumption of a uniform prior
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Figure 49. Statistical analysis of the computed volume feature: (a) histodis
estimation of class conditional probability denghly= Healthy; D =Damaged; \+

Volume; P= Probability; pdf =probability density function)
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