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This dissertation explores structural damage identification of civil infrastructure by an

image-based approach. The underlying basis for the research is that optical images of struc-

tures or structural components provide pixels that can be viewed as spatially high-resolution

‘sensors’, which convey the topographical appearance characteristics of structural integrity

in a highly collaborative manner. With images captured at different times, the tempo-

ral variations of the images can capture the changes of structural integrity, i.e. structural

damage. Two scales of structural damage are addressed in this dissertation, namely, the

geospatial scale of structural damage in urban areas and thelocal scale of structural dam-

age in structural components. Accordingly, satellite imagery and digital camera imagery

are used in the two scales of damage identification.

The methodology in this dissertation for solving the identification problem do not fall

into the traditional photogrammetric category. Instead, modern computer vision and ma-

chine learning methods are relied upon. For the urban structural damage identification, the

task is formulated as a damage extraction and classificationproblem. Accordingly, two sets

of solution frameworks, each of which includes a damage feature extraction method and

a multi-level structural damage classification method, areproposed. For the image-based

local structural damage identification, two problems are studied; one is the geometric quan-

tification of damage in images, the other is the monitoring ofthe inception or propagation

of damage using multi-temporal images. Two different model-based solutions are proposed

to solve these problems.
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The methods proposed in the study of urban damage identification using satellite im-

agery can be used to perform urban damage classification for individual urban buildings

or urban sub-areas in the immediate aftermath of a large-scale disaster that strikes a built

urban area. Therefore, a preliminary damage assessment canbe quickly produced, which

may facilitate rapid disaster response. Based on the study ofimage-based local damage

identification, the resulting damage-related informationmay be integrated into mechanics-

based predicative modeling or vibration-based structuralhealth monitoring, and the pro-

posed methods can be extended to analyze images from different types of non-destructive

imaging devices.
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Introduction

Imaging Technologies

The last few decades have witnessed an explosive development of imaging technolo-

gies, which have significantly impacted nearly all domains of sciences and engineering, as

well as society in general. Today, a tremendous number of imaging devices are being used

by scientists, engineers and the general public, and novel image acquisition methods con-

tinue to sprout. Moreover, a diversity of interdisciplinary engineering disciplines have been

spurred, such as medical imaging, remote sensing, non-destructive imaging and evaluation,

etc.

Consequently, numerous image processing methods are being developed to handle im-

agery data. They range from methods based on the traditionalFourier analysis machinery

to advanced methods such as those based on Markov random fields/Bayesian inference the-

ory, or variational/partial differential equation methods (Chan and Shen, 2005). In addition

to the physics-based understanding of imagery data, mathematical models and algorithms

based on statistics, optimization and geometry are rapidlygrowing for the purpose of image

interpretation. These topics, including image processingand interpretation, are generally

covered in the disciplinecomputer vision(e.g.Forsyth and Ponce, 2002).

Imaging Technologies Applied to Structural Engineering

Imaging technologies have been applied in structural engineering, which may be sum-

marized in two broad areas.

1. Structural Damage Identification First, various types of non-destructive (ND) imag-

ing and tomography technologies have been used in structural engineering for lo-

1
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cal structural damage identification. Widely used imaging methods include infrared

imaging, microwave imaging, acoustic imaging, x-ray imaging, and other types of

radiography-based imaging (Shull, 2002). These imaging techniques break the bar-

rier of invisibility hence internal damage local to structural elements can be iden-

tified. The application of nondestructive imaging in structural engineering is very

much analogous to medical imaging, which is concerned with revealing or diagnos-

ing disease in human body.

Second, an emerging application for the purpose of structural damage identification

is the use of remotely sensed images obtained from spaceborne or airborne imag-

ing. This type of imaging is traditionally investigated in the remote sensing commu-

nity, and the typical application is change detection to earth coverage. When remote

sensing-based imaging is used for the purpose of damage identification, as will be

described in the following section, the geometric scale of structural damage to be

identified is greatly extended.

2. Structural Motion Tracking Imagery data captured in time can provide valuable in-

formation regarding the dynamic movements of structural elements subjected to load-

ing. Compared to traditional point-based sensing instruments (e.g. accelerometers),

high-resolution motion of structural elements can be obtained. Successful applica-

tions of image-based structural motion tracking can be found in performing nonlin-

ear system identification and seismic-induced motion acquisition (e.g.Chung et al.,

2004; Hutchinson and Kuester, 2005; Kanda et al., 2005).

In the following, we focus on the problem of structural damage identification and review

the existing methodologies adopted in structural engineering.

Structural Damage and Identification Methodology

Structural Damage and Scale

The first class of structural damage may be defined as change tothe material and/or

geometric properties of a structural system, including changes to the boundary conditions,

local/global stiffness, and system connectivity, which adversely affect current or future
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performance of that system (Farrar and Worden, 2007). Examples of this class of damage

in structural systems include cracking (stiffness change), scour of bridge pier (boundary

condition change) and loosening of bolted joint (connectivity change). In this context, the

scale of damage is local to and smaller than the structural system itself.

Alternatively, a second class of structural damage may be defined with a scale as large

as the structural system. In this context, structural components or structures present damage

with a global scale. Examples include damage to transportation or power networks, wide-

spread urban building collapse and other infrastructure damage.

Structural damage of the first class may be identified usingstructural health monitoring

(SHM) technologies, which attempt to locate and quantify structural damage in an on-line

manner. The majority of SHM technologies are vibration-based. Therefore, the interroga-

tion of vibratory data prevails in numerous SHM research. Popular methods include signal

processing, system identification and statistical patternrecognition. Two limitations can

be recognized if a SHM methodology is used for structural damage identification. First

of all, SHM technologies are not applicable to the structural damage of the second class.

Secondly, the identified structural damage in SHM practice is typically quantified using

non-direct physical measures. These measures are usually not extracted based on the to-

pographical patterns of damage. For example, cracks cause reduction of system stiffness –

the reduction may be identified using a SHM method; however, no measures are provided

based on the shape of cracks, such as areas and lengths. Therefore, the resulting damage

measures are not comprehensible to naked eyes.

Image-based Damage Identification

In contrast to the SHM technologies, ND and remote imaging provide a comprehen-

sive means for identification of structural damage based on the topographical patterns of

structural damage. The underlying basis is that images of structures or structural compo-

nents provide pixels that can be viewed as spatially high-resolution ‘sensors’, which convey

the topographical appearance characteristics of structural integrity in a highly collaborative

manner. With images captured at different times, the temporal variations of the images can

capture the changes of structural integrity, i.e. structural damage. The scale of structural

damage identified using imaging technologies vary significantly. The damage may have a
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scale ranging from the microscopic level (e.g. damage with ascale less than 0.01 mm),

the visually significant level (e.g. damage of civil structures with a scale for 0.01 mm to a

meter), or the geo-spatial scale (e.g. wide-spread urban damage with a geographical extent

of more than a kilometer).

Another key advantage of ND imaging is that internal structural damage can be pre-

cisely ‘marked’ by 2D/3D imagery patterns in a spatial domain relative to the configura-

tion of the structural element. Therefore engineers are notrestricted to the visibility of the

material. In terms of visualized damage patterns, structural damage that can be captured by

ND and remote imaging is extremely diverse to date, ranging from cracks, voids, inclusion

or deformation in structural elements to collapse of buildings. These damage patterns in

images can be extracted and directly quantified using measures that are comprehensible to

naked eyes.

To identify damage from imagery data, the task may include the following components:

• localizing structural damage in the images, and projectingthe image-domain location

to the physical domain;

• evaluating the degree of structural damage, which may be in the form of categorical

damage level or scalar-valued structural damage indices;

• monitoring the inception, and/or propagation of structural damage.

One can recognize that these problems fall into the general image interpretation context,

hence they are a type of inverse problem as opposed to the image acquisition process. How-

ever, they are a different type of inverse problem from the system identification methods

frequently used in SHM. System identification deals with seeking mathematical models,

based on observed data from dynamic systems (Ljung, 1999). Therefore, a system identifi-

cation is usually undertaken using parametric models basedon first laws. On the contrary,

to interpret the scene captured in images, models and algorithms are usually built upon

statistics, optimization and geometry theories, and the verification based on the physical

laws is less considered.
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Scope, Motivation and Organization

Scope

In this dissertation, two types of structural damage in images are addressed, which

differ significantly in scales and in topographical patterns. First, structural damage in urban

areas with a geospatial scale is investigated. Second, local structural damage to structural

components is addressed. Accordingly, satellite imagery and digital camera imagery are

used in the two scales of damage identification.

Motivation to Identifying Urban Structural Damage with Satellite Im-

ages

Large-scale extreme events pose a great risk to the built environment. In recent years,

the world has been shocked by several large-scale urban disasters and their immensely

tragic consequences in terms of human and property losses. For example, the 2004 In-

donesian Great Tsunami in Asia, the 2005 Hurricane Katrina in the United States, and

the recent 2008 Sichuan earthquake in China. When performing immediate post-disaster

rescue and reconnaissance and allocating limited resources, remotely-sensed orbital/aerial

images have been widely used and proven invaluable in decision making by emergency

responders.

It is noticeable that many modern satellite systems are available to provide imagery data

with very high resolution in three aspects: high spatial resolution, high spectral resolution

and high re-visit frequency. Using these high-resolution images, structural details that

characterize urban structures, e.g., boundaries or roof details, become well detectable and

structural integrity of urban areas can be monitored in a timely manner. This availability

has facilitated a number of research endeavors focused on image-based urban infrastruc-

ture damage analysis in the engineering community (literature review will be given in the

following chapters).

In these endeavors, they aim to produce a remote-sensing-based decision making sys-

tem that can assist responders in performing immediate rescue and reconnaissance and

prioritizing the allocation of limited resources in the aftermath of a major disaster. Such a

system is a critical component in achieving resilient urbanemergence response. However,
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effective methods for identifying urban structural damageare still lacking. In particular,

an object-based urban damage identification framework is rarely explored in the fields. In

this dissertation, urban structural damage is identified with a focus on developing useful

object-based approaches to classifying damage levels.

Motivation to Identifying Local Damage to Structural Components with Digital Im-

ages

Several national agencies have reported that the civil infrastructure in the U.S. is aging

and failing, and critical structures have been neglected ofmaintenance and repair. In 2005,

American Society of Civil Engineers (ASCE) issued a grade cardsummarizing the health of

various categories of the U.S. infrastructure. The averagegrade was ‘D’. This fact entails

that both monetary and technology investment to the civil infrastructure in the years to

come be tremendous.

It is noted that timely prepared damage evaluation is indispensable in decision making

while determining the sustainable solutions for the existing structures (e.g. retrofitting or

demolishing). This indicates that any effective solutionstowards producing such damage

evaluation should be explored. In addition to the SHM and other NDE technologies, an

image-based approach to identifying local damage to structural components is one of these.

Local damage to structural components can be imaged by various types of ND imaging

methods. Based on the physical mechanisms, mechanical and geometric properties of the

detected damage can be identified to some extent. However, compared to the advances in

medical imaging, wherein a large number of computer vision and machine learning models

and algorithms have been adopted to assist with medical diagnosis, image-based quantifi-

cation of structural damage is still rarely explored. In addition, there has been less work

in exploiting imaging methods in a damage monitoring context, such that the inception or

temporal propagation of structural damage can be monitored. In this dissertation, a type

of common structural damage in structural engineering, concrete surface cracks will be

studied. Although this choice is narrow compared to the vastgenre of local damage pos-

sible, the approach proposed is easily generalized to consider other damage mechanisms

provided that proper imaging and modeling are adopted.
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Dissertation Organization

This dissertation dedicates to seeking solutions to identifying the two major structural

damage types. Accordingly, the dissertation is divided into two parts (Part I and II). The

first part contains six chapters, and focuses on the identification of urban structural damage

in satellite images.

• Chapter 1 introduces urban structural damage in satellite images and the related pre-

processing steps.

• Chapter 2 focuses on the introduction of the general conceptsand generic damage

extraction methods, and the disturbing factors in satellite images.

• Chapter 3 proposes a pixel-wise damage feature extraction method, which aims to

provide an efficient and quick damage feature extraction method.

• Chapter 4 provides an application study of performing multi-level, probabilistic struc-

tural damage classification for urban buildings using a discriminative classifier based

on Bayesian inference.

• In Chapter 5, a region-based damage feature extraction approach is proposed, which

aims to obtain object-based damage feature vectors that areresistent to image distor-

tions.

• Chapter 6 proposes a voting-based damage classification scheme for conducting

object-based damage classification, in which the base classifier is based on a non-

probabilistic generative modeling of high-dimensional feature data.

Part II of this dissertation deals with the identification oflocal structural damage:

• Chapter 7 is an opening chapter for Part II, providing background to local ND imag-

ing technologies and image-based damage detection. Furthermore, the problems of

interest are defined.

• In Chapter 8, a PDE-based modeling approach is applied to extract the geometric

properties of concrete cracks in the images; particularly,a novel width extraction

method is proposed.
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• Chapter 9 presents a method for monitoring structural damageusing multi-temporal

images, in which a motion-invariant damage index is proposed.

In Chapter 10, the dissertation concludes with remarks regarding the key findings and

recommends the needed future work.



Part I

Urban Structural Damage Identified

with Satellite Images

9



Chapter 1

Urban Buildings in Satellite Images

1.1 Introduction

Two image-based structural damage identification problemsare introduced in the In-

troduction, which differ significantly in their physical scales and damage patterns – one

addresses structural damage of individual buildings in satellite images, and the other deals

with local damage to structural components. Therefore, they must be approached differ-

ently.

In this opening chapter of Part I, the topographical appearance of urban buildings in

satellite images captured before and after major disastersis described. We particularly

focus on discussing the possible levels of structural damage of urban buildings that bitem-

poral temporal images can manifest. Subsequently, the identification of urban structural

damage using bitemporal satellite images is formulated as apattern classification problem.

In the end, two sets of pre-processed satellite imagery are introduced, which will be used

in the following chapters.

1.2 Urban Buildings and Damage in Pre- and Post-disaster

Images

Modern satellite sensors, such as Quickbird (Quickbird, 2008) or the recently launched

Worldview-1 (Quickbird, 2008), are available to provide multi-temporal imagery at very

10
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high resolution (VHR) at sub-meter spatial accuracy as well as other existing satellite sys-

tems that provide meter-level high resolution, such as the Ikonos (Ikonos, 2008) and the

SPOT-5 (SPOT, 2008). In addition to the high spatial resolution, satellite sensors also

provide high-resolution in the spectral domain, and are operated to have shorter revisit pe-

riods. Due to these capabilities, satellite images have been used as an unparalleled source

of information for studying, monitoring, forecasting and managing natural resources for

large-scale earth phenomena and human activities on our planet.

In recent years, the world has been shocked by several large-scale urban disasters and

their immensely tragic consequence in terms of human and property losses. For example,

the 2004 Bam Earthquake in Iran, the 2004 Indonesian Ocean Earthquake and the Great

Tsunami, the 2005 Hurricane Katrina in the US, and the recent2008 Sichuan earthquake

in China. During these disastrous events, remotely-sensed satellite images were widely

used by emergency responders when performing immediate post-disaster rescue and re-

connaissance. With the aforementioned orbital sensing systems, individual urban infras-

tructure (e.g. buildings, roads, bridges) and their corresponding details that characterize

them (e.g., boundaries or roof details), are visually identifiable and reasonably detectable

in the obtained images. This availability has facilitated anumber of research endeav-

ors focused on image-based urban building damage analysis in the engineering commu-

nity (e.g.Rejaie and Shinozuka, 2004; Rathje and Crawford, 2004; Mansouri et al., 2005;

Kohiyama and Yamazaki, 2005; Gusella et al., 2005; Chiroiu, 2005). These endeavors are

expected to assist in performing immediate rescue and reconnaissance in disaster-stricken

urban areas as well as to provide useful information for improving hazard reduction meth-

ods for structures in urban areas. Following these previousefforts, optical satellite imagery

is used in this dissertation and urban buildings are the primary focus.

If the geometric and spectral intrinsics of the satellite sensor and other environmen-

tal factors are held constant, the topographical appearance of urban buildings in satellite

images manifests itself from (i) geometric configuration and (ii) reflectance properties of

the individual buildings. The 3D geometric configuration ofan urban building determines

the 2D shape of the building in the captured image. The reflectance properties of urban

buildings vary spatially as different construction materials are used, which cause different

spectral compositions under uniform solar illumination when captured by optical sensors.

Due to the nature of optical imaging, many physical and environmental factors not
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related to the buildings have an considerable effect on the topographical appearance of the

buildings. These factors, to name a few, include sensor tilts, solar illumination variations,

atmospheric disturbance and weather changes. For example,sensor tilts can project the

building geometrically different in the image; solar angles can produce different shadow

patterns to the same building; and atmospheric disturbancemay lead to diffusive artifacts

in the image. In Chapter 3, the impact of these disturbing effects will be further evaluated

by using satellite imagery patches containing single urbanbuildings.

1.2.1 Large-scale Urban Disasters

To illustrate urban buildings and their damage patterns as manifested in satellite images,

examples are presented from two recent major natural hazards.

Case I: Bam Earthquake, Iran, 2003

The historical city of Bam, Iran was struck by a major earthquake (Mw = 6.6) on De-

cember 24, 2003. This event devastated a large number of residential buildings, mostly

constructed by mud-bricks or masonry with very poor seismicresistance, and claimed

some 30,000 lives (Eshghi and Zare, 2003). Several on-site reconnaissance and reports

conducted by different international teams have documented the damage to buildings and

other infrastructure in the Bam area (e.gEERI, 2004; Sanada et al., 2004; Kuwata et al.,

2005; Ramazi and Jigheh, 2006).

According to these reports, urban structural damage was concentrated in a small area

(about 16km2) in the city of Bam and its surrounding cities. During the earthquake, the

historic Arge-Bam Citadel was destroyed. Most of the 30,000 lives were lost due to the

collapse of traditional residential buildings in this area. Most of the collapsed buildings

appeared to be due to out-of-plane failure of walls, resulting in loss of support for the heavy

roof systems, which were mostly cylindrical or dome-shapedmade from adobe and straw-

reinforced mud. Engineered buildings were stricken with less damage. Since most of these

engineered buildings used steel framing with unreinforcedmasonry brick infill, out-of-

plane failure of the unreinforced masonry walls dominated the damage to these buildings.

In Figure1.1, on-site pictures provided by these reports archive selected examples of

damage to buildings. It is noted that despite the different sources of these pictures, in the
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first two columns, buildings, which are either traditional and contemporary structures, sus-

tained partial to complete collapse, with whole or part of the structure reduced to scattered

debris. It is expected that the loss of structured walls or the appearance of debris can be

captured in VHR satellite imagery. In the third column, three buildings built with steel

framing filled with unreinforced masonry brick infill are shown. It is noticeable that in

Figure1.1(c), the building had a soft ground floor and it severely inclined after the earth-

quake. This inclined behavior, as well as its deformed top configuration, may be captured

in VHR imagery. However, the building in Figure1.1(f) stood after the earthquake with

only out-of-plane failure to its exterior walls. In this case, it is speculated that satellite

imagery captured with a nadir view angle may not capture thischange of structural appear-

ance particulary considering the scale of the building. In Figure1.1(i), the structure stood

intact with its surrounding debris that may come from the collapsed nearby building.

In this dissertation, a pair of bitemporal satellite imagescaptured by Quickbird (Quickbird,

2008) were used, which are panchromatic (gray-level) images with a60 cm
pixel

spatial reso-

lution. Since the images are very large (the pre-event imagehas15024 × 9896 pixels and

the post-event has15820 × 11600 pixels), which are unable to be printed with sufficient

resolution within a single page. In the following three cropped bitemporal image patches

are shown with indication of their original approximate locations in a small browser image.

In the first pair of bitemporal patches (P1), a neighborhood community that was well

preserved is shown in the bitemporal image pair. Urban buildings in these two patches

feature homogeneous gray levels with closed edge-like boundaries. In P2, visual analysis

of the pre- and post-event image patches reveals that some ofthe buildings in this small

region suffered from partial to complete collapse. In P3, visually one may observe that

almost all structural features are absent in the post-eventimage, clearly indicating that this

neighborhood was devastated completely.

Case II: Indonesia Ocean Earthquake and Tsunami, 2004

The Great Sumatra Earthquake and the subsequent Great Indian Ocean Tsunami caused

by the uplift of the ocean floor, occurred on December 26, 2004, claimed over 300,000

lives and caused billions dollars of property losses across12 countries bordering the Indian

Ocean. This was clearly a large-scale disaster. Post-disaster field reports (e.gCGI, 2005;
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 1.1: Photographs of damaged buildings in Bam, Iran dueto the 2003 Bam Earth-
quake: (a-c) images courtesy ofEERI(2004); (d-f) images courtesy ofSanada et al.(2004);
and (g-i) images courtesy ofRamazi and Jigheh(2006).
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Figure 1.2: Three pairs of bitemporal image patches (P1, P2 and P3) cropped from a pair of
large-scale satellite images captured before and after the2004 Bam, Iran Earthquake. The
pre-event image was captured on Sep. 30, 2003 and the post-event was on Jan. 3, 2004
(Images courtesy of DigitalGlobe Inc.).
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RMS, 2006) confirmed that millions of homes and buildings were destroyed. Within only

the area of Aceh Province of Indonesia, about 1.3 million urban buildings were damaged

due to the devastating effects of the tsunami. Different from other natural hazards, most

affected areas were hit by the earthquake(Mw = 9.2) and subsequently stricken by the

Tsunami.

In Banda Aceh and other affected areas in Indonesia, the majority of built structures

can be grouped into three types: (i) residential buildings constructed with with wood fram-

ing and clay tiles or thin corrugated steel sheets for roofing, (ii) non-engineered concrete-

framed structures with unreinforced masonry infill, and (iii) engineered reinforced concrete

buildings. According to several reconnaissance reports (e.g.JSCE, 2005; Ghobaraha et al.,

2006), the damage in the city of Banda Aceh was the result of both theseismic shak-

ing and the subsequent tsunami. Different from seismic shaking and its dynamic effects

on structures, tsunami waves apply hydrodynamic pressures, buoyancy, uplift, or scour to

structures. Hence, the damage patterns manifest very differently from typical seismic-alone

damage.

In Figure 1.3, three rows of urban buildings in the Banda Aceh area from different

sources are provide. In the first row (a-c), typical buildingcollapse was observed, which

was due to the poor resistance of the buildings to seismic shaking. In the next row of

pictures (d-f), buildings were primarily damaged by the tsunami waves. In Figure1.3(f),

only the ground story was left with the second story almost completely gone. It is noticeable

that large amounts of debris were found piled around the buildings, which were left by the

receding water and may not be solely from the collapsed buildings in situ.

In Figure 1.3(g-i), three particular damage patterns caused by the tsunami wave are

observed, which represent three special situations that satellite sensors on the orbit can not

capture. In (g), the ground level columns were apparently damaged by flooding pressure

and the accumulated debris pressure; in (h) a building stood, however is soaked in water

extensively; and in (i) the shallow foundation of the building was eroded by water. All of

these effects could not be captured by satellites with a relatively plan view.

Similar to the Bam earthquake, this large-scale urban disaster was captured in satellite

imagery shortly after the Earthquake and the Tsunami. On December 28, two days after

the event, Quickbird imagery was available. These high-quality images clearly displayed

the extent of the flooding, the severity of urban infrastructure damage and the widespread
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 1.3: Urban community and buildings stricken by the Sumatra Earthquake and the
Great Tsunami: (a1-a3) Three reinforced concrete buildings in Banda Aceh collapsed dur-
ing the Earthquake (images courtesy ofJSCE(2005); (b1-b3) show three buildings with
partial collapse to complete collapse due to tsunami flooding (images courtesy ofUSGS
(2008)); (b1-b3) damage buildings as the result of the Tsunami include (b1)ground level
columns damaged by flooding pressure and piled debris, (b2) asurvived building with
ground floor soaked in water and (b3) a building with loss of support of its shallow foun-
dation due to water erosion (image courtesy ofGhobaraha et al.(2006).
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devastation of the city and its surrounding areas. In this dissertation, we use several pairs

of bitemporal Quickbird imagery data sets which were acquired from the Pacific Disaster

Center (PDC) (PDC, 2008). These images cover Banda Aceh and its surrounding areas, and

are pan-sharpened with a spatial resolution of60 cm
pixel

1. Similar to the Bam images, these

images are very large. Therefore, we selectively extract two example bitemporal image

patches in Figure1.4. Note that their original approximate extents are indicated on a small

browser image.

In the first pair of bitemporal patches (P1), the neighborhood shown was close to the

shore and was completely destroyed by the tsunami waves withrandomly cluttered debris

illustrated in the post-event image. In P2, visual identification reveals that most of the

buildings in this region stand intact after the disasters; however, severely inundated ground

was observed. Therefore, potential severe damage to buildings may not be observed from

the satellite images.

Advantage of Satellite Imagery in Aftermath of Urban Disasters

One may note that VHR satellite images display the followingdamage patterns: (i) par-

tial or complete structural collapse, wherein a part or a whole of building reduces to debris,

and (ii) distortion of geometric configuration of buildings, which may include disappear-

ance of the original boundaries or the appearance of new segments or boundaries. It is also

recognized that compared to photographs taken at the groundlevel as well as other on-site

data such as collection of eyewitness information and detailed manual mapping of damage

patterns, many types of structural damage characteristicscan not be identified from satel-

lite images. However, the benefits of satellite imagery are unparalleled due to the following

two facts:

• The Ability to Capture Damage on A Large-ScaleIn the case of the Bam, Iran

earthquake in 2003, most of the loss and damage were spread within a16km2 area.

Such an extent can be captured in a7000 × 7000 image with a spatial resolution of

60cm/pixel. For disasters like the Great Indonesia Tsunami across multiple nations,

a number of satellite images may be needed to provide a broad sense of the extent

1Pan-sharpening is a technique used to fuse high-resolutionpanchromatic images and low-resolution mul-
tispectral images in the remote sensing community, such that high-resolution true-color images can be ob-
tained. Technical details for pan-sharpening can be found in Canty(2006, Chapter 5)
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Figure 1.4: Two pairs of bitemporal image patches (P1 and P2)cropped from a pair of
large-scale satellite images captured before and after the2004 Indonesia Ocean Tsunami.
The pre-event image was captured on Jun. 23, 2004 and the post-event was on Dec. 28,
2004 (Images courtesy of Pacific Disaster Center and DigitalGlobe Inc.).
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of damage. This requirement is well accommodated by modern satellite imaging

systems. For example, the Quickbird sensor, when operated with an off-nadir angle

in the range of0o − 15o, can cover a geospatial area up to272 km2.

• Timeliness of Satellite ImagingModern commercial satellite systems usually fea-

ture a short re-visit period. The result is that with in a few days following the dis-

aster, satellite imagery can be available. Although the processing and computing of

such large satellite images are very demanding, this shouldnot be viewed as obsta-

cles, as computing technology continues advancing and manyrouting satellite im-

age processing has evolved from a mainframe to a desktop-computing environment.

Compared with ground-level reconnaissance reports, which often require months to

generate, the time consumed by image processing and computing is negligible.

To take advantage of these benefits of satellite images, one straightforward application

is identifying urban structural damage manually. Certainlyhuman can defeat any comput-

ers in terms of the power of intelligence and logical reasoning at least in the near future.

However, manual identification of urban damage is a very cumbersome process consider-

ing the scale of satellite images and the number, which may beup to ten thousands, of

urban buildings captured in images. In the community of remote urban sensing, many

computer vision algorithms have been developed in the last twenty years to expedite tasks

such as digital urban change detection. In this regard, PartI of this dissertation is dedi-

cated to developing effective computer vision algorithms towards automating this damage

identification process.

In order to realize robust and rapid damage analysis, such anautomated identification

system may include two items: (i) identifying damage for individual urban built structures

(i.e. object-based) and (ii) describing structural damage for the identified urban buildings.

To realize the first item, ground-truth knowledge of spatiallocations (2D building foot-

prints) of urban buildings should be available. In the following, related techniques for this

topic including thematic segmentation and urban building extraction are reviewed. Next,

one viable method of describing structural damage in satellite images is proposed.
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1.3 Thematic Image Segmentation and Building Extrac-

tion

The previously introduced satellite images, which were captured during two different

natural hazards, are used through out Part I. As illustratedin Figure1.2 and1.4, satellite

images usually cover a very large area of the earth’s surface. Portions of these images may

not cover urban areas, but rather vegetation or water surface. As such, prior to conducting

damage identification for individual buildings, two preprocessing steps need to be carried

out, which are (1) thematic image segmentation and (2) urbanbuilding extraction. These

two steps are illustrated in Figure1.5.

Figure 1.5: Preprocessing steps prior to conducting object-based urban structural damage
identification.

This dissertation is not focused on urban thematic segmentation and building extraction.

Hence, these two steps are performed manually by independent analysts. The obtained re-

sults are considered more accurate than any semi-automaticor computer-generated results,

and the effects of the errors from building extraction on thesubsequent damage identifica-

tion are minimized. Nonetheless, we review related computer vision methods for these two

tasks in the following.
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1.3.1 Thematic Image Segmentation

Initially, thematic segmentation is conducted on pre-disaster satellite images, such that

built urban areas are separated from non-urban areas. Numerous segmentation algorithms

are available in the literature to use for this task; among them, texture-based segmenta-

tion methods are often used (e.g.Pal and Pal, 1993; Unser, 1995; Schubo and Meinecke,

2007). It is noticeable that many commercial software packages are available with embed-

ded utilities for thematic urban segmentation (e.g.Erdas, Inc, 2008), in which minimized

user-interactions are involved to produce quality results. This thematic image segmenta-

tion step is expected to produce image patches that contain the built urban areas only as

illustrated in Figure1.5

1.3.2 Urban Building Extraction

Automated urban building extraction can be treated as a branch topic of thematic im-

age segmentation. However, it is considered more challenging in the photogrammetry and

computer vision communities, considering the objective oflocating hundreds to tens of

thousands of urban buildings in a large-scale images automatically. For decades, extraction

of urban objects has been solved by conventional photogrammetric methods that are ex-

pensive and manually operated. In recent years, many improved approaches have emerged.

In cases where urban buildings manifest relatively uniformtopographical appearance (e.g.

featuring homogeneous roof and sharp building boundaries in images), simple approaches

may work well. For example inHutchinson and Chen(2005), we have proposed an op-

timized approach that combines simple morphological operators and statistical parameter

optimization. In case of urban imagery with complex scene, some semi-automatic ap-

proaches have been proposed (e.g.Gruen and Nevatia, 1998; Mayunga et al., 2005). For

example, inMayunga et al.(2005), a semi-automated approach is proposed to extract 2D

urban buildings by adapting an active contour-based model.
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1.3.3 Ground-Truth Imagery Data

Bam Images 2003

In Figure1.6 a pair of panchromatic, co-registered images covering a part of the Bam

area in Iran are shown. These two have been cropped from the large images shown in

Figure1.2. In Figure1.7, the ground-truth (GT) spatial locations of individual buildings

are shown, which are digitized as a binary image wherein ‘1’ denotes a pixel within a

building while ‘0’ denotes a pixel outside of any buildings.In the following chapters,

whenever imagery data is taken from these three images shownin Figure1.6and 1.7will

be noted withsource of images: Bam Images 2003.

Banda Aceh Images 2004

Similar to the construction of the imagery database in the Bamcase, in Figure1.8, a

pair of pan-sharpened, co-registered images covering partof Banda Aceh, Indonesia are

displayed. These are cropped from the large images shown in Figure1.4. In Figure1.9, the

ground-truth spatial location information for a total of 1585 urban buildings is illustrated

in a binary image. In the following chapters, whenever imagery data is taken from this

database will be referred assource of images: Banda Aceh Images 2004.

The damage feature extraction algorithms developed in the following chapters will

only use gray-level images. Therefore, the pan-sharpened color images are transformed

into gray-level images. Suppose that the red, green and bluechannels are denoted byr, g

and b, respectively, a linear RGB-to-Gray transformation is used,which is expressed as

u = 0.299r + 0.587g + 0.114b (Gonzalez and Woods, 2002). This simple transformation

retains the luminance information and removes the chrominance information. It leads to

information loss if the original color at a pixel has a wide disparity in chrominance but less

in luminance. More sophisticate transformation methods that preserves the color saliency

exist (e.g.Gooch et al., 2005). However, these methods usually feature high computa-

tional complexity2. Since visual inspection reveals that the topographical characteristics

of structural damage are not significantly affected by performing the linear RGB-to-Gray

transformation, it is adopted in this study.

2In Gooch et al.(2005), the complexity isO(N4), whereN is the number of pixels.
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(a)

(b)

Figure 1.6: Bitemporal images of an urban region in Bam, Iran: (a)satellite image cap-
tured before the December, 2003 earthquake, and (b) the co-registered satellite image cap-
tured after the earthquake. Both images have a size of1100 × 1800 with a resolution of
60cm/pixel (Images courtesy of DigitalGlobe Inc.).
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Figure 1.7: Ground-truth 2D location to the urban buildingsshown in Figure1.6. A total
of 463 buildings are extracted.

1.4 Identifiable Levels of Damage in Images

Given the potential of satellite imaging for urban disasterresponse and management,

one must understand that how urban structural damage can be described in satellite images.

One viable strategy is the use of categorical damage grades,such as those shown in Fig-

ure1.10. Five damage grades are shown in this figure, which includes descriptive language

regarding the structural or nonstructural components for each grade. This damage grading

system is often used as reference during post-disaster urban damage reconnaissance.

There is limited work in the literature addressing the identifiable levels of damage in

satellite images. InYamazaki et al.(2005), the authors manually conducted experiments

by applying visual inspection to Quickbird images, in whichmore than ten thousand build-

ings in Bam, Iran were labeled with different damage levels. In their experiment, a reduced

4-level damage grading system was used: damage level 1 – buildings with no or slight

damage, which are equivalent to Grade 1 and 2 in Figure1.10; damage level 2 – buildings

surrounded by debris (Grade 3 in Figure1.10); damage level 3 – buildings with partial

collapse (Grade 4 in Figure1.10); and damage level 4: completely collapse (Grade 5 in

Figure1.10). After comparing the visual identification results with a ground-level recon-

naissance report, they concluded that consistency was achieved over most of the building
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(a)

(b)

Figure 1.8: Bitemporal images of an urban region in Banda Aceh,Indonesia: (a) satellite
image captured before the tsunami, and (b) the co-registered satellite image captured after
the tsunami. Both images are pan-sharpened color images withthe same size of1860×2400
60cm/pixel (Images courtesy of Pacific Disaster Center and DigitalGlobeInc.).
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Figure 1.9: Ground-truth 2D location to the urban buildingsshown in Figure1.8. A total
of 1585 buildings are extracted.

in the images. However, inconsistent cases were found, especially when deciding the inter-

mediate damage levels (e.g. damage levels 2 and 3).

It is recognized that it is not justifiable nor discernable ifa damage grading system

with more than three levels is used and no ground-level reconnaissance report is available

for comparison. For the algorithm development in Part I, a more reduced damage grading

system is used, which include three damage levels:

1. Minor Damage, which corresponds to Grade 1 and 2 in Figure1.10, i.e. structures

are intact or have only slight loss of structural features (e.g edge-like boundaries and

homogeneous roof region – a conceptstructural integrityin terms of image features

for urban buildings in satellite images will be introduced in Chapter 3);

2. Moderate Damage, which corresponds to Grade 3 and 4 in Figure1.10, i.e. partial

collapse of a building characterized by significant loss of structural features;

3. Major Damage, which corresponds to Grade 5 in Figure1.10, i.e. complete collapse

of a buildings characterized by loss of image features.

Shortly in this chapter, examples of these three-level damaged buildings will be illustrated

(e.g. Figure2.7).



28

Figure 1.10: Damage grades according toEMS(1998)
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1.5 Problem Statement

Suppose thatN pairs of bitemporal images of individual buildings, which are extracted

from a pair of large-scale satellite images of an urban area stricken by a natural disaster, are

provided. For an arbitrary pair of images,u0 is used to denote the pre-event building image,

andu1 for the post-event counterpart. Therefore, the imagery data set for conducting an

object-based urban damage identification is expressed as:

D =
{

(u0,u1)n|u0,u1 ∈ I
Dn ;n = 1, 2, · · · , N

}
(1.1)

whereDn is the dimension of thenth bitemporal image pair. To denote the categorical

damage levels as discussed earlier, an integer variablec is used:

‘c = 1’ – Minor Damage

‘c = 2’ – Moderate Damage

‘c = 3’ – Major Damage

For a more compact notation, we denote a damage level set asC = {c|c = 1, 2, 3}.
Therefore, the problem can be defined as follows. Given a bitemporal data set(u0,u1),

which contains an urban building captured before and after adisastrous event, a measure

pc is sought, which quantify theplausibility that the building defined by(u0,u1) has a

structural damage levelc ∈ C. To generate such a measure, the following parametric

structure is formulated forpc:

pc = pc

{
ψ
[
φ(u0,u1)

]}
(1.2)

The damage level for the buildingc∗ is decided by choosing a damage level that maximizes

pc:

c∗ = arg max
c∈C

pc (1.3)

The function notationsψ(·, ·), φ(·), and their relations withpc(·) are explained in the fol-

lowing.
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1.5.1 Unsupervised Damage Features Extraction

The generic prediction model expressed in Eq.1.2 are embedded with two feature ex-

traction steps,φ(·, ·) andψ(·). The functionφ(·, ·) represents a feature extraction process

that replaces the input images by more representative feature vectors in order to charac-

terize the buildings in bitemporal images, since a typical feature extraction can remove

various sorts of disturbing variations in images. The notation ψ(·) represents a subsequent

feature extraction step that convertsφ(·, ·) to feature variables measuring the underlying

structural damage level betweenu0 andu1. In the following, the two feature extraction

steps are together referred to as damage feature extraction, and the notationψ[φ(·, ·)] is

termed a damage feature extractor.

The damage feature extraction herein belongs to the class ofgeneral unsupervised learn-

ing problems because it does not access the underlying true classes (damage levels) of the

given image pairs inD (Eq. 1.1). The implementation of damage feature extraction can

be as simple as expressed by a square-summed image differencing step, which is denoted

by ψ[φ(u0), φ(u1)] =‖ u0 − u1 ‖2. This damage feature extractor is local in the sense

that it is based on individual pairs of input images. Global feature extractor exists too; the

simplest one is based on Principle Component Analysis (PCA), which conducts the differ-

encing in the eigenspace and is constructed based on the complete training data. In many

cases, global feature extractors can be more robust to noiseand improve the generalization

performance of the subsequent classification.

1.5.2 Supervised Learning of Damage Levels

The prediction model in Eq.1.2 generates a categorical damage prediction by seeking

a class labelc ∈ C that maximizes the functionpc(·). It is worthy of noting that given

a feature variableψ, the plausibility measure,pc, is usually placed in the formalism of

Bayesian decision theory and is interpreted as a posterior probabilityP (c|ψ) (Duda et al.,

2000, Chapter 1)3. In terms of Bayes rule, it is expressed as:

pc(ψ) ≡ P (c|ψ) =
p(ψ|c)P (c)

p(ψ)
(1.4)

3Probabilistic measures are not the only type of measures that can be used as quantifying the degree
of class memberships; as will be seen in Chapter 6, a voting-based count can fulfill this purpose as well.
Nonetheless, a probabilistic measure is more general.
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Eq.1.4offers a principle way of modelingpc(·). This can be defined as a supervised pattern

classification problem. The term ‘supervised’ comes from the fact that the likelihood model

p(ψ|c) and the priorp(ψ) in Eq.1.4are not known froma priori knowledge. Rather, they

are usuallylearnedfrom some existing knowledge – in the context of pattern classification,

which is the known labeling for some objects or the features of the objects.

This existing knowledge can be obtained by manually selecting a number of urban

buildings that are identifiable with the pre-defined damage levels. In order to learn a dam-

age classification model, a data set with labeled urban imagery data is required. This is

generally referred to as thetraining data, and may be denoted by

Dtr =
{

(u0n,u1n, cn)|u0n,u1n ∈ R
Dn , cn ∈ C;n = 1, 2, · · · , N tr

}
(1.5)

Given the training data setDtr, if an ideal damage feature extractor is obtained – for

each input image pair, a low-dimensional damage feature vector ψi = ψ[(u0,u1)n] is

obtained withψn ∈ R
d and d ≪ Dn, the construction of a probabilistic classifier ac-

cording to Eq.1.4 is straightforward. First, estimate a parametric structure for the like-

lihood functionsp(ψ|c)’s and the priorsP (c)’s, then the classification becomes trivial:

c∗ = arg maxc p(ψ|c)P (c).

The integral performance of damage classification is determined by both the damage

feature extraction step and the subsequent classification design. In general, one should

first strive to improve the performance of the damage featureextractor; then an appropriate

classifier is determined. The development of feasible solution frameworks will be proposed

in Chapter 3. In the following, we review two necessary steps prior to conducting an object-

based urban structural damage identification.

1.6 Summary

As an opening chapter of Part I, we present urban structural damage by displaying

real satellite images captured before and after two major disastrous events. Based on this

demonstration, the problem statement is formulated in a generic sense. In addition, this

chapter introduces the preprocessing steps for performingobject-based urban structural

damage identification, and two sets of imagery data are selected for use in Part I.



Chapter 2

Development of Solutions

2.1 Introduction

In Chapter 1, a generic solution scheme for the problem of image-based urban damage

identification is proposed, which is integrally expressed aspc

{
ψ
[
φ(u0,u1)

]}
. This generic

scheme sequentially contains (i) damage feature extraction ψ[φ(u0,u1)] and (ii) damage

classification by performingarg maxc pc(·). In principle, one should first strive to improve

the performance of the damage feature extraction as anideal extractor may render the

subsequent classifier design straightforward. To approachthis, however, several questions

remain:

1.) What visual cues and their variations betweenu0 andu1 lead one to believe that

damage occurs?

2.) Can one find a model that characterizes damage with a few intrinsic parameters?

3.) In addition to the damage-related variations betweenu0 andu1, are there any other

types of variations in the bitemporal images?

In this chapter, first, the presentation is organized to address these questions. In addi-

tion, relevant concepts to performing image-based identification is introduced. Particularly,

a damage appearance manifold concept is borrowed to reveal the nature of the problem con-

sidering two major non-damage related distortions/variations in bitemporal images. Dur-

ing the course of this presentation, two damage feature extraction schemes are introduced,

32
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which are termedlocal andglobal damage extractors. Subsequently, a linear projection

scheme based on the use of PCA – learning structural damage in eigenspace, is constructed,

which connects the aforementioned local or global damage extractor. In the end, two solu-

tion frameworks are proposed, which will be the major content of Chapters 3∼ 6.

2.2 Structural Integrity of Urban Buildings in Images

In order to reveal the visual cues in bitemporal images that can be used to display

the occurrence of structural damage, we attempt to decompose urban structural objects in

images into lower-level image features, termedbasic structural features(BSFs)1.

2.2.1 Basic Structural Features

In Figure2.1(a)-(d), four urban buildings with different damage patterns are shown,

among which damage patterns in (a) and (b) are due to seismic shaking (Source of images:

Bam Images 2003), and damage (c) and (d) are due to tsunami flooding (Source of images:

Banda Aceh Images 2004). In these image patches, selected BSFsare manually annotated.

As can be seen in Figure2.1, the BSFs are formed as different transition patterns of the

gray-level values in the 2D spatial domain. Particulary forthe intact buildings in Figure2.1

(the right column), these BSFs range from ridges, edges, homogeneous regions to cluttered

texture.

By inspecting the buildings in the images in the left column ofFigure2.1, the exterior

boundaries of buildings, which are step edges in images, form the closed footprints of

individual buildings. Within the boundaries, interior boundaries or ridges may exist, which

characterize structural details of buildings. A large percentage of structural coverage of

urban buildings are homogeneous regions with relatively uniform gray-level intensities.

Homogeneous regions reflect the uniform surface of structural roof of urban buildings. It is

noted that the possible BSFs that compose urban buildings in images are not exhaustively

identified. There are other image features that are not included in this discussion, such as

1In structural engineering, structural components strictly refer to those mechanically designed to resist
vertical and lateral loading applied to the structure, whereas components for architectural or other functional
purpose are treated as ‘non-structural’ components. The term ‘structural’ used herein is more stressed in the
context of image features that can characterize urban buildings in images.
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(a)

(b)

(c)

(d)

Figure 2.1: Urban buildings in bitemporal images with annotated BSFs. Source of images
for (a) and (b): Bam Images 2003; (c) and (d): Banda Aceh Images 2004.
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blobs, corners and bifurcation. These can be treated as a type of complex edges or ridges;

for example, blobs can be viewed as closed diffusive edges.

Mutual Spatial Relations of BSFs

BSFs alone can not determine the topographical appearance ofindividual urban build-

ings in satellite images. The missing link is the spatial distribution of these BSFs. Recall

the images of urban buildings in Figure2.1, one can see that the relative spatial positions

of BSFs, i.e. their spatial arrangement, form the individualistic topographical appearance

of individual buildings in images. These individualistic spatial arrangements of BSFs leads

to the inter-object variations of urban buildings in images, which will further discussed in

the latter.

2.2.2 Structural Integrity and Bitemporal Change

Definition

Based on the previous visual observation, an important concept in image-based urban

damage identification is introduced, which is termedstructural integrity. The structural

integrity of an urban building in optical satellite image refers to a set of BSFs that are

detectable in the image domain of the building. It is noted that the mutual spatial relations

of BSFs are excluded from this concept.

For convenience, we denote an urban building in an imageu as a set{(x, u) ∈ Ω× I},
whereΩ denotes a 2D bounded spatial domain andI denoted a closed photometric intensity

interval, e.g. [0, 1] or [0, 255]). Hence, a mathematical notation for the structural integrity

of this urban building is obtained, which is a superset entity including a set of BSFs:

I(u) =
{
O
}

O = {om|m = 1, · · · ,M, om ⊂ Ω× I} (2.1)

whereom refers to a BSF indicating a detectable image feature of the building. Given a pair

of actual bitemporal imagesu0 andu1, one can useI0 = I(u0) to denote the structural

integrity before the event, andI1 = I(u1) to denote the post-event structural integrity. In

the following, we continue the journey of the visual experiment, and attempt to observe

how structural integrity of urban buildings evolve before and after a disastrous event.
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Bitemporal Change of Structural Integrity

In Figure 2.1, four buildings sustaining different patterns of structural damage are

shown. The change of BSFs in bitemporal images are observed asfollows:

1) In the post-event image of Figure2.1(a), new edges appear in the building’s left

wing resulting from the partial collapse. In addition, missing structural elements in

the top-left of the image indicate vanishing of structural boundary segments (step

edges).

2) The building in Figure2.1(b) suffered from an almost complete collapse as shown in

the right image. Small portion of edges, ridges and homogeneous regions are retained

in the top area of this building. Nonetheless, the post-event building is largely char-

acterized by the newly appeared cluttered regions with spatially random intensity

transition. This phenomenon is a result of random back-scattering of the resulting

debris due to collapse.

3) In Figure2.1(c), partial building loss is observed as similarly seen in Figure2.1(a).

However, the pattern is different. Contrary to the observation of newly appeared

edges in Figure2.1(a) as the result of partial building collapse due to seismicshak-

ing, no newly-appeared edges are found in Figure2.1(c). Rather, the damaged area

features the loss of the pre-event structural boundaries and the newly appeared clut-

tered region. This damaged building was struck by the tsunami wave.

d) Figure2.1(d) demonstrates the worst level of structural damage – the building was

wiped out by the tsunami wave. As similarly observed in Figure 2.1(b) which was

struck by the Bam earthquake, the debris of buildings rendersthe acquired intensity

transition in the then built-up area highly cluttered.

The following chart in Figure2.2 summarizes the typical bitemporal change of BSFs of

urban buildings in images.

It is worthy to note that accompanying the bitemporal changes of the BSFs in images,

the changes in the BSF’s relative spatial positions are a consequence of the changes of

BSFs. For example, in Figure2.1(a), the newly appeared edges in the post-disaster image

alters the original spatial relations defined in the pre-disaster image. In Figure2.1(c), the
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Figure 2.2: Change of BSFs in bitemporal images of urban buildings, where the terms in
parenthesis are the corresponding structural elements.

vanishing of the edges in the bottom-left of the post-diaster image modifies the spatial

relations of the BSFs in the pre-disaster image. However, in no cases is it observed that the

BSFs are intact, whereas their spatial arrangements are changed. This observation implies

two important aspects in identifying structural damage from satellite images:

• The damage level description for an urban building results from cumulative visual

comparison of the bitemporal BSFs in the pre- and post-event images;

• In order to quantitatively characterize structural damage, a candidate solution should

be established by identifying the changes to the BSFs betweenthe bitemporal images

and ignoring the changes in their spatial relations.

Recalling the definition of structural integrity, we conclude that given a pair of bitemporal

images(u0,u1) of an urban building, structural damage of the building is equivalent to the

change of structural integrityI0 andI1 that are expressed as the pre- and post-event sets

of BSFs detected in the images, respectively.

2.2.3 Local Damage Feature Extractor

Based on the previous discussion, a straightforward approach to damage feature ex-

traction may be formed by extracting a dissimilarity measurement between the bitemporal

BSFs. Suppose that feature vectors for a pair of bitemporal BSFs (o0, o1) are obtained,
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denoted byf0, f1, respectively; a dissimilarity measure betweeno0 ando1 is simply ex-

pressed as:

ψL = ds(f0, f1) (2.2)

where the superscriptL indicates that the dissimilarity measure islocally extracted without

accessing other bitemporal pairs of BSFs.

Generally, a dissimilarity measure is a quantity extractedbetween two mathematical

objects (models, functions, vectors, distributions, etc.), whose value monotonically varies

with the degree of dissimilarity between the two objects. The simplest or most commonly

used dissimilarity measure may be the Euclidean distance orthe Cosine between two vec-

tors2.

The above damage feature extractor computes a scalar-valued damage feature between

a pair of bitemporal BSFs, which are treated as the composing blocks of an urban building

in images. The visual observation presented earlier indicates that it is promising to identify

structural damage based on the changes of BSFs. However, it has not demonstrated that a

direct dissimilarity measure between the original bitemporal intensity values may fail for

this purpose. Such a dissimilarity extractor can be writtenas:

ψL = ds(u0,u1) (2.3)

The simplest form may be‖ u0− u1 ‖2, which is the squared Euclidean distance between

u0 andu1. It is noted that the dissimilarity measure arising from Eq.2.3 offers a scalar-

valued quantity summarizing the relationships between thecomplete imagesu0 andu1,

whereas by using the definition in Eq.2.2, a large number of dissimilarity measures are

yielded depending on how many BSFs are detected in(u0,u1).

By using eitherds(f0, f1) or ds(u0,u1) to extract dissimilarity measures, the obtained

damage features arelocal. This is because that they are computed based on a single pairof

BSFs or a single pair of bitemporal images. Therefore, the resulting damage features based

on different buildings may result in measurements that havedifferent nonlinearity towards

interpreting the level of structural damage. In general, they cannot be viewed as damage

indices that can map to a general level of structural damage.This raises an important

2The Euclidean distance and the Cosine are both metric. For the latter, 1 - Cosine is often used to indicate
‘dissimilarity, whereas Cosine is used to measure ‘similarity’. The definition of dissimilarity measure used
in this dissertation can broadly include many non-metric measures, which are found in Chapter 3
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question: is there an intrinsic transformation model that generally describe the degree of

structural damage? In the following, the mathematical manifold concept is borrowed to

qualitatively answer this question.

2.3 Structural Damage Appearance Manifold

These bitemporal changes to structural integrity in imagesor structural damage, if put

in a general setting, are observable variations between images that display the same object

– structural damage, if treated as a type of variations, has aintra-objectnature. In this sec-

tion, we attempt to describe structural damage from an innovative perspective –structural

damage appearance manifold.

2.3.1 Transformation Model for Structural Damage

As indicated in Chapter 1, the topographical appearance of buildings in images are

primarily determined by the geometric configuration and thereflectance properties of the

physical buildings. One may expect that structural damage of urban buildings in images

may in principle be modeled by a conjunction of geometric andphotometric transforma-

tions. Given an image containing a single pre-event urban building, denoted byu0(x), and

its post-disaster counterpart byu1(x), this combined transformation model is written as:

u1(x) = p
{
u0
[
g(x)

]
,α
}

(2.4)

where the vector quantityα contains the parameters needed to define the combined model,

which includesp(·) : I 7→ I, the photometric transformation applied to the pixel’s intensity,

andg(·) : Ω 7→ Ω, the geometric transformation applied to the pixel’s spatial coordinate.

Generally there is no physical or geometric knowledge that can help to determine the

unknown parameters in this combined model. In the imaging and vision literature, only in

a few occasions can one find that the variations of objects in images can be described by

an explicit geometric transformation. These include the linear distortion during imaging

or a rigid object moving in a determined trajectory. In some situations, the variation is

caused by the deformation of some flexible-body objects, such as the gesture of a human

body. In this case, an explicit description of the associated geometric transformation is gen-

erally intractable (e.g.Moeslund and Granum, 2001). In the case of structural damage in
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bitemporal images, it is expected that the geometric transformation associated to structural

damage is as complex as a flexible object motion problem.

Limited research has been conducted to study reflectance of urban areas in optical satel-

lite images. InSmall(2005), the author conducted a quantitative and physical characteriza-

tion of the reflectance properties of urban mosaics (with scales larger than urban buildings,

e.g. an urban residential community), and revealed that thediversity and the spectral hetero-

geneity of urban reflectance are extremely variable at a variety of spatial scales compared

to other land coverage types. It is expected that in the case of urban disasters to individual

buildings, more complex urban reflectance mechanisms exist. Therefore, it is generally

difficult to determine an explicit photometric transformation model towards describing the

damage-related variations in bitemporal satellite images.

Direct Learning of Structural Damage Model

Statistical learning approaches may be employed to learn anempirical model given a

set of bitemporal images that approximates the underlying analytical model as described

in Eq. 2.4. A naive method may assume an empirical expression, such as ageneralized

linear model or a neural network model (Bishop, 2006, Chapter 3 and 5), to model the

relationship between{u0} and{u1}).
This direct learning seems feasible since even the trainingdata from one pair of bitem-

poral images is often sufficient – an urban building image caneasily have hundreds to

thousands of pixels. To reveal their feasibility, scatter plots of the bitemporal intensities of

the buildings in Figure2.1are illustrated in Figure2.3. It can be seen that the scatter plots

are highly random. Although one can attribute a portion of the randomness to the noisy

image distortions and variations, associating the shapes of the clouds to the underlying

structural damage patterns seems intangible.

2.3.2 Appearance Manifold

The failure of the direct learning approach to finding an empirical transformation model

can be interpreted from a dimensionality perspective. The transformation model defined in

Eq.2.4essentially attempts to find a mapping between a highly nonlinear surfaceu0(x) and

another highly nonlinear surfaceu1(x), which are both defined in an infinite-dimensional
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Figure 2.3: Scatter plots of pre-event and post-event intensities values of urban buildings
(the intensity values are in[0, 1]). The urban buildings underlying these scatter plots are in
the same order illustrated in Figure2.1. Note that the structural boundaries of the buildings
are applied to plot the scatter plots; pixel intensities lying in the outside of the boundaries
are not considered. In each sub-figure, its caption lists thenumber of pixels, i.e., number
of data points in the scatters plots.
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space. Despite the fact that actual digital images have finite dimensions, this does not

mitigate the difficulty, since actual images, even containing a single urban building, lie in

very high-dimensional space. In Figure2.3, the number of pixels for individual buildings

in images are listed.

The building in 2.1(a), there are 2497 pixels (pixels outside of its boundarieshave

been excluded). This means that the building in the images lie in a subspace ofR2497.

Denote a pair of actual bitemporal images withD pixels byu0 andu1, which are defined

in the subspace ofRD; therefore, the solution to an intra-object transformation model is

equivalent to finding apath in the spaceRD that connects the image pointsu0 andu1.

A mathematical notation for this path is called amanifold. A manifold is a subspace

defined as a set{M(θ)}, whereθ ∈ R
d defines the intrinsic parameter andM(·) defines a

smooth mappingM : R
d 7→ R

D. The parameterθ controls the generation ofu = M(θ),

hence the mappingM(θ) can be viewed as a generative constructor: by enumeration of

u as one variesθ, the resulting imagesu’s constitute a ‘path’, i.e. a manifold embed-

ding {M(θ)} in the ambient spaceRD. The dimension ofθ, d, is expected to be much

smaller than the surrounding Euclidean space’s dimensionD; therefored is termed thein-

trinsic dimension of the manifold embedding. For notational simplicity in this dissertation,

a manifold is simply denoted asM or M(θ) (the latter explicitly indicates the intrinsic

parameter). It is noted that the definition does not have the mathematical rigor defined in

topology or differential geometry (Munkres, 2000). Nonetheless, it is viewed sufficient in

many statistical learning literature.

Without rigorous proof, one may imagine that given a set of high-dimensional data

points, there exist infinite number of ‘paths’, i.e., potential manifolds, connecting the points

if no other constraints are applied (more rigorous presentation about this statement may be

found in Tenenbaum et al.(2000)). This indicates that a global model for a manifold is

analytically hard to determine, i.e. an ill-posed problem.Nonetheless, if a large num-

ber of high-dimensional data points (e.g. images) are available and the intrinsic mani-

fold structure satisfies some propertiesa priori (such as,local isometry; see discussion in

Donoho and Grimes(2003)), manifold learning methods can be drawn upon to learn the

intrinsic nonlinear geometry, which offers an empirical approximation to the true geomet-

ric structure hidden in the data. Much progress has been achieved in this field since the

development of several seminal nonlinear dimensionality reduction methods including the
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ISOMAP method (Tenenbaum et al., 2000; de Silva and Tenenbaum, 2003), the Locally

Linear Embedding (LLE) method (Roweis and Saul, 2000; Saul and Roweis, 2003), and

the Laplacian Eigenmaps method (Belkin and Niyogi, 2003).

A corner stone of using any manifold learning method is the recognition of the intrinsic

dimension of the high-dimensional data. In the case of imagetransformation, the intrin-

sic parametersθ may be directly taken as the transformation parametersα as defined in

Eq.2.4. One may expect that these parameters are geometrically or physically measurable.

However, in many cases of image-based recognition problems, this is not realistic. For

example, in a typical facial recognition problem, physically speaking, the intrinsic param-

eters of facial appearance involve a large number of articulation parameters that control

the contraction of muscles. When these articulation motionsare translated into geomet-

ric and photometric variations in images, the resulting articulation motion manifold will be

intrinsically high-dimensional. The treatment to this problem is the introduction ofappear-

ance manifold, e.g. inMurase and Nayar(1995); Shan et al.(2005); Chang et al.(2006).

In this treatment, a few visually meaningful attributes that can globally characterize the

appearance of the objects in images are recognized. For human’s facial expression, seven

attributes may satisfy includingjoy, sadness, surprise, anger, disgust, fearand neutral

(expression). It can be seen that from the attributeneutral, one only needs to extract six pa-

rameters to quantify the degree of the other six expression attributes. These six parameters

construct the intrinsic low-dimensional space of the appearance manifold.

Structural Damage Appearance Manifold

The physically fundamental intrinsic parameters that haveinfluence on the structural

integrity of urban buildings in a real world include structural types (e.g. wall, framing,

or some hybrid type), material (e.g. concrete, wood or steel), geometric configuration,

construction quality, regional seismic activity in the case of earthquake events, tsunami

run-up height in the case of tsunami events, and so on. The number of these physical

factors are large, however, the exact value is unknown. If these factors are expressed in

terms of photometric and geometric transformation parameters, much more uncertainties

will be introduced and the number of the parameters may be even higher.

The approach used in the previous facial recognition problem can be adopted, namely,
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to find visually identifiable attributes that describe the structural integrity state of urban

buildings. With the visual experience of Figure2.1and the different types of variations of

BSFs in bitemporal images revealed in Figure2.2, only a few attributes may be recognized.

For example, one may useboundary compactnessto describe the variations of structural

boundaries, and usetexture roughnessto describe the variations of homogeneous roofing.

For each of these two attributes, there is an additional attributeintactness. With this setting,

one may only use two parameters to define a structural appearance model, denoted byθ:

θ =

{
θ1 : change of boundary compactness

θ2 : change of texture roughness

}

The resulting model is referred to asstructural damage appearance manifoldin the fol-

lowing. Compared to the potentially high-dimensional parameter space of the geomet-

ric/photometric transformation model in Eq.2.4, this conceptual structural damage appear-

ance manifold model is defined in an intrinsically low-dimensional space constructed byθ.

In this following, this manifold subspace is denoted byΘ.

2.3.3 Global Damage Feature Extraction

Suppose a structural damage appearance manifoldMD(θ) is learned from the imagery

data setD. Therefore, for an arbitrary pair of bitemporal images(u0,u1), a pair of in-

trinsic parameters(θ0,θ1) exist in the manifold subspaceΘ. Since the resulting manifold

parameters are supposed to be low-dimensional vectors, anL2 distance metric defined inΘ

is used to measure the dissimilarity betweenθ0 andθ1, which is

ψG =‖ θ0− θ1 ‖ (2.5)

where the superscriptG indicates that this damage feature is extracted in a global manifold

subspace.

Without addressing how to obtainMD(θ) for the time being, it is hypothesized that

for an urban building in a pair of pre- and post-event image, if no damage occurs in the

post-event image, the distance between the two images should be close to zero inΘ, since

θ0 andθ1 characterize the change of structural integrity intrinsically. If a certain level

of damage occurs, the two images inΘ should be far away – a larger distance indicates

more severe structural damage. In addition, different fromthe local damage features that
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are extracted based on individual pairs of bitemporal images, the damage feature defined

in Eq.2.5is a global damage measure since it is defined using the parameters of a globally

learned manifoldMD. As a result, the global damage feature extractor defined in Eq. 2.5

is equipped with the generalization property, and it is one-dimensional (scalar-valued).

To illustrate this conceptual idea, an assumed structural appearance manifold subspace

with three pairs of cartoon images of urban buildings are illustrated in Figure2.4. The im-

age space is assumed to beD-dimensional by taking the maximum dimension of the car-

toon images. It is illustrated in Figure2.4 that the three pre-event cartoon images undergo

different intra-object variations when arriving at their corresponding post-event counter-

parts. Suppose the intrinsic parameter pairs for three pairs of cartoon images are:(θ0t,θ1t)

Figure 2.4: Cartoon illustration of an assumed structural damage appearance manifold.

(the triangle shaped building),(θ0s,θ1s) (the square-shaped building), and(θ0p,θ1p) (the

pentagon-shaped building), and subsequently the global damage features are obtained ac-

cording to Eq.2.5areψG
t , ψG

s andψG
p , respectively. According to the preceding discussion,

it is expected to obtainψG
t < ψG

s < ψG
p in order to comply with the true (simulated) degree
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of structural damage in Figure2.4.

2.3.4 Learning Structural Damage Appearance Manifold

The assumed structural damage appearance manifold, however, is hard to learn. To

reveal the difficulties in obtaining the manifoldMD, we first recognize the differences of

imagery data between a regular manifold learning problem and the current problem. In a

regular manifold learning problem, there usually exist a large number of images displaying

the same object with intra-object variations. The typical imagery data for learning such

an appearance manifold is{un ∈ I
D|n = 1, · · · , N}, whereD is the common image

dimension number,N is the total number of images bearing the same object. If the imagery

datasetD for learning the structural damage appearance manifold, which is rewritten as

follows,

D =
{

(u0,u1)n|u0,u1 ∈ I
Dn ;n = 1, 2, · · · , N

}

is compared, the sizeN of the data set in essence means the number of different urban

buildings. One problem is that although the number of bitemporal pairs of urban build-

ing images,N , may be as large as up to hundreds or thousands, for each urbanbuilding

there is only one instance of its pre-event image and one instance of its post-event image.

Furthermore, the image pairs differ significantly in their dimensions (Dn’s), as a result of

the heterogeneous geometric configuration among the buildings. In Figure2.5, two intact

buildings are shown. It can be seen that geometric shape and the orientation of the building

in Figure2.5(b) lead to a much larger image size (i.e. an image vectoru ∈ I
10449) than the

building in Figure2.5(a) (i.e. an image vectoru ∈ I
2958).

Topographical Appearance Variations

Although the sizes of images can be normalized such that the dimension variations

vanish, the dramatic topographical appearance variationsof urban buildings cause signif-

icant difficulties in learning a structural damage appearance manifoldMD. This type of

variations has ainter-objectnature, since they exist between different building objects in

images. These inter-object variations can be readily revealed by comparing the four differ-

ent buildings in Figure2.1.
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(a) (b)

Figure 2.5: Topographical appearance variations between two urban buildings: (a) a build-
ing with 2958 pixels confined in its boundary; (b) a building with 10449 pixels confined its
boundary (source of images: Banda Aceh Images 2004).
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If these topographical variations between different urbanbuildings are compared with

the intra-object variations to individual buildings (i.e.structural damage to the same build-

ings), two aspects should be highlighted:

• They are not less significant than the latter variations.

• A formal set of appearance attributes that can be to describethese inter-object vari-

ations is not clear. More likely, the intrinsic parameter space for the inter-object

variations is very high dimensional.

These two aspects indicate that in order to extract a global damage appearance manifold,

one has to cope with the inter-object topographical appearance variations of different urban

building objects. Considering the aforementioned fact thatthere are no intermediate in-

stance images for individual urban buildings in the given data setD, one may conclude that

the problem of learning a global structural damage appearance manifold is a much more

ill-posed problem.

2.4 Noisy Image Distortions

Intra-object structural damage-related variations and inter-object topographical appear-

ance variations do not account for all possible variations within and between pre- and post-

disaster images. For optical satellite images, many other types of disturbing factors exist.

Generally, they are viewed as imagedistortions, and can be categorized into two types:

geometric distortions and photometric distortions.

Different from the inter- and the intra-object variations,they do not change the domi-

nant topographical appearance of image features but impartnoisy modification into images.

In the following, we review these distortions briefly from the perspective of how they are

produced in images, and present simple parametric models that can be used to model them

locally.
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2.4.1 Sources of Distortions

Imaging Noise

Due to the nature of optical imaging, noisy artifacts can be introduced into images,

which caused the variations of solar angle, season, atmospheric turbulence, and weather

condition. Some methods exist towards removing these artifacts. For example, for those

originating from atmospheric turbulence, physics-based methods have been reported (e.g.

Sandmeier and Itten, 1997; Thome et al., 1998). However, for some artifacts, such as the

shadow patterns caused by solar angle variations, are usually treated as natural imagery

artifacts and are retained in images.

Preprocessing Errors

Several preprocessing steps are usually performed over rawsatellite imagery data. In

addition to radiometric and sensor correction, ortho-rectification is an important step to

remove geometric distortion in satellite images, which arecaused by the earth’s irregular

surface and sensor tilts. However, geometric distortions can only be minimized to a certain

degree. As such, the subsequent geo-registration between bitemporal images always bear

errors, leading tomisregistration.

Another source of preprocessing errors may come from the pan-sharpening process.

This process was used for the bitemporal images in Banda Aceh 2004 Images. In this work,

although the method and parameters used in the pan-sharpening process were not aware, it

is speculated that misregistration errors between the original panchromatic images and the

multispectral images can adversely introduce blurry artifacts in the pan-sharpened images.

Literature regarding the effect of pan-sharpening in general change detection is sparse.

In a recent paper byBovolo et al.(2008), the authors evaluate the effects of several pan-

sharpening methods on change detection, based on the use of the standard change vector

analysis. They concluded that misregistration is the majorproblem in performing pan-

sharpening, and pan-sharpening adds adverse factors harmful to any damage identification

efforts from the change detection perspective.
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Examples

To illustrate these noisy image distortions and their variations in bitemporal images

of urban area, selected urban buildings in the Banda Aceh area, Indonesia, are shown in

Figure 2.6. First, these image pairs illustrate how structural integrity changed after the

Tsunami wave struck the area. One can visually identify thatthe degree of damage for the

five buildings ranges from complete intactness to complete collapse.

In these series of images, slight alignment errors between the bitemporal exterior bound-

aries of Building 1 [see Figure2.6(1-bnd)]. In addition, the interior roof ridges have slight

deviations between (1-bef) and (1-aft). The bitemporal pair of Building 3 have the most

significant boundary alignment errors, the maximum of whichis about 3 pixels wide. In

addition to these geometric distortions, the differences of local brightness between the pre-

and post-event buildings reveal the existence of photometric distortions.

Another significant observation in the above illustration is that the effects of these dis-

tortions are more prominent in non-damaged (intact) structures. In fact, for the buildings

collapse into debris, the existing slight geometric or photometric distortion act like that they

do not exist in the images. This phenomenon will complicate the damage feature extrac-

tion and the subsequent classification efforts. In a regularfeature extraction and multi-class

classification problem, the performance of the classification in predicting the objects with

different class membership is usually similar. However, inthe case of urban structural

damage, the existence of geometric/photometric distortions change this fact. Special treat-

ment has to be taken in the stage of damage feature extractionas well as in the subsequent

damage classification stage.

2.4.2 Linear Models for Image Distortions

In the literature, only in limited situations can variations between images be explicitly

modeled by geometric or photometric transformations. These few situations include projec-

tive or affine transformations, which are often usually usedto account for image distortion

arising from viewpoint changes. For viewpoint changes, although the scene captured in

images adapts to the changes, it can be recovered to its ‘pre-image’ according to the known

geometric transformation. Depending on how the geometric transformation is parameter-

ized, e.g. projective, affine or scaling only models, projective-, affine- or scaling-invariant
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(1-bef) (2-bef) (3-bef) (4-bef) (5-bef)

(1-aft) (2-aft) (3-aft) (4-aft) (5-aft)

(1-bnd) (2-bnd) (3-bnd) (4-bnd) (5-bnd)

Figure 2.6: Image distortions and their variations betweenbitemporal images of urban
buildings (sources of images: Banda Aceh Images 2004). In thefirst two columns, the
building pairs [(1-bef v.s. 1-aft) and (2-bef v.s. 2-aft)] are representatives of intact buildings
that survived from the Tsunami. The pairs in the third and theforth columns show buildings
sustaining different degree of partial collapse, while thelast column illustrates a building
with complete collapse. The last row shows manually delineated building boundaries for
the corresponding pre- and post-event buildings. Note thatboundary alignment errors exist
between (1-bef) and (1-aft), and (3-bef) and (3-aft).
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features can be obtained. Very often, affine modeling is sufficient for locally capturing

distortions arising from viewpoints changes, since the projective effects are negligible in a

local scale. An affine transformation is expressed as:

u[gL(x)] = u(Ax + x0) (2.6)

in which A denotes a spatial transformation matrix anda denotes a translational vector.

Note thatu(x) denotes an imagery patch defined in a small subdomain of the original

image domainΩ for an urban building.

Regarding photometric distortion, physical models exist for some generic physical sur-

face, such as the Lambertian surface model, which is often used to model reflectance of a

rough surface (Forsyth and Ponce, 2002, Chapter 2). However, for complex objects, such

as urban buildings in satellite images, it is difficult to finda universal photometric trans-

formation model to describe the underlying heterogenous distortions. Similar to modeling

geometric distortion locally in the image domain, a simple linear intensity transformation

is usually sufficient if it is applied in a local scale, which is:

pL[u(x)] = a · u(x) + b (2.7)

2.5 Damage Extraction in Eigenspace

The existence of inter-object topographical appearance variations and various types of

image distortion variations in bitemporal images make a global extraction of structural

damage features for individual urban buildings a formidable problem. In this section, in-

stead of perusing a sophisticate solution, we employ the conventional principle component

analysis (PCA) to attack such a problem. In many applicationsand algorithm develop-

ments, the PCA method serves as a starting point for learning intrinsic structure of an

arbitrary high-dimensional data set due to its simplicity.A similar view is adopted herein,

since there is noa priori knowledge about the underlying nonlinearity of the intrinsic struc-

ture of an assumed structural damage appearance manifold. In the following, a PCA-based

global damage feature extractor is formulated.
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2.5.1 Formulation

General Formulation

For the sake of generality, a data point is denoted byx, and the data set is denoted as

X = {xk ∈ R
D|k = 1, · · · , N} 3. The PCA method attempts to find a set of orthogonal

bases by conducting eigenvalue analysis on the centered covariance matrix of the data set

X , which is:

C(X ) =
〈
(xi− < xk >)(xi− < xk >)T

〉
(2.8)

where< · > is an averaging operator< xk >= 1
N

∑k=N
k=1 xk. Therefore, a linear basis

matrixP is formed by selecting thed(d < D) principle eigenvectors ofC,

P = [e1, e2, · · · , ed] (2.9)

whereei ∈ R
D’s (i = 1, · · · , d) denote the firstd eigenvectors with respect to the firstd

eigenvalues in descending order.

Given an arbitrary data pointxj, a low-dimensional representation ofxj can be easily

obtained by projectingxj onto the linear bases, which is

yj = PT (xj− < xk >) (2.10)

Note thatxj may not be in the original data setX . In this case, Eq.2.10 realizes the

so calledout-of-sample extension, which embeds a new data point into an existing low-

dimensional representation. It is noted that it is challenging to perform out-of-sample ex-

tension in many nonlinear dimensionality reduction methods (even in its closest variants

Kernel PCA, see a method inMika et al.(1999)).

The obtained data setY = {yi ∈ R
d|i = 1, · · · , N} can be viewed as the intrinsic

parameter space of the embedding manifold with its intrinsic dimensiond, which may be

denoted byMPCA(y). Given such a parameteryj , one can easily generate the correspond-

ing data point in the manifold subspace inR
D:

x̂j = M
PCA(yj) = Pyj+ < xk > (2.11)

which is usually calledreconstructionin the literature.

3Note that an upright boldx is used to denote a general data point or feature vector, where as the spatial
location in a 2D image domain is denoted by an italic boldx
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Properties of PCA

Despite its simple formulation and limitations, PCA has found applications in a large

number of scientific and engineering domains. A basic motivation behind these applica-

tions using PCA is that by performing PCA, the directions in thedata with small variances

(eigenvalues) can be dropped and information can be retained as much as possible, forming

a de-noising or a data compression mechanism for feature extraction.

The limitations of PCA, however, are obvious. Since PCA performs a linear data pro-

jection, it may be far from optimal in representing even low-dimensional data (e.g. a Swiss

roll defined inR
3, seeRoweis and Saul(2000)). In addition, from a statistical point of

view, the PCA method assumes the data used are generated by a Gaussian distribution and

it ignores correlations in the data that are higher than second order. For a more comprehen-

sive presentation of the PCA method and its limitation in the context of feature extraction

and dimensionality reduction, one may refer to a tutorial provided byBurges(2005).

Global Damage Extraction in Eigenspace

For the purpose of constructing eigenspace for imagery dataand formulating a global

damage feature extractor, a modified procedure based on (Murase and Nayar, 1995) is used

as follows:

(1) Size normalization – resize individual image pairs, such that the images inD have the

same size, i.e.(u0,u1)i ∈ (ID, ID), whereD is a constant number. Image resizing is

performed with cubic-order interpolation; for images thatare shrunk to the standard

sizeD, anti-aliasing is considered.

(2) Illumination normalization: for each image the following intensity normalization is

performed – given an intensity valueui in u, the normalized intensity is obtained

by ui ← ui−<uj>

‖ui−<uj>‖ , such that the resulting imageu has a zero-mean intensity and a

unity vector length, i.e.‖ u ‖= 1. The preceding steps aim to remove the effects of

linear illumination transformation between images.

(3) Construct a universal image set:U =
{
{(u0,u1)ci

i |ci = 1}, {(u0,u1)ci

i |ci = 2}, {(u0,u1)ci

i |ci =

3}
}

.
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(4) Compute covariance matrixC(U) according to Eq.2.8, conduct eigenvector analysis,

and selectd eigenvectors as the linear basis matrixM .

(5) For each normalized pair of input images, compute their low-dimensional represen-

tation in eigenspace through

(θ0,θ1) = (PTu0,PTu1) (2.12)

According to Eq.2.5, a global damage feature can be obtained in the eigenspace.

To express the manually selected eigenspace dimension variabled, we denote the

damage feature between the image pair(u0,u1)i asGE
i (d) by

GE
i (d) = ‖ θ0i − θ1i ‖

= (u0− u1)TPPT (u0− u1) (2.13)

where the superscriptE indicates that the damage feature is globally obtained in the

eigenspace.

For comparison, scalar-valued local dissimilarity features defined in the spirit of Eq.2.3

are computed too. The first way is to compute the Euclidean distances between the bitem-

poral intensities directly. It is noted that since the inputimages are normalized to have unit

vector length, i.e.‖ u ‖= 1, it is easy to verify the following relation:

1

2
‖ u0− u1 ‖2= 1− cos (u0,u1) = 1− u0 · u1 (2.14)

Therefore, a Euclidean distance is equivalent to the(1− Cosine) metric. In the following

experiment, onlyLi =‖ u0i − u1i ‖ is used as a local damage feature for an image pair

(u0,u1)i.

More importantly, for the global features extracted in the eigenspace, the following

property can be provenMurase and Nayar(1995): 4.

lim
d→D

GE
i (d) = Li (2.15)

4To prove this in a general setting, the input images are first reconstructed using the projections, i.e.
xi ≃

∑n=d
n=1 enyi,n, whereen is thenth eigenvector corresponding to thenth largest eigenvalue, andyi,n is

thenth entry of the vectoryi; then substitutexi andxj with the reconstructed imagesyi andyj , respectively,
the squared Euclidean distance‖ xi − xj ‖2 becomes‖ ∑n=d

n=1 enyi,n −
∑n=d

n=1 enyj,n ‖2 =‖ yi − yj ‖2,
where the orthogonality conditionen · em = δn,m is applied. Asd approaches toD, the reconstruction nears
perfect, i.e.limd→D

∑n=d
n=1 enyi,n = xi, thereforelimd→D ‖ yi − yj ‖2 =‖ xi − xj ‖2.
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which means that as more information is retained (the dimension of the low-dimensional

eigenspaced approaches toD), the Euclidean distance computed in the eigenspace ap-

proaches to its counterpart locally computed in the input image space. Nonetheless, the

objective of the following experiment is to investigate a possibility, that is, whether a low-

dimensional eigenspace can be extracted, such that a globaldamage featureGE
i (d) in this

subspace outperforms the local featureLi(d).

2.5.2 Experiment Results

To conduct the numerical experiment, a bitemporal imagery data set with labeled dam-

age levels is constructed based on the Banda Aceh Images 2004.A total of 767 bitemporal

image pairs are selected, among which 416 buildings are in the level of major damage

c = 3, 187 buildings inmoderate damagec = 2 and 164 inminor damagec = 1. Note that

only images with urban buildings of the sizes in(20 ∼ 50) × (20 ∼ 50) are selected. In

Figure2.7, five examples of bitemporal images are shown in each group ofdamage levels

and all images are normalized to have the same size32 × 32. It can be seen that even

with the aforementioned limited range of image sizes, dramatic inter-object variations in

the topographical appearances of the buildings are still observable.

Based on the steps outlined previously, PCA is first conducted.In Figure2.8, the cu-

mulative ratio of the ordered eigenvalues (in a descending order) are shown in Figure2.8,

wherein by choosing an eigenspace dimensiond = 6, d = 23 andd = 98, 46.2%, 75.3%

and95.0% of the total information is retained in the obtained dimension-reduced data, re-

spectively.

After the global damage features are computed in the eigenspace with selected dimen-

sions, Figure2.9 illustrates the histograms of the damage feature for the three groups of

damage-labeled buildings, where the eigenspace dimensionare selected atd = 6, 23 and

d = 98. For comparison, the histograms of the local damage features are shown in Fig-

ure2.9(d).

Observations

With the experiment results illustrated in the histogram plots in Figure2.9, the follow-

ing observations are identified:
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(a) (b) (c)

Figure 2.7: Normalized bitemporal building image samples:(a) buildings with damage
level 1 (minor damage); (b) buildings with damage level 2 (moderate damage); (c) build-
ings with damage level 3 (major damage). All images are normalized to have32 × 32
pixels (source of images: Banda Aceh Images 2004).



58

200 400 600 800 1000
0

0.2

0.4

0.6

0.8

1

cu
m

ul
at

iv
e 

ra
tio

d

d = 23 (75.3 %)

d = 98 (95.0 %)

d = 6 (46.2 %)

Figure 2.8: Cumulative ratio of the eigenvalues computed as
Pd

n=1 λn
PD

n=1 λn
, where the eigenval-

uesλn’s are sorted in a descending order. The total number of eigenvalues is767 × 2 =
1534.

• In Figure2.9(d), the histograms resulting from the scalar-valued localdamage fea-

turesLi’s are severely overlapped. One may conclude that virtuallyno damage dis-

crimination power can be harvested if this type of damage features is used.

• By inspecting the global Euclidean-distance damage features (GE
i (d)’s) in Figure2.9(a)–

(c), it is expected that as the eigenspace dimensiond increases fromd = 6 to d = 98,

the corresponding histograms become more similar to the histograms of the local

Euclidean-distance damage features in Figure2.9(d). This indicates that there are no

clear performance gains if the dimension of the eigenspace is selected too large, since

the obtained global Euclidean distances essentially reduce to the local Euclidean dis-

tances (or the equivalent1− Cosine measurements).

• The original interest of attempting the PCA method is, however, to explore the pos-

sibility that an effective global damage feature extractordefined in low-dimensional

eigenspace can be achieved. By comparing Figure2.9 (a) and (b), it seems that a

slight tendency of separating the overlapped histograms isobservable atd = 23.

This tendency is only slight.
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Figure 2.9: Histograms of global damage features are shown in (a)GE
i (d)’s with d = 6,

(b) GE
i (d)’s with d = 23, and (c)GE

i (d)’s with d = 98; in (d) the histograms of local
Euclidean distance damage featuresLi’s are shown.
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With the above histogram plots and the absence of comprehensive classification evaluation,

the above observations indicate that both the local damage features and the global damage

features fail in discriminating structural damage levels for the selected urban buildings in

bitemporal images.

Interpretations

Herein, it is identified that the two non-damage related variations, image distortion

variations and inter-object variations, are the culprits that lead to the failure of the two

damage feature extractors used in the above experiment. Recall that the local extractor

is defined asL =‖ u0 − u1 ‖,and the global extractor is defined in thed−dimensional

eigenspace asGE(d) =‖ θ0 − θ1 ‖ whereθ0 andθ1 are the d-dimensional eigenspace

parameters. A common property shared by the local and globaldamage feature extractors

is that the damage feature extraction is conducted by directly using the whole images as

inputs (for the latter, it is can be revealed by Eq.2.13).

For the local extractorL, given an imagery pair(u0,u1), a scalar-valued damage fea-

ture is obtained using the image intensity values in the complete domain of the images.

Although inter-object topographical appearance variations within the input imagery dataset

D are not considered, the contribution from the image distortions are accumulated to differ-

ent degree in the resulting scalar-valued damage feature, due to the dramatic difference in

sizes, orientation, and shapes of the urban buildings. The numerical experiment conducted

in the above confirms that the structural damage, when summarized in such a scalar-valued

damage feature, do not dominate. Hence, this method fails todiscriminate different levels

of structural damage.

In Section2.3.4, it is qualitatively stated that the inter-object topographical appearance

variations are not less significant than the variations of interest – the damage related intra-

object variations. In addition, it is illustrated that there are no appropriate appearance

attributes that can be used to describe these inter-object variations. These two issues render

the problem of learning a structural damage appearance manifold much more ill-posed.

The PCA-based manifold learning in the previous experiment simply constructs a low-

dimensional eigenspace by looking for directions (eigenvectors) along which the amount

of variances in the data is maximal. Obviously, a large part of the maximal variances at
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these selected directions come from the inter-object and image distortion variations. This

is why the global damage feature extractorGE(d) failed in the previous experiment at

variousd values.

It is tempting to apply more sophisticated manifold learning algorithms to construct the

structural damage appearance manifoldMD(θ). This may be motivated by the appealing

demonstrations in the literature that some artificial nonlinear data sets, e.g. the Swiss roll

(Roweis and Saul, 2000), can be unfolded in low-dimensional space. By reviewing and

exercising some popular manifold learning algorithms, such as the LLE (Saul and Roweis,

2003) method, the ISOMAP (de Silva and Tenenbaum, 2003) method, and their variant

methods, it is found that most of these methods pursue a global low-dimensional geometric

structure by either preserving local geometry (e.g. in LLE)or preserving global pair-wise

geodesic distances (e.g. in ISOMAP). In either of the two principles, local neighborhood-

based pair-wise distances computed in the input space are used to construct a local linear

patch or to estimate the geodesic distances. As discussed earlier, the inter-object variations

and image distortion variations both contribute to the preceding distance computation, and

the intra-object variations may not dominate. Therefore, any attempt of using these sophis-

ticated manifold learning methods is not promising to make any improvements compared

with the current PCA-based damage extraction method.

2.6 Proposed Solution Frameworks

2.6.1 BSFs-based Structural Integrity Detector

A fundamental approach to overcoming both inter-object variations and image distor-

tions is to break the urban buildings in images into a collection of BSFs. By doing this,

the relative spatial relations of BSFs are removed; hence, inter-object topographical appear-

ance variations of different buildings can be minimized. By extracting features in BSFs that

have small spatial scales, image distortions can be locallymodeled using the linear trans-

formation models in Eq.2.7 and Eq.2.6; hence, the extracted structural integrity features

are resistent to local image distortions.

With this approach, one may start with detecting the regional BSFs in bitemporal im-

ages, then extracting the features of BSFs resistent to imagedistortions. Such a combined
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detection and feature extraction device is called astructural integrity detector. This struc-

tural integrity detector is actually an integral component, φ(u0,u1), in the generic solution

schemepc

{
ψ
[
φ(u0,u1)

]}
.

2.6.2 Proposed Frameworks

Two different ways of approaching the structural integritydetector are formulated.

Accordingly, the subsequent steps – structural damage feature extraction and structural

damage classification, are resolved differently. Therefore, two solution frameworks to the

image-based urban structural damage identification problem are proposed:

• Framework I : In this framework, a pixel-wise damage feature extractionmethod is

proposed. In this method, the locations of BSFs are not explicitly detected; rather,

BSFs are assumed as sliding image blocks centered at individual pixels. Subse-

quently, a probabilistic, multi-level structural damage classification scheme is ap-

plied.

• Framework II : In this framework, a region-based damage feature extraction method

is proposed. This method features an explicit process of detecting structurally promi-

nent regions as the sub-domains of the potentially important BSFs. Subsequently, a

voting-based damage classification scheme is proposed.

The following four chapters are organized to present the twosolution frameworks: among

them Chapter 3 and Chapter 4 focus on Framework I, and Chapter 5 and Chapter 6 on

Framework II.

The motivation behind Framework I is to seek a computationally efficient solution to

the problem. As will be seen in Chapter 3, the proposed pixel-based damage feature extrac-

tion can be implemented with vectorized computing. However, this approach is sensitive

to noisy image distortions. In the case that image distortions are significant, damage classi-

fication performance is not satisfactory in classifying minor-damaged urban structures. To

overcome this issue, the second solution framework is proposed, which aims to increase the

accuracy of damage feature extraction and classification considering the existence of sig-

nificant image distortions. However, intensive computing and demanding user intervention

are required in the second solution framework.
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2.7 Summary

In this chapter, the important concepts relevant to urban damage identification are in-

troduced first, particularly focusing on the visual cues that are critical in determining the

damage level of urban buildings; therefore, the concept ofbasic structural elements(BSFs)

is proposed. A large percentage of the effort is committed tointroducing two principles of

damage feature extraction, one is local and the other is global. Particularly, disturbing fac-

tors that impede any identification efforts are recognized,which include the inter-object

topographical variations between urban buildings and the geometric/photometric distor-

tions and their bitemporal variations in images. Through aninitial numerical study, it is

recognized that these disturbing factors must be minimizedin order to succeed in identify-

ing urban structural damage that can compete with manual interpretation. In the end, two

solution frameworks are proposed.



Chapter 3

Pixel-wise Urban Structural Damage

Extraction

3.1 Introduction

In this chapter, a pixel-wise approach is adopted, in which structural integrity features

and structural damage features are formulated by means of efficient sliding-neighborhood

image processing. In this method, pixel-wise gradient magnitudes are first computed for the

given pre- and post-event satellite images, which characterize the gray-level spatial tran-

sitions of the topographical appearance patterns of urban buildings. Second, to quantify

the change of pixel-wise structural integrity, a family of nonparametric distribution dissim-

ilarity measures are used to compute the damage measurements in a neighborhood-sliding

manner, which is termedgradient-location-dissimilaritydamage detection. To analyze the

effectiveness of this damage detection approach, the formulation is interpreted by means

of the scale-space theory. Third, the pixel-wise damage measurements are used to for-

mulate damage feature vectors for individual buildings. The following chart (Figure3.1)

summarizes this damage detection method.

The proposed method in this chapter at the outset is similar to the traditional pixel-

based digital change detection. Therefore, a brief review of the traditional change detec-

tion methods will be given first. In the following two sections, both the formulation and

the implementation details are presented. Subsequently, the proposed pixel-wise damage

extraction method is validated by using both synthetic damage patterns and real satellite

64
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Figure 3.1: Workflow for the proposed pixel-wise damage detection.

imagery data.

3.2 Pixel-wise Digital Change Detection

Due to ever-advancing remote sensing imaging capability, change detection is an active

field to date. Most of these applications have focused on accessing changes on the Earth’s

surface that occur at different spatial and temporal scales. Today, timely and accurate

change detection of the Earth’s surface has become extremely important for understanding

natural phenomena and human activities, such as in agricultural survey, urban planning and

forest monitoring (e.g. see the bookCampbell, 2006). Numerous change detection methods

have been developed since the early 1980’s in the community of remote sensing. An early

review addressing change detection is provided bySingh(1989). For a more recent review,

one may refer toCoppin et al.(2004); Lu et al.(2004).

Although most digital change detection problems were developed in the community

of remote sensing, the concept and methods of change detection have been applied in

many applications, such as image-based medical diagnosis (e.g.Kano et al., 1994), video-

based traffic surveillance (e.g.Kastrinaki et al., 2003), and structural health monitoring

(e.g.Gandhi et al., 2007). For a general review of change detection methods in these re-

lated fields, one may refer toRadke et al.(2005).
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3.2.1 Image Differencing

The most widely used change detection algorithm in the literature is the image differ-

encing method. The differencing value at a pixelx = (x, y) is calculated as:ud(x) =

u0(x)⊖ u1(x), where the operator⊖ represents a general differencing operator (e.g., sub-

traction, division etc.), andu1(x) andu0(x) are the original or the preprocessed bitemporal

images defined in a 2D spatial domainΩ. Under this generic definition, many change detec-

tion algorithms fall into this category, including: univariate differencing (u0(x)− u1(x)),

linear image regression (c1u0(x) + c2 − u1(x), wherec1 andc2 are the coefficients deter-

mined from regression), image ratioing (u0(x)/u1(x)), and change vector analysis (CVA)

(CVA is used in multispectral images; at each pixel a differencing vector is obtained), and

PCA (principle component analysis) differencing.

Interpretation of Differencing Image

The interpretation of the resulting differencing-based change features often resorts to

classification. However, this is a non-trivial issue. Sincethe differencing value at a pixel

has no capability to indicate its potential change level, contextual information has to be

incorporated. Simple thresholding using local statisticsis usually adopted (e.g.Rogerson,

2002); or more rigorous modeling-based treatments, such as methods based on the use of

Markov Random Fields (MRF) and probabilistic Bayesian inference, have been proposed

(e.g.Bruzzone and Prieto, 2000). Notably, usually binary change states, namely ’changed’

or ’unchanged’, for arbitrary pixels are yielded from theseclassification schemes.

Drawbacks of Image Differencing

One deficiency of the aforementioned direct image differencing methods is that the re-

sulting change features are easily disturbed by geometric and photometric distortions. Re-

garding the geometric distortions within images, a commonly cited cause is misregistration

between bitemporal satellite images. There are a wide rangeof methods available to tackle

image registration (e.g.ZitovÁ and Flusser, 2003), and most of these method attempt to

obtain globally ‘perfect’ registration. However, due to the nature of optical imaging and

the errors in ortho-rectification, local registration errors are usually found, since the con-

trol points in performing image registration are usually limited. In Figure3.2, three pairs of
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pre-event and post-event images, which are from the Bam 2003 Images data, are illustrated.

(a0) (b0) (c0)

(a1) (b1) (c1)

Figure 3.2: Three examples of earthquake-damaged urban structures in bitemporal images:
(a0), (b0) and (c0) show the pre-event images; (a1), (b1) and(c1) show their post-event
images. In (c1), the manually delineated, pre-event structural boundary (continuous red
lines) is overlayed with the post-event structural boundary (dashed lines). A1 ∼ 2-pixel
alignment error can be observed (source of images: Bam 2003 Images).

In Figure3.2(a0) and (a1), the urban building completely collapsed. Hence the spatial

alignment errors, if they exist, effectively have no effects. In Figure3.2(b0) and (b1), it is

observed that the buildings in the pre- and the post-event images align well. In (c0) and

(c1), the pre-event structural boundary (solid lines) is overlayed with the post-event bound-

ary (dashed lines) – a1 ∼ 2-pixel alignment error can be identified. However, it is noted

that the three pairs of images are cropped from the same pair of bitemporal geo-registered

satellite images as shown in Figure1.6. It is expected that given these geometric distor-

tions, the pixel-wise direct image differencing will inevitably produce erroneous change

features. In the literature of remote sensing, this adverseeffects of alignment errors on

change detection is well known (e.g.Townshend et al., 1992; Dai and Khorram, 1998).

Photometric distortions exist as well. These are not uniformly distributed in the image

domain. In Figure3.2(b1), the post-event boundary segment of the building in thebottom

right of the images is noticeably brighter than it is in its pre-event image (b0). Nonetheless,

from the context of its neighborhood information, this boundary segment is structurally
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intact in the post-event image. If an image differencing using the aforementioned methods

will fail to eliminate the effects of such photometric distortions and their variations between

images.

3.2.2 Neighborhood-sliding Methods

Given the bitemporal image pairu0(x) andu1(x) defined inΩ, we introduce a neigh-

borhood notationn(x) as an image subdomain centered at an arbitrary pixelx. Within

such a neighborhood, the contextual, bitemporal gray values are hence denoted byu0(xi)

andu1(xi) with xi ∈ n(x). Among methods that directly measure the change based on

bitemporal contextual (neighborhood) information, linear correlation (LC) analysis is one

of the most straightforward methods.

Linear Correlation (LC) Method

The linear correlation coefficient (denoted byρ) measures the degree of linear corre-

lation coefficient between the 2D imagery information inu0n(x) andu1n(x) confined by

the neighborhoodn(x). Whenρ approaches zero, it indicates a week linear correlation,

and whenρ approaches to 1 or -1 (or equivalently,ρ2 approaches to 1), it indicates strong

(positive or negative) linear correlation.

ρ(x) =
<u0u1>n − <u0>n<u1>n

[<u02>n − <u0>2
n
]
1
2 [<u12>n − <u>2

n
]
1
2

,x ∈ Ω (3.1)

where the notation< u >n denotes an averaging operator1
Λ

∑
xi∈n(x)(x) u(xi) (Λ is the

number of pixels within the neighborhoodn(x)). If the neighborhood dimension is fixed

across in the image domainΩ, e.g. a square-block subdomain, Eq.3.1can be implemented

as a sliding-neighborhood algorithm hence obtaining pixel-wise linear correlation coeffi-

cients across the domainΩ.

If vector notation is used, i.e.u for {u(xi)|xi ∈ n(x)}, Eq. 3.1 can be equivalently

written as a dot product by

ρ(x) =
u0− <u0>n

‖ u0− <u0>n‖
· u1− <u1>n

‖ u1− <u1>n‖
(3.2)

One may recall by comparing the eigenspace-based damage extraction in Section2.5.1that

the two items of the dot product in essence perform the linearillumination normalization
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within a sliding neighborhood. Therefore, the three measures, Cosine metric, Euclidean

distance and linear correlation coefficient, if calculatedin terms of the normalized gray

values, are equivalent. Since the linear illumination normalization is always performed, we

adhere to calling Eq.3.1LC method. In addition, as will be seen later that the formationin

Eq. 3.1 is completely in terms of averaging operators and pixel-wise algebraic operators,

this is a computationally appealing property.

Due to the simplicity of the LC method, it has been used in someurban damage stud-

ies using satellite images (e.g.Shinozuka and Rejaie, 2000; Chen and Hutchinson, 2007;

Hutchinson and Chen, 2005). The underlying hypothesis is that ifρ equals to 1 or -1 (ρ2

may be used), a perfect linear relationship exists between the bitemporal gray values, then

no structural damage occurs. Whenρ approaches zero, nonlinearity becomes dominating,

and this maps to increasing structural damage level. However, the following difficulties are

encountered in practice:

• The LC measure is sensitive to intensity noise. To reveal this, the simplest additive

noise model is used. Suppose the pre-event gray values within a neighborhoodn(x)

are denoted byu0(xi) = u0∗(xi) + ǫ0(x), whereu0∗(x) denotes a smooth gray-

level function andǫ0(xi) denotes the pixel-wise noise. Similarly the post-event gray

value model isu1(xi) = u1∗(xi) + ǫ1(x). It is clear that ifu0∗(xi) andu1∗(xi) are

constants (or almost constant) across the neighborhood, the obtained LC value will

only measure the correlation betweenǫ0 anǫ1, which may arbitrarily range from -1

to 1 irrespective of the underlying structural damage level.

• In Chapter 2, typical bitemporal changes of BSFs between pre- and post-disaster

images for urban buildings have been recognized. For example, the disappearance

of boundary elements or the occurrence of cluttered regions. The LC method lacks a

model-based interpretation for these different damage patterns.

In this chapter, the LC method is used as a basis to validate the proposed gradient-

location dissimilarity measures, which are presented in the following sections. To have the

same positive monotone as other dissimilarity measures,LC(x) = 1− ρ(x)2 is used.
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3.3 Gradient-Location Dissimilarity Damage Extraction

3.3.1 Gradient Features of Gray-level Transition

One description to the topographical pattern within a BSF maybe obtained by charac-

terizing its spatial gray-level transitions. In Figure3.3, a 1D profile across an urban building

is shown. In Figure3.3(a), two sharp gray-level transitions, ‘b1’ and ‘b2’, are annotated,

which are edge-like sharp boundary segments. Between ‘b1’ and ’b2’ in Figure3.3, there

relatively flat gray-level transitions, which form the roofof the building.

(a) (b)

Figure 3.3: 1-dimensional gray-level profile for the building in (b0) in Figure3.2: (a) the
building with annotation (b) the gray-level profile plot corresponding to the annotations in
(a).

A natural approach to amplifying these transitions is to usethe squared image gradient

magnitudes, which can better characterize the strength of gray-level transitions in the image

domain. A transformed image of squared gradient magnitudess(x) given an input gray-

level imageu(x) is defined as:

s(x) =‖ ∇xu(x) ‖2=
[
∂u(x)

∂x

]2

+

[
∂u(x)

∂y

]2

(3.3)

The partial derivative operator in Eq.3.3can amplify the noise as well. A common remedy

is convolving the original image with the directional Gaussian kernel derivatives, denoted

by gx(x, σ) andgy(x, σ), whereσ is the smoothing scale. This is a classical way in many

image processing methods; for example, it was used in the well-known Canny edge detector

Canny(1986). Eq.3.3then becomes

s(x) = [gx ∗ u(x)]2 + [gy ∗ u(x)]2 (3.4)
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where∗ is a convolution operator. The squared gradient magnitudes(x) in Eq. 3.4 varies

as different smoothing scalesσ are used. In the following, we will temporally assume that

σ is a constant.

Given bitemporal gray values defined in a neighborhoodn(x), therefore, one obtains

the bitemporal gradient features of gray-level transitions, which ares0(xi) ands1(xi) with

xi ∈ n(x). It is noted that the derivative operations in Eq.3.4 eliminate the effect of

non-uniform additive photometric distortion across different neighborhoods (the constant

b in Eq.2.7). To remove the effects of multiplicative photometric distortion, the following

normalization is performed:

sn(xi) =
1

Λ

s(xi)

<s>n

(3.5)

whereΛ is the size ofn(x) and<s>n=
1
Λ

∑
xi∈n(x) s(xk). It is noted that with this nor-

malization, a neighborhood-based photometric distortionminimization is achieved, which

is based on a linear model of photometric distortion in Eq.2.7.

3.3.2 Gradient-Location Dissimilarity Extraction

Distribution Dissimilarity Measures

The commonly used dissimilarity measures for vectors or samples of values include the

Euclidean distance or Cosine metric. Comparatively, if probability distributions or normal-

ized histograms are considered, a large family of distribution dissimilarity measures ex-

ist. These include Kolmogorov-Smirnov distance,χ2−statistic, Jeffrey divergences, Bhat-

tacharyya distance, and ground distance measures, and are often used in literature of image

analysis (e.g.Rubner et al., 2001; Osada et al., 2002; Comaniciu et al., 2003; Puzicha et al.,

1997).
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In our study, the following distribution dissimilarity measures are explored:

L2 norm :

[∫

X
[p(x)− q(x)]2

] 1
2

(3.6)

Cosine : 1−
∫
X p(x)q(x)√∫

X [p(x)]2
∫
X [q(x)]2

(3.7)

Jeffery divergence :

∫

X
[p(x)− q(x)] log

p(x)

q(x)
(3.8)

Bhattacharyya distance :

[
1−

∫

X

√
p(x)q(x)

] 1
2

(3.9)

χ2 − statistic :

∫

X

[p(x)− q(x)]2
p(x) + q(x)

(3.10)

wherep(x) andq(x) are two probability density functions defined in a population spaceX .

The Euclidean distance, Cosine metric and Bhattacharyya distance1 are mathematical

metric measures. The Jeffrey divergence is obtained by symmetrizing the information-

theoretic measure, Kullback -Leibler divergence (Cover and Thomas, 2001). However, it

is still not a metric due to its lack of triangle-inequality.The Cosine and the Bhattacharyya

distance are bounded by0 and1. The Euclidean distance, the Jeffrey divergence, and the

χ2 statistic are lower-bounded by0. For all measures discussed in the above, they equal to

0 only whenp(x) = q(x),∀x ∈ X , and increase as the dissimilarity increases.

Gradient-location Description

Except for Eq.3.6 and3.7, where the dissimilarity measures are universal, the distri-

bution dissimilarity measures listed in Eq.3.8∼ 3.10are only applicable for probability

distributions or normalized histograms. In Section3.3.1, normalized, bitemporal gradient

featuress0n(xi) ands1n(xi) defined over∈ n(x) are obtained, both of which are summed

to unity and are greater than zero. Hence, they can be treatedas ‘proper’ normalized his-

tograms, where the locationsxi’s within n(x) are the histogram bins and the normalized

magnitudess0n’s or s1b’s are histogram frequency.

1There is another form of Bhattacharyya distance, which is− log
∫
X

√
p(x)q(x); however, it does not

obey the triangle inequality, and it is bounded by 0 and∞. For a theoretical treatment about the relation
between the Bhattacharyya distance and the Jeffrey divergence, one may refer to a classical paper byKailath
(1967).
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One may wonder why a real histogram is not formulated in the neighborhood subdo-

mainn(x). The primary reason is that by computing a histogram over theneighborhood,

the spatial information of gradient features is completelylost, e.g. a topographical bound-

ary segment withinn(x) can be rearranged to manifest a blob. In order to retain spatial

information of gradient features, a popular technique in the literature of computer vision is

to use gradient location-orientation histogram. Within a small image subdomain, the his-

togram bins are obtained by quantizing the spatial locations and the gradient orientations

separately into a number of bins (e.g.Lowe, 2004). Such a method can retain most of the

spatial information. In the meantime, it is resistent to local spatial variations. However, a

disadvantage is that, if this feature description approachis used pixel-wise within a large

satellite image, the computation is demanding.

By directly treating the completes0n(x) ands1n(x) as bitemporal, gradient-location

‘histograms’. As such, all spatial information is fully retained, which is termedgradient-

locationdescription. A drawback is that it tends to be sensitive to local geometric distor-

tions compared with the aforementioned gradient location-orientation histogram method.

Nevertheless, much efficient computing can be achieved as shown later.

Dissimilarity Extraction

Treating the normalized gradient-location featuress0n(xi) ands1n(xi) defined inxi ∈
n(x) as distributions, we substitute the right side of Eq.3.5 for s0n(xi) ands1n(xi), re-

spectively, into Eq.3.6∼3.10, and replace the integrator with summation over the support

n(x), we obtain the following gradient-location dissimilaritydamage measures:

ED(x) =
1

Λ

[
<s02>n

<s0>2
n

+
<s12>n

<s1>2
n

− <s0s1>n

<s0>n<s1>n

] 1
2

(3.11)

CO(x) = 1− <s0s1>n

(<s02>n<s12>n)
1
2

(3.12)

JD(x) =
<s0 log s0

s1
>n

<s0>n

+
<s1 log s1

s0
>n

<s1>n

(3.13)

BD(x) =

[
1− <s0s1>

1
2
n

(<s0>n<s1>n)
1
2

] 1
2

(3.14)

ST (x) =
1

<s0>n<s1>n

〈
(s0 <s1>n −s1 <s0>n)

2

s0 <s1>n +s1 <s0>n

〉

n

(3.15)
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whereED(x), CO(x), JD(x), BD(x) andST (x) correspond to pixel-wise pixel-wise

dissimilarity values obtained from the Euclidean Distance, COsine, Jeffrey Divergence,

Bhattacharyya Distance and theχ2− STatistic measures in Eq.3.6∼ 3.10, respectively.

3.3.3 Scale-space Interpretation

In the previous subsections, gradient-location dissimilarity measures are formulated for

use in quantifying pixel-wise structural damage. However,two issues remain: 1.) the

dissimilarity measures defined in Eq.3.11∼ 3.15 lack a theoretical connection that links

the degree of structural damage to the dissimilarity measures; 2.) there are no principles

on how to the select the pixel-wise neighborhoodsn(x) and the smoothing scaleσ. In the

following, we address these issues by casting the reasoningin the scale-space framework.

This theoretical framework was proposed byLindeberg(1996) and has been adopted as

the basis for many scale or affine-invariant feature extraction methods (e.g.Lowe, 2004;

Mikolajczyk and Schmid, 2004).

1D Modeling of Structural Integrity

A basis for the proposed gradient-location dissimilarity measures is that the topograph-

ical appearance of urban buildings can be viewed as a collection of 1-D gray-level transi-

tions with different orientations. These include sharp transitions as shown in Figure3.3(a)

(i.e. the ‘b1’ and ’b2’ segments) and flat transitions (i.e. the small transitions between ‘b1’

and ’b2’ in Figure3.3(a)).

To model these transitions, we propose to use the cumulativeGaussian distribution

defined in a 1D neighborhoodn(x0) = {x|x ∈ [−x0, x0]}, which is a pristine transition in

1D:

u(x, τ) =

∫ x

−∞

1√
2πτ

exp (− x2
i

2τ 2
) dxi , ∀x ∈ n(x0) (3.16)

whereτ is the model scale parameter. Therefore, a pair of bitemporal transitions in this

neighborhood can be written as

u0(x, τ0) = a0 u(x, τ0) + b0 (3.17)

u1(x, τ1) = a1 u(x, τ1) + b1 (3.18)
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wherea0, a1, b0 and b1 are used to parameterize the linear photometric variation in the

neighborhoodn(x0).

In Figure3.4, two 1D gray-level transitions models,u0(x, 1) andu1(x, 5), are shown

(wherea0 = a1 = 1 andb0 = b1 = 0) It is noted that by changing the intrinsic parameters

−6 −4 −2 0 2 4 6
0

0.2

0.4

0.6

0.8

1

u1; τ1 = 5

u0; τ0 =1

Figure 3.4: Simulated 1D profiles of gray-level transitions.

τ0 andτ1, the sharpness and the effective supports of the 1D profiles in Figure3.4 will

change accordingly. In the literature, a scale that controls the geometric appearance and

the support of an image object, is termedcharacteristic scale.

Recalling the possible damage patterns in terms of the bitemporal change of BSFs as

summarized in Figure2.2, the damage patterns can be roughly mapped to the following

relationships between the parametersτ0 andτ1:

• Sharp Boundaries versus Less-sharp Cluttered Regions: this situation maps toτ0≪
τ1: in most cases, a sharp boundary has a small scaleτ0 less than 1 or around 1, while

a clutter region features flattened gray-level transitions, which have much larger scale

τ1 as shown in Figure3.4.

• Homogeneous Regions Versus Cluttered Regions or Sharp Boundaries: this situation

maps toτ0 ≫ τ1: for homogeneous regions, if the model in Eq.3.16 is used, the
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underlying scaleτ0 must be a number approaching to∞; therefore,τ0 ≫ τ1 is

almost sure;

• No Significant Change in Gray Levels: this corresponds toτ0 ≃ τ1.

Therefore, the change of structural integrity at a pixel level is controlled by the bitempo-

ral gray-level transition scalesτ0 andτ1. In the following, we define a scale ratio quantity

dτ , which is

dτ (τ0, τ1) =

{
τ1
τ0

for τ0 ≤ τ1

τ0
τ1

for τ0 > τ1
(3.19)

Based ondτ , a hypothesis for pixel-wise damage feature extraction is formulated as fol-

lows:

The pixel-wise structural damage exists if and only ifdτ > 1: a larger value ofdτ

represents more severe damage anddτ = 1 indicates no structural damage.

In the following, we attempt to prove the effectiveness of the proposed damage mea-

sures by showing that the measures defined in Eq.3.11∼ 3.15can monotonically vary with

the intrinsic damage parameterdτ .

Characteristic Scales

Based on the hypothesis in the above, fundamental approach todamage feature extrac-

tion may be pursued by solving for the characteristic scalesτ0’s andτ1’s. This problem

has been resolved under the framework of the scale-space theory primarily developed by

Lindeberg(1994). In the following, we introduce a method proposed inLindeberg(1996)

in the context of edge detection with automatic scale selection.

This method stems from the fact that in computing the derivatives of images, the images

are usually smoothed first by convolving with a Gaussian kernel. In Eq.3.4, a smoothed

squared gradient magnitude images(x) is obtained by assuming a constant Gaussian kernel

scaleσ. If a varyingσ is considered, the obtaineds(x, σ) forms a scale-space represen-

tation of s(x). Generally,s(x, σ) decreases as one increasesσ. In the context of edge

detection, if one usess(x, σ) as the measure of edge strength, an optimal value of the

smoothing scale should not be fixed across the image but be related to the underlying scale

of the gray-level transitions in the image. For example, fora homogeneous region, a large
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smoothing scale should be used whereas for regions with sharp transitions, a small smooth-

ing scale should be used. InLindeberg(1996), an optimal smoothing scaleσ∗ is obtained

by optimizing a so-calledγ-normalized derivative function:

sγ(x, σ) = σγs(x, σ)

= σγ
{
[gx ∗ u(x)]2 + [gy ∗ u(x)]2

}
(3.20)

whereγ a constant to be determined. In the following, we review how one solves for an

optimal smoothing scale by performingσ∗ = arg maxσ sγ(x, σ).

The obtained optimal scaleσ∗ presumably has direct relation to the underlying charac-

teristic scaleτ . For natural images, in general, there are no closed forms betweenσ∗ andτ .

Nevertheless, for a 1D image modeled by Eq.3.16, a closed relation can be achieved. By

substitutingu(x) in Eq. 3.20with u(x, τ) in Eq. 3.16, a 1-D normalized squared gradient

magnitude functionsγ(x, σ, τ) is obtained. Since it is also a function ofx, we conduct the

optimization atx = 0 by solving for

∂sγ(x, σ, τ)

∂σ

∣∣∣
x=0

= 0

which yields the following equality:

σ∗ =

√
γ√

2− γ τ (3.21)

If the constantγ = 1, the obtained optimal smoothing scale is exactly the underlying

characteristic scaleτ . Therefore, a straightforward solution is obtained. Sincethe pixel-

wise structural damage is intrinsically controlled by a ratio dτ of τ0 and τ1, one may

attempt to conduct the optimization problem in Eq.3.20on both the pre-event imageu0(x)

and the post-event imageu1(x), therefore, a pixel-wise damage feature extraction is simply

dτ (x).

Scale-space Interpretation

The aforementioned solution needs to conduct the pixel-wise optimization shown in

Eq. 3.20. It is a prohibitive task for large-scale satellite images.In the following, we first

derive the analytical expressions of the proposed dissimilarity measures by assuming that

the bitemporal inputs are modeled based on Eq.3.16, i.e. u0(xi) = a0 · u(xi, τ0) + b0 and

u1(xi) = a1 · u(xi, τ1) + b1:
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i.) First, we obtain Eq.3.4for u0(xi) andu1(xi)

s0(xi, τ0, σ0) =
a02 exp

(
− x2

i

σ02+τ02

)

2π(σ02 + τ02)
, s1(xi, τ1, σ1) =

a02 exp
(
− x2

i

σ12+τ12

)

2π(σ12 + τ12)

Note that the additive illumination constants (b0 andb1) are removed.

ii.) Conduct illumination normalization per Eq.3.52, and replaceτ02 + σ02 andτ12 +

σ12 with two compound squared scales,η02 andη12, respectively. The normalized

squared gradient magnitudes are obtained:

s0n(xi, η0) =
exp

(
− x2

i

η02

)

√
πη0

, s1n(xi, η1) =
exp

(
− x2

i

η12

)

√
πη1

which are two Gaussian distributions!

iii.) Subsequently, replacep(x) andq(x) in Eq.3.6∼ 3.9with s0n(xi, η0) ands1n(xi, η1),

respectively, and conduct integration individually; the following expressions are ob-

tained:

ed =
1

π
1
4

√
1√
2η0

+
1√
2η1
− 2√

η02 + η12
(3.22)

co = 1−
√

2√
η0
η1

+ η1
η0

(3.23)

jd =
(η02 − η12)2

2η02η12
(3.24)

bd =

√

1−
√

2η0η1√
η0η1(η02 + η12)

(3.25)

st =

∫

n(x0)

[s0n(xi)− s1n(xi)]
2

s0n(xi) + s1n(xi)
dxi (3.26)

For theχ2− statistic, however, a closed form does not exist.

In the following, we aim to illustrate that the obtained damage measures in Eq.3.22∼3.25

have a monotonic relationship with respect to the intrinsicstructural damage parameter

dτ . In this case,dτ is recast asdη(η0, η1) defined in Eq.3.19. For theχ2 − statistic,

2Note that since the model is continuous, the normalization is upon an integration now, which is∫
n(x0)

s(xi, τ, σ)dx. In addition, for the time being, the supportn(x0) is assumed to be[−∞,∞].
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numerical integration is used, wherein the integration support is set as[−10η, 10η] with

η = max (η0, η1). In addition, in order to compare the proposed damage measures with

the LC method, gray-levels are simulated by using the bitemporal modelsu0(xi) and

u1(xi) with τ0 andτ1 in a range of[1, 20], and the numerical support is[−10τ, 10τ ] with

τ = max (τ0, τ1). In Figure3.5, six plots of the corresponding 1D-model based damage

measures are illustrated in 3D plots with respect todη(η0, η1) or dτ (τ0, τ1).

From the plots in Figure3.5, one can find that all the proposed gradient-location dis-

similarity measures as well as the LC measure monotonicallyincrease with the parameter

dη(η0, η1) or dτ (τ0, τ1) . Nonetheless, they range differently as the intrinsic parameterdη

varies, which are summarized as follows:

• The measureeddoes not assume a pure monotonic relation withdτ . In fact its mono-

tone depends on both the current values ofη0 andη1 and their ratio. Asdη varies

from 1 to∞, ed ranges from[0,
√

1√
2πη

], whereη = min [η0, η1];

• comonotonically increases in a range of[0, 1) asdτ varies between[1,∞);

• jd monotonically increases from 0 to∞ asdη varies from 1 to∞;

• bd behaves similarly asco in a range of[0, 1)

• st can only be numerically obtained; hence no closed form for its range. Asdη varies

from 1 to 20,st from 0 to1.63;

• The LC measure is based on intensity values without smoothing, and its values de-

pend on the selected integration supports. For the support selected as[−10τ, 10τ ], it

varies from 0 to0.0486 asdτ (τ0, τ1) varies from 0 to20.

It is noted that for the gradient-location dissimilarity measures, they are all monotonic

with respect todη(η0, η1), wherein the compound scaleη0 andη1 are defined by(τ02 +

σ02)
1
2 and(τ12 +σ12)

1
2 , respectively. From Eq.3.21, if the smoothing scales are optimally

determined, they are equal to the underlaying characteristic scales, i.e.σ0 = τ0 andσ1 =

τ1, it is easy to see thatdη(η0, η1) is reduced todτ (τ0, τ1) according the definition ofdτ

in Eq. 3.19. This proves that with a 1D gray-level model, the proposed gradient-location

dissimilarity measures are equivalent to the intrinsic damage parameterdτ .
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(a) (b)

(c) (d)

(e) (f)

Figure 3.5: Dissimilarity measures based on 1D model with respect to the intrinsic dam-
age parameterdη (dτ is used for (f)): (a) Gradient-location (GL) Euclidean-distance mea-
sure; (b)GL Cosine measure (1 − cosine); (c) GL Jeffrey-divergence measure; (d) GL
Bhattacharyya-distance measure; (e) GLχ2-statistic measure; and (f) the LC measure.
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Qualitative Evaluation

From the previous summary of the monotone ranges of different damage measures

based on the use of the 1D image models, some qualitative evaluation of the performance

of these measures may be made.

• For the measureed, the same measurement ofed can map to differentdη’s, leading

to a problematic monotonic relationship. Comparatively, perfect monotonic relation-

ships are found in the measuresco, jd and bd, which are expected to be equally

effective in discriminating the underling structural damage.

• The χ2-statistic measure poses different from the others. Its symbolic expression

does not exist for the given 1D image model. In the following,we will further reveal

that the measurest does not allow vectorized computation.

• If the numerical ranges of the proposed measures are compared, except that thest

has no closed form, the other dissimilarity measures have consistent ranges with their

mathematical ranges. For example, the mathematical range for the Cosine measure is

[0, 1], and the obtained range is[0, 1) asdη approaches∞. However, the LC measure

ranges from 0 to0.0486 for dτ (τ0, τ1) varying from 0 to a large number (20 is used).

This numerical range, if compared with its mathematical range of [0, 1], indicates

that the LC measure may have weak capability in discriminating structural boundary

damage.

3.3.4 Parameter Selection and Implementation

Parameter Selection

If real images are used, optimal smoothing scalesσ across images are expensive to ob-

tain. To obtain a practical implementation, a fixed smoothing scale is usually used. Given

this practical concern, a sub-optimal smoothing scale is selected, which is empirically se-

lected equal to the most probable characteristic scale for the sharp gray-level transitions,

e.g. structural boundaries. Therefore, for objects with sharp gray-level transitions, we

haveτ ≃ σ, hencedτ (τ0, τ1) = dτ (η0, η1), the obtained gradient-location dissimilarity

measures retain the monotonic relation withdτ (τ0, τ1). For objects with flat gray-level
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transitions, we haveτ ≫ σ, henceσ2 + τ 2 ≃ τ 2. By the definition ofdτ in Eq.3.19, one

still obtainsdτ (η0, η1) ≃ dτ (τ0, τ1) – the monotone between the proposed dissimilarity

measures and the intrinsic damage parameter is still applicable.

While proving the effectiveness of the proposed dissimilarity measures, the integra-

tions involved are conducted with an infinity supportn(x0) = (−∞,∞). For practical

implementation, a fixed-size summation support should be used instead. For computing in

real 2D images, the size of this support should be related to the characteristic scales of the

underlying image objects. Recall that for the 1D image model used previously, a compu-

tational support may ben(x0) = [−3τ, 3τ ] such that the first order Gaussian derivative in

Eq.3.4numerically has a kernel with its size equal to the neighborhood size.

Numerical Implementation

Based on the previous discussion, in order to implement the computation of the pro-

posed gradient-distance dissimilarity measures, two parameters are involved: the smooth-

ing scaleσ and the numerical summation/averaging neighborhood size.The smoothing

scaleσ, as discussed earlier, is empirically selected as the most probable boundary scales

in the images, which can be visually determined by profiling anumber of structural bound-

aries in the images. Given a fixed smoothing scaleσ, a sliding neighborhood centered at a

pixel x = (x, y) is selected as a square block – the half widthw is set equal to an integer

number rounded from3σ as suggested before. Therefore a square-block image neighbor-

hood is defined asn(x) = {xi|x−w ≤ xi ≤ x+w, y− 3w ≤ yi ≤ y + 3w}, and the size

of this neighborhood isΛ = (2w + 1)× (2w + 1).

To implement Eq.3.11∼ 3.14, we can find that they are composed of an averaging

operation:

<f >n=
1

Λ

∑

xi∈n(x)

f(xi)

where the summandf(xi) is a quantity purely in terms of the neighborhoodxi = (xi, yi).

The remaining operators in these equations include only thebasic algebraic operators be-

tween< · >. With this notation, and recalling the convolution operators involved in com-

puting the squared image gradient magnitude in Eq.3.3, the involved computation can be

implemented vectorized. In Table3.1, we illustrate the steps for obtaining a pixel-wise

damage measurement matrixMJD for the gradient-distance Jeffrey-divergence based on
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theJD(x) measure in Eq.3.13.

Table 3.1: Tabular steps for computing pixel-wise damage measurements.

1. Inputs bitemporal satellite images:I0 andI1
Gaussian derivative kernels:Gx andGy

averaging kernel:H

2. Obtain S0 = Gx ∗ I0 + Gy ∗ I0
Sq. Grad. Mag. S1 = Gx ∗ I1 + Gy ∗ I1

3. Compute T0 = [S0 .× log (S0 ./ S1)] ∗H

MJD T1 = [S1 .× log (S1 ./ S0)] ∗H

MJD = T0 ./ (S0 ∗H) .+ T1 ./ (S1 ∗H)
Note: The algebraic operators.+, .∗, ./ are element-wise matrix operators.

Based on the tabular steps in Table3.1, gradient-location damage measurement of

ED(x),CO(x) andBD(x) can be computed similarly. However, the expression ofST (x)

in Eq.3.15is different, as the averaging operators<> are nested, and it can not be decou-

pled as the other four proposed dissimilarity measures. Hence, it does not have a vectorized

implementation as the other four dissimilarity measures have. In the following sections, we

will only evaluate the performance of the first four dissimilarity measures, namelyED(x),

CO(x) JD(x) andBD(x).

A minor issue is that among the four selected damage measures, theED(x) andJD(x)

are only lower bounded by zero. To obtain bounded damage measurements, a standard

approach is used as follows (denoteED(x) or JD(x) by d′(x)):

d(x) = 1− exp(−[d′(x)]2) (3.27)

The resulting damage measure is now bounded by[0, 1)].

3.4 Object-based Damage Feature Vectors

To extract structural damage on a per-object basis, one has to access a ground truth (GT)

image that defines the spatial boundaries of individual urban buildings, which are manually

obtained in this dissertation for algorithm evaluation andvalidation purpose (Section1.3).

With the availability of a GT image, the spatial domain of each urban building is denoted by
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B(x). Therefore, the confined damage measurements within this structure can be written

as: d(B) = {d(xk),∀xk ∈ B(x)}. This can be stored in a vector with its size varying

depending on the area of the urban building. Since a typical pattern classification approach

requires that the involved feature vectors be of equal length, we introduce two approaches

in this section to standardizing the damage measurements for individual urban buildings.

Histograms A key feature of the obtained damage measurementsd(B) within an urban

building is that spatial location information of the damagemeasurements are not

relevant; rather the damage measurement at individual pixels collectively contribute

to the damage level of the building. Therefore, a simple approach may be to compute

statistical histograms based on the confined damage measurements. By using the

same number and range of histogram bins, the tabulated histogram frequencies for

an individual building’s damage measurements can be computed. The full spectrum

of histogram frequencies contain major information for representing the underlying

structural damage. However, it is noted that the high-dimensional nature of histogram

frequencies may demand a special selection of appropriate classifiers.

Parametric Distribution Parameters To obtain lower-dimensional damage feature vec-

tors for structural objects, another approach is to fit some parametric probability

distributions with the calculated damage measurements. This approach isgenera-

tive since the obtained feature values are treated as a sample of values with varying

length generated by a univariate random variablexwith low-dimensional distribution

parametersθ, denoted byp(x|θ). Therefore, the distance between two damage fea-

tures associated with two different buildings can be replaced by the distance between

the corresponding distributions (or the distribution parameters)3.

The selected distribution type should be flexible enough such that it can be used to

characterize all possible distribution shapes of damage measurements of individual

buildings. In our study, we select the Beta probability distribution function, which is

a two-parameter family of continuous probability distributions defined on the interval

3As will be reviewed in the next chapter, many discriminativeclassification models essentially involves
computing the distances (may be termed dissimilarity or similarity too) between the individual feature vec-
tors; in the next, the KNN classifier will be used, in which theEuclidean distance measure in the input feature
space is used. In addition, it will be mentioned in Chapter 6 that this approach can be generalized for objects
with varying number of feature vectors; in such a case, a generative multivariate modelp(x|θ) may be sought.
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[0, 1]:

f(x;α, β) =
Γ(α+ β)

Γ(α)Γ(β)
xα−1(1− x)β−1 (3.28)

whereΓ(•) is the gamma function. The Beta distribution function can take an abun-

dance of different shapes depending on the parameter pair(α, β). Therefore, the

parameter pair(α, β) can be used as damage feature vectors. By the method of mo-

ments, the two parameters can be estimated as:

α = µ

[
µ(1− µ)

v
− 1

]
, β = (1− µ)

[
µ(1− µ)

v
− 1

]
(3.29)

whereµ andv are the sample mean and variance of the damage measurements con-

fined by a structure.

This second method for extracting object-based damage feature vectors will be used in

the next two sections to conduct the numerical experiments.Although the use of lower-

dimensional feature vectors may compromise the potential classification accuracy com-

pared to the histogram method, it is noted that this method satisfies the validation purpose

in this study. In addition, the use of two-dimensional feature vectors will facilitate the

visualization of damage feature vectors such that qualitative evaluation of classification

performance can be readily obtained.

3.5 Numerical Experiment I: Synthetic Structural Dam-

age Patterns

3.5.1 Synthetic Structural Damage Patterns

We first create an intact, binary structural pattern based onthe structure in Figure3.2(b).

Subsequently, four binary damage patterns with increasingdamage severity are created by

manually removing different parts of the intact pattern [Figure3.6(a)]. The four damage

patterns together with the intact structural pattern form afive-level scenario of multitem-

poral structural patterns, in which the times at the five levels are denoted byt1 throught5

accordingly. As a result, four levels of damage, denoted byc = 1, 2, 3 and4 are defined

between (i)t1 andt2, (2) t1 andt3, (iii) t1 andt4 and (iv)t1 andt5, respectively.
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To introduce variability of structural damage at each levelof damage, ten different

candidate damage patterns at each level are produced. By combination,10, 000 different

temporal scenarios of binary damage patterns can be yielded, of which Figure3.6(a) is an

example. To add realness and uncertainty to the binary structural patterns, the following

procedure is applied:

1.) Pick a random intensity valueub
i ∈ {0, · · · , 255} for the background (the nonstruc-

tural area) and an intensity value ofuf
i for the foreground (the structural area) of the

ith pattern in a temporal scenario, with a condition ofuf
i − ub

i > 30 enforced that

renders the foreground brighter than the background [Figure3.6(b)].

2.) Blur the obtained patterns in 1.) using a Gaussian filter with a random scale between

0.5 and1.5, such that the original, perfectly step-edge structural boundaries spread

into slightly ramp-edge boundaries [Figure3.6(c)].

3.) Add Gaussian noise to the patterns, in which a randomly selected noise scale within

[1, 16] is selected for the background and the foreground independently. Figure3.6(d)

illustrates one finished scenario of synthetic structural patterns.

4.) Add local alignment errors for the damage structures relative to their original position

at timet1 by introducing ann-pixel translational alignment error inx- andy-direction

(n = 1 or 2 ). In Figure3.6(e), an example of a two-pixel alignment error is applied

to the four damage patterns.

Signal to noise ratios (SNR) can be calculated between any pair of the completed syn-

thetic pattern and its previous pattern before blurring andadding noise. In our study, the

obtained SNR values range from5 dB to 20 dB: the lowest SNR value5 dB indicates that

significant noisy information has been added. This SNR rangehas been used as a guideline

to choose the parameters in Step 2) and 3) of the previous synthesis procedure.

In the formulation of the proposed damage measures, two scale parameters, the smooth-

ing scaleσ and the neighborhood sizew, are the only two parameters to be determined. For

these synthetic structural patterns, the scale of structural features can be acquired by in-

specting the widths of the resulting structural boundaries. By plotting the intensity profiles

across structural boundaries, we observed that the boundaries are between 7 and 9 pixels
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Figure 3.6: Synthetic temporal scenarios of structural patterns: (a) binary patterns; (b) pat-
terns with varying intensities; (c) patterns with blurred structural boundaries; (d) patterns
with added noise; and (e) patterns with 2-pixel alignment errors.
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wide. Herein, we set the neighborhood size as7 × 7 (i.e. w = 3). The smoothing scale is

taken asσ = w/3 = 1.0.

It is noted that the synthetic damage patterns result in two primary types of structural

damage pattern, namely, structural boundaries disappear and homogeneous regions turn

into sharp boundaries or cluttered regions. In general, it is a hard problem to synthetic

real-world texture, such as the damage debris in satellite images. For a possible approach

one may refer to a nonparametric approach (e.gEfros and Leung, 1999). Hence, the debris

in these synthetic damage patterns are represented by smallblocks of gray-level values.

Nonetheless, the synthetic patterns comply with the purpose of the proposed gradient-

location dissimilarity damage measures, which is to quantify structural damage charac-

terized by bitemporal change of gray-level transitions.

3.5.2 Distribution of Damage Measures

With the generated synthetic scenarios of structural patterns, damage measurements in

terms of different damage measures are obtained: four scenarios of different dissimilarity-

based measurements and one scenario of damage measurementsbased on the LC method.

Histogram plots of damage measurements confined by the intact structure at timet1 can

be generated subsequently. In Figure3.7, the histograms from the use ofJD measure are

illustrated. In these plots, the frequencies are shown in32 histogram bins, as well as the

fitted Beta probability distributions based on the estimatedparameters(α, β)’s. It can be

observed that the fitted Beta distributions agree well with the histograms of damage mea-

surements. This means that the estimated parameters(α, β)’s are capable of characterizing

the histogram shapes for the underlying damage measurements, hence can be used as dam-

age feature vectors instead of the high-dimensional histogram frequencies. In addition,

the estimated Beta distribution parameters as well as the distribution shapes vary as the

damage levelck increases from1 to 4. These observations are fairly consistent among the

histograms of other types of damage measurements.

3.5.3 Variability of Damage Attributes

To study the statistical variability of the estimated Beta distribution parameters and

their effectiveness in classifying structural damage,10% of the above10, 000 scenarios of
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(a) JD (level 1) (b) JD (level 2)

(c) JD (level 3) (d) JD (level 4)

Figure 3.7: Histograms of Jeffrey-divergence damage measurements of synthetic damage
patterns and fitted Beta distributions: (a) at damage level 1,(b) level 2, (c) level 3 and (d)
level 4.
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structural patterns are used. Damage measurements in termsof linear correlation coeffi-

cients and the proposed dissimilarity-based damage measures are then produced for each

of the 1000 scenarios. The object-based damage feature vectors, i.e.,the estimated Beta

distribution parameters are then calculated. Scatter plots resulting from the use of linear

correlation analysis and the proposed dissimilarity-based damage measures are shown in

Figure3.8.

From these scatter plots, one can see that the clusters of damage feature vectors based

on the dissimilarity measures are grouped distinctively atdifferent damage levels [Fig-

ure3.6(a)-(d)]. This grouping property is favorable implying that satisfactory performance

of damage classification is expected. However, for the damage feature vectors based on the

LC measure in Figure3.8(e), it is noted that severe overlapping occurs between the clusters

of levels 1, 2 and 3. This indicates that considerable classification errors may be encoun-

tered if linear correlation analysis is used to classify lower level of structural damage, which

is primarily characterized by the disappearance of structural boundaries.

3.5.4 Effects of Local Alignment Errors

In the formulation of gradient-location dissimilarity measures, spatial location infor-

mation is fully retained in computing the dissimilarity measures. Therefore, it is expected

that these measures are sensitive to bitemporal spatial variations. In this subsection, we

evaluate the effects of spatial variations by means of synthetic damage patterns.

To imitate the varying local alignment errors, we intentionally synthesize500 scenarios

of multitemporal structural patterns with zero alignment errors,300 scenarios of patterns

with 1-pixel errors and200 scenarios of patterns with 2-pixel errors. Similarly, the dam-

age measurements and object-based damage feature vectors are computed. To expose the

effects of choosing larger scale parameters,σ = 1.67 andw = 5 (i.e. the neighborhood

size is11× 11) are also used. The scatter plots for two dissimilarity-based damage feature

vectors and the linear correlation-based damage feature vectors are shown in Figure3.9.

The first observation is drawn based on the plots in Figure3.9(a), (c) and (e), where

smaller scale parameters (w = 3) are used. Compared to the scatter plots in Figure3.8(a),

(c) and (e), where no alignment errors are present, the clusters in Figure3.9 are all less

separated due to the introduced mixed alignment errors. This degraded spreadability will
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Figure 3.8: Scatter plots of Beta distribution parameters resulting from: (a) the Euclidean-
distance measureED, (b) the Cosine measureCO, (c) the Jeffrey-divergence measureJD,
(d) the Bhattacharyya-distance measureBD and (e) the linear correlation measureLC.
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Figure 3.9: Scatter plots of Beta distribution parameters with mixed alignment errors re-
sulting from: (a) the dissimilarity-based Cosine measure with w = 3 and (b) withw = 5;
(c) the Jeffrey-divergence measure withw = 3 and (d) withw = 5; (e) the linear correlation
analysis withw = 3 and (f) withw = 5.
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induce higher errors in classifying structural damage. If the scatter plots between Fig-

ure 3.9(a) and (b), or (c) and (d) are compared, it can bee seen that separated clusters

between the damage levels are achieved if a larger scale parameter is used. However, for

the case of LC-based damage features, using larger scale parameter seems have less effect

on minimizing the adverse effects of the mixed alignment errors.

Remarks

The previously described experiments reveal that: (i) the damage extraction based on

the LC method has poor performance when detecting lower levels of structural damage, and

(ii) the LC is easily affected by local alignment errors. Nonetheless, all of the dissimilarity-

based damage measures and the resulting damage feature vectors perform equally well in

both aspects: detection of lower-level structural damage and robustness to local alignment

errors.

One may interpret the above conclusions as follows. In the proposed gradient-location

dissimilarity damage measures, the use of gradient-based features, which are regularized

image gradient magnitudes through Gaussian smoothing and the subsequent normalization

step, mitigates the existence of noisy intensities and local photometric distortions. How-

ever, in the LC method, the obtained correlation coefficients based on raw intensity values

take any possible local transformations as structural damage, hence are sensitive to various

types of image distortions.

3.6 Numerical Experiment II: Bitemporal Satellite Images

3.6.1 Training Data

The use of actual pre- and post-earthquake images is sought in this section. The imagery

input data are the bitemporal images shown in Figure1.6, and the GT spatial location image

for the buildings in Bam, Urban as shown in Figure1.7. In this study, three damage levels

are used to describe structural damage, which are termed:minor damage(e.g., nearly

or fully intact), moderate damage(e.g., partial collapse), andmajor damage(e.g., full

collapse); and numerically, they are denoted byc = 3, 2 and1, respectively.

In Figure3.10, a manually delineated damage map generated by an independent analyst
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is shown. Among the total468 structures in Figure1.6, 237(51%) structures are determined

to be in the level of major damage, and rendered in red;151(32%) structures are in moderate

damage rendered in yellow; and80(17%) structures are in minor damage rendered in green.

Note that the training data set is slightly imbalanced, witha large number of major-damage

structures.
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Figure 3.10: Manually generated GT damage map for468 identified urban structures in the
Bam region, Iran.

With the scale parameters taken asw = 3 and σ = 1, the damage measurements

through the images are computed using the proposed gradient-location dissimilarity dam-

age measures and the traditional LC measure. By incorporating the spatial location infor-

mation in Figure1.7, Beta distribution parameters are calculated as damage feature vec-

tors for individual urban buildings. The damage feature vectors form a468 × 2 array:

[α•
n, β

•
n](n = 1, · · · , 468), where the superscript• denotes the types of damage measures

as used in Eqs.3.11to 3.14and Eq.3.1.

Two examples of scatter plots of damage feature vectors are shown in Figure3.11. It

can be seen that in both plots, the overlapping between clusters of different damage levels

are more significant than the scatter plots using synthetic structural patterns.
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Figure 3.11: Scatter plots of damage feature vectors computed using real images based
on: (a) the dissimilarity-based Jeffrey-divergence measure and (b) the linear correlation
analysis.

3.6.2 Performance Evaluation Scheme

In this study, the K-nearest neighbor (KNN) classifier is considered due to its simplicity

and popularity in the field. KNN is an instance-based classifier, which lacks an explicit

training process by simply ‘memorizing’ all the training data. To predict the label for a

given test data point, the KNN rule starts at this point, and searchesK nearest neighbors

using a distance metric (e.g., Euclidean distance), then assigns to the test point the label that

is most frequently occurring among the K-nearest neighbors. Several variants of the KNN

algorithms are attempted in our study, and the globally distance-weighted KNN algorithm

is selected. In this classifier (Mitchell, 1997), the parameter K is set as the total number of

training data; therefore, a parameter-free classifier is formed.

The classification accuracy is usually tested on a portion ofthe training data that is not

used during training. In this fashion, the evaluation is called cross-validation. In practice,

multi-fold cross-validation is used to achieve more robustevaluation results. In anN -fold

cross-validation, one randomly stratifies the training data intoN disjoint partitions, trains

the classifier using(N−1) partitions, tests it using the remaining partition, and repeats this

processN times. The accuracy measure is obtained by averaging the accuracies from all

folds. In the literature of machine learning, a 10-fold cross-validation is usually applied.

Due to the unbalance in the training data, even purely noisy damage feature vectors
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can produce much higher prediction accuracy on ‘major’-damaged buildings but less on

‘moderate’ or ‘minor’. To overcome this, in each fold of validation, the training data will

be reduced such that the number of data points from differentdamage levels are equal.

Accuracy Measures

By performing the classification in conjunction with 10-foldcross-validation, one can

output a confusion matrix that summarizes the true and falseclassifications at each damage

level. With three damage levels, a3× 3 confusion matrix is generated:




e1,1 e1,2 e1,3

e2,1 e2,2 e2,3

e3,1 e3,2 e3,3



 (3.30)

At the ith row, the three entries indicate the number of correct and false classifications for

the structures with the damage levelc = i: the diagonal entryei,i offers the number of

correct classifications, whereas the other two entries provide the number of false classifica-

tions. Therefore, the accuracy of classification can be obtained by a ratio of the number of

correctly classified structures with respect to the total number of structure at this damage

level.

However, in an urban damage classification problem, the damage levels are designed

in terms of damage severity, which differs from the equally important classes in a general

classification problem. When a structure is in the level of minor damage (c = 1), the

penalty when it is classified as major damage (e1,3), should be greater than the penalty

when it is classified as moderate damage (e1,2). Similarly, for the case whenc = 3, the

penalty fore3,1 should be greater than the penalty fore3,2; yet for the case whenc = 2, one

may take equal penalties fore2,1 ande2,3. In this sense, we introduce a matrix of penalty

coefficients corresponding to the confusion matrix:

[λi,j] =





0 2
3

4
3

1 0 1

4
3

2
3

0



 (3.31)

The weighted accuracy atc = i is therefore,

αi = 1−
∑

j ei,jλi,j∑
j ei,j

,∀j = 1, 2, 3 (3.32)
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And the overall accuracy is:

α = 1−
∑

i,j ei,jλi,j∑
i,j ei,j

,∀i, j = 1, 2, 3 (3.33)

3.6.3 Performance Results and Evaluation

In Table3.2, the complete accuracy results from the use of different structural damage

measures are reported. Observation are summarized as follows.

Table 3.2: Classification accuracy using different types of damage feature vectors.

Detection Detailed Accuracy Overall
Methods Min.(c = 1) Mod.(c = 2) Maj.(c = 3) Accuracy
ED 50% 45% 85% 72%
CO 64% 58% 87% 77%
JD 60% 57% 88% 78%
BD 65% 55% 85% 75%
LC 48% 46% 79% 68%

First, the overall accuracy results from all structural damage detection methods are

relatively low and no one is greater than80%, and the accuracy of classifying structures

as moderate damage (c = 2, the middle damage level) is even lower than the accuracy of

classifying structures as minor or major damage (c = 1 or 3, the limit levels). One reason

is due to the subjective nature of visual analysis in preparing the training data; especially

when labeling structures with moderate damage, more uncertainties are involved.

Secondly, it is found that in terms of both the overall accuracy and the detailed accuracy

at different damage levels, the dissimilarity-based structural damage measures outperform

the linear correlation analysis. As is observed in the previous section that linear correlation

analysis is insensitive in detection of lower level damage,the obtained accuracy from linear

correlation analysis in classifying minor damage is significantly smaller than the accuracy

in classifying major damage. Notably, if the proposed dissimilarity-based measures are

used, the accuracies in classifying minor damage are improved. Regarding the individual

performance of the proposed structural damage detection methods, the Cosine measure, the

Jeffrey-divergence measure, and the Bhattacharyya-distance measure are found consistent

in obtaining higher accuracies than the Euclidean-distance measure.



98

3.7 Summary

This chapter proposes a family of gradient-location dissimilarity damage measures for

use in image-based urban structural damage detection. The extraction steps are in the spirit

of the generic damage feature extractionψ[φ(u0,u1)]. The proposed methods stress on

achieving computational efficiency therefore no explicit processes of searching local BSFs

are involved. Photometric distortions are addressed by performing local normalization of

gradient values, while geometric distortions are not attacked. The proposed damage mea-

sures can be employed to generate pixel-wise damage featurevalues by means of vectorized

computation, therefore they are favorable for processing large satellite images.

The proposed damage measures are evaluated using two different numerical experi-

ments. The findings from this work are as follows:

1. The use of image gradient magnitudes is proven to be an effective means of extract-

ing pixel-wise structural integrity features. The only parameter which needs to be

defined is the Gaussian smoothing scale (the neighborhood size is related, and is de-

termined based on the smoothing scale). This parameter can be empirically selected

by observing the most probable scale of the structural boundaries in satellite images.

2. Simple probability distribution parameter estimation methods are used to extract

object-based damage feature vectors for individual structures. A Beta distribution

is proven effective in fitting the distribution shapes to theresulting damage measure-

ments.

3. A numerical experiment using synthetic structural patterns as input indicates that

the proposed structural damage measures are more effectivein classifying structural

damage, and more robust to image alignment errors than linear correlation analysis.

4. A numerical experiment using satellite images as input isperformed. It is observed

that the proposed gradient-location dissimilarity damagemeasures outperform tra-

ditional linear correlation method in terms of both overallaccuracies and detailed

accuracies at three levels of structural damage. In particular, the proposed damage

measures improve the accuracy in classifying slightly-damaged or intact urban struc-

tures.



Chapter 4

Multi-level Damage Classification I

4.1 Introduction

Given a pair of bitemporal images(u0,u1)n containing an urban building, an object-

based damage feature vector, denoted byxn, can be obtained by using one of the four

dissimilarity measures followed by a histogram-based or a distribution moments-based nor-

malization. According to the original bitemporal imagery data setD (Eq. 1.1), an object-

based damage feature data set is written as:

X =
{
xn|x ∈ R

D;n = 1, 2, · · · , N
}

(4.1)

The obtained feature vectors arelocal according to the definition in Chapter 2. As

discussed in Chapter 1 (Section1.5.2), one may seek a supervised classifier, denoted by

pc(x), which is trained by using a pool of bitemporal images of urban buildings with known

damage levels. The obtained classification model thus acquires the generalization property

and can be used to predict categorical damage levels for other urban buildings in the pre-

and post-event satellite images. To proceed, the training data set is written as:

X tr =
{
xn, cn|x ∈ R

D, cn ∈ C;n = 1, 2, · · · , N
}

(4.2)

whereC denotes the possible levels of structural damage; in this dissertation, it is denoted

as a numerical setC = {1, 2, ...}.
The mission of this chapter is simple, which is to construct an appropriate classifier

to conduct supervised structural damage classification. The idea of damage classification

99
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was attempted in many previous work. However, a major limitation in these efforts is the

use of deterministic classification methods to estimate damage levels (e.g.Eguchi et al.,

2003; Adams et al., 2004; Chiroiu, 2005; Kohiyama and Yamazaki, 2005; Gusella et al.,

2005; Chen and Hutchinson, 2007). A consequence of using deterministic classification

methods is that there are no measures in the classification results that can shed light on the

underlying decision uncertainties due to the inherent uncertainties in damage features. This

limitation motivates us to investigate a multi-level probabilistic classification approach.

In the following sections, we first generalize the procedureof performing multi-level

probabilistic damage classification and its benefits, then areview of the classification theory

and the available classifiers in the literature is attempted. Subsequently, a newly developed

classification method in the literature, called Relevance Vector Machine (RVM), is adopted

in this chapter. Our contribution is the application of thistechnique to multi-level prob-

abilistic damage classification. Numerical study is further presented, and the flexibility

of the proposed probabilistic classification in obtaining spatially-scalable urban structural

damage classification is highlighted.

4.2 Probabilistic Damage Classification

Let us assume that image-based damage feature extraction has been conducted, result-

ing in a training data setX tr as expressed in Eq.4.2. In Section1.5.2, we present a princi-

pal way of performing a generic classificationarg maxc pc(x), whereinpc(x) is treated as a

posterior probabilityP (c|x) by means of the Bayes rule, hence the classification is equiva-

lent toarg maxc p(x|c)P (c). Herein, suppose a classifier is obtained based on the training

dataX tr, and posterior probabilities can be generated for an arbitrary testing feature vec-

tor xm for themth urban building, denoted by{P (c = 1|xm,X ), P (c = 2|xm,X ), · · · }.
The most probable damage level for this structure is therefore a damage level that has the

maximum posterior probability:

ĉm = arg max
c
P (c|xm,X tr),∀c ∈ C (4.3)

Hence, one obtains a predicted damage level for the target building and the associated

probability as a decision confidence measure. For decision makers, the prediction can be

rejected if the associated confidence measure is lower than arejection threshold. Equiva-
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lently, this situation means that the uncertainties in the feature vectorxm are too large to

support the predicted damage level. In contrast, if a deterministic classification approach is

used, a criterion for justifying the underlying decision uncertainties is missing.

Another benefit of performing probabilistic classificationis that it enables damage clas-

sification in sub-regions of varying sizes. Assuming that a sub-region containing urban

buildings is selected, one can determine the damage level for this sub-region as follows.

First, for themth building with an area ofAm in this sub-region, the posterior probabil-

ity distribution of damage levels is predicted, denoted byP (c|x,X tr). Subsequently, the

distribution of damage levels for this sub-region is obtained by weighted averaging of the

posterior probability distributions of all confined buildings:

Q(c) =

∑
mAmP (c|xm,X tr)∑

mAm

(4.4)

where the weighting coefficientsAm’s are used to measure the importance of the individual

buildings in the selected sub-region. Without accessing other better weights, the areas of

urban buildings are perhaps the best choice.

The predicted distribution of damage levels for this selected sub-region is therefore

{Q(c = 1), Q(c = 2), · · · , }, which satisfies
∑

cQ(c) = 1. The regional damage level

for this sub-region can be similarly determined by using Eq.4.3. Notably, non-structural

coverage, such as vegetation, ground or other non-built urban coverage, are excluded in

producing this sub-region damage classification. This process can be viewed as scalable

extension of the object-based urban damage identification –the objects are extended from

individual urban buildings to sub-regions of urban areas. In the practice of using image-

based urban damage assessment for post-disaster emergenceresponse, this scalability of

the proposed probabilistic classification is certainly an appealing property since often the

prioritization of the rescue resources are made on a sub-region basis.

4.2.1 Review of Classification Models

In the statistical learning literature, if one seeks to learn the probabilistic modelsp(x|c)
andP (c) directly from the training data, methods in this category are generative, since

the underlying probabilistic distribution that generate the feature data and the class labels

are estimated. Another category of statistical classification methods is calleddiscriminative
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methods. In this domain, the posterior probabilityP (c|x) is directly fitted by a discriminant

function. For more discussion of this topic, one may refer toDuda et al.(2000, Chapter

2) or a tutorial inNg and Jordan.(2002). In the following, a few classifiers that may be

suitable for the purpose of multi-level structural damage classification are reviewed.

Generative Methods

In generative methods, a challenging component is to learn aparametric distribution

for the likelihood functionp(x|c) 1. The most popular generative method may be the

Naive Bayes classifier. In the Naive Bayes-based classification, conditional independence

between individual features inx is assumed, therefore, the likelihood functionp(x|c) is

decomposed into a product of univariate distributions:p(x|c) =
∏

i p[x(i)|c]. This as-

sumption does not compromise in producing accurate classification labels in case of high-

dimensional feature vectors, but tends to produce biased posterior probabilities. Without

assuming conditional independence, learning of the likelihood functionp(x|c) becomes

challenging especially when the dimension ofx is high. Multivariate Gaussians, Gaussian

mixtures or non-parametric densities estimation are the common choices (Bishop, 2006,

Chapter2).

Discriminative Methods

In discriminative classification methods, the posterior probability functionP (c|x) is

directly fitted by a discriminant function. Two kinds of methods in this category exist. The

first one is parametric, in which the discriminant function is parameterized by a limited

number of unknown parameters. Examples include the logistic function, generalized linear

function or feedforward neural networks. A practical concern over these methods is that

a complex discriminative model is easily over-fitted if the model is implemented without

proper regularization treatment. Such a classifier generalizes badly in making predictions.

The second kind is nonparametric, in which all the training data points are used to construct

the discriminant function as used in the kernel methods. These methods are often more ro-

bust than the generative models in that no particular distribution types are enforced. These

1The learning of the probability mass distributionP (c) may be straightforward, and the count-based
frequency estimate usually suffices.
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nonparametric methods become more appealing today due to their inherent regularization

mechanism.

One of the most popular kernel methods is Support Vector Machines (SVM) (Vapnik,

1998; Shawe-Taylor and Cristinaini, 2004). SVM has been used widely in a variety of

applications due to its dual robust performance in prediction accuracy and generalization.

In the case of binary classification, a SVM classifier builds ageneralized linear model in

terms of kernel functions defined on the input space{xn|n = 1, · · · , N}, which is

y(x,w) =
N∑

n=1

wnκ(x,xn) + w0 (4.5)

where the kernel functionsκ(x,xn) implicitly defines an inner-product between a training

data pointxn and an arbitrary feature pointx in an augmentedfeature space. During the

training of a SVM classifier, one attempts to minimize the prediction errors on the training

data while simultaneously maximizing the ‘margin’ betweenthe two classes in the kernel-

based feature space. This is a highly effective mechanism leading to good generalization

property. In addition, it yields a beneficial property of theresulting sparsity in the predica-

tion model, i.e., the trained model is constructed relying on only a few training data points.

This sparsity property leads to a computational advantage when making a large number of

predictions.

A major disadvantage of SVM is that it inherently makes binary predictions. In prac-

tice, multiple binary SVM classifiers have to be heuristically combined to make multiple-

class predictions (e.g., the conventional one-vs-all scheme). This heuristic process entails

accurate tuning of the complexity control parameters in SVM(Rifkin and Klautau, 2004),

which imparts the excessive burden of multiple folds of cross-validation. Another disad-

vantage of the SVM classifier is that SVM is not originally able to produce probabilistic

classification. Although it can be post-processed to produce posterior probabilities (Platt,

1999), it is difficult to formulate a multi-class, probabilisticSVM-based classifier. In light

of the need in this study, SVM is not adopted.

In this dissertation, a recent development in machine learning, termed Relevance Vec-

tor Machines (RVM) (Tipping, 2001), is adopted. RVM is a close relative to SVM with

comparable performance in both classification accuracy andgeneralization performance.

Furthermore, it is able to ouput multi-class probabilisticclassification. Similar to SVM, a

RVM classifier builds upon the generalized linear models as shown in Eq.4.5, but places
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its training process in a hierarchical Bayesian inference framework to achieve both prob-

abilistic classification and regularization. RVM also possesses a more sparse prediction

model. Due to these appealing merits, RVM classifiers have been applied in many different

application studies (e.g.Li et al., 2002; Williams et al., 2003; Wei et al., 2005).

4.3 Multi-class Probabilistic Classification

The original RVM model is in essence a marginalization operation in which the model

parameters in its discriminant function to obtain posterior probability predictions are elim-

inated through integration:

P (c|x,X tr) =

∫ ∫
P (c|x,w)p(w|α,X tr)p(α|X tr)dwdα (4.6)

whereP (c|x,w) is the posterior probability to be modeled by a discriminantfunction with

unknown model parametersw = {w1, w2, · · · }; the parameter setw is further modeled by

a prior probability modelp(w|α) in terms of a set of hyper-parametersα = {α1, α2, · · · }
. The two posterior probability functionsp(w|α,X tr) andp(α|X tr) characterize the dis-

tributions ofw andα, respectively, conditional on the training dataX tr . In the original

literature (Tipping, 2001) and elsewhere, the derivation of RVM is found only for binary

classification wherein the logistic function is used forP (c|x,w). In the following we pro-

vide the critical steps in formulation of the multiple-class RVM (mRVM), and the softmax

function is used as the discriminant function (Bishop, 2006).

4.3.1 Derivation of Multi-class RVM (mRVM)

Notation

Suppose thatK different class labels exist in the training data, denoted by C = {c|c =

1, 2, · · · , K}. To obtain compact notation in the following derivation, a commonly used

approach is to replace the integer class labels by a special kind of vectors. For a class label

c = k , a vector notationc is introduced, which is aK × 1 vector with itskth entry equal

to 1 (i.e.,c(k) = 1), and other entries equal to 0 (i.e.,c(j) = 0,∀j 6= k ). Under this setting,

the posterior probabilityP (c|x,w) is treated as a multinomial distribution in term of the
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softmax functionσ(k)(x,w) :

P (c|x,w) =
K∏

k=1

(
σ(k)(x,w)

)c(k)

(4.7)

σ(k)(x,w) =
e−Φ(k)

w
(k)

∑K
j=1 e

−Φ(j)w(j)
(4.8)

whereσ(k)(x,w) defines the discriminant function for thekth class;Φ(k) is a row vector

containingMk basis functions of thekth class, i.e.,Φ(k) = [φ(k)(x,x1) , · · · , φ(k)(x,xM(k))];

w(k) is anM(k) × 1 column vector, a subset ofw = {w(k)|k = 1, · · · , K}, containing the

weights in formulating the generalized linear modelΦ(k)w(k) for thekth class.

Basis Functions

There are no restrictions in parameterizing the expressionof the basis functionsφ(k)(·, ·)
in RVM. In contrast, Mercer’s condition is required in constructing the kernel functions

κ(x,xi) in an SVM classifier or other kernel methods. A commonly used basis function is

the Gaussian kernel function:

φ(k)(x,x′) = exp−‖x− x′‖2
(γ(k))2

(4.9)

where the width scale parametersγ(k)’s pertaining to different classes reflect the inter-class

difference.

Bayesian Inference

To fulfill the Bayesian inference, the prior distribution ofw(k) conditional on the hyper-

parametersα(k) is modeled by a Gaussian distribution:

p(w(k)|α(k)) =
M(k)∏

m

(
α

(k)
m

2π

) 1
2

exp

(
−α(k)

m (w
(k)
m )2

2

)
(4.10)

The training is in fact a process of simplifying Eq.4.6 by approximating the two pos-

terior probability functionsp(w|α,X tr) and p(α|X tr). In Tipping (2001), an iterative

numerical procedure is proposed to estimate the maximum a posterior (MP) ofα, denoted

by αMP . Subsequently,p(α|X tr) in Eq.4.6 is replaced with a Dirac Delta function cen-

tered atαMP . As the iterative MP estimation (MPE) proceeds (M (k) = N initially), most
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of theαMP ’s will approach infinity, thus a large number of basis functions are ’pruned out’,

resulting inM (k) ≪ N . This pruning process is responsible for the superior sparsity of

mRVM.

The approximation ofp(w|α,X tr) also consists of a MPE process to obtainwMP . Sim-

ilar to the notation used inTipping (2001), we write out the log-posterior ofp(w|α,X tr):

L(w) = log p(w|α,X tr)

= logP ({sn}|{xn},w)p(w|α) =

= log
∏

n

∏

k

[σ(k)(xn,w)]c
(k)
n + log

∏

k

∏

m

(
α

(k)
m

2π

) 1
2

exp

(
−α(k)

m (w
(k)
m )2

2

)

=
N∑

n

K∑

k

c(k)
n log σ(k)(xn,w)− 1

2

K∑

k

(w(k))T α(k)w(k) + · · ·

+
K∑

k

M(k)∑

m

log
α

(k)
m

2π
(4.11)

whereA(k) is a diagonal matrix withA(k)
m,m = α

(k)
m . The maximization ofL(w) over the

weightsw = {w(k)|k = 1, · · · , K} can be conducted by using a variant of the Newton-

Raphson method, known as iterative re-weighed least squaresor IRLS (Rubin, 1983),

which requires the computation of the gradient and Hessian of L(w) overw.

By utilizing the following property (Nabney, 1999),

∂σ(k)(x,w)

∂w(j)
= σ(k)(x,w)[σ(j)(x,w)− δk,j](Φ

(j))T (4.12)

where the quantityδk,j = 1 if k = j, and 0 otherwise. Therefore, the gradient and Hessian

are:

∇
w(j)L = −

[
∑

n

[Φ(j)
n ]T (c(j)

n − σ(j)
n ) + A(j)w(j)

]
(4.13)

∇
w(k)(∇w(j)L) = −

[
∑

n

[Φ(j)
n ]T Φ(k)

n (σ(j)
n δk,j − σ(j)

n σ(k)
n ) + A(j)δk,j

]
(4.14)

By using Eq.4.13 and 4.14, the complete gradient vector∇wL (a M × 1 vector, with

M =
∑K

k=1M
(k)) and the Hessian matrix∇2

w
L of sizeM ×M can be obtained.

One can show that the Hessian matrix∇2
w
L is negative definite (Nabney, 1999), which

guarantees a unique solution towMP after the use of IRLS. The negative definite∇2
w
L
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also determines the log-concavity of the surfacep(w|α,X tr), which warrants the use of

the Laplace’s method to approximatep(w|α,X tr) by a multivariate Gaussian distribution

with its meanwMP and the covariance matrixΣMP = − (∇2
w
L)

−1 evaluated atw = wMP

(Mackay, 1992).

The approximation of the mRVM model in Eq.4.6 is then summarized as follows:

P (c(k) = 1|x,X tr) = P (c = k|x,X tr)

≃
∫ ∫

P (c = k|x,w)p(w|α,X tr)δαMP
dw

=

∫
P (c = k|x,w)p(w|αMP ,X tr)dw (4.15)

≃
∫
σ(k)(x,w)

exp
[
−1

2
(w −wMP )T Σ−1

wMP
(w −wMP )

]

(2π)K/2|ΣwMP
|1/2

dw (4.16)

The approximation step in Eq.4.15simply replacesp(α|X tr) with a Dirac Delta function

δαMP
. In Eq.4.16, p(w|α,X tr) is approximated by a multivariate Gaussian via the afore-

mentioned Laplace’s method. However, Eq.4.16does not admit a closed-form solution.

To obtain numerical result of Eq.4.16, two approximation methods are available:

(i) Simulated samples of the multivariate random variablew according to the multivari-

ate Gaussian distribution are used to estimate the sample mean ofP (c = k|x,X tr):

P (c(k) = 1|x,X tr) ≃ 1

Ns

Ns∑

i

σ(k)(x,ws
i ) (4.17)

which is considered asymptotically accurate if the sampling sizeNs is sufficiently

large.

(ii) A more approximate method may be used, in whichP (c = k|x,X tr) is directly

computed atw = wMP via its discriminant function. In our study, it is found through

simulations that the differences between the results from Eq. 4.17 and those from

Eq.4.18are usually less than5% due to the small variance values inΣwMP
, therefore

the latter method in Eq.4.18is applied due to its simplicity.

P (c(k) = 1|x,X tr) ≃ σ(k)(x,wMP ) (4.18)
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Computational complexity and User-selected Parameters

The mRVM classifier formulated in the above overcomes several principle disadvan-

tages of the SVM classifier by achieving multi-class classification, probabilistic classifica-

tion outputs, and greater kernel sparsity. The expense is a non-convex optimization during

training compared to SVM, which features convex programming. However, less time con-

sumption can be achieved in using an RVM classifier than in using an SVM classifier. In an

SVM, two sets of parameters are left to end users, which include the kernel scale parame-

ters and the critical complexity control parameters. However, in an RVM classifier, there is

no complexity control parameter due to the Bayesian inference mechanism.

In the mRVm formulation, the kernel scale parametersγ(k)’s are left to be selected.

In the literature, automatic setting of the kernel scales for RVM has been attempted in a

regression case for time-series prediction (Quinonero-Candela and Hansen, 2002). In our

work, the standard heuristic technique, multi-fold cross-validation is utilized to set these

parameters given the training dataX tr.

4.3.2 Verification of mRVM Using Simulation Data

Implementation of a multi-class RVM in the literature does not exist. Hence, a Matlabc©

(MathWorks, Inc, 2008) implementation of mRVM is developed. To demonstrate the va-

lidity of our mRVM implementation, a simulation approach isused in the following. To

obtain a tractable Bayes error rate (the theoretical minimumerror rate) and theoretical deci-

sion boundaries (Duda et al., 2000), we simulate three classes of 2D data points with known

distributions, one single Gaussian distribution and two Gaussian mixture distributions:

class(i) : G([−4 2.5]; [6 − 0.3;−0.3 0.6])

class(ii) :
1

2
G([−3.0 − 2.0]; [1.7 0.9; 0.9 1.6]) +

1

2
G([2.0 − 1.0]; [1.0 0.8; 0.8 2.6])

class(iii) :
1

2
G([2.0 3.0]; [1.6 − 0.9;−0.9 0.6]) +

1

2
G([2.0 3.0]; [0.5 0.9; 0.9 2.0])

where the notationG(µ; Σ) represents a multivariate Gaussian distribution with meanvec-

tor µ and covariance matrixΣ. Among the three distributions, class (i) participates40%,

and class (ii) and class (iii) both participate30%. With these assumed distribution types and

participation rates (i.e. the class priors), the resultingBayes error is2.78%. In Figure4.1(a),
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the theoretical decision regions are filled with different shades, which fully partition the 2D

feature domain{(x1, x2) ∈ R
2}. In addition, some data clusters are plotted in Figure4.1(a)

based on Monte-Carlo sampling.

To initiate the mRVM program, the kernel scales (γ(1), γ(2) andγ(3)) are set equal to

0.5. Subsequently, 200 simulated data points are randomly picked as training data. The

training results are illustrated in Figure4.1(b), wherein the obtained ’relevance’ data points

(relevance vectors) are marked with circles, among which 17points are determined as

relevance vectors for class (i), 25 points for class (ii) and11 points for class (iii). The

contours of the posterior probabilities pertaining to individual classes are also plotted. In

Figure4.1(b), the50% contours of posterior probabilities are drawn. The locations of these

probability contours reveal that they totally depend on thelocation of relevance vectors,

thus an appealing result of mRVM for being an evidence-basedprediction technique.

The approximated decision regions for the three classes areillustrated. It is noticeable

that although the estimated decision regions in Figure4.1(b) do not fully partition the 2D

domain, which is due to the rather limited training data compared to the underlying complex

distributions, the resulting decision boundaries approximately replicate the topology of the

accurate decision boundaries in Figure4.1(a). The accuracy of these estimated decision

boundaries are confirmed by making predictions for10, 000 simulated data points. The

resulting prediction errors are3.8%, 5.0%, and3.0% for class (i), (ii) and (iii), respectively.

The overall prediction error is3.9%, which is slightly greater than the Bayes error rate

(2.78%).

Comparatively we conduct multi-class classification by using SVM with the same train-

ing data and the same testing data as used earlier. A softwarepacakage ‘Weka’ was used in

this experiment (Witten and Frank, 2005). The complexity control parameter for SVM was

set atC = 1.0, and the Gaussian scale atγ = 0.5. To generate multi-classification, three

binary SVM classifiers are combined by means of the one-vs-all combination rule. The fol-

lowing classification errors are obtained:4.4%, 5.6%, and2.2% for class (i), (ii) and (iii),

respectively, and the overall error4.1%. Regarding the achieved sparsity, the three binary

classifiers use 130 ’support vectors’ (53 relevance vectorsare used in the mRVM classi-

fier). These results confirm that in a multi-class classification setting, the mRVM classifier

can achieve comparable prediction accuracy, while resulting in a less complex prediction

model.
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Figure 4.1: Illustration of multi-class classification using mRVM: (a) Simulated 2D data
samples for three classes of specified distributions [points in ’+’ are from class (i), points
in ’x’ with two different modes are from class (ii), points indots sharing the same mode
are from class (iii)], and the theoretical decision regionsfor individual classes are flood-
filled with different shades. (b) Training results from 200 simulated data points with the
relevance vectors additionally circled out with the estimated decision regions shaded. In
addition, the contours of the50% posterior probabilities for the three clusters of training
data are plotted.
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4.4 Numerical Experiment I: Multi-level, Probabilistic Dam-

age Classification

4.4.1 Input Images and Training Data

In the experiment, bitemporal satellite imagery data captured before and after an earth-

quake event as well as the manually prepared GT spatial location information of individual

urban buildings are used (the imagery database Bam 2004 Images, see Section1.3). In

Fig. 4.2, the 121 structures confined in the upper-left bounding box are selected to pre-

pare training data, among which 37(30%) structures were determined as major-damage,

59 (49%) were moderate-damage, and 25(21%) were minor-damage. It is noted that man-

ually prepared damage labels were prepared for the 468 buildings in the images, and the

resulting damage map is illustrated in Fig.3.10.

Damage Feature Extraction

In this experimental study, the gradient-location JD measure is used for damage feature

extraction (see Chapter 3). The structural scale parametersare taken asw = 3 andσ = 1.0.

Hence, the size of the resulting sliding neighborhoods is therefore7× 7. In Fig.4.3, pixel-

wise damage measurements resulting from this measure is illustrated. Overall, the color

rendering is consistent with the visual inspection regarding the damaged areas in this urban

area in Bam, Iran.

In order to formulate object-based damage measures, the damage measurements con-

fined within individual urban buildings are further standardized by computing the his-

tograms. In this study, the number of histogram bins is empirically set equal to 10. With

these parameters, per-object damage feature vectors all the 463 structures in the images

are computed, denoted by{xi|xi ∈ R
10, i = 1, 2, · · · , 463}. Among them, 118 features

associated to the structures confined in the upper-left subregion in Figure4.3 are used as

the training data.
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Figure 4.2: Manually prepared rendered damage map for individual urban buildings where
the damage levels are manually obtained: buildings selected in the black bounding box are
used to formulate the training data; the remaining buildings are used to test the prediction.
The regions outlined by dash-line bounding boxes, denoted by R1 and R2 from the top
to the bottom, will be used to evaluate sub-region classification accuracy and posterior
probabilities of the classifications.
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Figure 4.3: Pixel-wise damage measurements for an urban region in Bam, Iran: the mea-
sure used is the gradient-location Jeffrey divergence measure defined in Eq.3.27; the color
ranging from dark red, yellow to blue indicating the decreasing values of the damage mea-
surements, potentially indicating the level of structuraldamage at arbitrary pixels.

4.4.2 Multi-level, Probabilistic Damage Classification

In this experiment, the kernel parameters are set asγ(1) = γ(2 = 0.03 andγ(3) =

0.1 by means of a five-fold cross validation on the prepared training data. The resulting

mRVM model has a total of 15 relevance vectors. Subsequently, three-level probabilistic

damage classification is conducted for the remaining 345 structures. In Fig.4.4 a new

rendered damage map is obtained by using the predicted damage levels. It is observed that

predicated damage is visually consistent with the fact thatstructures in the upper right of

the bitemporal images are generally subject to complete collapse, structures in the center

area are mostly partially collapsed, while some structuresin the lower left of the image

remained almost intact. Although a crude visual comparisonbetween Fig.4.4and the GT

damage map in Fig.3.10reveals that the prediction agrees fairly well with the ground truth.

In Table4.1, the number of buildings that are predicted based on the trained classifier

and the number of buildings that were manually classified areprovided at different damage

levels. Fist, it is reported that the accuracy values for thetotal buildings in the study area
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Figure 4.4: Predicted damage map by the trained mRVM classifier.
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are inspected are69.1%, 64.8% and68.4% at the three damage levels, respectively; and the

overall accuracy is67.3%. These accuracies values are relatively low. To reveal possible

causes besides the possible bad design in structural feature extraction and classification, we

investigate the detailed accuracies in two sub-regions, which are overall major-damage or

minor-damage, denoted by Subregion R1 and Subregion R2, respectively.

In Subregion R1, a total of 34 buildings are confined. Among these buildings, 27 out

of 31 building are correctly classified as major-damage (‘hit”), and the overall accuracy

is 82.4%. This indicates that for buildings that are in modes of collapse, good perfor-

mance resulting from the combined damage feature extraction and damage classification

can be achieved. This phenomenon is confirmed for the subregion R2 wherein buildings

are mostly intact in the post-event image. In R2, 16 out of 17 buildings are correctly identi-

fied with minor-damage, 3 out of 4 are correctly identified as major damage, and the overall

accuracy is80%.

Table 4.1: Damage classification accuracy summary for the two subregions and the total
region.

Regional Detailed Accuracy Overall
Level Minor Moderate Major Accuracy

R1 0/1 1/2 27/31 28/34
(0%) (50%) (87.1%) (82.4%)

R2 16/17 1/4 3/4 20/25
(94.1%) (25%) (75%) (80%)

Total 56/81 97/150 162/237 315/468
Region (69.1%) (64.8%) (68.4%) (67.3%)

Causes of Classification Errors

The previous experiment illustrates the effectiveness of the proposed multi-level, prob-

abilistic structural damage classification using mRVM. Acceptable classification accuracy

can be found in classifying minor structural damage or majorstructural damage as mani-

fested in classifying regions wherein buildings are overall major-damaged or minor-damaged.

However, the overall accuracy on all the buildings is relatively low, the causes are reasons

in the following.
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A significant part of classification errors are due to the uncertainties in the prepared

training data. In preparing the training data, disagreements were often encountered on

individual visual decisions on the damage levels of some target buildings, especially on

deciding the damage levels for buildings that display ambiguous damage patterns between

minor andmajor. This indicates that much uncertainties are carried in the training data in

labeling the moderate-damage buildings. Probabilistically, this results in significant over-

lapping between the conditional densityp(x|c = 2) and the other two densities (p(x|c = 1,

p(x|c = 3)).

Another important source of classification errors is from image distortions and their

bitemporal variations. As mentioned earlier, the pixel-wise damage extraction eliminates

the difficulties caused by inter-object variations. However, its capability of avoiding image

distortions is limited since the correspondence of the bitemporal image information is es-

tablished in a strict pixel-to-pixel manner between the pre- and the post-images. Typical

effects of geometric distortions on pixel-based change detection are similarly encountered

in the proposed gradient-location dissimilarity measures– e.g. even one-pixel of geometric

distortion may cause significant erroneous feature values.

Evaluation of Posterior probabilities

To evaluate the outputs of posterior probabilities, the buildings in the subregion R2 in

the bottom of the images shown in Fig.4.2are selected. In Table4.2, distributions of pos-

terior probabilities and predicted damage levels are reported for all structures in Subregion

R2. As presented earlier, posterior probabilities can first be used as confidence measures to

validate the decisions made regarding the damage levels. Very often, the determined dam-

age level for a target structure has relatively high posterior probability. However, occasional

exceptions exist. For example, the posterior probability (33.6% ) associated to the deter-

mined damage level (minor damage) for Structure 22 in Table4.2is very close to the other

two posterior probabilities (both33.2%) associated to the moderate- and major-damage. In

this case, one may reject the decision of minor damage, sincemaking a decision of lower-

level damage, if it were a mistake, may result in higher penalty (e.g. some recovery costs)

than a decision of higher-level damage.
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Table 4.2: Posterior probability distributions of damage levels in the sub-region R2 in
Figure4.2.

Urban Distribution P (c|x,X tr) Damage
Buildings Minor Moderate Major Levels

1 0.676 0.193 0.131 Minor
2 0.747 0.224 0.03 Minor
3 0.881 0.06 0.058 Minor
4 0 0.5 0.5 Major
5 0.476 0.312 0.212 Minor
6 0.008 0.497 0.495 Moderate
7 0.04 0.48 0.481 Major
8 0.884 0.059 0.058 Minor
9 0.568 0.216 0.216 Minor
10 0.545 0.221 0.234 Minor
11 0.619 0.191 0.19 Minor
12 0.025 0.488 0.487 Moderate
13 0.772 0.114 0.114 Minor
14 0.412 0.294 0.294 Minor
15 0.311 0.344 0.344 Major
16 0.515 0.242 0.242 Minor
17 0.002 0.499 0.499 Major
18 0 0.5 0.5 Major
19 0.928 0.036 0.036 Minor
20 0.241 0.382 0.377 Moderate
21 0.887 0.059 0.054 Minor
22 0.336 0.332 0.332 Minor
23 0.665 0.171 0.164 Minor
24 0.945 0.028 0.028 Minor
25 0.199 0.401 0.401 Major

Regional
Damage 0.50 0.25 0.25 Minor
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Scalable Damage Classification

Given the posterior probabilities of damage levels, they allow users to estimate dam-

age levels for arbitrary sub-regions in the image domain. Asan application of Eq.4.4, the

averaged posterior probabilities were obtained as50% for minor damage, 25% for mod-

erate damageand25% for major damage(the last row of Table4.2). A regional damage

prediction for this sub-region is thus obtained, which in this case is minor damage. One

should be aware that this scalability could be adapted to anytype of user-defined sub-areas

provided that urban structures (even part of a structure) are embedded in it. In the next nu-

merical experiment, we will show that another application of this scalability, urban damage

segmentation, can be produced.

In a practical post-disaster urban damage analysis, a damage segmentation consisting of

urban blocks-based damage states may still be necessary besides an individual structures-

based damage map. This necessity arises when users need to present a damage map for a

very large urban area subject to large-scale disasters. Dueto the scalability of the proposed

framework, one can compute the average distribution of posterior probabilities for an image

block containing an arbitrary number of structures (even part of a structure). This computa-

tion can be dispatched to any non-overlapping image blocks wherein structures are found.

In Fig. 4.5, damage segmentation is obtained with user-defined blocks,which have a size

of 50 pixels× 50 pixels. The corresponding urban block is geographically equivalent to a

30m×30m urban area. This damage segmentation map in conjunction with the individual

structures-based damage map can provide a level-of-detailurban damage analysis.

4.5 Numerical Experiments II: Recognition of Intact Build-

ings

In the previous experiment, acceptable classification accuracy is achieved in classify-

ing minor damageandmajor damagefor urban buildings that sustained seismic shaking,

where the geo-registered panchromatic bitemporal images are used, and the image distor-

tions within and their variations between the bitemporal images are relatively low. In this

section, we consider an example that differs from the previous one in two aspects. First,

urban buildings in the images were mostly damaged by a tsunami wave, and the moderate-
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Figure 4.5: Block-wise urban damage segmentation, wherein the size of each block is
50 × 50 covering about a30 m × 30 m urban spatial block. Note blocks with the original
gray rendering have no urban buildings.
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level damage is not clearly identifiable compared to seismicdamage. Second, the geo-

metric distortions are observed more significant in the images than in the previous case.

Therefore, more detrimental effects on extracting minor-damage features than in major-

damage features are expected. In this section, a different objective is pursued – which is

to identify intact or minor-damaged urban buildings in the images. The approach taken in

this experiment is cast in a classification framework using the pixel-wise gradient-location

dissimilarity damage features and the mRVM classifier.

4.5.1 Input Images and Training Data

The input images used are a portion of the corresponding geo-referenced, bitemporal

images shown in Fig.1.8 (Banda Aceh 2004 Images). In this experiment, the bottom-left

1/4 potion of the bitemporal images are used, which are shown in Fig. 4.6(a) and (b). The

resulting images have pixels of930× 1200, and the resolution is0.6 m/pixel.

Based on the ground-truth (GT) spatial locations of urban structures presented in Fig.1.9,

the damage levels for individual buildings for the bottom-left portion were produced through

manual analysis by independent analysts. In Figure4.7, a total of 463 structures are ren-

dered in different colors, with 268 (57%) structures in red indicatingmajor damage, 91

(20%) in yellow indicatingmoderate damageand 104 (22%) in green indicatingminor

damage. In addition, we select the structures confined in the upper right bounding box in

Fig. 4.7(a) to prepare training data. Among the selected 74 structures in the training data

set, 39 structures are determined to be in the level of major damage, 20 in moderate dam-

age, and 15 in minor damage. After the computation of pixel-wise damage measurements

(the Gaussian smoothing scale isτ = 1.33 and the neighborhood size is9× 9), histogram-

based feature vectors are used to generate feature vectors for individual urban buildings

(the number of histogram bins is 10). Hence, per-object damage feature vectors (10 × 1

vectors) for the 463 structures in the images are computed.

4.5.2 Evaluation of Classification Accuracy

With the prepared training data set, the basis function parameters in the mRVM clas-

sifier are set uniformly equal to 0.2 (i.e.γ(1) = γ(2) = γ(3) = 0.2) based on a five-fold

cross-validation. The resulting trained mRVM classifier has only eight relevance vectors in
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Figure 4.6: Part of bitemporal images of Banda Aceh, Indonesia, which are the bottom-left
1/4 portion of the bitemporal images shown in Fig.1.8.
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Figure 4.7: Manually prepared damage map part of Banda Aceh area, which is used the
ground-truth for the latter classification efforts.
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determining the three damage levels. Finally, structural damage classification is conducted

individual buildings in the bitemporal images shown in Fig.4.7. The predicted damage

map is shown in Fig.4.8.
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Figure 4.8: Predicted damage map for part of Banda Aceh area.

Subsequently, the damage prediction accuracy is computed for the remaining 391 build-

ings excluding those used in the training data, which are summarized in Table 2.

Remarks

In Table4.3, the number of urban buildings that are predicted using the three damage

levels. Accordingly, the overall prediction accuracies are given as95.2%, 8.5% and57.3%

at each of the three damage levels, i.e.major damage, moderate damage, andminor

damage, respectively. The overall accuracy is70.8%. Obviously, the accuracy measures
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Table 4.3: Accuracy of damage classifications using pixel-wise damage feature extraction
and mRVM.

Predictions
Minor Moderate Major Summation

Minor 51 17 21 89
Ground Moderate 18 6 47 71
Truth Major 6 5 220 231

51/89 6/71 220/231 (51 + 61 + 220)/391
Accuracy (57.3%) (8.5%) (95.2%) (70.8%)

indicate that the structural damage feature extraction andthe subsequent damage classifi-

cation is very effective in identifying urban buildings that suffer frommajor damage.

The results show very low accuracy in discriminating moderate damage against the

other two damage levels. The low accuracy in classifyingmoderate damageis an expected

result for Tsunami-wave induced structural damage, since empirically there are very few

buildings that visually display a state of ‘partial collapse’ – most of buildings in the images

were either flooded away or had their structural boundaries intact. As a matter of fact,

the independent analysts who did the manual inspection suggested that two damage levels

may be more suitable in the particular case of tsunami induced urban damage: e.g. non-

collapsed and collapsed.

The major concern in the above damage classification resultsis the accuracy in predict-

ing buildings withminor damage. As opposed to the classification result in the seismic

damage example in the last section, a relatively low classification accuracy is obtained in

the current experiment. As presented in Chapter 2, the proposed gradient-location dissim-

ilarity damage feature extraction method should work equally well in extracting different

levels of structural damage (at least no significant discrepancy). However, since the dam-

age feature extraction methods are pixel-wise, which do nothave an explicit mechanism

to mitigate image distortions, it is expected that image distortions can impart significant

variabilities to the extract damage features especially for intact or minor-damaged urban

buildings. This in turn leads to the low accuracy in the downstream classification forminor

damage. As a matter of fact, the empirical observations have revealed that image dis-

tortions in the imagery data set (Banda Aceh 2004 Images) are significant as discussed in

Section2.4. This deficiency in identifying intact or minor-damage buildings motivates us
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to pursue an augmented approach in extracting structural damage features and classifying

structural damage, which are presented in Chapter 5 and Chapter 6, respectively.

4.6 Summary

In this chapter, a multi-level probabilistic damage classification approach is investi-

gated. By applying this approach, probabilistic damage levels are predicted for individual

urban buildings. By exploiting the posterior probabilities, the damage classification origi-

nally for urban buildings can be extended to different urbanobjects with varying geospatial

scales. For example, this can be applied to selected sub-regions or fixed-size urban blocks.

This scalability can provide decision makers the rendered damage maps with damage in-

formation at varying scales.

The first numerical experiment is conducted over a pair of satellite images where struc-

tural damage was induced by earthquake. Acceptable classification accuracy is obtained,

and the advantage of performing probabilistic classification is illustrated. However, in the

case of identifying structural damage induced by a tsunami event over another pair of satel-

lite images, non-acceptable classification accuracy for identifying intact or minor-damaged

buildings is reported. It is reasoned that image distortions and their variations are respon-

sible for degrading the extracted damage features.



Chapter 5

Region-based Damage Feature

Extraction

5.1 Introduction

In Chapter 3, a pixel-wise damage feature extraction method,namedgradient-location

dissimilarity-based damage detection, is proposed. The major drawback ofthis method is

that it does not have an explicit mechanism in dealing with image distortions and their vari-

ations between bitemporal images. This drawback has an adverse influence in identifying

structurally intact or minor-damaged buildings.

In this chapter, a region-based approach is pursued. With this approach, it is expected to

improve the accuracy of identifying minor-damaged buildings. This approach follows the

generic damage identification scheme expressed aspc

{
ψ
[
φ(u0,u1)

]}
proposed in Chap-

ter 2. First, this approach starts from detecting the BSFs in the image domain. The BSFs

are the composing blocks of an urban building images. With the matched BSFs in bitem-

poral images, structural integrity features are extractedconsidering the invariance to the

assumed linear type of local image distortions. Such a process fulfills the proposed struc-

tural integrity detector, denoted byφ(u0,u1), which outputs a set of bitemporal pairs of

structural integrity features for all the matched BSFs. In the second step, a damage fea-

ture extractor is formulated. As discussed in Chapter 2, the damage features can belocally

or globally extracted. In this proposed region-based approach, a global damage feature

extraction method is used by means of the PCA method. Hence, the obtained damage fea-
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tures are lower-dimensional and contain less noisy information. In Figure5.1, the proposed

region-based damage feature extraction is summarized.

Figure 5.1: Workflow for the proposed region-based damage feature detection.

This chapter is organized as follows. First, related work inextraction of local stable

and distinctive image features is reviewed, which covers two sub-topics: affine-covariant

region detectors and region-based feature descriptors. Subsequently, the formulation of

the proposed region-based structural damage extraction ispresented in the following two

sections. Following the formulation, a numerical demonstration is presented.

5.2 Related Work

The pursuit of stable and distinctive local features is a fundamental task in many image-

based object matching, recognition and retrieval systems.The SIFT algorithm proposed in

Lowe (2004), which is shorted from ‘scale-invariant feature transformation’, is probably

one of the most popular local feature extraction methods. Inthe following, we review the

SIFT algorithm, then similar algorithms in the literature are introduced.

5.2.1 SIFT Method

The SIFT method consists of four stages: (i) scale-space extreme detection, (ii) interest

point (which is called key point in SIFT) localization; (iii) orientation assignment; (iv)

keypoint description. These steps are reviewed in the following.

In the first stage of SIFT, the potential key point locations are detected by computing a

series of derived images in the scale-space, called Difference-of-Gaussians (DoG) images.
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If the original intensity image is denoted byu(x), a DoG image is:

DoG(x, σ) = u(x, kiσ)− u(x, kjσ) (5.1)

whereu(x, kσ) is a scale-space representation ofu(x), i.e. a Gaussian-blurred image,

by convolvingu(x) with a Gaussian filterg(x, kσ). Hence, a DoG image is simply the

difference of the Gaussian-blurred images at two differentscaleski andkj, which can be

implemented efficiently by constructing a Gaussian pyramid. Subsequently, the potential

key points are selected in both the spatial space (within its3 × 3 spatial neighborhoods)

and the scale space (within its neighboring pixels at the selected scales).

In the second stage, the potential key points are localized by performing sub-pixel in-

terpolation. Furthermore, unstable key points, e.g. thosewith low-contrast gray levels in

their neighborhoods, are removed. The third step identifiesthe dominant orientations for

each key point based on constructing an orientation histogram in its neighborhood. Then,

the orientation that has the highest peak (frequency) in thehistogram is assigned as the

dominant orientation of the key point. This stage is critical in obtaining rotation-invariant

features. With these, a ‘canonical’ pattern to the local topographical appearance of each

key point can be achieved, which is invariant tosimilarity transformation.

In the fourth stage, a compact local feature description is formulated. The descriptor

in SIFT is generated by sampling the magnitudes and the orientations in the local neigh-

borhoods around the key points, and constructing a location-orientation 3D histogram with

4× 4× 8 bins where the contribution to the bins are weighted by the gradient magnitudes.

The resulting128 × 1 vector is then normalized to have unit length in order to be invari-

ant to local photometric distortions. Note that the orientation values used come from the

Gaussian-blurred image computed at the key point’s characteristic scales, and the gradient

magnitudes are computed at the scales equal to 1.5 times of the scales of the particular key

points.

5.2.2 General Steps in Local Feature Extraction

Other local feature extraction methods exist in the literature in addition to the SIFT

method. Generally, these methods include the following three steps:

(1) interest point detection;
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(2) affine-covariant region detection;

(3) local feature description.

The second step is optional, since local neighborhood centered at the interest points de-

tected in Step (1) can be directly used as in the SIFT method1. Many algorithms are

available featuring these three steps. For a comprehensivereview and performance evalu-

ation, readers may refer toMikolajczyk and Schmid(2004) for the popular interest point

detectors,Mikolajczyk et al.(2005) for the region detectors, andMikolajczyk and Schmid

(2005) for feature descriptors. In the following, we briefly review the related algorithms,

and select the ones that will be used in the proposed region-based damage feature extraction

method.

Interest Point Detection

In this step, interest points are typically detected at which a local measure is maxi-

mal in the scale-space (Lindeberg, 1994). In the SIFT method, the DoG images in the

scale-space are computed as the basis to select the key points. In the literature, another fre-

quently used scale-space representation is the normalizedLaplacian-of-Gaussians (LoG)

image proposed byLindeberg(1998), which is defined as:

LoG(x, σ) = σ2|uxx(x, σ) + uyy(x, σ)| (5.2)

whereuxx(x, σ) anduyy(x, σ) are the scale-space representation of the second-order deriva-

tive of u(x) in thex− and they−directions, respectively.

The LoG method primarily favors the detection of blob-like image objects due to its

symmetricity. At a pixelx, LoG(x, σ) can attain its extremum when a blob-like object

centered atx with the same scaleσ is encountered2. Therefore, the LoG filter can be

interpreted as a matching filter. By optimizing Eq.5.2 with respect toσ, pixel-wise char-

acteristic scalesσ∗(x)’s can be obtained. To select the interest points using Eq.5.2, one

1Note that the four stages in the SIFT method reviewed earliercan approximately map to the three steps
except the second step– the stages (i) and (ii) map to Step (1), and the (iii) and (iv) stages to Step (3). There
is no explicit region detector in the SIFT method.

2This can be proved by assuming a 2D blob as a bivariate Gaussian u(x) = exp
(
−x2+y2

2τ2

)
, insert it into

Eq.5.2, and solve for the optimization problem by solving∂LoG(x,σ)
∂σ

= 0.
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should select locations at which Eq.5.2 attains extremum in both the scale and the space

dimensions, which, if discretized, correspond to a 3D scale-space volume at each pixel.

Another interest point detector is the Harris point detector. It finds points in the image

domain at which their curvatures are significant at orthogonal directions. Therefore, this

detector favors the detection of corners and junctions. InMikolajczyk and Schmid(2004),

a scale-invariant Harris point detector is proposed by casting the original Harris detector in

the scale-space framework.

The aforementioned interest point detectors target on complex image objects such as

blobs or corners. However, for urban buildings in images, a more generic image feature de-

scription may be the gray-level transitions. In Chapter 3, the normalized squared-gradient-

magnitude image is used to find the characteristic scales in the images. In this Chapter, this

operator will be used to select the interest points.

Affine-covariant Region Detection

In principle, in order to achieve invariance to affine transformation, affine-covariant re-

gions with elliptic shapes should be detected. In general, a‘covariant’ region means that

although the topographical appearance of this local regionin the image domain automati-

cally adapts to different image distortions (e.g. due to viewpoint changes), its appearance

always corresponds to the same scene. Alternatively, it canbe stated that such a region

change covariantly with the distortions, whereas the normalized image patterns and the

extracted features are expected to be invariant to these transformations3.

Many explicit affine-covariant region detectors are developed, which are mostly moti-

vated by seeking local features that are invariant to view point changes. InMikolajczyk et al.

(2005), the authors review and compare six widely adopted affine-covariant region detec-

tors, which include (i) the ‘Harris-affine’ and (ii) ‘Hessian-affine’ detectors proposed in

(Mikolajczyk and Schmid, 2004), (iii) the ‘maximally stable extremal region’ detector pro-

posed inMatas et al.(2002), (iv) an edge-based region detector, (v) an intensity extrema-

based detector inTuytelaars and Van Gool(2004), and (vi) the entropy-based salient region

detector (Kadir and Brady, 2001). A major conclusion inMikolajczyk and Schmid(2004)

is that no detectors outperform the others for all the scene types and all potential image

3In the literature, the term ‘invariant regions’ is used too.This dissertation adheres to using ‘covariant
regions’ followingMikolajczyk et al.(2005).
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distortions. In addition, different detectors are suggested to use simultaneously due to the

fact that the regions detected in these methods are seldom overlapped.

It is noticed that except of the entropy-based salient region detector, the other affine-

covariant region detectors are designed to target specific types of local image structures,

e.g. corners, edges, blobs, ect. On the contrary, the entropy-based salient region detector

finds a region in the image domain that is locally complex and globally discriminative. This

property is favored in this study. In the following, this detector is termedKB-SR(‘Kadir-

Bradly salient region’) detector.

Local Feature Description

Prior to seeking any feature description, the detected local regions are usually subject

to a normalization process, such that the potential effectsof the affine-type geometric and

the linear-type photometric distortions are removed. Thisis done according to the assumed

linear geometric and photometric transformation models, which are shown in Eqs.2.6and

2.7 in Section2.4.2, respectively. The resulting normalized regions usually have the same

radius if circular regions are used or the same width if square regions are used; in addition,

the intensity or the gradient-based values within the regions are normalized to have unit

length.

Based on the normalized regions and feature values, many feature descriptors have been

developed to form more compact description for the detectedregions. The popular one is

the SIFT descriptor, which is used in the forth stage in the SIFT method. Variants of the

SIFT descriptors and other types of descriptors. For a thorough review and comprehensive

evaluation, one may refer toMikolajczyk and Schmid(2005). The main conclusions in

this review include (i) the performance of various descriptors is mostly independent of the

previously applied affine-covariant region detectors, and(ii) the SIFT descriptor and its

variants outperforms others.

Two improved SIFT-based descriptors have been in the literature. The first is called

PCA-SIFT descriptor (Ke and Sukthankar, 2004). In PCA-SIFT, a fixed39 × 39 patch is

extracted based on a local patch centered at each key point ora local normalized support

region, then the normalizedx− andy−direction gradients are used as an initial feature

vector, leading to a3042 × 1 feature vector (392 × 2 = 3042). The key step in SIFT-PCA
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is that a global PCA is constructed using additionally prepared imagery data set, and an

eigenspace is constructed by storing the principle eigenvectors. Subsequently, the initial

high-dimensional feature vectors are projected into the eigenspace, leading to much lower-

dimensional PCA-SIFT local feature vectors (e.g. 20 is used compared to SIFT where 128

is used). More importantly,Ke and Sukthankar(2004) showed that improved performance

was achieved in an image retrieval task.

Another extension of the SIFT descriptor is the GLOH descriptor (shorted from ‘Gra-

dient Location-Orientation Histogram’) (Mikolajczyk and Schmid, 2005). This descriptor

differs from the SIFT descriptor in that the location quantization is performed in a log-polar

grid. With 17 bins for location bins and 16 bins for orientation, the resulting GLOH de-

scriptor gives a272 × 1 feature vector. Similar to the PCA-SIFT descriptor, a PCA-based

eigenspace is constructed,a nd lower-dimension feature vectors are obtained.

One may conclude that the improved performance of the two extended SIFT-like de-

scriptors may partially be attributed to the dimensionality reduction step by constructing

a global lower-dimensional eigenspace. In the formulationof the proposed region-based

damage feature extraction herein, SIFT-like descriptors will be used in two situations. First,

the SIFT descriptor will be used in the bitemporal local region matching. Second, a modi-

fied PCA-SIFT descriptor will be used to formulate region-based damage features.

5.3 Region-based Structural Damage Extraction

In this section, the proposed region-based structural damage extraction is formulated.

The basic input for conducting this damage feature extraction is the bitemporal imagery

pairs, denoted as(u0,u1)’s, each of which contains an arbitrary urban building captured

before and after a disastrous event. As suggested by the generic extraction scheme (i.e.

pc

{
ψ
[
φ(u0,u1)

]}
), two major steps are involved in the formulation: (i) structural integrity

feature extraction, which realizesφ(u0,u1) and outputs the structural integrity feature vec-

tors(f0, f1); and (ii) global damage feature extraction, which projectsthe bitemporal struc-

tural integrity feature vectors into an eigenspace and outputs a lower-dimensional damage

feature vectord.

The involved algorithms in these two steps are built upon various algorithms to local

feature extraction reviewed earlier. However, adaption isintroduced in many aspects. To
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demonstrate the formulation in this section, two syntheticsimple image features are used,

which are shown in Figure5.2(a0) and (b0).

5.3.1 Bitemporal Structural Integrity Feature Extraction

Computation of Optimal Gradient Images

The computation of optimal gradient images is similar to theformulation used in the

proposed gradient-location dissimilarity-based damage detection method in Chapter 3. In

this method, pixel-wise squared gradient magnitudes are used for both non-damaged and

damaged buildings. Particularly, during interpreting theeffectiveness of the proposed pixel-

wise damage feature extraction, the scale-space theory is adopted, in which anormalized

squared gradient magnitudefunction is used:

sn(x, σ) = σ[u2
x(x, σ) + u2

y(x, σ)] (5.3)

whereux(x, σ) is the scale-space representation of the first-order derivative of u(x) in the

x−direction, and similarlyuy(x, σ) is in they−direction. Based on Eq.5.3, character-

istic scales of the underlying gray-level transitions can be extracted through performing

pixel-wise optimization, i.e.σ∗(x) = arg maxσ sn(x, σ). In practical implementation,

a candidate characteristic scale setΣ = {σmin, · · · , σmax} is used, which is obtained by

quantizing a range of scales between a small scaleσmin and a large oneσmax.

With the obtained characteristic scales, two optimal gradient-based images are ob-

tained, which are the image of gradient magnitude and the image of gradient angles, both

evaluated at the pixel-wise characteristic scales:

m(x) = {u2
x[x, σ

∗(x)] + u2
y[x, σ

∗(x)]} 1
2 (5.4)

t(x) = arctan

{
uy[x, σ

∗(x)]

ux[x, σ∗(x)]

}
(5.5)

The two optimal gradient-based images,m(x) and t(x), will be used to extract region-

based features (note that the gradient angles obtained fromEq. 5.5 are mapped to[0, 2π]

according to the signs ofux anduy).

In Figure5.2 (a1) and (b1), the characteristic scales are numerically obtained, wherein

the smallest scales are correctly extracted in the centerline of original synthetic images
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(a0) (a1) (a2) (a3) (a4)

(b0) (b1) (b2) (b3) (b4)

Figure 5.2: Two cases of synthetic gray-level transition: (a0) simulated based onu(x, y) =∫ x

−∞ exp [−x′2/(2τ 2)]/(
√

2πτ) dx′ whereτ = 5.0 and (b0) simulated based onu(x, y) =∫ x

−∞ exp [−x′2/(2τ 2)]/(
√

2πτ) dx′ whereτ = 5.0 exp (y2/100). From (a1)∼(a4), the
computed characteristic scale map, the optimal gradient magnitude, the extracted SP points,
and the SP region at the center are shown based on the synthetic image object in (a0),
respectively; from (b1)$sim(b4), the derived images are shown in the same order as in
(a1)∼(a4), for the synthetic image object (b0).
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(σ∗ = 5.02 is obtained compared to the true valueτ = 5). In Figure5.2 (a2) and (b2), the

optimalm(x)’s are shown.

Structurally Prominent Points in Pre-event Image

Different from the LoG operator that primarily targets blob-like structures, the use of a

normalized squared gradient magnitude function is used to detect the interest points. This

function responds to any combination of gray-level transitions, including edges, ridges and

other complex image objects such as blobs or corners. The interest points are detected in

the pre-event imagesu0’s, and are termedstructurally prominent(SP) points.

Given the candidate characteristic scale setΣ defined earlier, a square neighborhood

centered atx given a scaleσ ∈ Σ is defined asn(x) = {(x′, y′)|x−kσ < x′ < x+kσ, y−
kσ < y′ < y + kσ}. Therefore, a pixel atx is a SP point if the following conditions are

satisfied:

sn(x, σ) > sn(x′, σ′)

∀x′ ∈ n(x) 6= x and ∀σ′ ∈ Σ 6= σ (5.6)

Suppose that the pixel-wise characteristic scalesσ∗(x) is obtained from the previous com-

putation of optimal gradients, a complexity-reduced step for finding a SP point is:

sn(x, σ∗) > sn(x′, σ∗)

∀x′ ∈ n(x) 6= x (5.7)

The obtained SP points lying in the pre-event images are the local representative feature

points, at which locally significant gray-level transitionoccurs. It is noticeable that the

neighborhood defined earlier adapts to the smoothing scales. This means that for a potential

SP point, if the underlying characteristic scaleσ∗ is large, the neighborhood support used

to determine an SP point is large too. Therefore, the point atx is less likely a SP point.

This is a favorable property as one expects that for flat surface in images where gray-level

transitions are gentle, SP points in this region should be sparse. Othe other hand, for

imagery patterns with significant gray-level transitions,relatively dense SP points will be

detected.

In Figure 5.2 (a3) and (b3), the SP points for the synthetic image objects in Fig-

ure5.2(a0) and (b0) are obtained. It can be seen that for an ideal 1D edge-boundary shown
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in Figure5.2(a0), each point along the center line of the boundary is identified as an SP

point. Although this does not likely occur when real images are used, it is expected that

for very distinctive structural boundaries in images, dense SP points will be generated. On

the contrary, for a very diffusive boundary feature, such asin Figure5.2(b0), which is less

likely a good feature point of an urban building, less singleSP points will be detected.

Salient Region Detection in Pre-event Regions

Local neighborhoods are used to determine the SP points as presented previously. How-

ever, these square-sized neighborhoods are not ready for removing affine-type geometric

distortions. As reviewed in the last section, numerous affine-covariant region detectors are

available in the literature. In this study, the KB-SR detector is selected due to the following

major reason. The KB-SR detector performs entropy maximization over the histogram of

local imagery values, therefore it does not target any specific type of image objects. In

this study, the obtained SP points in the pre-event images are determined where significant

gray-level transitions are found. Hence, beyond the SP points, the image objects around the

SP points may manifest all possible types of image objects, such as edges, ridges, corners,

blobs, and other image objects with complex appearance. Therefore, it is not appropriate

to use other types of region detectors that aim at specific image objects. In the following,

an adapted (simplified) KB-SR detector is formulated.

In the original formulation of the KB-SR detector, an elliptic region, denoted byE , at an

interest pointx is parameterized by the minor axis length (a), the major axis lengtham, and

the major orientation(α). Based on the values confined within this parametric ellipse,a

parametric histogram can be constructed, denoted byH(u|E), to represent the distribution

of the values within the potential region. Subsequently, the Shannon entropy formula is

applied to the histogram, an elliptic region is determined by solving:

(a∗, a∗m, α
∗) = arg max

a,am,α

∑

u

H(u|E) logH(u|E) (5.8)

Solving for Eq.5.8, an affine-covariant regionE∗ is obtained, using the optimal parameters

(a∗, a∗m, α
∗).

Due to the entropy maximization operation, a KB-SR detector tends to find a local

region wherein the image pattern possess the maximal complexity (statistically equivalent
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to maximal uncertainties) conditional on the given ranges of the parameters(a, am, α). A

measure to the resulting structural complexity is defined inKadir and Brady(2001). This

complexity measure can be used to select the most complex regions given the detected

regions at all pixels. In this study, since SP points are selected, which yields a sparse

selection already, this measure is not used.

In this study, a modified KB-SR detector is used. First, instead of using the image

intensity values, the KB-SR detection is conducted over the optimal gradient magnitudes.

In addition, the parameters used to define a parametric ellipseE are reduced in two ways.

i. The orientation ofE is fixed by using the gradient-weighted dominant orientation

within a neighborhoodn(x). This is done by calculating an orientation histogram us-

ing the gradient magnitudes and the orientation values defined in Eq.5.4and Eq.5.5,

where the contribution of each orientation bin is weighted by the gradient magni-

tudes. The dominant orientation is obtained by looking for an orientation that corre-

sponds to the peak of the histogram. With this setting, the parametric ellipse to be

determined parallels with the primary direction of the image pattern in the neighbor-

hood;

ii. The short axis is fixed based on the underlying characteristic scale. In this study,

a = max [3, 3σ∗(x)] is used; only the long axis is allow to vary with in a specified

range,am ∈ {a, a+ 0.5, a+ 1.0, · · · ,max [6, 6σ∗(x)]}.

By using this simplified KB-SR detector, the computation demand is greatly minimized

since only a single parameter must be solved at each SP point.In addition, the obtained

elliptic regions are guaranteed to parallel with the primary direction in the region (e.g. the

direction of a building boundary). This is a favorable property for a region-based damage

feature extraction. In the following, these affine-covariant regions are called SP regions

following the terminology of SP points.

Another appealing property is that the modified KB-SR detector finds a small SP region

where the characteristic scale is small (i.e. a region with sharp gray-level transitions),

and a large region where the characteristic scale is large (i.e. a region with gentle gray-

level transitions). In Figure5.2(a4) and (b4), the resulting SP regions for the synthetic

image objects in Figure5.2(a0) and (b0) are shown, respectively. It can be seen that foran

ideal boundary, it finds a small circular SP region, whereas for the diffusive boundary in
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Figure5.2 (b0) in which its intensities fade away along the boundary, anarrow but larger

SP region is found.

Region Normalization

Given an elliptic SP region centered atxn, it is ready to normalize the region so as

to remove the effect of affine-type geometric distortions. Suppose that the parameters for

a detected region are(a, am, α), the following coordinate transform is carried out for the

confined gradient-based structural appearance information, e.g.m(x) or t(x):
{
x∗

y∗

}
=

(
cosα sinα

− sinα cosα

){
x
a

y
am

}
−
{

xn

a

yn

am

}
(5.9)

wherex∗, y∗ are the local intra-regional spatial coordinates for the region. Through this

coordinate transform, the corresponding gradient-based feature values are rearranged into

a circular domain with an unity radius. However, since the number of pixels vary as dif-

ferent SP regions are considered and the obtained circular domain loses uniformly spaced

orthogonal grids, the circular domain is mapped to a square domain with a fixed21 × 21

uniformly-spaced grids. By this normalization step, all theelliptic SP regions are normal-

ized to standard square regions of the same size. Figure5.4 illustrates this process.

Figure 5.3: Normalization of detected elliptic regions: first a coordinate transform is con-
ducted followed by an interpolation process.

After the region normalization, the gradient-based appearance values are normalized

too. For the gradient magnitudes, the21 × 21 confined values in the standard regions are

normalized such that they have a unity vector length; for thegradient orientation values,

they are normalized by subtracting the dominant orientation obtained previously.
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Bitemporal Region Matching

In the previous steps, the SP region detection is conducted in the pre-event images. To

minimize the geometric/photometric distortion variations between the bitemporal images,

the pre-event SP regions have to find their counterparts in the post-event images. To realize

this, the correspondence between the pre- and post-event affine-covariant regions needs to

be established, which is realized via a matching process.

To minimize the matching cost, given an SP point atxn in the pre-disaster image, we

constraint the location of its post-event counterpart by specifying a neighborhood ofxn in

the post-event image. In this study, the neighborhood is taken as5× 5, denoted asn5(xn)

considering the possible largest geometric distortion scale. Therefore, for each SP region

in the pre-event image, there are 25 candidate counterpartsin the post-event image.

For a pre-event SP region centered atxn, a SIFT-like feature vector is extracted based

on the normalized gradient-based appearance feature and using a log-polar location grid:

using three bins in the radial direction, eight in the angular direction for the non-central

bins, and eight bins for the gradient angles, which results in 176×1 feature vector, denoted

by g0(xn). For the candidate regions in the post-event image, at each candidate SP point

x ∈ n5(xn), a parametric elliptic regionE is formed similarly as it is formed in the pre-

event image. However, the determination of this parametricregion is not achieved through

entropy maximization as in the modified KB-SR detector presented earlier; rather, it is

solved through the following matching process.

By conducting the region normalization and extracting the SIFT-like feature vectors as

they are done in the pre-event SP regions, a parametric feature vectorg1(x, am), wheream

is the only parameter coming from the parametric SP region. Therefore, the matching is

conducted by searching for the smallest Euclidean distancebetweeng0(xn) andg1(x, am),

and the correspondingx andam hence determine the location and the shape of the post-

event SP region given the pre-event SP region.

Structural Integrity Features

Given a pair of input images(u0,u1), if the procedure in the above is followed, one

first obtains a set of bitemporal, corresponding SP regions,denoted by{(E0m, E1m)|m =

1, · · · ,M}, which can be viewed as the small domains of the BSFs.
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By performing region normalization, for each bitemporal SP region pair(E0, E1), the

normalized gradient magnitudes within the regions are usedas structural integrity features,

which are denoted as(f0, f1), which both have a unity length, e.g.‖ f0 ‖=‖ f1 ‖= 1.

Accordingly, for the input image pair(u0,u1), a bitemporal structural integrity feature

set is obtained, which is{(f0m, f1m)|m = 1, · · · ,M}. By far, the task of the bitemporal

structural integrity feature extraction is completed.

5.3.2 Global Damage Feature Extraction

Previously, for each pair bitemporal SP regions in the imagedomain(E0, E1), a pair of

structural integrity feature vector(f0,f1) is obtained. Suppose that there areM pairs of

such feature vectors; this indicates that the structural damage detection problem between

the bitemporal images(u0,u1) is divided intoM reduced problems. However, great ad-

vantages have achieved between the original problem:

• The inter-object variations are removed. In the original problem significant inter-

object topographical appearance variations exist for different buildings in satellite

images; a direct result of this type of variations is that thesizes of the input images

for different buildings are different. From an appearance manifold point of view, it is

impossible to find a low-dimensional representation for different buildings in images.

In addition to the inter-object variations between different buildings in images, an-

other significant disturbing source is the geometric/photometric distortions between

any pair of input images. As indicated in the opening of this chapter and in Chapter

2, these distortions can only be minimized in a local scale.

• In the reduced problem, the damage detection is between bitemporal integrity feature

vectorsf0 andf1 – each can be viewed as a21 × 21 image, where the topographic

appearance is generic since it comes from a structurally prominent and small region

of the original image. Compared to the original inter-objectvariations, the possible

inter-region topographical variations are minimal (i.e. SP regions detected from dif-

ferent buildings are similar, which either edge-like exterior boundaries or ridge-like

interior boundaries), and the intra-region variations (e.g. the potential structural dam-

age) are retained. In addition to the benefit of minimizing the inter-object variations,

the geometric and photometric distortions are minimized. This is realized through
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a matching process, in which the a pre-event normalized SP region finds its post-

event counterpart considering the possible geometric distortions (i.e. a5 × 5 local

neighborhood is used for the potential range of geometric distortions). Photometric

distortion variations are minimized since the structural integrity feature vectors are

normalized.

Construction of Eigenspace

With the advantageous properties of the obtained structural feature vectors, the simplest

damage feature vector betweenf0 andf1 may follow the traditional differencing method,

which isd = f0− f1. However, this obtained damage feature vector islocal. In addition,

it is high-dimensional, which is441× 1 in this study.

In Chapter 2, the concept of a global damage feature extractoris introduced, in which

one expects to project the high-dimensional, bitemporal feature vectors into a global low-

dimensional embedding parameterized by some intrinsic parameterθ. Given a structural

integrity feature vector pairf0 andf1, a global damage feature vector is simplyθ0 − θ1.

However, such a global approach needs a sophisticate nonlinear manifold learning method.

In Chapter 2, we also attempted the simplest manifold learning method, the PCA method,

where the original images are projected into a global eigenspace; but the experiments failed

due to the inherent inter-object variations, and image distortions and their bitemporal vari-

ations. Therefore, one may expect that PCA-based dimensionality reduction method may

work for the structural integrity feature vectors. In the literature, this idea is not novel. In

the previous section, the PCA-SIFT descriptor is introduced(Ke and Sukthankar, 2004). In

this method, the normalized, high-dimensional gradient-based feature vectors are projected

into an eigenspace by performing PCA analysis.

This idea is adopted herein for extracting global damage feature vectors. Firstly, to con-

struct a global eigenspace, the structural integrity feature extraction process is carried out

over 55 bitemporal urban buildings in images, which are extracted from the 2004 Indonesia-

Tsunami satellite images but not from the TS2004 imagery dataset built in Chapter 1. To-

tally, a diverse collection of 5380 pairs of bitemporal structural integrity feature vectors

are obtained, which form a441 × 10760 matrix. By following the PCA formulation in

Section2.5.1in Chapter 2, the first 30 principle eigenvectors of the covariance matrix are



142

stored on disk as the eigenspace projection matrixP, which is a441 × 30 matrix. It is

noted that by retaining the first 30 eigenvectors,90% of the variance information is pre-

served. The input images and the extracted SP regions for building the eigenspace were

discarded in this study.

Calculation of Damage Features

With this the projection matrix, each structural integrityfeature vector can be project

into the low-dimensional eigenspace asPT (f − f̂) where thêf is the sample mean fea-

ture vector, which was computed during the PCA analysis. Therefore, given a bitemporal

structural integrity feature vectorf0 andf1, a global damage feature vector is simply:

d = PT (f0− f̂)−PT (f1− f̂)

= PT (f0− f1) (5.10)

The damage feature vector has a dimension of30 × 1. Hence, given an input bitemporal

images(u0,u1) that haveM detected BSFs (SP regions), a total ofM damage feature

vectors are produced. It is expected that this global damagefeature vector may have the

following advantageous properties:

• Dimension is reduced, which is favored in the later classification modeling;

• Since Eq.5.10 is a differencing operation in a global low-dimensional eigenspace,

generalization property can be achieved compared to the local damage feature vector

mentioned earlier;

• By removing a large number of minor principle eigenvectors meanwhile preserving

90% of the total information, non-modeled distortions are expected to be removed.

Potential Issue of Region-based Damage Features

A potential issue arises from the matching process. In finding the post-event SP region

in the post-event image, a small5× 5 neighborhoodn5(x) is used, which assumes that the

largest scale of the potential geometric distortions are confined within this range. This is

valid for the BSFs defined in the bitemporal SP-regions that are intact or minor-damaged

in the post-event image since the existing geometric distortions can be found through a
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pixel-wise matching. For damaged BSFs in the post-event image, in most situations, this

assumption is valid if the damaged pattern is similar throughout the post-event SP region.

However, in some situations, especially, in the case of tsunami damage, often the damaged

pattern may appear a ‘structured’ pattern. In these cases, the damaged patterns may be

falsely treated as geometric distortion, hence is minimized by the matching process. The

potential result of this issue is the weakened performance in identifying severely damaged

urban buildings. Examples of these situation will be revealed in the next chapter.

5.4 Demonstration using Real Images

In this section, we demonstrate the region-based structural damage feature extraction

proposed in this chapter using real satellite imagery of urban buildings. In Figure5.3, an ex-

ample of bitemporal urban building in images taken from the TS2004 dataset is displayed.

The same building has been shown in Figure2.6(1-bef) and (1-aft), where geometric dis-

tortion variations have been recognized.

(a) (b)

Figure 5.4: Example building in bitemporal images with distortion variations: (a) the pre-
event image, and (b) the post-event image. Overall there is no structural damage in this
building except that in the upper-left corner of the building, dubious damage may occur.
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5.4.1 Illustration of Computation

First, the SP points are detected in the building in the pre-event image. In Figure5.5(a0),

the resulting SP points are shown. It can be seen that most of the SP points are extracted

along the prominent structural boundaries in the image, andthe SP points in the flat regions

are relatively rare. In Figure5.5(b0), the SP regions are illustrated. The obtained elliptic

SP regions are overlapped considerably along the boundaries due to the dense SP points.

As mentioned earlier, in principle, these SP regions can be reduced by using their individ-

ual saliency-based regional complexity measure – the gray level in Figure5.5(b0) indicate

these complexity measurements. In this study, this is not applied since the overlapping of

SP regions is not considered as an adverse result but a robustfeature.

By performing matching, the post-event SP points and SP regions are obtained in Fig-

ure5.5(a1) and (b1), respectively. Two things are noticeable. First, if the locations of SP

points in the pre-event image are carefully inspected against their corresponding locations

in the post-event image, it can be seen that in overall, the matching successfully overcome

the existing geometric distortion and finds the post-event SP points. Secondly, if the SP

regions in the post-event image are checked, their sizes aremostly larger than their pre-

event counterparts. This is the result of the greater diffusiveness (i.e. larger underlying

characteristic scales are obtained) in the post-event image as observed in Figure5.4(b).

In Figure 5.6, we illustrate an example of performing region normalization and the

extraction of normalized SP-region gradient magnitude features. In Figure5.6(a0), a small

SP region is marked in the bottom-left of the optimal gradient magnitude imagem0, and

in (b0), a zoom-in illustration of this region is shown in theglobal coordinates. In (c0), this

region transforms to a circular region of unity radius, and is shown in its local coordinates.

It can seen that the resulting grids are not uniformly spacedand orthogonal; in (d0), an

interpolation process is conducted, and the confined gradient magnitudes are mapped to a

standard square region, which has21× 21 grids. In Figure5.6(a1∼ d1), the same process

is conducted for the matched SP region in the post-event image.

5.4.2 Damage Segmentation

As shown previously, a damage feature vector is obtained as the difference of the bitem-

poral integrity feature vectors in the eigenspace. In fact,one may use the magnitude of the
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(a0) (b0)

(a1) (b1)

Figure 5.5: SP points and SP regions in bitemporal images: (a) and (b) show the detected
SP points and the SP regions (overlapped elliptic regions);(c) and (d) show the matched
SP points and SP regions in the post-event image.
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Figure 5.6: SP points and SP regions in bitemporal images: (a) and (b) show the detected
SP points and the SP regions (overlapped elliptic regions);(c) and (d) show the matched
SP points and SP regions in the post-event image.
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damage feature vectors to measure the relative changes of structural integrity among all the

damage feature vectors, which is

d =‖ PT (f0− f1) ‖ (5.11)

This idea has been investigated in the numerical experimentin Chapter 2; nonetheless,

the resulting damage measure failed in recognizing different levels of structural damage

for individual urban buildings due to the strong disturbance from inter-object variations

and image distortion variations. Herein we use the damage measure defined in Eq.5.11to

identify the relative damage levels within an urban building.

First, the building used in the previous subsection is tested. Based on the spatial seg-

mentation shown in Figure5.5, the damage measurements are computed based on Eq.5.11

and summed to obtain a single measurement for each segment. In Figure5.7, the obtained

relative damage within this building is rendered. It can been seen that the upper-left corner

show greater (relative) change of structural integrity than other regions, which is expected

by observing the original bitemporal images.

Figure 5.7: Damage segmentation for the building shown in Figure5.4(a) and (b), where a
brighter gray area indicates greater level of structural damage.

In Figure5.8, another example of damage segmentation is shown. The building shown

Figure5.8(a) and (b) has been used in Chapter 2 to illustrate the existence of image distor-

tions. In the post-event image, the bottom-left corner of the building collapsed to debris.

The upper- and bottom-right of the building in the post-event image show more diffusive
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boundaries, which are very likely damaged. The relative damage levels shown different

spatial segments in Figure5.8(c) confirm these observations.

(a) (b)

(c)

Figure 5.8: Damage segmentation for a new pair of urban building, (a) and (b), between
which geometric distortion variations have been shown in Figure2.6(3-bef) and (3-aft); (c)
shows the relative damage levels within the building, wherea brighter gray area indicates
greater level of structural damage

5.5 Summary

In this chapter, a region-based damage feature extraction method is proposed. The main

contribution of this chapter is the use and the adaption of the available region-based feature
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extraction techniques in the literature, such that the region-based damage features formu-

lated in this method overcome both the inter-object topographical appearance variations

and the image distortions, which are recognized as the most challenging issues in Chapter

2. Preliminary numerical demonstration in this chapter show the feasibility of this method.

Compared to the pixel-wise damage feature extraction proposed in Chapter 3, the current

method is expected to be more accurate in identifying structurally intact or minor-damaged

buildings. This argument will be demonstrated in the next chapter.



Chapter 6

Multi-level Damage Classification

6.1 Introduction

Using the region-based damage feature extraction method proposed in Chapter 5, one

obtains a set of damage feature vectors for an arbitrary urban building in a bitemporal image

pairs, which is:

Vn = {xn,1,xn,2, · · · ,xn,Mn
|xn,m ∈ R

D,m = 1, · · · ,Mn} (6.1)

where the number of feature vectorsMn varies for different buildings. For all buildings in

the images, a superset is obtained:

X =
{
Vn|n = 1, 2, · · · , N

}
(6.2)

If damage levels are known (e.g. based on visual inspection of bitemporal images by ana-

lysts), the training data set is denoted as

X tr =
{

(Vn, cn)|n = 1, 2, · · · , N tr; cn ∈ C
}

(6.3)

Again the remaining problem is to construct a supervised classifier based onX tr, which

can make multi-level structural damage classification given an arbitrary feature setV.

In this chapter, we first review related solutions to this problem. Subsequently, a voting-

based classification scheme is proposed. In the subsequent section, we focus on developing

a novel classification method, which is used as the base classifier in the voting-based classi-

fication scheme. Such a classifier is based on learning a mixture of locally linear subspaces

150
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(MLLS) model from the training data. In addition to serve as abase classifier, this novel

method can be used as a data interrogation approach to explore the intrinsic structure in

high-dimensional data sets. In the end, numerical experiments are conducted using the

Banda Aceh 2004 images.

6.2 Available Classification Solutions

6.2.1 Discriminative Classification with Generative Modeling

The complication of the classification problem stated earlier is caused by the form of

the input features. For each object, a feature vector set is extracted, which contains a vary-

ing number of feature vectors with fixed yet high dimensions.This situation is not rare

in the fields of pattern classification for multimedia objects. One of the most interesting

approaches to this problem is to model a feature vectorx by a multivariate probability

distribution p(x|θ), and the feature vectors inV are treated as independent and identi-

cally distributed (i.i.d) samples. Subsequently, distance (or similarity) measures or basis

(or kernel) functions can be defined between the learned distributions or the distribution

parameters given differentVn in X . Two methods in the category have been reported.

In the first method, the likelihood ofV is obtained asL(θ) =
∏M

m p(xm|θ) consider-

ing the i.i.d assumption, and a maximum likelihood estimation approach can be employed

to obtain the estimate of the distribution parameter, denoted byθ̂. Subsequently, a Fisher

score is obtained as the gradient oflog p(x|θ) with respect to the distribution parameter

y(θ̂) = [∇θ log p(x|θ)]|
θ̂

(Jaakkola et al., 1999). Effectively, this method transforms the

input feature vector sets of varying sizes into new feature vectors, the Fisher scores, which

have fixed dimensions as the distribution parametersθ. The commonly used basis func-

tions or distance measures can be constructed based on the Fisher scores as in a regular

discriminative classifier1.

In the second method,Moreno et al.(2003) proposed to use Kullback-Leibler (KL) di-

vergence between the estimated distributionsp(x|θn)’s, which are modeled by Gaussian

1Besides regular distance measures or basis functions, a Fisher kernelκ(Vm,Vj) is introduced in
Jaakkola et al.(1999), which is constructed in terms of the Fisher scores ofVm and Vj , denoted as
y(θ̂m)T I−1y(θ̂m), whereI, termed Fisher information matrix, is defined as the expected value ofy(θ)y(θ)T

with respect to the estimated densityp(x|θ̂).
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mixtures based on differentVn’s, denoted byKL(Vn,V). Subsequently, SVM is used

with kernel function written asκ(Vn,V) = exp [aKL(Vn,V) + b]. By comparing this ap-

proach with the Fisher score method, improved performance was achieved in their work

(Moreno et al., 2003).

This generative modeling approach for constructing basis functions is applicable in the

discriminative multi-class classifier mRVM formulated in Chapter 4. Hence, the afore-

mentioned classification problem using the training data defined in Eq.6.3may be solved.

However, after some numerical exercises, it is found that several issues hinder the use of

this approach.

The primary difficulty arises due to the relatively high dimension of the damage feature

vectors and the relatively small size ofVn’s. As will be seen in the numerical experiment

in this chapter, the obtained damage featuresx’s are 30-dimensional, and the sizes of the

damage feature vector setsVn’s for different urban buildings vary ranging from tens to a

few hundreds. It is encountered very often that a generativemodel can not be estimated

with fidelity based on an input feature vector set with a smallsize. Other less challenging

yet very disturbing issues include model selection in determining the number of mixtures

in estimating a Gaussian mixture model, and the subsequent simulation-based computing

for the KL divergence between Gaussian mixtures2.

The aforementioned difficulties motivate us to explore an alternative strategy for con-

ducting multi-level damage classification. In the following, fully generative classification

methods are reviewed. In a generative method, the modeling of the damage feature vectors

is not based on damage feature vector sets of individual urban buildings; rather it attempts

to model an abstractobject– an object of a certain damage level. Hence, any damage fea-

ture vectors from arbitrary urban buildings with the same damage level are all used as the

training data.

2KL divergence for Gaussian mixture models is tractable onlywhen the Gaussian mixtures reduce to
multivariate Gaussian models with single covariance matrices. Otherwise, Monte Carlo sampling is usually
used, though approximation methods exist (e.g.Hershey and Olsen, 2007).
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6.2.2 Fully Generative Classification

Training Data Re-assembling

As mentioned earlier, one primary difficulty in generative modeling of a high-dimensional

feature vectorx is the lack of sample vectors stored inV associated with a single urban

building. This difficulty can be partially relieved by reassembling the training data set

shown Eq.6.3 into the following data sets:

X tr
1 = {x1,x2, · · · ,xN1}
X tr

2 = {x1,x2, · · · ,xN2}
· · · (6.4)

where each of the obtained data setX tr
c (c ∈ C) stores damage feature vectors from a group

of urban buildings that are labeled with the samec-level structural damage.

With this re-assembling, it is expected that the number of sample vectors in each of the

new training data sets in Eq.6.4 can suffice the subsequent learning task. Suppose each

urban building by average provides a hundred feature vectors, therefore only tens of build-

ings labeled with the same damage level can cumulatively provide thousands of feature

vectors. This re-assembling is the direct benefit of the region-based damage feature extrac-

tion efforts presented in the preceding chapter, because the damage feature vectors for an

arbitrary building in the images are not extracted based on its individualistic topographical

appearance but on the universal BSFs in images.

This re-assembling effort does not help a discriminative classification approach, e.g.

KNN, SVM, RVM or any discriminative models with internal generative density estimation

as reviewed earlier. In discriminative methods, distance measures or basis functions are

needed to construct the structure of the classifier in the forms of d(Vn,V) or κ(Vn,V),

whereV is an unlabeled feature vector set, andVn is an training data set. Obviously, the

re-assembling only augment the training data set but the unlabeled data set.

Formulation

Suppose probabilistic models are learned based on the training data sets in Eq.6.4,

which are denoted as{p(x|c)|c ∈ C = {1, 2, 3}}. Given an unlabeled damage feature vec-

tor setV = {x1,x2, · · · ,xM} corresponding to a single urban building, the posterior prob-
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ability for a damage levelc conditional onV is denoted asP (c|V). By using the Bayes rule

sequentially, one obtains:

P (c|V) ∝ p(x1|c)P (c|x2, · · · ,xM)

∝ p(x1|c)P (x2|c)P (c|x3, · · · ,xM)

· · ·

∝
M∏

m=1

p(xm|c)P (c) (6.5)

It is noticeable that in order to arrive at expressing the posterior probability as a product of

the likelihood functions ofxk’s and the prior, the i.i.d assumption is used repeatedly, which

is p(xi|xj, c) = p(xi|c). Similar to a generic classification problem in Eq.1.4and Eq.1.5

in Section1.5.2, the damage level for this building is determined as

c∗ = arg max
c
P (c|V) (6.6)

With the previous formulation, the critical component in realizing this fully generative

approach is to model the conditional probability modelsp(x|c)’s. The prior modelsP (c)′s

maybe assumed uniform (e.g.P (c) = 1
3

for C = {1, 2, 3}) considering that only a small

inventory of urban buildings are selected to prepare the training data and it is biased by

frequency counting to estimateP (c)′s. A generative model forp(x|c), however, is not easy

to find. Usually strong assumption regarding the distribution type is necessary. In Chapter

5, the structural damage feature vectorsx’s are obtained as a differencing of the bitemporal

structural integrity feature vectors in the global eigenspace. In the literature, distribution

assumptions for such multivariate data are rarely found. A commonly used model is the

Gaussian mixture model (Bishop, 2006, Chapter 2.3), denoted byp(x) =
∑I

i πiN(µi; Σi).

The Gaussian mixtures models are well understood in the learning communities. How-

ever, the estimation of a Gaussian mixture models is not trivial. Usually the Expectation-

Maximization (EM) algorithm is used to determine the maximum likelihood estimates of

the distribution parametersµi’s andΣi’s, and the latent prior parametersπi’s for the par-

ticipating Gaussians. The number of the Gaussian modelsN(µi; Σi)’s, I, which controls

the model complexity, is usually set by users. To select an appropriate numberI and to

control the complexity, the Minimum Description Length (MDL) principle may be used to

regularize the estimation (Barron et al., 1998). During this dissertation research, a program
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developed byBouman(1997) for Gaussian mixture estimation with MLD regularization

was used to evaluate the above fully generative classification idea.

Inherent Defect of I.I.D Assumption

While exercising with the Gaussian mixture model to build a generative classifier, a

significant weakness was found in employing Eq.6.5 and Eq.6.6 for damage prediction,

which is due to the inherent use of the i.i.d assumption. In computing the posterior proba-

bilities P (c|V)’s 3, many often a numerical close-to-zero probability value emerges, which

is not a result of that the likelihoods ofxm’s, p(xm|c)’s, are close to zeroes simultaneously,

but is due to a fact that only a few or even one of the likelihoods approach to zero. This re-

sults in problematic class membership prediction in practice. For example, suppose that an

urban building in bitemporal images hasM detected regions, among them only one region

is visually identified asmajor damageand all other regions are identified asminor damage

. Therefore, an empirically determined damage label for this building by an analyst may

be minor damageor moderate damagebut should not bemajor damage. Qualitatively,

suppose the damage feature vector set isV, andxm is the feature vector extracted from

the only major-damage region. The likelihoods of the feature vectorxm extracted from the

only major-damageregion may have the following strong inequality relations:

0 ≃ p(xm|c = 1)≪ p(xm|c = 2)≪ p(xm|c = 3)

and the likelihoods for all other feature vectorsxm′ (m′ 6= m) have the relations:

p(xm′|c = 1) > p(xm′|c = 2) > p(xm′ |c = 3) > 0

By plugging these quantities and relations into Eq.6.5 and Eq.6.6, one can obtain that

p(c = 1|V) ≃ 0 as well asp(c = 2|V) > 0 and p(c = 3|V) > 0 – a direct result

sincep(xm|c = 1) nears zero. This indicates in such a particular case that theclassifier

almost surely generates an erroneous prediction, which is opposed to visual experience in

manually identifying structural damage.

3In fact, P (c|V) is not directly computed but obtained through a normalization step: P (c|V) =
[
∏

m p(xm|c)P (c)] / [
∑

c

∏
m p(xm|c)P (c)].
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6.2.3 Voting-based Classification

The defect found in the above is inherently caused by the use of the i.i.d assumption

for xm’s conditional on a damage level, which leads to the product ‘
∏

’ notation in Eq.6.5.

Actually, this i.i.d assumption is not strictly applicable. In general, an i.i.d assumption is

appropriate when multiple signals (feature vectors) are measured carrying different degree

of uncertainties for the same object at different times or locations, but the object has only

one latent ‘true’ state (e.g. class label). This is not the case in identifying damage levels

for individual urban buildings in images – within the image domain of a building, different

regions usually display different damage levels.

In fact, when we visually identify the degree of structural damage of urban buildings, a

categorical damage level is determined by collectively inspecting the damage levels of dif-

ferent sub-regions in the image domain, and the damage levelthat dominates among all the

inspected sub-regions is selected. This was used as a guideline in performing manual urban

damage classification for individual buildings. For example, the meaning ofminor damage

refers to a damage level at which the structural integrity characteristics are preserved in

most of the image domain of the building in the post-event image. The meaning of ‘moder-

ate damage’ may refer to a damage level at which a building sustains partial collapse, i.e.

a small part of the building has a level of ‘major damage, the remaining part has a level of

‘minor damage’. This suggests that given multiple region-based damage feature vectors

associated with the same building, the classification should bevoting-based. For example,

if the majority of the detected regions are classified with a damage level ofminor damage,

then the damage level of the urban building of interest may beassigned withminor damage

– such a classification scheme corrects the qualitative example in the previous subsection.

To construct a voting-based classification scheme, a counting notation is first intro-

duced. Givenxm extracted from themth region, following the Bayes rule, its most probable

damage level is

c∗m = arg max
c
P (c|xm) (6.7)

With the damage prediction for all the detected regions, we define a counting notation as

n(c) =
M∑

m=1

δc∗m,c (6.8)
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whereδc∗m,c = 1 when and only whenc∗m = c otherwise 0. Basicallyn(c) counts the

number of the detected regions in the target building that have a damage level ofc. With

this notation, the classification for the target building is:

c∗ = arg max
c
n(c) (6.9)

One may be concerned about that the voting-based classification lacks a probability

sense that backs a decision making process by providing a confident measure. In a Bayesian

way, this confident measure is in the form of posterior probability. Herein, we go back to

the frequentist domain by defining an empirical probabilityfor the selected damage level,

which is

P e(c|V) =
n(c)∑
c′ n(c′)

(6.10)

6.3 Learning Mixture of Locally Linear Subspaces

6.3.1 Selection of Base Classifier

With the previous voting-based classification scheme, it can be seen that damage clas-

sification for individual detected regions in Eq.6.7 is the key. As indicated in Eq.6.7, this

is a regular classification problem given the training data in Eq.6.4 and unlabeled feature

data{xm}. Such a classifier used in the voting-based classification scheme is termedbase

classifier.

To select a base classifier, consideringP (c|xm) ∝ p(xm|c)P (c) ∝ p(c|xm) whereP (c)

is treated as a fixed constant, one may stick to the previous generative modeling approach

by making a strong assumption for the distribution type ofx, e.g. fitting a parametric

Gaussian mixture model forp(x|c). However, it was mentioned in the preliminary study

presented in Section6.2.2, that much efforts have to be committed in tuning the model com-

plexity and the EM-based parameter estimation in any Gaussian mixture model learning.

In addition, one may use a discriminative classification method as a base classifier, e.g. the

simple K-NN classifier or those with excellent generalization property such as SVM (with

multi-class extension) or mRVM. Particularly, the mRVM classifier used in Chapter 4 can

be applied in this case if the damage classification is implemented in practice. However, by

using any discriminative classification approach, the modeling of x conditional on the class



158

labels is not pursued. This is not a drawback since the objective is usually to obtain the best

classification performance; but the insights are not shed about the intrinsic structure or the

statistical distribution of the data.

With the use of the region-based damage feature extraction based on natural imagery

data, there is no existing knowledge about the intrinsic structure or the statistical dis-

tribution of the data. The high-dimensional feature vectors probably contain a lower-

dimensional geometric embedding; if so, (nonlinear) dimensionality reduction should be

used in principle before applying a practical classifier. Therefore, the focus in this chapter

is on two dual aspects:

(i) the evaluation of the performance of the proposed region-based damage feature vec-

tors

(ii) the exploration of the intrinsic structure of the feature vectors

6.3.2 Mixture of Locally Linear Subspaces (MLLS)

In this study, an alternative generative modeling approachis proposed, which is a man-

ifold approximation-based modeling ofx at different damage levels. As the formulation

proceeds as follows, one may see that this approach can provide an interrogation approach

to exploring the nature of the data as well as acting a base classifier.

First, it is important to realize that the posterior class membership probabilityP (c|xm)

can be modeled as an univariate Gaussian function:

P (c|xm) =
1

Λ
exp

[
−d

2
H(xm,Mc)

σ2

]
(6.11)

whereΛ is a normalizing constant that guarantees
∑

c P (c|xm) = 1 andσ is a constant

scale for allc ∈ C
Eq. 6.11 may be also interpreted as a similarity quantity ranging from 0 to 1, which

expresses a commonly used way for converting a distance measures to a similarity mea-

sures. The embedded distance measure in Eq.6.11 is dH(xm,Mc), which measures the

distance between a feature vectorxm to a modelMc – a non-probabilistic yet generative

model that characterizes the intrinsic geometry of a general object of a certain type (noted

by the subscriptc), which in this case is a model for an abstract object with a damage level
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c. Postponing the interpretation ofdH(·, ·) andMc, we take logarithm on both sides of the

Eq.6.11, then an equivalent multi-level classification to Eq.6.7 is obtained:

c∗m = arg min
c
d2

H(xm,Mc) (6.12)

Therefore,, the problem of evaluatingP (c|xm) becomes formulating a distance measure

dH(xm,Mc), which in turns needs to construct the structural damage-level modelsMc’s

first.

Manifold Approximation

The mathematical notation for a modelMc that characterizes the intrinsic geometry of a

certain object ismanifold, and its definition has been presented in Section2.3.2of Chapter

2. In general, letθ ∈ R
d (d ≪ D) be the intrinsic parameter ofMc, andx̂ be the recon-

structed data point aŝx = Mc(θ) in the manifold subspace ofR
D. Given an arbitrary data

point xm ∈ R
D and the manifold modelMc, the distance measuredH(xm,Mc) denotes

a point-to-manifolddistance, which is generally defined as the so calledL2−Hausdorff

distance (Munkres, 2000). If x̂m = Mc(θ
∗) has the minimalL2 distance toxm, then

theL2-Hausdorff distancedH(xm,Mc) reduces to theL2 distance in the Euclidean space

betweenxm andx̂m, i.e. dH(xm,Mc) =‖ xm − x̂m ‖. Alternatively, the particular low-

dimensional data pointθ∗ can be viewed as a (nonlinear) projection ofxm ontoMc. Hence,

given a manifold model learned from the data, if an explicit projection operator is known,

the point-to-manifold distance computation becomes straightforward.

Some popular nonlinear manifold learning methods are introduced in Section2.3.2of

Chapter 2, such as the LLE method and the ISOMAP method proposed in Saul and Roweis

(2003) andde Silva and Tenenbaum(2003), respectively. A common feature of these non-

linear methods is that they seek asingle low-dimensional coordinate system or intrinsic

parameter space that maps input high-dimensional data points to low-dimensional data

points. However, the associated nonlinear mapping does notpossess an explicit paramet-

ric projection operator. Although some cures for this problem, also termed ‘out-of-sample

extension’, have been reported by means of some nonparametric methods in the literature

(e.g.Bengio et al., 2004), the computation is usually extensive. This lacking of a straight-

forward projection operator in these nonlinear manifold learning methods directly leads to

the difficulty in formulating the point-to-manifold distancedH(·, ·).
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As opposed to the difficulty in out-of-sample extension affiliated to the nonlinear man-

ifold learning methods, the traditional PCA method has an explicit, linear and parametric

projection operator. Given the pointxm, the projected data is simplyym = PT (xm− <

x>), whereP contains the firstd(d ≪ D) principle eigenvectors and< x> denotes the

sample mean vector computed over all the input feature vectors; and the reconstructed data

x̂m is Pym. However, the PCA method, if viewed as a manifold learning solution, usually

fails in characterizing the underlying intrinsic nonlinear structure due to the linear nature

of the projection and reconstruction operators of PCA.

In order to retain the simple projection and reconstructionin PCA and to characterize

the intrinsic nonlinear structure of a manifold, it is reasonable to decompose a manifold

Mc into a mixture ofL simpler disjoint manifolds, and each of these disjoint manifolds is

further approximated by a locally linear subspace, denotedby Sl. The resultingmixture

of locally linear subspaces(MLLS) is hence an approximation to the underlying nonlinear

manifold. Each linear subspace is obtained by performing local PCA, which is represented

by an affine plane spanned by the principle eigenvectors. Therefore, the merits of PCA in-

cluding the explicit projection and reconstruction operators can be conducted locally based

on the individual components of a MLLS model. The idea of approximating a nonlinear

manifold by a collection of disjoint subspaces is not new. Inthe vision literature, many

recognition problems have advocated the use of local linearsubspaces to approximate

the nonlinear appearance manifolds (e.g.Murase and Nayar, 1995; Kambhatla and Leen,

1997; Lee et al., 2005; Fan and Yeung, 2006).

To illustrate this idea, in Figure6.1, the manifoldMc(θ) is illustrated as a ‘curve’

(may be imagined as a curly hyper-surface) embedding in a high-dimensional spaceRD,

which has an intrinsic structure parameterized byθ ∈ R
d. A number of linear subspaces

S1,S2, · · · are illustrated; one can see that the union of these subspaces approximate the

underlying manifold.

Intrinsic Dimensionality Estimation

Prior to seeking any nonlinear manifold learning or manifold approximation methods,

the estimation of the intrinsic dimension is necessary. Generally, if the estimated intrinsic

dimensionality is close to the dimension of the input data space, it indicates that no gains
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Figure 6.1: Illustration of nonlinear manifold approximation by linear subspaces, and
the approximation of point-to-manifold distances by point-to-subspace distances, where
dH(xm,Mc) denotes the true distance fromxm to Mc anddH(xm,Sl)’s denote the point-
to-subspace distance.

can be achieved from the use of manifold-based modeling; instead, a probabilistic modeling

approach may be more applicable.

There are quite a few methods available for this purpose. Thesimplest one may be the

PCA method – select a numberd such that the firstd principle eigenvectors can preserve

a large percentage of the information (e.g.90%). However, PCA method is usually in-

sufficient in capturing the nonlinear stucture in the data. Besides the eigenspace method

(e.g. PCA method), geometric methods exist, such as those based on nearest neighbors. In

this dissertation, we adopt the maximum likelihood method proposed byLevina and Bickel

(2005). This method is derived by applying the principle of maximum likelihood to the dis-

tances between close neighbors, and an estimator of intrinsic dimension is formulated by a

Poisson process approximation. As will be seen in the numerical experiments conducted in

the following, this is an additional interrogation approach to exploring the intrinsic struc-

ture of the data.

6.3.3 Related Work in Learning MLLs

The crux of learning a MLLS model from a high-dimensional vector setX is based on

finding the least number of disjoint clusters of data points.Subsequently, multiple runs of
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local PCA are conducted over these clusters, and the principle eigenvectors are selected

as the orthogonal bases of the subspaces. In the following, we first address the clustering

problem.

Formally, the clustering problem is to partitionX intoL subsetsXl’s, which satisfy

X =
L⋃

l=1

Xl

Xl

⋂
Xl′ = ∅,∀l 6= l′

K-means Clustering

The method that is most often utilized to perform clusteringtowards learning local

mixtures of linear models is probably the iterative K-meansmethod (e.g.Lee et al., 2005;

Fan and Yeung, 2006). A K-means clustering generates clusters by measuring thedistances

of individual points to the centroids, and iteratively re-assign the data points with new

memberships and then update the centroids. Two drawbacks are usually found in running

K-means clustering. First, the number of clusters have to bespecified manually. Second,

the linearity property over the clustered data points are not guaranteed.

Different distance measures can be utilized in a K-means method, such as the Euclidean

distance, the city-block distance, and the Geodesic distances (which is introduced in the

next). By using Euclidean distances, it ignores the intrinsic geometry of the data and col-

lects spatially nearby points into a cluster. If geodesic distances are used, the intrinsic

geometry is respected; however, since the number of clusters is manually selected, linear-

ity can not be guaranteed either.

The K-means method is attractive in the case that the intrinsic geometry of the embed-

ding manifold underlyingX is very complex or (in some sense equivalent to) considerable

randomness exists in the data. In this case, the sample points inX do not contain a low-

dimensional manifold embedding. The iteratively obtainedclusters from using K-means

may provide semantically meaningful characterization of the data and a robust basis for the

subsequent PCA computing.
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Maximal Linear Patch Searching

One of the prominent principles in manifold learning for exploring the intrinsic struc-

ture of high-dimensional data is to preserve the pair-wise geodesic distances between the in-

put data points, which is the technical basis in the popular ISOMAP method. The geodesic

distance between two points measures the shortest path overthe manifold. Given a set of

data points, first, the pair-wise Euclidean distancesDE(xi,xj)’s in the input space is com-

puted. Subsequently, a weighted neighborhood graphG(xi,xj) is constructed, in which

every data pointx in X is viewed as a vertex and is connected with itsK nearest neigh-

bors, andG(xi,xj) is equal toDE(xi,xj) if xj is xi’s one ofK neighbors, otherwise

G(xi,xj) equal to zero.

Given the distance graphG, a shortest-path algorithm can be employed to estimate the

shortest distance in the graph between its vertices; the resulting shorted paths provide good

estimates of the ‘true’ geodesic distances between two points, denoted byDG(xi,xj)’s.

In this dissertation, the famous Dijkstra’s shortest-pathalgorithm is used for this purpose

(Dijkstra, 1959).

It is worthy noting that in the resulting Euclidean distances and the geodesic distances

haveDG(xi,xj) ≥ DE(xi,xj), and the equality holds only whenxj is a neighbor ofxi

(DG(xi,xj) is not symmetric in general). In addition, the points in a neighborhood are

considered lying on a linear patch. Therefore, it can be reasoned that if one relaxes the

linearity criterion in a neighborhood-based linear patch slightly, and search the neighbor-

ing points according to the distance graphG, a larger linear patch may be formed; a linear

patch becomesmaximalwhen a relaxed linearity criterion is broken. A simple linearity cri-

terion can be set by evaluating the following inequality, i.e. the ratio between the geodesic

distance and the Euclidean distance is greater than a threshold:

DG(xm,x)

DE(xm,x)
> η∗

wherex is a point that is already placed in the linear patch, andxm is a point that is a

neighbor of any point in the patch.

Recently, an ‘one-short’ algorithm without resorting to iterative clustering was pro-

posed inWang et al.(2008) based on the aforementioned idea. This algorithm is designed

in a sequential manner by randomly selecting a seed point, searching a maximal linear
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patch (MLP) until the linearity criterion in the above breaks, and repeating the previous

seed-selection and MLP-searching steps until all the data points find their affiliated MLPs.

This MLP searching algorithm is proved effective in our dissertation research by testing

on data with simple intrinsic manifold structure. However,two major disadvantages of this

algorithm are recognized. First, this algorithm generatesa large number of small patches.

Small patches do not tend to violate the linearity criterion; however, it is not favored since

it leads to a biased eigenvector system towards representing the linear subspace. It is found

that in the following two situations the algorithm generates small patches:

• Very often, due to the sequential nature of the algorithm, a newly selected seed point

may find that all or part its neighbors have been included in the existing MLPs. This

results in, as observed inWang et al.(2008), that the MLP algorithm “benefit the

patches earlier computed” and “those computed later might have smaller size”.

• Isolated points or components exist in the distance graphG if the number of the

nearest neighbors is not large enough. For example, for an isolated point, i.e. no

other points in the graph treat the pointxj as a neighbor4, if it is selected by chance

as a seed point, it forms a small linear patch containing onlyits neighbors; if it is not

selected, it remains as a singleton in the resulting searched MLPs.

Secondly, this algorithm is not heuristically optimal in case that the data does not have

deterministic low-dimensional structure but can be probabilistically fitted. For example, the

data may be fitted well by a Gaussian mixture model. In this case, the previous K-means

clustering should be preferred to any linear subspaces searching methods. This indicates

that besides the searching for linear subspaces, an improved method for learning MLLS

should accommodate this situation.

6.3.4 Multi-thread MLP Searching

The proposed algorithm for learning a MLLS model is inspiredby both the merits

and the shortcomings of the traditional K-means and the MLP searching algorithm. This

improved approach features a multi-thread version of the MLP searching algorithm, which

4For an isolated pointxj , the geodesic distancesDG(xi,xj) =∞,∀i 6= j.
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searches MLPs at multiple faraway seeds in a pseudo-parallel manner. This mechanism po-

tentially mitigates the drawback of a sequentially performed single-thread MLP searching

algorithm. In addition, after the multi-thread MLP searching, a merging step is added for

small MLPs, which is essentially a K-means clustering step.As mentioned earlier, despite

the small MLPs satisfy the specified linear criterion, however, if the data points affiliated

to such a MLP is too less, it prevents from extracting a meaningful local linear subspace.

Therefore, it is necessary to merge small patches to larger patches. In the following, the

major steps of this algorithm are summarized.

1. Prepare Input and Parameters:Compute pair-wise Euclidean distance matrixDE

for theN input data points, construct distance graphG usingK nearest neighbors

for each point, and generate the geodesic distance matrixDG based onG; select the

linearity criterion thresholdη∗, which is a number slightly greater than 1; pre-define

the number of threadsnt in MLP searching, which can be a varying number at each

run;

2. Multi-thread MLP Searching:

2.1) Select multiple seeds:Given a pre-defined thread numbernt, randomly select

n2 = round(nt

2
) (rounded to an integer) input data indicesi1, · · · , in2 ; then

find their most faraway points according to the geodesic distance matrixDG,

denoted byj1, · · · , jn2 . The seeds are selected from the firstnt index numbers

from i1, j1, i2, j2, · · · ;

2.2) MLP searching at each seed:The MLPs are searched at these seeds sequen-

tially but independently, as in a ‘single-short’ MLP searching presented earlier;

2.3) De-overlapping: Since the MLPs are searched independently, there may exist

points that lie in more than one patches, which are re-assigned to the patches

whose seed points have the shortest geodesic distances to these ambiguous

points.

2.4) Repeating: This multi-thread MLP searching procedure is repeated by going

back Step 2.1) until all the input data points are assigned tothe MLPs.

3. Merging: After the above multi-thread MLP searching, small MLPs willemerge.

In this proposed algorithm, the MLPs that have less than a minimal number of data
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points are enforced to merge their points into the other large patches (major MLPs).

To do this, a K-means clustering step is conducted over the points with the data

points in the small MLPs. First, the centroids are selected for the major MLPs as

the mean vectors; then data points in the small MLPs are re-assigned to the major

MLPs according to their distances to the centroids. Secondly, the the centroids are

re-calculated, the re-assignment is conducted again. These two steps continues until

no new re-assignments are necessary.

Parameter Selection

In the above procedure, several parameters are user-defined:

• The number ofK nearest neighbors in preparing the distance graph and computing

the geodesic distance matrix. This number reflects the locallinearity (or nonlinear-

ity) across the data samples. In principle, it is related with the dimension of the data

in the input space, the intrinsic manifold dimension, and the geometric complexity

of the data, hence making the selection a hard problem. For example, a too largeK

number will render the neighborhoods carrying too much nonlinearity violating the

local linearity assumption; whereas a too small value ofK leads to a large number of

isolated points in the distance graph (i.e. the largest component in the graph do not

contain all the data points). In this dissertation, we develop an adaptive procedure for

computing the distance graph, which outputs aK∗ number that corresponds to the

smallestK based on which the constructed distance graph has only one component

containing all the data points. This numberK∗ is over-estimated and the neighbor-

hoods based on it may violate the linearity assumption. Therefore,K∗ is used as an

upper-bound value.

• The linearity criterion thresholdη∗. To select this threshold, one may plot the ratios

of the geodesic distances between the Euclidean distances for each point, i.e. plotting

DG(i, j)/DE(i, j), ∀j = 1, 2, · · · , N . An empiricalη∗ can be specified by observing

these plots. It is worth noting that by using a too largeη∗, the MLPs independently

searched tend to be much overlapped; therefore the subsequent de-overlapping in

Step 2.3 will reassign the affiliation of the ambiguous points according to the dis-

tances of these points to the seeds. Besides the last merging step, this is also a feature
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of K-mean clustering.

• The number of seeds during each multi-thread MLP searching step. This number can

be varying. In the first few runs of searching, one may use a relative large number

(e.g. larger than three); and in the remaining searching runs, a single seed or only

two seeds can be selected.

• The least number of data points in selecting the small MLPs tobe merged to the

major MLPs. This number should be appropriate in accommodating the local PCA

analysis. Usually, it should be large than the dimension of the dataD.

6.3.5 Approximation of Point-to-Manifold Distance

Point-to-Manifold Distance

When the MLPs are obtained, PCA can be conducted locally over the individual MLPs.

Suppose that there areL MLPs. For each MLP, the principle eigenvectors are selectedas

orthogonal bases to construct the subspaces, dented byPl = [e1, e2, · · · , ed] (d ≪ D).

The dimension of the linear subspaces should be identical with the intrinsic dimension of

the manifold in order to be geometrically consistent with the manifold, which indicates that

the number of the principle eigenvectors from the local PCA analysisd, should be same as

the intrinsic dimension. The intrinsic dimension is obtained by running the aforementioned

MLE-based intrinsic dimensionality estimation approach (Levina and Bickel, 2005).

Given the local subspaces and their representation,dH(xm,Mc) can be sought by find-

ing the minimal of the distances from the pointxm to the subspacesSl’s that are also the

L2−Hausdorff type distances, denoted bydH(xm,Sl)’s:

dH(xm,Mc) = arg min
l
dH(xm,Sl),∀l = 1, 2, · · · , L (6.13)

= arg min
l
‖ xm,−x̂Sl

m ‖ (6.14)

Based on the previous discussion about projection and reconstruction in PCA, the projec-

tion of xm on Sl can be easily found as well as its reconstruction. Denotex̂Sl
m as the

reconstruction ofxm, then the point-to-subspace distance in Eq.6.13can be reduced to a

point-to-pointL2 distance as expressed in Eq.6.14.
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A potential problem arises, however, due to the non-compactnature of the subspace

representation by means of orthogonal eigenvectors. In Figure6.1, we illustrate this situ-

ation: the underlying nonlinear manifoldMc parameterized by low-dimensionalθ is ap-

proximated by a collection of piece-wise linear subspaces,a true point-to-manifold dis-

tance betweenxm andMc is found by projectingxm on Mc at θ∗. It is visioned that the

true point-to-manifold distance may be replaced bydH(xm,S3) as suggested in Eq.6.13.

When Eq.6.14is used, which converts the point-to-manifold distance to point-to-pointL2

distance between the pointxm and its reconstruction in different subspaces. However, due

to the infiniteness of the orthogonal representation of the linear subspaces, one may find

that in Figure6.1 the distance‖ xm − x̂S4
m ‖ may be less than‖ xm − x̂S3

m ‖, therefore the

former is mistakenly used to approximate the point-to-manifold distance computation. In

this dissertation, a fix is proposed to evaluate the point-to-subspace distance as follows.

Denote a target subspace byS, and the data points in the MLP that are used to perform

PCA are{x1,x2, · · · ,xJ}; and the out-of-sample point isxm. For the MLP points, their

reconstructed points are denoted by{x̂1, x̂2, · · · , x̂J}, which lie in a finite subdomain in

the subspace. Denote the reconstruction ofxm is x̂m; therefore, ifx̂m also lies in the

subdomain, theL2 distance‖ xm,−x̂m ‖ in Eq. 6.14can be used as the estimated point-

to-subspace distance fromxm to S. However, this does not always happen as illustrated in

Figure6.1. Denotedj as aL2 distance betweenxm andx̂j as‖ xm − x̂j ‖, andhj as aL2

distance between̂xm andx̂j as‖ x̂m − x̂j ‖, then a weighed-averaging point-to-subspace

distance is obtained by

d̄H(xm, S) =
1

A

J∑

j=1

dj exp (−h
2
j

σ2
)

where A =
J∑

j=1

exp (−h
2
j

σ2
) (6.15)

This weighted-averaging can be interpreted as follows. First, one can treat1
A

exp (−h2
j

σ2 ) as

the probability that the reconstruction̂xj is identical tox̂m, or equivalently, the probability

that the pointxm lies in the same MLP asxj. With this probabilistic setting, the estimate

of the point-to-subspace distancēdH(xm, S) is an expectation operation fordj. In the

experiments of this chapter, the parameterσ is taken as a value smaller than unity such that

the probability thatxm lies in the MLP increases significantly ashj approaches to zero,
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which favors the case when thexm is drawn from the same compact subspace as the other

MLP points.

6.3.6 Validation

In this subsection, we validate the proposed multi-thread MLP searching algorithm

based on two artificial data sets – the popular Swiss-roll example and a realization of multi-

mode Gaussians. As a critical component of learning MLLS, the local PCA are straightfor-

ward and the same as in other regular PCA computing. Therefore, only multi-thread MLP

searching is validated.

Swiss-roll Example

The Swiss-roll is a 2-dimensional nonlinear embedding in aR
3 space. In this val-

idation experiment, we simulate a Swiss-roll consisting of2000 data points with noise

contaminated. By running the MLE-based intrinsic dimensionestimation, the estimated

dimensionality is1.98.

In Figure6.2(a), a clustering result based on the pair-wise Euclidean distance is shown,

where the number of clusters is manually set as five. A typicaldefect of this type of clus-

tering can be identified easily: most of the clusters includedata points from geodesically

faraway locations, which indicates that the underlying manifold embedding is totally ne-

glected by this method.

In Figure6.2(b), geodesic distances are used wherein the number of nearest neighbors

is 12. It is interesting to note that the obtained clusters are compatible with the underling

intrinsic structure of the Swiss-roll. However, the problem is that the obtained patches ex-

tend significantly in the manifold subspace; and linearity fails over the patch. This implies

that it is not appropriate to conduct PCA over these clusters.

Subsequently we utilize the MLP searching algorithm. In Figure6.3(a), a single-shot

MLP searching is performed. One may see a large number of MLPs(totally 73) are gen-

erated rendering the illustration hard to inspect. During the MLP searching, the linearity

threshold rationη∗ is set as 1.20. To have the insight of the sequential searching, we list the

number of data points found in the first fifteen clusters sequentially (sine the selection of

seed points are random, the list in the below may vary; nonetheless, it represents a typical
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Figure 6.2: Clustering a Swiss-roll using K-means: (a) usingEuclidean distance (b) using
Geodesic distance.

result):

[305 , 245 , 251 , 63 , 313 , 74 , 2 , 15 , 4 , 131 , 3 , 34 , 196 , 6 , 22]

One can see that the major MLPs are not found during the few runs of searching; instead,

they emerge randomly in the process. It is noted that the small MLPs appearing in the first

few runs is not because they do not belong to any large MLPs, but due to the sequential

nature of searching based on a single randomly selected seed.

Multi-thread MLP searching and merging is performed as shown in Figure6.3, where a

total of seven MLPs are obtained. The number of threads during the searching is5, 3, 2, 2, · · · ;
accordingly, multiple MLPs are found based on the maximallyfaraway points as seed

points in each run. During merging, the least number of clusters is set as 50, and any

small MLPs that have less than 50 points are merged into the larger MLPs. As can be seen

from the figure, the obtained MLPs respect the manifold embedding geometry, meanwhile

provide good basis for PCA computing. To compare with the single-short searching, we

list the typical number of points in the first fifteen searchedclusters prior to merging:

[269 , 205 , 239 , 305 , 227 , 249 , 24 , 5 , 14 , 4 , 4 , 17 , 14 , 38 , 31]
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Figure 6.3: MLP searching over a Swiss-roll data set using: (a) a single-thread searching of
the MLPs, in which disjoint 73 MLPs are found; (b)the multi-thread MLP searching plus a
merging step, where seven MLPs are rendered in different colors.

Obviously the major MLPs are recognized in the fist few runs, which is an advantageous

feature due to the selection of multiple faraway points as seeds.

Multi-mode Gaussian Example

Another validation experiment is conducted by means of a synthetic multi-model Gaus-

sian sample. In Figure6.4(a), 2000 simulated 2D multi-model Gaussian data points are

shown, which clearly display a three-mode Gaussian distribution in R
2. By running the

MLE-based intrinsic dimension estimation algorithm, the estimated dimension is2.03.

This indicates that there is no deterministic lower-dimensional embedding in the data.

In this experiment, multi-thread MLP searching and mergingis directly used. The near-

est neighbor numberK is 12, the number of threads during the searching is3, 2, 1, 1, · · · ,
the linearity threshold rationη∗ is set as 1.20, and the minimum number of data points for

the major MLPs is set at 60. In Figure6.4(b), the five major MLPs before the merging

step are illustrated, which have109, 81, 78, 64 and76 data points. One may see that even

with the relaxed linearity criterion (i.e.η∗ = 1.2 > 1 ), the resulting major MLPs are rel-
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Figure 6.4: MLP searching over a multi-model Gaussian sample: (a) the simulated data
points; (b) the selected five major MLPs before the merging; (c) the MLPs after the merg-
ing; (d) the clusters obtained from the direct use of K-meansclustering using geodesic
distances.
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ative small. This is because that there is not an intrinsic structure clearly embedded in the

input data. After performing the merging step, which is a K-means clustering step based

on pair-wise geodesic distances conducted over the remaining 1592 data points, the final

MLPs are obtained, which are shown in Figure6.4(c). In Figure6.4(d), a typical result

from the direct use of K-means clustering is displayed, which is conducted based on pair-

wise geodesic distances over the complete2000 data points. Comparing to Figure6.4(c)

and Figure6.4(d), one may conclude that there is no obvious benefit from theuse of the

proposed MLP searching and merging algorithm.

6.4 Structural Damage Classification

In Chapter 4, multi-level, probabilistic damage classification experiments were con-

ducted. First, it was found that very low classification accuracy was obtained in recognizing

moderate-damaged buildings, which was attributed to strong uncertainties in defining the

moderate-damaged buildings during preparing the trainingdata. Therefore, the moderate-

damaged buildings were actually treated as ‘uncertain-damage’ buildings. In the following,

we will still use three levels of structural damage, and thisuncertain damage level is still

termed asmoderate damagefor convenience.

Secondly, much attention was paid to the relative low accuracy in recognizing the

minor-damaged structures. It was reasoned that the low accuracy is primarily due to the

significant image distortions and their variations betweenthe bitemporal images. In Chap-

ter 5, a region-based damage feature extraction method is proposed, which is expected to

overcome the image variations in order to achieve better performance in recognizing minor-

damage buildings. In the experiment conducted below, we attempt to validate this damage

feature extraction method by using the MLLS learning and thevoting-based multi-class

classification method developed in this chapter. Another objective of this numerical study

is to explore if there is lower-dimensional structure in theobtained damage feature vectors.
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6.4.1 Input Data and Damage Feature Extraction

Input Data

The bitemporal images in Figure4.6used in Chapter 4 are still used as the training and

the testing data in the experiment below. Note that the images are actually the bottom-left

‘1/4’ portion of the original imagery data of Banda Aceh 2004 images in Figure1.8.

To illustrate a large-scale image-based urban damage identification problem, herein we

show all the other three portions of the bitemporal images, which are the upper-left, the

upper-right, and the bottom-right in Figure6.5, 6.6 and6.7, respectively. Among these

images, in total 1122 urban buildings are extracted.

Damage Feature Extraction

Region-based damage feature extraction is conducted for allbuildings according the

procedure outlined in Chapter 5. Recall the global damage feature vectors lie in a subspace

of R
30. Subsequently, the buildings confined in the bounding box inFigure4.7 are used

to generate the training data. When the damage feature vectors are computed, the damage

feature vectors affiliated to the minor-damaged buildings are collected to form a training

data set according to the idea in Section6.2.2, denoted asX tr
1 , which contains 1705 feature

vectors; similarly, the data setsX tr
2 andX tr

3 are obtained by collecting damage feature

vectors from the moderate- and the major-damaged buildings, which contain 1142 and

1823 damage feature vectors, respectively.

6.4.2 Learning MLLS and Damage Level Prediction

Prior to conducting the MLLS learning over the training datasets, an intrinsic dimen-

sionality estimation step is performed, which yieldsd1 = 16, d2 = 15 andd3 = 15 for

X tr
1 , X tr

2 andX tr
3 , respectively. The three intrinsic dimension numbers willbe used in

the local PCA computing. By comparing with the input space dimensionD = 30, this

is a strong sign that lower-dimensional structures exist inthe damage feature vectors at

different damage levels.

MLLS learning is conducted separately over the training data setsX tr
c (c = 1, 2, 3).

According to the parameter selection discussion in Section6.3.4, the key parameters are
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(a) Pre-event

(b) Post-event

Figure 6.5: Part of bitemporal images of Banda Aceh, Indonesia, which are the upper-right
1/4 portion of the bitemporal images shown in Figure1.8.
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(a) Pre-event

(b) Post-event

Figure 6.6: Part of bitemporal images of Banda Aceh, Indonesia, which are the upper-right
1/4 portion of the bitemporal images shown in Figure1.8.
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(a) Pre-event

(b) Post-event

Figure 6.7: Part of bitemporal images of Banda Aceh, Indonesia, which are the upper-right
1/4 portion of the bitemporal images shown in Figure1.8.
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selected as follows:

• The number ofK nearest neighbors in constructing a distance graph:120;

• The linearity criterion thresholdη∗: 1.30;

• The number of seeds during running the MLP searching: initially 5 seeds are se-

lected, then the seeds are reduces to 3 in the second run; in the remaining searching,

the number seeds are all set as 2.

• The least number of data points in MLPs:10.

With the above parameters,21 MLPs (data clusters) are generated based onX tr
1 , 15

MLPs for X tr
2 , and17 MLPs for X tr

2 . Subsequently, local PCAs are conducted, and the

numbers of local principle eigenvectors based on the obtained MLPs at three damage levels

are taken as: forX tr
c with c = 1, 2, 3, used1 = 18, d2 = 17 andd3 = 17, respectively.

Therefore, the local PCA-based projectors and reconstructor can be obtained. With these

efforts, the intrinsic manifold embedding underlying the three data setsX tr
c (c = 1, 2, 3)

are approximated by the corresponding MLLSs.

Given a test urban buildingV = {x1,x2, · · · ,xm, · · · }, point-to-manifold distances

can be computed according to Eq.6.13 and Eq.6.15. Note that in approximating the

point-to-subspace distances, the Gaussian scale is set as0.5. Subsequently, the damage

prediction for this building can be performed. First a damage level is assigned for each

feature vector inV according to Eq.6.12. Then according to the counting notation defined

in Eq.6.8, the number of predictions for non-collapsed and collapsedare summarized in

a vector[n(c = 1), n(c = 2), n(c = 3)], and the damage level for the whole building is

thereforec∗ = arg maxc n(c) according to Eq.6.9. In this current experiment, the clas-

sification probabilities are not focused. Hence, the empirical decision probability defined

in Eq. 6.10 is not used. With above procedure, damage prediction is preformed for the

input images in this experiment. In Figure6.8, Figure6.10, Figure6.9and Figure6.11, the

damage maps of the upper-left, upper-right, bottom-left and the bottom-right portions are

illustrated, respectively.
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Figure 6.8: Predicted damage map for the upper-left portion: the damage map generated
here is used to evaluate the classification accuracy.
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Figure 6.9: Predicted damage map for the upper-right portion: the damage map generated
here is used to evaluate the classification accuracy.
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Figure 6.10: Predicted damage map for the bottom-left portion: the damage map generated
here is used to evaluate the classification accuracy.
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Figure 6.11: Predicted damage map for the bottom-right portion: the damage map gener-
ated here is used to evaluate the classification accuracy.
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6.4.3 Performance Evaluation

In Figure6.10, the damage map is rendered for the bottom-left portion. Note that the

prediction is also conducted for the buildings for the training, which lie in the bounding box

in Figure4.7. Since the ground-truth damage map for this portion is known(Figure4.7),

performance evaluation is conducted using the buildings outside of the bounding box. In

Table 6.1, the confusion matrix and accuracy values are summarized. Observations are

summarized as follows.

Table 6.1: Accuracy of damage classifications using region-based damage feature extrac-
tion and MLLS-learning and voting-based classification.

Predictions
Minor Moderate Major Summation

Minor 81 2 6 89
Ground Moderate 34 5 32 71
Truth Major 50 12 169 231

81/89 5/71 165/231 (81 + 5 + 165)/391
Accuracy (91.0%) (7.0%) (73.2%) (65.2%)

First, the classification accuracy for the moderate-damaged buildings is still very low.

This again is due to the considerable uncertainties in finding buildings that are moderate-

damaged. The primary reason, as mentioned earlier, is the considerable uncertainties in

labeling this class of urban buildings.

A significant improvement is the classification accuracy in assigning buildings withmi-

nor damage– the accuracy up to91% is observed. Compared to the damage classification

accuracy in Table4.3, where only57.3% was achieved, it can be seen that a significant

performance gain is achieved in identifying minor-damagedbuildings. The fundamental

reason for this gain is due to the use of the region-based damage feature extraction method.

This gain comes with some price. The first is the decrease of classification accuracy

in identifying the major-damaged buildings by comparing with Table4.3. Nonetheless,

the gained performance in identifying minor-damaged buildings is more significant than

its loss in identifying major-damaged buildings. From Table 6.1, it is found that the errors

occur mostly in a form of classifying major-damaged buildings asminor damage, which

is a type of ‘miss’ error. In the following, we give examples of such situation, and attempt



184

to explain it.

The MLLS learning-based classifier is used as the base classifier in the voting-based

scheme. In this study, another base classifier, a weighted KNN is used, and the classifica-

tion results are used as a comparison to the above performance results. In Table6.2, the

classification results are listed. One can see that the classification accuracy values at differ-

ent damage levels have similar trends as reported in Table6.1, with slightly higher accuracy

in classifying moderate-level damage but much lower accuracy in classifying minor- and

major-damaged buildings.

Table 6.2: Accuracy of damage classifications using region-based damage feature extrac-
tion and and the KNN as the base classifier.

Predictions
Minor Moderate Major Summation

Minor 75 7 7 89
Ground Moderate 30 10 31 71
Truth Major 54 46 131 231

75/89 10/71 131/231 (75 + 10 + 131)/391
Accuracy (84.3%) (14.1%) (56.7%) (55.2%)

Examples of ’Miss’ Errors

Herein we attempt to reveal that the matching process used toestablish correspondence

might cause problem, especially in the case of tsunami-incurred damage. By inspecting

the situations where major-damaged buildings are classified minor-damaged buildings, it

is found that major-damaged buildings caused by the tsunamiwave may manifest differ-

ent topographical patterns from the collapsed buildings due to earthquakes. In the case

of an earthquake, collapsed buildings feature non-structured, randomly cluttered intensity

values. However, in the case of tsunami damage, often the independent analysts decided

that if the buildings was surrounded by water, even the survived structural segments of

the buildings remain intact, they are still treated as major-damaged. It occurs often that

when the collapsed buildings and their debris were smoothedby water, and the smoothed

debris or water surface formed false structural roof. In addition, large structural segments

appeared in the image domain of a collapsed structure, whichwas probably transported by
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water from other places. These displaced structural segments may be viewed the structural

segments of the original buildings.

In this case, the analysts tended to recognize this situation and to classified it a col-

lapsed feature. However, since gray-values and the computed gradient-based structural

integrity features are used only, these water-induced false features are extracted and used

as structural integrity features. The following bitemporal images in Figure6.12show these

situations. The building is erroneously classified as ‘minor-damaged’, yet was viewed as

‘major-damaged’ by the analysts based on the inspection of the original bitemporal color

images.

(a) (b)

Figure 6.12: An example of collapsed urban building mis-classified as minor-damaged:
(a) the pre-event building; (b) the post-event building with annotated objects, where ‘A’
represents an preserved structural component surrounded with smoothed debris and water
surface, ‘B’ represents an unknown structural segment, which was likely transport from
other places by the Tsunami wave, and ‘C’ indicates two zones with water-smoothed debris
and false boundaries.

6.5 Summary

Various classification methods are reviewed in this chapterfor classifying damage fea-

tures resulting from the region-based damage feature extraction proposed in the previous

chapter. A relatively novel classification method is used asthe base classifier in the pro-

posed voting-based classification scheme. In fact, many types of classifiers can be utilized;

however, it is difficult to extensively evaluate all the possible classifiers in the literature.
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However, the method presented in this chapter is heuristically optimal in dealing with

naturally generated, high-dimensional feature data. For the data with an unambiguously

defined low-dimensional manifold embedding, the proposed MLLS learning method (i.e.

multi-thread MLP searching and merging) can find an MLLS model to approximate the

manifold. In the case of feature data that are randomly distributed, the proposed method

behaves similarly as the K-means clustering method. Therefore, besides its use as a base

classifier, it also provides a data interrogation approach.However, as a preliminary base

classifier, its drawback is obvious, i.e. many parameters are left to the users.

The major conclusions in this chapter have two aspects:

• The proposed region-based damage feature vectors in the previous chapter are effec-

tive in recognizing minor-damaged urban buildings in bitemporal satellite images.

• The proposed damage feature vectors, which have a dimensionality of 30, have a

lower-dimensional embedding. Therefore, nonlinear dimensionality reduction should

be used prior to seeking more practical classifier.

• More insights are obtained regarding extracting structural features resistent to various

types of image distortions. Future research direction may be implied based on the

current work, which will be further discussed in Chapter 10.
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Components Identified with Digital
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Chapter 7

Image-based Identification of Local

Structural Damage

7.1 Introduction

In Part I, damage feature extraction and classification methods are proposed to iden-

tify structural damage of urban buildings using bitemporalsatellite images, in which the

sizes of objects and the associated structural damage are ina geo-spatial scale. In this

opening chapter of Part II, we introduce another common damage captured in digital im-

ages, which is the local damage of structural components of civil structures. This type

of damage, due to the fundamental difference in scale and topographical patterns, should

be approached differently from those proposed in Part I. In this chapter, a common struc-

tural damage, concrete cracks, is introduced first. Secondly, the image-based identification

problem is formulated, which is summarized as two sub-problems: damage monitoring and

quantification. Subsequently, a framework is presented, which outlines the contents of the

following two chapters.
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7.2 Local Structural Damage in Images

7.2.1 Non-destructive Imaging and Image Analysis

A variety of non-destructive (ND) imaging technologies have been developed in the

non-destructive evaluation community in an effort to detect local structural damage to

civil/mechanical systems or components. These local structural damage include superficial

or internal cracks, inclusion, voids, delaminations, ablations, etc. Recently, ND imaging

techniques have witnessed a large number of successful applications in structural damage

detection and evaluation. The widely used ND imaging devices based on different physi-

cal principles include infrared thermography, microwave imaging, acoustic imaging, x-ray

imaging and other radiography-based methods. Very often, 3D tomography reconstruc-

tion and image analysis can be employed after the imaging in order to extract physical or

geometric quantities that are of engineering interest. In the following, we introduce two

examples in the literature of ND imaging and its use in structural damage detection.

In Figure7.1, a microwave imaging example is shown (Lockwood and Lee, 1997). In

Figure7.1(a), the microwave echo image shows an air void in a concrete structural compo-

nent. Physical models that govern the microwave imaging maybe utilized to characterize

the spatial extent and the physical properties of the void. Alternatively, one can expect that

image processing algorithms may be more handy to extract thegeometric quantities. In

Figure7.1(b), an image reconstruction example is shown, which was built upon multiple

microwave images for a reinforced concrete component.

Figure7.2shows an ultrasonic imaging example for the same mechanicalpart. In Fig-

ure7.2(a) the ultrasonic scan image shows a healthy ring with a texture pattern. In contrast,

Figure7.2(b) shows a delamination damage in the part. In this case, onemay recognize

that given the two images, the detection of the damage may be modeled as a traditional

change detection problem. Geometric quantities can be extracted after the changed area is

detected.

7.2.2 Concrete Structural Damage in Images

From the two previous examples, one may see that structural damage, when projected

onto images, manifest very diverse types of topographical patterns. In the following, we
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(a) (b)

Figure 7.1: Microwave imaging for a concrete structural component: (a) microwave echo
of an air void in a concrete structural component; (b) 3D image reconstruction of rebar in a
concrete structural component (Images courtesy ofLockwood and Lee(1997)).

(a) (b)

Figure 7.2: Ultrasonic imaging for a mechanical part: (a) ultrasonic scan image showing a
healthy ring; (b) ultrasonic scan showing a flawed ring (Images courtesy of G. Baaklini et
al. 2002).
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focus on a common type of structural damage observed in structural engineering – concrete

surface damage, which usually includes cracks and spalling. In Figure7.3, three groups of

image mosaics are shown, which display three typical types of concrete surface patterns. In

Figure7.3(a), the example surfaces all display high-quality finish, whereas in (b), the sur-

faces are characterized by coarse patterns wherein possible spalling damage may exist. In

Figure7.3(c), different concrete surface cracks are collected. Froman image analysis point

of view, the concrete surface in images provides rich and diverse patterns for exploring

different analysis methods.

The primary motivation for studying concrete surface images, however, is due to engi-

neering demands and practice. First, reinforced concrete is the most widely used man-made

material in building engineered infrastructure systems, including residential and commer-

cial buildings, bridges, highways. The occurrence of severe cracks and their propagation is

a strong indication of local damage that may indicate a change in structural integrity (e.g.

softening of the system). To prevent loss of load capacity, the American Concrete Institute

Building Code for structural concrete (ACI Committee 318, 2008) has explicit provisions

for limiting flexural crack widths for concrete structures.Although methods for predict-

ing maximum crack widths based on statistical analysis of experimental data are available

(e.g.Broms, 1965), real crack widths for structural members in service are highly random

due to a variety of factors. These include the highly random mixture of concrete, the en-

vironmental variations, and the operational conditions (Mindess et al., 2002). For concrete

structures exposed to aggressive environments, routine inspection is necessary to assess the

widths and distribution of cracks. This inspection is generally undertaken manually. Due

to the large inventory of concrete bridges, considerable amount of human efforts must be

devoted to periodic bridge inspection (Moore et al., 2001), in which crack inspection is one

of the essential tasks.

Second, in civil engineering, whether in routine maintenance, post-earthquake recon-

naissance or laboratory experiments, optical imaging has quickly become an ubiquitous

media to record and archive structural damage on the exterior of structural systems or com-

ponents. In addition, it happens that for critical structural component, it may be dangerous

to perform routine inspection for personnel. In this situation, multitemporal images (e.g.

video data) may become an advantageous media type to record the possible damage initia-

tion or propagation for the critical component.
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(a) (b)

(c)

Figure 7.3: Topographical patterns of the surface of concrete component (damaged and
undamaged): (a) surface with a quality finish;(b) coarse surface with possible spalling
damage; (c) cracked surface.
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7.3 Problem Definition

In the following, two problems arising from identifying local damage to structural com-

ponents in digital images are defined. It is noted that the twostudies can compose a com-

plete framework for image-based, time-varying local structural damage identification.

Model-based Damage Quantification in Images

The first problem is motivated by the lack in the literature that there is not a model-based

approach of quantifying structural damage in image. In the case of concrete surface images,

many image analysis methods have been investigated in orderto mitigate the human inter-

vention efforts in the the manually preformed crack damage detection (e.g.Ito et al., 2002;

Scheutter, 2002; Abdel-Qader and Kelly, 2003; Zhang and Nagy, 2004; Fujita et al., 2006;

Hutchinson and Chen, 2006). Since cracks are usually photometrically darker as compared

with the background texture and often have elongated 2D shapes, they are usually modeled

as line or edge features in the images. Hence, the previous efforts, gradient, wavelet or

morphology-based operators are usually used to detect concrete cracks in images. A draw-

back in these efforts is that their methods do not provide a model to represent the detected

crack boundaries. Rather the detected cracks are usually stored as unrelated discrete pixels.

In Chapter 8, a model-based approach to quantifying structural damage is proposed. In

this problem, suppose an image of structural damage patternis given, denoted byu(x).

Then the problem is to extract or construct a modelM(x) that can be used to represent the

topographical shape of the damage pattern. The proposed model in Chapter 8 focuses on

modeling the contour of the damage pattern. With this model,geometric quantities that are

used to be hard to extract automatically, for example, the crack width, can be resolved.

Time-varying Monitoring Of Structural Damage Using Images

Given ND images captured for a target structural component,image methods can be

used to quantify the damage patterns in images, such that structural damage can be quan-

titatively assessed. However, this quantification is conducted irrespective of time scales.

Practitioners often desire a temporal measure of structural damage to answer a question,

such as ’when did the damage begin occurring‘ or ’will it continue growing‘? To deal with

these needs, image-basedmonitoringof the potential structural damage may be a solution.
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However, this concept of applying multi-temporal imaging techniques in a monitoring con-

text is rarely investigated by far.

In this problem, we address the temporal occurrence of structural damage in multi-

temporally obtained images, which may be digital images acquired at different times or

video data acquired with a fixed frame rate. Suppose a time series of imagery data is

denoted by{u0(x), u1(x), · · · , }, which represents the multitemporal images captured at

timest0, t1, · · · . The objective is to monitor the status of the topographicalpattern of the

potential damage in the images, and a time-varying damage indicator, denoted byθ(t), will

be pursued.

7.4 Summary

In this opening chapter of Part II, we introduce the concept of image-based local damage

identification by placing it in the context of the traditional field of non-destructive imaging.

In addition, we recognize concrete surface cracks as the focused damage type. Two chal-

lenging problems are recognized and defined in this chapter,which form the objectives for

the following two chapters.



Chapter 8

Application of Level-set Methods to

Structural Damage Quantification

8.1 Introduction

In this chapter, a model-based image analysis method is investigated to detect and quan-

tify a commonly observed damage in structural engineering –concrete surface damage. In

addition to the image mosaics shown in Figure7.3, two examples of large concrete sur-

face images are shown in Figure8.1. In this figure, it can be seen that concrete-surface

objects in optical images display distinct features in terms of their spectral intensities and

their topographical patterns. More specifically, the normal concrete surface generally can

be viewed as a type of texture with lighter intensities, the cracks are usually darker with ap-

proximately uniform intensities, while the spalling is a different type of texture with higher

intensity variabilities. Topographically, cracks in images can be described as spatially elon-

gated ‘narrow’ objects with closed boundaries in the 2D image domain, whereas spalling

usually covers large non-elongated areas of the concrete surface with variable shapes. Due

to these differences between concrete cracks and spalling,different image analysis tools

have to be applied to detect them in the image.

Herein, we focus on cracking damage only. In this study, we apply a state-of-the-art

mathematical image analysis tool, the Chan-Vese active contour model and its level set

representation, for the detection and tracking of concretecracks. An approximate method

based on the level set representation is proposed to extractspatially varying crack widths.
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(a) (b)

Figure 8.1: Examples of concrete surface images: (a) a surface image with a large spalling
area as well as cracks; (b) a surface image with a single crackwith varying crack width.

8.2 Methods for Detection of Concrete Cracks in Images

In this section, we first review the common image analysis methods that can be used

for image-based concrete crack detection in the literature. Second, active contour methods

are introduced. Different from the traditional methods, active contour methods provide an

appealing model-based approach to modeling the shapes of various types of image features.

8.2.1 Common Image Processing Methods

Gradient-based Methods

Since cracks in images manifest strong intensity contrast,they can be treated as edge

features in images. The simplest detection method is to use agradient-based edge detector.

Common gradient-based detectors include the Roberts, Sobel and Prewitt, and the popular

Canny detector (e.g.Gonzalez and Woods, 2002; Canny, 1986).

The approximation of intensity gradients is based on the concept of convolution with

a set of directional derivative masks. In a Canny detector, the convolution is further regu-

larized by a Gaussian filter to account for image noise. With the estimated gradient mag-

nitudes, a user-specified parameter – a magnitude threshold, is usually applied to generate

edge points. The use of a Gaussian filter adds difficulty in selecting its kernel scale op-

timally. It is noticeable that inLindeberg(1996), edge detection with automatic scale
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selection has been proposed.

Wavelet Transform-based Methods

Another approach is based on multi-resolution wavelet theory. Wavelet transform uses

special basis functions, localized in both spatial and frequency domains. Short duration

basis functions can isolate fine variations of image intensity, while long duration basis

functions can isolate coarse variations. Image structures, such as edges, at different scales

are obtained by computing wavelet coefficients at differentresolutions (Mallat and Zhong,

1992). Subsequently, the obtained wavelet coefficients are thresholded to determine image

structures of interest. In addition to choosing suitable threshold parameters, one also needs

to empirically determine the level of wavelet transformations as well as the type of wavelet

basis functions. The burden of determining the parameters in the above gradient-based

or wavelet transform-based detection can be alleviated by applying statistical optimization

analysis (e.g.Hutchinson and Chen, 2006).

Drawbacks

By using gradient-based or wavelet transform-based methods, however, the primary

difficulty lies in the post-processing step. To obtain geometric quantities of interest relative

to structural damage, the extraction must be based on the discrete pixels of detected cracks.

Due to the lack of a model representing these discrete pixels, the post-processing usually

becomes a tedious step with many manual interventions. Thisdifficulty motivates us to

study the contour model-based edge detection methods that are generally defined in the

forms of partial differential equations (PDE).

8.2.2 PDE-based Active Contour Models

The basic idea in active contour models is to evolve a curve subject to constraints in a

given image, and eventually the curve converges to the closed boundary of objects in the

image. Since the invention of the classical active contour model (Kass et al., 1987), which

is also referred to as a ‘snake’ model, many geometric versions have been proposed, such

as the Geodesic active contour model (Caselles et al., 1997). Most of these models are
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derived based on energy functionals, and non-linear PDEs emerge as one formulates the

Euler-Lagrange equations (Chan et al., 2002).

In the expressions for the resulting PDEs, a stopping function is used to stop the curve

evolution, which is usually defined based on image gradients. However, the stopping func-

tion also contains a global scale parameter, which adds a practical burden. Additionally,

since the image gradients are numerically bounded, the stopping function never reaches

zero, which may lead to the evolving curve crossing over the actual object boundary. Fi-

nally, a practical overhead of these active contour models is that the initial contours have

to be set enclosing the target objects. This is a significant disadvantage if one desires an

automate structural damage detection.

In the case of image-based detection of concrete cracks, another cue is that concrete

surface images can be approximated by piecewise, two-phasecartoon images, wherein

the two phases of constant intensities correspond to eithernormal background or cracked

areas. This implication inspires us to use the Mumford-Shahsegmentation model, which

is further extended by Chan and Vese in a level set framework (Mumford and Shah, 1989;

Chan and Vese, 2001). The resulting Chan-Vese active contour model can detect object

boundaries without relying on image gradients, eliminating the need to define a gradient-

based stopping function. The most appealing aspect of the Chan-Vese model is that it has

a level set representation. Compared to other active contourmodels, it offers the following

benefits:

• Automatic handling of topographical merging and pinching of evolving contours;

• Detection of interior contours;

• Initial contours can be anywhere in images.

It is noted that the first two merits of the Chan-Vese model are relevant to concrete crack

detection, since the cracks may bifurcate or circulate in the images. The third merit is valu-

able in a practical implementation context, whereas many other PDE-based active contour

models entail a specific initialization, for example, the initial contour has to encircle the

target object.
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8.3 Chan-Vese Active Contour Model and Level Set Rep-

resentation

8.3.1 Formulation

In this, we follow the original work of Chan and Vese (Chan and Vese, 2001) with slight

notation changes. Suppose an original concrete surface image is denoted byu(x) defined

in a 2D domainΩ; an evolving curve attempting to locate objects of interestin the image

is denoted byΓ; one further denotes the open sub-domains inside and outside of Γ by Ω+

andΩ−, respectively. The Chan-Vese functional is:

E[c1, c2,Γ | u(x)] =

∫

Ω+

|u(x)− c1|2dx +

∫

Ω−

|u(x)− c2|2dx + µ|Γ| (8.1)

wherec1 and c2 are the average intensities across the inside (Ω+) and the outside (Ω−)

regions,|Γ| denotes the length ofΓ, andµ is the associated length scale. Generally,µ|Γ| is a

regularization item in the above functional, and the parameterµ controls the smoothness of

the curve. The time-dependent (a pseudo-computational time will be introduced in evolving

Γ) constantsc1 andc2 vary as the curve evolves inu(x).

The mechanism that the Chan-Vese functional can be used to represent an object’s

contour may be understood from the following illustration.In Figure8.2, a cartoon image

showing an S-shape object is illustrated. Note that the image has only two phases (denoted

by c1 for the interior phase andc2 for the exterior phase). It is easy to see that only when

the dynamic contourΓ(t) reaches the trueΓtrue is the Chan-Vese functional minimized.

8.3.2 Level Set Representation

In deriving the Euler-Lagrange equations of Eq.8.1using variational formulation, Chan

and Vese introduce the use of level set representation. A level set method is a general tech-

nique for evolving curves (surfaces) that undergo complex topographical changes such as

merging and pinching (Osher and Sethian, 1988; Osher and Fedkiw, 2002). It has been

proven efficient in recent years in problems ranging from tracking, modeling and simulat-

ing motion of dynamic surfaces in the fields of graphics, image analysis, fluid dynamics,

fracture mechanics, and optimal topology control.
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Figure 8.2: Illustration of the mechanism of the Chan-Vese functional in seeking the con-
tour of a 2D object in an image.

In the spirit of level set methods, the curveΓ is embedded as the zero level set of a

Lipschitz continuous functionφ : Ω −→ R, denoted by{φ(x) = 0}. Correspondingly,Ω+

is written as{φ(x) > 0} andΩ− as{φ(x) < 0}. LetH(·) be the Heaviside function. The

energy functional in Eq.8.1becomes:

E[c1, c2, φ(x, y, t) | u(x)] =

∫

Ω

|u(x)− c1|2H(φ)dx + · · ·

+

∫

Ω

|u(x)− c2|2[1−H(φ)]dx + · · ·

+ µ

∫

Ω

|∇H(φ)|dx (8.2)

Note a pseudo time variable is added in the dependents ofφ.

By minimizing Eq.8.2with respect toc1, c2 andφ, one arrives at the following Euler-

Lagrange equations:

∂φ

∂t
= δ(φ)

[
µ∇ ·

( ∇φ
|∇φ|

)
− |u(x)− c1|2 + |u(x)− c2|2

]
(8.3)

c1(t) =

∫
Ω
u(x)H(φ)dx∫
Ω
H(φ)dx

(8.4)

c2(t) =

∫
Ω
u(x)[1−H(φ)]dx∫
Ω
[1−H(φ)]dx

(8.5)

whereδ is the Dirac delta function defined byδ(φ) = d
dφ
H(φ). With the initial contour
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denoted byφ(x, y, 0) = φ0(x), one can see that Eqs.8.3 ∼ 8.5 construct an recursive

procedure when solving for the implicit level set functionφ.

8.3.3 Introduction to Signed Distance Function

Before presenting the numerical discretization schemes forthe previous equations, we

introduce a special subset of implicit level set functions,the signed distance functions

(SDF). A SDF, denoted byϕ(x), defines the distance values from(x)’s to the evolving

zero level setΓ(t) = {φ(x, y, t) = 0}, which are positive inside ofΓ(t) and negative out-

side ofΓ(t), and satisfy|∇ϕ| = 1 everywhere. The steady state ofϕ(x) is obtained by

solving:

∂ϕ

∂τ
+ sgn(φ)(|∇ϕ| − 1) = 0 (8.6)

wheresgn(φ) = 2H(φ) − 1 is a signum function, andτ is another pseudo time variable

added in the dependents ofϕ. With the initial conditionϕ(x, y, 0) = φ(x, y, t), the zero

level setΓ(t) will be preserved while evolvingϕ(x, y, τ).

The construction of an SDF is usually used as an auxiliary step when solving for a

level set-based PDE, such as Eq.8.3, during which the evolving level set function is occa-

sionally re-initialized to an SDF in order to avoid the occurrence of a too-flat or too-steep

level set function. InChan and Vese(2001), this step is considered to be optional, since

too strong of a re-initialization prevents interior contours from growing. In our numerical

experiments, we also find that re-initialization will causezero level sets vanish for thin-line

cracks. Therefore, re-initialization ofφ(x, y, t) to an SDF is not adopted in this study. Al-

though re-initialization is not used in solving the Chan-Vese model, we will see that the

construction of an SDF will be useful for extracting crack widths.

8.3.4 Numerical Schemes

To solve Eq.8.3∼ 8.5numerically, one must approximate the Heaviside functionH(·)
and Dirac delta functionδ(·) first. In Chan and Vese(2001), the Heaviside function and the
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Dirac delta function are approximated by:

Hǫ(φ) =
1

2

[
1 +

2

π
arctan

(
φ

ǫ

)]
(8.7)

δǫ(φ) =
d

dφ
Hǫ(φ) =

ǫ

π(ǫ2 + φ2)
(8.8)

whereǫ is an infinitesimal quantity.

To discretion Eq.8.3, an implicit finite difference scheme is used inChan and Vese

(2001). Herein, we apply an explicit finite difference scheme as a preliminary attempt to

simplify the implementation. First, the curvature term∇· ( ∇φ
|∇φ|) in Eq.8.3is approximated

by a centered finite difference with second-order accuracy.With the discretization of the

curvature and the computing domainΩ digitalized as 2D grids, other operations in Eq8.3∼
8.5become linear algebraic matrix-based computation. Then, with the first-order accurate

forward Euler method for the time discretization, Eq.8.3can be integrated explicitly in an

iterative manner.

For the discretization of gradient magnitudes|∇ϕ| in Eq. 8.6, upwind finite difference

schemes are used to approximate the first-order derivativesin |∇ϕ|. For a detailed intro-

duction to upwind finite difference, one may refer toOsher and Fedkiw(2002). In this

study, a Matlab-based library of level set methods developed byMitchell (2004) is utilized,

and the second order upwind finite difference (‘ENO2’) is applied.

8.4 Extraction of Geometric Properties

By iteratively integrating Eq.8.3 numerically, the level set functionφ(x, y, t) will

eventually converge at a time, denoted byte; hence, we obtain the final level function

φe = φ(x, y, te). Geometric quantities of the detected cracks, such as the perimeter (total

length of closed boundary), area, curvature and normal direction of crack boundaries, can

be computed directly withφe. Among them, the area and perimeter may be of the primary

engineering interest.

8.4.1 Area and Perimeter of Cracks

In the Chan-Vese model, the computation of areas and perimeters of detected objects

is embedded in Eqs.8.3∼ 8.5. The area isA =
∫
Ω
H(φe)dx, and the perimeter isP =
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∫
Ω
|∇H(φe)|dx.

Previously, by using Eq.8.7 to approximate the Heaviside function, Eq.8.3will act on

all level sets, such that a global minimizerφe will be obtained. However, for the purpose

of computing areas and perimeters, a more ‘smeared’ approximation ofH will offer more

numerical accuracy, which is:

Hθ(φ) =






1 if φ > θ

0 if φ < −θ
1
2
[1 + φ

θ
+ 1

π
sin (πφ

θ
)] if |φ| ≤ θ

(8.9)

where the parameterθ is selected comparable to the used space step. InOsher and Sethian

(1988), θ = 1.5h is recommended.

8.4.2 Extraction of Crack Width

Definition for Crack Width

Another important geometric quantity of engineering interest is crack width. However,

unlike the computation of areas or perimeters for concrete cracks, the extraction of crack

width is a non-trivial problem. First, the concept ofwidth is empirical. Recall that we

adopt a non-rigorous way to describe cracks, namely, cracksin images are spatially narrow,

elongated objects with strong contrast with the background, where the qualitative terms

‘narrow’ or ‘elongated’ are related to ‘width’ without explicit definitions. In engineering

practice, first, one needs to manually locate two end points for a single crack or multiple

end points for a crack with a complex pattern; then by starting any of these end points,

widths can be measured along the boundaries of the cracks continuously. To compute the

crack widths analytically, a rigorous definition for crack width is necessary.

Considering the simple case in Figure8.3, where a cartoon illustration of a single con-

crete crack is shown, and its closed boundary denoted byΓ, has two end pointsA : (xa, ya)

andB : (xb, yb). The boundary of this crack can be split into two open boundaries,Γ1 and

Γ2, which both start atA and end atB. The widthw at a pixel(x1, y1) along one side of

the crack boundaries, say,Γ1, is the shortest Euclidean distance (L2 distance) from(x1, y1)

to a point(x2, y2) in the other side of boundariesΓ2. For cracks with complex patterns,

for example, a continuous crack with ‘⊤’, ‘ g’, or ‘+’ shapes or other multiple angle splits,
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more than two end points have to be specified. One can break these cracks into several seg-

ments, wherein each segment has two end points. The Euclidean distance-based definition

for widths associated with these crack segments can be defined similarly.

Figure 8.3: Definition of crack width: the distance from(x1, y1) to (x2, y2) is the shortest
compared with others, e.g. from(x1, y1) to (x′2, y

′
2); the former defines the crack widthw

at (x1, y1).

Approximate Extraction Method

The preceding definition of crack width may gives rise to an exact solution to comput-

ing widths with known end points for a given crack. However, as the topographical patterns

of cracks become more complex, the manual intervention for specifying the possible end

points will be more tedious. Herein, we propose an approximate method for width extrac-

tion. This approximate method relies on the extraction of centerlines of detected cracks as

well the construction of a SDF. Although a level set-based, accurate extraction of center-

lines is possible (e.g.Hassouna and Farag, 2005), it is found that a simple morphological

skeleton operator can fulfill this task well for narrow-elongated objects, such as cracks.

Theoretically, for objects with general topographical shapes, morphological skeltonization

does not usually produce the ideal centerlines; nonetheless, for narrow, elongated 2D ob-

jects, such as cracks, morphological skeltonization is sufficiently accurate (Soille, 1999).

This approximation method has the following steps:

1) FromHθ(φe) > 0.5, a binary imageb(x) is obtained, wherein the detected cracks

are marked by unity;
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2) Perform skeltonization onb(x), and a new binary imagec(x) is produced wherein

the centerlines are unity;

3) Solve for a SDFψ(x) using Eq.8.6with ψ(x, y, 0) = sgn(φ) = 2Hθ(φe)− 1;

4) The shortest distances from the centerlines to the zero level set are obtained by a

simple Boolean operation, which is denoted byd(x) = ψ(x), ∀(x) ∈ {(x)|c(x) =

1}; the widths along cracks are approximated byw(x) ≃ 2d(x).

Note that for thin-line cracks where zero level sets collapse to a 1-pixel wide curve, the

obtained SDFψ(x) at these positions may be slightly lower than zero. Since other distance

values captured by the centerlines are positive, any negative distance values ind(x) are

re-assigned with zeros.

Properties of Approximated Width Extraction

First, in this approximate method, there is no restriction to the complexity of topograph-

ical patterns of cracks as well as no need to manually specifythe end points of cracks. The

computation is fully automatic.

Regarding the accuracy of this method, the approximate widths will be slightly greater

than the exact values for a simple crack similar to Figure8.3(assuming that the extraction

of centerlines is accurate). Suppose that along detected cracks, the directions of the two

boundaries of cracks form an angle2α (α < π
4
), which can be obtained from computing

the normal ofφe = 0; and denote the exact width bywexact, which is the shortest distance

from (x) ∈ {φe1 = 0} to the other side crack boundaryφe2 = 0. From basic geome-

try, if one measures the crack width from the centerline of the crack, the half-width from

the centerline toφe1 = 0 will be wexact(tanα/ sin 2α), and the total width is therefore

2wexact(tanα/ sin 2α) = wexact/ cos2 α ≥ wexact. Generally, at positions where the two

boundaries of cracks have similar curvature, or are locallyapproximately paralleled, which

correspond toα ≃ 0, the accuracy of this approximation method will be increased.
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8.5 Numerical Experiments

In this section, we first test the Chan-Vese active model usinga synthetic concrete sur-

face image to illustrate its capability to detect cracks with complex patterns. Subsequently,

real images obtained from a laboratory experiment are tested, in which we particularly

focus on the extraction of geometric quantities. In these numerical studies, we generally

choose the parameters as follows: space steph = 1, time step∆t = 0.1 for Eq. 8.3 and

∆t = 0.25 for Eq.8.6, andǫ = h = 1 andθ = 1.5h = 1.5 for the approximate Heaviside

functions. The length scaleµ in principle should vary relative to the scale of the target

objects, and empirical investigation needs to be conductedto determine the suitable range

of this parameter.

8.5.1 Synthetic Example

We develop a synthetic concrete surface image where the normal background concrete

texture is taken from a real concrete surface image, and the cracks are manually delineated.

As can be seen in Figure8.4(a), the background has considerable noisy texture features,

and the cracks arbitrarily develop in the image with their widths varying from one pixel to

several pixels and intensities slightly changing.

In Figure8.4(a), the initial zero level setφ0 = 0 (the black dashed line), defined by

a circle, is overlaid with the original image. Note that, thelocation of this initial setting

does not enclose the actual location of the cracks. In Figure8.4(b), we illustrate the binary

image showing the detected boundaries of the two phases in the original image: the normal

background and the cracks, which are obtained by thresholding the Dirac delta function

[δθ(φe) > 0.5].

8.5.2 Selection of Length Scale

Generally, a large scaleµ should be used when the objective of detection is to group

multiple objects; and small length scales are used to separate objects individually. In the

original work ofChan and Vese(2001), the length scales are about0.1 · 2552 for grouping

objects, and about0.01 · 2552 for detection of lines and curves or individual objects (Note

that 255 is the largest gray intensity value; due to Eq.8.3, the magnitude of the length
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Figure 8.4: Crack detection using synthetic cracks: (a) synthetic input image of size120×
120 pixels and the initial zero level set; (b) the detected phaseboundaries at time300∆t
(µ = 0.008 ∗ 2552).

scale should be ofO(2552)). A suitable length scaleµ for concrete cracks is empirically

determined in this work.

In Figure 8.5, the evolution of the zero level sets [φ(x, y, t) = 0, t = n∆t] with

increasing time stepn is illustrated. It can be seen that compared withµ = 0.008 · 2552 in

Figure8.5(a)-(c), the zero level sets in Figure8.5(d)-(f) with a large length scaleµ = 0.05 ·
2552 propagates much slower, and tends to capture larger image artifacts. In Figure8.4(g)-

(i), a length scale ofµ = 1e−5·2552 is used. The most significant difference, by comparing

Figure8.5(c) and (i), is that there is a discontinuity (within the circle part) that is developed

between the bottom left crack segment to the main detected crack. This discontinuity does

not vanish asn increases; on the contrary, more discontinuities emerge asthe integration

time steps increase (n > 100). Through visual evaluation, with the images used in this

work, if the length scale is between1.5e− 3 · 2552 and1.5e− 2 · 2552, the propagations of

zero level sets are almost identical and converge to acceptable results. In this study, we use

the average of these bounds, approximatelyµ = 0.008 · 2552 throughout.
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Figure 8.5: Level set evolution under different length scalesµ at different iteration times
n∆t (n = 20, 60 and100): for (a) - (c)µ = 0.008 · 2552; (d) - (f), µ = 0.05 · 2552; and
(g)-(i), µ = 1e− 5 · 2552.
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8.5.3 Tracking Real Cracks

We apply the level set-based methods in a tracking problem arising from a laboratory

experiment. As shown in Figure8.6, a simply supported concrete beam is loaded at mid-

span controlled by linearly increased displacements, witha 2-point arrangement to result

in a region of constant moment. The beam span was60 inches (1524 mm), and its section

size was5 inches×7 inches (127mm×177.8mm). It was designed to fail in a shear mode

using4000 psi (27.6MPa) concrete with no shear resisting stirrups. The front view of the

beam was monitored during loading by four digital cameras, which are shown in the real

experimental set-up in Figure8.7. The resolution of the image frames in the recorded video

streams is0.89mm/pixel, and the frequency of camera capture was set at40 frames/sec.

Figure 8.6: Schematic set-up for a simple-supported beam captured by four cameras (C1
- C4), which can be seen in Figure8.7(b); the fields of views (FOV1 - FOV4) of the four
cameras are overlapped and symmetric with the centerline.

Damage Detection for Regions of Interest

Recall that the Chan-Vese active model in this study is derivedfor two-phase images,

namely, assuming that the images contain only two objects, the normal background and the

potential structural damage. This limitation in practice should be considered when selecting

the regions of interest in structural components. Thus, we only consider a small area in the

left shear zone of the beam as shown in Figure8.7(b). Also, since a large number of

image frames were recorded, we sub-sample and select three representative image frames
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(a) (b)

Figure 8.7: Experimental set-up for the simple-supported beam: (a) Experimental setup
for the simple-supported beam with four cameras (C1 - C4); (b) the captured scene before
loading by the camera C1, and the region of interest.

to demonstrate the analysis results. Figure8.8(a)-(c) show the three images captured at

different times for the same target region as shown in Figure8.7(b). In Figure8.9(a)-(c),

the boundaries of the cracks are successfully detected by applying the Chan-Vese active

contour model. It is notable that in Figure8.9(a), an interior non-cracked area appears,

which visually can be seen in Figure8.8(a).

(a) T1 (b) T2 (c) T3

Figure 8.8: Image frames (72×160 pixels) at different times for the same region of interest,
from (a) to (c), denoted byT1, T2 andT3, which occurred atT1 = 30.5 sec, T2 =
34.75 sec, andT3 = 39.75 sec.

Extraction of Geometric Quantities: Areas and Perimeters

By visually inspecting the detected cracks in Figure8.9(a)-(c), one can observe that

their topographical patterns change significantly with time (T1 → T3) due to increasing

mid-span displacements. We first compute the areas and perimeters of these cracks using
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(a) T1 (b) T2 (c) T3

(d) T1 (e) T2 (f) T3

Figure 8.9: Detected boundaries and extracted center linesat different times: (a)-(c) Bound-
aries of detected cracks at different times; (d)-(f) extracted centerlines of detected cracks
by morphological skeltonization.

the methods discussed in Section 4.1. In Table8.1, these results are reported as well as

their corresponding real values considering the image resolution. It is interesting to note

that the areas of the cracks increase, however, the perimeters of the cracks with increasing

mid-span displacements do not necessarily increase. This is due to the higher topographical

variations of concrete cracks at lower displacement levels.

Table 8.1: Extracted of areas and perimeters of cracks. The numbers with no units are
in terms of pixels. The numbers in parentheses are the physical values converted from
the pixel-based quantities – for areas, the multiplier is0.892 mm2, and for perimeter, the
multiplier is0.89 mm.

Geometric Crack Images at
Quantity T1 T2 T3

Area 793 1240 1698
(628 mm2) (982 mm2) (1345 mm2)

Perimeter 308 279 289
(274 mm) (248 mm) (257 mm)
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Extraction of Crack Widths

In accordance with the approximate procedure for extraction of crack width, we first

perform skeltonization over the binary detection results at time T1, T2 and T3. Fig-

ure8.9(d)-(f) illustrate the centerlines of these multi-temporal cracks. By solving Eq.8.6

for the SDFs and conducting Boolean operations to extract distance values at the center-

lines, one obtains the approximate widths along cracks, denoted bywT1(x), wT2(x) and

wT3(x). Table8.2 summarizes the statistics of these crack widths. Since it isdifficult to

plot extracted crack widths along the crack in a 2D domain, for width values inw(x), we

plot the pairs(x,maxy [w(x)]), i.e. thex-coordinate vs. the maximum width iny direction

givenx. These plots are shown in Figure8.10(a)-(c).

Table 8.2: Crack width statistics for detected cracks at different times: the top two rows are
from the level set-based approximate method, and the bottomtwo rows are from the explicit
searching method (numbers in parentheses are real values ofcrack width considering the
image resolution).

Crack Width Crack Images at
Statistics T1 T2 T3

Approximate Maximum 11.8 11.9 16.7
(10.4 mm) (10.6 mm) (14.8 mm)

Average 4.3 7.5 9.9
(3.8 mm) (6.7 mm) (8.8 mm)

Exact Maximum 12.6 11.1 16.0
(11.2 mm) (9.9 mm) (14.2 mm)

Average 4.3 7.3 9.8
(3.8 mm) (6.5 mm) (8.7 mm)

To evaluate the accuracy of the above approximate crack widths, we use an explicit

searching method to extract the exact crack widths: first, weexplicitly start traveling along

one side of the two boundaries (e.g, theΓ1 in Figure8.3) from one end point, which can be

realized by searching the 8-connected neighborhoods repeatedly; then at each pixel(x), the

shortest distance to the other side of the two boundaries (Γ2) is computed by minimizing

the distance values from(x) to all the pixels inΓ2. This explicit searching method yields

the exact values of crack width along a simple crack. Certainly this method suffers from

the limitations that manual intervention is needed to provide the end points and further

generalization to complex crack patterns is difficult. Nonetheless, it provides the baseline
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Figure 8.10: Plots of the extracted crack widths at timesT1, T2 andT3: (a)-(c) using the
proposed level set-based approximate method; and (d)-(f) using the explicit exact method.
In all figures, thex−axis denotes the length in terms of pixels along the horizontal direction
of the FOV, and they−axis indicates the crack width with unitsmm.
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for comparison with the approximate method. The bottom two rows of Table8.2summarize

the width statistics of the obtained exact crack widths, andin Figure8.10(d)-(f) the crack

widths are again plotted along thex-axis.

By comparing the statistics results from the two extraction methods in Table8.2, one

can see that the basic statistics of extracted crack widths at the three different times are

considerably close. One can further compare the plots of extracted width alongx-axis

in Figure8.10. Visually, at each time ofT1, T2 or T3, the obtained widths from the two

methods agree very well. Quantitatively, we compute the root-mean-square-error (RMSE)

over the results from the exact method and from the approximate method: atT1,RMSE =

2.2 mm; atT2, RMSE = 0.7 mm; and atT3, RMSE = 1.1 mm. At time T1, slightly

higher error is produced because in the exact method, the small interior non-cracked region

within the detected crack is ignored, therefore, higher widths are yielded around this region;

while in using the level set-based approximate method, the interior non-cracked region is

automatically excluded in computing the width.

Correlation with Displacements and Loading Amplitudes

In the laboratory experiment, the linearly increased displacements at the mid-span and

the loading amplitudes from the actuator were recorded at40 Hz. Based on the syn-

chronized computer times of the image-acquisition workstation and the actuator-controller

workstation, each captured image frame can be mapped to a simultaneous mid-span dis-

placement as well as the associated loading amplitude. In Figure8.11(a), the mid-span

displacements versus times are plotted, and the times at which the crack damage associated

with T1, T2 andT3 are shown. In Figure8.11(b), the obtained displacement-loading curve

is plotted. The simultaneous values of average crack width at timesT1−T3 are also noted.

These correlation plots illustrate that for concrete structures undergoing testing in lab-

oratories, potential cracks in a critical region of a structural component can be captured

continuously with a proper camera array setup, and synchronized with other laboratory

measurements. It is noted that this continuous sampling of realistic 3D objects, as made

possible with the 2D images, is not possible with any other current measurement meth-

ods that are discontinuous in space. With an off-line analysis proposed in this study, the



215

26 30 34 38 42
0.2

0.28

0.36

0.44

0.52

0.6

sec

in
ch

 (
x 

25
.4

 m
m

)

time vs. disp

crack at T1

crack at T2

crack at T3

0.2 0.28 0.36 0.44 0.52 0.6
0

3

6

9

12

15

 inch ( x 25.4 mm)

ki
ps

 (
 x

 4
.4

48
 K

N
)

disp. vs. load

crack at T1

crack at T2

crack at T3

avg. width
=3.8mm

avg. width
=6.7mm

avg. width
=8.8mm
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positions of cracks and the associated geometric quantities can be tracked continuously in

space-time. Hence, one can correlate the change of cracks with respect to external loading

amplitudes, displacements or other measured response data.

8.6 Summary

In this chpater, the Chan-Vese active contour model and levelset methods are applied

in detecting concrete surface cracks using digital images.Compared with the traditional

digital image processing methods, the methods used in this study have the advantage of

generating implicit boundary models of cracks that have arbitrary topographical patterns

and widths. The number of critical parameters are minimizedsuch that only a length scale

needs to be determined empirically.

The level set representation used to detect crack boundaries offers a formal way for

extraction of geometric quantities of detected cracks. In particular, we develop an approx-

imate method for determining crack widths based on the construction of signed distance

functions. We validate the methodologies via numerical experiments using both synthetic

and real data. Using synthetic concrete surface images, we prove that the Chan-Vese model

can detect cracks with arbitrary patterns, varying widths and lengths. By using multi-

temporal image frames from a laboratory experiment, concrete cracks are successfully

tracked, and geometric quantities of interest, particularly the spatially varying widths of

cracks, are extracted with sufficient accuracy.



Chapter 9

Monitoring of Time-varying Structural

Damage

9.1 Introduction

Practitioners often desire a temporal description of structural damage, and a correla-

tion between structural damage and response data may be demanded too. However, it is

generally impossible to predict the initiation and propagation of concrete cracks locally in

a concrete structural member subject to loading. In this chapter, we address the temporal

occurrence of cracks on the surface of concrete structural components by using a video-

based monitoring approach. This includes the monitoring ofthe inception and propagation

of cracks.

The prevailing adverse factor that complicates this concept is the motion of structural

objects projected in the images. For a structure under loading, any point within the struc-

ture potentially undergoes some spatial motion across time. This structural motion will be

distorted when it is projected into the image domain. It is recognized that in order to extract

a robust index representing crack damage from a time series of images, how to model the

motion of structural objects in the images is a critical issue. In this study, an image-based

index for crack damage that is invariant to structural motion is pursued.

217
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9.2 Proposed Approach

We approach our image-based damage monitoring problem as a temporal change de-

tection, and structural damage is treated as a type of local anomaly with its amount measur-

able between a temporal pair of image frames. Due to the aforementioned adverse effects

of object motion in images, a seemly straightforward approach – image differencing, is

not appropriate since it requires strict spatial alignmentbetween the temporal image pair.

A simplistic remedy is to first extract the underlying motionparameters, then with the

estimated motion parameters, the temporal image frames canbe co-registered, such that

image differencing can be performed, and motion-invariantindices useful for representing

concrete cracks can be defined. In this section, we will show that the motion estimation

and damage index extraction are unified by computing manifold distances between image

frames. Prior to the formulation, we first present how motioncan be modeled in an image

plane.

9.2.1 Structural Motion in Images

Theoretically, the displacement field of the structural member is governed by the ma-

terial’s stress-strain relation and the geometric boundary condition of the structural mem-

ber. Therefore, one can compute the displacement field for the structural member, which

may be in the form of bending, axial, shear deformations, or acombination of them

(Timoshenko and Gere, 1997). For example, for a simple elastic beam subject to uniform

loading, one may use a fourth-order polynomial to model the underlying spatial transfor-

mation of any location along the beam. Therefore, if we take apoint in the target area at

timet, denoted by(x, y, t), then its position at a different time can be defined generically as

[φ(x, y), ψ(x, y), t+ δt], whereφ(x, y) andψ(x, y) are some nonlinear algebraic functions.

This structural motion, however, can not be projected into an image domain without

distortion. Two types of distortion exist during imaging. First, when a 3D scene is projected

into an image plane, geometric distortion in terms of the intrinsic and extrinsic parameters

of the digital camera determines the projection (Forsyth and Ponce, 2002, Chapter 2). In

practice, a process known ascamera calibrationhas to be conducted, such that the acquired

images are corrected to remove this distortion. We also limit this study to consider the

structural motion only parallel with the image plane, resulting in a linearly scaled planar
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motion in the image domain.

Secondly, the motion of the structural members, when projected into the image plane,

is restrained by the image resolution. For concrete structures, cracks with a width in the

magnitude range of1mmmay cause a concern for the serviceability of the component.For

cracks less than0.1 mm wide, i.e. hairline cracks, they may not lead to potential damage

or limited serviceability capacity (however, they may drawattention for critical structures

when local integrity characteristics, e.g. permeability,are concerned). Suppose a resolu-

tion of 1 mm/pixel may suffice for the purpose of monitoring crack damage for concrete

structures. With this resolution and a common image size of480 × 640, the field of view

(FoV) on the surface of the target member is therefore480× 640 mm2 (≃ 19× 25 inch2).

For normal-weight concrete under compression, the ultimate compressive strain is about

0.003 (ACI Committee 318, 2008). At this limit state, the maximum relative deformation

due to compression within this FoV (in the direction of640 mm) is about1.92 mm. For

concrete under tension, it cracks at an early stage of loading at about10% of its limit com-

pressive strength, and the ultimate tensile strain is much smaller leading to smaller relative

deformation within the FoV. It will be shown later that the image domain is divided into

multiple subdomains (e.g.10 × 10 subdomains), which render the relative deformation

within a subdomain even smaller hence not visible by the camera. Consequently, only rigid

body motion that comes from the overall displacement field ofthe structural member can be

captured by the camera, which are the two directional translations and rotation. Therefore,

it is assumed that the nonlinear spatial transformation of structural objects is degraded to

a linear rigid-body transformation in the image domain, which will be exploited to model

structural motion in images.

9.2.2 Formulation of Manifold Distance

To present the formulation of both motion estimation and damage index extraction us-

ing a time series of images, two types of notation for images are used in the presentation.

First, we useu(x, t) to denote an image function captured at timet: u : Ω × R
+ 7→ I,

whereΩ is used to denote a 2D finite spatial domain,R
+ is the time axis, andI denotes the

set of spectral intensity values. In addition, a vector format of image is also used. For am

image acquired at timet, it is denoted asu(t) ∈ I
D, which is aD× 1 column vector. For a



220

sequence of images across time, they can be denoted by{u(t0),u(t1), · · · ,u(ti), · · · }.

Image Constancy Assumption

Given a current image function at timeti defined asu(x, ti) and its temporally previ-

ous image byu(x, ti−j) (j ≥ 1), the current imageu(x, ti) can be obtained by evolving

u(x, ti−j) through a spatial transformation of the spatial coordinates, if there is no pho-

tometric transformation. Without loss of generality, we use ut(x) to replaceu(x, ti) and

u(x) to replaceu(x, ti−j) for notational simplicity, and the above transformation is:

ut(x) = u[φ(x,θ)] (9.1)

where the functionφ : R
2 × R

d → R
2 defines a generic transformation modelφ(x,θ) =

[φ(x,θ), ψ(x,θ)]t parameterized byθ (and × 1 vector quantity withd ≪ D), which can

be a rigid-body transformation, affine transformation, or transformation modeled by high-

order polynomials. This expression in visual tracking literature is traditionally called the

image constancy assumption(Horn, 1996).

Parametric Motion Manifold

The parameterized transformation modelφ(x,θ) is differentiable with respect to both

x andθ. Additionally, an initialization is usually adopted forθ = 0, which isu[φ(x,0)] =

u(x). If the assumed transformation holds globally in the spatial domainΩ for arbitrary

images, then any image can be fully determined by another image and the spatial transfor-

mation modelφ(x,θ) between them. Formally, images like these can be treated as alower

dimensional manifold embedding, denoted byM(θ), in the high-dimensional observation

spaceI
D. In this case, the intrinsic dimension of the manifold subspace is the number

of motion parametersd, which have six parameters for an affine transformation model or

three parameters for a rigid-body model. Note that the intrinsic dimensiond is far less than

the dimension of the image observation spaceD. It is noticeable that the manifold intro-

duced herein is defined with explicit parametric structure,i.e. the transformation model

φ(x,θ). Therefore, it is a type of ‘parametric motion manifold’. This manifold notation

is different from the structural damage appearance manifold defined in Chapter 2 whose

low-dimensional structure can only empirically learned from data.
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The geometric structure of an image motion manifold is usually augmented and com-

plicated by some imaging distortion, due to lighting variations or image shooting-induced

variations (e.g. view point changes). Technically, the photometric perturbation can also be

modeled by some parametric intensity transformation (Hallinan, 1994). As a result, more

intrinsic dimensions are added into the previousd dimensions. In this study, we accept the

fact that lighting is time varying across the image sequence, however, we assume that it

is stationary within a small image domain at one acquisitiontime. Therefore, this type of

perturbation is first removed through a simple intensity normalization. For geometric-type

distortion, we assume that the image shooting is conducted in a well-controlled experimen-

tal context such that the view point changes and other configuration changes are minimal.

Therefore, they are not considered in this study.

The variations of interest is development of cracks across the image sequence, including

the inception or the propagation of cracks. Cracks may also beviewed as a sort of potential

deformation parameterized by some intrinsic low-dimensional parameters. However, the

irregular topological shape of cracks in the image domain indicates that they have highly

nonlinear curvature locally in both observation and manifold space. Therefore, it is hard

to find an explicit parametric model defined globally in the image domain to represent the

cracks. In the previous chapter, level-set contour model isused to represent the geometric

shape of cracks in the images. However, these level-set contours are implicit functions

locally evolving in the image domain (Osher and Fedkiw, 2002), which does not posses an

explicit parametric structure when discretized in the image domain.

Manifold Distance

Leaving the potential crack development not modeled in the image domain, we treat it

as an residue expressed by|u[φ(x,θ∗)]−ut(x)|2, and denote the total residue over the spa-

tial domain byr(θ∗, t) =
(∫

Ω
dx |u[φ(x,θ∗)]− ut(x)|2

) 1
2 , whereθ∗ contains the ground

truth values of motion parameters that fully accounts for the spatial transformation occur-

ring between the previous image frameu(x) and the current frameut(x). Ideally, if there

are no cracks developing at timet (more exactly, within a duration fromti−j to ti), but only

spatial transformation, the total residue will yield a value of zero. If crack damage does

occur, the total residue should be larger than zero, and the same amount of cracks corre-
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sponds to the same value of the total residue yet with possibly differentθ∗’s. Therefore,

r(θ∗, t) is theoretically an ideal crack occurrence index that is invariant to the underlying

motion of the structural component.

If one replacesθ∗ with an unknown motion parameter vectorθ in the previous definition

of the total residue, a parameterized total residue is yielded,r(θ, t), which is essentially a

varying Euclidean distance (ED) between a parameterized imageu[φ(x,θ)] and the refer-

ence imageut(x). As introduced earlier, given the mappingu[φ(x,θ)], any images gen-

erated by this mapping can be viewed as lying on a parametric motion manifold subspace

M(θ). With this setting, one can reason that if there is no crack occurrence in the reference

imageut(x), then a particular motion parameterθ∗ should exist, i.e.ut(x) = u[φ(x,θ∗)],

which indicates thatut(x) is just another imagery point lying on the motion manifold and

the Euclidean distancer(θ∗, t) is zero.

On the other hand, if cracks appear or propagate inut(x) as well as some motion

changes characterized byθ∗, ut(x) can not be fully generated byu[φ(x,θ∗)], which indi-

cates thatut(x) does not lie on the motion manifold. In this case, the quantity r(θ∗, t) is

therefore the minimum distance betweenM(θ) andut(x), which is calledmanifold dis-

tance(MD) (Simard et al., 2001; Vasconcelos and Lippman, 2005) 1.

In this study, we define an MD measure at timet givenu(x) andut(x):

MD(t) = r(θ∗, t) ≡ inf{r(θ, t)|θ ∈ R
d} (9.2)

Therefore, the seeking of a motion-invariant crack damage index entails a proper estimate

of θ∗, which leads to the following optimization problem:

minimize r2(θ, t) =

∫

Ω

dx ‖ u[φ(x,θ)]− ut(x) ‖2 (9.3)

subject to u[φ(x,0)] = u(x) (9.4)

Particularly, if θ∗ is equal to0, i.e., there is no spatial motion,MD(t) degrades to the

Euclidean distance betweenu(x) andut(x), which is

ED(t) =

(∫

Ω

dx ‖ u(x)− ut(x) ‖2
) 1

2

1Note that this definition specifies a point-to-manifold distance. In Chapter 6, this concept has been used
to characterize the distance between a data point to an object class (i.e. an abstract object of structural damage
level). However, in the previous case, the manifold has to beempirically learned (approximated by MLLS)
from data; whereas in this case, the manifold has explicitlyparametric structure.
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9.2.3 Estimation of Motion Parameters

2nd-order Approximation of Objective Function

The objective functionr2(θ, t) in Eq.9.3is likely not a convex surface due to the highly

nonlinear nature of an image function in terms of bothx andθ. To address this, one may

approximate the functionalu[φ(x,θ)] atθ = 0 by carrying out a Taylor series expansion.

To render the resulting approximation tractable, the expansion is usually taken up to the

second order ofθ:

u[φ(x,θ)] = u[φ(x,0)] + [∇θu[φ(x,θ)]|θ=0]
T

θ + · · ·
+

1

2
θT ∇2

θ
u[φ(x,θ)] |θ=0 θ + · · · (9.5)

≃ u(x) + g(x)θ +
1

2
θTH(x)θ (9.6)

where the gradient∇θu[φ(x,θ)] evaluated atθ = 0 is denoted byg(x, t)T , and the Hes-

sian∇2
θ
u[φ(x,θ)] evaluated atθ = 0 is denoted byH(x). With some manipulation of

vector calculus, one can writeg(x) andH(x) as:

g(x) = [∇xu(x)]TJθφ(x,θ) |θ=0 (9.7)

H(x) = ∇2
θ
φ(x,θ) |θ=0

∂u(x)

∂x
+∇2

θ
ψ(x,θ) |θ=0

∂u(x)

∂y
(9.8)

where in Eq.9.7, Jθφ is the Jacobian matrix ofφ = [φ, ψ]T with respect toθ, and∇xu(φ)

is the spatial gradient of the image function[∂u(x)
∂x

, ∂u(x)
∂y

]T ; in Eq. 9.8, to expressH(x),

the directional Hessians,∇2
θ
φ and∇2

θ
ψ are used. It can be seen that the above derivation

results in a separation between the image functions (including their derivations) and the

motion functions (including their derivatives).

To simplify the approximateu[φ(x,θ)], recall that the transformation functionφ(x,θ)

assumes rigid-body motion only, which consists of the parameterized planar translation and

rotation. Suppose the translation vector is denoted by(θ1, θ2)
T , and the rotation angle is

θ3, which constitute the motion parameter vectorθ = (θ1, θ2, θ3)
T . The motion function is

therefore

φ(x,θ) =

(
cos θ3 sin θ3

− sin θ3 cos θ3

){
x

y

}
+

{
θ1

θ2

}

=

{
θ1 + x cos θ3 + y sin θ3

θ2 − x sin θ3 + y cos θ3

}
=

{
φ(x,θ)

ψ(x,θ)

}
(9.9)
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By applying Eq.9.9 to Eq.9.7 and Eq.9.8, and substituting into Eq.9.6, and after some

algebraic manipulation, we obtain the approximate form ofu[φ(x,θ)], which is:

u[φ(x,θ)] ≃ u(x) +
∂u(x)

∂x
θ1 +

∂u(x)

∂y
θ2 + [

∂u(x)

∂x
y − ∂u(x)

∂y
x]θ3 − · · ·

− 1

2
(
∂u(x)

∂x
x+

∂u(x)

∂y
y)θ3

2 (9.10)

= u(x) + a(x)θ1 + b(x)θ2 + c(x)θ3 + d(x)θ3
2 (9.11)

where we introduce four new ‘image’ functionsa(x), b(x), c(x) andd(x) to represent the

spatial derivatives or linear combinations of spatial derivatives and spatial coordinates of

the image functionu(x). Note that there are three linear coefficientsa(x), b(x) andc(x)

coming from the gradient term in Eq.9.6, while only one nonlinear coefficientd(x) is from

the Hessian term in Eq.9.6. With Eq.9.11, it can be seen that the parameterized functional

u[φ(x,θ)] is locally approximately by a quadratic surface. Applying this approximation

to the nonlinear optimization problem, the nonlinear objective functionr2(θ, t) is approxi-

mated by

r̄2(θ, t) =

∫

Ω

dx |a(x)θ1 + b(x)θ2 + c(x)θ3 + d(x)θ3
2 + [u(x)− ut(x)]|2 (9.12)

If the integration in Eq.9.12is evaluated, one realizes that all the coefficients and the

image differenceu(x) − ut(x), which are solely functions of spatial coordinates, will be

‘integrated out’, leading to a polynomial ofθ = [θ1, θ2, θ3]
T with constant coefficients.

With some manipulation, we arrive at the equation:

r̄2(θ, t) = C0 + C1θ1 + C2θ2 + C3θ3 + C4θ
2
1 + C5θ

2
2 + C6θ

2
3 + C7θ1θ2 + · · ·

+ C8θ1θ3 + C9θ2θ3 · · ·+ C10θ1θ
2
3 + C11θ2θ

2
3 + C12θ

3
3 + C13θ

4
3 (9.13)

where the constant coefficients are integrations over the image domainΩ. For example,

C1 = 2
∫

dx a(x)[u(x) − ut(x)] andC8 = 2
∫

dx a(x) c(x), and other coefficients can

be obtained similarly. It is noted that the key to obtaining these constant coefficients is the

calculation of the function coefficients in Eq.9.11(Appendix A).

Numerical Solution

The approximate squared residue in Eq.9.13 is a fourth-order polynomial. To our

knowledge, this second-order approximation for this polynomial is not documented in the
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literature. It provides a tractable basis for studying the solution of this optimization prob-

lem. Based on the complex conjugate root theorem, there are only either one or three real

solutions by solving this optimization problem. The analytical forms of these solutions are

extremely lengthy and therefore not given herein.

A more common approach in practice is to use the standard Newton’s method for the

numerical solution, which requires analytical forms of thegradient and Hessian of̄r2 with

respect toθ, i.e.:

∇θr̄2(θ, t) = g(θ, t) =




C1 + 2C4θ1 + C7θ2 + C8θ3 + C10θ
2
3

C2 + 2C5θ2 + C7θ1 + C9θ3 + C11θ
2
3

C3 + 2C6θ3 + C8θ1 + C9θ2 + 2C10θ1θ3 + 2C11θ2θ3 + 3C12θ
2
3 + 4C13θ

3
3





(9.14)

∇2
θ
r̄2(θ, t) =

H(θ, t)





2C4 C7 C8 + 2C10θ3

C7 2C5 C9 + 2C11θ3

C8 + 2C10θ3 C9 + 2C11θ3 2C6 + 2C10θ1 + 2C11θ2 + · · ·
+6C12θ3 + 12C13θ

2
3




(9.15)

The iterative procedure is then conducted:

θ(k+1) = θ(k) −H−1(θ(k), t) g(θ(k), t) (9.16)

Due to the fact that the original highly nonlinear functional u[φ(x,θ)] is approximated

locally atθ = 0 by a second-order hyper-surface, an initial value ofθ(o) = [0, 0, 0]T should

be used in principle to start the iteration. The iteration converges at a minimum of̄r2(θ, t),

which is an estimate of the ground truth motion parametersθ∗, denoted bŷθ. The obtained

estimatêθ may still deviate from the ground truthθ∗. However, this second-order solution

is more accurate than the first-order counterpart, in which atangent hyper-plane is used to

approximate the local manifold curvature and it entails that the potential motion change be

smaller than what the second-order method can allow.

The first-order method, which is more commonly used in the literature, generates a

more crude estimate of the MD measure and is termedtangent distance(TD) (Simard et al.,

2001). In our treatment, if one removes the higher-order coefficient d(x) in Eq. 9.12or
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C10, C11, C12 andC13 in Eq. 9.13, the second-order method will degrade to the first-order

one (therefore, no need to numerically iterate, since the objective function in Eq.9.13 is

quadratic). It is found in our study that the discrepancy between the two kinds of estimates

becomes significant when the parameters inθ∗, especially the rotation parameterθ3, are

relatively large. Therefore, this TD-based approach may limit the practical application

when one has large change of spatial motion. As a matter of fact, we use the first-order

estimate ofθ∗, denoted bŷθo, to initialize the iteration in Eq.9.16, which dramatically

decreases the number of iterations. The first-order estimate θ̂o is given in Appendix B.

Upon convergence of the iteration, the MD measurement is computed by:

MD(t) ≃ [r̄2(θ̂, t)]
1
2 (9.17)

Choices in MD Computing

If one is given a time series of images{u(t0),u(t1),u(t2), · · · , ...}, there are two

choices for computing a sequence of time varying MD measurements. First, one can com-

pute an MD measurement for any temporally adjacent image frames, i.e.MD(ti) between

u(ti−1) andu(ti). In this study, MD measurements resulting from this method can be used

to monitor the inception of concrete cracks. Another methodis that upon cracks having

appeared at timeti, the subsequent MD measurements at timetj are all computed relative

to time ti, i.e.,MD(tj) is obtained based onu(ti) andu(tj) whereti is fixed. We use the

latter type of MD measurements to monitor the continuous growth of cracks.

9.2.4 Damage Localization

The MD measurement computed at an arbitrary time in essence offers a lump sum

indication of occurrence for the concrete cracks in an imagedomain. However, it does not

provide an indication regarding the location of cracks. In the context of structural damage

monitoring, identification of structural damage usually consists of three successive steps,

which are detection, localization, and quantification. Quantification of crack damage has

been addressed in the previous Chapter.

In this study, we localize concrete cracks in images by dividing the 2D image domain

into multiple subdomains before computing the MD measurements. The image patches

in the subdomains will yield their own MD measurements with time. Suppose the image
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domain is divided intoK×L subdomains, therefore, a matrix (K×L) of MD measurements

can be obtained at an arbitrary acquisition time. The criterion for the subdivision is that

the size of the subdomain should be much larger than the potential motion change between

two temporal image patches upon which a MD measurement is computed. In practice, one

needs a priori knowledge about the magnitude of the potential motion change in order to

make such subdivision.

9.3 Numerical Experiment I: Motion Estimation and Val-

idation

In this section, we conduct a motion tracking experiment to validate the assumption

of the proposed algorithm. As shown in Figure9.1, a full-scale test specimen consist-

ing of an interior T-joint beam-column configuration was tested in a frame configuration.

Loading to the specimen was controlled through beam end displacements in a reversed,

cyclic push-pull method applied through two vertically placed hydraulic actuators. In Fig-

ure 9.2(b), two cameras (C1 and C2) were used to monitor the web of one ofthe beams

near the beam-column joint. The resolution of the images in the recorded video streams

was0.91 mm/pixel, the size of the images was480 × 640, and the frequency of camera

capture was set at10 frames/sec. To evaluate the motion extracted from video, displace-

ment readings from two LVDTs mounted at the end of the cantilever beam are used.

We selected one sequence of images from the captured video files to demonstrate anal-

ysis results. By conducting time synchronization, the first image frame was selected to

correspond with the start of the downward loading and the last image frame with the peak

of the loading. In Figure9.2(a) and (b), we show the first and the last cropped image frames

by removing the margin areas. Within this smaller image domain, we divide it into four

subdomains, each of which has a size of100× 100 pixels.

9.3.1 Motion Estimation and Validation

It can be seen that no crack damage occurs during loading between these image pairs

(note that hairline cracks probably occurred but were not captured by the camera). We

reasonably assume that the cantilever beam undertook some elastic deformation during
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(a) (b)

Figure 9.1: Experimental set-up: (a) the front view of the experimental setup; (b) the
placement of cameras.

(a) (b)

D1 D2

D4D3

(c)

Figure 9.2: Example image frames and the subdivided domain:(a) the first cropped image
(at which the time is set to zero and the loading starts), (b) the last cropped image at time
31.6 seconds relative to the first frame (the316th frame), and (c) shows the subdivided
image domain, which are denoted by D1, D2, D3 and D4.
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loading. Since the end displacement of the beam is small, thedisplacement configuration

of the beam can be regarded as linear. With this assumption oflinearity, we use a simple

geometric relationship by considering the position of the transducers and the center of the

FoV of the camera and obtain the indirect physical measurements of vertical displacement

at the center of the FoV. These physical measurements are plotted in Figure9.3, and marked

by PM. Note that due to the constraints of instrumentation, no rotation or horizontal mea-

surements can be obtained at the center of the FoV. Herein, weonly attempt to validate

the extracted vertical motion quantities. The motion quantities θ̂(ti) are estimated for any

given bitemporal image patches at timeti−1 and ti. To get the accumulated motion, the

obtained motion changes are summed up to the current time. For example, the vertical

displacement at timeti is Dx(ti) =
∑j=i

j=1 θ̂1(tj) × 0.91 mm
pixel

. In Figure9.3, we illustrate

the estimated accumulative vertical displacements for thefour subdomains.
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Figure 9.3: Estimated motion quantities in vertical direction across time for four subdo-
mains, and comparison with physical measurements (PM).

First, the estimated displacements are fairly consistent with the physical measurements,

although there are noticeable differences among the four estimated displacements. It is

found in our study that the estimated motion parameters are affected by the strength of im-

age features in the images. If the images are flat in terms of intensity and lack distinctive
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features, the extracted motion quantities will be under-estimated (as illustrated by the D3

subdomain). Ideally, if there are sufficient image featuresthat move according to the speci-

fied motion functions, then the quality of the motion estimate will be increased. Therefore,

we assert that the proposed algorithm is not suitable for tracking the motion of structural

components if there are no strong features existing in the image domain (if motion tracking

is sought, manually prepared patterns are usually placed inthe FoVs as tracking features).

However, we will illustrate that the algorithm does not compromise in feature extraction of

concrete cracks, since cracks are treated as a residue between images.

9.4 Numerical Experiment II: Crack Damage Monitoring

As shown in Figure9.4, a simply supported concrete beam was loaded at mid-span con-

trolled by linearly increased monotonic displacements, with a 2-point loading arrangement

resulting in a region of constant moment. The beam span was1524mm, and its section size

was127 mm × 177.8 mm. It was designed to fail in a shear mode lacking shear resisting

stirrups. The front view of the beam was monitored during loading by four digital cameras

(denoted by C1- C4). The resolution of the image frames in the recorded video streams was

0.89 mm/pixel, the size of images was480 × 640, and the frequency of camera capture

was set at40 frames/sec.

Figure 9.4: Experimental setup and camera placement.
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To illustrate the use of image-based crack damage monitoring, we selected a short se-

quence of image frames generated from Camera C1, which were continuously captured

within a1.725− second duration, resulting in70 image frames. In Figure9.5, we illustrate

six frames that are representative of the temporal development of crack occurrence. Note

that the images shown here are cropped from the raw image frames, resulting a smaller

image domain, which is240× 268.

(a) (b) (c)

(d) (e) (f)

Figure 9.5: Concrete surface at different acquisition times: (a) 0 second (the first frame
with dividing grids of the image domain); (b)0.625 seconds (the 26th frame); (c)
0.65 seconds (the 27th frame at which the first crack appeared); (d)0.80 seconds (the
33rd frame); (e)1.20 seconds (the45th frame; (f)1.85 seconds (the last frame). In (a), the
10× 10 subdivisions for the image domain are overlaid with the image.

9.4.1 Computation of Damage Measures

In Figure9.5(a), we show that the image domain is divided into10 × 10 subdomains;

each of the subdomains has24 × 26 pixels except the subdomains in the far right column
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which are of size24×34. For each subdomain, we compute the time-varying MD measure-

ments (as well as the motion estimates). Two methods of computing MD measurements are

conducted in parallel. First, we compute the MD measurements using temporally adjacent

image patches. In Figure9.6(a), MD measurements resulting from this method are plotted

against time. For completeness, we illustrate the extracted progressive motion quantities

across time in Figure9.6(b), which are the average motion quantities based on the center

2 × 2 image patches. The second method of computing MD measurements, which uses

a fixed image frame at a certain time as the base, will not initiate until crack damage is

detected.

From Figure9.6(a), it can been seen that all MD measurements computed before t =

0.650 seconds from the100 image patches are in a narrow band (about0.1 ∼ 0.2). At

t = 0.650 seconds, peak values of the MD measurements from some subdomains emerge,

which are a strong indication of crack damage occurrence. The evolution of extracted

motion quantities in the center of the beam agree with the time of this crack event [Fig-

ure 9.5(c)]. However, we see that these motion quantities, if used as indices of crack

occurrence, are not as discriminative as the MD measures across time.

9.4.2 Outliers Analysis and Damage Localization

The above conclusion about when the crack event occurs is based on subjective ob-

servation. In a practical structural damage monitoring context, an outlier analysis may be

employed to automate this process. An outlier analysis, in its simplest form, is imple-

mented by assuming that the underlying feature variables follow a normal distribution (for

more rigorous treatment about modeling the distribution ofoutliers and other approaches,

one may refer toHodgel and Austin(2004)). Herein, we take advantage of the fact that

there is no crack in the second image frame (at0.025 seconds), therefore the first group

of MD measures at this moment are used to extract the sample mean and the sample stan-

dard deviation of MD measures, denoted byµm andσm. At the next image frame (at

0.050 seconds), the MD measuresMD[i, j] (1 ≤ i, j ≤ 10) are used to test the hypothesis

that if Ho : |MD[i, j] − µm| < λ σm, holds for a fixed thresholdλ. For anyMD[i, j]’s

that fail the testHo, they are treated as outliers indicating crack damage; otherwise, they

are normal MD measures, and are used to update the sample meanµm and the sample stan-
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Figure 9.6: (a) Manifold-distance measurements across time; (b) the corresponding motion
of the centerline of the beam.
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dard deviationσm. In addition, as the hypothesis test goes, at each time, a binary damage

map for the divided image domain is generated progressively, where the subdomain is set

to unity if it is determined as a damaged region. This binary damage map is the result of

damage localization.

To reveal the merits of the MD-based damage monitoring, we also compute the Eu-

clidean Distance measurements between each pair of temporal adjacent image patches. In

Figure9.7(a) and (b), we plot the MD and ED measurements up to the time when the initial

crack forms (t = 0.650 seconds). Visually, the ED measurements display high fluctuations

due to the motion variation across time, while the MD measurements are narrow-banded

due to their inherent invariance to motion. By settingλ = 6, we produce the damage local-

ization results as illustrated in Figure9.7(c) and (d). If one visually compares the image at

t = 0.650 seconds in Figure9.5(c), the ED-based localization produced a number of false

alarms, while the localization result from MD measures agrees well with the actual spatial

extent of crack damage.

9.4.3 Monitoring Crack Propagation

Upon the localization of crack damage, we can use the MD measurements to monitor

the continuous propagation of concrete cracks. For this purpose, the second method of

computing MD measures is utilized. Herein, the base image patches are from the image

frame at the timet = 0.625 seconds [Figure9.5(b)], and the current image patches vary

with time. In Figure9.8, the resulting MD measures are plotted. It can be seen that atthe

time t = 0.650 seconds (the27th frame), part of the MD measurements reach their individ-

ual peak values, indicating the sudden appearance of crack damage in the corresponding

subdomains. Aftert = 0.650 seconds, some of the MD measurements, which are from the

cracked subdomains, continue increasing slowly. However,most of the MD measurements

remain at small values, which correspond to the non-crackedregions. It is noted that after

the initial crack event att = 0.650 seconds, the concrete beam end keeps moving, which

is confirmed by the extracted motion quantities in Figure9.6(b).
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Figure 9.7: Distance measurements before0.650 seconds: (a) Manifold Distance, (b) Eu-
clidean distance; (c) damage localization att = 0.650 seconds using MD measures; (e)
damage localization att = 0.650 seconds using ED measures.
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Figure 9.8: Manifold measurements after0.625 seconds. The time varying MD measure-
ments are obtained relative to the same image acquired at time0.625 seconds.

9.5 Summary

In this study, we pursue a novel application of manifold-based computation of crack

damage indices based on the use of continuous imaging. This study addresses a prevailing

challenge in implementing an image-based structural damage monitoring system, which is

the potential motion of structural components under loading. The proposed approach over-

comes this issue by estimating the underlying motion through optimization, and a manifold

distance measure is obtained as a motion-invariant index ofcrack occurrence. Through

two numerical examples, we illustrate the effectiveness ofthe proposed method in obtain-

ing motion-invariant indices for concrete cracks in a time series of images. We assert that

the proposed method can be extended to various types of ND imaging-based damage detec-

tion as long as structural damage occurs and is accompanied with structural motion induced

by loading.

Chapter 9, in part, is a reprint of the material as it appears inthe Proceedings of15th

International Symposium on Smart Structures and Materials& Nondestructive Evaluation

and Health Monitoring, San Diego, California, 2008. Chen, ZhiQiang; Chang, Barbara;
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Hutchinson, Tara C., SPIE Press, 2008. The dissertation author was the primary investiga-

tor and author of this paper.
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Appendix A: Computation of Constant Coefficients in Total Residual

Polynomial

In approximating the total residue in terms of motion parameters in Eq.9.13, the coeffi-

cientsC1, . . . , C13 are constants which are computed by integration over the image domain.

We indicated that the computing of image derivatives as wellas the linear combination of

image derivative and spatial coordinates are crucial to conducting these integration.

In numerical implementation, the image derivatives are rarely computed by means of

direct finite differencing in order to avoid amplifying image noise. Instead, a raw image

functionu(x) is usually convolved with a Gaussian function to obtain a smoother image,

denoted byu(x)∗fσ(x). Then, upon conducting differencing, the first-order spatial deriva-

tive of an image can be effectively computed by convolving the image with the first-order

derivative of the Gaussian function (e.g.∂u(x)/∂x = u(x) ∗ ∂fσ(x)/∂x ). This treatment

introduces a new parameter – the Gaussian kernel scaleσ. This scale is responsible for re-

moving noisy objects with smaller scales and capturing meaningful geometric objects with

scales close toσ in images, such as blobs, edges, and ridges, etc.

An appropriate selection of Gaussian scale determines the robustness of motion estima-

tion and MD computation. Theoretically one may solve for an optimum scale by applying

the scale-space theory into the optimization problem and byintroducing a new objective

function in the formσγ ∗ r2(θ, t) as is similarly used in Ref. (Lindeberg, 1996). However,

this additional objective function owns higher nonlinearity than Eq.9.2, which will dramat-

ically increase the complexity of the optimization problem. In this study, the Gaussian scale

is selected empirically without turning to the aforementioned optimization method, and it

is only responsible for smoothing out random intensity variation in images. Therefore, a

small scale will suffice for this purpose. In our study,σ = 9
10

has been used throughout this

study.

Then given a raw imageu′ and its original matrix format denoted byU′[i, j], convolu-

tion operations can be conducted as follows:

U[i, j] =
∑

i′

∑

j′

U′[i′, j′]F[i− i′, j − j′]

Ux[i, j] =
∑

i′

∑

j′

U′[i′, j′]Fx[i− i′, j − j′]

whereF is the matrix version of the filterfσ(x), andFx is its first-order derivative inx
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direction. The first-order derivative in they-direction ofU (Uy) can be computed similarly

with the use of the transposed filterFT
x .

The smoothed image matrixU corresponds to the image functionu(x) in Section9.2.3,

the image derivative matrixUx corresponds to the introduced image coefficientsa(x) in

Eq.9.11. To compute the linear combination of image derivatives andspatial coordinates,

we introduce two coordinates matricesX[i, j] = i andY[i, j] = j. Therefore, the matrix

form of c(x) is: C[i, j] = Ux[i, j]Y[i, j] − Uy[i, j]X[i, j]. Now it is ready to compute

the constant coefficients. For example, forC8 = 2
∫

Ω
dx a(x)c(x), it is simply a matrix

summation:C8 = 2
∑

i

∑
j U[i, j]C[i, j].

Appendix B: First-order Estimate of Motion

In Section9.2.3, we stated that the first-order estimateθ̂o can be used to initialize the

iteration in Eq.9.16, leading to a fast convergence to the second-order estimateθ̂. By

forcing the second-order terms in Eq.9.13vanish (i.e.C10 = C11 = C12 = C13 = 0),

one can solve for̂θo by letting the reduced gradient in Eq.9.14equal to a zero vector (i.e.

g(θ, t) = 0), which gives:

θ̂o =





4C1C5C6−2C2C6C7−2C3C5C8+C3C7C9+C2C8C9−C1C2
9

2(C6C2
7+C8(C5C8−C7C9)+C4(−4C5C6+C2

9))

4C2C4C6−2C1C6C7+C3C7C8−C2C2
8−2C3C4C9+C1C8C9

2(C6C2
7+C8(C5C8−C7C9)+C4(−4C5C6+C2

9))

4C3C4C5−C3C2
7−2C1C5C8+C2C7C8−2C2C4C9+C1C7C9

2(C6C2
7+C8(C5C8−C7C9)+C4(−4C5C6+C2

9))







Chapter 10

Summary of Dissertation and Future

Work

Timely prepared structural damage assessment for urban regions sustained large-scale

disasters are invaluable in performing post-disaster rescue, reconnaissance and allocating

limited resources. On the other hand, structural damage evaluation for individual civil

structures is an indispensable decision-making componenttowards maintaining, retrofitting

or demolishing the target structures. In this dissertation, two different image-based struc-

tural damage identification problems are investigated, which address the previous needs.

Part I is dedicated to seeking effective feature extractionand classification methods for

satellite image-based urban damage identification. To thisend, two solution frameworks,

denoted by SF I& SF2, are proposed. Part II focuses on image-based local damage iden-

tification for structural components. Two problems, damagequantification and damage

monitoring, are investigated. In this concluding chapter,we first summarize the previous

efforts. Subsequently, future research directions are proposed.

10.1 Image-based Urban Damage Identification

In Part I, two damage feature extraction methods are proposed. Correspondingly, two

different multi-level classification schemes are adopted.It is noted that the solution frame-

works are unified by a generic framework, denoted bypc

{
ψ
[
φ(u0,u1)

]}
, whereφ(·, ·) is a

structural integrity detector,ψ(·, ·) is a damage feature extractor, andpc(·) is a damage clas-

240
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sification model. Under this generic framework, it is hypothesized that structural damage

of an urban building can be detected by quantifying the change between the bitemporal to-

pographical patterns of basic structural features (BSFs) within the bitemporal images. The

difference between the two solution frameworks arises due to their different treatments in

detecting and representing the BSFs.

10.1.1 Summary of Proposed Methods and Conclusions

Damage Feature Extraction

The main properties of the two damage feature extraction methods are summarized in

Tables10.1and10.2. Specifically, it is noted that:

Table 10.1: Summary of the two proposed damage feature extraction methods.

Solution Damage Feature Extraction
Framework Method Result Computation
I (Chapter 3) Gradient-location

dissimilarity-
based feature
extraction

Pixel-wise damage
features

Vectorized computation
across bitemporal urban
images

II (Chapter
5)

Region-matching
structural damage
feature extraction

Region-based,
global damage
feature vectors

Non-vectorized computa-
tion performed on bitem-
poral images of individual
buildings

Table 10.2: Summary of the two proposed damage feature extraction methods (continued).

Solution Damage Feature Extraction
Framework Input Parameter Merit & Limitations
I (Chapter 3) Smoothing scale

(neighborhood size)
Works well for images with negligible
image distortions

II (Chapter
5)

Many but most
user-selected param-
eters are empirically
determined

Works well when significant image dis-
tortions exist in images. However, the
matching process may compromise the
damage extraction for major-damaged
buildings
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• In SF I, a pixel-wisegradient-location dissimilaritydamage feature extraction method

is proposed. In this method, an explicit BSF detection step isnot used. Rather sliding

neighborhoods with a constant size are used as the BSFs. Sincedissimilarity mea-

sures are directly extracted based on the pixel-to-pixel gradient magnitude values

between the bitemporal neighborhoods, image distortions between the bitemporal

images are not explicitly considered. It is recognized thatthese image distortions can

significantly reduce the accuracy of identifying minor-damaged urban buildings. The

gradient-location dissimilarity damage extraction method is mathematically proven

effective by assuming a simple Gaussian-based model to represent the gray-level

transitions. To obtain object-based damage feature vectors for individual urban build-

ings, a simple histogram approach is used. It is noticeable that the resulting damage

feature vectors for individual buildings arelocal, since they are extracted based on

the ‘local’ individual urban buildings in bitemporal images.

• In SF II, a region-based damage feature extraction method isproposed. It starts

by explicitly detecting the prominent sub-regions in the image domains, which are

treated as the local domains of the BSFs. In this step, the detection of structurally

prominent points in the images and an affine-covariant region detector are employed.

To establish the bitemporal correspondence, a matching process is used. Upon the

bitemporal locally detected regions, structural integrity features that are invariant to

local affine geometric/photometric distortions are extracted.

To formulate the damage features, a global eigenspace analysis is used, and the dam-

age features are formulated as the difference of the projected bitemporal feature vec-

tors in the eigenspace. For each urban building in the bitemporal images, a set of

damage feature vectors is obtained. It is noted that the resulting damage feature vec-

tors areglobal. The benefits of this global damage feature extraction include, first,

the dimension of the resulting damage feature vectors is reduced, and second, other

insignificant noisy factors that can not be modeled by local linear transformations are

minimized.
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Selection of Classifier

Two major classification methods are used in Part I. Their main properties are summa-

rized in Table10.3. Specifically, it is noted that:

Table 10.3: Summary of the two classification methods.

Solution Multi-level Damage Classification
Framework Method Computation Parameter
I (Chapter 4) Probabilistic

mRVM method
Bayesian inference
computing

Kernel scales

II (Chapter
6)

Voting-based clas-
sification scheme
with flexible base
classifier, such as
mRVM

Computation depends
on the base classifier

No parameters in the
voting, and other pa-
rameters exist depend-
ing on the base classi-
fier

• Multi-level, probabilistic damage classification, using an extension of the binary

RVM classifier, is conducted in SF I. A key advantage of this method is that proba-

bilistic confidence measures are provided by using the estimated posterior probabil-

ities associated with the classification. In addition, regional damage assessment can

be achieved using the classification probabilities associated to individual buildings

within a manually selected region.

• Voting-based classification scheme is adopted. In principle, any classifier can be

used as the base classifier for this voting-based scheme in SFII. In principle, any

classifier can be used as the base classifier for this voting-based scheme. An im-

proved manifold approximation-based classifier is used. This classifier serves two

purposes. First, as a non-probabilistic generative classifier, it is used to evaluate the

performance of the proposed region-based damage feature extraction. Second, since

this classifier involves intrinsic dimensionality estimation and the approximation of

intrinsic nonlinear geometry by mixture of locally linear subspaces, it can viewed as

a nonlinear dimensionality reduction and data analysis method.
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Major Conclusions

Based on the two proposed solution frameworks to the image-based urban damage iden-

tification problems, the major conclusions of this study maybe summarized as follows.

(1) The proposed pixel-wise, gradient-location dissimilarity-based damage feature ex-

traction can be used as an effective damage detection and feature extraction method,

if image distortions between the bitemporal images are insignificant. If image dis-

tortions are significant, numerical results show that this method performs better in

extracting damage features for buildings subject to major damage (e.g collapse).

(2) To achieve resistance to image distortions, the proposed region-based method is

proven effective by conducting numerical experiments in identifying both minor-

and major-damaged buildings. For tsunami-induced structural damage, the matching

step in this method may erroneously treat water-smoothed debris as structural re-

gions (boundaries and structural roof), hence, compromisethe accuracy in detection

of some major-damaged buildings.

(3) If the gradient-location dissimilarity-based damage feature extraction method is used,

single damage feature vectors can be obtained for individual urban buildings (Chap-

ter 3). Although many excellent classifiers in the literature can be used, the mRVM

classifier is proven more favorable since it can provide multi-level damage classi-

fication directly based on a Bayesian inference framework (Chapter 4). By using

mRVM, the resulting posterior probabilities can be viewed as confidence measures

of prediction of damage levels. In addition, one can exploitthe posterior probabilities

to produce regional damage assessment.

If the region-based damage feature extraction method is used, a voting-based damage

classification scheme should be used (Chapter 5& 6). By adopting a voting-based

scheme, any classifier can be used as its base classifier. The manifold approximation-

based classifier proposed was used as a preliminary classifier in Chapter 6. This

adopted method is proven a successful approach to evaluating classification perfor-

mance. In the meantime, it is proven effective in analyzing the intrinsic nature of the

resulting damage feature vectors.
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(4) In general the proposed solution frameworks can be used to build a remote sensing-

based urban damage assessment system for individual urban buildings in the imme-

diate aftermath of a large-scale disaster. Therefore, a rapid structural damage as-

sessment can be produced, which may facilitate achieving resilient disaster response.

Particulary, in the immediate aftermath of urban disastersthe most urgent task may

be to locate the most damaged urban areas and individual urban buildings. In the

situation, SF I may be favored provided the severely damagedareas feature cluttered

debris or distorted structural elements in the post-event images. SF II is developed to

meet the need when minor-damaged urban buildings are of particular interest, how-

ever, the geometric and photometric distortions are significant in the images. In the

situation, SF II may be preferred.

10.1.2 Future Research

Three future research directions are suggested herein:

• Use of Multi-spectral Imagery: As mentioned earlier, the region-based damage

feature extraction contains an explicit local region detection and bitemporal region

matching process, which provides a basis for extracting damage features resistent

to local image distortions. In principle, this matching process benefits the identifi-

cation of minor-damaged urban buildings, and should no affect the identification of

major-damaged buildings (e.g. collapse). However, it is found through numerical

experiments in Chapter 6 that for tsunami-induced structural collapse-like damage

patterns, they are not only characterized by cluttered texture patterns (debris), but

include water-smoothed debris. Hence, the matching process may adversely miss

the identification of major-damaged buildings. In order to overcome this problem,

multi-spectral imagery data should be considered since water has different spectral

characteristics than other construction materials displayed in images.

This consideration of using multi-spectral imagery shouldbe the key in identifying

damage induced by other types of disasters. For example, these include other types

of water induced structural damage, e.g. the hurricane-induced flood damage, and

structural damage induced by large-scale wildfire.
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• Use of 3D Urban Building Models: Three-dimensional (3D) recognition of urban

structures, which is also known as 3D city modeling, is important in constructing

3D urban geo-spatial information systems. In the current research, 3D building ex-

traction is not exploited in identifying urban structural damage, however, this is an

appealing direction for future studies. However, since the3D urban building models

provide vector information, it is not clear how to exploit this rich, deterministic infor-

mation to conduct damage feature extraction for the damagedbuildings in post-event,

digital satellite images. Nonetheless, the use of 3D urban building models should be

considered a valuable direction in remote sensing-based urban monitoring.

• Integration of Remote Sensing-based Monitoring System and Other Physics-

based Engineering Parameters:If multi-temporal satellite imagery or other high-

resolution airborne imagery is used, a remote sensing-based monitoring system, fo-

cusing on the structural integrity of the urban systems, maybe realized. As men-

tioned in Chapter 3, the structural integrity information obtained from the images are

not physics-based and the damage features are not causal. For urban buildings, their

structural integrity parameters are primarily determinedby structural type (concrete

shear wall, wood frame, etc.), geometric configuration, construction quality, regional

seismic activity (e.g. peak ground acceleration) in the case of earthquake events,

tsunami run-up height in the case of tsunami events, and loading parameters in ser-

vice and various environmental factors. Future research may be attempted to inves-

tigate the integration of the physics-based parameters andthe information obtained

from the remote sensing-based monitoring into an unified geographical information

system.

10.2 Image-based Local Damage Identification

10.2.1 Summary of Proposed Methods and Conclusions

In Part II of this dissertation, two problems of local damageidentification are studied.

The first focuses on quantifying structural damage patternsin images. In this effort, a

model-based approach is used, which is based on the Chan-Veseactive contour formulated

with a level-set representation. With this model, geometric quantities of concrete crack



247

damage are extracted. In particular, an automatic width extraction algorithm is proposed.

The second problem addresses image-based damage monitoring using multi-temporal

images. To solve this problem, a time-varying crack damage index is extracted based on the

computation of manifold distances. In this effort, a parametric structural motion manifold is

assumed, and the underling linear motion parameters are estimated. Therefore, the obtained

crack damage indices are invariant to the underlying structural motion.

Major Conclusions

(1) Through the use of synthetic and real imagery examples, it is concluded the Chan-

Vese model can be used to detect cracks with arbitrary patterns and widths varying

from one to several pixels. In particular, the proposed automatic width extraction

algorithm successfully extracts the spatially varying crack widths in multi-temporal

images with excellent accuracy.

(2) To evaluate the image-based damage monitoring concept,two numerical examples

are presented. It is concluded that the proposed method can be used to extract motion-

invariant damage indices, based on a time series of images.

(3) The proposed model-based damage quantification method and motion-invariant dam-

age index extraction method forms a complete framework for conducting local dam-

age monitoring. First, the motion-invariant indices may beused to monitor the oc-

currence of structural damage. Subsequently, the model-based quantification can be

employed to extract detailed damage quantities.

10.2.2 Future Research

Two future research directions are suggested in the area of image-based local damage

identification, which are:

• Integration of Image-based Identification and Predictive Modeling: In the non-

destructive (ND) imaging community, mechanics-based predictive modeling, espe-

cially the use of finite element methods, has long been applied to simulate the wave

propagation and the imaging process in structural components. However, the use of

the geometric quantities of structural damage extracted from ND imagery data for
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refining numerical models is still rarely explored. It is reasoned that if a model-

based structural damage quantification method is used, i.e.the geometric shape of

the damage can be expressed in a model, it may facilitate the geometric modeling of

the damage in a finite-element based simulation environment.

The level-set representation used to model the crack damagepatterns in Chapter 8 is

potentially useful towards this integration. In Chapter 8, the signed distance function

(SDF) is used in extraction of crack widths. It is noted that this function is far more

powerful. For example, the SDF can be used as the basis for generating adaptive

unstructured meshes considering the new geometry boundaryspecified by the zero

level set, which, in our case, is the detected boundaries of damage.

• Integration of Image-based Identification with Vibration- based Structural Health

Monitoring: Future research can be sought in the direction of integrating image-

based structural damage monitoring with vibration-based damage monitoring. To

identify structural damage, the probing of vibratory data output by civil structures,

i.e. structural response data, has been recognized as a highly reliable means and pre-

vails in numerous research efforts. However, successful methods developed in this

domain usually address global-level damage of target structures, such as softening

of a particular story of a multi-level building. Local damage is often identified by

means of ND evaluation methods including various ND imagingmethods. However,

time scales are not usually considered in these local ND imaging methods. By con-

sidering ND imagery captured at different times (e.g. videodata captured with a

fixed frame rate or multi-temporal images captured at particular times), it is reasoned

that an image-based local damage monitoring should be a key component in order to

achieve an improved and integrative structural health monitoring system.

In Chapter 9, a damage monitoring method is proposed, which uses multi-temporal

images to extract time-varying damage indices that are invariant to structural mo-

tion. In future research, the use of a parametric motion manifold may be extended

to accommodate nonlinear structural motion. For example, the motion function can

be constructed based on quadratic quadrilateral finite element, and a meshed local

parametric motion manifolds can be established considering geometric compatibil-

ity. This approach may be potentially useful in monitoring structural components
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with nonlinear displacement fields, if these deformation are captured in the time-

series images.

• Use of 3D Tomography Images and Heterogeneous ND Imagery Data: The pro-

posed geometric model-based damage quantification can be freely generalized to 3D

tomography images due to the nature of the level set formulation. In addition, future

research may focus on extending the proposed damage monitoring method to various

types of ND imagery data, where structural damage occurs andis accompanied with

structural motion induced by loading.
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