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Abstract

The current trend of urbanization leads to an increase of seismic vulnerability in earthquake prone
regions. There is great demand for methods contributing to a comprehensive analysis of seismic vul-
nerability to face the urgent challenges of mitigation and catastrophe management. Remote sensing
has high potential to contribute to an area-wide and up-to-date assessment of seismic vulnerability.
For an estimation of building stock damage the built-inventory is generally categorized into different
seismic building structural types, representing a construction’s seismical behavior.

This study reveals indirect correlations between remotely sensed data and seismic building struc-
tural types, which enable a supervised classification. Site of research is the City of Padang, Indonesia,
whose urban environment is characterized by 145 features calculated by means of high resolution op-
tical imagery, height information from a normalized digital surface model and multi-temporal medium
resolution optical data. In-situ building information is given through survey data collected after the
earthquake event of September 2009. Using Machine Learning techniques a work flow is presented to
classify seismic building structural types. A feature selection analysis is carried out, and the features
most explanatory for the determination of seismic building structural types are identified. Coping with
large amounts of features and in-situ data scarcity, plausible classification results are achieved and
dependencies between remotely sensed data and building stability are verified.



Zusammenfassung

Die fortschreitende Urbanisierung fiihrt zu einer erhohten Vulnerabilitat erdbebengefahrdeter Regio-
nen. Um den dringlichen Herausforderungen von Mitigation und Katastrophenmanagement begegnen
zu konnen, bendtigt man Methoden, die eine aktuelle und flachendeckende Bewertung der Erdbeben-
vulnerabilitdt ermdglichen. Die Fernerkundung verfiigt tiber groBes Potential, dies zu gewahrleisten.
Zur Abschatzung von Gebdudeschaden werden Gebadudebestande in der Regel in unterschiedliche "seis-
mische Gebdudestrukturtypen” eingeteilt, die jeweils das Verhalten eines Gebdudes bei seismischer Er-

schiitterung wiedergeben.

In der vorliegenden Arbeit werden indirekte Korrelationen zwischen Fernerkundungsdaten und seis-
mischen Gebdudestrukturtypen aufgezeigt, die eine iliberwachte Klassifikation ermdglichen. Unter-
suchungsort ist die Stadt Padang in Indonesien. Die Gebdude und ihr jeweiliges urbanes Umfeld
werden durch 145 Attribute charakterisiert, die aus hoch aufgelosten optischen Daten, Hoheninforma-
tionen aus einem digitalen Oberflichenmodell sowie aus multitemporalen optischen Daten mittlerer
Aufosung berechnet wurden. Die verwendeten in situ Gebadudeinformationen stammen aus Gutachter-
daten, die nach dem Erdbeben vom September 2009 erhoben wurden. Im Rahmen der vorliegenden
Studie wurde eine Prozesskette zur Klassifikation seismischer Gebaudestrukturtypen entwickelt, in
der Techniken aus dem Maschinellen Lernen zur Anwendung kommen. Es wird eine Selektionsanal-
yse der Attribute vorgenommen, wobei die Attribute mit dem hochsten Erklarungsgehalt identifiziert
werden. Unter Beriicksichtigung von Problemen, die sich aus der sehr hohen Anzahl von Attributen
sowie einer sehr geringen Anzahl an in situ Daten ergeben konnen, werden Zusammenhange zwischen
Fernerkundungsdaten und Gebdudestabilitat verifiziert und plausible Klassifikationsergebnisse erzielt.
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1 Introduction

1.1 Motivation

"Vulnerability and exposure to disasters is increasing as more people locate in areas of high risk"
(UNISDR/WMO, 2012). From 1970 to 2011 the world's population has grown by 86% (UNDESA,
2012). Strongly connected to the phenomenon of rural to urban migration, urban growth has ab-
sorbed most of this increase (Bilham, 2009). Since 2008 for the first time in history there are more
people who live in urban areas than in rural areas. More than half of the large cities, with populations
ranging from 2 to 15 million, are situated in areas of high seismic risk (UNISDR/WMO, 2012) and
yield the high vulnerability of modern societies and technologies. These developments strongly con-
tributed to the dramatic increase in losses caused by natural catastrophes, as observed in the last few
decades (Calvi et al., 2006). Until 2050 the world population is expected to increase by further 70%
attended by accelerated urban sprawl (UNDESA, 2012; 2011). Accordingly, in the foreseeable future
urban populations in earthquake prone regions are anticipated to suffer greater measures of fatalities,
injuries, structural damage and economic losses resulting from earthquakes than in the documented
past (Bilham, 2009).

Particularly in developing countries urbanisation is very dynamic. Thereby, non-sustainable, unplanned
use of the territory and inadequate construction practises are often resulting in highly vulnerable set-
tlements with an inherent variability over short time scales (Oliveira et al., 2006; Wieland et al., 2012).
The biggest risk in case of an earthquake emanates from buildings. Therefore the identification and
localisation of structures and their subsequent evaluation regarding their physical vulnerability is the
basis for the planning and implementation of mitigation strategies to reduce vulnerability (Taubenbdck
et al., 2009b). A comprehensive and realistic evaluation of earthquake vulnerability needs up-to date
and area-wide exposure information. In-situ information gathering alone is not able to fulfill these
demands. Remote sensing has a large potential to contribute to such an assessment.



1.2 Research Framework & Objective

Seismic risk is the potential or probability of a loss due to the occurrence of an earthquake (EQ) and
can be seen as a combination of three main elements (Fig. 1.1): the EQ hazard, the assets at risk
(i.e, the value that is threatened by the EQ) and the vulnerability of the assets to the effect of the
earthquake (Scawthorn, 2008).
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Strong Motion
Geotechnical .“:\ criticality
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Materials
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Figure 1.1: Elements of seismic risk (Scawthorn, 2008)

Hazard refers to the physical effects of the EQ (e.g. faulting, ground shaking, liquefaction landslides,
tsunamis etc.) on the natural environment. Assets at risk involve all values threatened by the earth-
quake hazard, which could either be of physical (e.g. human lives, property) or of non-physical value
(e.g. education, social cohesiveness, functional downtime). Vulnerability is the susceptibility of the
assets to the impact of the hazard, and can be defined as their degree of loss resulting from a given
level of hazard (Scawthorn, 2008). Mathematically the causal relationship between the mentioned
concepts can be expressed as:

Rij = H; xVj (1.1)

where for an element at risk i R;; is the risk, the probability or average rate of loss to element i due
to earthquake ground motion severity j. H; is the hazard, the probability or average expected rate of
experiencing earthquake ground motion (or an other earthquake related damaging event) of severity ;.
V;; is the vulnerability, the level of loss that would be caused to element / of experiencing earthquake
hazard of severity j (Coburn and Spence, 2002). EQs can neither be predicted nor prevented. Damage
usually occurs rapidly during the few seconds of shaking, so that people cannot be evacuated. This
rapidity of occurrence and the lack of warning leads to human casualties. The biggest risk of being
killed or injured and suffering losses related to an earthquake event emanates from building structures,



which accordingly constitute a major determinant factor of the physical EQ vulnerability at a certain
site. Hence, in earthquake affected regions population, risk mitigation and emergency planners as well
as insurance and reinsurance industries have a strong demand in the evaluation of the vulnerability of
their building structures (Douglas, 2007; Coburn and Spence, 2002). Such an assessment requires de-
tailed structural engineering knowledge and is commonly addressed to the seismic engineering domain.

The evaluation of the vulnerability of structures in a certain region, at first demands an in-situ building
stock taking and analysis. If the investigation is related to more than just a few buildings, the build-
ing stock is categorized into a typology of distinct seismic building structural types (SBSTs) whose
seismic behavior is likely to be similar. The primary load-bearing structure is the most affecting factor
for earthquake damage and thus usually the first property considered to categorize a building. Further
parameters which may reflect the seismic performance of a building and hence are frequently used for
categorization are e.g. the number of storeys, the period of construction or the presence of structural
irregularities (Coburn and Spence, 2002). Based on empirical, analytical, hybrid approaches and/or
expert knowledge for each SBST under investigation, a function is determined that correlates the
magnitude, e.g. the Modified Mercalli Intensity (MMI) or peak ground acceleration (PGA), of the
seismic hazard at site to the physical damage probably suffered by the structural built system (Calvi
et al., 2006). By means of such a fragility function the probable damage distribution of the building
stock at risk, given at a certain level of hazard, can be predicted (Douglas, 2007). These vulnerability
models are often integrated into a more holistic modeling frame work, comprising further elements of
seismic risk for instance HAZUS (FEMA, 2012), OpenQuake (GEM, 2013) or RiskScape (Schmidt
et al., 2011). In this manner seismic engineering enables an accurate stability assessment of individual
structures by an extensive house-by-house inspection and the analysis of construction plans (Miick
et al., 2012). Following this way, however, a detailed area-wide and regularly updated assessment,
which is able to account for the rapidly changing spatio-temporal conditions in many present day
cities, is prohibitive owing to time and cost (Wieland et al., 2012). Very few countries may maintain
registries which may partially allow to infer SBSTs and their spacial distribution, in general however —
if at all — broad and detailed structural information on buildings is only available for lifeline inventory
and critical facilities. That applies in particular for developing or threshold countries subjected to high
dynamics of urban sprawl (Oliveira et al., 2006).

Due to recent developments of different Earth observation platforms with increased spatial, spec-
tral and temporal resolution remote sensing provides more detailed information on land cover and the
environmental state than ever before. Different sensor systems operate in different wavelengths, rang-
ing from visible to microwave, supplying different but complementary information (Waske et al., 2009).
Taking advantage of object-based image analysis (OBIA) methods (Blaschke, 2010), in addition to
the spectral information from individual pixels, geometric and contextual information of multi-source
data can be exploited. This delivers a high variety of different information, which has shown high
potential to describe urban environment and to be suitable to contribute the evaluation of seismic



risk (GeiB and Taubenbock, 2012). Remote sensing could make it possible to maintain a thorough
and up to date inventory of exposed built-up structures in order to contribute to a comprehensive and
effective seismic vulnerability assessment. Spatial distribution of potential losses can greatly improve
the organization of rapid response or mitigation actions (Pittore and Wieland, 2012).

The aim of this study is to classify SBSTs, as described above, area-wide and in a supervised manner,
utilizing the whole range of available remote sensing data. The research area for this task is the
Indonesian city Padang, which possesses a densely populated and dynamic urban system in a region of
extreme high probability of severe earthquakes (Rusnardi et al., 2012). The key in-situ data represent
building inventory data affiliated with SBSTs, that was collected in the context of the My, 7.6 earth-
quake event in September 2009. The remotely sensed data base comprises n=145 features. These
features were calculated from multi-sensor imagery by means of state of the art information extrac-
tion techniques and characterize the buildings and their urban environment. To perform a supervised
classification of SBSTs a work flow utilizing several methods from the Machine Learning! domain
is applied; herein a feature selection analysis which allows to identify the features, most suitable to
distinguish between different SBSTs. Figure 1.2 coarsely outlines the methodological framework of
this study.

In-situ Multi-source
seismic building remote sensing
structural types data

I
Calculation of
features

]

vy

Machine Learning based
feature selection
and
supervised classification

!

Spatially distributed
inventory of
seismic building
structural types

Figure 1.2: Methodological framework for the classification of seismic building structural types

The aim of this methodology is to tackle the following research questions:

1. Do SBSTs correlate with remote sensing data?

2. Which parameters that can be derived by remote sensing data are most explanatory to describe
the SBST of buildings?

3. How suitable are these parameters to estimate the SBST of a building?

4. Does a spatially distributed estimation of SBSTs show reasonable results?

L“Machine Learning is an area of artificial intelligence and generally refers to the development of methods that optimize
their performance iteratively by learning from the data” (Waske et al., 2009)
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