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Abstract 

The systemic vulnerability analysis relies on detailed key physical, social and economic 

parameters. In the last years, optical satellite imagery has become an important source for 

urban parameter generation. In this report, a comprehensive overview of existing 

approaches and techniques to extract urban information from optical satellite imagery is 

provided. The relevant parameters can be divided into two categories geometric and inferred 

parameters. Geometric parameters can be extracted from the satellite imagery based on the 

objects geometry; inferred parameters are determined by combing geometric information 

and ancillary data. The existing methodologies range from information which can be 

automatically and semi-automatically generated and information which is extracted by visual 

interpretation and manual digitization.  
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1 Potential of vulnerability assessment by optical 

satellite imagery 

This report will explore and develop a systemic framework on the options to develop or 

support vulnerability models from optical satellite imagery combined with vulnerability 

information and socio-economic ground data.  

In work package 3 of the Syner-G project “Fragility functions of elements at risk”, a system of 

fragility curves is compiled for all considered elements at risk. Table 1 lists the elements at 

risk considered in work package 3. The considered elements at risk can be divided into two 

groups: (1) Geometric parameters which can be directly extracted from the satellite image, 

and (2) inferred parameter which can be calculated by combing geometric and secondary 

information such as ground data. In addition to the information of the structural exposure, the 

potential of inferring socio-economic information and other parameters relevant to systemic 

vulnerability assessment from optical satellite imagery is explored (see Table 2). In the 

following report, a review of existing methodologies for the generation of these parameters is 

given. The suitability of the methodologies for the test site selected within the Syner-G 

project (Vienna, Austria; Thessaloniki, Greece; Messina, Italy) strongly depends on the 

availability and the quality of the satellite images and of the secondary, ancillary data.  

This report is organized by parameter category. In chapter 2, existing techniques and 

approaches to extract urban geometric parameters are reviewed. Chapter 3 provides an 

overview on existing techniques generated from inferred urban exposure parameters. In 

chapter 4, an overview of existing methods to extract infrastructure parameters from satellite 

images is given. Chapter 5 focuses on the potential of satellite images to determine socio-

economic parameters in urban areas. In chapter 6, the potential and limitation to use satellite 

images as a source of inventory information employed by the MAEviz software for loss 

estimation is explored.  
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Table 1: List of elements at risk considered in work package 3. 

System Elements 

Common RC` 

Steel 

Buildings 

Masonry 

Common RC 

Steel 

Building aggregates 

Masonry 

Monumental Buildings 

Transformers 

Substations 

Electric power  

Electrical lines 

Gas and oil pipeline systems 

Water systems 

Utility networks 

Waste-water systems 

Roadway bridges 

Roads 

Embankments 

Tunnels 

Road networks 

Slope 

Tracks 

Bridges 

Embankments 

Retaining walls 

Tunnels 

Signal 

Rail networks 

Power supply system 

Wharfs 

Cranes 

Warehouse 

Buildings 

Utility network 

Transportation infrastructures 

Harbor system 

Transportation network 

Buildings 

Operating theaters 

Health-care facilities 

Medial gas supply 

Water pipes 

Critical facilities 

Fire-fighting system 

Tanks  
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Table 2: Parameters considered in systemic vulnerability assessment. 

2 Structural exposure – geometric parameters 

In the following chapter, an overview of existing techniques to extract urban geometric 

parameters from satellite images with different spatial and spectral resolutions is provided.  

2.1 BUILDING INVENTORY  

A range of methodologies have been employed for directly extracting physical urban and 

building parameters from optical satellite images. These parameters can be directly 

calculated from the geometry of urban features and visible buildings.  

2.1.1 Building footprint 

A number of methods are documented for extracting building footprints from optical remote 

sensing data. Elements defining building geometry, such as lines, polygons, corners and 

shadows, play an important role in extracting building footprints. These elements are 

identified using techniques, including manual inspection (Stassopoulu and Caelli, 2000; 

Baltsavias et al., 2001; Saito, 2008), Frourier transformation (Sohn and Dowman, 2001), 

feature extraction (Kim and Choi, 1995; Lin and Nevatia, 1998; Noronha and Nevatia, 1998; 

Xu and Li, 1998; Mirua and Midorikawa, 2003),  automated object-oriented segmentation 

algorithms (Jaynes et al., 1997; Stassopoulu and Caelli, 2000; Lee et al., 2003; Centeno and 

Miqueles, 2004) and morphological operators (Taubenböck et al. 2010). Building outlines are 

reconstructed from the perceptual organization of boundary information (see Lin and 

Nevatia, 1998). For building extraction based on spectral and shape characteristics, a multi-

resolution segmentation procedure using the Definiens software e-cognition was used by 

Tian et al. (2003) for a study site in Beijing (China). An object-oriented procedure for a study 

Category Parameter 

Structural Exposure Number of Structures 

 Built-up density 

 Building height 

 Roof type 

 Building age 

 Urbanization rate 

 Sealed areas 

 Open spaces 

Population structure Residential occupancy 

 Commercial occupancy 

 Population estimates  

Demographic proxies Economic wealth 

 Poverty 

Population development Population growth rate 

 Migration rates 
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site in Brazil using Quickbird imagery is suggested by Centeno and Miqueles (2004). They 

implemented the methodology of Haala and Brenner (1999) in an object-oriented 

classification procedure for a study site in Brazil using Quickbird imagery and derived 6 land-

cover classes including trees, grass, roads, yards, roofs and bare soil. Extensive studies on 

extracting geometric characteristics from IKONOS imagery can be found in Baltsavias et al. 

(2001), Fraser et al. (2001), and Son and Dowman (2001). Another approach for building 

footprint delineation is documented by Liu and Prinet (2005). They applied probabilistic 

models for extracting buildings from high-resolution panchromatic images in dense urban 

areas. Probability functions are computed for regions extracted from a previous 

segmentation. Haverkamp (2004) used an edge-based procedure to extract building 

footprints from IKONOS panchromatic imagery. Sohn and Dowman (2001) have proposed a 

method of extracting polygons from Ikonos images by analyzing the edges of buildings. 

In addition, knowledge based approaches have been developed for exemplary studies (see 

Ameri, 2000; Heuel and Kolbe, 2001; Suveg and Vosselmann, 2001). Further studies for 

obtaining parameters through segmentation or feature extraction have been conducted by 

Collins et al., 1995; Weidner and Forstner, 1995; Forstner, 1999; Fradkin et al., 1999; 

Eidenbenz et al., 2000; Heuel and Kolbe, 2001, and Kim et al., 2001.  

A software package for built-up area recognition, so called BREC, was developed by Paolo 

Gamba at the University of Pavia in collaboration with ImageCat. This software is able to 

automatically analyze, extract, and rectangularize building outlines, plus derive approximate 

heights from remotely sensed images. In a frank assessment of its limitations, Gamba et al. 

(2009) note that BREC, in some cases, encounters difficulties in complex urban settings, 

characterized by complex-shaped roofs and low contrast with surrounding ground surfaces 

(Tian et al., 2007). This challenge is also common to commercial object-oriented software 

such as Definies’s e-cognition (Gusella et al., 2008).  

In addition to building outlines as a two-dimensional parameter, techniques have been 

developed to extract three-dimensional shape information from satellite images. Haala and 

Brenner (1999) used a detailed digital terrain model based on laser scanning data to define 

regions of interest (ROI). Combing these ROIs with building outlines, singles buildings are 

delineated. This approach is limited to flat, gable and hip roofs. This ROI approach is 

adapted by Ameri (2000) to automatically identify building roofs. Using the methods of least 

squares flat and roof areas are identified and combined to three-dimensional roof polygons 

which serve as a basis for a rough building model. The development of TOBAGO (Topology 

Builder for the Automated Generation of Objects from Pointclouds) and ARUBA (Automatic 

Reconstruction of Sub-Urban Buildings from Aerial Images) by Henriccson and Grün (1999) 

form the basis for the so called Cyber City Modeller. Building roofs are measured as 3D 

point clouds. For different buildings types, roof models are calculated and stored in an object 

catalogue. In case a new point clouds is measured, it is compared to the models stored in 

the catalogue. The texture of roofs and walls are extracted by projection of the models into 

the aerial photos. The 3D models developed by CyberCity can be implemented into 

GoogleEarth. The software package ObeX is developed by Gülch et al. (1999). With ObeX in 

a first step, a building is selected from aerial photographs and its building outline is defined 

by explicit points set by the user. For example, in case of a gable roof, three points need to 

be set: One ground point and two gable points. Krauß et al. (2007) presented an approach 

for developing a simple 3D urban model using two high-resolution stereo Ikonons images for 

test sites in Athens (Greece) and Munich (Germany). The resulting city model does not 

include texture information. 
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2.1.2 Building height 

In the case of height, existing methods include calculation from manual extraction using 

rational function algorithms (Sarabandi et al., 2008) and shadows. Shadow analysis is 

employed by Noronha and Nevatia (2001), Lin and Nevatia (1998) and Mirua and 

Midorikawa (2006) to generate roof heights. In complex urban environments, prior studies 

have also employed manual digitization for height extraction. Ration function-based 

digitization through tools such as Silvereye and MIHEA offers the greatest level of detail and 

supports height extraction. These methods however are restrictive in terms of input data, 

requiring specific off-nadir satellite imagery. Stereoscopic satellite data (Baltsavias et al., 

2001) have been widely employed for building extraction. Correlation- and pyramid-based 

matching (Haala and Bremer, 1999) of scenes that provides a realistic 3-D reconstruction of 

the scene, from which height data can be extracted in point format. Elevation may be 

computed from points corresponding with roof vertices (Forstner, 1999; Suveg and 

Vogelman, 2001; Baltsavias et al., 2001; Nevatia and Price, 2002), trough the use of planar 

and apex roof models (Kim and Choi, 1995), or using multi-triangulation with back projection 

to the ground level as defined by a terrain model (Heuel and Kolbe, 2001; Suveg and 

Vosselman, 2001; Rottensteiner and Jansam, 2002). Elevation readings are also 

interpolated from a continuous digital model (Haala and Brenner, 1999; Nevatia and Price, 

2002) from which  a building may be crudely located (Kim et al., 2001), using standard 

image processing software (Weidner and Forster, 1995; Jaynes et al., 1997). Detailed 

building delineation requires a very high resolution DEM, such as that obtained by Vestri and 

Devernay (2000) using multiple views.  

Sarabandi et al. (2005) implemented a 3D reconstruction algorithm in the software package 

MIHEA (Mono-Image Height Extraction Algoritm) which used a rational polynomial 

coefficients (RPCs) as a camera replacement model.  MIHEA provides a graphical user 

interface enabling user to interactively select ground-point and its corresponding roofpoint as 

well as other rooftop points on a building (Sarabandi et al. 2005). For each building a set of 

spatial and structural attributes such as height can be calculated.  

With existing methodologies, problems arise from the discrimination between buildings and 

other elevated objects such as trees. Therefore elevation information was utilized in a 

number of studies, solely or in combination with satellite imagery. Gamba et al. (2002) used 

SRTM data to identify buildings. To estimate the underlying terrain, they created a lower-

resolution ‘bare earth’ DEM and subtracted it from the original SRTM layer. The remaining 

areas with sufficient height were considered as buildings. A similar approach has been used 

by Brunn and Weidner (1997) to distinguish between vegetation and buildings. Guo and 

Yasuoka (2002) used Ikonos imagery combined with height information from DMS for 

building extraction. The increasing geometric resolution of airborne SAR systems offers the 

opportunity to use these technologies for data generation in urban areas (Balz and Haala, 

2005). Height information derived from laser scanner was applied for building detection 

(Maas and Vosselman, 1999; Haala, 1994). Haala and Brenner (1999) applied a pixel-based 

classification combining multi-spectral information and geometric information from laser 

scanner.  
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2.1.3 Building Geometry / types 

The detailed reconstruction of individual structures is widely documented in the literature. 

Studies transcend the full range of geometric complexity exhibited by the subset of 

rectilinear structures. Here , the focus is on achieving a faithful representation of building 

geometry, emphasizing factors including roof types and pitch in addition to footprint area and 

height (see for example Brenner and Haala, 1998; Chilton et al. 1999; Ameri, 2000; Suveg 

and Vosselman, 2001). Alternative classes of building models are defined by Weidner and 

Forstner (1995) and Brenner (2000), bit receive comparatively little attention. Suveg and 

Vosselman (2000, 2001) concentrate on generic low-rise flat or simple peaked roof 

structures. More complex multi-wing and L-shaped arrangements are featured by a number 

of authors (Huertas et al., 1993; Nevatia et al., 1997; Noronha and Nevatia, 1998; Axelsson, 

1999; Stilla and Jurkiewicz, 1999; Brenner, 2000, Gamba and Housmand, 1999, 2000; 

Stassopoulou and Caelli, 2000, and Kim et al., 2001).  Jaynes et al. (1997) and Heuel and 

Kolbe (2001) reconstruct a wider a range of more complex structures using a top down 

approach, where building primitives are matched to a family of prototypes. 

2.2 SEALED AREAS / URBAN AREAS 

Impervious or sealed surfaces refer to any surface that water cannot infiltrate (Bauer et al., 

2004).  Anthropogenic impervious surfaces can be generally defined as any materials, such 

as rooftops, parking lots, sidewalks, and roads (Arnold and Gibbons, 1996). Impervious 

surfaces are widely used to identify urban areas, since urban areas are characterized by a 

larger fraction of built-up areas than rural areas. Detection and outlining of urban areas from 

remotely sensed data has been extensively studied in the past using optical (Kaya and 

Curran, 2005) and night-time light data (Imhoff et al., 1997), particularly effective for 

developed countries where night-time illumination of settlements is widespread (Polli et al., 

2009). Existing methodologies to extract impervious surfaces range from pixel- based, 

unsupervised classification, supervised fuzzy classification to sub-pixel analysis. Thomson 

(2002) used an unsupervised clustering routine (ISODATA) for all spectral bands of the 

Landsat TM scene to different land cover types including impervious areas in Bangkok 

(Thailand).  Niebergall et al. (2007) used a maximum likelihood classification method to 

distinguish impervious surfaces, vegetation and open spaces from Quickbird images.  Using 

the land use classification system of the USGS, Van der Sande (2003) developed an image 

classification scheme including built-up area classes. This scheme was realized using an 

advanced region growing and knowledge-based segmentation approach and applied to 

Ikonos-2 images for a study site in the Netherlands.  

Two major approaches - fuzzy classification and spectral mixture analysis - have been 

developed for estimating impervious surfaces fraction from remotely sensed data (Ji and 

Jensen, 1999; Rashed et al. 2001; Phinn et al. 2002). Benz et al. (2004) used a hierarchical, 

object-oriented approach based on fuzzy logic functions to extract impervious surfaces. A 

similar approach with Definiens Developer was utilized by Stow et al. (2007) to delineate 

different sealed land cover classes.  

Virtually every pixel in an urban area represents a mixture of different land cover types, 

including grass, tree, roads, and buildings. Pixel level analysis often represents a mixture of 

spectral features that may come from different types of land cover / land use and may create 

considerable spectral confusion among urban land-cover types (Xian, 2007). Remote 
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sensing techniques have been developed to deal explicitly with this heterogeneity problem at 

a sub-pixel level (Ji and Jensen, 1999; Yang et al., 2003). Sub-pixel analysis breaks down 

the mixed pixel into percentages of its components based on spectral characteristics and 

provides quantifiable measurements of impervious surfaces (Xian, 2007). Sub-pixel 

imperviousness change detection provides multi-temporal urban land cover / land use 

change information which enable the analysis of urban dynamics (Yang et al., 2003; Xian et 

al., 2005). Xian (2007) developed an integrated sub-pixel imperviousness assessment model 

(SIAM) approach to quantify multi-temporal variations of urban spatial extents and 

development intensities. Wu and Murray (2007) used four end members to determine the 

impervious surface fraction.   

In addition to the aforementioned methods and techniques, a number of indices have been 

developed to extract impervious surfaces (for an overview see Villa, 2007). A prominent 

example is the Normalized Difference Vegetation Index (NDVI) which is the quotient of the 

difference and sum of these two datasets (Mather, 2004). The NDVI values vary in relation 

to the absorption of red light by plant chlorophyll and the reflection of infrared radiation by 

water-filled leaf cells. NDVI values range between -1 and 1, with values of 0,5 for dense 

vegetation and values < 0 indicating no vegetation e.g. impervious areas. The more 

sophisticated index is the Soil Adjusted Vegetation Index (SAVI). The Urban Index (UI) yield 

high positive values for artificial surfaces and negative values for vegetated regions. For 

exemplary studies on impervious surface detection using the NDVI and other indices see 

Jensen and Cowan (1999). 

One advanced index developed by Ridd (1995) is the vegetation – impervious surface – soil 

(VIS) model. It assumes that land cover is a linear combination of three components: 

vegetation, impervious surface, and soil (Weng and Lu, 2007). This model has been 

successfully implemented with digital analysis methods (see for example Rashed et al., 

2001; Phinn et al., 2002; Wu and Murray, 2003; Lu and Weng, 2004). Wu and Murray (2003) 

used spectral mixture analysis (SMA) to analyze impervious surface distribution in Columbus 

(Ohio, USA) and found that impervious surface can be estimated using linear regression 

model of low and high albedo endmember fraction. Lu and Weng (2004) improved the land 

cover classification accuracy with SMA and developed a conceptual model for characterizing 

urban land cover patterns based on a case study of Indianapolis, Indiana. The VIS model 

encounters some problems in identifying impervious surfaces. First, in some cases 

impervious surfaces such as residential areas and soil are difficult to distinguish due to 

spectral similarity. Second, due to the complex mixture of different components impervious 

surfaces are difficult to distinguish as an endmember based on remote sensing data. Third, 

shadows are not considered in the VIS model which is problematic in urban areas with a 

large variety of tall buildings.  

2.3 CRITICAL FACILITIES 

Critical facilities are of special importance and characterised by the peculiarity of their 

equipment. Among others, health-care facilities such as hospitals can be classified as 

geometric parameters as health-care facilities are in general located in buildings. However, 

information on the internal equipments, structural and non-structural components cannot be 

derived from satellite imagery. The same is true for operating theatres which cannot be 

identified from space. Another considered critical facility is the urban fire fighting system. A 

fire fighting system is a complex system of buildings (stations), warehouses, water reservoirs 
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and water supply points. For the identification of buildings and warehouses, the existing 

techniques are reviewed in section 2.1. Water reservoirs, in case they are not covered, can 

be identified using methodologies to identify water areas in general. In case of water supply 

points, the spatial resolution of the satellite imagery with a pixel size ranging from 2m to 

0,5m is not sufficient to identify technical equipment at this small scale.  
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3 Structural exposure – inferred parameters 

In the following chapter, existing techniques to infer structural exposure parameters by 

combing geometric information derived from satellite images and secondary, ancillary 

information is provided.  

3.1 BUILDING AGE / URBANIZATION RATE 

The moderate resolution Landsat images are available for the time period since 1972. 

Therefore, they allow for a multi-temporal analysis of urban areas and, thus to estimate the 

building age. Taubenböck (2007) developed object-oriented hierarchical approach, 

combining spectral features with shape, neighborhood and texture features to determine the 

urban growth in the city of Istanbul between 1975 and 2000 using Landsat images. Based on 

the determined building age, Taubenböck (2007) also inferred the seismic building standard 

of specific buildings. Using a similar approach, Taubenböck et al. (2008) utilized the Landsat 

time series to analyze the spatio-temporal changes in Indian megacities between 1972 and 

2001. They developed a land cover classification including built-up areas as a class to 

determine the absolute urban extent for the image acquisition year and the urban growth for 

the time periods in-between. Based on the determined absolute, spatial urban growth, the 

annual urbanization rates are delineated. 

The change of urbanization i.e. the urbanization rate has been monitored in many studies 

using techniques of change detection and land-use classification. The common approach 

includes two methodological steps. First, the urban area is detected from satellite images for 

different point in time (for a review of existing techniques see section 2.2). In a second step, 

the urbanization rate is determined by calculating the absolute increase or decrease of the 

urban areas between the image acquisition years and the calculating the annual 

urbanization rate by the diving the absolute change in urbanized areas by the number of 

years. For example see Jensen and Toll, 1982; Martin 1989; Martein and Howarth, 1989; 

Quarmby and Cushnie, 1989; Haack et al., 1996; Kressel and Steinocheder, 1996; Yeh and 

Li, 1996; Kwarteng and Chavez, 1998; Chen et al., 2000; Masek et a.,l 2000; Yeh and Li, 

2001.  

3.2 NUMBER OF BUILDINGS 

In order to be able to determine the number of buildings in a certain area, individual buildings 

need to be identified at first (see section 2.1). From a spatial resolution perspective, the 

identification of single buildings is feasible from very high resolution satellite images such as 

Quickbird or WorldView 2. 
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3.3 RESIDENTIAL OCCUPANCY, COMMERCIAL OCCUPANCY 

The occupancy of a building is referred to as the usage of the building and is often utilized to 

categorize the building inventory of a site. Some buildings may have multiple occupancies. 

These are referred to as "mixed occupancies" and the different occupancy of each story is 

categorized separately. From a remote sensing perspective, building occupancies can be 

delineated from the composition of a building i.e. roof type, height, foot print area. For 

example, large rectangular buildings with one or two storey are more likely to be 

commercially or industrially occupied than being of residential occupancy. It is important to 

note that delineating a buildings occupancy only based on personal judgment of the image 

interpreters requires extensive background knowledge on the local conditions of the study 

site. In many cases, ancillary information such as cadastral data has to be employed. 
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4 Infrastructure – geometric parameters 

Infrastructure mapping, both in terms of object detection and geo-location (Youwang et al., 

2009) and monitoring of status (Kavzoglu et al., 2009) is also performed using remotely-

sensed data. Roads are usually the type of infrastructure considered in remote sensing-

based mapping (Valero et al., 2009), but other structures such as bridges (Soergel et al., 

2007) or isolated poles/antennas are sometimes considered. BREC already has some 

infrastructure mapping capabilities, which include mapping connecting roads (Dell’Acqua et 

al., 2001). BREC was developed within the Remote Sensing Group at the University of 

Pavia, and is currently used for different feature extraction purposes in high-resolution 

images.  

4.1 TRANSPORTATION INFRASTRUCTURE 

Road and rail networks and harbor system are considered as transportation infrastructure.  

4.1.1 Streets / Road networks 

A number of methods have been applied to road and road condition mapping. A 

comprehensive review of existing methods and approach for road extraction from satellite 

images can be found in Wiedemann (2001), for road extraction from aerial image please 

refer to Mayer (1998) and Baumgartner (2003). The common working hypothesis for street 

detection is that the road feature in the satellite image is a linear segment with approximately 

1 – 3 pixels (Yan and Zhao, 2003).  

An early attempt to extract roads from images was made by Fischler et al. (1981). They 

applied the Dudo Road operator (DRO) on low resolution aerial images to detect roads and 

linear structures. Using moderate and high resolution image, a range of methods for road 

detection and tracing have been developed. Aviad and Carnine (1988) developed a module 

to detect the middle axis of streets based on the extraction of edge pixels as potential street 

edges.  

Yan and Zhao (2003) utilized Quickbird images to extract road patterns based on image 

textures, shapes, patterns and change of local intensity. For a test site in Washington D.C. 

(USA), they used the low illumination and saturation of the asphalt roads compared to 

concrete and other urban surface materials to identify street segments. An approach for 

street extraction which emphasises the network characteristic of streets was developed by 

Wiedemann and Hinz (1999). The approach uses multispectral images with a spatial 

resolution of 2m – 4m (Wiedemann and Ebner, 2000). In a first step, linear structures are 

extracted and weighted based features like length, width and contrast. In a second step, 

probability of a linear segments belonging to the street network is calculated based on the 

previously assigned weight. The software BREC (Built-up area RECognition) was used to 

semiautomatically detect road networks from high resolution satellite images by Polli et al. 

(2008). Demin (2001) developed a heuristic approach based on a 3-stage reasoning concept 

for road network extraction. A recent approach is based on image spectrometry and offers 
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the potential of improved road quality mapping over large areas (Herold et al., 2007). The 

use of imaging spectrometry for detailed road surveys requires fine spatial resolution data on 

the order of 0.5 to 1 m. Herold and Roberts (2005) developed pavement health indicators 

using hyperspectral band rations, for example the pavement condition index (PCI).  

4.1.2 Rail networks 

Rail networks are part of the urban transportation system. Some elements of the rail network 

can be visually extracted from the satellite imagery including tracks, bridges, embankments, 

retaining walls. However, signals and power supply system cannot be identified due to 

insufficient resolution.  

4.1.3 Harbor system 

Due to the complex nature of harbor systems, this kind of critical facility cannot be 

automatically extracted from optical satellite imagery. The potential of remote sensing is 

limited to the visual identification and manual extraction of single structural elements such as 

cranes and buildings.  

4.2 UTILITY NETWORKS 

The utility networks include electricity, gas and oil pipelines, water and waste-water systems. 

The potential of optical satellite imagery for the assessment of utility networks is limited to 

structural elements such as pipelines, distribution stations, and tanks.  
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5 Socio-economic parameters 

The advent of satellite sensors with high spatial resolution such as IKONOS and Quickbird 

has renewed the interest in using remotely sensed data for social science research. The 

integration of socioeconomic data with data from earth science was termed “pixelizing the 

social“ by Geoghegan et al. (1998). For example, the CIESIN's Socioeconomic Data and 

Application Center (SEDAC) developed a globally gridded population data set by 

transforming population census data to a grid of 2.5' by 2.5' latitude-longitude cells 

(Deichmann et al., 2001). Another way of integration applies in the opposite direction. 

Following Geoghegan (1998), this procedure can be called “socializing” the pixel. This 

involves the inference of socioeconomic information from physical measures determined by 

remote sensing, sometimes in combination with ancillary data.   

5.1 POPULATION 

Population estimates can be derived on different spatial scales: counts of individual dwelling 

units, measures of urban extent and land-use / land-cover classification (Jensen and Cowen, 

1999). The most accurate method for population density estimation is to count individual 

dwelling units.  Livermann (1998) points out that these estimates required a spatial 

resolution of the imagery that supports the identification of individual structures. The new 

generation of high resolution sensors meets this criterion, with a spatial resolution ranging 

between 1.80 m – 0.6 m. Despite technical progress in the field of feature extraction, only a 

few authors link the single building footprint to the number of dwelling units, the number of 

inhabitants and thus to the population density.  Instead a number of examples are 

documented on the application of very-high-resolution satellite imagery to distinguish zones 

of similar buildings. Taubenböck and Roth (2006) applied the concept of urban 

homogeneous zones (Anas et al., 1998) on IKONOS imagery for sample test sites in 

Istanbul. The number of houses was calculated by combining the remotely sensed built-up 

areas for each zone and the average number of inhabitants acquired from field work. Souza 

et al. (2002) evaluated the utility of IKONOS images for population estimates for Sao Jose 

dos Campus (Brazil) using GIS technologies. They identified intra-urban areas with similar 

residential occupancy features - so called homogeneous zones. Afterwards they applied 

official census sectors within these zones and counted the number of houses for each 

sector. Despite the high accuracy, this manual technique was tested for sample areas. Liu 

(2006) explores the possible correlation between the population density and textures in 

IKONOS images for a study site in Santa Barbara County. This study is based on the 

assumption that neighborhoods with similar housing characteristics tend to have similar 

population densities. Liu (2006) concludes that despite the strong signature of the housing 

characteristics on the built-up texture of the image, texture alone is unlikely to be sufficient, 

and that additional interpretation keys have to be explored to achieve satisfactory accuracy.  

While it has been established that very-high-resolution satellite imagery can be used to 

identify urban development, the fundamental spatial unit upon which to base population 

estimates needs to be considered carefully. The term dwelling does not necessarily refer to 

single buildings but to “a housing unit someone is living in”. This means a number of 
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dwellings could be co-located within the same structure which has been remotely extracted 

as a single building. With the terminology not explicitly defined, confusion arises from studies 

in which dwelling density has been calculated from moderate to low resolution images. From 

a technical perspective the delineation of built-up areas and impervious surfaces is feasible 

at resolutions of between 80m (Landsat 4 and 5) and 30m or 15m for Thematic Mapper and 

Landsat 7, but the extraction of dwelling units as single buildings are not. Despite this 

confusion, studies on the application of low to moderate resolution satellite imagery for 

population estimates are found in the literature. Lo (1995) applied a pixel-based 

classification on Thematic Mapper image for Hong Kong. For Sydney, an estimation of the 

dwelling density was conducted using Landsat data (Forster, 1985). Population estimates 

combing moderate resolution satellite imagery and census data were conducted by Li 

(2005).  

Another socio-economic field where remote sensing is applied is quality of life indicators. 

These indicators are used to assess the well-being of inhabitants in terms of house 

characteristics.  Lo and Faber (1997) utilized the normalized difference vegetation index to 

measure quality of life in Georgia from Landsat TM imagery. They found that greenness was 

positively related correlated with the income and median home values and negatively 

correlated with population density. In contrast, Emmanuel (1997) concluded from a study 

conducted for Detroit that the increasing greenness is strongly correlated with social decay, 

such as poverty rates. This demonstrates the various possibilities of relationship inference 

for socio-economic measures. Wirgley (1995) points out the lack of practical methods to 

draw meaningful inferences about relationships between physical and socio-economic 

measures.   

Limited examples of relationship inferences from physical parameters to socio-economic 

measures relating to population density are also documented in the literature. For the 

Brazilian Amazon region, Wood and Skole (1998) used census data based on administrative 

units, together with forest cover changes derived from remote sensing, to infer relations of 

socioeconomic and demographic measures to clearing. They conclude that there is little 

correlation between clearing and population density, but a proxy variable for ownership 

conflicts between small land holders and ranchers, indicates that such conflicts might 

increase the likelihood of clearing. Pfaff (1999) investigated the potential of combining forest 

cover changes, population data and economic variables. The major finding was the impact of 

remotely sensed land characteristics such as soil quality or vegetation, together with the 

impact of factors that affect transportation costs considering distance to markets and road 

networks on deforestation rates. In agreement with the conclusions of Wood and Skole 

(1998), Pfaff did not find inference relations between deforestation and population density. In 

contrast, the findings of Geist and Lambin (2001) statistical analysis of deforestation case 

studies show that the geometric pattern of deforestation can be related to social measures. 

For example, the corridor pattern can be related to roadside colonization of migrants, and 

the patchy pattern with residual forest patches can be related to high population densities.  

Nearly all methods to describe spatial, textural, and contextural information in remotely 

sensed imagery are based on continuous gray-level pixel values (Haralick and Dinstein, 

1973; Gong et al., 1992). Spatial metrics is different from these methods in that its 

calculation is based on a categorical patch-based representation of the landscape within 

individual land-use regions (Liu and Herold, 2007). Patches are defined as homogeneous 

regions for a specific landscape property of interest such as land-cover categories “building”, 

“vegetation”, or “urban”. Metrics represent spatial heterogeneity at a specific spatial scale, 

determined by spatial resolution, spatial domain, and thematic definition of the map 
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categories at a given point in time. When applied to multi-scale or multi-temporal data sets, 

spatial metrics can be used to analyze and describe changes in the degree of spatial 

heterogeneity (Herold et al., 2005). Examples for spatial metrics are the percentage of the 

landscape covered by a certain land-cover / land-use class, the patch density, mean patch 

size, and standard deviation. The contagion index measures the extent to which landscapes 

are aggregated or clumped (O’Neil et al., 1988). Liu and Herold (2007) observed a positive 

correlation between population density and the amount of built - up area for a study site in 

Santa Barbara (USA). They conclude the more homogeneous the urban environment is, the 

lower the population density.   

An inferred social parameters related to the absolute population is the population growth 

rate. The population growth rate is defined as the change in the number of people in a 

population between two points in time, for example the annual growth rate. In order to 

calculate the population growth rate, the absolute population has to be known for two points 

in time. In many cases, the population count is available from Census or official 

enumerations. Information derived from remote sensing is not essential to calculate the 

population growth rate, as counting the population using satellite images is not feasible.  

The same applies to the calculation of the migration rate. The migration can be defined as 

the imbalance between people moving in and people moving out of a specific area for which 

the population growth is calculated. Different types of migration can be distinguished. Daily 

migration refers to the mobility of people of the course day i.e. people traveling to work in 

another city or district. With daily migration it is assumed that in general people return to the 

place they are registered at night time. In contrast, out and in migration refers to people 

moving in or out of a specific area i.e. register in a different district. To quantify the in and out 

migration, detailed information about the number of registered people for different time 

periods is needed.  

5.2 ECONOMIC WEALTH / POVERTY / QUALITY OF LIFE 

There are a number of approaches to infer economic information for a specific area. Lo 

(2004) used Landsat 7 EMT+ images to determine the surface temperature for Atlanta 

(USA). Lo (2004) analyzed the relationship between high surface temperature and high-

density urban areas (commercial and industrial) and identified these areas as areas with 

high employment density. Based on this observation, Lo constructed a zone-based 

regression model to quantify the relations between employments and surface temperature 

with census tract data.  

In addition to employment, the gross domestic product (GDP) can be estimated using 

remote sensing technologies (Elvidge et al., 1997; Sutton and Constanza, 2002). Recently, 

the night time images of the DMSP – OLS were utilized to generate global GDP estimates. 

The visible-near infrared band was used to recognize low levels of VNIR radiance which 

corresponds to areas with commercial and residential lights. This light information can be 

used as a proxy for economic activity and therefore to estimate the GDP. The nighttime 

images were also used to estimate the electrical power consumption (for examples see Lo 

2002, Amaral et al., 2005).  

Stow et al. (2007) utilized the vegetation patch density to infer the socio-economic statutes 

of different neighbourhoods in Accra (Ghana). In addition, previous studies have 
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demonstrated a clear correlation between the extent and brightness of nighttime lights and 

economic activity (Elvidge et al. 1997; Ebener 2005).  

Pacione (2003) states that two distinct types of social indicators to be used to measure 

social and individual well-being: objective indicators describing environments such as health 

care provision, crime, education, facilities, and housing and subjective indicators describing 

people’s perception and evaluation of their living conditions. Usually, subjective measures 

are based on questionnaires investigating people’s satisfaction about their lives. Objective 

measures are built on parameters such are population, material welfare, the social system, 

and physical environment. Remote sensing data provide a great source for extracting 

environmental variables for calculating quality of life indicators (QOL). Weber and Hirsch 

(1992) developed urban life indices by combining remotely sensed Spot data with 

conventional census data, such as population and housing data, for Strasbourg (France). 

Three urban QOL were developed: housing index, attractiveness index, and repulsion index, 

each of them describing one aspect of quality of life.  Lo and Faber (1997) created QOL 

maps for Athens (Georgia, USA). For additional studies on deriving quality of life indicators 

using satellite image see Curry et al. 1997; Haack et al. 1997; Lo and Faber, 1998) 

Beside quality of life indicators, other proxies are used to determine the life conditions in 

different settlement types. Niedergall et al. (2006) used the building density to define 

different settlement types for test sites within the National Capital Territory of Delhi (India). 

Based on field data, Niebergall et al. (2006) linked the settlement type to the local life 

conditions and the supply situation. Niedergall et al. (2006) identified water related structures 

focusing on the identification of overhead water tanks, dams, sewage treatment plants, and 

water and sewage channels.  These structures were combined and used as an indicator 

regarding the water supply and the waste water disposal. Overhead water tanks as an 

independent water source for the building’s inhabitants provides a plus in the living standard. 

Another approach to analyze the quality of life is developed by Li and Weng (2007). Li and 

Weng (2007) used different urban variables derived from Census data for Marion County 

(USA) to analyse the correlation between these variable and the remotely extracted green 

vegetation. They found a positive correlation between income, median house value and 

median number of rooms and green vegetation, and negative relationships between green 

vegetation and density measures such as housing or population density and poverty. Based 

on their correlation analysis, Li and Weng (2007) developed three indices: economy, 

environment, and crowdedness index. Combining these three 3 indices, Li and Weng (2007) 

developed a quality of life indicator which represents different aspects of life quality.  

The advantages of applying remote sensing technologies to socio-economic information 

estimation can be summarized as follows. First, some socio-economic information, such as 

census data, cannot be obtained on a timely basis for the purposes of urban planning and 

management. Remote sensing imagery, however, can be obtained on a daily or monthly 

basis and thereby has the potential for providing updated socio-economic information. In 

some cases, remote sensing imagery may be the only reliably source for estimation socio-

economic information. Finally, remote sensing technologies are very important for the 

estimation of these parameters on a larger scale (Wu, 2007).  
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Table 3: Preliminary list of indicator used for social vulnerability analysis used in Syner-G 

Indicator Base Indicators Description Potential of 

assessment by optical 

satellite imagery 

Household Size Average number of 

household size, total 

number of households in 

each LAU 

not visible in the image 

Residential 

Population 

As a percentage of 

population 

inferable from the image 

Commercial 

Population 

As a percentage of 

population 

inferable from the image 

Educational 

Population 

As a percentage of 

population 

inferable from the image 

Industrial Population As a percentage of 

population 

inferable from the image 

Commuting 

Population 

As a percentage of 

population 

inferable from the image 

Hotel Population As a percentage of 

population 

inferable from the image 

Population 

Population Growth Rate of population growth inferable from the image 

Single Family Units Households living in SFU detectable (automatic) 

Multiple Family Units Households living in MFU detectable (automatic) 

Tenure Type Percentage of households 

owned by householder 

Percentage of households 

rented by householder 

not visible in the image 

Rental Vacancy As a percentage of 

housing  

not visible in the image 

Housing 

Building Permits Number of Building 

permits for new 

construction 

not visible in the image 
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Indicator Base Indicators Description Potential of 

assessment by optical 

satellite imagery 

Age Vulnerable age groups 

(measure by the 

percentage of population 

under 5, under 16  and 

above 65 years old) 

not visible in the image 

Family Structure Number of single parent 

households, 

Number of dependents in 

households 

not visible in the image 

Gender Number of females not visible in the image 

Education Percentage of illiterate 

population (or less than 

 9th grade education) 

Percentage of population 

with high school degree 

Percentage of population 

with university degree 

not visible in the image 

Disability (different 

types of disability if 

available) 

Disabled population 

(measured by the number 

of disabled residents) 

not visible in the image 

Percentage of foreign 

(international) migrant 

population, Percentage of 

rural (internal) migrant 

population 

not visible in the image 

Demography 

 

Internal/International 

Migration 

Percent of population who 

are living more than 5 

years in the given 

administrative unit (  this 

gives an indication about 

migration within the urban 

environment)  

Percent of population who 

are living less than 5 years 

in the given administrative 

unit  

not visible in the image 
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Indicator Base Indicators Description Potential of 

assessment by optical 

satellite imagery 

Political Participation Number of registered 

voters as a percentage of 

population 

not visible in the image 

Religious Centers Number of churches or 

other religious centers (per 

capita) 

not visible in the image 

Sense of Place Percentage of population 

born in Thessaloniki 

not visible in the image 

Community 

Volunteers Number of active or 

registered volunteers in a 

community (for the given 

administrative unit). This 

give indication about level 

of institutional social 

solidarity 

not visible in the image 

Welfare  Percentage of population 

receiving welfare or 

dependent on other social 

services 

not visible in the image 

Employment Percentage of population 

not employed 

Type of employment (by 

sector: public sector, 

private sector, privately 

owned jobs, etc.) 

not visible in the image 

Single-sector 

Employment 

Single sector employment 

(% primary sector + 

tourism) 

not visible in the image 

Economic 

Poverty Level Measure by the 

percentage of population 

living in poverty based on 

income distributions 

not visible in the image 

Medical 

Capacity and 

Health 

Physicians Number of Physicians (per 

1000 population, per 

hospital) 

not visible in the image 



Socio-economic parameters 

 29 

 

Indicator Base Indicators Description Potential of 

assessment by optical 

satellite imagery 

Hospitals Number of Hospitals beds 

(per 1000 population, per 

hospital) 

not visible in the image 

Hospitals Number of hospitals with 

intense care units (this 

indicator will help 

developing accessibility 

models and injury 

allocation) 

not visible in the image 

Access 

 

Health Coverage Number of population with 

health coverage 

not visible in the image 

Security Crime Rate Number (and type) of 

crime incidents 

not visible in the image 

Transport Car Ownership Percentage of population 

without own vehicle 

not visible in the image 

Municipal 

Expenditures 

Expenditures for LAU on 

fire, police, emergency 

services as a percentage 

not visible in the image 

Emergency 

Management Plan 

Yes/No not visible in the image 

Hazard Mitigation 

Plan 

Yes/No not visible in the image 

Institutional  

Volunteer 

Participation 

Number of volunteers as a 

percentage of population 

not visible in the image 
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6 Inventory parameter employed by MAEviz  

The loss estimation software MAEviz employs a range of different attributes for vulnerability 

assessment and seismic risk analysis of assets and urban systems. In this chapter, the 

potential of optical satellite imagery to extract and / or infer these parameters is summarized. 

The summary is organized by parametric category. In Table 4, the structural exposure 

parameters considered by MAEviz are listed and the potential of extracting these parameters 

from optical satellite images is stated. In Table 5, the parameters to assess the social 

vulnerability are listed. 

Table 4: Structural exposure parameters considered by MAEviz 

Structural exposure   Potential of assessment by 

optical satellite imagery 

Medical care centres not visible in the image 

Schools not visible in the image 

Emergency operation centres not visible in the image 

Essential facilities 

Police and fire station visible in the image 

Nuclear power facilities detectable (automatic) 

Hazardous material facilities visible in the image 

Dams detectable (automatic) 

High potential loss 

facilities 

Levees detectable (automatic) 

Airport, bus, ferry visible in the image 

Highway detectable (automatic) 

Railway visible in the image 

Transportation lifelines 

Port visible in the image 

Communication facilities not visible in the image Utility lifelines 

Electric power facilities visible in the image 
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Natural gas facilities detectable (manual) 

Natural gas major transmission detectable (manual) 

Oil facilities detectable (manual) 

Potable water facilities detectable (manual) 

Waste water facilities detectable (manual) 

Structural exposure 

Oil major transmission pipelines detectable (manual) 

Building occupancy Residential detectable (automatic) 

 Commercial detectable (automatic) 

 Industrial detectable (automatic) 

 Education not visible in the image 

 Government not visible in the image 

 Agriculture detectable (automatic) 

 Religious use groups not visible in the image 

Building material Wood not visible in the image 

 Steel not visible in the image 

 Cast-in-place concrete not visible in the image 

 Precast concrete not visible in the image 

 Reinforced masonry not visible in the image 

 Unreinforced masonry not visible in the image 

 Manufactured houses not visible in the image 
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Table 5: Social vulnerability parameters considered by MAEviz 

Social vulnerability Sub-parameter Potential of 

assessment by optical 

satellite imagery 

Age not visible in the image 

Income not visible in the image 

Gender not visible in the image 

Population growth inferable from the image 

Population 

Special needs population not visible in the image 

Quality of human settlements: 

housing type and construction, 

infrastructure, and lifelines 

visible in the image 

Tenure type not visible in the image 

Built environment visible in the image 

Family structure not visible in the image 

Commercial and industrial 

development 

inferable from the image) 

Other parameters 

Medical services not visible in the image 

Poverty level 

(measure by the percentage of 

population living in poverty) 

not visible in the image 

Lack of proficiency in English 

(measure by the percentage of 

population not proficient in English) 

not visible in the image 

Vulnerable age groups (measure by 

the percentage of population under 

five and above 65 years old) 

not visible in the image 

Vulnerability criteria 

Disabled population (measured by the 

number of disabled residents) 

not visible in the image 
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