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Abstract Building seismic vulnerability assessment plays an important role in formu-

lating pre-disaster mitigation strategies for developing countries. The occurrence of high-

resolution satellite sensors has greatly motivated it by providing a promising approach to

obtain building information. However, this also brings a big challenge to the accurate

building extraction and its coherent integration with the assessment model. The main

objective of this paper is to investigate how to extract building attributes from high-

resolution remote sensing imagery using the object-based image analysis (OBIA) method,

so as to accurately and conveniently assess building seismic vulnerability by the combi-

nation of in situ field data. A general framework for the assessment of building seismic

vulnerability is presented, including (1) the extraction of building information using OBIA,

(2) building height estimation, and (3) the support vector machine (SVM)-based building

seismic vulnerability assessment. Particularly, an integrated solution is proposed that

merges the strengths of multiple spatial contextual relationships and some typical image

object measures, under the unified framework to improve building information extraction

at different scale levels as well as for different interest objects. With the aid of 35 building

samples from two powerful earthquakes in China, the cloud-free WorldView-2 images and

some building structure parameters from field survey were used to quantity the grades of

building seismic vulnerability in Wuhan Optics Valley, China. The results show that all 48

buildings among the study area have been well detected with an overall accuracy of

80.67 % and the mean error of heights estimated from building shadow is less than 2 m.
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This indicates that the integrated analysis strategy based on OBIA is suitable for extracting

the building information from high-resolution remote sensing imagery. Additionally, the

assessment results using SVM show that the building seismic vulnerability is statistically

significantly related to structure types and building heights. Both the proposed OBIA

method and its integration strategy with SVM are easily implemented and provide readily

interpretable assessment results for building seismic vulnerability. This reveals that the

proposed method has a great potential to assist urban planners for making local disaster

mitigation planning through the prioritization of intervention measures, such as the rein-

forcement of walls and the dismantlement of endangered houses.

Keywords Building seismic vulnerability assessment � Object-based

image analysis � Building information extraction � Building height estimation �
Remote sensing

1 Introduction

The earth has witnessed many earthquakes that are enormous threats to human lives and

properties, particularly in China. It was reported that the number of deaths due to the

earthquake is 1,600,000 at the global, of which there are about 600,000 in China since

twentieth century; especially, 2008 Sichuan earthquake in China caused more than 87,000

people killed and missing with 845.1 billion Yuan in direct economic losses (Tesfamariam

and Liu 2010; Li et al. 2009). On April 14, 2010, the devastating earthquake that hit Yushu,

Qinghai province, killed more than 2,000 people and brought direct economic losses of 61

billion Yuan. Recently, the earthquake occurred in southwest China, Lushan County,

Sichuan province, on April 20, 2013, which killed 196 people, at least 11,826 injured and

resulted in nearly 400,000 houses damaged. All of them are the most painful memories in

China over the past decade. At the same time, the scale and pace of China’s urbanization

promise to continue at an unprecedented rate, with an explosive growth in population and

constructions. According to some statistics, more than 50 % population live in urban areas

and this number is still increasing (Lhomme et al. 2009; Li et al. 2011). It has given rise to

many significant changes to urban space in density and height. Some super tall buildings,

for instance, intensively appear in central urban districts and greatly meet the requirements

of urban dwellers for workplace and living space. The majority of people, however, do not

perceive the potential risk or harm that may result from the earthquake-induced building

collapse. When the earthquake happens, it may lead to more serious destruction to super

tall structures and densely built areas, which will bring thousands of people death and

millions of property damage (Kircher et al. 2006). In spite of a low probability of earth-

quake occurrence, the earthquake-induced building collapse will cause a higher mortality

in urban than in rural areas once a strong earthquake happens. As a result, it is critically

important and absolutely imperative to assess building seismic vulnerability for those

densely build areas of cities. This corresponds to the fact that the relative research focus

and interest has shifted from post-disaster reaction to pre-disaster mitigation strategies

(Mück et al. 2013). It can help us make some available and effective emergency man-

agement plans in advance, so as to reduce the level of human losses (Duzgun et al. 2011;

Gueguen et al. 2007; Jaiswal et al. 2010; Korkmaz et al. 2010; Lang 2002; Lang and

Bachmann 2004; Panagiota et al. 2012; Tesfamariam and Liu 2010; Vicente et al. 2011;

Yucemen et al. 2004; Merz et al. 2006; Geiß and Taubenböck 2013; Ehrlich et al. 2013).
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In terms of evaluation scale, building seismic vulnerability assessment methods vary

between two extremes (Mueller et al. 2006). One is the detailed method for individual

building and the other for larger areas by the efficient analysis method. The former requires

hard field survey to individual building and complicated numerical modeling. Although it

can provide reliable assessment results using some rigorous physical parameters from

seismic design, it is only suitable for a single structure damage forecast. The seismic

information of buildings, however, will increase exponentially as the evaluation area extent

enlarges (Gueguen et al. 2007). In this regard, the detailed method will be too time-

consuming and it is not convenient for the larger area (Mueller et al. 2006). Generally, the

building seismic vulnerability assessment is more suitable for larger areas, which has been

carried out with the aid of knowledge derived from the observation of damage in the past

seismic events (Duzgun et al. 2011; Lang 2002; Lang and Bachmann 2004; Roca et al.

2006; Tesfamariam and Liu 2010; Yucemen et al. 2004). The average building damage

ratio produced by the building seismic vulnerability assessment is relatively effective but

unreliable because some empirical parameters are difficult to acquire in time. Similarly,

with the detailed method, another disadvantage of the building seismic vulnerability

assessment is that a huge amount of the data is required when the study area is large.

Although the detailed method and the analysis method for large areas are intrinsically

different, both of them exist the same problem, that is, how to rapidly and accurately

acquire building seismic-induced damage attributes, such as building height and building

shape (Lang 2002; Lang and Bachmann 2004).

Actually, the accuracy of building seismic vulnerability assessment not only depends on

the assessment methods but also on the availability of the data and technology. Those

vulnerability-related building parameters are collected by two ways. Traditionally, they are

derived from manual investigation. Recently, more studies of large area building infor-

mation are based on extraction and inversion from remote sensing images (Mueller et al.

2006; Valero et al. 2008; Wu et al. 2012, 2013; Geiß and Taubenböck 2013; Pittore and

Wieland 2013; Ehrlich et al. 2013; Zhao et al. 2012). One important advantage of using

imagery is its wall-to-wall coverage of the earth surface and a short revisit time. It ensures

that vulnerability-related building parameters can be rapidly and effectively obtained in

large extent (Parolai 2013). As pointed out by Jensen and Cowen (1999), the spatial

resolution to detect each individual building using remotely sensed imagery should be

approximately 0.25–0.5 m. In the early stage, because the resolutions of conventional

satellite-based remote sensing sensors are too coarser, the extraction of typical building

attributes had been the domain of aerial imagery with 1-m or finer spatial resolution

(Jensen and Cowen 1999; Mayer 1999). The availability of commercial high-resolution

satellite imagery, such as IKONOS, QuickBird, and WorldView, has significantly facili-

tated the study of building attribute extraction for vulnerability assessment (Mueller et al.

2006; Panagiota et al. 2012; Valero et al. 2008). Satellite imagery can offer large cover

zone and abundant spectral bands at a more reasonable price than aerial photography. The

application of the high-resolution remote sensing imagery in the context of earthquakes has

been analyzed by many researchers (Eguchi et al. 2000; Mueller et al. 2006; Yamazaki

2001; Gillespie et al. 2007). The traditional pixel-wise interpretation methods, however,

are not suitable for high-resolution images because it suffers from ‘‘salt-and-pepper’’

phenomenon, which is attributed to the spectral heterogeneity and spatial variance (Dur-

ieux et al. 2008; Blaschke et al. 2000; Schiewe 2002). The object-based image analysis

(OBIA) is advantageous to deal with objects that are composed of homogeneous pixels and

thus reduce the computation load. Besides the spectral information, some important

building image characteristics, such as shape, texture, and contextual information, are also
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used to solve the problem of pixel confusion to improve classification accuracy. In spite of

some existing significant superiority of object-based image analysis in the field of remote

sensing interpretation, little systematic investigation has yet been done to apply OBIA to

extract the vulnerability-related building parameters, particularly to develop an appropriate

feature set for high-resolution image classification at different scales of interest (Benz et al.

2004; Blaschke 2010; Blaschke et al. 2000; Durieux et al. 2008).

The main objective of this paper was to investigate how to extract building attributes

from high-resolution remote sensing imagery using OBIA, so as to assess building seismic

vulnerability. The study was carried out in Wuhan Optics Valley, China, a national pho-

toelectric information technology industrialization base with thousands of high-tech

industries gathered that have experienced rapid development in recent years. Utilizing

high-resolution remote sensing imagery to evaluate building seismic vulnerability in

Optics Valley has important implications for many other high-density buildings of

metropolises around the world.

2 Study area and data

2.1 Study area

Wuhan Optics Valley, which is also named East Lake High-Tech Industrial Park, is located

in the capital of Hubei province with the area of 518 square kilometers. It is one of the most

significant production zones on optic fiber and cables (ranking the top three) and pro-

duction capacity for photoelectric devices (ranking the top five) around the world. As an

important technology engine of China, the same as Silicon Valley of USA, it is well known

as the national independent innovation demonstration zone in the South China, following

Zhongguancun, Beijing Venture Park in the North China.

With a massive increase in urban population and an unordered area sprawl, Wuhan

Optics Valley is characterized by high-rise and high-density buildings. We took a subset of

sample plot with 48 isolated buildings (shown in Fig. 1), which was carefully chosen to be

representative of the district building structure. It is divided into three residential quarters,

which are composed of multistory reinforced concrete and masonry structures. The

building storey ranges from 6 to 18. All of them are oriented southeast direction.

2.2 Data

Three kinds of data, including the high-resolution remote sensing imagery, the building

vulnerability samples, and the in situ filed data, were used to perform the vulnerability

assessment. The building spatial features were extracted from the cloud-free WorldView-2

images (114�390E to 114�480E and 30�410N to 31�510N). They were acquired on July 29,

2011 by DigitalGlobe. In this study, a 0.5-m panchromatic image and four multispectral

images with the resolution of 2 m were used. The multispectral bands of blue, green, red,

and near infrared are 0.45–0.51 lm, 0.51–0.58 lm, 0.63–0.69 lm, and 0.77-0.89 lm,

respectively. Its quantization level is 11 bits. They were further rectified to the Universal

Transverse Mercator project system (datum WGS84, UTM Zone N38). To utilize high-

resolution geometric features of the panchromatic image and the plentiful spectral infor-

mation of multispectral images, both of them were synchronously imported into eCogni-

tion Developer 8.7.
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The second kind of data is the building vulnerability sample data, which involve a

training set of 35 buildings and a testing set of 3 buildings. According to the European

Macroseismic Scale 98 (Blong 2003), those buildings with reinforced concrete structure

and masonry structure will suffer a certain damage grade in a given seismic intensity as

shown in Table 1. For the sample data, each of the buildings has been assigned to the

corresponding damage grade. Among them, the training data of 35 individual buildings

were collected from the 7.8 magnitude Tangshan earthquake (on July 28, 1976) and the 7.3

magnitude Haicheng earthquake (on February 4, 1975). And then, 3 typical buildings

assessed by single force analysis method in advance were chosen to test those parameters

of SVM model derived from these training data. Because they are close to the study area, it

can provide a reliable verification for those parameters.

The third is in situ filed data, including building utilization, structure type, geology

condition, and seismic intensity. Because it is difficult to be available for them using high-

resolution remote sensing imagery, we can only obtain them through the field investigation

in the study area.

3 Methods

3.1 The general framework of building seismic vulnerability assessment

Figure 2 shows that the general framework of building seismic vulnerability assessment is

composed of a three-step processing chain, including (1) building information extraction

from high-resolution remote sensing imagery using OBIA; (2) building height estimation

Fig. 1 Location of the study area
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based upon trigonometric relationship between the sun elevation angle, satellite elevation

angle, and the shadow lengths; and (3) building seismic vulnerability assessment by SVM.

Step 1 The building information, such as building shapes and building shadows, was

extracted by OBIA methods from remote sensing imagery. As soon as the image pre-

processing (geometric correction and image enhancement) was conducted, multiresolution

segmentation was performed on the WorldView-2 images to create objects. Then, non-

shadow and non-building (i.e., road, water, vegetation, and bare soil) were excluded in

advance, following the generation of building hypotheses and shadow hypotheses at the

scale of interest. A series of optimization methods (i.e., thresholding, find enclosed by

class, and image smoothing) were used to improve them, so as to obtain the verified

shadows and buildings. With the aid of the verified shadows, the extraction of building

shape was further optimized.

Step 2 Building heights were inversed from the verified shadows. The verified shadows

were intersected with a series of parallel solar rays in ArcGIS software, and then we took

the average of the intersected lines to get the building shadow length. According to the

trigonometric relationship determined by the sun elevation angle, satellite elevation angle,

and the shadow lengths, the building height can be estimated.

Step 3 The building height and the in situ data were used to assess the building seismic

vulnerability based on SVM. The in situ data involve building utilization, structure type,

geology condition, and seismic intensity. Five damage grades are defined so as to deter-

mine the building seismic vulnerability: DG1, DG2, DG3, DG4, and DG5. In order to

achieve the visualization of seismic vulnerability assessment, the building shape was

incorporated into SVM result for mapping.

3.2 Extraction of building information based on OBIA

3.2.1 Object-based image analysis for high-resolution remote sensing

In order to explore the full value of remote sensing image, the appropriate information has

to be extracted so that some efficient decisions can be carried out (Benz et al. 2004;

Blaschke 2010). With the increasing spatial resolution of remote sensing imagery, such as

IKONOS (launched in 1999), QuickBird (2001), Orbview (2003), and WorldView (2007),

some detailed studies in the earth observation field based on remote sensing imagery

become more accurate and convenient (Jensen and Cowen 1999). Unfortunately, it is

widely acknowledged in recent decades that the traditional per-pixel approaches are

beginning to show drawbacks, such as the salt-and-pepper effect (Durieux et al. 2008).

Aiming at more efficient interpretation to high-resolution remote sensing, the OBIA

Table 1 Description of damage grades (adapted from EMS)

Damage
grade

EMS 98 Description

DG1 Negligible to slight damage No structural damage, slight non-structural damage

DG2 Moderate damage Slight structural damage, moderate non-structural damage

DG3 Substantial to heavy damage Moderate structural damage, heavy non-structural damage

DG4 Very heavy damage Heavy structural damage, very heavy non-structural damage

DG5 Destruction Very heavy structural damage
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methods are proposed to extract detailed information and made considerable progresses

(Benz et al. 2004; Blaschke 2010; Blaschke et al. 2000; Flanders et al. 2003; Holbling et al.

2012; Salehi et al. 2012; Tralli et al. 2005). Because OBIA has taken into account spectral,

shape, texture, and contextual information, it can exploit the full information of imagery. In

Fig. 2 The general framework of building seismic vulnerability assessment
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addition, the results of OBIA are expressed in vector format so as to be more appropriate

for combining with GIS data (Benz et al. 2004). Up to now, many scholars have made

valuable achievements in the OBIA application, which has demonstrated that OBIA is

superior to pixel-by-pixel image analysis, especially for spatially explicit information

extraction from high-resolution remote sensing imagery (Benz et al. 2004; Blaschke 2010;

Blaschke et al. 2000).

The principal strategies of OBIA are made up of segmentation and classification, which

address image analysis by image object not individual image pixel. Because objects at

different scales are linked to generate a hierarchical object network, multiresolution seg-

mentation can provide a close relationship between real-world objects and image objects

(Blaschke et al. 2002). As a matter of fact, it is a bottom-up region-based segmentation

algorithm that can deliver arbitrarily fine scales for each object of interest. For this reason,

we can not only extract vegetation or road at coarse scale but also discriminate individual

building or shadow at finer scales. Furthermore, some ambiguities can be greatly reduced

in terms of the relationships of neighborhoods, sub-objects, and super-objects (Benz et al.

2004; Blaschke 2010; Trias-Sanz et al. 2008). After image segmentation, many object

features such as spectral, shape, and contextual information, can be computed and used to

extract the objects of interest. Then, classification rules are executed on the image objects

based on a fuzzy classifier. Subsequently, image objects will be arranged to a class that best

meets the defined criteria (Benz et al. 2004; Blaschke et al. 2000; Flanders et al. 2003;

Frauman and Wolff 2006). Considering the OBIA applications on building-related

parameter extraction, the main challenge is how to design the classification strategy to a

special field from high-resolution remote sensing imagery.

3.2.2 Extraction of building shadow and building shape

In order to extract the building shape and its shadow, an integrated strategy was proposed

in this study, which is composed of segmentation and classification. Segmentation is a

fundamental step for classification. In our study, the multiresolution segmentation was

performed by different spatial scales with respect to sizes and shapes of various land

patches. Therefore, the remote sensing image was divided into different regions called as

image objects. Each of them is made up of similar pixels with minimum heterogeneity by

certain constraints. Taking into account the classification task that we only concentrate on

the extraction of building and its shadow, we made use of the maximum area rule to choose

scale levels as few as possible (Flanders et al. 2003; Huang 2003). Then, those objects of

non-building and non-shadow, including road, water, vegetation, and bare soil, were

detected in advance to exclude their influence on building shadow and building shape

identification. Road was extracted at coarse scale based on those two important object

features of the length and the ratio of length to width, whereas water, vegetation, and bare

soil were detected by Normalized Difference Water Index (NDWI), Normalized Difference

Vegetation Index (NDVI), and the ratio of the red band at medium scale, respectively

(Chen et al. 2006; Flanders et al. 2003; Jiang et al. 2008; Jin and Davis 2005). Thus,

building shadow and building shape can be extracted more accurately.

As soon as non-building and non-shadow were eliminated from the image, the building

shadows were detected so as to inverse the building height. In addition, the building

shadow can greatly improve the extraction of building shape as a constraint of building

verification (Benz et al. 2004). Among the high-resolution remote sensing imagery,

shadows are usually located in the darkest regions and accompany with buildings (Irvin

et al. 1989; Gerke et al. 2001). The shadow extraction methods could be grouped as two
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categories, including model-based and shadow property-based approaches (Lorenzi et al.

2012; Gamba et al. 1997). The former needs some necessary prior knowledge that is very

difficult to be available, while the latter identifies the shadow usually by pixel-based

analysis that is not suitable for high-resolution imagery. Motivated by the comparative

analysis on these two methods, an efficient solution originated from OBIA was designed to

extract building shadow. A hybrid strategy, which is made up of thresholding, spatial

geometric relationship, and shadow smoothing, was proposed to automatically extract and

verify shadow information. The threshold of brightness and area was chosen to detect and

refine building shadow in the process of thresholding. The brightness threshold was

exploited to examine the ‘‘dark’’ regions that contain not only other ‘‘dark’’ objects but also

shadows. Both of them are subjected to the shadow hypotheses. Then, area threshold was

used to reject some regions less than a given value, so that those small objects misclassified

as shadows can be eliminated. The spatial geometric relationship made use of finding

enclosed by class algorithm, which is capable of finding and classifying image objects that

are completely enclosed by image object belonging to certain classes, to complete missing

shadow objects. Finally, the reshaping algorithms were used to smooth the shadow edges

by growing and shrinking.

Building shape, another kind of building information, was also interpreted from high-

resolution remote sensing imagery using OBIA. The important application of building

shape in various fields has motivated the development of a number of methods to identify

building from remote sensing imagery (Gerke et al. 2001; Chen and Li 2011; Shi and Chen

2009; Sohn and Dowman 2007). For instance, the edge detection approaches are originated

from pattern recognition, machine vision, and artificial intelligence fields, but some

technical difficulties are desired to deal with (Liu et al. 2008). In addition, with the aid of

altitude data from digital surface model (DSM), light detection and ranging data (LIDAR),

and stereo images, the accuracy of building extraction has improved a lot, but they will

greatly increase the cost (Ekhtari et al. 2009; Fraser et al. 2002; Gerke et al. 2001; Haala

and Brenner 1999). Fortunately, the OBIA methods recently have developed rapidly and

reported successful applications (Durieux et al. 2008; Jiang et al. 2010; Liu et al. 2005; Luo

et al. 2009). In this paper, building shape was examined through the nearest-neighbor

classification and then verified by integrating spatial geometric relationship, class-related

feature, and building smoothing. Because of the large heterogeneity of building, detecting

the footprints of building on the analysis of a few features is difficult. For this reason, the

nearest-neighbor classification method was used to generate building hypotheses. Then, the

spatial geometric relationship was applied on the building hypotheses to complement

missing buildings through the finding enclosed by class algorithm. Additionally, a kind of

class-related feature, defined by the ratio of the shared border length to the total border

length, was used to eliminate misclassified objects. For example, building shape can be

distinguished from building hypotheses by the criterion that there is an adjacent rela-

tionship between building and shadow. Finally, the reshaping algorithms were chosen to

smooth the boundaries of the buildings.

3.3 Building height estimation

According to the geometric relationship between the building and its shadow, building

height can be computed. The relationship is defined by the sun elevation angle, satellite

elevation angle, and the shadow length (Hou et al. 2012; Irvin et al. 1989; Li and Zhai

2010; Shettigara and Sumerling 1998; Shao et al. 2011).

Nat Hazards (2014) 71:151–174 159

123



While a building is illuminated by the sun, its shadow part seen in the image depends on

the location of the sun and the satellite. Figure 3 shows that there is a linear relationship

between shadow length and building height, which can be simplified to the following

equation:

H ¼ ki � L2ði ¼ 1; 2Þ ð1Þ

where H is the building height, L2 is the shadow length seen by the satellite, and projection

coefficient ki is a function of sun elevation angle and satellite elevation angle, which is a

constant for a specific imagery.

As for the projection coefficient ki, there are two kinds of situation that involve the

trigonometric relationship. One is that the satellite is on the same side of the building from

the sun shown in Fig. 3a. The satellite is only able to see part of the shadow, so ki was

computed as follows:

k1 ¼
tan a� tan b
tan a� tan b

ð2Þ

where a is the satellite elevation angle and b is the sun elevation angle. The other situation

shown in Fig. 3b is that the satellite is on the opposite sides of the building from the sun.

The entire shadow can be seen from the satellite, and ki was calculated as:

k2 ¼ tan b ð3Þ
In fact, it is very difficult for us to directly calculate ki using Eq. (2) or (3) in many cases

that all of the azimuth and elevation angle of the sun as well as those of satellite are not

available from remote sensing imagery. In general, different buildings that locate among a

limited extent have the same projection coefficient because remote sensing only provides

an instantaneous measurement of building spatial features associated with its shadows. It

means that the projection coefficient ki is a constant for a given remote sensing image

within a specific small area. As a result, the building height can be computed directly

according to Eq. (1), which has two critical variables ki and L2. In our study, the projection

coefficient ki was inversed from building shadow length in remote sensing image using the

least square method, in combination with field investigation height from several repre-

sentative buildings. Figure 4 shows that the shadow length L2 can be acquired once the

building shadow was intersected with solar rays. As the boundaries of classified shadows

shown in Fig. 4a are rather irregular, the calculation of the shadow length L2 usually

becomes more complicated in practice than in theory. Figure 4b illustrates that a series of

parallel lines with a relatively small interval are to simulate solar rays along the projection

direction of the sun, according to its azimuths. Then, those polygons of building shadow

are intersected with solar rays by overlap analysis method and the results are presented in

Fig. 4c. To reduce the calculation errors of shadow length, the final results are obtained by

taking the average of intersected lines within each building shadow.

3.4 SVM-based building seismic vulnerability assessment

Support vector machine (SVM) was used to assess the damage grades of the buildings

based on building information combined with other in situ data. As a novel machine

learning method, the support vector machines were used for classification and regression

analysis. It is a supervised learning model from learning algorithms that analyze data and

recognize patterns. It is widely used for many applications such as image classification,
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text categorization, hand-written character recognition, and biosequence analysis (Cris-

tianini and Shawe-Taylor 2000). Tesfamariam and Liu (2010) concluded that it had

potential to assess building seismic vulnerability for the use of support vector machine. The

function of SVM in our study is to combine the building information derived from high-

resolution remote sensing image with the in situ data from field investigation perfectly,

allowing for a more accurate assessment of building seismic vulnerability under little

known building information.

SVM separates all data by creating hyperplanes in a high-dimensional feature space.

With the help of kernel function, the nonlinear mapping into a high-dimensional feature

space can be performed efficiently (Cristianini and Shawe-Taylor 2000; Gunn 1998). There

are four kinds of basic kernel functions: radial basis function (RBF), linear kernel, poly-

nomial kernel, and sigmoid kernel. It is very essential to choose suitable kernel and optimal

kernel parameters for the given application so that the model can perform better. RBF is

the most widely used kernel function, and the details of the SVM as well as justification of

RBF kernel function can be found in Hsu et al. (2003). Thus, the SVM model was

established through RBF kernel function using the building vulnerability sample data,

which involves training and testing sets. The training datasets were used to train the model,

while the testing sets to test the model by comparing the results with the single force

analysis method. Each instance of them has one class label (damage grade) and five

attributes (building height, building utilization, structure type, geology condition, and

seismic intensity). Finally, the building damage grades in a given earthquake intensity were

predicted and ranked according to the description provided in Table 1.

Fig. 3 Two end views of the sun–satellite–building configuration: a the sun and the satellite are on the
same side of the building, and b the sun and the satellite are on the opposite sides of the building

Fig. 4 The schematic illustration of building shadow intersected with parallel solar rays: a the outlines of
extracted building shadow, b the simulation of parallel solar rays along the projection direction of the sun,
and c the result of building shadow intersected with parallel solar rays using overlap analysis
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4 Results and discussion

4.1 The extraction results of building shadow and building shape

Figure 5 shows the extraction results of building shadow and building shape based on

OBIA presented in Sect. 3.2.2. All of them were accomplished using eCognition Developer

software (version 8.7).

The optimal scale for building shadow and building shape exaction is 30, and its

segmentation result is shown in Fig. 5a. At this scale, both building and its shadow were

segmented to several image objects and the edges of these objects were coincided with the

outlines of themselves. This attributes to the fact that building and its shadow are usually

small and contiguous, and may easily merge with other landscape patches in case of

segmentation at coarser scales. In addition, the coarser scale of 200 was optimal to detect

road, while the medium scale of 55 was appropriate for water, vegetation, and bare soil.

Considering that we only needed to examine building shadow and building shape in this

study, it was enough to select three above scales. These scales were chosen through the

criteria of maximum area method by expert visualization.

Some effective features and their interaction relations given in Table 2 were used to

classify the image objects derived from the multiresolution segmentation, which were

obtained through expert knowledge and observation. They distinguished non-building and

non-shadow from the segmented image objects in advance so as to reduce their negative

influences on identifying building shadow and building shape shown in Fig. 5b. For

instance, due to a rather distinctive line feature with narrow width, the threshold of object

length (b1� 308) and its ratio of length to width (b2� 4:7) was chosen to recognize road.

Similarly, water, vegetation, and bare soil were extracted by NDWI (b3� 0:32), NDVI

(b4� 0:3), and the ratio of the red layer (b5� 0:144), respectively. Of course, the selection

of these features and thresholds depends on diverse factors, such as the size difference in

geography objects, the number of land-use types, the spectral capacity of remote sensor as

well as the accuracy of radiometric calibration (Wei et al. 2008). Thus, these thresholds are

not constant for different study areas. To conveniently and accurately extract building and

its shadow, those objects of non-building and non-shadow classified at the scales of 200

and 55 were inherited into that of the scale of 30. As soon as the non-building and non-

shadow were accurately identified, the objects of building shadow and building shape

locating in the gray unclassified objects can also be extracted correctly, although there

were still a few road and bare soil objects contained within the gray area shown in Fig. 5b.

Then, the building hypotheses and shadow hypotheses were generated shown in Fig. 5c.

Because shadow hypotheses are usually much darker than their surroundings in remote

sensing images, the threshold of brightness (b6� 254:6) was adopted to detect those

shadow hypotheses from the gray area shown in Fig. 5b, which was a composition of

building and its shadow. In addition, the nearest-neighbor classifier was used to further

examine those objects of building hypotheses from the rest gray area. However, there are

still many objects misclassified into shadow hypotheses and building hypotheses that we

cannot neglect, as shown in Fig. 5c.

The shadow hypotheses and building hypotheses were then verified using a further

refinement strategy. The results are shown in Fig. 5d. As for those shadow hypotheses, the

threshold of area (b7� 288) was utilized to rule out those small objects misclassified as

shadows. This is primarily due to the fact that the shadow has a certain size. Besides, we

found that the edge of the shadow was saw-toothed, and so adopted the pixel-based object

resizing algorithm to smooth them. For building hypotheses, the misclassification was
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more serious than that of shadow hypotheses. It may be a result of heterogeneous roof

materials from different residential quarters in our study area. There are three strategies to

solve these problems: (1) As for the misclassification, it is very common that there are

many holes within the building objects shown in Fig. 5c, which are parts of the building

roof and should be classified into building objects. We reclassified these holes into building

objects using the finding enclosed by class algorithm. (2) Given the existence of obvious

Fig. 5 The extraction result of building shape and building shadow: a multiresolution segmentation at the
scale of 30, b extraction of non-building and non-shadow (including road, water, vegetation, and bare soil),
c extraction of building and its shadow hypotheses, and d the optimization results of building shape and
building shadow
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errors of misclassifying some certain vegetation objects as building classes, the threshold

of the relative border ratio of building to shadow (b8 ¼ 0) was executed to reclassify them

as vegetation because those vegetation shadows with small size are negligible. (3) Some

edges of the building misclassified as bare soil objects were labeled properly by the relative

border ratio of building to bare soil (b9� 0:4). To avoid some bulges associated with the

shape of building, we used the algorithm of pixel-based object resizing to modify them and

Fig. 5d shows that it is a significantly effective tool. In order to make the building shape

much more regular, the generalization tool was used to smooth and simplify polygons of

building. Figure 6 shows the results of regular building shape.

4.2 The estimation results of building height

According to Eq. (1), the height of each building was computed shown in Fig. 6. The

length of building shadow was taken the average of intersected parallel lines within the

outline of building shadow shown in Fig. 4c, but the calculation of projection coefficient

was more complicated than that of the building shadow measurement.

In practice, the shadow derived from remote sensing imagery contains not only the cast

shadow generated by the projection of the sun, but also the self-shadow that is part of the

building in the opposite direction of the sun (Yu et al. 2010; Makarau et al. 2011). In the

sense, the extraction accuracy of building shadow within a small area is related to the

building height and the direction. According to the characteristic and the situation of

image, the study area was divided into two parts to calculate the projection coefficient

separately. For Part I, there are mainly the self-shadows that lead to a serious influence on

the building height computation, whereas it does not for Part II. In addition, the compu-

tation of projection coefficient by partition is to reduce the systematic error caused by

shadow measurement.

To ensure the reliability of the projection coefficient inversion, several representative

buildings were randomly selected in two parts. According to their field investigations, the

least squares method was applied to inverse the projection coefficients. The projection

coefficients of Part I and Part II are 2.002 and 3.114, respectively. Both of the correlation

coefficients (R2) from the least squares estimation are over 0.970. This indicates that there

are strong linear relationships between building height and shadow length. Thus, it is

reasonable to use the Eq. (1) to estimate the building height. Figure 6 shows the results that

the height of each building was computed by Eq. (1) after the lengths of building shadow

were measured from shadows in Fig. 5d.

4.3 Accuracy assessment for building information extraction and building height

estimation

The aforementioned results indicate that the OBIA has the capability of obtaining some

geometry parameters (i.e., building shape and height) from high-resolution remote sensing

imagery so as to assess building seismic vulnerability. With the integration of spatial

geometric relationship, class-related feature and building smoothing, the building extrac-

tion performance was greatly improved. Nevertheless, by close observation of the

extraction result, we found that some misclassification still existed in the building

extraction results. As shown in Fig. 5d, the building information extraction quality was

rather different. For example, buildings in the bottom right corner have a higher accuracy

than other two residential communities because most of buildings are homogeneous in

shape, spectral information, and texture. Conversely, there are few buildings in the upper
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left corner that can be thoroughly detected. This is primarily caused by the existence of

vegetation-covered building roofs, which makes a clear separation more difficult. In

addition, buildings in the upper right corner were partially confused with road because they

were characterized by the similar reflectance. The difference in the extraction among these

three residential communities may mainly result from the complex mixture of different

roof materials.

Fig. 6 White building shapes were generated by simplifying building objects in Fig. 5d based on ArcGIS
generalization tool. Numbers on buildings denote heights where red triangles represent heights from
investigation, whereas other from estimation. The height is in unit of meter
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In contrast, the extraction of shadow performed much better than that of building.

Shadow extraction was accomplished using an integration approach of thresholding, spatial

geometric relationship, and shadow smoothing. However, there are still a few misclassi-

fications for building shadows. For example, some vegetation objects were classified into

building shadow because they appear equally dark with shadows. Moreover, some saw-

toothed edges still exist at the extracted polygons, which deservers more refinement

algorithms to make the edge regular.

Furthermore, the manually delineated building and its shadow were used as a reference

to evaluate the extraction accuracy. This evaluation was conducted by per object in

eCognition Developer 8.7. Table 3 shows that the OBIA method achieves an overall

accuracy of 80.67 %. Besides, the producer’s accuracy of shadow and building reached

82.76 and 78.69 %, respectively, which reveals that the consistency degree of the extracted

results with the reference data is relatively high. Also, the similar results with high

extraction accuracy was found in other measures, such as Hellden, short, and KIA per

class. In fact, this corresponds to the result that all of 48 buildings in Fig. 5d have been

well detected. It also indicates that OBIA method is well suitable for the extraction of

building information from high-resolution remote sensing imagery.

Comparing the estimated heights with the actual heights for each building, Fig. 7

shows that the mean error of heights estimated derived from building shadow is less than

2 m. It suggests that it is feasible to calculate building height by taking advantage of its

shadows. However, the estimation accuracy varies as the building heights change. The

Student’s t test was used to determine whether the mean of those estimated height was

equal to the actual value through a null hypothesis, which was defined as the same value

between the estimated height and actual height. Figure 7 shows that three building types

with 24-, 33-, and 54-m height are significant, while the 18-m buildings are not. It

indicates that the 18-m buildings have larger height estimation error and their estimation

accuracy is relatively low. We speculate that this may be a result of the short shadow

due to low-rise building among the whole study area. In addition, the standard deviation

of 33-m building shown in Fig. 7 is the maximum among four building types, due to

more serious self-shadows with themselves. Both of them may lead to an inaccuracy of

shadow extraction that can further propagate as a systematic error during the height

estimation.

4.4 Building seismic vulnerability assessment

The building seismic vulnerability assessment was fulfilled using SVM method based on

the extracted building information and the in situ data. We assumed that the seismic

intensity was 7�. The damage grades of all the buildings were assessed using LIBSVM

(Hsu et al. 2003), a software which has an integration functions of support vector

Table 3 The accuracy assessment results of shadow and building extraction

Producer (%) Hellden (%) Short (%) KIA per
class (%)

Overall
accuracy (%)

Shadow extraction 82.76 90.57 82.76 71.1 80.67

Building extraction 78.69 88.07 78.69 64.28
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classification, regression, and distribution estimation. As pointed out by Hsu et al.

(2003), the scaling operation is a necessary step in advance before applying SVM. Thus,

both the sample data and the study area data associated with the building vulnerability

were scaled first using the same method. The best penalty parameter and kernel

parameter of RBF are 32 and 8 with the cross-validation rate 68.57 %, respectively.

They were used to train the scaled sample data to generate the final classifier, followed

by a test with a high accuracy. Finally, the classifier was utilized to assess the building

damage grades. According to the European Macroseismic Scale,each building was

labeled with a damage grade ranging from DG1 to DG5, with DG1 being the least

vulnerable and DG5 the most vulnerable. Figure 8 displays the assessed damage grade

results: Green for DG3 (substantial to heavy damage), Yellow for DG4 (very heavy

damage), and Red for DG5 (destruction).

From the statistical results presented in Fig. 9, it is obvious that all of the 6-storey

buildings with masonry structure would experience DG5, indicating the most vulnera-

ble. On the contrary, the 8-storey or higher buildings with reinforced concrete structure

would behave better. This suggests that the structure type plays an important role in

building seismic vulnerability. Furthermore, although the damage grades of all the

reinforced concrete structure buildings are DG3 or DG4,it is clear to note that the

8-storey buildings would experience DG3, while the 18-storey buildings to DG4. It

indicates that there is a significantly negative relationship between the building height

and the building seismic vulnerability. In combination, the results above suggest that

both the structure type and the building height are two key factors for building seismic

vulnerability. The same result was found in the study by Lang and Bachmann (2004),

which further reveals that the high-resolution remote sensing imagery has the capacity

of the derivation of building information to aid an accurate assessment for the building

seismic vulnerability.

Nevertheless, there are still some limitations for high-resolution remote sensing imagery

to assess building seismic vulnerability. For instance, all of the 11-storey buildings should

have been assessed to be a unique damage grade under the same attributes considered. But

Fig. 9 shows that more than 80 % of them suffer DG4, while the rest is DG3. This is

primarily due to the estimation error of building height derived from the shadow length,

resulting in the inaccuracy of building seismic vulnerability assessment. In addition, we

Fig. 7 The comparison result between estimated height and actual height. The symbol (**) denotes that the
correlation is significant at the 0.01 level (two-tailed)
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cannot completely rule out the effect of other factors that we did not take into account, such

as the year of construction, the number of walls, and their lengths. This problem deserves

further examination in future analysis, especially when a variety of buildings in a larger

area are considered.

Fig. 8 The assessment result of building seismic vulnerability
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5 Conclusions

The utility of high-resolution remote sensing imagery for building seismic vulnerability

assessment proved to be effective. To elaborate this approach, we present a general

framework that exploits the combination of object-based image analysis (OBIA) and

support vector machine (SVM). The building seismic vulnerability was closely associated

with the structure type and the building height. The building with masonry structure is

more vulnerable than that of reinforced concrete structure. Under the same building

structure type, the high-rise building is more vulnerable than the middle-rise one. Similar

trend was found in the studies using the detailed method for individual building (Lang

2002). Thus, it can be concluded that the high-resolution remote sensing imagery has the

potential to provide additional vulnerability-related building parameters by OBIA. Nev-

ertheless, there are still some limitations for high-resolution remote sensing imagery to

assess building seismic vulnerability. The current approach, however, still has some lim-

itations partly due to a lack of satisfactory spatial resolution comparable to aerial imagery.

As the spatial resolution of remote sensing imagery becomes much finer in the near future,

it will further improve the extraction of building shape and building height estimation, and

facilitate the study of building seismic vulnerability assessment.

The results also indicate that SVM is convenient and feasible to assess the seismic

vulnerability of buildings, by combining the in situ data from field investigation and the

building information derived from high-resolution remote sensing image using OBIA. For

various data sources of building seismic vulnerability assessment, SVM performs well on

different data sets that have many attributes associated with the building seismic vulner-

ability, even if there are very few available cases on which to train the model.

Most of the building information extraction methods from remote sensing imagery are

based on pixel-wise strategy, which are suitable for low-spatial resolution imagery, not

high-spatial resolution imagery. This drawback can be overcome using OBIA. In this

paper, we propose an integrated solution that merges the strengths of multiple spatial

contextual relationships and some typical image object measures, under the unified

framework to improve building information extraction at different scale levels as well as

for different interest objects. It was used to extract building shadow and building shape

from WorldView-2 imagery, and achieved a more accurate result by an integrated analysis

strategy. Those objects of non-building and non-shadow were identified in advance to

reduce their impacts on the extraction of building information. On the other side, the

Fig. 9 The relationship between the percentage of damage grades and the numbers of storey. The building
heights with storeys of 6, 8, 11, and 18 are 18, 24, 33, and 54 m, respectively
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building shadow and building shape were extracted and verified by a series of spectral,

shape, and contextual information. In particular, the contextual information related to

different objects plays an important role for the extraction. For example, the use of shadow

is a strong supporting context, which dramatically improves the building extraction results.

In a word, to advance its extraction accuracy as far as possible, it is critically important and

absolutely imperative to design an appropriate and hybrid feature set for high-resolution

image classification at different scales of interest. Our study on those features and

thresholds associated with OBIA sheds some light on this issue.

It should be noted that the assessment of building seismic vulnerability from high-

resolution remote sensing imagery can be far more complicated than the method presented

in the current study. Mueller et al. (2006) conducted a comprehensive review on major

schemes and difficulties in using high-resolution remote sensing. Factors such as automatic

approaches to building information detection, differentiation between building and other

similar materials, have contributed to the difficulties in the building seismic vulnerability

assessment (Mueller et al. 2006). In addition, the values of feature and threshold relevant to

image objects may vary for different study areas, which were seriously suffered from the

radiometric correction effects and the condition of study area. Given these factors, we

concur with other researchers that multiple features and thresholds from OBIA should be

used wherever possible for the sake of more accurate building information extraction (Jin

and Davis 2005; Benz et al. 2004; Blaschke 2010). Now, that remotely sensed satellite

imagery with high resolution is the valuable data resource for efficient and fast building

seismic vulnerability assessment, an important task for seismologists today is to develop

more contextual relationships and objects measures to further improve the accuracy and

efficiency of building information extraction using OBIA. This will enhance the combi-

nation between the assessment method and the data availability of remotely sensed

imagery in terms of building seismic vulnerability assessment, which has a great potential

to contribute significantly to local disaster mitigation planning through the prioritization of

intervention measures.
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