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Abstract 

 

High-resolution remote sensing imagery is proven to be effective in extraction of seismic 

damage information and quick damage assessment. This study focuses on assessing of the 

damage caused by Wenchuan earthquake to Yingxiu Town, which locates approximately 10 

km away from the epicenter. The overall objective is to introduce and implement a 

hierarchical object-based approach for identification of earthquake damages from 

high-resolution satellite imagery. The goal is achieved in three steps: 1) Split the entire 

original image into sub images; 2) Develop rule-based approach to detect the changes; and 3) 

Identify and extract different damage features according to hierarchy network of image, 

including vegetation, water, roads and bridges, detected buildings and collapse and etc.  

 

Our results show that the split-based approach, a hierarchical object-based approach, can 

produce the acceptable accuracies. For mountainous areas, by monitoring the change of 

vegetation we can extract the landslides areas rapidly and the results are acceptable. For urban 

areas, due to the limitation of data, the extraction for some areas is not very satisfactory. Our 

results imply that the rules applied to extract the classes of roads, bridges, and detected 

buildings need to be improved to reach better identification. After the entire original image 

was split into sub images, different computers could be used simultaneously according to the 

hierarchical object-based approach, which speeds up the processing. The split-based approach, 

hence, would be effective during the post-disaster responses. 
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1 Introduction 

 

1.1 Background 

 

The Wenchuan Earthquake, with magnitude 8.0 on the Richter scale, duration of nearly two 

minutes, occurred on 12 May 2008 in the southwestern Sichuan Province of China. It triggered 

a giant tremor and was felt in the neighboring regions. Aftershocks, landslides, rock falls, and 

water accumulation continued to strike the area months after the main quake. More than 5 

million buildings collapsed and other 21 million damaged at different degrees across a wide 

area (USGS, 2008) and the number of earthquake casualties reached 87,000 dead or missing 

and 374,000 injured. 

 

To respond natural disasters such as earthquake or hurricane, capturing and identifying damage 

extent, distribution and level are essential for making decision, and implementing fast and 

effective recovery measures to limit the death toll and further property loss (Bruzewicz and 

McKim, 1995). Remote sensing techniques are the quickest response and available over a large 

area, especially for the hard-hit and difficult-to-access areas (Vu et al., 2007; Gong et al., 2011; 

Liou et al., 2010). The availability of very high spatial resolution (VHR) satellite images such 

as IKONOS and Quickbird allow the interpretation of damage scale of each building block or 

even each individual building rather than overall damage distribution and damage extent (Vu et 

al., 2005). 

 

For VHR processing methods, visual interpretation is the most reliable method and can derive 

accurate results, but very time consuming and requires of the experienced interpreters. Hence, 

quick damage detection needs to be developed (Sakamoto et al., 2004). Traditional pixel-based 

classification approaches, the most common ones, have been widely used in change detection 

for classifying low resolution images. Due to improved resolution of optical sensors, more 

details can be detected and recognized in a VHR satellite image for damage identification, such 

as individual buildings, houses and tents (Yamazaki et al., 2005; Chesnel et al., 2007). While 
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traditional pixel-based classification methods cannot obtain satisfactory result (Haala and 

Brenner, 1999; Lewinski and Zaremski, 2004), object-based a more advanced image analysis 

solution (Myint et al., 2011; Gao et al., 2006; Wang et al., 2004; Kouchi and Yamazaki, 2005), 

avoids the "Salt and Pepper" effect extremely good (Laliberte et al., 2004; Zhou, W. and A. 

Troy., 2009). The object-oriented method takes into account not only the spectral information 

but also shape, texture, topological, contextual and semantic information with meaningful 

image objects (Kiema, 2002; Goetz et al., 2003; Owojori & Xie, 2005). On the other hand, 

object-oriented methods can solve the problem of classifying complex objects, addresses the 

phenomenon of the same objects having different spectra and different objects having the same 

spectrum (Sun et al., 2010). 

 

1.2 Motivation and problem statement 

 

After Wenchuan Earthquake, multi-satellite sensor data were used to analyze landslides (Liu 

and Yamazaki, 2008; Ren and Lin, 2010; Pan and Tang, 2010), barrier lakes (Guo et al., 2010; 

Pan and Tang, 2010), river change (Liou et al., 2010; Xu et al., 2010; Gong et al., 2012), debris 

flow (Zhuang et al., 2010), building damage detection (Vu and Ban, 2010; Wang and Wang, 

2009; Li et al., 2010), which employed different methods. Most object identification of the 

seismic damage is relatively single, most focused only on the destruction or collapse of the 

buildings (especially residential buildings). Though the outcomes were produced at certain 

degree of reliability, they could not provide the overall picture of damage and seems not 

practical in post-disaster response when time is critical. Taking the 2008 Wenchuan earthquake 

as a case study, this study proposes a new hierarchical object-based approach using very 

high-resolution satellite optical images.  

 

This hierarchical object-based approach promotes the processing speed and reduces the 

hardware configuration. After the entire original image was split into sub images, two or more 

computers could be used at the same time to process and analyze them. The hierarchical image 

segmentation combined with rule-based classification, demonstrated a strong power to the 

object-oriented approach for image classification and analysis. Landslides which are visible at 
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a synoptic view are firstly delineated using a simple algorithm by detecting the change of 

vegetation between pre- and post- images. Damage identification and extraction were based on 

the various features (or combination of features) of the image object. Against different damage 

characteristics of the typical artificial surface features (buildings, roads and bridges) and 

secondary disasters (landslides, debris flow and dammed lake, etc.), different reasoning rules 

of earthquake damage identification and extraction were set. Such designed framework aims to 

speed up the processing and hence, to be more practically used during post-disaster response. 

 

1.3 Research objectives 

 

The overall objective of this study, therefore, is to introduce and implement a hierarchical 

object-based approach to detect and identify Wenchuan earthquake damages using high 

resolution satellite images, the detail objectives of the research are to: 

 

1) Develop rule to split an image to sub-images, which depends on study area; 

2) Develop rule-based approach to detect the change; 

3) Identify and extract different damage features according to hierarchy network of 

image, including vegetation, water, roads and bridges, detected buildings and collapse 

and etc. 

 

1.4 Thesis outline 

 

The thesis is divided into seven chapters as follows. Chapter 1 focuses on the general 

description of the research issue and the states the objectives of this research. Chapter 2 

reviews relevant data fusion techniques, image segmentation techniques, image classification 

approaches, morphology method and accuracy assessment methods. The description of the 

study area and the data used in this research are given in Chapter 3. Chapter 4 describes in 

details the research methodology. In Chapter 5, the results obtained from the implementation 

of the methodologies are presented and discussed. Finally, conclusions are drawn and 

recommendations for further studies are given in Chapter 6.  
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2 Literature review 

 

2.1 Image segmentation 

 

Image segmentation is often described as the process that subdivides the image into its 

constituent parts and extracts those parts of interest objects (Baatz and Schäpe, 2000). It is one 

of the most critical tasks in object-based image analysis because the segmentation results will 

affect the subsequent image process and analysis, such as object representation and description, 

feature measurement, object classification and image interpretation. The main aim of the image 

segmentation is to recognize homogeneous regions within an image and to divide the image 

into different regions that represents meaningful areas or image objects which are 

homogeneous regions in terms of pixel values (Rafeek, 2007). There are many image 

segmentation algorithms, but most of them are based on one of these three techniques (Fu and 

Mui, 1981): (1) thresholding or clustering; (2) edge-based segmentation; (3) region-based 

segmentation. More details about these three techniques are shown in the following parts: 

 

2.1.1 Thresholding  

 

In many applications of image processing, the gray levels of pixels belonging to the object are 

quite different from those belonging to the background. The thresholding method then 

becomes a fast, effective and the simplest technique to separate objects from the background 

(Sezgin and Sankur, 2004). It is based on a threshold value to turn a gray-scale image into a 

binary image. The method shows good segmentation results if the image has only two opposite 

components, but generally is more sensitive to noise than other two techniques (Fu and Mui, 

1981). 

 

2.1.2 Edge-based segmentation 
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Edge-based segmentation is able to detect long, straight edges while gaps within these edges, 

based on the pixel values which change quickly at the boundaries between regions. It is 

executed in two steps: the first step is to find segment boundaries in the image by identifying 

the edge pixels at those places where grey value change occurs; then the second step is to 

create image regions which are completely surrounded by edge pixels as image segments 

(Gorte, 1998). However, for some applications, the edge-based segmentation may merge 

dissimilar regions when the presence of small gaps appears in edge boundaries. On the other 

hand, it is often sensitive to local variations intensity as well as the contours obtained are 

usually not closed (Bins et al., 1996). 

.  

2.1.3 Region-based segmentation 

 

Region-based techniques always provide closed contour regions which is an essential 

requirement in many applications because region-based segmentation can determine the 

homogeneity of objects while uncertainties in detecting the exact boundary positions can be 

reduced by previously extracted edges (Mueller et al., 2004). Among region-based 

segmentation approaches are region growing method. The region growing technique is an 

iterative process by which regions are merged starting from individual pixels, or another initial 

segmentation, and growing iteratively until every pixel is processed until a certain threshold 

(Bins et al., 1996). Normally, this threshold is a homogeneity criterion or a combination of size 

and homogeneity. Because of the relative thin edges of regions given by the method and the 

ability of handling noise in the image, better segmentation result than the other methods 

mentioned above will be presented. 

 

2.2 Image classification 

 

Classification is the process of assigning image pixels into different classes according to 

certain conditions, which has been widely used nowadays for various applications in different 

fields. The objective of image classification is to identify and portray, as a unique gray level 

(or color), the features occurring in an image in terms of the object or type of these features 
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actually represent on the ground. As the one of major part of digital image analysis, 

classification can be divided into different methods based on different possibilities to 

categories classifiers:  

 

(1) Supervised and unsupervised classification (Jensen, 1996): according to the operators 

involved into classification process;  

(2) Hard (crisp) and soft (fuzzy) classification (Foody, 2004): according to the number of 

outputs for each spatial unit; 

(3) Parametric (Foody, 1996) and non-parametric classification (Tso and Mather, 2001): 

according to the assumptions on data distribution; 

(4) Pixel-based and object-based classification (Shackelford and Davis, 2003, Ouyang et al., 

2011): according to classification element. 

 

2.2.1 Supervised and unsupervised classification 

 

2.2.1.1 Supervised classification 

 

Supervised classification is the procedure most often used for quantitative analysis of remote 

sensing image data (Richards et al 2006). With supervised classification, examples of the 

information classes (i.e., land cover type) of interest in the image are identified, which are 

called "training sites". The image processing software system is then used to develop a 

statistical characterization of the reflectance for each information class. This stage is often 

called "signature analysis". Once a statistical characterization has been achieved for each 

information class, the image is then classified by examining the reflectance for each pixel and 

making a decision about which of the signatures it resembles most. There are several 

techniques for making these decisions, called classifiers. It has different sub classification 

methods which are named as parallelepiped, maximum likelihood, minimum distances 

methods (Richards et al., 2006): 

 

(1) Parallelepiped classification: a very simple supervised classifier that is, in principle, 
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trained by inspecting histograms of the individual spectral components of the available 

training data. 

 

(2) Maximum likelihood classification: the most common supervised classification method, 

it is a statistical decision criterion to assist in the classification of overlapping signatures; 

pixels are assigned to the class of highest probability. 

 

(3) Minimum distances classification: classifies unknown image data to classes which 

minimize the distance between the image data and the class in multi-feature space. 

 

2.2.1.2 Unsupervised classification 

 

In contrast to supervised classification, unsupervised classification does not require the analyst 

to specify training data, and is an effective method of partitioning remote sensor image data in 

multispectral feature space (Huang, 2002), which examines a large number of unknown pixels 

and divides into a number of classed based on natural groupings present in the image values.  

There are two most frequently used algorithms: K-mean and the ISODATA (Iterative 

Self-Organizing Data Analysis Technique) clustering algorithm (Duda et al., 2001). Both of 

them are iterative procedures (Richards et al., 2006): 

 

(1) K-mean clustering: generates a specific number of disjoint, flat (non-hierarchical) clusters, 

which aims to partition n observations into k clusters in which each observation belongs to 

the cluster with the nearest mean.  

 

(2) ISODATA clustering: is similar to the k-means algorithm but a modification of the 

k-means clustering algorithm (overcomes the disadvantages of k-means). It represents a 

comprehensive set of heuristic (rule of thumb) procedures that have been incorporated into 

an iterative classification algorithm (Stow et al., 2003; Rees et al., 2003). 

 

2.2.2 Hard (crisp) and soft (fuzzy) classification 
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2.2.2.1 Hard (crisp) classification 

 

Hard (crisp) classification makes a definitive decision about the interest class to which any 

pixel belongs. The traditional classification techniques commonly used are "hard," with each 

image pixel allocated to a single class (Kanellopoulos et al., 1992). Each pixel is forced or 

constrained to display full and complete membership to a single class. Such approaches are 

only appropriate for the mapping of classes that are discrete and mutually exclusive and 

assume the data can be represented in crisp sets (Foody, 1999).  

 

2.2.2.2 Soft (fuzzy) classification 

 

Contrary to hard classification, soft (fuzzy) classification is based on fuzzy set theory where 

each pixel or areal unit may belong to multiple classes where the membership value of each 

class represents the degree of membership to that class (Foody, 1999).  Simply speaking, each 

pixel may display multiple and partial class membership. Soft classification, nowadays, has 

been proposed as an alternative to hard classification because it is possible to obtain 

information on the various constituent classes found in a mixed pixel, if desired (Foody, 2000; 

Kent and Mardia, 1988; Foody, 1996). 

 

2.2.3 Parametric and non-parametric classification 

 

The aim of these techniques is to classify samples into one of N different classes based on 

features that describe the sample (Sampat et al., 2006; Duda et al., 1997). 

 

2.2.3.1 Parametric classification 

 

Parametric methods of supervised classification take a statistical approach. A parametric 

signature is based on statistical parameters (e.g., mean and covariance matrix) of the pixels that 

are in the training sample or cluster (Campbell, 2001). The supervised parametric method used 
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is maximum likelihood estimated probabilities. 

 

2.2.3.2 Non-parametric classification 

 

As non-parametric classification, the most obvious advantage is that it does not require any 

assumption about the statistical distribution of the data. The most common nonparametric 

methods for multivariate probability density estimation are Nearest Neighbor (NN), Artificial 

Neural Networks (ANN), Decision Tree (DT) and Support Vector Machines (SVM) methods. 

 

(1) NN: computes the Euclidean distance from the pixel to be classified to the nearest training 

data pixel in n-dimensional feature space and assigns it to that class (Schowengerdt, 1997). 

It can yield useful results if the training data are well separated in n-dimensional feature 

space; otherwise, it will probably be necessary to use a different algorithm (e.g., the 

minimum distance to means maximum likelihood, neural network) (Jensen, 2005). 

 

(2) ANN: can be thought of as forms of models imitating the complicated brain processing in 

a very simple way (Kavzoglu and Vieira, 1998). It consists of a series of layers, each 

containing a set of processing units (i.e. neurons). All neurons on given layers (contains 

three layers: input layer, hidden layer and output layer) are linked by weighted connections 

to all neurons on the previous and subsequent layers (Kavzoglu and Mather 2003). 

 

 

Figure 2.1 General process of ANN 

 

ANN is semantically poor, which leads it difficult to gain any understanding about how the 
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result is achieved (Huang, 2009; Song et al., 2012). Other disadvantages of ANN are that 

there is no standard to design a network but it depends more on experience as well as the 

training of an ANN can be computationally demanding and slow (Mather, 1999). 

 

(3) DT: is a hierarchical, knowledge based (i.e. a method of pattern recognition that simulates 

the brains inference mechanism) approach. It predicts class membership by recursively 

partitioning a dataset into more homogeneous subsets (Hansen et al. 2000). Different 

variables and splits are then used to split the subsets into further subsets. Unlike ANN, DT 

does not need an extensive design and training. Moreover, it yields a set of rules which are 

easy to interpret and suitable for deriving a physical understanding of the classification 

process. The use of hyperplane decision boundaries parallel to the feature axes may restrict 

their use in which classes are clearly distinguishable (Mário Caetano, 2009). 

 

(4) SVM:  provides a training approach that depends only on those pixels in the vicinity of 

the separating hyperplane (called the support pixel vectors). It also leads to a hyperplane 

position that is in a sense optimal for the available training patterns, as will be seen shortly. 

In its original formulation, Vapnik presented this method with a set of labeled data samples 

and the objective of SVM is to find a hyperplane that separates the dataset into a discrete 

predefined number of classes in a fashion consistent with the training examples (Vapnik, 

1979). The optimization problem that has to be solved relies on Structural Risk 

Minimization (SRM) and is aimed at maximization of the margins between the hyperplane 

and the closest training samples.  

 

So, the support-vector network combines 3 ideas: the solution technique from optimal 

hyperplanes (that allows for an expansion of the solution vector on support vectors), the 

idea of convolution of the dot-product (that extends the solution surfaces from linear to 

non-linear), and the notion of soft margins (to allow for errors on the training set) (Cortes 

and Vapnik, 1995). Typical SVMs have been introduced as an effective learning machine 

for binary classifications, as shown in Fig. 2.5. 
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Figure 2.2 An example of a separable problem in a 2 dimensional space. The support vectors, 

marked with grey squares, define the margin of largest separation 

between the two classes (Cortes and Vapnik, 1995). 

 

2.2.4 Pixel-based and object-based classification 

 

2.2.4.1 Pixel-based classification 

 

Traditional pixel-based classification approaches, the most common applied method, widely 

used in change detection for classifying low resolution images, which are based on the concept 

that semantic information is represented in single pixels and are well suited for non-complex 

image scenes (e.g., spectrally homogeneous object classes). However, results are not 

satisfactory limited the analysis for the separation of man-made materials and other 

heterogeneous features (Haala and Brenner,1999) such as roads and roofs from pavements that 

are constructed using similar material in urban environments (Kiema, 2002). Urban objects are 

distinguished better through their spatial information (i.e., shape, texture, area) rather than 

spectral reflectance properties (Zhang, 1999). Furthermore, in applications where VHR 

satellite imagery is used, it is necessary to expand the object feature base to include spatial 

characteristics in addition to spectral ones (Al-Khudhairy, 2005). However, as the spatial 

resolution of remote sensing data increases, the so-called "salt-and-pepper" problem of 
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pixel-based classification (PBC) becomes more serious and harder to fulfill the satisfactions 

(Ouyang et al., 2011). 

 

2.2.4.2 Object-based classification 

 

Object-based classification offers possibilities to overcome these problems, especially the 

"salt-and-pepper" problem. It generally based on the concept that important semantic 

information is not represented in single pixels alone but in meaningful image objects and their 

mutual relations (i.e., context) (Al-Khudhairy, 2005). The algorithms typically incorporate 

both spectral and spatial information in the image segmentation phase; the result is the creation 

of image objects defined as individual areas with shape and spectral homogeneity addition, 

objects do not have to be derived from just image data but can also be developed from any 

spatially distributed variable (e.g., elevation, slope, aspect, population density) (Jensen, 2005). 

It allows to focus the analysis on the objects of interest, thus to partly avoid false alarms due to 

natural changes (Chesnel et al., 2008). Therefore it makes more sense to analyze specific 

targets or areas on the ground.  

 

Texture analysis based on sub-objects, classifying attributes of all sub-objects of an image 

object on average (Definiens, 2009). To improve class identification, it can be used to 

distinguish between objects which have different spectral information and tell the difference 

between objects which have similar spectral characteristics. The original applications of 

texture were mentioned by Haralick, based on grey level co-occurrence matrix (GLCM) 

(Haralick, 1979). It describes the spatial interrelationships of the grey level in textural pattern 

by using specific texture features. Some common texture features in GLCM are introduced 

below in Table 2.1. 

 

Table 2.1 common GLCM texture features parameters 

Mean 

 

Weighted by the frequency of its 

occurrence in combination with a certain 

neighbor pixel value 
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Contrast 

 

A measure of the amount of local 

variations in the grey-level co-occurrence 

matrix 

Homogeneity 

 

Measures the distance of elements in the 

GLCM to the diagonal  

of the matrix 

Dissimilarity 

 

Similar to GLMC Contrast, increases 

linearly as i-j increases.  

Correlation 

 

Correlation between pixels assumes that 

there are predictable and linear 

relationships between the pixel 

intensities 

Entropy 

 

Indicators of the measure of the degree of 

texture uniform distribution 

StdDev 

 

A measure of pixel values and the mean 

deviation 

 

2.3 Morphology 

 

Morphology is based on set theoretic concepts of shape. In morphology objects present in an 

image are treated as sets. It is a collection of a set of operations that transform images 

according to rules of set theory (Soille, 2003). It was originally developed for binary images, 

and later extended to grayscale images. And it is applied to noise reduction, image 

enhancement, and feature detection (Gonzalez and Fittes). The four basic operations of 

mathematical morphology are (Gonzalez and Wintz, 1987): 

(1) Erosion: shrink objects; 

(2) Dilation: grow objects; 

(3) Opening: erosion followed by dilation (disconnect parts); 
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(4) Closing: dilation followed by erosion (remove holes). 

 

2.3.1 Opening 

 

The opening operation is a secondary operation of great importance in mathematical 

morphology, smoothing a contour in an image. Morphological opening is simply defined in 

terms of erosion and dilation:  

.                    (9) 

In general, opening by a disk rounds or eliminates all peaks extending into the image 

background (Serra, 1982). 

 

2.3.2 Closing 

 

Closing operation tends to recover the initial shape of the image structures that have been 

dilated. It is dilation followed by erosion: 

                 (10) 

In general, closing by a disk rounds or eliminates all cavities extending into the image 

foreground (Serra, 1982). 

 

2.4 Accuracy assessment 

 

After classification process has been implemented, it is necessary to assess the accuracy of the 

results obtained. This will allow a degree of confidence to be attached to the results and will 

serve to indicate whether the analysis objectives have been achieved (Richards et al., 2006). 

The most common and popular method for accuracy assessment is the error matrix or 

confusion matrix (Foody, 2002), which can calculate the related assessment elements including 

overall accuracy, producer’s accuracy, user’s accuracy, and kappa coefficient.  
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3 Study area and data description 

 

3.1 Study area 

 

The Wenchuan earthquake occurred on 12 May 2008 at 06.28 Coordinated Universal Time 

(UTC) striking eastern Sichuan, China. The epicenter was estimated at latitude 30.986°N, 

longitude 103.364°E and 19 km depth (USGS). The study area focused on Yingxiu Town 

(31.061°N, 103.333°E), Wenchuan county in Sichuan province (the red area showed in figure 

3.1 (b)), approximately 10 km away the epicenter, which was almost completely destroyed, 

included most of buildings, road networks and infrastructures. Soon after the earthquake, some 

new houses were built up by the government and international donors. 

 

 

(a)                                 (b) 

Figure 3.1 Study area: (a) map of China; (b) map of Sichuan 

 

3.2 Data description 

 

Quickbird satellite was launched by DigitalGlobe in October 2001. The characteristics of 

Quickbird imagery are shown in Table 4.2. In this study, two Quickbird images were used to 

detect the damage by the earthquake in Yingxiu town. The pre-event image was acquired on 25 
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June 2005 whereas the post-event was acquired on 3 June 2008, and both consist of four 

multispectral bands with 2.44 m resolution and a panchromatic band with 0.61 m resolution. 

Two images were acquired in the same month to minimize seasonal effects. However, the 

three-year difference seems to introduce many new building constructions (Vu and Ban, 2010).  

 

Table 3.1 Characteristics of Quickbird imagery 

(Source: DigitalGlobe) 

Spatial resolution 
Panchromatic: 60 cm 

Multispectral: 2.4m  

Dynamic Range  11-bits per pixel 

Spectral Bandwidth 

Multispectral: 

Blue: 430 - 545 nm 

Green: 466 - 620 nm 

Red: 590 - 710 nm 

Near-IR: 715 - 918 nm 

Panchromatic: 

Black & White: 405 - 1053 nm 

Orbit type Sun-synchronous 

Orbit altitude 482 km 

 

In figure 3.2, there is a 30m-resolution DEM clipped by the pre- image, after a 30m-resolution 

GDEM DEM of Wenchuan County downloaded from Geospatial Data Cloud (website address 

shown in References). The value of DEM was from 851 to 1375. It could be seen clearly, the 

color in the middle of the image was deeper, which means it has lower value. And the urban 

areas are just located in the darker regions. 
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Figure 3.2 30m-resolution DEM of pre- image and its legend 
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4 Methodology 

 

In this study, three kinds of software were mainly used: ENVI, ArcGIS and eCognition. ENVI 

was used for the pre- and post- images registration and fusion; ArcGIS was adopted to split the 

original image into two parts for further analysis; eCognition was used for segmentation, 

classification and the accuracy assessment. 

 

Due to the limitation of data, it is extremely difficult to detect the whole region. For example, 

the year of pre-event image is 2005 while the post-event image is 2008. The three-year 

difference introduced many new building constructions (Vu and Ban, 2010), which makes it 

impossible to detect each building and the number of damaged buildings. On the other hand, 

the information of earthquake image was quite large. However, due to hardware limitations in 

a computer with Intel Core i3 M330 (processor speed of 2.13 GHz and 4 GB in RAM), the 

segmentation process of each level for the whole images lasted around 2 hours and texture 

analysis like GLCM Homogeneity, lasted around 4 hours, even though just zooming in or out 

also needed more than half an hour. Due to time constraints, splitting the images, in the other 

words dividing the images into two parts the urban areas and mountainous areas, could 

improve the speed of process and efficiency to satisfy quick response to major disaster 

situations, humanitarian relief efforts, and civil security issues. What is more, it could not only 

analyze the whole damage region, but also depends on different requirements and needs to 

study. In this study, both pre- and post-event images were divided into two parts: the urban 

areas and mountainous areas. Landslides and other secondary disasters caused by the 

earthquake always occurred in the mountainous areas, while most cities were built on flat 

terrain areas. Through visual interpretation, vegetation distribution was just the place where the 

mountainous areas distributed and where most landslides happened. If just detecting the 

changes of vegetation, then it could also be capable to quickly detect the changes of landslides 

ranges and areas. For urban areas, because of the damage of the earthquake, some highlight of 

the landslides was extremely difficult to distinguish with extensive damage of the buildings 

blocks and roads, even though spectral, geometric and texture features and context information. 
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Therefore, splitting the images was easier to process, analyze, identify and extract the damage 

information. The overall framework was showed below: 

 

Segmentation

Object-based classification

Result exported into ArcGIS to 

split and generate two images

Landslides change detection 

from mountainous areas

Damage identification from 

urban areas

Othoretification

Geometry correction

Image fusion

      Data pre-processing

 

Figure 4.1 Research overall frameworks 

 

Overall, the proposed approach relies on three steps: first is segmentation of the image to 

produce image objects; second is an object based classification by use of suitable features; and 

the final steps are extracting the landslide by detecting the change of vegetation in 

mountainous areas and identifying the urban damage features, for example, buildings, roads 

and bridges.  

 

For landslides change detection, this was a quite simply but effective method to detect 

landslide by detecting the change of vegetation between pre- and post- images in mountainous 

areas. It is worth noting that, for detecting landslides through vegetation change detection map, 

it was enough to obtain the change map after generating classification maps of pre- and post-. 

Without other data, for example terrain maps or high resolution DEMs, it was hard to find 

relatively accuracy regions for placing temporary houses or tents. The DEM downloaded from 



20 

website, only has 30m resolution. There is a large gap between DEM and 2.44m remote 

sensing images. However, through visual interpretation and mentioned before, mountainous 

areas were full of trees, which meant if the urban areas (spilt from the original image) were 

surrounded by grass, then there were probable to assume some places to build temporary 

houses or tents. So classification of grass and trees was made in Level2 of pre- image. Detailed 

workflow was presented below: 

 

 Main map: 

Synchronize map

 Change detection

 Segmentation

 Classify landslides and tents

Post-image segmentation

 Post-Level 1: Classify 

vegetation and nonvegetation

 Pre-image segmentation

Pre- Level 1: Classify 

vegetation and nonvegetation

Pre- Level 2: Classify 

trees and grass

 

Figure 4.2 Workflow of landslide change detection from mountainous areas 

 

As mentioned, there was a three-year difference between the pre- and post- images. As a 

consequence, it was quite difficult to detect each building and the number of damaged 

buildings. For the purpose of damage assessment, identification of urban areas in post- image 

was necessary and utilized by generating a well hierarchical structure in eCognition. The 

hierarchical image segmentation combined with fuzzy classification demonstrated a strong 

power to the object-oriented approach for image classification and analysis. Damage 

identification and extraction were based on the various features (or combination of features) of 

the image object. Against different damage characteristics of the typical artificial surface 

features (buildings, roads and bridges) and secondary disasters (landslides, debris flow and 

dammed lake, etc.), different reasoning rules of earthquake damage identification and 

extraction were set.  Detailed workflow was presented below: 
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Classification of temporary houses, shallow, tents, 

intact buildings and collapse classes in Level 5

Urban areas of 2008 post image 

 Extraction of shadow in Level 1

 Extraction of vegetation in Level 2

 Extraction of water in Level 3

Extraction of roads and bridges in Level 4

 

Figure 4.3 Workflow of urban damage identification from urban areas 

 

4.1 Pre-processing 

 

Images were projected to the same coordinate reference system Universal Transverse Mercator 

projection (UTM) zone 48N and, World Geodetic System (WGS-84) datum. Multispectral 

image and panchromatic image were then subset to the same coverage.  

 

As mentioned, to ensure that pixels in the input images exactly represent the same location on 

the ground, image to image registration was necessary to carry out firstly. After that, according 

to the comparison and specific application of different image fusion (Goshtashby, 2007) 

techniques such as IHS (Intensity-Hue-Saturation) (Carper et al., 1990), HPF (High pass Filter), 

Brovey Transform (Gillespie et al., 1987), PCA (Principal Component Analysis) (Chavez et al., 

1991), smoothing filter-based intensity modulation (SFIM) (Liu, 2000), Pansharp (Zhang, 

2002), Ehlers, Gram-Schmidt Spectral, Wavelet Transform (Li et al., 1995) etc., the 
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Gram-Schmidt Spectral fusion method was adopted to fuse and generate a four-band 

pansharpened high resolution multi-spectral (MS) images (Chavez et al., 1991; Gungor et al., 

2004; Zhao et al., 2010; Nikolakopoulos, 2008) with a higher resolution panchromatic (PAN) 

image in 0.6m to reduce uncertainty and minimize redundancy. Then "Linear 2%" method was 

applied for enhancement. 

 

4.2 Segmentation 

 

In this study, Definiens eCognition, the most advanced image analysis software for fast, 

accurate geo-spatial information extraction from any kind of remote sensing imagery 

(Definiens, 2009), is the main software used to process and analyze the change detection and 

damage identification. What is the important, eCognition is the object-based image analysis 

(OBIA) software that brings together multi-resolution segmentation and knowledge-based 

analysis methods (Definiens, 2009).  

 

One motivation for the object-oriented approach is the fact that, in many cases, the expected 

result of most image analysis tasks is the extraction of real world objects, proper in shape and 

proper in classification, which the expectation cannot be fulfilled by traditional, pixel-based 

approaches (Baatz and Schäpe, 1999). It contains two main steps: image segmentation and 

classification. To generate objects in segmentation steps, there are two strategies: 

(1) With the integration of vector and raster data, vector data as thematic layer spilt images 

into segments and classification; 

(2) No vector available, merging pixels into objects relies on the homogeneity of pixel values. 

 

As there is no vector data available in this study, the second one was adopted. In order to get 

better results, many parameters of multiple segmentation algorithms needed to be tried and 

compared. Definiens provides multiple segmentation algorithms, each with different strengths 

for different applications (Definiens, 2009). Unlike common segmentation subdividing entities 

into smaller partitions, in eCognition, segmentation can be a subdividing operation, a merging 

operation, or a reshaping operation (Definiens, 2009).  



23 

 

4.2.1 Multiresolution Segmentation 

 

Multiresolution segmentation algorithm is the most common method used before classification. 

It merges pixels or existing image objects consecutively, which is based on relative 

homogeneity criteria and allows the largely knowledge-free extraction of homogeneous image 

objects in any chosen resolution, especially taking into consideration local contrasts. This 

homogeneity criterion is a combination of spectral and shape criteria, measuring how 

homogeneous or heterogeneous an image object is within itself (Definiens, 2009). The 

segmentation is determined by several factors: 

 

 Image layer weights: depending on different image bands importance, the weights can be 

assigned with different values. If one band (layer) has more information needed to be used, 

the weight to this band (layer) should be given higher value. 

 Scale parameter: this parameter controls the object size and determines the maximum 

allowed heterogeneity of image objects. And the decision of scale depends on the size of 

object required to achieve the goal, i.e. the bigger the scale value, the bigger the segments. 

(Myint et al., 2011). The selection of them depends on the study area, heterogeneity of 

objects, density of neighboring objects, resolution of data, and the aim of segmentation 

likewise. 

 Shape and color: weights are ranged from 0 to 1, and the sum of shape and color is equal 

to 1. These two parameters can affect the way of grouping pixels, which color 

homogeneity is based on the standard deviation of the spectral colors and the shape 

homogeneity is based on the deviation of a compact (or smooth) shape. 

 Smoothness and compactness: weights are also ranged from 0 to 1, and the sum of 

smoothness and compactness is equal to 1. Compactness is a function of object perimeter 

and number of pixels within the object, whereas smoothness is a function of object 

perimeter and the perimeter of the object's bounding box (Zhang, 2006). 

 

4.2.1.1 Original image segmentation 
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An initial segmentation was applied to the original pre-event image containing four 

pansharpened multispectral channels. These image layer weights were equal since equal 

weighting of all multispectral layers should provide reasonable results for high resolution 

imagery in most applications (Hofmann, 2001). A scale parameter of 250 was considered 

optimal as an initial segmentation. The shape parameter was set to 0.1 in order to give less 

weight on shape and give more attention on spectrally more homogeneous pixels for image 

segmentation at the first. Besides, the compactness parameter and smoothness were set to 0.5 

aiming to firstly balance compactness and smoothness of objects equally. The parameters for 

original pre-event image were described below: 

 

Table 4.1 Parameters for segmentation in original pre-event image 

Parameters Value 

Scale 250 

Shape 0.1 

Compactness 0.5 

Smoothness 0.5 

 

4.2.1.2 Pre_veg image segmentation of Level 1 

 

A scale parameter of 60 was considered optimal as an initial segmentation. As mentioned 

before, the shape parameter was also set to 0.1 in order to give less weight on shape and give 

more attention on spectrally more homogeneous pixels for image segmentation at the first. In 

addition, the compactness parameter and smoothness were set to 0.5 aiming to firstly balance 

compactness and smoothness of objects equally. The parameters of Pre_veg Level1 were 

described below: 

 

Table 4.2 Parameters for segmentation of Pre_veg Level1 

Parameters Value 

Scale 60 
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Shape 0.1 

Compactness 0.5 

Smoothness 0.5 

 

4.2.1.3 Pre_veg image segmentation of Level 2 

 

Keeping the nonvegetation class as mosaic, Level2 was created below the Level1 by only 

segmenting the vegetation class with scale 40, aiming to find which place was optimal to build 

temporary houses near the village in the disaster.. Still, the shape parameter was set to 0.1 and 

the compactness parameter and smoothness were set to 0.5. The parameters of Pre_veg Level2 

were described below: 

 

Table 4.3 Parameters for segmentation of Pre_veg Level2 

Parameters Value 

Scale 40 

Shape 0.1 

Compactness 0.5 

Smoothness 0.5 

 

4.2.1.4 Post_veg image segmentation 

 

The initial segmentation parameters of Post_veg were set the same scale, shape and 

compactness as the Pre_veg segmentation in order to detect the change under the same size 

and shape. The detailed parameters of Post_veg were described below: 

 

Table 4.4 Parameters for segmentation of Post_veg 

Parameters Value 

Scale 60 

Shape 0.1 

Compactness 0.5 
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Smoothness 0.5 

 

Following the basic rules of segmentation parameter selections (Definiens, 2009), a number of 

different segmentation parameters must be tried until a satisfactory result achieved. 

 

4.2.1.5 Change detection image segmentation 

 

The initial segmentation of change map was processed to classify the tents and landslides. The 

scale was set 20 because the size of tents was smaller than vegetation and common buildings. 

The detailed parameters of change map were described below: 

 

Table 4.5 Parameters for segmentation in change detection map 

Parameters Value 

Scale 20 

Shape 0.3 

Compactness 0.8 

Smoothness 0.2 

 

4.2.1.6 Urban damage segmentation in Level 1 

 

A scale parameter of 20 was considered optimal as an initial segmentation in Level1. The 

shape parameter was set to 0.2 in order to give a bit less weight on shape and give more 

attention on spectrally more homogeneous pixels to classify the shadow of most buildings’ and 

some trees’ based on its spectrum characteristics. In addition, the compactness parameter was 

set to 0.8 aiming to pay attention to shape characteristics. The parameters of Urban Level1 

segmentation were presented below: 

 

Table 4.6 Segmentation parameters of Urban Level1 

Parameters Value 

Scale 20 
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Shape 0.2 

Compactness 0.8 

Smoothness 0.2 

 

4.2.1.7 Urban damage segmentation in Level 2 

 

Keeping the shadow class of Level1 as mosaic, Level2 was created above the Level1 with a bit 

larger scale 25, since there were some single trees along the roads. Still, the shape parameter 

was set to 0.2 and the compactness parameter was set to 0.8 because of similar reason with 

Level1. The parameters of Urban Level2 segmentation were described below: 

 

Table 4.7 Segmentation parameters of Urban Level2 

Parameters Value 

Scale 25 

Shape 0.2 

Compactness 0.8 

Smoothness 0.2 

 

4.2.1.8 Urban damage segmentation in Level 3 

 

Keeping the shadow and vegetation classes as mosaic, Level3 was created above the Level2 

with scale 30. Commonly, it was set a quite large scale when to classify water. However, in this 

case, there were five bridges cross the river. Some of them were big and wide, whereas some 

were narrow. So in Level3, the scale parameter was set 30 to segment and separate water with 

bridges. For that purpose, the shape parameter was set to 0.3 and the compactness parameter 

was set to 0.8. The segmentation parameters of Urban Level3 were described below: 

 

Table 4.8 Segmentation parameters of Urban Level3 

Parameters Value 

Scale 30 
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Shape 0.3 

Compactness 0.8 

Smoothness 0.2 

 

4.2.1.9 Urban damage segmentation in Level 4 

 

Keeping the previous classes shadow, vegetation and water as mosaic, Level4 was created 

above the Level3 with scale 40. Still, the shape parameter was set to 0.3 and the compactness 

parameter was set to 0.8 to pay more attention to shape. The parameters of Urban Level4 

segmentation were described below: 

 

Table 4.9 Segmentation parameters of Urban Level4 

Parameters Value 

Scale 40 

Shape 0.3 

Compactness 0.8 

Smoothness 0.2 

 

4.2.1.10 Urban damage segmentation in Level 5 

 

Level5 was segmented with scale 30 from parent map and given the value 1 to the weights of 

three canny edge layers in the segmentation, in order to strength the building edge extractions. 

Still, the shape parameter was set to 0.2 and the compactness parameter was set to 0.8 because 

of similar reason with Level1. The parameters of Urban Level5 segmentation were described 

below: 

 

Table 4.10 Segmentation parameters of Urban Level5 

Parameters Value 

Scale 30 

Shape 0.3 



29 

Compactness 0.8 

Smoothness 0.2 

 

4.2.2 Contrast Split Segmentation 

 

Contrast split segmentation, similar to the multi-threshold segmentation approach, segments 

the scene into dark and bright image objects based on a threshold value that maximizes the 

contrast between them; and evaluates the optimal threshold separately for each image object in 

the image object domain (Definiens, 2009). Initially, it executes a chessboard segmentation of 

variable scale and then performs the split on each square, in case the pixel level is selected in 

the image object domain (Definiens, 2009).  

 

For the better distinction between trees and grass in Pre- image Level 2, contrast split 

segmentation is able to isolate trees with higher accuracy after SVM from Pre-Grass class, and 

also correct some small and misclassified trees. The split is based on the contrast, for example 

bright objects for Pre-Grass class whereas dark objects for Pre-Tree class, using the parameters 

showed in Table 4.11. 

 

Table 4.11 parameters used for contrast split segmentation 

Parameters Value 

Step size 5 

Stepping type add 

Contrast mode Edge ratio 

Minimum relative area dark 0.1 

Maximum relative area dark 0.1 

Minimum object size 10 

 

4.2.3 Chessboard Segmentation 

 

Chessboard segmentation is the simplest segmentation algorithm. However, it is generally 
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useful for tiling and dividing objects into equal regions of a given size. The following are some 

typical uses (Definiens, 2009): 

 

a. Refining small image objects: Relatively small image objects, which have already been 

identified, can be segmented with a small square-size parameter for more detailed analysis. 

b. Applying a new segmentation: Segmentation can be first applied chessboard segmentation 

with a small square size, such as one, then use those square image objects as starting image 

objects for a multiresolution segmentation 

c. Object Size: Use an object size of one to generate pixel-sized image objects. The effect is 

that all information available from features can be investigated for each pixel. 

d. Medium Square Size: In cases where the image scale (resolution or magnification) is 

higher than necessary to find regions or objects of interest, a square size of two or four can 

be used to reduce the scale.  

 

4.2.4 Hierarchical network of image objects 

 

The hierarchical image segmentation is a set of several image segmentations at different levels 

of segmentation details in which the segmentation at coarser levels of detail can be produced 

from simple merges of regions from segmentation at finer levels of detail (Zhong et al., 2005). 

The hierarchical structure represents the information of the image data in different resolutions 

simultaneously (Baatz and Schäpe, 1999). Each object 'knows' its context, its neighborhood 

and its subobjects; thus, it is possible to define relations between objects, e.g. 'relative border 

length to class forest', and to utilize this additional and often essential context information 

(Baatz and Schäpe, 1999).  

 

The knowledge basis for analysis comes in the form of a second semantic network, the class 

hierarchy (Baatz and Schäpe, 1999). The class hierarchy supports semantic grouping of classes 

to assign classes of different attributes into a common class of superordinate semantic meaning, 

which means it allows a grouping of classes for the purpose of inheritance of class descriptions 

to child classes to efficiently create a well-structured knowledge base of astonishing semantic 



31 

richness. The combination with fuzzy classification will add a lot of power to the 

object-oriented approach to image analysis, leading to new image objects with new properties 

and semantic relationships which in turn can be classified according to the newly generated 

features. Hierarchy network of image was shown in figure 4.4. 

 

 

Figure 4.4 Hierarchical network of image 

 

4.3 Object-based classification 

 

4.3.1 Object features 

 

Object features are calculated by evaluating image objects themselves as well as their 

embedding in the image object hierarchy. There are five major features that can help to classify 

the objects (Definiens, 2009): 

 

a. Customized features: are user created, like NDVI, SAVI and NDWI: 

 The Normalized Difference Vegetation Index (NDVI) is calculated from the red (Red) 

and near-infrared (NIR) reflectance as: 

NDVI = (NIR - Red) / (NIR + Red) 

 The Normalized Difference Water Index (NDWI) is calculated from the red (Red) and 

near-infrared (NIR) reflectance as: 

NDWI = (NIR - Blue) / (NIR + Blue) 

 The Soil-Adjusted Vegetation Index (SAVI) is similar to NDVI except that an 
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adjustment factor (L), and its formula resembles the former:  

SAVI = (NIR - Red) / (NIR + Red + L) * (1 + L) 

Where L is a correction factor and its value is dependent on the vegetation cover. If 

total vegetation covers, it receives a value of zero, effectively turning SAVI into NDVI. 

If very low vegetation covers, it receives the value of 1. The value of 0.5 is used when 

vegetation cover is unknown, as 0.5 represents intermediate vegetation cover (Huete, 

1988). 

b. Layer Value: utilize information derived from the spectral properties of image objects to 

classify, such as Mean, Brightness, stdDev, Ratio and so on. 

c. Shape: Geometry features set of the features that use shape parameters to recognize and 

classify an object, such as Area, Length/width, Asymmetry, Rectangular fit. 

d. Texture: texture values based on layers and shape, whereas object features concerning 

texture are based on sub object analysis. Texture after Haralick, based on grey level 

co-occurrence matrix (GLCM), is always used, for example GLCM Homogeneity, GLCM 

Mean and GLCM Dissimilarity. 

e. Class-related feature: contextual feature attribute, contains Relations to the neighbor 

objects (the relationship between assignment of image objects and existing class on the 

same level of image objects hierarchy), Relations to the sub-objects (the relationship 

between assignment of image objects and lower level image objects in objects hierarchy) 

and Relations to the super-objects (the relationship between assignment of image objects 

and lower level image objects in objects hierarchy). 

 

4.3.2 Original image classification 

 

Vegetation classification can be simply separated vegetated from non-vegetated areas or 

forested from open lands. Such distinctions are quite simple but of paramount significance in 

some contexts, especially when data are aggregated over large regions or observed over long 

intervals of time. In this study, after comparison with Google earth and visual interpretation, 

NDVI (Normalized Difference Vegetation Index) was first used in the pre- image to classify it 

into two classification: urban areas and mountainous areas. NDVI values greater than or equal 
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to 0.445 were assigned to the vegetation class, while others were assigned to the nonvegetation 

class. Object features like Area was adopted to limit and adjust the results of classification. 

Then it was exported into vector data to split both the pre- image and post- image in ArcGIS, 

generating urban areas in the middle of the original images named Pre_nonveg and 

Post_nonveg, and mountainous areas full of vegetation around urban areas named Pre_veg and 

Post_veg. 

 

4.3.3 Pre_veg image classification 

 

4.3.3.1 Classify vegetation and nonvegetation in Level 1 

 

To identify the levels of segmentation clearly, three abstract classes (‘level1’, ‘level2’ and 

‘level3’) were added for the organization of the class hierarchy by the expression Level under 

Hierarchy in Object Features. The detailed explanation of definition of the classes and their 

membership functions were presented in Appendix A. No classification was required. 

 

The following figure 4.5 gave the description of the classes defined for Pre_veg. It showed the 

class hierarchy to separate the vegetation and nonvegetation – related classes. All the names of 

the classes had the prefix ‘Pre-’ for identification purposes. 

 

Membership functions were created for these two classes, vegetation and nonvegetation. To 

separate between them, the SAVI was used. SAVI values less than or equal to 72 were assigned 

to the nonvegetation class, while vegetation class was inverted the expression of the 

nonvegetation class. A detailed explanation of definition of the classes and their membership 

functions were presented in Appendix B. 
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Figure 4.5 Class Hierarchy descriptions for Level 1 

 

4.3.3.2 Classify trees and grass in Level 2 

 

(1) Classify trees and grass with SVM 

 

After segmentation, class-related feature, "Existence of" in Relations to super objects, was 

firstly used to inherit the classifications which were from the upper level. The focus was then 

on separating two classes in vegetation class: Pre-Tree and Pre-Grass. Test samples for these 

two classes were directly selected from images based on mean layer values of object feature by 

visual interpretation. The training samples for both Pre-Tree and Pre-Grass were used to train a 

SVM classification to classify them. Besides, in eCognition, the training feature type was 

object based and kernel type was chosen linear. All test samples were checked to ensure their 

real classes. 

 

(2) Further classification and morphology 

 

To improve the effect and accuracy of classification of SVM, a further classification was 

undertaken in which the grass training samples. Firstly, a sequential segmentation, contrast 

split segmentation, was performed on the initial segments.  

 

After that, several steps were taken to remove and reshape the small trees, including 

chessboard segmentation and relations to neighbor objects in Class-Related features and other 
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object feature rules. Small objects which area was less than or equal to 4 pixels were removed 

into Pre-Grass, whereas those which area was less than or equal to 25 pixels were assigned into 

new class: Pre-small trees, in order to reshape small trees. After that, chessboard segmentation 

and rules of "Border to" were adopted twice but with different parameters and for different 

classes. Morphology was also adopted to generate a higher accuracy trees class. 

 

4.3.4 Post_veg image classification 

 

Similar processes with Pre_veg level 1, Post_veg segmentation and classification were also 

implemented in the eCognition software. Moreover, the segmentation parameters were kept the 

same as the Pre_veg segmentation, which was better to classify and detect the changes in a 

main image but two levels, representing two images Pre_veg and Post_veg, respectively. 

 

Once segmentation was complete, classification was performed using the segmented objects. 

The following figure gave the description of the classes defined for Post_veg. It showed the 

class hierarchy to separate the vegetation and nonvegetation – related classes. All the names of 

the classes had the prefix ‘Post-’ for identification purposes. 

 

 

Figure 4.6 Class Hierarchy descriptions for Level 2 

 

Membership functions were also created for these two classes, vegetation and nonvegetation. 

To separate between them, the SAVI was adopted. SAVI value less than or equal to 43 was 

assigned to the nonvegetation class, whereas vegetation class was inverted the expression of 

the nonvegetation class. A detailed explanation of definition of the classes and their 

membership functions were presented in Appendix C. 
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4.3.5 Classify tents from change map 

 

After segmented the Level_Change, several class-related and object features rules were set to 

distinguish tents and landslides classes from change-vegetation reduction class in new level. 

 

Membership functions were used to insert two classes, Change-Landslide and Change-Tents. 

To classify them from Change-vegetation reduction class, the Brightness in "Layer Values" 

was assigned. Brightness value greater than or equal to 405 was set to the Change-Tents class, 

whereas Change-Landslide class was inverted the expression of the Change-Tents class. A 

detailed explanation of definition of the classes and their membership functions were presented 

in Appendix D. 

 

There were some misclassifications in the Change-Tents class due to their spectral similarity 

with some points of landslides. The difference between R band and NIR band was created as 

customized feature to remove some misclassifications first. Besides, from the standpoint of 

shape, Compactness was taken into consider. Area was lastly used to remove the remaining 

misclassification. 

 

4.3.6 Urban damage identification 

 

4.3.6.1 Extraction of shadow in Level 1 

 

In the urban areas, shadow of buildings and trees always played a big role on the extraction. 

Generally, compared with surrounding buildings and trees, the brightness of shadow is lower. 

To avoid shadow classified as vegetation in the growing process of vegetation, it was classified 

and extracted first. Inevitably, there were some misclassifications existed. After merging the 

shadow objects, Area and Length (the shape characteristics) were adopted to remove most of 

them. Then the combination of NDWI and Shape index were used to remove the other 

misclassifications. The detailed rules of extracting Shadow class were described below in 

figure 4.7: 
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Figure 4.7 Rules of extracting Shadow class in Level1 

 

4.3.6.2 Extraction of vegetation in Level 2 

 

In Level2, vegetation was the second class decided to classified by SAVI (similar to NDVI 

with an adjustment factor, but more accurate) and Ratio as the first step of extraction. GLCM 

Homogeneity, describing the degree of homogenization of the image inside the object texture, 

was adopted to remove some small misclassified objects because the vegetation had more 

obvious texture features. Growing process with 10 cycles was performed. The detailed rules of 

extracting Vegetation class were described below in figure 4.8: 

 

 

Figure 4.8 Rules of extracting Vegetation class in Level2 
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4.3.6.3 Extraction of water in Level 3 

 

In Level3, NDWI was used to extract water and because of water obvious shape characteristic, 

Asymmetry was also adopted to extract water. After merging the water objects, Area was 

employed to eliminate a small amount of misclassifications. Growing process with 10 cycles 

was performed. The detailed rules of extracting Water class were described below in figure 

4.9: 

 

 

Figure 4.9 Rules of extracting Water class in Level3 

 

4.3.6.4 Extraction of roads and bridges in Level 4 

 

The significant characteristic of roads and bridges was shape characteristic. Then the spectrum 

was a little lower with surroundings. From texture aspect, GLCM Mean greater than or equal 

63.3 was as a limitation to reject some misclassifications. The detailed rules of extracting 

Roads and bridges class were described below in figure 4.10: 
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Figure 4.10 Rules of extracting Roads and Bridges class in Level4 

 

4.3.6.5 Classification of temporary houses in Level 5 

 

It was easy to find that the roof of the temporary houses had a distinctive color: blue. So the 

difference between Red and Blue band was chosen to extract the temporary houses. After 

merging temporary houses objects, Area and Mean value were used to remove small 

misclassifications. The detailed rules of extracting Temporary houses class were described 

below in figure 4.11: 

 

 

Figure 4.11 Rules of extracting Temporary houses class in Level5 

 

4.3.6.6 Classification of shallow in Level 5 

 

GLCM Mean, texture characteristic was employed to extract the shallow. And to avoid 
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misclassification, based on the context with the water, Border to water was adopted with Area 

after merging shallow objects. The detailed rules of extracting Shallow class were described 

below in figure 4.12: 

 

 

Figure 4.12 Rules of extracting Shallow class in Level5 

 

4.3.6.7 Classification of tents in Level 5 

 

The tents were in the range 427 – 624 of brightness. To remove a small amount of 

misclassification, Shape index was first adopted because of its regular shape. Second, based on 

the spectral characteristics, Mean value and Standard deviation were both used to separate 

from the surrounding objects. Third, GLCM Homogeneity was used to remove the remaining 

misclassifications. The detailed rules of extracting Tents class were described below in figure 

4.13: 
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Figure 4.13 Rules of extracting Tents class in Level5 

 

4.3.6.8 Classification of detected buildings in Level 5 

 

Through visual interpretation, the roof of detected buildings was rectangular, and with regular 

texture. So Rectangular fit was used to extract the detected buildings and Area was used to 

remove larger objects. Besides, the spectral characteristics, such like Brightness and Ratio, 

were also used to avoid misclassification. To separate from surrounding collapse, GLCM 

Dissimilar was chosen to eliminate the remaining misclassified objects. The detailed rules of 

extracting detected buildings class were described below in figure 4.14: 

 

 

Figure 4.14 Rules of extracting Detected buildings class in Level5 

 

4.3.6.9 Classification of building sides in Level 5 

 

Building sides, like windows with reflection of sunlight, had high value of brightness. Area 

less than or equal 700 was adopted to remove misclassified objects. Growing process with 10 

cycles was performed. The detailed rules of extracting Building sides class were described 

below in figure 4.15: 
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Figure 4.15 Rules of extracting Building sides class in Level5 

 

4.3.6.10 Classification of collapse in Level 5 

 

The remaining unclassified objects were assigned as collapse class. The detailed rules of 

extracting Collapse class were described below in figure 4.16: 

 

 

Figure 4.16 Rules of extracting Collapse class in Level5 

 

4.4 Change detection 

 

Change detection is the process of identifying differences in the state of an object or 

phenomenon by observing it at different times (Singh, 1989; Moran et al., 2004). The general 

framework of change detection in eCognition was shown in figure 4.17. In main image, 

Level_T1 and Level_T2 represented pre- image and post- image, while red part in 

Level_Change meant reduction when Level_T1 had but Level_T2 did not had, and green part 



43 

in Level_Change meant addition when Level_T1 did not had but Level_T2 had. Detail 

information of how to synchronize map in eCognition was shown in figure 4.18. 

 

 

Figure 4.17 General framework of change detection in eCognition 

 

   

Synchronize T1 Create LevelT2 in main Synchronize T2 on LevelT2 

Figure 4.18 Synchronize map in eCognition 

 

Before detecting the change of vegetation, the Pre- and Post- images need to be synchronized 

first following the steps illustrated in Table 4.1. It is worth noting that "synchronize complete 

hierarchy" should be chosen no when to synchronize map in the second time. In eCognition, 

change detection could be processed automatically with some algorithms, and generated the 

change map directly in one main map. 

 

There were four classes in Level_Change: vegetation no change, vegetation addition, 

vegetation reduction and nonvegetation no change. The following figure 4.19 gave the 

description of the classes defined for main image. It showed the class hierarchy to separate the 

vegetation and nonvegetation – related classes. All the names of the classes had the prefix 

‘Change-’ for identification purposes. A detailed explanation of definition of the classes and 

their membership functions were presented in Appendix E. 
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Figure 4.19 Class Hierarchy descriptions for Level 3 
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5 Results and analysis 

 

5.1 Original image classification and splitting 

 

5.1.1 Initial segmentation 

 

The study area was largely covered by vegetation and run through by rivers with urban areas. 

For the purpose of splitting images into mountainous areas and urban areas, large scale 250 

was adopted first to segment image objects with large pieces. It paid more attention to 

vegetation and nonvegetation rather than details like trees or single buildings, shown in figure 

5.1. 

 

 

Figure 5.1 Original images segmentation (scale = 250) 

 

5.1.2 Classify urban areas and mountainous areas 

 

Vegetation classification was simply separated from non-vegetation by NDVI, but of 
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paramount significance to distinguish the urban areas and mountainous areas. After first 

classification, several small vegetation objects in urban areas, according to their locations, 

were determined as parks and classified manually into nonvegetation for better splitting. The 

result of classification was shown in Figure 5.2. 

 

 

Figure 5.2 Classification result of the original pre- image 

 

5.1.3 Accuracy assessment 

 

The accuracy assessment, based on the confusion matrix, demonstrated the high capability of 

proposed method with an overall accuracy of 90.68% (Kappa 0.77) for further analysis. The 

confusion matrix of the classification of the original image was showed in Table 5.1. The 

overall accuracy demonstrated that although some vegetation objects were classified into 

nonvegetation class manually, the split-based approach was acceptable and available in the 

case. But it still needs to test and verify with more data. 

 

Table 5.1 Confusion matrix of the classification of original image  

Class Vegetation Nonvegetation Total  User’s accuracy 

Vegetation 159 16 175 90.86% 

Nonvegetation 6 55 61 90.16% 

Total  165 71 236  

Producer’s 96.36% 77.46%  Overall accuracy 
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accuracy 90.68% 

 

5.2 Landslide change detection 

 

5.2.1 Segmentation 

 

5.2.1.1 Pre_veg segmentation in Level 1 

 

After splitting the original images, Pre_veg was first segmented with optimal parameters (scale 

= 60) via several trial and errors. The segmentation of Level1 was not enough in this scale for 

the separation of trees and grass, but optimal for separating nonvegetation with vegetation, 

showed the details under yellow rectangular in figure 5.3, light blue areas for nonvegetation. 

 

 

Figure 5.3 Initial segmentation of Pre- image in Level1 (scale = 60, not enough for the 

separation of trees and grass, but optimal for separating nonvegetation with vegetation, showed 

under yellow rectangular, light blue areas for nonvegetation) 

 

5.2.1.2 Pre_veg segmentation in Level 2 
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The second segmentation, scale equal to 40, was done below the Level1 to separate trees and 

grass. Arable land was segmented into regular shapes. Trees with big canopies were separated 

individually. However, the scale used for this segmentation was not enough for separation of 

small objects. For example, there were some small and low trees mixed with surrounding grass 

in the segmentation. The details were showed in the figure 5.4. 

 

 

Figure 5.4 Segmentation of Pre- image in Level2 below the Level1 (scale = 40). 

 

5.2.1.3 Post_veg segmentation in Level 1  

 

As the initial segmentation parameters of Post_veg had better to be kept the same scale (equal 

to 60) as the Pre_veg in order to detect the change under the same size and shape, the result of 

the post- image segmentation was shown below. Under yellow rectangular, light blue areas 

were nonvegetation class. 
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Figure 5.5 Initial segmentation of Post- image in Level1 (scale = 60. Under yellow rectangular, 

light blue areas were nonvegetation class). 

 

5.2.2 Classification 

 

5.2.2.1 Classify vegetation and nonvegetation in Pre_veg Level 1 

 

Classification result generated by SAVI was shown in figure 5.6, green for vegetation and red 

for nonvegetation. Some bare arable land was classified into nonvegetation. These masks 

would then be compared with post- image classification to obtain the change detection, in 

order to highlight the changes in landslides (either loss or gain of structures) in time.  
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Figure 5.6 Classification of vegetation and nonvegetation of Pre_veg 

 

5.2.2.2 Classify trees and grass in Pre_veg Level 2 

 

(1) SVM 

 

Figure 5.7 showed the classification of trees and grass generated from SVM. It misclassified 

some trees into grass class, showed in the red circles. The result was not good enough, so 

further classification combined contrast split segmentation, chessboard segmentation and a 

series rules was taken. 

 

(2) Further classification and morphology 

 

Firstly, contrast split segmentation was adopted to assign grass for bright class and trees for 

dark class, still keeping nonvegetation as mask. However, the segmentation of trees was a bit 

trivial, shown in the figure 5.8. Therefore, chessboard segmentation was used to adjust and 

remove misclassified objects. 
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Figure 5.7 SVM classification of trees and grass, under red circles showed that misclassified 

some trees were misclassified into grass class. 

 

 

Figure 5.8 Contrast split segmentation 

 

Secondly, in chessboard segmentation, the object size was set 5 first to obtain a relatively large 

range surrounding the target objects by Border to rule, shown in figure 5.9 a and b. The 

refinement phase was taken and shown in c and d.  
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a. Grass: Chessboard, object size = 5 

 

b. Border to Pre-Grass > 0, Pre-temp1 

 

c. Pre-temp1: Chessboard, object size = 1 

 

d. Border to Pre-temp1 > 0, Pre-temp2 

Figure 5.9 Chessboard segmentation and "Border to" rules 

 

Lastly, the Pre-small trees class was grown into Pre-Tree class using grow region. And for 

Pre-Tree class, the operation of morphology was chosen open and masked with 4 widths, 

meanwhile set another temp class as active class to merge it into Pre-Grass class later. Details 

were shown in figure 5.10 and the final classification of Pre-Tree and Pre-Grass was shown in 

figure 5.11. Blue rectangular was the region assumed to place temporary houses or tents, 

expanded in figure 5.12.  

 

 

a. Grow region, Pre-temp2 to Pre-temp3 

 

b. Morphology, opening 

Figure 5.10 Grow region and open operation of morphology 
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Figure 5.11 Final classification of Pre-Tree and Pre-Grass. Blue rectangular was the region 

assumed to place temporary houses or tents, expanded in figure 5.12. 

 

There were three places circled under blue circles in figure 5.12. The areas in these circles 

were gentler, which were probable and suitable to place temporary houses or tents, as 

demonstrated in Chapter 4.3. 

 

 

Figure 5.12 Assuming that the areas under blue circles were for placing temporary houses and 

tents 

 

5.2.2.3 Classify vegetation and nonvegetation in Post_veg Level 1 



54 

 

Classification result of Post_veg generated by SAVI was shown in figure 5.13, green for 

vegetation and yellow for nonvegetation. The nonvegetation class included landslides and 

some bare arable land. 

 

 

Figure 5.13 Classification of vegetation and nonvegetation of Post_veg (green for vegetation 

class, while yellow for nonvegetation class). 

 

5.2.1.4 Accuracy assessment 

 

(1) Accuracy assessment of Pre_veg Level 1 

 

The accuracy assessment of Pre_veg Level1, also based on the confusion matrix, showed the 

high capability of proposed method with an overall accuracy of 95.44% (Kappa 0.91) for 

further analysis. The confusion matrix of the classification of the Pre_veg Level1 was showed 

in Table 5.2. 

 

Table 5.2 Confusion matrix of Pre_veg Level1 

Class Vegetation Nonvegetation Total  User’s accuracy 

Vegetation 41021 3478 44499 92.18% 
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Nonvegetation 0 31787 31787 100% 

Total  41021 35265   

Producer’s 

accuracy 
100% 90.14% 

 Overall accuracy 

95.44% 

 

(2) Accuracy assessment of Pre_veg Level 2 

 

The accuracy assessment of Pre_veg Level2, displayed the high capability                         

of proposed method with an overall accuracy of 90.84% (Kappa 0.83) for further analysis. The 

confusion matrix of the classification of the Pre_veg Level2 was showed in Table 5.3. 

 

Table 5.3 Confusion matrix of Pre_veg Level2 

Class Trees Grass Nonvegetation Total User’s 

Trees 1316 487 0 1803 72.99% 

Grass 108 2589 0 3697 70.03% 

Nonvegetation 0 0 2002 2002 100% 

Total 1424 3076 2002   

Producer’s 

accuracy 
92.42% 84.17% 100% 

 Overall accuracy 

90.84% 

 

(3) Accuracy assessment of Post_veg Level1 

 

The accuracy assessment of Post_veg, demonstrated the high capability of proposed method 

with an overall accuracy of 97.93% (Kappa 0.96) for further analysis. The confusion matrix of 

the classification of the Post_veg was showed in Table 5.4. This indicates that there are slight 

commission and omission errors for the vegetation and nonvegetation classes of post-. 

 

Table 5.4 Confusion matrix of Post_veg 

Class Vegetation Nonvegetation Total  User’s accuracy 

Vegetation 35767 0 35767 100% 
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Nonvegetation 2083 62747 64830 96.79% 

Total  37850 62747   

Producer’s 

accuracy 
94.5% 100% 

 Overall accuracy 

97.93% 

 

5.2.3 Change detection 

 

5.2.3.1 Change detection 

 

Figure 5.14 was the classification of change detection generated from the comparison of 

Pre-veg and Post_veg images. Red, vegetation reduction, was the most change part. Some of 

them were into strip-shape on the right side, whereas some were into fan-shape on the upper 

side. Light green, vegetation addition, was the areas which vegetation was expanded. Dark 

green was for vegetation no change, while yellow was for nonvegetation no change. However, 

some of them were misclassified due to the error in Post_veg classification.  

 

 

Figure 5.14 Map of change detection (Red for vegetation reduction; light green for vegetation 

addition; dark green for vegetation no change; and yellow for nonvegetation no change). 

 

5.2.3.2 Classify tents from change map 
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The segmentation of Levelchange_tent was adopted with an optimal scale (equal to 20). Tents 

could be identified in an optimal and useful segmentation under yellow rectangular in figure 

5.15. Small and regular tents were separated from other objects. 

 

 

Figure 5.15 Segmentation of Levelchange_tent (scale = 20. Under yellow rectangular, small 

and regular tents were separated from other objects.) 

 

The roof of tents had higher brightness, which was a significant difference with the 

surrounding surface features, for example to separate with landslides class. Tents class was 

shown in bright blue in figure 5.16, whereas landslides class was in pink. It could be seen that 

pink areas were quite large, occupied more than half vegetation. And tents were in dark blue 

circle, concentrated in villages around, detailed classification result shown in figure 5.16. Pink 

was for landslides; light green was for vegetation addition; dark green was for vegetation no 

change; yellow was for nonvegetation no change; and blue under circle was for tents.  
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Figure 5.16 Classification of landslides and tents (Pink for landslides; light green for 

vegetation addition; dark green for vegetation no change; yellow for nonvegetation no change; 

and blue under circle for tents). 

 

On the left of figure 5.17, it was 30m-resolution DEM of pre- image, including contours and 

their values. The value of DEM was from 851 to 1375. Enlarged image was shown on the right 

of figure 5.17. It could be seen clearly one block by one block, and most of them were 

identified and extracted. The tents were built on the relatively flat areas, the value of DEM 

from 870 to 970 under black rectangular, surrounding the village. It just confirmed that the 

assumption of Pre-veg Level2 was right. 
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Figure 5.17 Tents class under dark blue circle in figure 5.16 and 30m-resolution DEM of pre- 

image 

 

5.3 Urban damage identification 

 

5.3.1 Extraction of shadow in Level 1 

 

Figure 5.18 displayed the initial segmentation (scale equal to 20) of Level1 to separate shadow 

from buildings, trees and roads along the shore. Right areas under yellow rectangular were 

taken as example, and showed the enlarged segmentation in b at the same scale. It could be 

seen that some shadow objects were complete, while some were crosscut due to the damaged 

buildings or roads. Shadows separated from buildings, trees and roads along the shore were 

shown in red. 

 



60 

  

a. Scale = 20 b. Enlarged segmentation under yellow 

rectangular in a 

Figure 5.18 Segmentation of Level1.  

 

There were three parts consisted of the shadow class. First one was the shadow of buildings. 

Some showed rectangular shape and some were L-type. Almost all the village buildings were 

damaged and collapsed, so only two shadow objects were extracted. Temporary houses and 

tents were low with not obvious shadow showed up. Second one was the shadow of trees. 

Those trees were mostly big and single rather than flocks of trees or parks. Third one was the 

shadow of river embankment and larger bridges. Not all river embankment were extracted, 

some of were damaged and some were covered by landslides. The shadow of bridge at the 

river junction was extracted completely. However, the other one was just pieces of the bridge. 

Detailed classification was displayed in figure 5.19. 
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Figure 5.19 Level1: classify shadow  

 

5.3.2 Extraction of vegetation in Level 2 

 

Figure 5.20 showed the segmentation (scale equal to 25, larger than 20) of vegetation in 

Level2, which was created above Level1 with the mask of shadow class in Level1. Under 

yellow rectangular, some vegetation was segmented in red, which enlarged in b at the same 

scale. It could be identified by relatively regular shapes in red.  

 

  

a. scale = 25 b. Under yellow rectangular, some 
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vegetation was segmented in red 

Figure 5.20 Segmentation of Level2 above Level1.  

 

Figure 5.21 displayed the result of the vegetation class of the urban image with the existence of 

shadow class from the sub level. Green represented vegetation class. It could be seen that 

almost all vegetation was classified, including single trees along the river. 

 

 

Figure 5.21 Level2: classify vegetation 

 

5.3.3 Extraction of water in Level 3 

 

Figure 5.22 showed the segmentation (scale equal to 30, larger than 25) of Level3, which was 

created above Level2 using segmentation hierarchy again. Shadow and vegetation classes were 

masked. The result of water segmentation was fragmentary and into pieces. However, to 

separate bridges from water, it had to be set such scale. Under two yellow rectangular, there 

were water objects.  
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Figure 5.22 Segmentation of Level3 above Level2 (scale = 30). Under yellow rectangular, 

some water was segmented in red. 

 

 

Figure 5.23 Level3: classify water. The narrowest bridge was separated well from water, 

shown under yellow rectangular. Under the pink circle, water areas were decreased much 

compared with pre- image, and thus generated a dammed lake. 

 

Figure 5.23 displayed the result of the water class of the urban image with the existence of 

shadow and vegetation classes from the sub level. Bridges were separated well from water 
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even the narrowest bridge, shown under yellow rectangular in figure 5.24. It is worth noting 

that, under the pink circle, water areas were decreased much compared with pre- image. Thus 

it generated a dammed lake. The course of this river was quite irregular, since the river was 

buried, which meant part of the water and landslide mixed together caused by the Wenchuan 

earthquake. 

 

 

Figure 5.24 Enlarged classifications under red rectangular in figure 5.23, and the gap between 

water was the bridge in yellow rectangular.  

 

5.3.4 Extraction of roads and bridges in Level 4 

 

Figure 5.25 showed the parts of segmentation (scale equal to 40, larger than 30) of Level4, 

which was created above Level3, still using segmentation hierarchy. Shadow, vegetation and 

water classes were all masked. Bridges were segmented into regular shape in a and c. While in 

b, due to the bridge was damaged and some vehicles were in the middle of the bridge, the 

whole bridge was cut into several pieces and small holes were also presented. And in d, 

because of the road junction existed, the roads objects showed irregular rectangular. 

 

 

a. Bridge segmentation 

 

b. Incomplete bridge segmentation 
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c. Roads and complete bridge segmentation 

 

d. Roads and bridge segmentation 

Figure 5.25 Detailed segmentation of roads and bridges in Level4 (scale = 40) 

 

 

Figure 5.26 Level4: classify roads and bridges. Under yellow rectangular, bridges were 

classified and the item number of rectangular corresponded to the following pictures in table 

5.13. 

 

Figure 5.26 displayed the result of the roads and bridges class of the urban image with the 

existence of shadow, vegetation and water classes from the sub level. It was obviously seen 

that the roads did not generate a continuous network in the city except some main roads. 
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However, the main roads were not complete. On the other hand, no roads were extracted in the 

village areas and all of them were ruined. The results of bridges were all extracted, better than 

the roads. The item number of rectangular corresponded to the following pictures in figure 

5.27.  

 

 

a. Bridge and roads identification  

b. Bridge and roads identification 

 

c. Bridge and roads identification 

 

d. Bridge and roads identification 

Figure 5.27 Enlarged roads and bridges classification 

 

As shown in figure 5.27, under yellow circle, the part between roads and the bridge was 

disconnected. While under red rectangular, the bridge was not in a regular shape with a piece 

protruding from the segmentation. And in b, there was an obvious hole in the middle of the 

bridge, which was a big vehicle through visual interpretation. Under the yellow circle, another 

disconnection was existed between the roads and the bridge due to the earthquake. Same 

situations happened both in c and d, under the yellow circle. However, under the red 

rectangular in d, the extraction of this road was failed with only some edges of it. On the other 

hand, some big trees were along with roads, and covered partially or completely the road, 

leading to some misclassifications. 
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5.3.5 Classification in Level 5 

 

5.3.6.1 Classify temporary houses 

 

Figure 5.28 showed the parts of segmentation (scale equal to 30) of Level5, which was created 

from pixel level. As shown in a, the segmentation of temporary houses was in relatively 

regular shape to separate from surrounding objects, such like the tents with smaller sizes. In 

the meantime, in b, the segmentation of detected houses was separated well. So the scale 30 

was suitable for further classification in this level. 

 

 

a. Segmentation of temporary houses 

 

b. Segmentation of detected buildings 

Figure 5.28 Detailed segmentation of Level5 (scale = 30) 

 

Figure 5.29 was displayed some classification results of temporary houses, for example the 

light blue areas in a. While in b under yellow rectangular, the classification results were with 

two irregular protrusions out of the temporary houses. Meanwhile, under red rectangular in c, 

there were some small and regular blocks separated from the temporary houses class. However, 

the upper temporary houses should not be joined to the lower ones.  
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a. Part classification results of temporary houses in light blue 

 

b. Under yellow rectangular, the classification results were with two irregular protrusions 

out of the temporary houses.  

 

c. Under red rectangular, there were some small and regular blocks separated from the 

temporary houses class.  

Figure 5.29 Temporary houses classification results 

 

5.3.6.2 Classify shallow 

 

Shallow class was extracted by texture rules, and the results were shown in the brown color in 

figure 5.30. Most areas were along the water. Nevertheless, not all areas along the water were 

shallow class. Some were covered by the gravel due to the earthquake and landslides. 
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Figure 5.30 Shallow classification results shown in the brown 

 

5.3.6.3 Classify tents 

 

Figure 5.31 was displayed some areas of tents in original image (shown in a and c), as well as 

their classification results (shown in b and d). In a, most rents were arranged in order. While 

under two red rectangular, the tents were placed into curved shapes, which were difficult to be 

extracted, because one of the main rules for classification was shape index. Detailed 

classification result was shown in b.  

 

 

a. Some areas of tents in original image. Under two red rectangular, the tents were placed 

into curved shapes, which were difficult to be extracted 
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b. The classification results corresponding to a 

 

a. Some areas of tents in original image. Under red rectangular, the brightness of those tents 

were quite low and easy to mix with surrounding collapse. 

 

b. The classification results corresponding to c 

Figure 5.31 Tents classification results  

 

Noted that, under red rectangular in c, the brightness of those tents were quite low and easy to 
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mix with surrounding collapse. Due to that, it was failed to identify and extract them. Detailed 

classification result was displayed in d. 

 

5.3.6.4 Classify detected buildings 

 

Figure 5.32 was shown the classification results of the detected buildings in red color, under 

the blue rectangular. To avoid misclassification, GLCM Dissimilarity, which is similar to 

contrast but increases linearly, was adopted in the rule set. It would be high if the local region 

in the image has high contrast, and vice versa. However, not all the detected buildings present 

in these areas were identified correctly. If the buildings were detected, they should be in 

regular rectangular. One example, shown in figure 5.33, was with irregular shape and lack of 

the right corner. All extracted detected buildings were under blue rectangular. 

 

 

Figure 5.32 Detected buildings classification. All detected buildings were under blue 

rectangular. 
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Figure 5.33 One example of detected buildings classification results 

 

It was worth to mention that, the extracted detected buildings were accompanied by the 

shadow class. Some shapes of buildings were rectangular while some were L-type. Moreover, 

the shapes of the shallow should be matched with its corresponding buildings. For example, in 

figure 5.34, b and d were the classification results of a and c, respectively. They were in 

relatively regular rectangular but not in their integrity, compared with a and c. On the other 

hand, the buildings could be extracted from the shadow with Digital Surface Models (DSM). 

In this study, without DSM data, some buildings could be deduced from some regular shadow 

rather than identified and extracted, examples shown in c. 

 

 

a.  One example of detected buildings 

 

b. Classification result of a 

 

c. Examples of detected buildings 

 

d. Classification results of c 
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Figure 5.34 Detailed classification results of detected buildings 

 

Besides, when there was a big tree near a building, it could covered partially or completely the 

building, leading to misclassifications. Such situation happened in this study. Usually visual 

interpretation is the only way to deal with such cases. 

 

5.3.6.5 Classify building sides 

 

The building sides were glasses which reflected high light. So the rules to extract them were 

chosen brightness with high value. Classification results were shown in figure 5.35, in pink 

color. 

 

 

Figure 5.35 Building sides classification. 

 

5.3.6.6 Classify collapse 

 

Parking class was classified in yellow color. Then, all unclassified objects were assigned into 

collapse class, shown in figure 5.36, in light yellow color. Also, temporary houses, tents, 

detected buildings and building sides classes were classified together and into buildings class 

in order to be shown in level5.  
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Figure 5.36 Buildings classes included: (1) Blue: Temporary houses; (2) Red: Detected 

buildings; (3) Orange: Tents; (4) Pink: Building sides. 

 

Figure 5.37 displayed the final classification result of the urban image with the existence of 

shadow, vegetation, water and roads and bridges classes from super level. The identification of 

shadow, vegetation, water, temporary houses, tents and shallow was a good result of the 

classification. However, the definition of roads and bridges class was found to be very 

complex. After a series of tests, a final set of rules, which conflicted with the surrounding 

objects to a minimum, was obtained. Nevertheless, it still did not obtain an optimal result. 

Moreover, the detected buildings class was not identified correctly. 

 



75 

 

Figure 5.37 Final classification result of the urban image. 

 

Figure 5.38 showed the region for accuracy assessment of collapse ratio, visual comparisons 

between detected buildings and damage points. Under blue rectangular were detected buildings 

and cross points were damage points. The formula of collapse ratio was revealed below. The 

total was chosen from reference data of damage points, showed in table 5.5. The results 

achieved over 85%, which indicated that most buildings were collapsed in the earthquake.   

 

 

Table 5.5 Accuracy assessment of collapse ratio 

No. of buildings Detected Reference 

Corrected 10 18 

Total 121 121 

Collapse Ratio 91.73% 85.73% 
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Figure 5.38 Visual comparisons between detected buildings and damage points  
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6 Conclusions 

 

6.1 Conclusions 

 

This study has introduced and implemented a hierarchical object-based approach to detect and 

identify the 2008 Wenchuan earthquake damages using high resolution satellite imagery of 

YingXiu town. The hierarchical object-based approach promoted the processing speed and 

reduced the hardware configuration in the study. After the entire original image was split into 

two sub images, two computers were used at the same time to process and analyze them. The 

outcomes were produced at an acceptable accuracy.  

 

For the mountainous areas, by monitoring the change of vegetation we can extract the 

landslides areas rapidly. For detecting landslides through vegetation change detection map, it is 

enough to obtain the change map after generating classification maps of pre- and post-. 

Moreover, the results of accuracy assessment are acceptable. Without other data, such as high 

resolution DEMs, it is hard to find relatively accuracy regions for placing temporary houses or 

tents. The DEM downloaded from website, only has 30m resolution. There is a large gap 

between the DEM and 2.44m remote sensing images. However, through visual interpretation 

in the study area, the mountainous areas are full of trees. That means if the urban areas (spilt 

from the original image) are surrounded by grass, then there are probable to assume some 

places to build temporary houses or tents. So classification of grass and trees is made in Level2 

of pre- image. And the classification results of tents in change detection map confirm that they 

were built on the relatively flat places and that the assumption of Pre-veg Level2 is right, 

compared with 30m resolution. 

 

For the urban areas, it is an optimal classification process to quickly and effectively extract the 

damage information. Such information is valuable to search and rescue operations, and for 

reconstruction planning after earthquakes as well. However, due to the limitation of data, the 

extraction for some classes is not satisfied, such as roads and bridges class. The roads do not 
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generate a continuous network in the city except some main roads, and some disconnections 

were existed between the roads and the bridge. Besides, the extraction of detected buildings 

exist some misclassifications. The idea of using elevation data to extract buildings is not 

possible, because the necessary data for Digital Surface Models (DSM) generation is 

unavailable for the study. The results of collapse ratio achieved over 85%, which indicated that 

most buildings were collapsed in the earthquake. However, the detected buildings were 

extracted with some omission and commission errors, compared with reference data of damage 

points. If the developed rules are deployed in updating building database, further processing is 

required to be extracted more accuracy. 

 

6.2 Limitations 

 

Hardware of the computer is the first limitation. Although the method using in this study was a 

combination and modification of split-based approach and object-based approach, the time 

spent in the processes was still excessively long and sometimes even disappointing. 

 

The second limitation is the data. There were many other changes between the two dates of the 

two images, including construction of new buildings and infrastructure. Thus, it was quite 

difficult to automatically and accurately separate and classify each of building or roads damage 

from other change classes in such a complex urban scene. More ground truth information on 

those classes should to be considered in the future to evaluate it more accurately. 

 

Besides, with this resolution, some details in images are still not available. When there is a big 

tree near a building or along with a road, it can cover partially or completely the building and 

the road, leading to misclassifications. In some parts of the study, it was difficult to realize in 

the developed rules all the information obtained from experiences. In general, visual 

interpretation is the only way to deal with it. 

 

The detail documentation of eCognition needs to be improved. There are many algorithms and 

features that are not fully explained, which may cause an inexperienced user to take longer 



79 

time and not to use all the functionality that it provides. 

 

6.3 Further research  

 

Our results imply that the rules, applied to extract the roads and bridges class and detected 

buildings class, have to be improved to reach better identification. More context information 

will be considered to refine roads and bridges. Therefore, major roads can be segmented and 

classified in a larger scale.  

 

Other ancillary data, such as Lidar, GIS vector thematic map, high-resolution DEM and DSM 

can be used for the improvement of the classification. For example, the elevation dataset such 

as digital terrain model and digital surface model with high resolution will be quite useful 

during the classification process as they can help to sharply separate buildings from the 

neighbor objects which are without height.  

 

The classification rules based on fuzzy membership functions are convertible in theory. More 

tests of other study areas, such like Japan Earthquake, will be carried out whether the 

eCognition protocols developed in this project can be transferred and applied (with some 

threshold modification) to other datasets. 
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Appendix 

 

Appendix A: Class Descriptions and Membership Functions for 

Classes in class hierarchy 

 

Table A.1 Definition for abstract classes that define the levels of segmentation 

Class Class Description Membership Functions 

Level 

1 

 

Level    values: 0,1,2 

 

Level 

2 
Class description is similar to Level 1 values: 1,2,3 

Level 

3 
Class description is similar to Level 1 values: 2,3,4 
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Appendix B: Class Descriptions and Membership Functions for 

Classes in Pre-veg 

 

Table B.1 Definition of nonvegetation and vegetation classes in Pre_veg 

Class Class Description Membership Functions 

Nonvegetation  

 

Threshold 

 

Vegetation 
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Appendix C: Class Descriptions and Membership Functions for 

Classes in Post_veg 

 

Table C.1 Definition of nonvegetation and vegetation classes in Post_veg 

Class Class Description Membership Functions 

Nonvegetation  

 

Threshold 

 

Vegetation 

 

 

 

 

 

 

 

 

 

 

 

 

  



91 

 

Appendix D: Class Descriptions and Membership Functions for 

Classes in main Levelchange_tent 

 

Table E.1 Definition of change detection classes in main Levelchange_tent 

Class Class Description Membership Functions 

Tents  

 

Threshold 

 

Landslides 
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Appendix E: Class Descriptions and Membership Functions for 

Classes in main Level_Change 

 

Table D.1 Definition of change detection classes in main Level_Change 

Class Class Description Membership Functions 

Change- 

vegetation  

no change  

 

 

 

 

Existence of post-vegetation (1) 

 

Existence of pre-vegetation (2) 

 

Change- 

vegetation 

addition 

 

 

 

Existence of post-vegetation (1) 

 

Threshold: value = 0 

 

Change-  Threshold: value = 0 
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vegetation 

reduction 

 

 

 

 

Existence of pre-vegetation (2) 

 

Change- 

nonvegetation no 

change 

 

 

 

Existence of post-nonvegetation (1) 

 

Existence of pre-nonvegetation (2) 
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