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Abstract 
 

Remote sensing has been widely used in disaster management. However, application of optical 

imageries in damage detection is not always feasible for immediate damage assessment. In the case 

of the Sichuan earthquake in 2008, the damaged areas were covered by cloud and fog for most of 

the time. The all weather SAR imageries could instead provide information of the damaged area. 

Therefore, more efforts are needed to explore the usability of SAR data. In regards to this purpose, 

this research focuses on studying the ability of using various SAR data in damage identification 

through image classification, and furthermore the effectiveness of fusion of various sensors in 

classification is evaluated. 

 

Three different types of SAR imagery were acquired over the heavily damaged zone Qushan town 

in the Sichuan earthquake. The 3 types of SAR data are ALOS PALSAR L-band, RADARSAT-1 C-

band and the TerraSAR-X X- band imageries.  

 

Maximum likelihood classification method is applied on the imageries.  Four classes: Water, 

collapsed area, built-up area and landslide area are defined in the study area. The ability of each 

band in identifying these four classes is studied and the overall classification accuracy is analysed. 

Furthermore, fusion of these 3 types of imageries is performed and the effectiveness and accuracy 

of image fusion classification are evaluated.  

 

The results show that classification accuracy from individual SAR imagery is not ideal. The overall 

accuracy which PALSAR gives is 30.383%, RADARSAT-1 is 31.268% while TerraSAR-X only 

achieves 37.168%. Accuracy statistics demonstrate that TerraSAR-X performs the best in 

classifying these four classes. 

 

SAR image fusion shows a better classification result. Double image fusion of PALSAR and 

RADARSAT-1, PALSAR and TerraSAR-X, and RADARSAT-1 and TerraSAR-X give an overall 

classification accuracy of 41.88%, 42.478% and 37.758% respectively. The result from triple image 

fusion even reaches 52.507%. They are all higher than the result given by the individual images.  

 

The study illustrates that the VHR TerraSAR X band SAR data has a higher ability in classification 

of damages, and fusion of different band can improve the classification accuracy.  
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1. Introduction 
 

1.1 Background Information 
 

On 12
th

 May 2008, a catastrophic earthquake occurred in Beichuan County in Sichuan Province of 

China. This notorious earthquake was up to 7.9 Richter scale and took about 70,000 lives away. In 

order to assess the immediate damages caused by this devastating disaster and rescue the people in 

the affected area, remote sensing data became the most important source of information to support 

decision making. This is because local damage evaluation was nearly impossible as major roads to 

the affected area had already been heavily damaged.  

 

The application of airborne remote sensing techniques was limited after the earthquake. It was 

because the weather in the region was persistently foggy and cloudy (Figure1). This led to extreme 

difficulty in deploying helicopters or planes to fly through the region to observe damages or rescue 

victims. Accident of a rescue helicopter was recorded in Wenchuan region due to the foggy weather 

(Xinhaunet, 2008). Therefore, spaceborne techniques are of great importance when it comes to 

disaster management in Sichuan earthquake.   

 

In addition airborne SAR has larger differences of incident angles over an area, which causes large 

variations in reflectance which is not due to the illuminated object property (Lillesand et al., 2004 

chap. 8). The errors would be strengthened if airborne SAR was applied in the area of Sichuan 

because it is mountainous and foreshortening and layover problems would become more serious 

owing to the large difference in incident angles (ESA, 2010a). 

 

Therefore, spaceborne remote sensing data become a secure and major source of information after 

the catastrophe.  

 

 
Figure 1. Foggy weather persists after the earthquake which increases the difficulty in 

damage evaluation by optical remote sensing data (Consulate General of the PRC in Sydney. 

2008).  
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There are mainly several types of remote sensing electromagnetic (EM) waves being used 

nowadays. They are visible bands, infrared, laser and radar waves. Among all these waves, Radar 

waves have a special characteristic which makes it unique and important in disaster management.  

 

Comparing with the other types of EM waves, radar waves can penetrate through cloud and fog and 

have no visual impact on human eyes. It is an active wave which is independent of sun illumination 

and can be operated 24 hours a day.   

 
SAR data is especially useful in Sichuan Earthquake damage observation. This is because the area 

was heavily covered by cloud and fog, which optical and infrared wave cannot penetrate through, 

and this is a substantial problem in the near real time damage detection in Wenchuan earthquake.  

 

1.2 Importance of the Research 

 
There have been numerous studies on using different bands (wavelengths) of SAR for classification. 

However, the very high resolution (VHR) SAR spaceborne X-band is a rather new technique and 

there are only a few studies on comparison between the X-band SAR data with other bands of 

longer wavelengths. Each band has its own penetration characteristics and the different material and 

conditions on the ground may have different interactions with various bands of radar wave. 

Therefore, it would be useful to compare which SAR band is more effective in identification of a 

particular material. 

 

Furthermore, most recent research has been focused on fusion of SAR and optical imageries. But 

not much work has been done on fusion of various bands of SAR, especially the fusion of the newly 

operated X-band data with other bands with longer wavelengths.  

 

Moreover, it is not always possible to have both types of remote sensing data in some cases. In the 

Sichuan earthquake, the weather in the disastrous area was so bad that the area was covered by 

cloud or mist for most of the time, which made acquisition of optical data difficult. On the other 

hand, damage detection by using SAR data is feasible in such bad weather condition due to its all 

weather performance characteristics. Therefore it is worth to compare different types of SAR data in 

damage detection by image classification, and whether it is worthwhile to fuse the various bands of 

SAR data in damage and land cover classification.  

 

 

 1.3 Objectives of the Research 

 
 To carry out classification on L-, C- and X-band SAR imageries in order to detect damages 

after the earthquake, 

 To compare the classification result of L-, C- and X-band imageries and determine the 

effectiveness of using each band in damage detection, and 

 To perform fusion of L-, C- and X- band imagery and determine if fusion can improve the 

classification results 
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 2. Literature Review 
 

2.1 Factors Determine the Reflectance of SAR 
 

Radar backscatter is influenced by the following factors (Dallemand et al., 1993): 

 

2.1.1 Frequency of Radar Wave 

 

The penetration depth of different radar bands can vary. In general, the longer the wavelengths, the 

longer will be the penetration depth. Figure 2 demonstrates different penetration depth of L-, C-, 

and X- band on tree canopy. The shortest wavelength X band has the least penetration power in 

forest areas while L band penetrates forest canopies down to the tree trunks.  

 

 
Figure 2.  Penetration power of the 3 different radar bands in a forest. 

 

It is also shown that radar with wavelength shorter than 4 cm is more vulnerable to atmospheric 

effects . Therefore, the 3 cm long X band radar is more influenced by rain and cloud (Lillesand et 

al., 2004 chap. 8).  

 

2.1.2 Moisture Content 

 

The radar reflectivity is stronger on soil or plant which has high moisture content. The reason is that 

the dielectric constant of plant or soil becomes higher when the moisture content increases. This 

dielectric constant is a measure of the electric properties of surface materials and is related to 

permittivity and conductivity of EM wave.  In general, the EM wave penetration of an object is 

inversely related to the water content. In other words, the higher the water content in soil or 

vegetation, the higher the reflectivity of radar waves (Kuntz et al., 1999).  

 

2.1.3 Polarization 

 

Radar waves can be vertically and horizontally polarized. Depending on the system configuration, 

the radar waves can set to be emitted or received in either horizontally (denoted by H) or vertically 

(denoted by V) polarized wave. The penetration depth of the radar waves can vary according to 

different polarization (Dallemand et al., 1993). 
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2.1.4 Roughness of the Surface Object 

 

Radar backscattering is also related to the surface roughness. Figure 3 depicts how surface 

smoothness affects the reflectance of radar waves. Flat surfaces such as the water in a calm lake 

shows a very low backscatter since the radar waves bounce away from the incident direction where 

the radar wave emitter and receiver locates. A rough surface, on the contrary, gives a higher 

reflectance since the wave backscatter in all directions and part of the radar energy bounces back to 

the receiver as shown in the Figure 3.  

 

Double bounce can be observed in SAR imagery. When the radar wave hits the ground and then 

bounces to the tree trunk or a building, which has a comparable size to the wavelength, the wave 

can further rebound to the SAR receiver. This kind of phenomenon is called double bounce (Figure 

3). 

 
Figure 3. Interaction of radar with surface objects (ESA, 2010b). 

 

In collapsed building detection by SAR, interaction of SAR signal with the intact building and 

collapsed building can be very different. Matsuoka and Yamazaki (2004) demonstrated that SAR 

can interact with the collapsed area in 2 different ways (Figure 4). Due to this degree of different 

backscatter, damages can be distinguished from the intact buildings by studying SAR imageries.  
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Figure 4. Two possibilities of how collapsed buildings and non damaged buildings backscatter SAR   

(Matsuoka and Yamazaki, 2004). 

 

2.2 Digital Number, Beta Naught and Sigma Naught 
 

SAR imagery providers present the SAR backscatter in the following format which can be 

exchangeable from one to another (ERSDAC, 2006), (CSA, 2000), (Infoterra, 2008), (PCI 

Geomatics, 2007a)  

 

2.2.1 Digital Number (DN) 

 

The output of each pixel in SAR imagery is expressed in DN, which represents the magnitude of the 

detected pixel data. This means that the stronger the reflected radar signal at a particular location, 

the larger the DN at the corresponding pixel will be. There are many factors can influence the 

strength of the reflected radar signal which is represented by DN; and DN can be expressed by 

equation (1) (NRCan, 2005), (Dallemand et al., 1993). 

 

 
 

 

Where 

DN is digital number, which is a measure of power received. 

 is Constant of the system, include wavelength, transmitted power etc.  

 is one-way antenna power gain 

   is local incidence angle 

    is pixel spacing in the azimuth direction 

 is pixel spacing in the slant range direction 

  is radar backscattering 

R is Range (distance) between antenna and reflecting terrain patch 
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2.2.2 Brightness (Beta naught, ) 

 

Radar brightness is a measure of the total energy returned from an area on the ground projected into 

a given image pixel. Brightness can be derived from DN by equation (2). 

  

  
 

where  

 is beta naught 

DN is digital number 

K is calibration factors, can vary in different SAR products  

 

2.2.3 Backscatter Coefficient (Sigma Naught, ) 

 

The backscatter coefficient is a measure of the SAR reflectivity of a terrain, and it is dependent on 

the properties of the object on the earth surface. When the local incident angle factor (Figure 5) is 

normalised from the brightness value, backscatter coefficient of a terrain can be acquired. The 

relationship between brightness (beta naught) and backscatter coefficient (sigma naught) can be 

calculated by equation (3). 

 

 
   

 Where  

  is sigma naught 

  is beta naught 

    is local incident angle 

 
Figure 5. Definition of local incidence angle (Raney et al., 1994). 
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In classification of a flat and relative small area, the difference of using sigma naught or beta naught 

is not noticeable because the variation of local incidence angles within the area is small and the 

local incident angel is nearly equal to the look angle of the radar system. i.e. = γ. The factor of 

sin( ) is rather constant throughout the imaged area, in turn the backscatter coefficient   is only 

a factor of brightness  according to equation (3). Separability of objects would not be affected 

by using either backscatter coefficient or brightness. However, in mountainous areas the   varies 

from place to place due to the existence of slopes, and the brightness value from same objects in 

different place can vary a lot due to the considerable difference in incidence angle. Therefore, in the 

mountainous areas the incident angle effect must be considered and it is better to use the backscatter 

coefficient (sigma naught  ) for analysis (Infoterra, 2008). 

 

2.3 Geometric Distortion of SAR Imagery 
 

The side looking property of SAR leads to 3 types of geometric distortion in application of SAR 

data in mountainous area: foreshortening, layover and shadowing (Dallemand et al., 1993). 

 

2.3.1 Foreshortening 

 

On the top left diagram in Figure 6, imagine triangle abc represents a mountain, the mountain is 

symmetrical i.e. distance ab and bc are the same. The objects on slope ab and bc are identical too. S 

is the source and receiver of SAR. When the waves from the source S hit on the radar facing slope 

ab, the wave at a and b will backscatter to the SAR receiver at almost the same time since b is 

located at a higher ground, the distances Sa and Sb become nearly the same. The SAR system will 

interpret point a and point b to be very close to each other since their backscatter arrives the receiver 

nearly at the same time. Therefore on the output image it appears that the slope distance between a 

and b is shorter than what it really is. Furthermore, although the objects on slopes ab and bc are the 

same, the distance ab on the SAR facing slope is underestimated and the reflectance on slope ab is 

mapped onto fewer pixels than the backfacing slope bc. Therefore the SAR facing slope appears 

brighter while the backfacing slope looks darker than it should be. 

 

2.3.2 Layover 

 

In extreme cases where the SAR facing slope is very steep as shown on the top right corner of 

Figure 6, the backscatter of point b reaches to the SAR receiver prior to that of point a, and point b 

becomes dislocated at b’’ on the left side of point a in the output imagery.  

 

2.3.3 Shadowing 

 

The bottom diagram in Figure 6 depicts the shadowing effect in SAR data. The backfacing slope bc 

is so steep that its slope angle is larger than then the look angle of the radar beam so that no radar 

wave can hit the backfacing slope. No target can be illuminated and detected in the shadow region. 

This area becomes black in the SAR imagery and is therefore called shadowing. 
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Figure 6. Geometric distortion of SAR imageries (ESA, 2010). 

 

2.4 Orthorectification and Radiometric Correction 
 

In order to solve the problem of these geometric distortions, orthorectification and radiometric 

correction is necessary. Orthorectification is a process of using a mathematical model, the 

information of satellite orbital and a DEM to correct the dislocated pixel (Figure 7). Therefore a 

good mathematical model and a precise DEM are essential to perform orthorectification. 
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Figure 7. The idea of orthorectification  (PCI Geomatics, 2007a). 

 

Besides location inaccuracy, radiometric distortion also exists in area with rough terrain. As 

mentioned in the previous section 2.3, foreshortening occurs where the slope faces towards the 

sensor, the reflected energy will be compacted into fewer pixels and the pixels are appeared to be 

brighter than they should be. At the same time, the back facing slope appears darker than it should 

be since more pixels share the backscatter from the slope. Therefore, radiometric correction has to 

be carried out to correct these radiometric distortion problems. It applies a DEM and a math model 

to stretch the return from the slopes facing the sensor and compresses the return from the back 

facing slopes. In this way radiometric uniformity is restored (PCI Geomatica Help, 2010). 

 

    
                    (a)       (b)    

 

Figure 8. (a) The RADARSAR data without orthorectification and (b) Orthorectified RADARSAT-1 data. 

 

In order to perform accurate classification and image fusion, it is crucial to perform an accurate 

orthorectification so that the pixels in an imagery have a correct geographic location (Siqueira et al., 
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2004). Such a processing step is very important in mountain areas like Beichuan county since the 

geometric distortion is serious. If orthorectification and radiometric correction are not carried out, 

foreshortening and layover problems mentioned in section 2.3 Geometric Distortion of SAR 

Imagery” will not be corrected and the pixels in the imagery do not exactly represent the features at 

their true geographic location. When the features are compared with the ground truth data during 

classification and accuracy assessment, dislocation of the features will lead to great errors in the 

classification process. Image fusion is also impossible if the imageries are not orthorectified 

because the same feature in different imageries does not match with each other (Jia and Richards, 

2006). 

 

2.5 Speckle Effect 
 

SAR imagery has serious “salt and pepper” effect due to the coherence of backscatter waves. It 

happens because in a resolution cell there may be several reflection centres. Reflection from these 

centers may undergo positive or negative interference and lead to the light or dark salt and pepper 

effect in the imagery. Speckle effect deteriorates the readability of SAR imagery. When applying 

classification based on radiometry and texture, this salt and pepper effect will also minimize the 

separability of different landuse classes. Therefore despeckling is necessary (Dallemand et al., 

1993). Specking can be reduced by two methods. One of them is multi-look processing and the 

another is filtering technique. Multi-look processing is a technique which several looks on the same 

scene are averaged to reduce the random variation of grey level. However, this method causes a 

reduction of spatial resolution. On the contrary, filtering technique does not have this problem but 

filtering may cause loss of textural information (Nyoungui et al., 2002). Therefore the users must 

make a good balance between despeckling and preservation of textural information when they 

choose which type of filters to be used. 

 

2.6 Texture Analysis 
 

When interpreting an image, human perception will take context, edges, texture and color into 

account. However in most of the cases the brightness value is considered when remote sensing 

image classification is performed computationally (Jensen, 2005). Some scientists try to explore 

some of these other image properties in image classification. Texture is one of the most frequently 

investigated properties. Texture analysis is the study of the variation of discrete tonal features in an 

area to capture the spatial properties of a scene (Jia and Richards, 2006). Texture analysis is proved 

to be effective in improving the classification accuracy of SAR imageries (Dekker, 2003 and 

Dell’Acqua, 2003).  

 

2.7 Classification of SAR Imagery 
 

Pixel based supervised classification algorithms are applied in this study. In supervised 

classification the spectral characteristics of each type of classes is studied and compared during 

training sites collection. In this process the spectral characteristics in the L-, C-, and X-band can 

also be analysed and the effectiveness of the application of each band in classification of a specific 

class can be evaluated. Pixel based classification is chosen because of its ease of application and 

lower computational complexity than other classification methods such as object based. It would be 

more suitable to start from a simpler algorithm when handling multiple imageries which come from 

3 types of different sources.  
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Supervised classification methods can be divided into two main branches, namely parametric and 

non parametric. Parametric algorithms assume measurement vectors obtained in each class from 

each spectral band are normally distributed, while there is no such assumption for non parametric 

classification algorithms. Software PCI Geomatica provides 3 most common types of supervised 

classification algorithms, they are Maximum likelihood (MLC), Parallelepiped, and Minimum 

distance to means (MDMC).  

 

2.7.1 Parallelepiped Classification 

 

It is a non parametric algorithm based on Boolean logic. A pixel is classified to a particular class if 

and only if the brightness value of the pixel fulfills equation (4). 

 

  
   ……………………………(4) 

  
  

Where  

k = 1,2,3,…, n number of bands 

c =1,2,3,…, m, number of classes 

 is the mean value of training data obtained for class c in band k, 

 is the standard deviation of the training data class c of band k, and 

   is the pixel value at i row j column 

 

 

In other words, equation (4) uses one standard deviation (SD) threshold from the mean value of the 

training samples to define the boundary of the classes. When a pixel does not lie within the upper 

threshold and the lower threshold of any class, the pixel will be left unclassified.  

 

One of the disadvantages of Parallelepiped is that there is a possibility a pixel lies in more than one 

class. In such case the pixel will be classified to the first class which the pixel meets all its criteria. 

(Jensen, 2005, chap. 9) 

 

2.7.2 Minimum Distance to Means Classification 

 

It is a non parametric classification algorithm where the mean vector is calculated from the training 

data for each class. Distance of each pixel to the mean vector of each class is calculated and the 

pixel will be classified to the class where the pixel has the shortest distance to. (Jensen, 2005, chap. 

9) 

 

Minimum distance can be calculated from equation (5) 

 

    …………………………………..(5) 

 

Where  is the distance of the pixel A to the mean vector of a particular class B 

n is the total number of bands  

a is pixel value at band i, and 

b is the mean vector of class B at band i   
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2.7.3 Maximum Likelihood Classification  

 

One of the most commonly used classification algorithms, Maximum Likelihood Classification 

(MLC), is an example of parametric algorithms. In this algorithm, probability of each pixel 

belonging to each of the predefined classes is calculated and the pixel will be assigned to a class 

which has the highest probability. The probability of each pixel for each class can be calculated by 

the probability density function equation (6): 

 

……………………………….(6) 

 

Where  

 is the probability density function for class  for a particular pixel  

x is the brightness value of the particular pixel 

 is estimated mean of all the values in training data for class  

 is the estimated variance of all measurements in training data for class  

 

Therefore in order to calculate the probability density function, the mean and variance of each 

training class are required. For a particular pixel x, if the probability density function 

, then the pixel will be classified into class . 

 

One of the major characteristics of MLC is the training data for this algorithm should be normally 

distributed or Gaussian. If a set of training data contains more than one modal in the histogram in a 

single band, which means the training data is not Gaussian, a separate class should be divided for a 

particular modal.  (Jensen, 2005, chap. 9) 

 

MLC is chosen to be the classification method in this study. The effectiveness of using MLC in 

classifying SAR data has been widely studied (Frost and Yurovsky, 1985 and Michelson et al., 

2000). It has been used in classifying SAR imagery for study of forestry, land cover mapping etc. 

(Gaveau, 2003) and this classification is usually chosen because of its simplicity and existence in 

almost all digital image processing software. (Waske, 2009) 

 

2.8 Fusion of SAR Data 
 

There are a lot of fusion methods can be applied on remote sensing data (Pohl and Genderen, 1998). 

Some of these methods such as principal component analysis (PCA) and wavelets transform apply 

complicated statistical and numerical analysis. PCA involves calculation of covariance and 

eigenvalues and wavelets transform includes summation of a group of functions and calculation of 

wavelet coefficients. These statistical methods are computationally complex.  However, in this 

research it is aimed at investigating the value of fusion of images from 3 different SAR bands. 

Therefore it would be more appropriate to start with the basic and less complex method before 

proceeding to a complex one. Therefore the simple stacking method is used.  
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The stacked Vector Approach is a very straightforward way to fuse data. Various types of data are 

stacked together pixel by pixel therefore each imagery should have the same pixel spacing. The 

stacked composite can be represented by a vector to represent different pixels at the same location. 

(Jia and Richard, 2006, chap.12) 

 

X= [x
t
1, x

t
2, x

t
3., … x

t
s]

t
…………………………………….(7)

  

 

Where  

 X is the stacked vector 

 x is the data vector in individual source 

 S is the total number of individual data sources  

 t is the vector transpose operation  
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3. Study area and Data Description 
 

3.1 Study Area Description 
 

Investigated area is around Qushan town in Beichuan county, Sichuan Province in central China. 

The area to be analysed and classified is confined to the coordinates at upper left corner 

104d26'17.3598"E, 31d50'02.3161"N and at lower right corner 104d27'42.6055"E, 

31d49'08.4938"N as shown in Figure 9b.  

 

Qushan town is a town having 23,000 inhabitants. The town is built in a mountainous area along the 

river Jianjiang. It is occupied by 5 to 6 storeys buildings and some small houses. Over 11,000 

people working on farming in the region and farming fields scattered around the town.  The town 

locates at 650 meters above sealevel and Beichuan county where Qushan town locates has a huge 

variation in height over the county. Elevation varies from lowest 540 meters to highest 4700 meters.  

 

Qushan town was chosen as our target study area because: 

 

a) It is one of the towns demonstrated the greatest extent of damage due to the earthquake, various 

disastrous features such as earthquake lake, landslides and serious house damages can be observed.  

b) All L-, C-, and X- bands of SAR data available.  

c) At the same time it is an area where very high resolution cloud free optical data can be acquired. 

A clear VHR optical data is necessary in our accuracy assessment because optical data is our only 

available ground truth data.  

 

Although Qushan is our target studying area, a much bigger surrounding SAR and optical data are 

required for image preprocessing. In order to perform orthorectification, we need to have enough 

ground control points (GCPs). Unfortunately there are not enough easily identified ground control 

points around the town Qushan for orthorectification or georeferencing (Figure 10). We have to use 

a use a bigger imageries (Figure 11) which include distinct points such as river and intersection of 

roads as GCP.  
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(a) 

 

                     

 
(b) 

 
Figure 9 a) Location of Beichuan. It is about 160 km from the epicenter (Maps of World, 2010),  b) Worldview 

optical image of  Beichuan area around Qushan town which is classified in this research. 
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Figure 10. At the left hand side of the target area, there are no noticeable 

features which can be used for reference point collection during 

orthorectification (RADARSAT-1 image). 

 

  

 
Figure 11. Instead, a much larger image is used in orthorectification. Target 

area was cut from the orthorectified image afterwards (RADARSAT-1 

image). 
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3.2 Data Acquisition 
 

In order to perform fusion of data from several different sources for classification, it is important to 

have all the different sources of data acquired on the same date, or at least as closest as possible in 

order to avoid the objects to change between different dates. As mentioned in table 4, the SAR data 

for classification, and the optical data which is used as the ground truth, have an acquisition date 

difference not more than 4 days (taken from 16
th

 May 08 to 19
th

 May 08). As the area is affected by 

aftershock, more collapse of slope or buildings or growth of quake lake can be possible. By getting 

all the data within a short period of time, this effect of change can be minimized.  

 

Since the highest resolution SAR data applied in this study is 3 meter, the optical data used to verify 

the classes should have a higher resolution than 3 meter. Therefore, a number of requirements for 

our optical reference data must be fulfilled. 1) The acquired date of the data must be as close as to 

the date of the SAR imagery as possible. 2) It should be a VHR optical data which has a resolution 

higher than 3 meter. 3) Data must be cloud free (Jensen, 2005, chap. 9). 

 

The following data fulfill all the above requirements and they are used in this research. 

 

a)  SAR imagery 

L-band PALSAR, C-band RADARSAT-1 and X-band TerraSAR-X are used for 

classification 

 

b)  Optical data 

VHR Worldview (WV) panchromatic data is used as the ground truth reference data, in 

addition digital photos will be used in order to have a general picture of the area before and 

after the earthquake. 

 

c)  DEM 

In addition, free SRTM DEM (USGS,2006) data are acquired for orthorectification. 

 

3.3 Data Description 
 

Investigation will be done by comparing and fusing 3 types of SAR data, namely PALSAR, 

RADARSAT-1 and TerraSAR-X. VHR panchromatic optical Worldview data is used as ground 

truth reference for training data collection and accuracy assessment. DEM is required for 

orthorectification of the SAR and optical imageries.  

 

3.3.1 ALOS 

 

The system ALOS is equipped with 3 remote sensing instruments: PRISM, AVNIR-2, and 

PALSAR. Besides providing the SAR imagery, it also generates multispectral and panchromatic 

optical data. ALOS is characterized by its high speed and large capacity of data handling, and the 

high precision of spacecraft position and altitude determination ability (JAXA, 1997b). 
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Spacecraft characteristics 

Launch date: 24 Jan 2006 

Mass: approx. 4 tons 

Designed life 3-5 years 

Orbit: Sun synchronous orbit 

Repeat cycle: 46 days 

Inclination degree: 98.16 deg 

Altitude: 691.65 km at equator 

 

 

PALSAR 

 

Development of PALSAR is a joint project between JAXA and Japan Resources Observation 

System Organization (JAROS). PALSAR system uses L-band SAR sensor, with centre frequency 

1270 MHz. It provides 3 major imaging modes: Fine, ScanSAR and Polarimetric. PALSAR is also 

characterized by its full polarization capability. 

 

Imaging Mode Fine 

 

ScanSAR  Polarimetric 

 Single Dual   

Polarization HH or VV 

 

HH+HV or 

VV+VH 

HH or VV HH+HV+VH+VV 

Incident angle 

(deg) 

8 to 60 8 to 60  18 to 43  8 to 30  

Nominal 

Resolution 

7 to 44m 14 to 88m 100m (multi 

look) 

24 to 89m 

Observation 

Swath 

40 to 70km 40 to 70km 250 to 350km 20 to 65km 

Table 1. Characteristics of various imaging modes of PALSAR. 

 

 

 
Figure 12. Various PALSAR imaging mode and incident angle (JAXA, 1997). 
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3.3.2 RADARSAT-1 

 

The development of RADARSAT-1 is a joint project which involves Canadian federal government, 

the Canadian provinces, the United States, and private sectors. The system applies C band radar 

with frequency at 5.3GHz, it only has HH polarization. It provides various imaging mode according 

to the beam width (CSA, 2005). 

 

Spacecraft characteristics 

Launch date: 4 Nov 1995 

Mass: 2.75 tons  

Designed life: 5 years 

Orbit: Sun synchronous orbit 

Repeat cycle: 24 days 

Inclination degree: 98.6deg 

Altitude: 793-821 km  

 

Imaging mode Fine Standard Wide ScanSAR 

Narrow 

ScanSAR 

wide 

Extended 

high 

Extended 

low 

Polarization  HH 

Incident angle 

(deg) 

37 to 47 20 to 49 20 to 45 20 to 49 20 to 49 52 to 58 10 to 22 

Nominal 

Resolution(m) 

8 30 30 50 100 18-27 30 

Swath width 

(km) 

45 100 150 300 500 75 170 

Table  2. Characteristics of various imaging mode of RADARSAT-1. 

 

 

 
Figure 13. Various RADARSAT-1 imaging mode and incident angle (CSA, 2005). 

 



 

20 

 

3.3.3 TerraSAR-X 

 

TerraSAR-X is a German developed satellite system, joint-venture by the German Aerospace Centre 

(DLR) and private sector Astrium. It operates in X band at frequency 9.65 GHz. It is well known for 

its VHR radar image and like PALSAR system, TerraSAR-X is equipped with full polarization 

capability. It provides 3 imaging modes: SpotLight, StripMap, and ScanSAR (Infoterra, 2009 and 

DLR, 2009). 

 

Spacecraft characteristics 

Launch date: 15 Jun 2007 

Mass: 1,23 tons 

Designed life: at least 5 years 

Orbit: Sun synchronous orbit 

Repeat cycle: 11 days, 

Inclination degree:  97.44 deg 

Altitude: 512 to 530km 

 

Imaging 

mode 

SpotLight StripMap ScanSAR 

 Single Dual Single  Dual  

Polarization HH or VV  HH + VV HH or VV HH+VV, 

HH+HV or  

VV+VH  

HH or VV 

Incident 

angle (deg) 

20 to 55 20 to 55 20 to 45 20 to 45 20 to 45 

Nominal 

Resolution 

(m) 

1.7* 3.4* 3.3 6.6 18.5 

Swath width 

(km) 

10 10 30 15 100 

Table 3. Characteristics of various imaging mode of TerraSAR-X. 

 

*SpotLight mode provides an extra high resolution mode option, where maximum resolution can reach 1.1m in single 

polarization and 2.2m in dual polarization. 

 
Figure 14. Various TerraSAR-X imaging mode and incident angle, adopted from (Infoterra, 2010). 
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 PALSAR  

(post) 

RADARSAT-1 

(post) 

TerraSAR-X  

(post) 

band L C X 

wavelength 23.6cm 5.7cm 3.1 cm 

Image taken date 19-5-2008 17-5-2008 17-5-2008 

Spatial resolution 10 meter 8 meter 3.3 meter 

Pixel spacing 

(meter) 

6.25 6.25 1.25 

Looking direction Right-looking Right-looking  Right-looking 

Imaging mode Fine Single Fine Beam StripMap 

Incident Angle 

(degree) 

34.3 40.1 26.3 

Polarization HH HH HH 

Orbit (Ascen/Desce) Ascending Ascending Ascending 

Processing Level L1.1 L1.5 (SGF) L1.5 (EEC) 

Processing degree Slant range 

coordinate used, not 

projected to a plane 

using a map 

projection. 

Pixels are 

georeferenced, image 

orientation is in the 

satellite path 

direction.  

Map geometry with 

terrain correction 

using a DEM 

No. of Look 1  1 1.3 

Data format DN DN Beta naught 

Table 4.  Summary of the characteristics of SAR data used (Infoterra, 2009), (JAXA, 2009) and 

(RADARSAT International, 2000). 

 

As mentioned in section 2.2.3 Backscatter Coefficient (Sigma Naught, ) sigma naught data 

should be applied in mountainous areas. The transformation of DN to beta naught and sigma naught 

can be done by various softwares. In this research, the DN of PALSAR and RADARSAT-1 data is 

transformed to sigma naught when the orthorectication is done. However, the TerraSAR-X data is 

given in beta naught format. The TerraSAR-X data do not carry the orbital information since the 

imagery is orthorectified and given in EEC processing level, local incident angle data cannot be 

created. Due to this limitation, transformation of beta naught to sigma naught is not possible.  

 

3.3.4 WORLDVIEW-1 

 

Worldview-1 is a VHR panchromatic optical image system developed by the US based company 

DigitalGlobe. Worldview is one of the few satellite systems which can provide sub-meter resolution 

optical imagery (Digitalglobe, 2010). 

 

Spacecraft characteristics 

Launch date: 18 Sept 2007 

Mass: 2,500kg  

Designed life: 11 years 

Orbit: Sun Synchronous orbit 

Repeat cycle: 1.7 days 

Inclination degree: 97.2 deg 

Altitude:  496 Kilometers 
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 Worldview 

Image taken date 16-05-2008 

Processing level Basic 1B Imagery products 

Spatial resolution 0.5 meter 

Progressing degree Radiometrically and sensor corrected, not projected 

to a plane using a map projection. 
Table 5. Summary of characteristics of optical data used. 

 

3.3.5 DEM 

 

90 meter DEM data is acquired from SRTM. SRTM is an international project led by National 

Geospatial-Intelligence Agency (NGA), National Aeronautics and Space Administration (NASA), 

the Italian Space Agency (ASI) and the German Aerospace Centre (DLR). Its 11-day mission in 

February 2000 is to acquire elevation information over the globe by a radar system equipped on the 

Space Shuttle Endeavour. SRTM provides three different resolution outputs, 30 meter, 90 meter and 

1 kilometer. 30 meter resolution only covers the US and 90 meter and 1 kilometer resolutions are 

available for the globe (USGS, 2006) 
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4. Methodology  

 

 
 

Chart 1. Workflow of classification of various SAR imageries. 

 

Flowchart 1 summarizes the investigation process of this study. Before analysing the imageries, it is 

essential to pre-process the SAR data.  

 

Digital image processing software PCI Geomatica Version 10.2.0 is the major tool to perform image 

pre-processing, classification and accuracy assessment, although open source software MapReady 

version V2.2.5 is applied in orthorectifying PALSAR imagery.  

 

4.1 Orthorectification and Radiometric Correction 
 

The study area is a mountainous area and most of the area has the problem of foreshortening and 

layover. In order to correct the geographic location, orthorectification and radiometric correction is 
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necessary. As described in section 3.1 Study Area Description the image for orthorectification is 

much bigger than the study area, and the imageries are clipped to the study area extent after 

preprocessing. 

4.1.1 TerraSAR-X 

 

TerraSAR-X imagery is given in processing level EEC, which means that it is orthorectified by the 

image provider; therefore no further pre-processing is required on the imagery. This VHR radar 

imagery acts as a geographical reference image for the other imageries in GCP collection in 

orthorectification since the imagery possesses a high location precision. The map projection system 

in TerraSAR-X data is UTM zone 48. All the other imageries are also reprojected into this map 

projection system.  

 

4.1.2 RADARSAT-1 

 

One of the biggest challenges of working on various types of SAR imagery is that different 

imageries with different image processing levels require different softwares for pre-processing. 

Preprocessing of the PALSAR and RADARSAT-1 data in this study are supported by two different 

softwares. For the RADARSAT-1 processing level L1.5 image, software Geomatica Version 10.2.0 

is applied to perform orthorectification and radiometric correction. The radiometric correction 

process in Geomatica automatically forced the output data from DN format into radar backscatter 

coefficient (sigma naught).  

 

To perform accurate orthorectification, a number of GCPs are required. GCP collection in SAR 

imagery is not as easy as that in optical image. Only textural feature can be used to recognize and 

locate a point in SAR imagery. Therefore, it is important to find out some distinctive features which 

are clearly and accurately marked on the SAR imagery. Ground features which are used as GCP as 

follow (Figure 15):  

 

a) Bridge 

Bridges over water usually give a high contrast where water shows a low backscatter and 

they are represented by white linear features on SAR imagery.  

 

b) Road intersection 

Narrow road intersections are picked as GCP since the road shows a low backscatter and 

when the two dark linear road line features cross each other, it can give a remarkable point 

which is easily identified.  

 

c) Midpoint of a pond 

A point in the middle of a rounded small pond is easy to identify since a pond shows a low 

backscatter and is darker than the surrounding pixels. At the same time if the pond is small 

an accurate midpoint can be picked from the imagery easily.  

 

d) Cross of a river channel/ abrupt turning point of a river channel 

As a river demonstrates a big contrast with land area, the river channel gives a linear dark 

feature which separates itself from the brighter surrounding and the turning point of these 

dark linear features provides good GCP points from the imagery. 
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               (a)   (b) 

 

      
                  (c)        (d) 

 
Figure 15. Examples of GCP selected on RADARSAT-1 post quake imagery in orthorectification 

preprocessing. (a) Midpoint of a pond. (b) Junction of two river channels. (c) Junction of two roads. (d) 

Bridge over a river.  

 

8 GCPs were collected in the imagery and corresponding reference points were taken from the 

TerraSAR-X imagery. Root mean square (RMS) for the GCPs in orthorectification are: 

 

RMS: 0.77 

RMS X: 0.59 

RMS Y: 0.5 

 

4.1.3 PALSAR  

 

Orthorectification and radiometric correction for PALSAR processing level L1.1 image requires the 

application of software Map Ready version V2.2.5. No GCP is included during orthorectification in 

MapReady. PALSAR is known for its location precision and theoretically the pixel location is very 

accurate and orthorectification requires no GCP (Cheng, P., 2007 and PCI Geomatics, 2007b), even 

though additional GCPs can further enhance the accuracy of the geographic location. Furthermore 

due to the limitation of the software, there is no option provided by MapReady which can apply 

GCPs to improve the location accuracy during orthorectification. 
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Coregistration of PALSAR  

 

The outcome of orthorectified PALSAR image shows a few pixels displacement from the 

orthorectified TerraSAR-X imagery. Georeferencing is performed on the orthorectified PALSAR 

image in order to make sure the pixels on the PALSAR image has the same geographic location as 

the corresponding pixels in TerraSAR-X imagery. 7GCPs were collected and the RMS for the GCPs 

are: 

 

RMS: 0.86 

RMS X: 0.65 

RMS Y: 0.56 

 

4.1.4 Worldview  

 

Worldview optical imagery acts as the ground truth reference data. Software Geomatica is used to 

perform orthorectification. 6GCPs are collected for orthorectification (Cheng and Chaapel, 2008 

and PCI Geomatics, 2009). The collection of GCP is hindered by the serious cloud cover (Figure 

16). The GCPs are gathered as much scattered around the image as possible. Resulting RMS are: 

 

RMS: 0.17 

RMS X: 0.17 

RMS Y: 0.00 

 

 
Figure 16. The region is heavily covered by cloud. Small part (red rectangle) is chosen as the study area. 
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All RMS are kept under 1 pixel which meant the orthorectification and the coregistration model was 

reliable. GCPs are well collected. 

 

4.2 Cutting / Subsetting and coregistration 
 

The size of images of PALSAR, RADASAT-1, TerraSAR-X and WV were further clipped to the 

area which was studied in this research (Figure 17). Such cutting process could reduce a lot of 

processing time for the remaining steps. 

 

 

    
Figure 17. The clipped  WV image which shows the area for classification. The  

corresponding area for PALSAR, RADARSAT-1 and TerraSAR-X are also clipped.  

 

 

4.3 Despeckling 
 

Three despeckling filters, Gamma, Enhanced Lee and Enhanced Frost with window size 5x5, 7x7, 

9x9 and 11x11, are attempted in order to reduce the speckle effect of the SAR imageries. A good 

speckle filter should be able to remove the speckle while the texture can be reserved. By visual 

inspection, Enhanced Frost 5x5 filter has the best despeckling power for PALSAR and 

RADARSAT-1 among all other combinations, while Enhanced Frost 9x9 filter has the best result for 

the TerraSAR-X imagery. 
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4.4 Texture Analysis 
 

Four different commonly used GLCM-based textural parameters were attempted on trial basis: 

Contrast, Mean, Standard Deviation and Entropy. Furthermore three different window sizes were 

selected in the trial: 5x5, 11x11 and 25x25. 

 

After classification trial, it is noted that Mean with 5x5 window size is most suitable for PALSAR, 

RADARSAT-1 and TerraSAR-X. In addition, Mean textural measure kept features in the imageries 

easily recognized. This also agrees with the work (Ban and Wu, 2005) in which Mean has the best 

result on classification on RADARSAT-1 imagery. 

 

4.5 Resampling 
 

One of the problems in image fusion is the difference in pixel resolution of imageries from different 

sources. Geomatica provides a useful tool which is called RESAMP in its Algorithm Library which 

helps resample imagery into different pixel resolution. PALSAR and RADARSAT-1 have a pixel 

resolution of 6.25m while TerraSAR-X has a pixel resolution of 1.25m. The PALSAR and 

RADARSAT-1 imagery are resampled by nearest neightbour methods into 1.25m pixel resolution 

(PCI Geomatica Help, 2010).  
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4.6 Mask Creation 
 

After orthorectification, it is obvious that certain areas with considerable size in the imagery are 

seriously distorted due to the existence of steep slope which causes the geometric distortion (Figure 

18). 

 

      
(a)                                        (b) 

Figure 18. (a)  The red ellipses circle some of the area with strong geometric distortion which cannot be used 

in the classification in the TerraSAR-X image. (b)  The distorted areas are taken away from classification 

area. 

 

These areas are only reproduced by mathematical model based on surrounding pixels during 

orthorectification and radiometric correction and they do not have the true reflectance and texture 

property of the area. They are not reliable and should not be used in classification. A mask is created 

for each image in order to limit the classification area within regions which are not distorted by 

rough topography. Such a mask is created manually in Geomatica and the boundary of the mask is 

defined by observation of the imagery. 

 

Since the distorted area in each of the imagery is a litter bit different, it is necessary to make sure 

the 3 imageries have a common classification area in the fusion process. Therefore, a bitmap mask 

which covers all the common areas in the 3 imageries without geometric distortion is created.  

 

4.7 Supervised Classification 
 

In order to compare the usefulness of damage identification by classification of various imageries 

and study the effectiveness of image fusion, classification is done on the following imageries and 

result is assessed: 

 

Individual image 

PALSAR 

RADARSAT-1 

TerraSAR-X 

 

Fusion of image 

PALSAR + RADARSAT-1, 

PALSAR + TerraSAR-X, 

RADARSAT-1  + TerraSAR-X, and  
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PALSAR + RADARSAT-1 + TerraSAR-X 

4.7.1 Training Data Collection for Supervised Classification 

 

In supervised classification, training sites of various classes with representative pixel values are 

collected from the imageries in order to classify the rest of the pixels in the imagery.  

 

4 classes are defined and training data for the corresponding classes are collected. 

 

The VHR WV panchromatic image is used as ground truth data. Each of the training sites is referred 

to the WV imagery in order to verify the class. Since the WV imagery is black and white, objects 

are identified by their tone (brightness) and texture property.  

 

Color digital photos are also used as a cross reference to identify the classes. For example in Figure 

19 area circled by green color indicates the collapsed area and the red circles show the area of 

landslide, these areas can be identified by their texture property in the WV imagery (Figure 20) and 

reconfirmed by the digital photos. 

 

There is only one set of training data collected and this set of training data is applied to the 

classification of individual imagery PALSAR, RADARSAT-1 and TerraSAR-X and the 

classification of all fused imageries.  

 

During the training data collection, training samples of a particular class must be representative in 

all of the 3 imageries. For example the sample for the class forest should be able to represent forest 

area in all three imageries of PALSAR, RADARSAT-1 and TerraSAR-X  

 

Training data are collected in the area which covered by the bitmap mask, which means that they lie 

in the area without geometric distortion. At the same time, samples are gathered from different parts 

of the imagery. However, some specific classes only appear in certain parts of the imagery, e.g. 

fields concentrate on the lower right of the study area while the built-up and collapsed areas appear 

in the top right area of the scene. 
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(a) 

 

 
(b) 

 

 
(c) 

 
Figure 19. Shows 3 digital photos of the study area Beichuan. Figure (a) is taken before the earthquake which 

shows the slopes was fully covered by trees. Figure (b) and (c) show the photos taken after the earthquake. 

Landslides (circled red) and collapsed building (circled green) can be clearly observed (Qzone, 2008). 
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Figure 20. The VHR WV post disaster image. The red circle landslide area 

corresponds to the red ellipse in Figure 16, it can be noticed that lots of 

landslide occurred after the earthquake. The vegetated area were collapsed 

and turned to the soil area. By detecting the soil area, landslide area can be 

observed. The green circles denote the collapsed houses and buildings in the 

area. 
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Definition of classes:  

 

1. Built-up Area 

 

In the study area, houses or buildings are generally not densely packed together. There is a strong 

double bounce effect and usually stronger reflection can be found where the houses or buildings 

locate (Figure 21). Training samples are taken at these strong reflection areas. 

 

      
                      (a)    (b) 

 

      
                     (c)           (d) 

 
Figure 21. Built-up data in various radar imageries. (a) WV. (b)TerraSAR-X. (c) RADARSAT-1. 

(d) PALSAR. 

 

A low reflection is observed next to these strong reflection areas at the buildings. Possible reason is 

that 1) there is a shadow area behind these buildings where no signal can reach there, and 2) roof 

top reflection exist which bounce away the radar wave from the source (Figure 22). 

 

The buildings in the study area are in linear pattern, they are not compacted together and the extent 

of specular rebounce of the building roof insignificant.  
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Figure 22. Figure demonstrates the specular bound and the shadow area. They are 

the possible cause of the low reflectivitiy next to the building. 

 

In TerraSAR-X imagery, the effect of shadowing and specular rebounce is more distinct due to the 

fact that TerraSAR-X has a higher pixel resolution. PALSAR or RADARSAT-1 have a much lower 

pixel resolution and during integration of the radar pulses inside the pixel, the effect of double 

rebounce and shadow effects are averaged in a larger pixel.  

 

It can be seen from the signature data that TerraSAR-X has a larger SD and this means that 

TerraSAR-X cannot find a decisive pixel values to define the built-up class.   
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2. Collapsed Area 

 

From Figure 4 the collapsed area should demonstrate a lower reflection when compared with the 

double bounce found at the building. This generally agrees with the observation in the 3 types of the 

imageries (Figure 23).  

 

     
                       (a)         (b)  

 

      
                       (c)         (d) 

 
Figure 23. Collapsed area in various radar images. (a) WV. (b)TerraSAR-X. (c) RADARSAT-1. 

(d) PALSAR. 
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3. Water 

 

It is important to identify water bodies in earthquake disaster management especially in 

mountainous regions. The area in our study is a good example. Landslide dams which blocked the 

river channel were formed in many parts in the region. These temporarily unstable landslide dams 

could cause quake lakes behind the dams. Area or villages behind these dams could in turn be 

drowned. Accumulation of water behind such landslide dams cause great pressure on these unstable 

formations which can lead to collapse of the dams. If the dams collapse, sudden flush of large 

amount of water may threaten the inhabitants along the downstream river. Therefore monitoring the 

change of water body size is vital. 

 

      
                       (a)       (b)  

 

      
                        (c)        (d)    

 
Figure 24. Radar image at the water data. (a) WV. (b)TerraSAR-X. (c) RADARSAT-1. 

(d) PALSAR. 

 

From the signature statistics, water training data has the lowest pixel values among all other classes 

in those three types of imageries. Water possesses a smooth surface which bounces off much of the 

incident radar so that it appears darker when compared with other classes. 
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4. Landslide area (Soil) 

 

By studying the aerial photos before the earthquake, most of the area in this region is covered by 

trees. However, after the earthquake many slopes were collapsed and landslide scars could be found 

lying around the area. These landslide scars, which were once covered by trees prior to the 

earthquake, were replaced by soil. Therefore identification of soil can help us locate the landslides. 

Identification of landslide is important in evaluation the accessibility of some of the towns by 

checking if any major roads are blocked and if any village is buried. Furthermore, formation of 

landslide dam can be observed.  

 

 

      
                       (a)         (b)      

 

     
                       (c)         (d)  

 
Figure 5. Figure above shows radar image at the soil data. (a) WV. (b)TerraSAR-X. 

(c) RADARSAT-1. (d) PALSAR. 
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5. Others 

 

Since the major concerned in this study is the damages in the area, the other irrelevant objects will 

be left unclassified. Training data are only collected for the four classes named above while the 

other unclassified pixels will be grouped into Other category.  

 

 

During the training data collection process for the above 4 classes, several training samples are 

taken for each class. Although it would be ideal if these training samples are collected from 

different parts of the imageries, occurrence of several classes like collapsed area, built-up area or 

field is only limited to certain part of the imagery. Therefore training data for some classes are 

concentrated in certain part of the imagery. (For example, the water training data is only collected at 

the central area of the imagery). 
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4.7.2. Classification of individual imagery 

 

As mentioned in section 2.7 Classification of SAR Imagery the most widely used MLC method is 

applied.  
 

The three SAR imageries of different bands are classified individually. By applying the bitmap 

mask function in Geomatica, classification of imagery only performed in the area inside the bitmap 

mask which is described in section 4.6 Mask Creation    

  

4.7.3. Fusion of Imageries and Classification 

 

As explained in section 2.8 Fusion of SAR Data, PALSAR, RADARSAT-1 and TerraSAR-X are 

stacked pixel by pixel and 4 different combinations of image fusion classification by MLC are 

investigated. They are combinations of PALSAR and RADARSAT-1, PALSAR and TerraSAR-X, 

RADARSAT-1 and TerraSAR-X, and triple image fusion PALSAR, RADARSAT-1 and TerraSAR-

X. 

 

4.8.  Analysis of the Classification Result 
 

In order to evaluate the usefulness of L-, C-, and X- band and the effectiveness of fusion of these 

bands in image classification for damage detection, classification result of individual images and 

fused images is assessed both qualitatively and statistically. Qualitative assessment refers to visual 

examination of the classified images. This means checking if there are some classes in impossible 

areas for example forest inside the water bodies or water bodies in steep mountainous areas.  

 

In statistical regard, classification accuracy is assessed by the following parameters (Jensen, 2005):  

 

1.  User Accuracy 

 

This is defined as the total number of correctly classified pixels of certain class divided by the total 

number of pixels of that class in the classified output image. User Accuracy is a measure of the 

probability of a classified pixel actually representing that class in reality.  

 

2. Producer Accuracy 

 

It is the total number of correct pixels of a particular class divided by the total number of pixels in 

the reference data of that class. This measures how well a class is classified in an area. 

 

3. Overall Accuracy 

 

This is a measure of how many pixels are correctly classified out of the total number of pixels taken 

in the accuracy assessment process. This is the overall reliability of the classification result.  

 

4. Kappa Coefficient 

 

The Kappa coefficient is a measure of agreement or accuracy between the remote sensing-derived 

classification map and the reference data. While the overall accuracy only considers the diagonal of 

an error matrix (the pixels which are correctly classified) and ignores the omission and commission 
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errors, Kappa coefficient provides another measure which includes the off-diagonal elements (the 

incorrect classified data) in accuracy assessment. If the Kappa coefficient is greater than 0.8, it 

stands for a strong accuracy between the classification map and the ground reference information, 

while if the value lies between 0.4 to 0.8 , it is said to be moderately accurate, and if the coefficient 

is below 0.4 it represents a poor agreement.  

 

In accuracy assessment, the VHR Worldview panchromatic image is used as the source of the 

ground truth data in order to validate the reliability of the classification.  

 

Collection of the ground reference data is by random sampling in Geomatica. 339 samples are 

collected from the WV imagery. Base on the suggestion of Congalton and Green (1999, chap. 3), 

such number of sample is decided for accuracy assessment. It is suggested that a minimum of 50 

samples for each landuse class should be gathered for accuracy assessment. Since there are 4 

classes, it is necessary to obtain at least 200 samples. However, some of these randomly chosen 

samples are overlaid by cloud and they are therefore considered unsuitable. One of the problems in 

random sampling is that the samples are randomly distributed over the imagery. However the built-

up area and damaged area are concentrated on the northeastern part of the study area while the 

fields are located at the southern part. Therefore additional random samples were collected at those 

regions in order to make sure each of the classes has enough ground reference data for accuracy 

assessment. Finally, 339 samples are collected.  
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5. Result and Analysis 

5.1 Visual Analysis 
 

Figure 26 shows the classification maps of various images. From visual observation, there are few 

points that can be noted.  

 

It can be noticed that PALSAR dominated by landslide area and some water is found in 

mountainous area, which do not truly reflect the reality. The classification image from PALSAR 

also shows that they cannot distinguish built-up area.  

 

In RADARSAT classification result, it can be seen that the region is dominated by collapsed area. 

This does not depict the truth also since some of the area is mountainous and uninhabited.  

 

TerraSAR-X classifies the image in smaller details. Different classes are separated into smaller 

pieces. The classes are more reasonably located when compared with those in PALSAR and 

RADARSAT.  

 

In the classification image from the fused images, it shows that the classification is more properly 

done. The region is classified into smaller detailed area. When compared with the individual 

images, there are not many pixels left unclassified in the classification result from the individual 

images and this is incorrect since those area are undesired classes. But on the contrary, the fused 

images show that they can effectively eliminate the area of unknown class. 
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a. PALSAR  

b. RADARSAT-1 

c. TerraSAR-X 

d. Fused P+R 

e. Fused P+T 

f. Fused R+T 

g. Fused P+R+T 

 

 
Figure 26. Classification result of various imageries 

P=PALSAR, R= RADASAT, and T=TerraSAR-X. 
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                (f) 
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5.2 Accuracy Assessment  
 

The producer accuracy, user accuracy, Kappa coefficient and overall accuracy for all the imageries 

are reviewed (Table 6-9). 

 

5.2.1 Analysis of Individual Image Classification 

 

In general, the classification of the 3 individual images gives unsatisfactory results. The overall 

accuracy is from 30% to 37% with Kappa coefficient from 0.150 to 0.228 

 

TerraSAR-X has the best performance in the classification result. The overall accuracy is 37% while 

Palsar and Radarsat are considerably lower than TerraSAR-X, which is 30% and 31% respectively.  

 

When we look at the classification result for individual classes, TerraSAR-X shows the best result 

in water, built-up and landslide classes, and the classification accuracy of collapsed area class is 

similar between the three types of images.  

 

The difference of producer accuracy, user accuracy and Kappa coefficient between the three types 

of SAR data for water class is substantial. TerraSAR-X gives a far more promising result in 

classifying water. TerraSAR-X gives a producer accuracy of 68% for water while the lowest is from 

RADARSAT which is only 51%. User accuracy from TerraSAR-X is 64% and it is far much better 

than the lowest one, PALSAR, which is only 45%. Similar result is found in Kappa coefficient. 

TerraSAR-X has highest Kappa coefficient of 0.5767 while the second best is RADARSAT, which 

is only 0.4956 and PALSAR gives 0.3593 which is the poorest. 

 

All the images do not show a good result in classifying built-up in this area. TerraSAR gives a 

producer accuracy, user accuracy and Kappa coefficient of 17%, 23% and 0.0644 which are already 

the best among the 3 types of images.  

 

Regarding collapsed area, TerraSAR-X has a better result on producer accuracy but lower user 

accuracy and Kappa coefficient. The producer accuracy, user accuracy and Kappa coefficient are 

70%, 38% and 0.2153 while those of RADARSAT are 75%, 31% and 0.1331 and those of 

TerraSAR-X are 78%, 32% and 0.1456.  

 

Again, TerraSAR-X shows the best result of landslide classification when compared with PALSAR 

and RADARSAT. The producer accuracy TerraSAR-X is 40%, user accuracy is 35% and Kappa 

coefficient is 0.2168 which are distinctively higher than those of PALSAR (23%, 13% and -0.0427) 

and RADARSAR (30%, 31% and 0.1763). 

 

5.2.2 Analysis of Fused Imageries and Comparison with Individual Imageries 

 

Both the double image and triple image fusions all effectively improve the overall classification 

accuracy. Individual image gives overall accuracy from 30-37% while double image fusion gives 

38-42% and triple image fusion further improves the value to 53%. Kappa coefficient is also 

progressively improved from 0.150-0.228 to double image fusion 0.234-0.283 and finally to triple 

image fusion 0.398.   
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If we look at the class to class data of the fused imageries, all the 4 classes generally show an 

improvement of producer accuracy, user accuracy, and Kappa coefficient. The triple image 

PALSAR, RADARSAT-1 and TerraSAR-X fusion even demonstrates a substantial boost of user and 

producer accuracy and Kappa coefficient from the individual image in most of the classes.  

 

Water has producer accuracy from 51% to 68% in individual images, which is quite similar to the 

producer accuracy given by fused imagery where producer accuracy lies between 53% to 64%. 

While the user accuracy of water varies from 46% to 64% in individual image but rises up to 67% 

in triple image fusion. Kappa coefficient also has a remarkable increase from range 0.3593 to 

0.5767 in individual image to 0.6049 in double or triple image fusion.  

 

Regarding the class built-up, image fusion also shows an improvement in classification. The 

producer accuracy for built-up class in individual images is 12%-17%, it increases to 27%-32% in 

double image fusion and even reaches to 37% in triple image fusion. User accuracy demonstrates 

similar trend. In individual image classification, accuracy is only 14%- 22%, in double image fusion 

it increases to 21% to 24% while in triple image the accuracy is up to 32%. There is also a great 

improvement in Kappa coefficient by image fusion. Before fusion the accuracy for built-up class is 

only -0.0378 to 0.0644. After fusion of two different SAR images, classification accuracy is 

improved to 0.0376 to 0.0751 and accuracy becomes 0.181 when three images are fused for 

classification.  

 

Image fusion also improves the classification result for collapsed area class. Producer accuracy of 

individual images for collapsed area class varies from 70% to 79%, double image fusion and triple 

image fusion give similar result from 70% to 80%. User accuracy of individual images ranges from 

31% to 38 % and it is increased to 33% to 44% when double image fusion is applied. Further 

improvement of user accuracy is found in triple image fusion, which generates 49% accuracy. 

Kappa coefficient also demonstrates an increase of accuracy by applying image fusion. 

Classification accuracy for individual image is 0.1456 to 0.2153 while double image fusion is 

0.1604 to 0.2923. Triple image fusion gives the highest Kappa coefficient 0.3606. 

 

The landslide class also proves that image fusion can effectively improve classification accuracy. In 

single image classification, the producer accuracy for single image classification and fused image 

classification is similar. Producer accuracy for single images varies from 23% to 40% while that of 

fused image is 28% to 40%. However, the difference of accuracy between single image 

classification and fused image classification is obvious when we look at user accuracy and Kappa 

coefficient. User accuracy for landslide classification in single image is from 13% to 35%, and that 

of double image becomes 41% to 50% and finally jumps to 62% for triple image fusion. The Kappa 

coefficient also shows that image fusion is useful in classification. Kappa coefficient for landslide 

class is from 0.0427 to 0.2168 while that of double image fusion is 0.2929 to 0.3989 and triple 

image fusion even shows a greater improvement and the Kappa coefficient of landslide class in 

triple image fusion reaches to 0.5451. 

 

Finally, Table 10 summarizes which of the imagery/combination of imageries gives the best result 

for classification of different classes.  
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Class P R T P+R P+T R+T P+R+T 

Others 0.990 0.000 2.970 22.772 27.723 4.950 51.485 

Water 64.151 50.943 67.925 64.151 52.830 60.377 52.830 

Built-up 11.864 16.949 16.949 28.814 32.203 27.119 37.288 

Collapsed 69.565 75.362 78.261 75.362 69.565 79.710 76.812 

Landslide 22.807 29.825 40.351 28.07 36.842 35.088 40.351 
Table 6. Producer accuracy. P=PALSAR, R=RADARSAT-1 and T=TerraSAR-X. Red  color marks the highest 

accuracy result among the 7 classification results and blue marks the highest accuracy only among the individual 

images.   

 

Class P R T P+R P+T R+T P+R+T 

Others 33.333 0.000 75.000 65.714 60.870 71.429 61.905 

Water 45.946 57.447 64.286 48.571 65.116 66.667 66.667 

Built-up 19.444 14.286 22.727 23.611 21.348 20.513 32.353 

Collapsed 37.500 30.952 31.953 41.270 43.636 22.133 49.074 

Landslide 13.265 31.481 34.848 44.444 41.176 50.000 62.162 
Table 7. User accuracy. 

 

Class P R T P+R P+T R+T P+R+T 

Others 0.0504 0.0000 0.6439 0.5116 0.4426 0.5930 0.4574 

Water 0.3593 0.4956 0.5767 0.3904 0.5865 0.6049 0.6049 

Built-up 0.0247 -0.0378 0.0644 0.0751 0.0478 0.0376 0.1810 

Collapsed 0.2153 0.1331 0.1456 0.2626 0.2923 0.1604 0.3606 

Landslide -0.0427 0.1763 0.2168 0.3322 0.2929 0.3989 0.5451 
Table 8. Kappa coefficient. 

 

 P R T P+R P+T R+T P+R+T 

Overall 

Accuracy 

30.383 31.268 37.168 41.888 42.478 37.758 52.507 

Overall 

Kappa 

0.150 0.156 0.228 0.279 0.283 0.234 0.398 

Table 9. Overall accuracy. 

 

 

 Water Built-up Collapsed Landslide 

Images to be 

used 

T+R T+P+R T+P+R T+P+R 

Table 10. Imageries to be used for classification of different classes.  
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6. Discussion 
 

6.1 Ability of Various Bands in Different Class Classification 
.  

From the result, it shows that X-band gives a higher classification accuracy when compared with 

the L-band and C-band in classes water, built-up and landslide, while it gives a similar classification 

accuracy with that of L-band and C-band. The higher classification accuracy from X-band should 

be due to the high spatial resolution of TerraSAR-X where smaller objects can be resolved.  

 

6.2 Source of Errors  
 

The SAR classification accuracy of all the imageries is generally low in our study area. It may be 

attributed to a number of possible errors.  

 

The rough topography in the study area causes serious geometric distortion in the SAR imageries. It 

increases the complexity in orthorectification and radiometric correction. The mathematic model in 

terrain correction may not be able to fully regenerate the original backscatter of the area. In extreme 

cases in shadow areas where radar is blocked by mountain or buildings (Figure 22), no objects in 

the shadow zone can be illuminated by radar and the radiometric information generated by 

radiometric correction in such area is only created by the mathematic model and such information is 

scientifically invalid. Furthermore, a good quality of DEM is required for a better orthorectification 

and radiometric correction. However, the best DEM can be acquired in our study is only in 90m 

resolution. The quality of the DEM is not ideal and it may lead to a poor orthorectification. 

 

The TerraSAR-X imagery used in classification is in brightness (beta naught) format. As explained 

in the section 3.3.3 TerraSAR-X data description, backscatter coefficient (sigma naught) should be 

used in mountainous area since the brightness (beta naught) is not only dependent on the property of 

the illuminated objects but also on the local incident angle which is related with the slope where the 

object located. But due to the lack of incident angle information beta naught format is used in 

TerraSAR-X imagery in this study. Therefore pixel values may be affected by the local incident 

angle and this may cause errors in our training samples and classification. 

 

Furthermore, the TerraSAR-X X band is a short wavelength radar wave which undergoes a more 

serious interference from the atmosphere when compared with the longer wavelength radar. After 

the earthquake occurred, the study area was covered by cloud and fog and this may be one of the 

reasons why the result from the X band is unsatisfactory.  

 

The reference GCPs for orthorectification and coregistration in our study are based on the 

geometrically corrected TerraSAR-X imagery and this is the only reliable source of GCPs can be 

acquired. However, the accuracy of the GCPs collected from a radar image is not comparable to 

GCPs from the field. This may lead to certain degrees of error in the terrain correction process. In 

that case there may be possibilities in miscoregistration of various images. It is very important to 

carry out precise geometric correction for the SAR and optical imagery, which functions as the 

ground truth reference data. If the SAR and optical imageries are not coregistered with each other 

correctly, training samples before classification and ground truth samples in accuracy assessment 

can be incorrectly categorized when the pixels in the SAR imageries cross-refer to the optical 

ground truth imagery. Furthermore, in image fusion incorrect geometric location may mismatch 

some of the features in the imageries.  
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Different acquisition date for SAR imageries may cause error during image fusion because the 

changes may occur in during the period. The area underwent many big scale aftershocks after the 

major earthquake on 12
th

 May 2008. Those aftershocks may change the landscape or lead to more 

collapse of buildings from time to time during the period between various imageries taken. 

Therefore the pixels at the same location at different dates may represent different classes. (e.g. 

buildings may collapse after an aftershock). Same problem occurs for training data collection 

because the reference WV optical data acquisition time is different from the SAR data, aftershock 

may change the landscape or landclasses in some areas. The forest represented by the optical data 

maybe changed to soil due to landslides after several days when the SAR data is taken. So few days 

difference may also lead to inaccurate landclass identification.  

 

The orthorectification result of PALSAR and RADARSAT-1 is generated by two different 

softwares. The two softwares may apply two different math models in orthorectification. Using 

different math models may generate different orthorectification result and which can affect the 

classification result. 

 

6.3 Limitations in this Study  
 

One of the challenges of this study is the use of softwares for SAR data pre-processing and 

classification. There are many types of SAR data and each of them has various processing levels. 

Remote sensing analysts sometimes encounter a problem that certain types of data or certain 

processing levels of the data are only supported by specific softwares. Therefore application of 

various remote sensing data in the same project often needs a variety of softwares in order to handle 

the data. This increases the difficulty in SAR image fusion since analysts are required to deal with 

multisource data and they need to be familiar with different softwares. As an example, in this 

research PALSAR and RADARSAT-1 require two different softwares for orthorectification. 

MapReady is used for the PALSAR Level 1.1 data while Geomatica is used for the RADARSAT-1 

Level 1.5 data.  

 

Unlike optical data, objects in SAR imagery are only recognized by the brightness and textural 

property of an object. The side looking property of SAR further increases the difficulty in the 

interpretation of SAR imagery because of the existence of geometric distortion. The analyst must 

have a good prior knowledge of the area he works on.  

 

The TerraSAR-X data provided in this study is in brightness (beta naught) format. Owing to the lack 

of information on the incidence angle, the data cannot be normalized to backscatter coefficient 

(sigma naught). That means the pixel values we rely on during the study are affected by the 

topography and they are not fully dependent on the objects’ property.  


Information on the disaster area is insufficient. Since the study area is remote, there have not been 

too many survey studies in the area. Collection of GCPs could only be processed from the 

orthorectified TerraSAR-X imagery. If there are GCPs which are collected from the local site, 

orthorectification will become more accurate. Furthermore, the best DEM can be acquired in this 

study is the SRTM 90m resolution model. If a DEM with a higher resolution and better quality 

could be obtained, the terrain correction would be more accurate. In addition, from the SAR 

imageries it is observed that there seems to be 2 types of soil in the area (one with the higher 

backscatter and the another with lower backscatter). However since there is a lack of detailed 

ground truth data about the soil in the disaster area, the 2 types of soils cannot be distinguished by 

the optical satellite imagery which is used in this study.  
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In the study only the optical panchromatic data is used as the ground truth data. Some areas are not 

easily to identify without color hue.  

 

Furthermore, due to the mountainous landscape of the region, some of the areas in Qushan town 

cannot be studied by using the SAR imageries since those areas have serious geometric distortion 

and the true radiometry of the areas cannot be recovered (Figure 18).  Therefore, classification 

cannot be performed in these areas.  

 

Several investigations have found that analysis of SAR data will be better if ascending and 

descending data are both analysed. But in near real time application, this might be a problem since 

it is not easy to acquire desired imageries having an ascending or descending orbit in a particular 

date.   
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7. Conclusion 
 

The classification of SAR imagery does not give an ideal result in the study. This may be due to 

heavy geometric distortion in the area where foreshortening, layover and shadowing are serious.  

 

Comparing the classification ability of the 3 different imageries in specific classes, X-band 

TerraSAR-X is the best imagery to be used in classifying different classes due to its high spatial 

resolution.  

 

The fusion of various SAR imagery shows that the overall classification accuracy are effectively 

improved and this is especially remarkable in built-up, collapsed area and landslide classes. It 

demonstrates that it is worth to apply and fuse different types of SAR imageries in classification.  

 

Further investigation could be carried out to explore fusion of SAR imageries. Classification of 

PALSAR, RADARSAT-1, and TerraSAR-X image fusion on a flat area could be performed and the 

result could be compared with that in the mountainous area in order to evaluate the effect of slopes 

on image fusion.  

 

The images used in this study are all ascending and right looking, that means all the waves come 

from the left hand side of the imagery. Objects in the shadow area on the radar back facing slope 

cannot be detected. Investigation can be done on how to fuse radar image with opposite direction 

radar wave so that backscatter can be received from both side of the slope.  

 

Various classification methods such as object-based, Articificial Neural Network (ANN) can be 

tested on fusion of SAR imageries also.  
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Appendix                              
 

Confusion Matrix 

 

 Others Water  Buildings Collapsed Landslide Total 

Others 1 0 0 2 0 3 

Water 23 34 1 0 16 74 

Buildings 10 3 7 8 8 36 

Collapsed 27 2 31 48 20 128 

Landslide 40 14 20 11 13 98 

Total 101 53 59 69 57 339 
Table 11.  Confusion matrix of various classes in PALSAR imagery.  

 

 Others Water  Buildings Collapsed Landslide Total 

Others 0 0 0 0 0 0 

Water 6 27 0 0 14 47 

Buildings 25 8 10 15 12 70 

Collapsed 60 2 40 52 14 168 

Landslide 10 16 9 2 17 54 

Total 101 53 59 69 57 339 
Table 12. Confusion matrix of various classes in RADARSAT-1 imagery. 

 

 Others Water  Buildings Collapsed Landslide Total 

Others 3 0 1 0 0 4 

Water 9 36 5 0 6 56 

Buildings 12 4 10 3 15 44 

Collapsed 66 4 32 54 13 169 

Landslide 11 9 11 12 23 66 

Total 101 53 59 69 57 339 
Table 13. Confusion matrix of various classes in TerraSAR-X imagery. 
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 Others Water  Buildings Collapsed Landslide Total 

Others 5 1 1 0 0 7 

Water 8 32 2 0 6 48 

Buildings 23 10 16 10 19 78 

Collapsed 61 2 36 55 12 166 

Landslide 4 8 4 4 20 40 

Total 101 53 59 69 57 339 
Table 14. Separability of various classes in fusion of RADARSAT-1 and TerraSAR-X. Decrease of separability is 

marked by blue color while increase figures are marked by red.   

 

 Others Water  Buildings Collapsed Landslide Total 

Others 28 4 6 5 3 46 

Water 8 28 0 0 7 43 

Buildings 34 14 19 10 12 89 

Collapsed 22 1 25 48 14 110 

Landslide 9 6 9 6 21 51 

Total 101 53 59 69 57 339 
Table 115. Separability of various classes in fusion of PALSAR and TerraSAR-X. 

 

 Others Water  Buildings Collapsed Landslide Total 

Others 23 1 4 6 1 35 

Water 20 34 1 1 14 70 

Buildings 27 9 17 5 14 72 

Collapsed 30 1 31 52 12 126 

Landslide 1 8 6 5 16 36 

Total 101 53 59 69 57 339 
Table 16. Separability of various classes in fusion of PALSAR and RADARSAT-1. 

 

 Others Water  Buildings Collapsed Landslide Total 

Others 52 7 10 9 6 84 

Water 8 28 0 0 6 42 

Buildings 18 12 22 4 12 68 

Collapsed 21 1 23 53 10 108 

Landslide 2 5 4 3 23 37 

Total 101 53 59 69 57 339 
Table 17. Separability of various classes in fusion of PALSAR, RADARSAT-1 and TerraSAR-X. 
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