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Abstract 

 
 
 
 
The principal objective of this research is to investigate the capability of multi-temporal, 
multi-incidence angle, dual polarization ENVISAT ASAR imagery for extracting 
landuse/land cover information in the rural-urban fringe of the Greater Toronto Area (GTA) 
using different image processing techniques and classification algorithms. An attempt to 
determine the temporal change of landuse is also made. 
 
The multi-temporal ASAR imagery was first orthorectified using NTDB DEM and satellite 
orbital models. Different image processing techniques, such as, Adaptive Speckle Filtering, 
Texture measures, Principal Component Analysis (PCA) were applied to the ASAR images. 
Backscatter profiles were generated for selected land cove classes. K Nearest neighbor (kNN) 
classifier was used to extract eleven land cover classes. Artificial Neural Network (ANN) was 
also tested with some selected combinations of ASAR imagery. The classification scheme 
was adopted from USGS alnuse/land cover classification scheme. Average accuracy, overall 
accuracy and Kappa coefficients were calculated for all classifications. 
 
The raw ASAR images gave very poor results in identifying landuse/land cover classes due to 
the presence of immense speckle. Enhanced Frost (EF) filtering significantly improved the 
classification accuracies. For texture measures, eleven date Mean images produced the best 
result among all single set processed data. Combined Mean and Standard Deviation, 
combinations of different texture measures, further improved the results. Standard deviation 
provided vital auxiliary boundary information to the classification resulting in the 
improvement. The best kNN was achieved with combined Mean and Standard Deviation with 
multi-incidence angle, dual polarization eleven date ASAR images. ANN further improved 
the classification results of the textured images. As for comparison of classifiers, It was found 
that, with complex combinations (dual polarization, multi-incidence angle), ANN performs 
significantly better than kNN. The overall accuracy was 9.6% higher than that of kNN. The 
results were more or less similar in filtered images.  
 
Post classification change detection is largely dependent on classification accuracy of 
individual images. Even though, the classification results were somewhat satisfactory, the 
classified ASAR image still had a significant amount or omission and commission errors with 
some classes. The classification errors contributed a significant amount of noise in change 
detection. The change detection procedure, however, was able to identify the areas of 
significant change, for example, major new roads, new low and high built up areas and golf 
courses. 
 
In brief, ENVISAT ASAR data was found to have vast potential in extracting land cover 
information. Especially with its all weather capability, ASAR can be used together with high-
resolution optical images for temporal studies of landuse/land cover change due to urban 
sprawl. 
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CHAPTER 1 
 
INTRODUCTION 
 
1.1 Research Context 
 
Information on our natural and cultural landscape is of increasing importance in 
environmental planning and sustainable development, especially in urban areas where most of 
the world’s population in developed countries is located. The greater Toronto Area (GTA), 
like many other urban areas in the world, is undergoing rapid expansion and sprawling. In 
fact, the GTA is the second fastest growing urban area in North America (Wu, 2004). The 
Population in GTA in 2001 was approximately 5.1 million which is 20% more than that of 
1991 and in 2004 it was 5.4 million. It is approximated that the total population of GTA in 
2011 will be 6 million, a17.6% increase from 2001 (GTMA, 2005). About two million people 
being estimated of inhabiting GTA by 2031, serious concerns has been raised by the estimated 
extended land usage and its effect on terrestrial biodiversity, the environment and the quality 
of life in general. The rural-urban fringe of the GTA is among the most rapidly changing 
elements in the landscape. The expansion of the GTA northwards has encroached onto the 
Oak Ridges Moraine, one of the most distinct and environmentally significant landforms in 
southern Ontario (Ban, 2000; Wu, 2004). 
 
A number of cities around the world are undergoing rapid growth due to fast expanding 
economy, immigration etc. To cope with the consistent urban sprawling, the land use of these 
cities is also being changed with time. Up-to-date information on urban growth is very crucial 
for proper planning of urban infrastructure, conservation of biodiversity and sustainable 
management of land resources and in turn can be very expensive and time consuming with the 
traditional methods of field and air photo interpretation. Now a day, remote sensing has 
become a cost efficient and effective alternative (Campbell, 2002). 
 
Among the current remote sensing systems, Advanced Synthetic Aperture Radar (ASAR) has 
become one of the most powerful earth observatory methods for the 21st century. ASAR 
instrument is on board the ENVISAT satellite extends the mission of the Active Microwave 
Instrument (AMI) Synthetic Aperture Radar (SAR) instruments flown on the European 
Remote Sensing (ERS) satellites ERS-1 and ERS-2 (ASAR Handbook, 2004). The significant 
advantages of ASAR are the new beam steering capability that allows data takes with 
different incidence angles and the Alternating Polarization Modes, which provides 
simultaneous dual-polarized images (DLR, 2006). ASAR also has certain advantages over the 
optical sensors. ENVISAT’s ASAR sensor can penetrate cloud cover, which is especially 
useful in studying Polar Regions, and can capture imagery at night. ASAR is the first 
permanent space borne radar to incorporate dual-polarization capabilities - the instrument can 
transmit and receive signals in either horizontal or vertical polarization. The sensor also can 
record imagery on-board the spacecraft and the images can be made available a few hours 
after acquisition (ESA, 2006). With various radar sensors operational at the moment, such as 
ERS-2, RADARSAT and ENVISAT, space borne SAR data are now more readily available to 
researchers, planners, and engineers and providing ample opportunities for the development 
of efficient land cover management.  
 
During the past several decades, natural and physical features of the landscape have received 
and are still receiving considerable attention as topics of SAR-based research. Such aspects of 
the bio- and geo-physical realm as land and marine resources, snow and ice, hydrology, soil 
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moisture, topography and geology, and vegetation are repeatedly the subjects of work 
reported in the professional literature (Evans et al., 1988). Urban areas, in contrast, have 
received very little attention over the years (Wu, 2004). According to Franceschetti (2002), 
there is a lack of advancement between radar response patterns and urban area features, such 
as geometrical and physical characteristics of man-made structures. The main reasons for this 
lack of sound mathematical and physical models are due to the high variability of urban 
landscape, its complex combinations of natural and man-made elements, the wide variety of 
materials, object forms, orientation, facet and sizes. 
 
 The common conclusion from the studies showed that the polarimetric data with diverse 
orbital settings enhance the classification performance (Skriver et al, 2000; Ban, 2005). For 
example, it was not possible to classify individual bright SAR objects based on single 
incidence-angle geometry. However, it was shown that satellite SAR images acquired from 
several incidence angles can give valuable complementary information about hard targets, and 
thereby give a more complete picture of the number and type of manmade objects present in 
an area (Weydal, 2002. Ban, 2005). Multi-temporal SAR data is another means that can 
provide rich information. The cloud free capability of radar data makes it a potential 
alternative to the optical satellite data for obtaining multi-temporal images. Foe example, Ban 
and Howarth (1999) used a sequential masking approach to classify multi-temporal ERS-1 
SAR data for crop classification based on the SAR backscatter profile of the crops with a 
satisfactory overall accuracy of 88.5% and a kappa coefficient of 0.85 (Ban, 2005). 
 
There are a number of radar image processing techniques and classification methods available 
at the moment, such as adaptive speckle filtering, texture analysis, wavelet transform, 
Maximum Likelihood Classification (MLC), Artificial Neural Network (ANN), K Nearest 
Neighbor (KNN), and Contextual algorithm etc. But there are comparatively few studies 
concerned the comparative evaluation of the image processing techniques and the 
classification methods on the same data, and even less studies have been done in mapping 
landuse/land-cover patterns in the rural-urban fringe (Wu, 2004). 
 
1.2 Research Objectives 
 
The main objective of this study is to implement image-processing techniques, such as 
filtering, texture analysis, principal component analysis to improve the ASAR image visual 
quality and digital interpretability for extracting landuse/land-cover information in the rural-
urban fringe of the GTA. It is also the intention of this study to evaluate and compare the 
effectiveness of different classification methods, such as KNN and ANN for classifying multi-
temporal ENVISAT ASAR imagery of urban areas. Post classification change detection will 
also be performed with the best-classified ASAR image. 
 
1.3 Organization of the Thesis 
 
This thesis consists of six chapters. Chapter one outlines research context and research 
objectives. Chapter two presents literature review of current progress on the issues concerning 
ASAR data processing techniques and applications in landuse/land-cover mapping. Chapter 
three describes the study area and the data used in this study. Chapter four describes the 
methodology adopted in this study and chapter five analyzes and discusses the outcome of 
different image processing techniques and classifiers. Conclusions are summarized in Chapter 
six. 
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CHAPTER 2 
 
LITERATURE REVIEW ON ASAR IMAGERY FOR LAND COVER MAPPING AND 
CHANGE DETECTION 
 
In this chapter, a brief review of various aspects of the current understanding of ASAR 
systems in landuse/land cover classification application will be presented. These aspects cover 
radar systems parameters, ground target parameters, classification algorithms and 
electromagnetic models of SAR backscatter and urban features. The radar system parameters 
includes radar wavelength, polarization, incidence angle/depression angle, and look angle. 
Ground target parameters include dielectric properties and surface roughness. Speckle 
reduction, texture measures and wavelet decomposition falls within the image-processing 
domain. The classification algorithm includes maximum likelihood classification (MLC), k 
nearest neighbor (KNN), artificial neural network, contextual classification, and fuzzy 
clustering methods. 
 
2.1 Effects of Radar System Parameters 
 
Wavelength, polarization, incidence angle, look direction and spatial resolution are some of 
the very important parameters of ASAR instrument. Brief explanations of these parameters 
are given bellow: 
 
2.1.1 Wavelength 
 
Wavelength is formally defined as the mean distance between maximums (or minimums) of a 
roughly periodic pattern and is normally measured in micrometers (µm) or nanometers (nm) 
(Jensen J.R., 2004). Wavelength is inversely proportional to frequency, that is, longer 
wavelength has lower frequency while shorter wavelengths have higher frequency. When 
electromagnetic radiation passes from one substance to another, the speed of light and the 
wavelength change while the frequency remains the same. In remote sensing research, 
identifying the beginning and the ending wavelength and then attaching a description often 
specify a particular region of the electro magnetic spectrum. This wavelength interval in 
electromagnetic spectrum is commonly referred to as a band, channel, or region (Jensen J.R, 
2004). Imaging radars normally operate within a small range of wavelengths with the rather 
broad interval. The subdivisions of the active microwave region, as commonly defined in the 
United States, are Ka, K, Ku, X, C, S, L, UHF, and P, in ascending order of wavelength. 
 
Radar wavelength has a fundamental influence on the interaction between the electromagnetic 
wave and the natural medium (Garestier et al., 2006). For a given antenna length, spatial 
resolution improves with shorter wavelength. In principal, radar signals are capable of 
penetrating what would normally be considered solid features. Penetration is assessed by 
specifying the skin depth, the depth to which the strength of a signal is reduced to 1/e of its 
surface magnitude, or about 37%. In the absence of moisture, skin depth increases with the 
increase of wavelength. This means that longer wavelengths result in higher penetration 
(Campbell, J.B., 2002). At X-band wavelength the surface roughness of grass and open areas 
may produce a tone and image texture distinct from that of impervious surfaces, but at L-band 
wavelength the signal returns may be quite similar, producing confusion in identifying these 
land-cover categories. The preference of the X-band imagery over the L-band for general 
interpretation is a result of the greater sensitivity of the shorter wavelength to surface 
roughness (Bryan, 1975; Wu, 2004). However, Xia and Henderson (1977) reported that as the 
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wavelength decreases the image becomes increasingly noisy and the image contrast decreases 
but on the other hand, many of the houses become invisible on the C-band image and very 
few of them can be positively identified on the X-band image. Schmidt (1986) found that 
airborne X-band radar was preferred for defining urban patterns while L-band was preferred 
in detecting individual buildings (Wu, 2004). 
 
Surface ‘roughness’ is a relative concept dependent on incident microwave wavelength. As 
wavelength increases, surface roughness criteria will also change. In general, more surface 
features will appear smoother at longer wavelengths than at shorter wavelengths. Therefore, a 
SAR image will appear darker in longer wavelengths than in shorter wavelengths provided the 
other parameters are the same (Xia and Henderson, 1997; Wu, 2004; Ban, 2005). 
 
Theoretically, azimuth resolution is one half of the length of the radar antenna and range 
resolution equals to (pulse length × speed of light)/(2 × sine of the incidence angle) 
(Campbell, 2002; Ban, 2005). Therefore, wavelength will not affect the azimuth of range 
resolution of a SAR image (Wu, 2004; Ban, 2005). 
 
Virtually, all earlier radar systems acquired images in a single band and a single polarization. 
Thus, relatively few studies have been carried out to examine the effect of wavelength on the 
delectability of settlements and the interpretation of urban landuse/land-cover patterns. Past 
research on individual bands has produced a mixed bag of results. Sometimes it appears that 
environmental variables play a much more important role than the wavelength of the radar 
system (Henderson and Xia, 1997; Ban, 2005).  
 
‘‘Imaging radar is an active illumination system, in contrast to passive optical imaging 
systems that require the Sun’s illumination. Radar antenna records the amplitude of the 
received echo to construct an image. In addition to this, SAR also measures the phase and 
uses it in constructing an image. The wavelengths of the microwaves used in Radar are longer 
than those of visible light, and are less responsive to the boundaries between air and the 
droplets within the clouds. The result is that, for Radar, the clouds appear homogeneous with 
only slight distortions occurring when the waves enter and leave the clouds.’’ (ESA, 2004). 
 
Future research should be carried out on simultaneous use of multi-frequency radar imagery 
when available as combining different bands can provide more information than individual 
band (Wu, 2004; Ban, 2005). 
 
2.1.2 Polarization 
 
The polarization characteristics of electromagnetic energy recorded by a remote sensing 
system represent an important variable that can be used in many Earth resource investigations 
(Jensen, 2004). It is possible to use polarizing filters on passive remote sensing systems (e.g., 
aerial cameras) to record polarized light at various angles. It is also possible to selectively 
send and receive polarized energy using active remote sensing systems such as RADAR (e.g., 
horizontal send, vertical receive- HV; vertical send, horizontal receive-VH; vertical send, 
vertical receive-VV; horizontal send, horizontal receive-HH). Multiple-polarized RADAR 
imagery is an especially useful application of polarized energy (Jensen, 2004). The alternating 
polarization mode of ASAR is capable of providing multi-polarimetric acquisitions by means 
of ScanSAR acquisitions, where switching is made on polarizations instead of sub swaths 
(Guarnieri et al., 2003). Each of these ‘polarizing channels’ has varying sensitivities to 
different surface characteristics and properties. For example, the dynamic range of the like-
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polarized component is larger than that of the cross-polarized component component for 
urban areas; this is in contrast to the measurement for forested areas, where the dynamic range 
of the cross-polarized component is larger than that of the like-polarized component (Dong et 
al., 1997). Hussin (1995) studied the effect of polarization and incidence angle (280, 450, and 
580) on radar return from urban features using L-band aircraft radar data and concluded that 
radar corner reflection from building is highly affected by the type of polarization and the 
degree of incidence angle. He also concluded that the like-polarization (HH or VV) shows 
higher reflection and is significantly different from the results observed for cross-polarization 
(VH or HV) (Wu, 2004). 

By comparing both the HH and HV images, the features and areas that represent regions on 
the landscape that tend to depolarize the signal can be identified. Such areas will reflect the 
incident horizontally polarized signal back to antenna as vertically polarized energy- that is 
they change the polarization of the incident microwave energy. Such areas can be identified as 
bright regions on the HV image and as dark or dark grey regions on the corresponding HH 
image. The polarization of the energy that would have contributed to the brightness of the HH 
image has been changed, so it creates instead a bright area on the HV image. This same 
information can be restated in a different way. A surface that is an ineffective depolarizer will 
tend to scatter energy in the same polarization in which it was transmitted; such areas will 
appear bright in the HH image and dark on the HV image (Campbell, 2002). 

Yonezawa (2004), in his study showed that the HH image showed a higher backscattering 
intensity than the HV images and was slightly higher than that on the VV images while 
studying the land-cover difference of an active volcanic island Miyakejima in Japan. When 
studying central Tokyo, they found that the relative backscatter intensity of the HH and VV 
image is larger than that of the HV image in areas where roads are aligned with the radar 
irradiation and in rural residential areas but was the other way round where the roads were not 
aligned. They found that the cross polarization and a combination of polarizations (HH+VV, 
VV+HV, HH+HV) was very useful for differential observations of both the areas. 
Surface scatter dominates signal return of like-polarized imagery. Volume scatter is the major 
influence on signal return of cross-polarized imagery. Most research to date, with a variety of 
wavelength systems, seems to prefer cross-polarized imagery for urban landuse/land cover 
mapping (e.g., Bryan, 1975; Haack, 1984). Yet a few studies have reported a preference for 
like-polarized imagery or mixed results depending on landuse type (Xia and Henderson, 
1997). The reason for general preference of cross-polarized images in urban application is 
because the cross-polarized imagery is less susceptible to the specular return from dihedral 
and trihedral reflectors that is apparent on the like-polarized imagery. However, the cross-
polarized return is usually weaker than the like-polarized return and the receiver channel for 
the cross-polarized return is usually set higher to compensate for the weaker signal return. 
Unfortunately, this also raises the noise level of cross-polarized imagery, making image 
interpretation more difficult. When corner reflection is not common, HH-polarized imagery 
should produce equally accurate results (Xia, 1996). The information from AP images can be 
of great help in the process of identification and classification of different types of scattering 
mechanisms, and where the penetration depth is different at different polarizations (Guarnieri 
et al., 2003). 

Generally speaking, large collections of structures with relatively little or no vegetation 
appear quite visible on HH polarization, but other areas such as residential or low-density uses 
are less distinct. Areas such as central business districts or the presence of a small urban area 
may be most quickly recognizable on HH polarization as a result. The HV polarization would 
be preferred in analyzing the other landuses within the urban area. The few studies that have 
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compared VV polarization with other data sets indicate that VV polarization is the least 
desirable for urban landuse analysis (Evans et al., 1988). Past studies demonstrated that 
images of different polarization are best suited for interpretation of different urban features 
(Dong et al., 1997). However, use of polarimetry data sets for urban analysis is only 
beginning and there are still many unknowns. Given the paucity of data analysis with multi-
polarized data sets and the variation in the earlier results much remains to be determined 
about the exact relationships between urban features and radar backscatter (Wu, 2004). 

2.1.3 Incidence Angle 

Incidence angle is defined as the angle between the incident radar beam at the ground and the 
normal to the earth’s surface at the point of incidence (Lillesand et al., 2004). Depression 
angle is defined as the angle between an imaginary horizontal plane and a radar beam. 
Incidence angle and depression angle are complementary angles, so their sum is 900 
(Campbell, 2002). Radar incidence angle can influence the the geographical feature 
identification and classification to a certain degree. For lower incidence angle, the layover 
will serious corrupt the quality of SAR image, for example, being the ERS SARs had a fixed 
23° incidence angle, the effect of radar layover in hilly terrain prevents widespread use of the 
data; for higher incidence angle, the radar layover is lower, but the shadow is too much, and it 
will lose some useful information (Li, et al., 2005). 

Changes in local incidence angle over an urban area and their influence on feature detection 
have not been examined to date, but they do pose an interesting area of investigation for 
airborne systems (Henderson and Xia, 1999). For satellite SAR, aspect-angle differences are 
mainly governed by ascending or descending satellite pass directions, while incidence-angle 
differences can be achieved using a SAR system with a steerable antenna (Weydahl et al., 
1995; ESA, 2004). 

Incidence angle affects the detectability of settlements through its control of range resolution. 
On one hand, small incidence angles produce poorer range resolution than larger angles, as 
range resolution is inverse proportional to sine of the incidence angle (Campbell, 2002). On 
the other hand, higher resolution allows detection of smaller settlements and mapping of small 
complex land cover units, slightly higher spatial resolution in across track direction, improved 
imaging geometry in hilly and mountainous terrain (reduced foreshortening, less layover), 
improved thematic information content of the backscattering coefficient, and improved 
discrimination of open water surfaces (e.g. for flood mapping) (Wegmüller, 2003). Larger 
incidence angles generate longer radar shadows than smaller angles (Li, 2005). Radar 
shadows from hillsides, structures, and vegetation can conceal or obfuscate land cover. There 
is a tradeoff between range resolution and radar shadows (Li and Bryan, 1983; Wu, 2004). 
Experimental studies using simulation models have shown that the radar signal is more 
sensitive to surface roughness at high incidence angles than at low incidence angles (e.g. 
Baghdadi et al., 2002b; Fung & Chan, 1992; Ulaby et al., 1986; Holah et al., 2005). Holah 
(2005) in his study, showed that sensitivity to soil surface roughness of radar signal increases 
with high incidence angles but in VV polarization, the backscattering coefficient is weakly 
dependent on the RMS surface height whatever the incidence angle (240, 370, and 430). 

An evaluation of three passes of SIR-B imagery by Henderson (1995) indicated that incidence 
angles of less than 20-230 were of minimum utility for the urban analysis. The amount of 
information and accuracy increased on the 410 images in comparison with the 160 images, but 
decreases on the 510 images. Other studies also found that an incidence angle around 400 
produced the best results for urban area analysis (Imhoff, 1987; Hussin, 1995).  Therefore it 
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appears that the range of 40-450 in incidence angles represents the optimum combination of 
spatial resolution and radar shadow for most urban areas. Then again, incidence angle may 
have no effect on radar backscatter for residential and commercial land-cover in flat-level 
terrain (Bryan, 1979). Study by far has been reported that changes in SAR backscatter from 
urban-type objects as a function of incidence angle are only sparsely referred to in the 
literature (Handerson and Lewis, 1998); this reveals the complexity about the effect of 
incidence angle on radar backscatter (Wu, 2004). 

In addition to the general belief that a moderate incidence angle is required for accurate 
settlement detection and urban land cover mapping, images acquired at different incidence 
angles proved to be useful for separating certain man-made features from natural features and 
separating the effect of surface roughness from that of meso- and macro-scale geometry or 
urban morphology (Bryan, 1975; Dong et al., 1997, Wu, 2004). Forester (1997) stated in his 
study that satellite SAR images acquired from several incidence angles could give a more 
complete picture of the number and type of manmade objects present in an area.   

2.1.4 Look Direction 

Look direction, the direction at which the radar signal strikes the landscape, is important in 
both natural and manmade landscapes. In natural landscapes, look direction is especially 
important when terrain features display a preferential alignment. Look directions 
perpendicular to topographic alignment will tend to maximize radar shadow, whereas look 
directions parallel to topographic orientation will tend to minimize radar shadow. The extent 
of radar shadow depends not only upon local relief, but also upon orientations of features 
relative to flight path; those features positioned in the near-range portion (other factors being 
equal) will have the smallest shadows, whereas those at the far-range edge of the image will 
cast larger shadows (Campbell, 2002). Therefore it is clear that there exists a close 
relationship between the look direction or radar azimuth and the orientation of the topographic 
feature. The same type of land-cover may appear very different on a radar image due solely to 
a different orientation relative to the radar look direction (Bryan, 1979, Grey et al., 2003). 

The influence of look direction or feature orientation on radar backscatter has been referred to 
as the ‘Cardinal effect’ because it often occurs on cardinal direction bearings corresponding to 
the North-South, East-West settlement pattern of many urban areas. ‘Cardinal effect’ has been 
demonstrated repeatedly in the literature that it is primarily the result of dihedral reflection 
from man made buildings (Hardaway and Gustafson, 1982, Lee, 2001) and is mainly 
described in relation to varying azimuth directions. This kind of image corruption is an 
inherent nature of SAR processing technique where conventional linear Frequency 
Modulation (FM) signals are adopted. Although it may be possible to reduce this effect using 
modified range-azimuth processing or calculation of the corner reflector effect, it is not easily 
achievable to prevent strong reflections from spreading areas and increasing total integrated 
clutter level (Hardaway and Gustafson, 1982). Lee (2001) suggested a phase code waveform 
design and processing technique to reduce the accumulated bright tones produced by strong 
cardinal effect around urban targets by providing enhanced contrast level. This method is 
useful when several extremely bright scenes are mixed within dark natural environment (Wu, 
2004). 
 
Xia and Henderson (1997) concluded in their review that, buildings, walls and the ground 
surface were found to act as dihedral reflectors when the orientation of the surface feature was 
within 10-200 of the perpendicular of the radar look direction. Because of multiple-bounce 
scatterings, many very bright features corresponding to dihedral or trihedral configurations 
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are present in the data. They correspond to wall/ground corners, balconies, chimneys, posts, 
street lamps, etc. Therefore, SAR images in urban areas are usually composed of very bright 
features on a darker background with speckle (Tupin, 2005). In another instance, the look 
direction was found to have no effect because the settlement’s metal roofs acted as isotropic 
radiators (Bryan, 1979, Qin et al., 2004). Nevertheless orientation and direction, whether part 
of a systematic pattern or not, can serve to varying degrees as a useful basis for the 
interpretation of SAR images (Qin et al., 2004). 

2.1.5 Effects of Radar System Parameters on Backscatter of Landuse/Land-cover 
Classes 

The common conclusion from the studies is that the polarimetric data with diverse orbital 
settings enhance the classification performance (Skriver et al, 2000). For example, it was not 
possible to classify individual bright SAR objects based on only one incidence-angle 
geometry. However, it was shown that satellite SAR images acquired from several incidence 
angles can give valuable complementary information about hard targets, and thereby give 
more complete picture of the number and type of manmade objects present in an area 
(Weydahl, 2002). Ramadan et al. (2001) showed that interpretation of CHH-LHH-LHV SIR-
C/X-SAR images helped in understanding the lithological and structural controls on massive 
sulfide deposits in arid regions. Ban (1996) indicated the strong potential of multi-polarization 
data for crop classification as combinations of C-HH and D-VV SAR can achieve very high 
accuracy (K= 0.91). For land-cover classification, although generally better performance is 
achieved using multi-frequency, polarimetric radars, but optimum combination of bands is 
dependent on specific application. For example, best performance for biomass estimation is 
achieved using lower frequency (P- and L- band) radar systems with a cross-polarized (HV or 
VH) channel. Higher frequency gives comparatively poor results (Paloscia, 2002; 
Goodenough et al, 2005). 

Multi-temporal SAR data can be an excellent source of gathering land-cover information. 
Multi-temporal SAR data can be used extensively for mapping wetlands under different 
environmental conditions (Parmuchi, 2002). The cloud free capability of radar data makes it a 
potential alternative to the optical satellite data for obtaining multi-temporal SAR images. For 
example, Ban and Howarth (1999) used a sequential masking approach to classify the multi-
temporal ERS-SAR data for crop classification based on the SAR temporal backscatter 
coefficient profiles of the crops with a satisfactory overall accuracy of 88.5 and a kappa 
coefficient of 0.85 (Wu, 2004). 

The SAR parameters should be carefully chosen as they can affect the output greatly. Ban and 
Howarth (1998) reported that small changes in incidence-angle could have strong impacts on 
radar backscatter. Allen and Bird (1999) concluded that, incidence angle has direct bearing on 
the proportion of the radar signal backscattered to the sensor. Their study also indicated that, 
for a better discrimination between crops, ASAR’s AP (HH/HV) data acquisitions need to be 
timed to coincide with different maturation periods. There are many SAR sensors orbiting 
around the earth like ERS-1, JERS-1, RADARSAT and the latest ENVISAT. Each of these 
earth orbiting SAR sensors can provide complementary information since data is collected 
using significantly different frequencies, polarization, and look angles etc. One of the most 
important prerequisites of SAR data composite is that these data should be obtained at nearly 
the same date or dates that very little change happened to the scene (Skriver, 2000). 
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2.2 Effects of Ground Target Parameters 

2.2.1 Dielectric Properties 

The electrical characteristics of terrain features interact with their geometric characteristics to 
determine the intensity of radar returns. One measure of an object’s electrical character is the 
‘complex dielectric constant’, which is a parameter that indicates the reflectivity and 
conductivity of various materials (ESA, 2006). The complex dielectric constant describes the 
ability of materials to absorb, reflect and transmit microwave energy (Campbell, 2002). As 
the reflectivity and conductivity increases, so does the value of this constant. High dielectric 
constants, aided by orientation and incidence angle, contribute to the strong returns from 
metal bridges, silos, railroad tracks, utility poles, and other such urban features on radar 
images (Xia and Henderson, 1997). However, moisture content changes the electrical 
properties of a material, which in turn affects how the material will appear on a radar image, 
therefore, the high dielectric constants of wet soil and vegetation can also pose interpretation 
uncertainty by producing bright returns similar to urban features (Dong et al., 1997). In the 
microwave region of the spectrum, most natural materials have a dielectric constant in the 
range of 3 to 8 when dry, whereas water has a dielectric constant of approximately 80. this 
means that the presence of moisture in either soil or vegetation will result in significantly 
greater reflectivity (ESA, 2006). 

2.2.2 Surface Roughness 

The use of SAR data to retrieve surface roughness is of considerable importance in many 
domains, including agriculture, hydrology, and meteorology. SAR data based on a single 
configuration, such as ERS-1/2 with VV polarization and a 230 incidence angle, and 
RADARSAT-1 with HH polarization and incidence angles ranging from 200 to 500, have been 
used for retrieving surface roughness (e.g. Holah et al., 2005; Baghdadi et al., 2002a; Dobson 
& Ulaby, 1986; Dubois et al., 1995; Fung, 1994; Le Hégarat et al., 2002; Oh et al., 1992; 
Srivastava et al., 2003; Ulaby et al., 1986; Zribi & Dechambre, 2002, Jensen, 2004). The radar 
signal, which depends on various radar parameters (incidence angle, frequency, and 
polarization), is also correlated, for bare soils, with soil surface roughness. Monitoring the 
evolution of surface roughness is a way of estimating erosion risk, particularly in agricultural 
areas. Experimental results and studies using simulation models have shown that the radar 
signal is more sensitive to surface roughness at high incidence angles than at low incidence 
angles (e.g. Holah et al., 2005; Baghdadi et al., 2002b; Fung & Cheng, 1992; Ulaby et al., 
1986). Gong et al. (1996) and Baghdadi et al. (2003) found that HH polarization is slightly 
more sensitive than VV polarization to soil surface roughness (Holah et al., 2005). As 
mentioned in 2.1.1, surface ‘roughness’ is a relative concept dependent on incident 
microwave wavelength. As wavelength increases, surface roughness criteria will also change. 
In general, more surface features will appear smoother at longer wavelengths than at shorter 
wavelengths; therefore a SAR image will appear darker in longer wavelengths than at shorter 
wavelengths provided the other parameters are the same (Xia and Handerson, 1997). 
Depression angle also affects the smooth and rough criteria. At very low depression angles 
most or all of the energy reaching a smooth surface is reflected away from the radar system, 
while at very high depression angles (small incidence angles) the specular reflection returns 
much of the energy back to the antenna. Rough surfaces produce returns of relatively strong 
intensity for a wide range of depression angles (Li and Bryan, 1983; Wu, 2004). 
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Building roofs may act as specular reflectors or diffuse scatters depending on the type of roof 
material and the orientation relative to the incoming signal (Hussin, 1995). However, when 
building walls are oriented orthogonal to the radar look direction, they form corner reflectors, 
which are not governed by the Rayleigh criterion (Schiavon & Solimini, 2000). At what 
critical height a particular surface object will act as a corner reflector to radar signal of a 
certain wavelength and to what degree building walls at certain orientations will cause 
multiple reflections remain unknown. Theoretical models are yet to be developed to account 
for the behavior of these macro-scale phenomena in built environment (Wu, 2004). 

2.3 Effects of Environmental Variables 

The environment influences or modulates the information that can be extracted from remotely 
sensed data. In brief, the type of information that can be extracted is a function of the types of 
landuse and land-cover, the number of categories, the size, pattern and shape of the parcel 
units, the changing nature of the environment, history of settlement, economic factors, 
climate, and other aspects of the environment as a function of sensor and interpretation 
objectives (Everett & Simonett, 1976). 

The urban environment is quite variable, being one of the most complex and capricious in 
form and function of all land-cover categories. For example, in one instance it is possible to 
separate some classes from others easily, but in another case those classes might be less 
distinct or masked. Some authors have reported variations in urban area interpretation 
attributed to terrain height, soil characteristics, types of landuse, vegetation, density of houses, 
roof type, house construction material, and settlement type (e.g., Dong et al., 1997; Hussin, 
1995; Xia & Handerson, 1997). The complex three-dimensional structure of the urban surface 
and the variety of materials involved such as, structures, pavement, vegetation and the ground 
itself contributes to the complexity. Large bodies of water nearby are a further complication 
(ESA, 2004).  

The main obstacle to recognize the SAR sensors as a key tool for urban settlements 
monitoring is the acknowledged lack of electromagnetic and radar models that are able to 
quantitatively predict and explain SAR image relevant to urban scenes. The main effort to 
apply SAR images to urban areas monitoring has been devoted to detection, exploiting the 
fact that the urban areas appear as bright pixels in a SAR image; the huge complexity of the 
electromagnetic phenomena that occur in urban areas pose a severe limit to any further 
investigation (Franceschetti et al., 2003). What remain to be determined are the landscape 
patterns and conditions under which these environmental elements affect the radar signal 
response from individual urban landuse/land-cover types. These environmental data, of 
course, then need to be correlated with each of the radar system variables to design at least a 
conceptual model of these interactions. Imaging radars can then be better configured to be 
able to extract the maximum bio- and geophysical information of urban areas (Wu, 2004). 

2.4 Performances of Image Processing Techniques 

In addition to the radar system and environmental variables, data processing and analysis 
technique may also have significant effect on the appearance of radar imagery and on the 
accuracy of derived information. 
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2.4.1 Speckle Filtering 

Radar images contain some degree of speckle. Microwave signals returning from a given 
location on the earth’s surface can be in phase or out of phase by varying degrees when 
received by the sensor. This produces a seemingly random pattern of brighter and darker 
pixels in radar images, giving them a distinctly grainy appearance (or speckle) (Lillesand, 
2004). 

The effect of speckle on the polarimetric parameter estimation was first investigated by 
Goodman in optics (1963; 1975; 1985). Speckle filtering of polarimetric SAR images has 
been an active area of research for a decade (Schou and Skriver, 2001). Tauzi and Lopes 
(1994) was the first to show that a conventional one-channel filter cannot preserve the 
polarimetric information and that speckle filtering should be applied in terms of covariance 
matrices and not in terms of scattering matrices (Tauzi, 2002). Subsequently, various filters 
that provide a filtered covariance matrices, or the equivalent filtered Mueller, Kennaugh, or 
target coherency matrix, have been developed (Tauzi, 2004).  

Since Speckle generally tends to obscure image details, reduction of the speckle noise is 
important in most detection and recognition systems where speckle is present (Solbø and 
Eltoft, 2004). The best known filters, namely The Frost, Lee or Kaun filters are adaptive 
filters based on the local statistics, computed in a fixed square window. In this way, the 
speckle is reduced as a function of the heterogeneity measured by the local coefficient of 
variation. When the radar reflectivity undergoes significant due to the presence of the strong 
scatters or structural features (edges or lines) in the processing window, such speckle filtering 
is less effective (Cheng-li et al., 2003). ‘‘Although the existing despeckle filters are termed as 
“edge preserving” and “feature preserving,” there exist major limitations of the filtering 
approach. First, the filters are sensitive to the size and shape of the filter window. Given a 
filter window that is too large (compared to the scale of interest), over-smoothing will occur 
and edges will be blurred. A small window will decrease the smoothing capability of the filter 
and will leave speckle. In terms of window shape, a square window (as is typically applied) 
will lead to corner rounding of rectangular features that are not oriented at perfect 90 
rotations, for example. Second, the existing filters do not enhance edges—they only inhibit 
smoothing near edges. When any portion of the filter window contains an edge, the 
coefficient of variation will be high and smoothing will be inhibited. Therefore, noise/speckle 
in the neighborhood of an edge (or in the neighborhood of a point feature with high contrast) 
will remain after filtering. Third, the despeckle filters are not directional. In the vicinity of an 
edge, all smoothing is precluded, instead of inhibiting smoothing in directions perpendicular 
to the edge and encouraging smoothing in directions parallel to the edge. Last, the thresholds 
used in the enhanced filters, although motivated by statistical arguments, are ad hoc 
improvements that only demonstrate the insufficiency of the window-based approaches. The 
hard thresholds that enact neighborhood averaging and identity filtering in the extreme cases 
lead to blotching artifacts from averaging filtering and noisy boundaries from leaving the 
sharp features unfiltered’’ (Yu and Acton, 2002). 
 
In short, Frost Filter uses an adaptive filtering algorithm, which is an exponentially damped 
convolution kernel that uses local statistics to adapt to features. Enhanced Frost Filter further 
divides the radar image into homogeneous, heterogeneous, and isolated point target areas, and 
optimally filters each region. Lee Filter removes additive or multiplicative noise, or both. 
Enhanced Lee Adaptive Filter further divides the radar image into homogeneous, 
heterogeneous, and isolated point-target areas, and optimally filters each region. Gamma Map 
Filter assumes the radar imagery has a Gamma distribution. Kuan Filter transforms the 
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multiplicative-noise model into a signal-dependent, additive-noise model, and a minimum 
mean square error is applied (PCI, 2005). 

2.4.2 Texture Analysis 
 
In the description of images, pixel color and brightness are commonly used parameters. A less 
often used parameter is the texture (graininess). Image texture is considered as the change and 
repeat of image grey in space, or local pattern in image and its arrangement rules (Chandran et 
al., 2006). Texture is an important visual cue, used by both man and machine in describing 
and assessing object surfaces. The texture of an object surface depends on a number of 
factors, such as the spatial relation between primitive texture elements, their scale, and/or 
orientation. The spatial and scale properties of texture have made it an important attribute in 
the analysis of remotely sensed images, where different surfaces such as those of rocks, sea-
ice, seawater, vegetation, urban areas, etc. can be characterized by distinct textural features 
(Kandaswamy et al., 2005). Unlike spectral features, which describe the average tonal 
variation in the various bands of an image, textural features contain information about the 
spatial distribution of tonal variations within a band. As opposed to color and brightness, 
which are associated with one pixel, texture is computed from a set of connected pixels. 
Sanden et al. (1999) concluded that texture, not backscatter (or intensity), is the most 
important source of information for identifying tropical land-cover types in high frequency 
and high-resolution radar images. Treitz et al. (2000) compared the classification accuracies 
of agricultural crop types, using tonal and textural images derived from georeferenced C-HH, 
C-HV and C-VV SAR data; he found that when all three tonal images (-HH, -HV & -VV) are 
used in a classification, accuracies are improved, but remained low (kappa = 0.39); however, 
accuracies are improved substantially when texture features derived from three SAR data sets 
are incorporated into the classification (Kappa = 0.78). Kurosu (2001) reported that texture 
autocorrelation and the aggregation technique have been investigated for improving the 
landuse classification. The results of these studies demonstrate that texture processing are 
necessary components of an overall classification strategy for agricultural crop measurement 
and mapping (Wu, 2004). 
 
Texture analysis is inherently computationally intensive. Automated analysis of object texture 
usually requires point-by-point computations on the object surface. These operations typically 
involve some kind of image filtering, using neighboring points in a chosen window around the 
point under consideration (Kandaswamy et al., 2005). Texture measures are based on 
statistical dependences between pixels within a certain region. In practice, this region means 
pixels within a moving window (a kernel) and the textural measure is calculated for the centre 
pixel of this window. The statistical textural measures are usually divided into first- and 
second-order measures. 
 
The first-order measures are the statistical moments of the kernel. These moments, such as the 
mean, variance, skewness, and kurtosis, describes the probability density function (Pdf) of the 
kernel. The moments do not have any direction. However, due to the structure of a given 
texture, the irradiances at different positions are statistically related. Therefore the first order 
statistics are an inadequate texture measure as sometime it is the case where visually different 
textures have similar Pdfs (Ulaby et al., 1986). 
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The second-order measures describe statistical dependences between two pixels with a set lag 
(or distance) to a certain direction inside the kernel. The second-order measures describe 
characteristics for the autocorrelations of the pixels within the kernel (Haralick, 1979; Wu, 
2004). 
 
Different methods have been proposed for the analysis of image texture. Popular methods 
include those based on the gray-level cooccurrence matrix (GLCM) (Haralick, 1979), Markov 
random fields (MRFs) (Manjunath & Chellappa, 1991), Gabor wavelets (Jain & Farrokhnia, 
1991), (Manjunath & Ma, 1996), tree-structured wavelets (Chang & Kuo, 1993), wavelet 
packets (Pun & Lee, 2003), sum-difference histograms, etc. For analysis of remotely sensed 
images, the GLCM-based methods are the most predominant (Baraldi & Parmiggiani, 1995; 
Holmes et al., 1984; Nystuen & Garcia, 1992; Shanmugan et al., 1981; Soh & Tsatsoulis, 
1999; Kandaswamy et al., 2005). 
 
A GLCM is a two-dimensional histogram of gray levels for a pair of pixels. Most of the 
texture measures are computed from GLCM directly. In addition some texture measures are 
computed from a Gray Level Difference Vector (GLDV) which itself is derived from a 
GLCM. Texture measures can be computed at either one of these four directions (00, 450, 900 
and 1350) as texture in a certain direction may reveal unique information about certain 
landuse/land-cover pattern. If directional invariance of the texture measures is required, the 
GLCM with specific spatial relationship at 4 directions are averaged for texture calculation 
(Conners and Harlow, 1980; Wu, 2004). 
 
The information content of texture feature images will highly depend on the spatial resolution 
of the original image, i.e. texture characteristics are changing with scale. For high-resolution 
data, methods evaluating texture or the shape and size of objects might provide better results 
e.g. in built up areas. Statistical texture measures, e.g. Haralick parameters, have been tested 
extensively. Dell’ Acqua and Gamba (2003) investigated the use of co-occurrence texture 
measure to provide information on different building densities inside a town structure. They 
found that co-occurrence measures computed with window width corresponding to mean 
block dimension in the considered urban area allow representing crowded, residential, and 
suburban areas with sufficient precision and stability in the classification maps. 
 
Besides statistical measures and GLCM, Multi-fractal geometry also provides a very useful 
tool for texture analysis of SAR images. It is found that natural objects, although irregular and 
complex, generally possess self-similarity and self-affinity in structure. Fractal analysis, a 
technique based on these properties, has been widely used in various scientific and 
engineering fields. In the field of remote sensing, fractal surface dimension, an important 
parameter in fractal analysis can be employed as an additional feature to classify different 
landuse classes. This fractal surface dimension is generally related to the roughness of the 
surface. Fan and Shao (2000) extracted the fractal parameters from several scenes multi-
temporal fine mode SAR images then put these fractal parameters into a back-propagation 
neural network classifier for landuse investigation in Zhaoqing test site, result indicated that 
the average accuracy of classification of 11 targets in that area was improved from 86.6% to 
96.16%. 
 
There is no absolute rule or conclusion that one or some certain texture measures always 
outperform others. Kandaswamy et al. (2005) studied the computational gain or otherwise that 
can be achieved by using approximate textural features on SAR images. They compared both 
|GLCM and Gabor wavelets on two different datasets. One dataset was taken from Brodatz 
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texture album (Brodatz, 1996) and the other dataset comprised of seven ASAR images taken 
from different cold regions with a diverse texture characteristics. They found that between 
Gabor wavelets and GLCM, the results in terms of true classification rates are mixed. For 
supervised classification using the Brodatz image set, both approaches produced the same 
performance (100% true classification rate) at all values. But Gabor wavelets did marginally 
better than the GLCM on SAR data, under supervised classification. For unsupervised 
classification, the GLCM features performed significantly better than Gabor features on both 
datasets. The difference was more glaring on the SAR dataset, where the GLCM produced a 
classification rate of 0.9900 using all the image data (0.9673 at). The corresponding result for 
Gabor wavelets was 0.9247 using all the image data (0.8070 at). The lower performance of 
Gabor wavelets appears to be in line with other comparative studies (Clausi, 2001). In 
general, the use of approximate features seemed to do better with GLCM-based features. It 
seems the usefulness of different texture measures are dependent on the specific applications, 
e.g., radar image resolution, geographical characteristics of the study area, classification 
scheme etc. Mather et al. (1998) used several of the above methods together with a subset of 
the TM spectral features and achieved substantial classification accuracy. Dekker (2003) used 
histogram measures, wavelet energy, fractal dimension, lacunarity, and semi-variograms to 
derive texture images from ERS-1 data on a study area around Rotterdam and The Hague in 
The Netherlands. The conclusion was that texture improved classification accuracy. Despite 
the improvement, the overall classification accuracy indicated that the land-cover information 
content of a single ERS-1 image leaves something to be desired. 
 
2.5 Performance of Classifiers 
 
For application of remote sensing data, digital image classification has been examined by 
using statistical methods (e.g. maximum likelihood) and artificial intelligence applications 
(e.g. ANN) (Patk and Stenstrom, 2003). There are various techniques for classification such 
as Decision Tree Induction, Bayesian Classification, and Neural Networks (Han & Kamber, 
2001; James, 1985). 
 
The induction of decision trees from attribute vectors is an important and fairly explored 
machine-learning paradigm (Kothari and Dong, 2001). The majority of the algorithms aiming 
to solve this problem, like ID3 and C4.5 (Quinlan, 1993; 1996) works in two different phases: 
a training phase, where the decision tree is built from the available instances, and the testing, 
or performing phase, where new instances may be classified using the just constructed model. 
In general, the decision tree is built in a top-down style, using a greedy strategy to choose, 
based on the instances corresponding to the sub-tree in construction, the root of this sub-tree. 
Most researches in this area concentrate on the search of new methods to compare attributes 
and to determine the point where the top-down construction must stop (the pruning problem) 
(Pistori and Neto, 2003).  
 
Rather than just partitioning cases, as most clustering techniques do, the Bayesian approach 
searches in a model space for the “best” class descriptions. A best classification optimally 
trades off predictive accuracy against the complexity of the classes, and so does not “overfit” 
the data. Such classes are also “fuzzy”; instead of each case being assigned to a class, a case 
has a probability of being a member of each of the different classes (Hanson et al., 1991). 
Baysian models depend on strong priori knowledge in choosing the appropriate model or 
technique. It only works well when a human is part of the learning machine (Willett, 2002).  
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2.5.1 k-Nearest Neighbor (KNN) 
 
Unlike other common classifiers, a k-nearest neighbour (KNN) classifier does not build a 
classifier in advance. When a new sample arrives, KNN finds the k neighbours nearest to the 
new sample from the training space based on some suitable similarity or distance metric 
(Khan, et. al., 2002). KNN classification is a very simple, yet powerful classification method. 
The key idea behind KNN classification is that similar observations belong to similar classes. 
Thus, one simply has to look for the class designators of a certain number of the nearest 
neighbours and weigh their class numbers to assign a class number to the unknown. Generally 
speaking, the algorithm is as follows:  For each row (case) in the target dataset (the set to be 
classified), k closest members (the k nearest neighbours) of the training dataset are located. A 
Euclidean Distance measure is used to calculate how close each member of the training set is 
to the target row that is being examined.  The k nearest neighbours is examined to determine 
which classification (category) most of them belong to. This category is then assigned to the 
row being examined. This procedure is then repeated for the remaining rows (cases) in the 
target set.  
 
One of advantages of KNN is that it is well suited for multi-modal classes as its classification 
decision is based on a small neighbourhood of similar objects (i.e., the major class). Other 
attractive properties of KNN include: 1) it requires only one parameter: the number K of 
nearest neighbours; 2) it does not need any knowledge about the distribution of the training 
data; and 3) it has been proven to converge to the optimal Bayesian approach under certain 
conditions. However, it still suffers from some problems. First, the performance of KNN 
depends highly on the choice of K. Second, the voting scheme of pooling nearest neighbours 
is considered unsuitable for such applications where classes overlap each other, as in the case 
of mixed pixels in remote sensing images. Third, the equal treatment of the K neighbours is 
conceptually unreasonable. Since all nearest neighbours are given equal voting weights to 
determine the belongingness of the input pattern, the information provided by distances is not 
utilized fully in the classification process. This can lead to poor similarity measures and 
classification errors, when only a small subset of the features is useful for classification 
(Cover & Hart, 1967; Cho, 2004). 
 
There have been only a few studies using KNN in classification. Sebastiano and Roli (1995) 
used KNN along with other classifiers to classify the land-cover using multi sensor images. 
They achieved, with different number of neighbours (K = 3 to 50), an overall accuracy of 
74% (k=15) with SAR image, 80.5% (k=3) with ATM sensor and 89.8% (k=25) with both the 
images used together. The number of neighbours has a direct influence on root mean square 
error (RMSE), confusion matrices, and ultimately maps based on such predictions. Franco-
Lopez et al. (2001) focused on k = 1 to emphasize retention of the original reference data 
variability. Tomppo (1996, 1997) and others have typically used k=5. Nilsson (1997) and 
Tokola et al. (1996) examined a range of k from 10 to 15. Haapanen et al. (2004) used k 
values ranging from one to ten. 
 
Haapanen et al. (2004), in their study of delineating forest / nonforest land use, suggested that 
including a wider range of date may capture more spatial and temporal variation and increase 
the overall accuracy. 
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2.5.2 Artificial Neural Network (ANN) Classifier 
 
In the recent years, there has been significant development and use of artificial neural 
networks (ANN) for remote sensing applications (e.g., Jensen et al., 1999; 2001; Jensen, 
2004). ANNs are often represented as composed of three elements. An input layer consists of 
the source data, which in the context of remote sensing are the multi-spectral observations. 
The output layer consists of the classes required by the analyst. Included are the training data, 
with which, ANN establishes an association between input and output data by establishment 
of weights within one or more hidden layers during the training phase. Further, ANNs can 
also be trained by back propagation (BP). It can be thought of as a retrospective examination 
of the links between input and output data in which differences between expected and actual 
results can be used to adjust weights (Campbell, 2002).  
 
Such systems are ‘self-training’ in that they adaptively construct linkages between a given 
pattern of input data and particular outputs. Neural networks can be used to perform 
traditional image classification tasks (Foody et al., 1995) and are also increasingly used for 
more complex operations such as spectral mixture analysis (Moody et al., 1996, Lillesand, 
2004). The only major drawback is that sometimes it is difficult to determine exactly how the 
ANN came up with a certain conclusion because the information is locked within the weights 
in the hidden layer(s). Scientists are working on ways to extract hidden information so that the 
rules used can be more formally stated (Benitez et al., 1997; Qiu and Jensen, 2004; Jensen, 
2004). 
 

            Recently, ANN classifiers have been applied to remotely sensed data, especially SAR data, to 
overcome the limits of classical classifiers such as maximum likelihood classifier (MLC), 
which is based on some untenable assumptions about the dataset such as the normal 
distribution of the data. ANN classifiers present a nonparametric, distribution-free approach to 
image classification. Each neuron in ANN take continuous and differential functions as the 
transfer function and ANN takes the advantage of this relationship to incorporate non-
normally distributed numerical and categorical GIS data and image spatial information (e.g., 
texture and context) into the process (Bischof et al., 1992; Civco, 1993; Haykin, 1994; Gong 
et al., 1996; Qiu and Jensen, 2004; Jensen, 2004). Much like a supervised classification, an 
ANN requires training and testing (classification) to extract useful information from the 
remotely sensed and ancillary data (Foody and Arora, 1997; Qiu and Jensen, 2004).  

 
The ANN classification process basically has three major phases. In the training phase, the 
analyst selects specific x, y locations in the input image with known attributes (e.g., 
agriculture, upland pine) as training sites (Jensen et al., 2001). The pre-pixel spectral 
information (e.g., spectral reflectance in red and near-infrared bands) and ancillary 
information (e.g., elevation, slope, aspect) for each training site is then collected and passed to 
the input layer of the neural network. In the learning phase, learning is usually accomplished 
by adjusting the weights using a back-propagation algorithm. For each training example, the 
output of the network is compared with the true target (class) value. The difference between 
the target and output value is regarded as an error and is passed back to previous layers in the 
network to update the connection weights. After several iterations, the root mean square 
(RMS) error diminishes to a small value less than a predefined tolerance, and further 
iterations will not improve the performance of the network (Jensen et al., 1999, Jensen, 2004). 
During the test or classification phase, the spectral and ancillary characteristics of every pixel 
in the scene are passed to input neurons of the neural network. The neural network evaluates 
each pixel using the weights stored in the hidden layer neurons to produce a predicted value 
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for every neuron of the output layer. The value obtained for every output neuron is a number 
between 0 and 1 that gives the fuzzy membership grade of the pixel belonging to the class 
represented by that neuron. Defuzzification of these maps using local maximum function 
leads to a hard classification map where each pixel is assigned to a unique class that has the 
highest fuzzy membership grade (Jensen et al., 2001; Jensen, 2004).  
 
ANN is reported by many authors to be a more robust classifier than the traditional statistical 
approaches (Kanellopoulos, 1991; Wilkinson et al., 1995). For example, Decatur (1990) used 
three layer back-propagation networks to classify SAR data and also a comparison between 
between ANN and MLC results showed better performance of ANN classifiers. Bischof et al., 
(1992) reported the application of a three-layered back-propagation network for classification 
of Landsat TM data on a pixel-by-pixel basis, with the integration of textural information. 
Ban (1996, 2003) demonstrated that the ANN is more robust than MLC for per-field 
classification of some major crops in southern Ontario using multi-temporal ERS-1 SAR and 
Landsat TM data. 
 
Neural network classification algorithm is not a panacea; sometimes this complicated 
technique might yield the results not as good as MLC or SMAP (Sequential Maximum A 
Posteriori) algorithms (Michelson, 2000; Wu, 2004). 
 
2.6 Analysis of SAR Backscatter and Urban Features 
 
Synthetic aperture radar (SAR) is a coherent imaging technique capable of generating fine-
resolution images of the complex radar backscatter of a scene from large ranges (Preiss et al., 
2006). Although it has been believed that an analytical interpretation of the electromagnetic 
phenomenon during SAR operation is necessary for a better understanding of SAR images, 
very often these efforts in finding the quantitative relationship between the target 
characteristics and the strength of returned radar signals are discouraged due to the extremely 
complicated nature of the interaction between radar signals and randomly distributed ground 
targets (Xia & Henderson, 1997). Radar backscatter depends upon the geometrical and 
dielectric properties of the surface and varies with the look geometry (Stephen and Long, 
2005). 
 
Over the years, many researchers have studied the potential of backscatter and successfully 
used it to identify different objects. Ban and Howarth (1998, 1999), used multitemporal radar 
backscatter characteristics to differentiate between different crops. Dong et al., (2004) used 
multi-date ASAR AP Mode imagery and acquired backscatter response correlated with rice 
conditions, including height, density, biomass and structure, which are available at different 
growing stages. They compared simulated backscatter coefficients (produced with some pre 
defined assumptions) and backscatter from ASAR data with field measurements. They found 
that both simulated and ASAR data backscatter was correlated with rice parameters. 
Electromagnetic (EM) scattering in urban areas is characterized by a variety of single or 
multiple scattering mechanisms with a wide range of scattering amplitudes. Additionally, 
synthetic aperture radar (SAR) images of urban areas are strongly affected by geometric 
distortion effects (as layover, shadowing) due to the combination of the SAR side-looking 
acquisition geometry and the stepwise height variations within the scene. This makes the 
interpretation and information extraction over urban areas nontrivial (Schneider et al., 2006). 
Some researchers have tried to build different simulation models about SAR backscatter and 
urban features. In order to simplify the interpretation and information extraction in complex 
scattering scenario such as urban areas, many methods had been explored. One of many, a 
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subset of scatterers within the scene, the so-called coherent scatterers (CSs), characterized by 
a deterministic point-like scattering behavior. The advantage of CSs is that they are widely 
unaffected by multiple scattering effects and geometrical distortions allowing, as far as 
possible, a direct interpretation. In addition to this, the fact that CSs are strongly polarized and 
are located at different heights within the urban environment makes the combination of 
polarimetric and interferometric observations a promising way regarding parameter estimation 
(Schneider et al., 2006). A model to simulate SAR images to of urban built targets, for 
example, was reported by Taket et al., (1991). In this model, targets were treated as a set of 
interacting point targets. The model was based on ray tracing and was designed to convert 
targets in terms of shape, size and location of buildings, as well as details of electromagnetic 
properties of the constituent materials and surface textures, into a SAR image of resolution 
comparable with or smaller than the building sizes. Forester et al., (1997) believed that to 
some extent all combinations of specular and diffuse backscatter are a function of height and 
width of buildings, and thus give rise to the possibility of using backscatter as a measure of 
bulk density of the built environment. They examined the theoretical relationships between 
urban morphology and remote sensing response at radar wavelength and proposed a solution 
to the problem of backscatter variation due to building orientation. Lee (2001) took into 
account variable parameters such as the heights or widths of designed targets and the distance 
between multiple urban structures to evaluate reflectivity levels generated by interaction 
between radar signals and diverse urban structures. He also considered varied SAR look 
angles during simulations to investigate their role in producing unique urban SAR feature. 
Schiavon and Solimini (2000) designed microwave polarimetric models, which take into 
account the dimension of the reflecting surfaces, their dielectric properties and roughness for 
dihedral and tihedral corner reflector to evaluate contribution of coherent and diffuse 
scattering. Dong et al., (1997) examined the dominant backscattering mechanisms such as 
single bounce from roofs, double bounce from wall-ground structures and possibly triple 
bounce from wall-wall-ground structures, and their relative contributions to the backscatter. 
Although the radar backscattering from urban areas used to be claimed as double bounce 
dominance by wall-ground structures, their study shows that the backscattering can be 
dominated by single bounce from facets such as roofs in some cases; and a good correlation 
between backscattering response and building’s bulk size as well as density could be found if 
the effect of the buildings’ orientation is compensated (Wu, 2004). 
 
In general, urban areas typically appear light toned in side looking radar (SLR) images 
because of their many corner reflectors. When the wide faces of the houses (front and rear) 
face the direction from which the radar waves have originated provides the strongest radar 
returns. At right angles to this direction, there is again a relatively strong radar return where 
the sides of the houses face the direction from which the radar waves have originated. This 
effect is sometimes called the cardinal effect, a term that has survived from the early years of 
radar remote sensing. At that time, it was noted that reflections from urban areas, often laid 
out according to the cardinal directions of a compass, caused significantly larger returns when 
the linear features were illuminated at an angle orthogonal to their orientation, hence the name 
cardinal effect (Raney, 1998). In summery, as a generalization, larger SLR return signals are 
received from slopes facing the aircraft, rough objects, objects with a high moisture content, 
metal objects, and urban and other built-up areas (resulting from corner reflections). Surfaces 
acting as diffuse reflectors return a weak to moderate signal and many often have 
considerable image texture. Low returns are received from surfaces acting as specular 
reflectors, such as smooth water, pavements, and playas (dry lakebeds). No return is received 
from radar ‘shadow’ areas (Lillesand, 2004). 
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Still now, there is yet to be a model that simulates the radar backscatter mechanism in urban 
areas very efficiently. This leaves room for more work and research in the near future. 
 
2.7 Change Detection 
 
Remote sensing provides multi-temporal synoptic coverage for almost any region of interest. 
Satellite data has become an authentic source of landuse data of any particular area at any 
given time, which can be reused for verification and re-assessment. 
 
Land surface change information is very crucial for different landuse planning and decision 
making entities. In fact, it is believed that lanuse/land cover change is a major component of 
global change with an impact perhaps greater than that of climate change (Skole, 1994; 
Foody, 2001). Frequent acquisition and updating of such information is very important. The 
main advantage of remote sensing in this regard is its repetitive coverage at short intervals, 
consistent data quality, and relatively low cost (Jensen, 1996). Digital change detection is 
mostly dependent on the quality and type of ‘no-change’ information that can be extracted 
from image data. Digital change detection methods can be based on at least several commonly 
used algorithms including, (1) write function memory insertion; (2) multi-date composite 
image; (3) Image algebra (e.g., band differencing, band ratioing etc.); and (4) post-
classification comparison (Jensen, 2005). In this section, image algebra and post-classification 
algorithms will be shortly discussed. 
 
It is possible to identify the amount of change between two rectified images by band ratioing 
or image differencing (Green et al., 1994; Maas, 1999; Song et al., 2001; Jensen, 2005). 
Image differencing involves subtracting the imagery of one date from the other. If the two 
images have almost identical radiometric characteristics, the subtraction results in positive 
and negative values in areas of radiance change and zero values in areas of no change (Jensen, 
2005). 
 
Post-classification comparison change detection is a heavily used quantitative change 
detection method (Jensen, 2005). It requires rectification and classification of each remotely 
sensed image. The two maps are then compared on a pixel-by-pixel basis using a change 
detection matrix. The most important advantage of the approach is that it provides class-wise 
change information, which is useful for understanding area-specific changes and for inferring 
the processes underlying these changes.Unfortunately, every error in the individual date 
classification map will also be present in the final change detection map (Rutchey and 
Velcheck, 1994,). Therefore it is imperative that the individual classification maps used in the 
post-classification change detection method be as accurate as possible (Arzandeh and Wang, 
2003; Jensen, 2005).   
 
A combination of different approaches, also known as hybrid approach has also become very 
popular. This approach, in many ways, is used to minimize commission error in land cover 
change analysis (Coppin, et al., 2004; Mir, 2004). This method combines key aspects of other 
‘change’ and ‘no-change’ analysis approaches, with the aim of extracting classified change 
information while minimizing error inherent in the overlay procedure. 
 
Several scientists have tried different change detection techniques for detecting change in 
SAR imagery. Coulon and Torneret (2002) have applied Bayesian Estimation in detecting 
abrupt changes in multi/temporal SAR images. In this estimation, appropriate priors allow to 
take into account the correlations between images recorded at different dates. They have 
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proposed a Bayesian implementation where, it generates samples distributed according this 
posterior using MCMC method. These samples are then used to estimate various interesting 
features including the posterior change point probabilities and the posterior change point 
number. Karjalainen et al. (2003) in their study used Radarsat-1 finebeam SAR images for 
urban mapping and change detection in Helsinki. They have used a simple rule based 
technique and concluded that, small building detection was not reliable using radarsat-1 
images (both in single and in multiple images). Buildings with height more than 10 meters 
were satisfactorily detected. Borghgraef and Gautama (2004), in their studies emphasized the 
importance of accurate image registration in change detection with SAR imagery. They have 
shown that positional errors after image registration contributed to change detection errors in 
areas that are quite susceptible to change, such as intersections, tree lines, built-up areas in 
high terrain etc. Oliver and White (1990) tried to detect target change in a pair of SAR images 
using automatics change detection and factorized neural networks. They have performed the 
change detection processes via a higher-level comparison of the regions of interest identified 
in the target-detection stage. They were able to detect the stronger, more prominent targets 
and the process were unable to detect the weaker (smaller) targets. They have emphasized the 
importance of accurate ground truth data for a more successful application of the processes. 
Oliver et al., (1999) in their study, described the application of segmentation to a sequence of 
multi-temporal SAR images for better definition features. They have used image differencing 
of the segmented images and were able to detect some changes. Their study showed that joint 
segmentation of a sequence of images improved the definition of structures by averaging out 
the effects of speckle.  
 
2.8 Summery 
 
So far, numerous studies have been conducted using SAR imagery for land-cover 
classification in many fields. Some of the examples are forestry, agriculture and sea-ice 
monitoring and have achieved satisfactory results. In addition, in the past decades, our 
understandings of different radar factors, e.g. radar system parameters, ground target 
parameters and environmental variables and their effects on radar backscatter have 
significantly improved. However, very little research has been carried out on the 
implementation of SAR images in mapping of urban landuse/land-cover patterns. While 
searching for research articles on urban landuse/land-cover classification using SAR images 
in all the major remote sensing journals, including International Journal of Remote Sensing, 
IEEE Transactions on Geoscience and Remote Sensing, Photogrammetric Engineering and 
Remote Sensing, Remote Sensing of Environment, surprisingly turned out very few results. In 
brief, some of the works by far have only established the qualitative relationship between 
radar reflectance and urban environment. Others applied some image processing techniques 
and alternate classification methods mostly on non-urban applications using different land-
cover classification schemes. Although several studies have been done on SAR imagery over 
the urban areas, they all dealt with very few classes. Strozzi et al., (2000) used only four 
classes in the classification scheme, namely urban areas, water, forest and sparse vegetation in 
the landuse mapping project in three test sites in Europe with ERS SAR interferometry. While 
studying the ERS SAR interferometric images of South Wales, United Kingdom, Grey and 
Luckman (2003) aimed at mapping urban extent rather than urban landuse and land-cover 
patterns and used only two classes- urban and non-urban areas. By far very few studies were 
conducted on evaluating application of different image processing techniques, classification 
algorithms to the same SAR dataset in urban landuse/land-cover mapping (Wu, 2004). It is 
well known that landuse patterns change over time in response to economic, social and 
environmental forces and the practical significance of such changes is obvious for planners 
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and administrators as they reveal the areas that require the greatest attention if communities 
are to develop in a harmonious and orderly manner (Anderson, 1977; Jensen and Toll, 1982; 
Campbell, 2002). 
 
Without the aerial images acquired by remote sensing, there can be no really practical method 
of observing the pattern of landuse/land-cover or of monitoring changes. Systems such as 
MSS, TM, SPOT and AVHRR have provided a capability for observing land cover at broad 
scales but SAR data especially with its ‘all-weather’ capability over optical data gives an 
excellent option to study the landuse/land-cover on a temporal basis. With very few studies 
conducted so far, SAR also has the urgent need to be studied in order to develop appropriate 
ways of extracting information timely and accurately to satisfy this ever-increasing need. 
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CHAPTER 3 
 
STUDY AREA AND DATA DESCRIPTION 
 
In this chapter, a brief overview of the study area and a detailed description of the data used in 
the study are provided. They include ENVISAT ASAR imagery, Landsat Enhanced Thematic 
Mapper Plus (ETM+) imagery, National Topographical Database (NTDB) vectors, Digital 
Elevation Model (DEM), hardcopy maps and field data. 
 
3.1 Overview of the Study Area 
 
3.1.1 Geographic and Administrative Location 
 
The study area is located in the mid-south-west part of the GTA. The geographical extent of 
the study area is between 44°1′11.0727″ and 43°41′55.7328″ North and between 
79°37′49.1220″ and 79°12′12.3997″ West, or in UTM 17 T E012 is between 4874977.5m and 
4839990.0m northing and between 609777.5m and 644765 easting which covers an area of 
approximately 1225 km2 (35 km × 35 km). 
 
In terms of administrative areas, the study area consists Richmond Hill and Vaughan, the 
northwest part of Markham, the southern part of King, Aurora and the eastern part of 
Brampton (Not sure, please check) (Figure 3.1). The major highways are Highway-427 in the 
west, Highway-400 also in the west in the direction of north-south, Highway-401 and –407 in 
the southern part running in an east-west direction, and Highway-404 in the eastern part in the 
north-south direction. 
  
In the past decade, Vaughan and Richmond Hill has gone through a rapid change of landuse 
and has become one of the most dynamic rural-urban fringes of the GTA. Its rapid expansion 
is mostly due to the continuously increasing inhabitance by the new immigrants. The trend of 
real estate development is expanding towards the Oak Ridges Moraine (ORM), an 
environmentally sensitive area in southern Ontario (Wu, 2004).  
 
3.1.2 Major Landuse/Land-cover Types 
 
The study area comprises of lakes, rivers, major highways, and smaller roads, high- and low-
built-up areas, agricultural lands, golf courses, parks, bare fields etc. The study area has a lot 
of agricultural fields; major crops are winter wheat, corn, soybean, oat, barley, rye and 
alfalfa/hay etc. The forests in the area are mainly mixed forest of coniferous and deciduous 
species. Many lakes, including Lake Wilcox, St. George Lake, Haynes Lake, Thompson Lake, 
Bond Lake and Philips Lake are located in the northwest part of the study area. Humber River 
and Don River and their tributaries form the complex river systems in the study area. The 
Humber watershed is the largest in Toronto region, which flows through a number of 
significant physiographic areas, namely the ancient rock of the Niagara Escarpment, the 
rolling hills and kettle lakes of the ORM, the high-quality agricultural lands of the South 
Slope and Peel Plain, and the ancient Lake Iroquois shoreline. Throughout its journey, the 
Humber River drops over 350 meters in elevation to enter Lake Ontario at Humber Bay. 
 



 

 

 
 
A.                                                                                                             B. 
 
 Figure 3.1: Study Area: Rural-urban fringe of GTA, ON, Canada. Green lines are administrative boundaries from NDTB vectors 

Source: A: Landsat Pan sharpened Image with NTDB municipality vectors 
             B: GTA area map, GTMA, 2006. 
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The Humber River system spans four regional municipalities or counties and ten local 
municipalities and is bounded to the west by the Etobicoke Creek, Mimico Creek and Credit 
River watersheds, and to the east by the Don River and Rouge River watersheds. Each of 
these watersheds drains into Lake Ontario. The Nottawasaga River watershed, which drains 
into Georgian Bay (Lake Huron), and the Holland River watershed, which drains into Lake 
Simcoe, bounds the Humber watershed in the north (CHRS, 2006). 
 
The land uses in the Humber watershed vary dramatically, from century farms located on the 
Peel Plain, to low density residential areas on the Oak Ridges Moraine in the Town of 
Caledon, to the dense residential and industrial development found in Brampton, Mississauga, 
Toronto and Vaughan. Today, approximately 45% of the watershed is urban or urbanizing 
(especially in the municipalities of Aurora, Brampton, Richmond Hill, and Vaughan) and 
55% of the watershed is rural. A significant amount (approximately 46%) of the land base 
remains in agricultural use for livestock and cash crops on the Oak Ridges Moraine, South 
Slope, and Peel Plain in the Towns of Caledon and Vaughan and in King Township (CHRS, 
2006). The 38-kilometer long Don runs through one of the most urbanized river watersheds in 
Canada. Its sparkle is greatly subdued and much of the life it once supported is gone. 
Although the river originates north of Toronto, in the largely undeveloped Oak Ridges 
Moraine, most of the Don's 360 square kilometre watershed lies within the city of Toronto 
and its sprawling suburbs.  
 
The 38-kilometer long Don runs through one of the most urbanized river watersheds in 
Canada. Its sparkle is greatly subdued and much of the life it once supported is gone. 
Although the river originates north of Toronto, in the largely undeveloped Oak Ridges 
Moraine, most of the Don's 360 square kilometre watershed lies within the city of Toronto 
and its sprawling suburbs. The river ends at Keating Channel, where it flows into Toronto 
Bay and Lake Ontario. Approximately 800,000 people live in the watershed making the Don 
Canada’s most urban river (Toronto, 2006). 
 
3.1.3 Geographic Setting 
 
An east-west rolling topography can be regarded as the dominant physical feature of the study 
area (Figure 3.2). The northeast and northwestern part of the study area is part of the Oak 
Ridges Moraine. ORM is an important hierologically sensitive landform located north of 
Toronto. As a glacial ridge formed of rolling hills, basins, kettle lakes and wetlands, it is 
composed of silt and debris deposited by advancing and retreating glaciers during the last Ice 
Age. The moraine extends 160 km across the GTA, from the Ganaraska Forest in Durham 
region in the east, to the Niagara Escarpment in the west. About 90 km of the moraine are in 
the GTA, with a total area of 1,250 square kilometers. About 21% of the regional 
municipalities of Durham, Peel and York fall within the moraine. The moraine varies in width 
from 3 km at its narrowest point near Lake Scugog, to approximately 24 kilometers at its 
widest point in York region (GSC, 2006). 
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                                                                                        C. 
 
Figure 3.2: The Oak Ridges Moraine in the GTA 

 

Source: 
 
A: Oak Ridges Moraine Boundary, 
Ministry of Municipal Affairs and 
Housing, 2006. 
 
B: Oak Ridges Moraine, DEM. 
Skinner and Moore, 1997 
 
C: ENVISAT ASAR Image of the 
study area with NTDB municipal 
boundary vector. 

Oak Ridges Moraine

ORM 

25 



26 

The moraine has great ecological significance. It serves as a groundwater 
recharge/discharge area for approximately 65 watercourses and it contains most 
remaining natural areas in the GTA bio-region including forests, wetlands, and flora and 
fauna species and provides opportunities for regional scale recreation, education and 
nature appreciation. However, over the last decade, ORM has been facing threats to 
integrity of the natural landform by urban and scattered residential development. Urban 
sprawl into the ORM has caused serious water quantity and quality issues including 
water withdrawal and contamination, which may affect water usage of GTA and 
fisheries, wildlife and conservation. Future urban growth within different municipalities 
of the ORM will have significant impact on water quality for millions of users in 
Southern Ontario, and on the overall environmental quality (NRC, 2003). 
 
3.2 Description of Data 
 
Different types of data from different sources were used for this study. They are as 
follows: 
 

1. ENVISAT dual polarization ASAR data 
2. Landsat ETM+ data 
3. Orthophotos (1999) 
4. NTDB vector data 
5. DEM 
6. Published paper Maps and 
7. Field data 

 
3.2.1 ENVISAT ASAR Images 
 
The Advanced Synthetic Aperture Radar (ASAR) instrument on board the ENVISAT 
satellite extends the mission of the Active Microwave Instrument (AMI) Synthetic 
Aperture Radar (SAR) instruments flown on the European Remote Sensing (ERS) 
Satellites ERS-1 and ERS-2. ASAR uses an active phased-array antenna, with incidence 
angles between 15 and 45 degrees. Applications for this sensor will include the study og 
ocean waves, sea ice extent and motion, and land surface studies such as deforestation, 
to name a few. 
 
The ASAR was built upon the experience gained with ERS-1/2 to continue and extend 
Earth observation with SAR. ASAR is a high-resolution, wide-swath imaging radar 
instrument that can be used for site-specific investigations as well as land, sea, ice, and 
ocean monitoring and surveillance. 
 
Compared to ERS AMI, which is a single-channel, fixed-geometry instrument, the 
ASAR instrument provides a number of technological improvements. Significant 
advances have been made in both system flexibility and the scientific values of its 
datasets, employing a number of new technological developments that allow extend 
performances. The main new technical features are: 
 

• Instrument enhancements that include a digital chirp generator and an improved 
linear dynamic range. 
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• Flexible swath positioning; offering the choice between several image swath 
positions at various distances from the subsatellite track, with different incidence 
angle. 

• Dual polarization; offering Horizontal (HH) and Vertical (VV) or cross 
polarization (HH & HV or VV & VH) operation. 

• Wide swath coverage; 405 km swath with 150m or 1 km resolution. 
• Enhanced Wave Mode with imagettes acquired at 100 km intervals along-track. 
• Extended operating time at high-resolution (30m of operation; 10 minutes in 

eclipse). 
• Global SAR coverage; possible using the solid-state recorder or data relay 

satellite. 
 
ASAR will provide continuity of the ERS SAR image and Wave modes but with the 
opportunity for better temporal frequency of coverage. The nominal spatial resolution 
(30m) and swath coverage of ASAR Image Mode (100 km) are the same as the ERS 
Image Mode, and ASAR will also be in a 35-day repeat orbit. However, using beam 
steering, it will be possible to obtain images of the same area on the ground from 
different orbits with different incidence angles. This gives a revisit frequency varying 
from daily coverage near the poles to weekly coverage at the equator. In contrast to 
ERS’s SARs, which had a fixed swath position, ASAR Image Mode will provide data 
acquisition in seven different swath positions (i.e., IS1 to IS7), giving incidence angles 
ranging from 15º to 45º (ESA, 2004). 
 
Eleven ASAR images, covering large areas throughout the growing season, were 
captured in eleven dates in 2004 from June to October and were used in this study. 
Descriptions of these images are given in Table 3.1. 
 
Table 3.1: ENVISAT ASAR Image Acquisitions for GTA 
 

 
Image Acquisition Date 

 

 
Beam Mode 

Swath Width 
(km) 

Incidence Angle 
Range (Degree) 

2004-06-28 IS2 105 19.2 - 26.7 
2004-07-08 IS6 70 39.1 – 42.8 
2004-07-24 IS7 56 42.5 – 45.2 
2004-08-02 IS2 105 19.2 - 26.7 
2004-08-12 IS6 70 39.1 – 42.8 
2004-08-31 IS5 64 35.8 - 39.4 
2004-09-06 IS2 105 19.2 - 26.7 
2004-09-16 IS6 70 39.1 – 42.8 
2004-10-02 IS7 56 42.5 – 45.2 
2004-10-11 IS2 105 19.2 - 26.7 
2004-10-21 IS6 70 39.1 – 42.8 
 
Dr. Yifang Ban requested ENVISAT ASAR images in alternating polarization modes, 
HH and HV polarizations for Toronto during summer, 2004. These images were 
planned for acquisition by ESA without conflicts with other users initially. Image 
acquisitions for Toronto went well as planned except one cancellation on August 28 due 
to conflicts with a commercial user. An alternative image on August 31 was acquired. 
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The qualities of these images were good except the images acquired on October 2, 
2004.  
 
3.2.2 Landsat ETM+ Data 
 
Landsat 7, launched on April 15, 1999 by NASA, is the latest in a series that began with 
Landsat 1 in July 1972. For 27 years from 1972 to 1999, Landsat program has been 
continuously improving the spectral, spatial and radiometric characteristics and 
launched a series of satellites to its orbit till now (EROS, 2006; Jensen, 2004). It 
provides information on the Earth’s surface in the visible, near, middle and thermal 
infrared regions of the electromagnetic spectrum. Landsat 7 ETM+ data acquired in 
August 10, 2002 was used in this study mainly to improve the visual quality of NTDB 
vectors for image registration and to help selecting ground reference data for 
classification calibration and validation. 
 
3.2.3 National Topographic DataBase (NTDB) Vector Data 
 
NTDB vectors of 1:50,000 were used for georeferencing ASAR images and verifying 
collected ground truth data. These vectors include roads, railways, runways, rivers and 
streams, water bodies, forest, built-up areas, bridges and administrative boundaries etc. 
 
3.2.4 DEM 
 
A DEM of 30m resolution was used in the study to orthorectify the ASAR images. The 
DEM was produced by DMTI Spatial Inc. based on the latest 1:50,000 NTDB vectors 
(Standards and Specifications V3.0 and later) with a cell resolution of 30 meters. 
Projection is UTM, datum is NAD83, and data format was ASCII grid text file (DMTI, 
2004) and was later imported to PCIDSK format. 
 
3.2.5 Reference Data 
 
Orthophotos from 1999 were used as a reference to identify landuse/land cover in the 
field. During June and October 2004, qualitative field assessments were conducted in 
order to gain a better understanding of the landuse/land-cover types in the study area. 
Photographs were taken during the fieldwork on the dates of ASAR image acquisition 
to assist image interpretation and analysis. A total of five 1:50,000 topographic Ontario 
base maps (OBM) of 1996 (published in 1999) were used in the study. The Centre for 
Topographic Information, Natural Resources Canada produced these maps. They were 
used for the verification of satellite images and DEM. 
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Table 3.2: Images, Vector Data and Maps Used in this Study 
 
Data/Images Usage in the Study 
 
ENVISAT multi polarization, multi 
temporal ASAR data 

 
To investigate the capability of extracting 
landuse/land-cover information from 
ASAR data, and to evaluate and compare 
the effectiveness of different image 
processing techniques and classifiers 
 

 
Landsat ETM+ images 

To improve the visual quality of NTDB 
vectors for image registration and to help 
better identify the field classes  
 

NTDB vector data 
 

To georeference and verify ASAR images 

Orthophotos  For verifying and interpreting images and 
secondary data 
 

Maps For verification of the satellite images and 
DEM 
 

DEM 
 

To orthorectify ASAR data 

Field data For verifying and interpretation 
 

 
 
3.3 Summary 
 
The study area, images, maps and databases used in this study were discussed to 
establish background information. Table 3.2 gives a general idea how theses images and 
databases are used throughout the study. 
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CHAPTER 4 
 
METHODOLOGY FOR LAND COVER MAPPING AND CHANGE DETECTION 
WITH ENVISAT ASAR 
 
4.1 Landuse and Land-cover Classification Scheme 
 
“Landuse/Land-cover Classification System for Use with Remote Sensor Data” 
proposed and developed by U.S. Geological Survey (USGS) (Table 4.1) and later 
modified for use with remote sensing data for the U.S.’ National Land-Cover Data 
(NLCD) and NOAA coastal change analysis program (Table 4.2), makes the base of the 
classification system of this study. 
 
Most of the NLCD classes are spectral classes, while many of the USGS classes are 
informational classes. The USGS scheme, especially at level II classes in urban and 
built-up areas, are best derived using high-resolution satellite images or aerial 
photographs because each of the classes is an informational class that consists of several 
spectral classes. It is not appropriate to attempt to derive some of these informational 
classes using Landsat TM or other satellite data owing to issues of spatial resolution and 
interpretability of the data. Thus, no attempt was made to derive informational classes 
that were extremely difficult or impractical to obtain using Landsat TM or other satellite 
data, such as level II urban classes, In NLCD system.  
 
In addition, some USGS level II classes were consolidated into a single NLCD class. 
For examples: 1) urban or built-up classes: Commercial, Industrial, Transportation, 
Communication and Utilities (all separate USGS Level II classes) were treated as one 
NLCD class (Commercial/Industrial/Transportation); 2) recreational land, such as golf 
courses or parks (treated as an urban class by USGS) are considered to be a non-urban 
class in NLCD (a subdivision of Herbaceous Planted/Cultivated); 3) residential (an 
USGS Level II class) was devidev into Low and High Intensity classes in NLCD; 4) 
water: USGS Level II Water classes (Streams/Canals, Lakes/Ponds, Reservoirs, Bays, 
Open Marine) were classed as a single class (Open Water) in NLCD; 5) agriculture: 
agricultural areas that are herbaceous in nature (Cropland and Pasture; USGS Level II) 
are subdivided into four NLCD classes: Pasture/Hay, Row Crops, Small Grains and 
Fallow (USGS, 2004; Jensen, 2004).  
 
Based on the USGS and NLCD classification systems and the review of existing 
literature on urban land-cover classification, this study adopted a classification scheme 
of eleven classes that included water, roads, low-density built-up areas, high-density 
built-up area, golf course, forest, recreational area and four types of agricultural areas: 
corn, soy, winter wheat and alfalfa/hay. Agriculture areas were divided into these 
classes because of crops’ phonologies and field data availability. Winter wheat has a 
development stage that is much earlier than other crops. Corn and soy, on the other 
hand, has a vegetation growth and seed-development stages from mid July to late 
August. These classes were chosen to characterize the complex landuse/land-cover 
types in the rural-urban fringe of the GTA (Ban, 2005; Wu, 2004). 
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Table 4.1: USGS Landuse/Land-cover Classification Scheme (Jensen, 2004) 
 

Classification Level 
1 Urban or Built-up Land  

11 Residential 
12 Commercial and Services 
13 Industrial 
14 Transportation, Communication and Utilities 
15 Industrial and Commercial Complexes 
16 Mixed Urban or Built-up 

2 Agricultural Land  
21 Cropland and Pasture 
22 Orchards, Groves, Vineyards, Nurseries, and 
Ornamental Horticultural Areas 

3 Rangeland  
31 Herbaceous Rangeland 
32 Shrub-Brushland Rangeland 
33 Mixed Rangeland 

4 Forest Land  
41 Deciduous Forest Land 
42 Evergreen Forest Land 
43 Mixed Forest Land 

5 Water  
51 Streams and Canals 
52 Lakes 
53 Reservoirs 
54 Bays and estuaries 

6 Wetland  
61 Forested Wetland 
62 Non-Forested Wetland 

7 Barren Land  
71 Dry Salt Flats 
72 Beaches 
73 Sandy Areas Other than Beaches 
74 bare Exposed Rock 
75 Strip Mines, Quarries, and Gravel Pits 
76 Transitional Ares 
77 Mixed barren land 

8 Tundra  
81 Shrub and Brush Tundra 
82 Herbaceous Tundra 
83 Bare Ground Tundra 
84 Wet Tundra 
85 Mixed Tundra 

9 Perennial Snow or Ice  
91 Perennial Snowfields 
92 Glaciers 
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Table 4.2: USGS Landuse/Land-cover Classification System for Use with Remote 
Sensing Data Modified for the National land Cover Data (NLCD) and NOAA Coastal 
Change Analysis Program (NOAA, 2004; Jensen, 2004) 
 
Original Scheme Modified Scheme 
Classification Level Classification Level 
 
1 Water 
   11 Open Water 
   12 Perennial Ice/Snow 

 
1 Water 
   11 Open Water 

 
2 Developed 
   21 Low-Intensity Residential 
   22 High-Intensity Residential 
   23 Commercial/Industrial/Transportation 

 
2 Developed 
   21 Low-density built-up area 
   22 High-density built-up area 
   23 Road 

 
3 Barren 
   31 Bare Rock/Sand/Clay 
   32 Quarries/Strip Mines/Gravel Pits 
   33 Transitional 

 

 
4 Forested Upland 
   41 Deciduous Forest 
   42 Evergreen Forest 
   43 Mixed Forest  

 
4 Forested Upland 
 
 
   41 Mixed Forest 

 
5 Shrubland 
   51 Shrubland 

 

 
6 Non-Natural Woody 
   61 Orchards/Vineyards 

 

 
7 Herbaceous Upland Natural/Semi-natural 
Vegetation 
   71Grasslands/Herbaceous 

 

 
8 Herbaceous Planted/Cultivated 
   81 Pasture/Hay 
   82 Row Crops 
   83 Small Grains 
   84 Fallow 
   85 Urban/Recreation 
   86 Grasses 

 
8 Herbaceous Planted/Cultivated 
   81 Winter Wheat/Rye 
   82 Pasture 
   83 Soybeans/Corn 
   84 Golf courses 
   85 Park 

 
9 Wetland 
   91 Woody Wetlands 
   92 Emergent Herbaceous Wetlands 
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4.2 Methodology 
 
The methodology for this study includes image pre-processing (geometric correction), 
generation of ASAR temporal backscatter profiles, image processing (speckle filtering, 
texture analysis), landuse/land-cover classification using different classifiers (KNN, 
ANN) and accuracy assessment. Figure 4.1 summarizes the overall methodology 
followed throughout the study. 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.1 Overview of Methodology 
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4.2.1 Image Pre-processing  
 
4.2.1.1 Geometric Correction 
 
Remotely sensed imagery typically exhibits internal and external geometric error. It is 
important to recognize the source of the internal and external error and whether it is 
systematic (predictable) or non-systematic (random). Systematic geometric error is 
generally easier to identify and correct than random geometric error. Internal geometric 
errors are generally introduced by remote sensing system itself or in combination with 
Earth rotation or curvature characteristics. These distortions in imagery can sometimes 
be corrected through analysis of sensor characteristics and ephemeris data, for example: 
skew caused by Earth rotation effects, scanning system-induced variation in nominal 
ground resolution cell size, scanning system one-dimensional relief displacement, and 
scanning system tangential scale distortion etc. External geometric errors are usually 
introduced by phenomena that vary in nature through space and time. The most 
important external variables that can cause geometric error in remote sensor data are 
random movements by the aircraft (or spacecraft) at the exact time of data collection 
(for example: altitude changes and/or attitude changes such as roll, pitch, and yaw) 
(Jensen, 2004). 
 
Random distortions and residual unknown systematic distortions are corrected by 
analyzing well-distributed ground control points (GCPs). GCPs are features of known 
ground location that can be accurately located on the digital imagery. Some features that 
might make good ground control points are highway intersections and distinct shoreline 
features (Lillesand, 2004). The non-systematic errors can be corrected with a number of 
methods: 
 
4.2.1.2 Polynomial Transformation 
 
The polynomial approach uses a first-to-fifth order polynomial transformation to 
transform path images to a certain coordinate system using two-dimensional (2_D) 
GCPs. This math model creates a new geocoded image space where interpolated pixel 
values will later be placed during resampling (Figure 4.2). The procedure requires that 
polynomial equations be fitted to the GCPs using least squares criteria to model the 
correction in the image domain without identifying the source of the distortion. One of 
several polynomial orders may be chosen based on the desired accuracy and the 
available number of GCPs. The polynomial transformation is a 1st to 5th order 
polynomial, which mathematically describes how the uncorrected image has to be 
warped to make it register or fit over the georeferenced image. Table 4.3 lists the 
minimum required number of GCPs that should be collected (PCI, 2003). In practice, 
more than the required number of GCPs should be collected, so that any GCPs 
containing significant positional errors on either the geo-referenced map or the 
uncorrected image will have their errors reduced by averaging. 
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Table 4.3: Minimum Numbers for Each Order Polynomial 
 

Required GCPs Polynomial Order 
4 First 
7 Second 
11 Third 
16 Forth 
22 Fifth 

 (Source: PCI, 2003) 
 
 

 
Figure 4.2: The Process of Geometric Correction (PCI, 2003) 
 
The following equations (Table 4.4) show the polynomials used for orders one, two, and 
three. Orders four and five are extrapolations from these with four and five order terms 
added. The x′ and y′ are the coordinates in the uncorrected image generated from the 
geo-referenced matrix system (x, y) coordinates and the coefficients are for equations 
relating pixel/line coordinates on the master image and pixel/line coordinates on the raw 
image. In cases where there is no master image (tiedown to vectors, map, etc) the 
equation will relate geo-referenced coordinates to raw image coordinates. 
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Table 4.4: Polynomial Equations for Geometric Correction 
 
Order Equation 

x′ = a0 + a1 x + a2y  First 
y′ = d0 + d1 x + d2y 
x′ = b0 + b1 x + b2y + b3xy + b4x2 + b5y2 Second 
y′ = g0 + g1 x + g2y + g3xy + g4x2 + g5y2 
x′ = c0 + c1 x + c2y + c3xy + c4x2 + c5y2 + c6x2y + c7xy2 + c8x3 + c9y3 Third 
y′ = h0 + h1 x + h2y + h3xy + h4x2 + h5y2 + h6x2y + h7xy2 + h8x3 + h9y3 

(Source: PCI, 2003) 
 
A full first-order polynomial transformation can model a rotation, a scale and a 
translation. Giving a fifth-order polynomial, a more complex warping can be achieved. 
However, a higher order polynomial will result in a more accurate fit in the immediate 
vicinity of the GCPs, but it may introduce new errors in the image parts that are away 
from the GCPs. The errors introduced into imagery by higher order polynomial may be 
worse than the original errors of the imagery (Jensen, 1996 and 2004). After the 
coordinate transformation, it is necessary to resample the image to the new coordinate 
system. 
 
4.2.1.3 Ortho-rectification Using Satellite Information and DEM 
 
Polynomial math model is not always effective in producing a best-fit image, especially 
in areas where the landscape ranges from flat to hilly areas. A common way to 
overcome this problem is to apply satellite ortho-rectification using the orbital 
parameters and the DEM. Figure 4.3 shows the process of distortion correction using 
satellite orbital model and DEM. 
 
The Satellite Orbital Math Model that is used in the study is a rigorous model developed 
by Dr. Toutin at the Canada Center for Remote Sensing to compensate for distortions; 
such as sensor geometry, satellite orbit and attitude variations, and earth shape, rotation, 
and relief. This model can be applied to ASTER, AVHRR, EROS, IKONOS, 
LANDSAT, MERIS (beta support), SPOT, IRS, QuickBird, and radar images; such as 
ASAR, RADARSAT, ERS-1 and JERS1. The computed math model calculates the 
position and orientation of the sensor at the time when the image was taken (PCI, 2003). 
The quality of the rectified image is a direct result of the efficiency of the math model 
used and the quality and accuracy of the DEM. 
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Figure 4.3: Using Sensor Geometry and a DEM to Orthorectify Imagery (Adapted from 
PCI, 2003) 
 
4.2.2 Generation of ASAR Temporal Backscatter Profiles 
 
4.2.2.1 Calculation of Radar Backscatter Coefficient 
 
After orthorectification, a pixel value (also known as Digital Number (DN)) 
corresponds to the amplitude of ASAR backscattering. In order to be able to compare 
images from different dates, amplitude must be converted into the backscattering 
coefficient, which is usually given in decibels (dB).    
 
In the study, a field-based approach was adopted to generate the backscatter profiles. 
Thus the later presented backscattering coefficients correspond to an average sigma 
nought for different land cover classes, which is the Region of Interest (ROI) in this 
case.  Average DN was calculated for each ROI and DN, at this point is the average 
amplitude of the backscattering. Then, as ROI is relatively small, the following formula 
was used to calculate the backscattering coefficient: 
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Where, 
σ° is the backscattering coefficient  
Pixel value is the digital number of a pixel  
i is the incidence angle in the middle of a parcel 
K is the absolute calibration constant 
 
Actually the value of σ° from the formula is a linear value, which is later converted to a 
common logarithmic scale using the formula: 
 

σ° (dB) = 10 × log10 (σ°_ linear) 
 
In order to ensure statistical validity for the estimation of the mean σ°, at least 500 
pixels were included for each field calculated in this study. Instead of calculating σ° for 
each pixel in a field and then taking their average σ° as the mean σ° for each field, a 
different calculation approach was adopted to eliminate the effect of speckle. This 
approach is similar to that followed by Ban and Howarth (1998) Karjalainen et al., 
(2004) and Qiaojun (2004). It has two major steps: first, the mean DN2 values of each 
ROI were calculated by averaging DN2 values of all pixels in that ROI; then these mean 
DN2 values were used to derive σ° for each ROI using the formulas above. In this way, 
the formulas were used only once for each ROI instead of using for each pixel. 
Calculation of DN2 and generation of σ° was done by codes written in MATLAB, 
which are included in Appendix B. 
 
4.2.2.2 Generation of ASAR Temporal Backscatter Profiles  
 
ASAR temporal backscatter profiles were generated for seven of the eleven classes of 
the classification scheme. First, the backscatter profile for each individual field was 
generated, then the temporal backscatter profile for each class was generated by 
averaging σ° for all fields for that class type on each date. The generations of 
backscatter profiles are summarized in a flowchart in Figure 4.4. 
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Figure 4.4: Flow chart of Backscatter coefficient generation process 
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4.2.3 Image Processing and Analysis 
 
4.2.3.1 Speckle Filtering 
 
Radar images contain some degree of speckle. Microwave signals returning from a 
given location on the earth’s surface can be in phase or out of phase by varying degrees 
when received by the sensor. This produces a seemingly random pattern of brighter and 
darker pixels in radar images, giving them a distinctly grainy appearance (or speckle) 
(Lillesand, 2004).  There are mainly two common ways of dealing with speckle, either 
by averaging of several samples of the same scene (multi-look processing, low pass 
filtering) or by adaptive filtering, taking into account the local statistics and texture 
properties of one image. The advantage of the later is that it preserves the local 
information better and therefore, degrades less the geometrical resolution of the initial 
image (Desnos et al. 1993, Lopes et al. 1993, Wu, 2004). Lee, Enhanced Lee, Kaun, 
Frost, Enhanced Frost and Gamma filters are some of the commonly used filters to 
reduce speckle in the radar data (Shi and Fung, 1994). 
 
In this study Enhanced Frost (EF) filters was used. The EF filter strikes a balance 
between averaging and the all-pass filter. In this case, the balance is achieved by 
forming an exponentially shaped filter kernel that can vary from a basic average filter to 
an identity filter on a point-wise, adaptive basis. Again, the response of the filter varies 
locally with the coefficient of variation. In case of low coefficient of variation, the filter 
is more average-like, and in cases of high coefficient of variation, the filter attempts to 
preserve sharp features by not averaging (Yu and Acton, 2002). Different filter sizes 
greatly affect the quality of processed images. If the filter is too small, the noise-
filtering algorithm is not effective and if too large than subtle details of the image can 
be lost in the filtering process. After preliminary considerations, a filter size of 11 × 11 
was decided upon to be used in the filtering process (PCI, 2003). 
 
4.2.3.2 Texture Analysis 
 
Texture is produced by an aggregation of unit features that may be too small to be 
discerned individually on the image (Lillesand, 2004). Most researchers trying to 
incorporate texture into the classification process have attempted to create a new texture 
image that can be used as another feature or band in the classification process. There are 
several standard approaches to automatic texture classification, including texture feature 
based on first- and second-order gray-level statistics and on the Fourier power spectrum 
and measures based on fractals (Jensen, 2004). This study is based on the Gary Level 
Co-occurance Matrix (GLCM). The GLCM is a common technique in statistical image 
analysis that is used to estimate image properties related to second-order statistics. 
GLCM considers the relation between two neighboring pixels in one offset, as the 
second order texture (Lee et al., 2004). The first pixel is called reference and the second 
one the neighbor pixel, which we chose to be the one to the east (right) of each 
reference pixel. GLCM measures the occurrence of one gray tone in a specified spatial 
linear relationship with another gray tone within the same area. It can reveal certain 
properties about the spatial distribution of the gray level in the texture image. GLCM is 
a two dimensional matrix of joint probabilities Pi,j , which measures the probability that 
gray level j follows the gray level i at pixel (Alshameri and Wegman, 2006). 
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In this study, GLCM mean and standard deviation texture measures were applied to the 
data for further classification comparisons. The mean apply averaging of gray level in 
the local window and standard deviation calculates the gray level standard deviation in 
the local window using the following formulas (Jensen, 2004): 
 
For Mean, 

                         
 
 
The left hand equation calculates the mean based on the reference pixel, µi. It is also 
possible to calculate the mean using the neighbour pixels, µj, as in the right hand 
equation. For the symmetrical GLCM, where each pixel in the window is counted once 
as a reference and once as a neighbour, the two values are identical. 
 
For standard deviation,        
Variance equation, 

          
Standard deviation equation, σi = σi2      σj = σi2 
 
GLCM variance in texture measures performs the same task as does the common 
descriptive statistic called variance. It relies on the mean, and the dispersion around the 
mean, of cell values within the GLCM. However, GLCM variance uses the GLCM, 
therefore it deals specifically with the dispersion around the mean of combinations of 
reference and neighbour pixels, so it is not the same as the simple variance of grey 
levels in the original image. Variance calculated using i or j gives the same result, since 
the GLCM is symmetrical. There is no particular advantage to using standard deviation 
over variance, other than a different range of values (Hall-Beyer, 2006). 
 
There are two important parameters in calculating texture. The first one is the texture 
direction, texture measures can be computed at either one of these four directions (0, 45, 
90, 135 degrees); if directional invariance of the texture measures is required, the 
GLCM’s with the specific spatial relationship at 4 directions are averaged for texture 
calculation (Conners and Harlow, 1980, Wu, 2004). In this study, directional invariance 
was used for all texture measures generation. The other parameter is the spatial 
relationship that defines the distance between a pair of pixels. In this study a distance of 
11 pixels in both reference and neighboring directions was used for all texture measures 
for comparison with each other and with filtered images. 
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4.2.3.3 Principal Component Analysis (PCA) 
 
Principal component analysis (often called PCA, or Karhunen-Loeve analysis) has 
proven to be of value in the analysis of remotely sensed data (Zhao and maclean, 2000; 
Mitternicht and Zinck, 2003; Jensen, 2004). PCA is used to reduce the dimesionality of 
a data set, i.e., to compress the information contained in an original n-channel data set 
into fewer than n ‘new’ channels or components. A principal component of the data set 
will determine the direction of the perpendicular axes (called eigenvectors) and their 
length (called eigenvalues), which are defined by the dimensions of the data set. There 
will be the same number of axes as variables/dimensions, but the information contained 
will decrease dramatically. It is derived from the original data such that the first 
component accounts for the maximum proportion of the variance of the original data 
and subsequent orthogonal components accounts for the maximum proportion of the 
remaining variances (Zhao and Maclean, 2000; Jensen, 2004). This is especially useful 
when processing hyper-spectral data as they normally have more than 50 bands.  
 
In this study, PCA was applied when more than 16 channels were used in classifications 
to reduce the data dimensionality and to see if better classification results can be 
achieved using the first several PCAs, which typically contained data of more than 16 
channels.  
 
4.2.4 Image Classification 
 
Classification techniques are widely used for landuse/land-cover mapping and can be 
used as base information for many different applications. The actual multispectral 
classification may be performed using a variety of methods: 

• Algorithms based on parametric and nonparametric statistics that use ratio and 
interval-scaled data and nonmetric methods that can also incorporate nominal 
scale data (Duda et al., 2001), 

• The use of supervised or unsupervised classification logic, 
• The use of hard or soft (fuzzy) set classification logic to create had or fuzzy 

thematic output products, 
• The use of per-pixel or object-oriented logic, and 
• Hybrid approaches. 

 
Parametric methods such as maximum likelihood classification and unsupervised 
clustering assume normally distributed remote sensor data and knowledge about the 
forms of the underlying class density functions (Duda et al., 2001). Nonparametric 
methods such as nearest-neighbor classifiers, fuzzy classifiers, and neural networks may 
be applied to remote sensor data that are not normally distributed and without the 
assumption that the forms of the underlying densities are known (e.g., Friedl et al., 
2002; Liu et al., 2002; Qiu and Jensen, 2004). Nonmetric methods such as rule-based 
decision tree classifiers can operate on both real-valued data (e.g., reflectance values 0 
to 100%) and nominal scaled data (e.g., class 1 = forest; class 2 = agriculture) (Tullis 
and Jensen, 2003; Stow et al., 2003, Jensen, 2004).  
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In this study, supervised classification was chosen to extract information classes from 
the ASAR data. 
 
4.2.4.1 Supervised Classification 
 
In supervised classification, the identity and location of some of the land-cover types 
(e.g., urban, wetland etc.) are known a priori through a combination of fieldwork, 
interpretation of aerial photography, map analysis and personal experience (Hodgson et 
al., 2003).  
 
4.2.4.1.1 Training Area Selection 
 
The objective of training data is to obtain a set of statistics that describe the spectral 
pattern for each landuse/land-cover category to be classified. These sets of statistics are 
used to determine decision rules for the classification of each pixel in an image. 
Validation data is also required to validate the overall accuracy of the classification 
results. Two important factors should be taken into account while selecting training 
areas: each training site should be representative of their respective classes, including 
the variation within the class itself and the training data should closely fit the 
distribution assumptions, on which the decision rules are based (Campbell, 2002). 
 
In the study, orthophotos, 2002 PAN-sharpened ETM+, hardcopy topographic maps and 
fieldwork undertaken during June to October 2004 were vigorously used to assist the 
training area selection process.  Around 1000 pixels were randomly selected throughout 
the image as ground reference data for each of the eleven classes. In addition, about 
equal amount of pixels were used for the validation of the classification accuracies of 
each landuse/land-cover classes. 
 
4.2.4.1.2 Classification Algorithms 
 
Classification of complex objects into large class sets yields the following challenges. 
First of all, the selected classification approach has to cope with the large number of 
classes without losing performance. Second, complex objects might be described by 
multiple representations (Kriegel et al., 2005). 
 
This research is based on two non-parametric supervised classification algorithms: K-
Nearest Neighbor (kNN) and Artificial Neural Network (ANN). kNN classifiers are 
well-suited to solve the given problem because they do not have to spend additional 
effort for distinguishing additional classes. The new training objects are simply added to 
the training database and are only considered for classification if they are among the 
nearest neighbors of the object to be classified. Additionally, kNN classifiers can be 
applied to any type of object representation as long as a distance measure is available 
(Kriegel et al., 2005). Unlike other classifiers, ANN models can examine numerous 
competing hypotheses simultaneously using massive interconnections among many 
simple processing elements. In addition, ANN performs extremely well under noise and 
distortion (Soltane et al., 2004). 
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K-Nearest Neighbor Classifier 
 
The KNN classifier is based on non-parametric density estimation techniques. A kNN 
classifier decides the class of an object by analyzing its k nearest neighbors within the 
training objects. The k nearest neighbor (kNN) classification mentioned above classifies 
a new data object ‘o’ by finding its ‘k’ nearest neighbors with respect to a suitable 
distance function. In its basic form, kNN classification predicts the class that provides 
the most training objects within the k-nearest neighbors. (Kriegel et al., 2005). 
 
The kNN classifier searches away from the pixel to be classified in all directions until it 
encounters k user-specified training pixels (e.g., k = 5). Then it assigns the pixel to the 
class with the majority of pixels encountered (Jensen, 2004). 
 
Artificial Neural Network (ANN) classifier 
 
 Recently, ANN classifiers have been applied to remotely sensed data, especially SAR 
data, to overcome the limits of classical classifiers such as MLC. It is one of the most 
robust classifier among the existing statistical approaches (PCI, 2003). In ANN a 
network of interconnected nodes or artificial neurons is constructed that map an input 
pattern to an output pattern. In terms of classification of remotely sensed imagery, the 
number of input nodes in the input layer equals the number of variables used for 
classification (i.e. the number of spectral bands), the number of output nodes in output 
layer equals the number of classes the image is to be classified in, and one or more 
hidden layers, each containing a variable number of neurons that allow mapping a 
spectral pattern to a land cover class. Each neuron in a hidden layer is connected to a 
number of inputs through weighted links, and processes the weighted inputs (or 
transformations thereof) using a typically non-linear transfer function to produce an 
output value which is subsequently passed on to an output node or which is used as the 
input to neurons in a next hidden layer. Neural networks are trained to map the input 
pattern to an output pattern by adjusting the connection weights in the network through 
a number of iterations. Data samples for which both the input pattern and expected 
output are known are used to train the network. Usually, the training data is divided into 
a subset for actual training (calculating the weights) and a set of test data, which is used 
to test the predictive power of the network. The network weights are adapted until a test 
statistic such as classification error rate falls below a pre-defined threshold for the test 
data, or when a maximum number of iterations have been reached (Genst et al., 2005). 
 
The learning and momentum rates for building the ANN affect how quickly the ANN 
stabilizes. A high learning rate (e.g., 0.9 in PCI) would converge quickly, but may exit 
prematurely. A low learning rate (e.g., defaulted 0.1 in PCI), on the other hand, would 
take more iteration to train, but should not exit prematurely. The danger in high learning 
rate is that the modelings may oscilate and not stabilize. The momentum rate can be 
used to speed up learning. A high momentum rate (defaulted 0.9) trains with larger 
steps than a lower rate (0.1). Use of a momentum term helps reduce oscillation between 
iterations, and allows a higher learning rate to be specified without the risk of non-
convergence (PCI, 2003). 
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One of the objectives of this study is to test the classification accuracy of different 
number of bands derived from different image processing techniques and in this study, 
it is rather impossible to decide a same or specific maximum normalized total error 
(MAXTERR) or maximum individual error (MAXIERR). Instead, different training 
parameters was experimented, such as learning rate, momentum etc. it can be assumed 
that an ANN result is best that can be attained, using a certain number of band 
combination if the report shows a stable error value after a thorough training. In the 
study, a learning rate of 0.01 and 2000 iterations were maintained for training the data.  
 
4.2.5 Accuracy Assessments 
 
Accuracy of image classification is crucial for any successful mapping project. There 
are two main methods that may be used to validate the accuracy (or assess the error) of 
a remote sensing-derived thematic map: 
 

• Qualitative confidence-building assessment, and 
• Statistical measurements. 
 

A confidence-building assessment involves the visual examination of the map 
associated with the overall area frame by knowledgeable individuals to identify any 
gross errors. 
 
Statistical measurements have two sub categories: 
 

• Model-based inference, and 
• Design-based inference. 
 

Model-based inference is concerned with estimating the error of remote sensing 
classification process (or model) that generated the map rather than estimating the 
accuracy. The design-based inference is based on statistical principles that infer the 
statistical characteristics of a finite population based on the sampling frame. Some 
common statistical measurements include producer’s error, consumer’s error, overall 
accuracy, and kappa coefficient of agreement (Jensen, 2004). 
 
In this study, the model-based inference method was adopted for the accuracy 
assessment of the classified data. It is a very powerful tool as it provides unbiased map 
accuracy statistics using consistent estimators.  
 
4.2.6 Change Detection 
 
In this study, a 15m TM image from 1988 was used as the reference image. There was 
no ground truth data available from 1988. The study area comprises of different 
vegetated areas such as agriculture, forest, parks etc as well as man made structures 
(buildings and roads). ASAR images were from eleven different dates and comprised of 
twenty two images in two polarizations (HH & HV) in total. Therefore the best 
classified ASAR image was selected for the change detection. As a result, the post 
classification change detection method was the obvious choice of method. The TM 
image was classified using supervised classification method. As no field data were 
available from 1998, all agricultural classes from 2004 were aggregated into one single  
 



46 

   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.5: Post classification change detection methodology 
 
 
agriculture class. The best result from ASAR classification was selected as the other 
image. The detailed agriculture classes were aggregated into one agriculture class in 
order to have similar classes to that of the TM image. The two classified images were 
then differenced in order to obtain a change map. The classified TM classes were 
assigned different pixel values in order to have positive different numbers for all the 
changed pixels. It is anticipated that the classified ASAR images may have some 
commission and omission errors, which in turn will contribute to the presence of noise 
in the change map. A MATLAB script will be run through the change map to extract the 
significant changed areas such as: new roads, newly built low and high built up areas, 
new golf courses etc. The methodology of the change detection scheme is included in 
the Appendix C. 
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CHAPTER 5 
 
RESULTS AND DISCUSSION 
 
This chapter presents the results acquired in the study. In the discussion section, a 
thorough discussion was made about the results of the study. This chapter includes only 
the end results of the analysis. Intermediate results are appended in the Appendix. 
 
5.1 Geometric Correction 
 
5.1.1 Geocoding: Polynomial Approach and Orthorectification 
 
The ASAR images were geometrically corrected using the 1:50,000 National 
Topographic Database (NTDB) vectors and the PAN sharpened ETM+ images. 
Sufficient GCPs were colleted with the help of the fused ETM+ images and then each of 
the images was orthorectified using ‘Ortho Engine’ in PCI Geomatica. 
 
Special attention was given while collecting the GCPs. Only clear crossing and distinct 
land feature corner were selected. The points were selected in such a manner that the 
Root Mean Square Errors (RMSE) were always under 10 pixels horizontally and less 
then or slightly above 1 pixels vertically. These displacements were further reduced 
(less than a pixel) using a DEM while orthorectifying. 
 
The GTA is a relatively flat area, with the elevation ranging from 64m above sea level 
(Lake Ontario) to 540m above sea level (Niagara Escarpment) and the range was 
smaller (Approximately from 64m to 350m) for the study area. The results of geocoding 
ASAR images using polynomial approach were not satisfactory as expected due to 
relief displacement. The overall RMSs in range (X) direction for all GCPs were 
between 3 to 7 pixels. The RMSs in azimuth (Y) directions were acceptable, below or 
slight over 1 pixel. The worst RMSs were from ASAR IS2 images since IS2 has the 
highest incidence angle among all images acquired in the study area, thus worst relief 
displacement as discussed earlier. In addition, the surface features such as roads were 
not as clear in ASAR IS2 images as in the images with shallower angles, thus make it 
harder to identify GCPs accurately. Table 5.1 shows the overall RMSE for the GCPs 
collected on the ASAR images in both polynomial approach and in orthorectification 
with NTDB DEM. 
 
5.2 Visualization of the processed ASAR Images 
 
 Visual examination of the raw and processed image can be an effective way to have a 
firsthand idea on whether the proposed landuse/land-cover classes in the ASAR images 
can be separated by human eyes. Figure 5.1 shows both raw and processed ASAR 
images from two different dates (July 24 and August 02). These two dates were chosen 
as they represent both steep and shallow (IS2 and IS7) incidence angles respectively. 
The processed images are obtained using Enhanced Frost (EF) filter, and from texture 
analysis using mean and standard deviation (SD). In Figure 5.1 A-B, 5.2 A-B, 5.3 A-B, 
and 5.4 A-B, the raw, EF, Mean and SD images of August 2 and October 2 are 
visualized for comparison. 
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In Figure 5.1, which includes the raw images, have lots of speckle. However, most of 
the linear features are visible. There can be a bit of confusion between the water class 
and the roads because of the similar pixel brightness values (BVs) but human eyes can 
easily separate them as the roads have a linear pattern. The golf courses, parks and 
alfalfa/hay looked dark in both the images. The major reason is that, golf courses are 
typically composed of lawns and lined trees and the different BVs of these lawns and 
trees make the golf course display some kind of striped pattern. The parks, on the other 
hand, consist mostly of lawns and shows uniform BVs. The high-density areas appear 
bright in both the images but it is clearer on the shallow incidence angle image (July 24, 
IS7). The low-density areas and forests showed somewhat similar patterns but they 
could be visually separated because of their different patterns. Again, the low-density 
area was clearer in the shallow incidence angle image. As for agricultural lands, 
soybeans/corns could be separated from alfalfa/hay on the August 2 image and winter 
wheat was better visually separable in the July 24 image. These are due to the fact that 
radar signal is much more sensitive to surface roughness at higher incidence angles. 
Therefore surfaces with moderate roughness and corner reflection are better registered 
in the shallow incidence angle. 
 
Filtering can reduce the effects of speckle significantly. In this study, EF filter was 
applied and from Figure 5.2, we can see that EF filter has improved the contrast and 
brightness of both the images. A smoothing can be seen for the agriculture areas on the 
August 2 image. In general, the agricultural areas became clearer because of the 
reduction of speckle and also due to the fact that the color composite of multi-temporal 
ASAR images make different agricultural fields look very different because of different 
crop phonologies. 
 
Texture images had a different appearance because of different texture measures. 
‘Mean’ and ‘SD’ texture measures were applied to the images. The ‘Mean’ images 
(Figure 5.3) have the best visual quality. Water, major highways and high-density areas 
were most easy to be separated visually. The agricultural areas stand out with their 
different color composites. Images of ‘SD’ (Figure 5.4) were not as good as the ‘Mean’ 
or the filtered images. The most distinct feature of the ‘SD’ images is that, it clearly 
delineates the boundary between built-up areas and the vegetated areas. Therefore, the 
‘SD’ images can provide excellent complementary information if used together with the 
‘Mean’ images in the classification. 
 



 

 
Table 5.1: RMSE of the ASAR images in polynomial approach and in orthorectification 
 

ASAR 
Images 
(2004) 

 

 
Jun-28 

 
Jul-08 

 
Jul-24 

 
Aug-02 

 
Aug-12 

 
Aug-31 

 
Sept-06 

 
Sept-16 

 
Oct-02 

 
Oct-11 

 
Oct-21 

No. of 
GCPs 

 

 
42 

 
41 

 
47 

 
49 

 
34 

 
20 

 
27 

 
47 

 
40 

 
40 

 
39 

RMS* 
 

X, Y X, Y X, Y X, Y X, Y X, Y X, Y X, Y X, Y X, Y X, Y 

Poly-
nomial 

 

4.99, 0.49 4.40, 1.20 3.18, 1.03 6.34, 0.46 3.40, 1.05 3.29, 0.53 6.89, 0.73 3.39, 0.55 3.03, 0.49 5.48, 0.40 3.95, 0.90 

Ortho, 
NTDB 
DEM 

0.75, 0.37 0.29, 0.27 0.26, 0.22 0.75, 0.44 0.34, 0.26 0.33, 0.26 0.47, 0.34 0.68, 0.40 0.56, 0.39 0.77, 0.37 0.29, 0.24 

 
* All RMSs are in pixel and a pixel is 12.5 m. 
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Figure 5.1 A: Orthorectified ASAR July 24 (IS7), 2004 

 
Figure 5.1 B: Orthorectified ASAR August 02 (IS2), 2004 
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Figure 5.2 A: ASAR July 24 (IS7), 2004; Enhanced Frost 

 
Figure 5.2 B: ASAR August 02 (IS2), 2004; Enhanced Frost 
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Figure 5.3 A: ASAR July 24 (IS7), 2004; Texture (Mean) 

 
Figure 5.3 B: ASAR August 02 (IS2), 2004; Texture (Mean) 
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Figure 5.4 A: ASAR July 24 (IS7), 2004; Texture (SD) 

 
Figure 5.4 B: ASAR August 02 (IS2), 2004; Texture (SD) 
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5.3 ASAR Temporal Backscatter Profiles 
 
ASAR temporal backscatter profiles were generated for the vegetative classes and both 
HD and LD classes. The backscatters were generated for both polarizations (HV and 
HH). Backscatter profiles of water and roads were not generated as from previous 
studies it is shown that they are well separated from the other classes to a significant 
level. Figure 5.5 and 5.6 shows the backscatter profiles of the landuse/land-cover classes 
for all the dates. From Figure 5.5A, B and 5.6A, B, we can see that the HD class is well 
separated from the other classes and have higher backscatter, mainly due to corner 
reflection. The backscatter is considerably lower in July 24 and October 2 for all the 
classes. This can be due to the fact that there has been reported precipitation just before 
July 24 and on the day of October 2 (Ontario Climate Centre, 2006). On other dates, the 
values did not have a high variation. The variations in HD might be due to the radar  
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Figure 5.5 A: ASAR Temporal Backscatter Profiles for Landuse/Land-cover Classes 
for IS2 Incidence angle and in HV Polarization 
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Figure 5.5 B: ASAR Temporal Backscatter Profiles for Landuse/Land-cover Classes 
for IS-5, 6, and 7 Incidence angle and in HV Polarization 
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Figure 5.6 A: ASAR Temporal Backscatter Profiles for Landuse/Land-cover Classes 
for IS2 Incidence angle and in HH Polarization 
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Figure 5.6 B: ASAR Temporal Backscatter Profiles for Landuse/Land-cover Classes 
for IS-5, 6, and 7 Incidence angle and in HH Polarization 
 
incidence angle. Golf courses are also well separated from other classes in both cases 
(HV & HH) except for HV plot, the golf course almost coincides with the wheat 
(September 16). But then again they are well separated in HH polarization. Therefore, it 
is possible to separate them using both the polarizations. The three types of agricultural 
land classes shows variations mainly due to crops’ phonologies, which makes the 
separation between them possible. For example winter wheat could be separated from 
other crops on June 28. The main reason was that winter wheat was at the stage of seed 
development and soybeans/corn were at the stage of emergence or vegetation growth. In 
HV polarization, they are slightly separated between August 2 and October 2. There is a 
slight difference of backscatter between the corn and the other crops during October 2 to 
11. This is because, corns were at the end of reproductive stage at that time and 
wheat/soy was at the stage of harvest or post harvest. The vegetation class did not 
undergo substantial changes apart from the two dates. The difference was around 2 dB 
throughout the study period and was not as significant as golf course or HD. The high 
backscatter in HD can be due to the presence of high rises and complex structures. Most 
of these structures form corner reflectors, which produce strong radar backscatter. The 
overall backscatter profile shows that the HH polarization has higher backscatter 
amplitude than that of HV. Different polarizations can give potentially different 
backscatter values for the same object. HH polarized microwaves has a greater 
penetration depth than that of HV. HV records the depolarized surface and volume 
scatters. In a biomass, the main scatterers are leaves and upper stems. The HV 
polarization registers weaker backscatter amplitude due to the relative smaller size of 
the scatterers. 
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Some classes showed similar or distinct backscatter because of different reasons. For 
example, golf courses are quite mixed and composed of mainly well-trimmed grass. 
Forest displays medium radar backscatter because of two reasons. First, radar 
backscatter decreases due to attenuation and absorption by vegetation canopies. Second, 
backscatter increases because of shortwave energy reflected by tree trunks and grounds, 
forming, sometimes, even corner reflections (Liao and Guo, 1998; Qiaojun, 2004). LD 
is a mixture of low-density houses that causes strong backscatter and trees, lawn and 
paved surfaces that reflect week radar energy. So, LD areas will also have a medium 
backscatter. Therefore, it is expected that the separation of forest and LD were difficult. 
And as for the agricultural classes, it is very difficult to separate them using just only a 
single polarization. In each polarization, the backscatter profiles are more or less 
similar. However, it is possible to separate them with reasonable accuracy if both the 
polarizations (HV & HH) are combined in classification. 
 
5.4 Classification Results 
 
In order to evaluate the effectiveness of different image processing techniques for the 
extraction of landuse/land-cover information, it is necessary to classify them first. KNN 
classifier was adopted for the classification of the radar images. Later on ANN were 
also performed to some of the combinations that had the better results in kNN in order 
to compare the results with that of kNN. The quality of classification results was 
quantified using parameters discussed above, including 1) Average accuracy, 2) Overall 
accuracy and 3) Kappa coefficient of agreement (or Kappa). 
 
Classifiers were applied with different combinations of polarization and incidence 
angles to the Raw, Filtered and texture images. The combinations are as follows: 
 

• All HV images with steep incidence (IS2) angle 
• All HV images with shallow incidence (IS5, IS6 and IS7) angle 
• All HV images with both steep and shallow incidence angles 
• All HH images with steep incidence (IS2) angle 
• All HH images with shallow incidence (IS5, IS6 and IS7) angle 
• All HH images with both steep and shallow incidence angles 
• A combination of HV & HH polarizations with steep (IS2) incidence angle 
• A combination of HV & HH polarizations with shallow (IS5, IS6 and IS7) 

incidence angle 
• A combination of HV & HH polarizations with both steep and shallow incidence 

angles 
 
 
5.4.1 kNN Classification Results 
 
The classification results of kNN classifier, which was applied with the above 
combinations to raw, filtered and texture images are discussed briefly in the following 
sections. 
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5.4.1.1 Classification Results for Raw Images 
 
The average and overall accuracy and the Kappa coefficient of agreement for raw 
images are tabulated in Table 5.2. 
 
Table 5.2: Average and overall accuracy and Kappa coefficient for selected Raw ASAR 
images using kNN classifier 
 

Image Combination Average 
Accuracy (%)

Overall 
Accuracy (%) 

Kappa 
Coefficient 

All IS2 HV 24.47% 28.19% 0.20394 
All IS2 HH 26.11% 29.98% 0.22427 

All IS2 HV + HH 30.97% 34.74% 0.27836 
All IS-5, 7 and 7 HV 33.88% 37.88% 0.31314 
All IS-5, 6 and 7 HH 37.33% 40.82% 0.34678 

All IS-5, 6 and 7 HV + HH 40.20% 43.51% 0.37638 
All IS-2, 5, 6 and 7 HV 35.36% 39.29% 0.32851 
All IS-2, 5, 6 and 7 HH 36.85% 40.54% 0.34349 

All IS-2, 5, 6 and 7 HV + HH 40.67% 44.03% 0.38216 
   
For the steep incidence angle, we can see that the average and overall accuracy for the 
classification is very low. Even with the combination of multi-polarization, the accuracy 
did not increase significantly. Figure 5.7 and 5.8 shows the Producer’s Accuracy (PA) 
and User’s Accuracy (UA) for individual classes with the combinations discussed 
before. We can see from the figures that water has a higher percentage of both PA and 
UA, in spite of the presence of a large amount of speckle and the accuracies increases 
significantly with shallow incidence angle multi-polarization combination and with 
multi-incidence angle, multi-polarization combination (more than 95%). The accuracies  
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of agricultural areas, forest and golf courses were consistent with the backscatter results 
(Figure 5.5 and 5.6). The backscatter values of forest in both HH and HV were close to 
the low built-up area values and in the classification, a significant portion of the forest 
areas were miss classified as low built-up areas. In the backscatter profile, the 
agricultural classes had similar profile throughout the study period (less than 2.5 dB 
difference). This was reflected in the classification. Corn had a similar backscatter 
profile with LD and soy in some of the image acquisition dates and in the classification; 
we see that a major portion of corn was misclassified as LD and soy. Winter wheat had 
a similar pattern of backscatter with the other agriculture in HH polarization and in HV 
polarization it had some similarity with the golf courses at various dates. This is also 
reflected in the classification. Wheat had a very low accuracy in the classification. LD, 
because of its similar backscatter pattern with some of the other classes (corn and golf 
course), was misclassified significantly as corn and golf courses. Some of it was also 
classified as HD mainly due to the presence of some corner reflection. In general, it can 
be said that the speckle affects the classification results significantly. Apart from the 
water class, other results were pretty poor. The main reasons for poor results were: the 
use of single polarization, single incidence angle (steep or shallow), does not provide 
sufficient difference for the complex landuse/land-cover types and conditions and the 
presence of speckle adds to the confusion. For example, LD was mixed with forest as 
they both have medium reflectance; both road and park appear dark because of their 
smooth surfaces. Another reason for the poor classification is because the classification 
scheme adopted in this study is a combined landuse/land-cover scheme, however, what 
ASAR images record are the radar backscatters of Different land-covers or their 
combinations. For example, golf course is mainly composed of well-trimmed lawn and 
some trees, thus has surface properties similar to those of lawn. The agricultural classes 
had somewhat better accuracy with the shallow incidence angle ASAR images. It is also 
evident that a combination of different polarization and incidence angle increases the 
classification of raw ASAR data to some extent. And also, some sort of image 
processing (speckle reduction, texture measures) is also necessary for a better 
classification, especially for agriculture and other vegetative classes. 
 
5.4.1.2 Classification Results for Filtered Images 
 
The filtered images gave significantly better results than the raw images. Table 5.3 
shows the overall and average accuracies and their kappa coefficients with different 
combinations. We can see that the Kappas of all combinations of classification 
increased compared to the raw image classification. We can see that in the best case for 
both classifications, Kappa has increased from 0.38 to 0.57. In EF filtered images, 
classification was successful with water, agriculture and recreational areas. The 
accuracies for other classes increased with multi-polarization and multi-incidence angle 
combinations. On the other hand, the accuracies of roads, HD and LD had poor 
accuracy throughout the scheme. Roads mostly were misclassified as golf course and 
recreational areas mainly due to similar signature. Forest and LD was also significantly 
mixed up because of their similar spectral characteristics. Similarly to the raw images, 
the classification accuracies increased with multi-polarization, multi-incidence angle 
combinations. Water had a user’s accuracy of 97.7%, corn’s best accuracy was 90%. 
Soybeans had similar accuracy in both multi-incidence angle HV polarization and multi-
incidence angle, multi-polarization combinations (71% and 70%). Other classes, even 
though better than the raw images, had poor classification accuracies. The Kappa 
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Table 5.3: Average and overall accuracy and Kappa coefficient for selected EF Filtered 
ASAR images using kNN classifier 
 

Image Combination Average 
Accuracy 

(%) 

Overall 
Accuracy (%) 

Kappa 
Coefficient 

All IS2 HV 45.67 47.71 0.42297 
All IS2 HH 45.72 47.45 0.420066 

All IS2 HV + HH 54.28 55.18 0.50572 
All IS-5, 7 and 7 HV 55.51 56.76 0.52196 
All IS-5, 6 and 7 HH 52.68 53.81 0.49043 

All IS-5, 6 and 7 HV + HH 58.04 58.69 0.54430 
All IS-2, 5, 6 and 7 HV 59.91 60.69 0.56555 
All IS-2, 5, 6 and 7 HH 56.57 57.41 0.53045 

All IS-2, 5, 6 and 7 HV + HH 60.61 61.30 0.57334 
 
coefficient was also not satisfactory (highest 0.57). The main reason for this poor 
accuracy is that the classes had similar signature. The images, even with the temporal, 
multi-incidence angle, multi-polarization combinations, did not have enough 
complementary, unique information to differentiate between the classes. Rather they 
mixed up classes with similar signature patterns, i.e., roads with golf courses and parks, 
LD with forests etc. Table 5.4 shows the confusion matrix of the best EF classification 
(multi-polarization & multi-incidence angles). 
 
5.4.1.3 Classification Results for Texture Images 
 
Two texture measures, Mean and SD, were used in this study. Table 5.5 shows their 
classification accuracies when classified separately (Mean or SD) and when classified 
together (Mean + SD). The classification accuracy for mean was much higher than that 
of SD classification. With multi-polarization combination, the steep incidence angle had 
a better accuracy than the shallow incidence angle. But the combination of multi-
incidence angle and –polarization gave the best results. We can see from Table 5.5 that 
the multi-incidence, -polarization combination provided the best results with the average 
and overall accuracy of 68.68% and 69.28% and with a Kappa of 0.66044. for Mean 
images, classification was generally successful for water, LD and three agriculture types 
with the best user’s accuracy varying from 71% to 97%.  However, the classification 
was less successful for golf courses, HD, recreational areas, roads and orange. 
Compared to SD images, Mean gave better results for most of the classes. The overall 
accuracy was very poor with the Kappa varying from 0.28 to 0.38. The accuracies of 
water, HD and LD in SD images were somewhat better than the other classes. The 
results of SD, in general, were not acceptable at all to be considered individually. But on 
the other hand, they can be used to complement the class information that is lacking in 
the mean images. And rightly so, it was reflected on the classification results. The 
combination of Mean and SD images produced the best classification results in most of 
the cases. The overall accuracies of different combinations are shown in Figure 5.9. 
 
 
 



 

Table 5.4: Confusion matrix for EF Filtered ASAR images (All dates) with Multi-incidence Angle, Multi-polarization                                   
combination using kNN Classifier 
 
Name 
 

Water 
 

Roads LD HD Golf Forest Parks
 

Corn Soy Wheat Alfalfa/hay 
 

Water 97.7 0.6 0 0 1.2 0 0.5 0 0 0 0 
Roads 0 21.2 0.5 0.1 18.1 1.4 31.3 0.1 0.3 2.4 24.7 
LD 0 0 43.5 13.1 0 29.1 0 12.8 1.2 0.1 0.2 
HD 0 1.5 19.8 39.4 0.2 19.4 2.9 11.2 1.1 2.9 1.6 
Golf 0 6.8 0 0 68.2 0 24.3 0 0 0 0.7 
Forest 0 2 15.7 1.8 0 68.3 0.2 5.8 2.8 0.8 2.6 
Parks 0 14.6 0.1 0 23.3 1 45.1 0 2.6 1.6 11.7 
Corn 0 0 1.1 0 0 0 0.8 90 3.1 2 2.9 
Soy 0 0 7.8 0.1 0 2.9 0 14.6 70.6 3.3 0.8 
Wheat 0 0 0 0 0 0 0.6 10.3 27.5 57.1 4.5 
Alfalfa/hay 0 0.3 1 0 0 7.5 0.4 0 8.3 17 65.5 
 
Average accuracy  =  60.61% 
Overall accuracy  =  61.30% 
Kappa Coefficient  =  0.57334    Standard Deviation =  0.00497 
  Confidence Level : 
  99%  0.57334 +/- 0.01283 
  95%  0.57334 +/- 0.00974 
  90%  0.57334 +/- 0.00818 
 
 
 
 
 

62



63 

The combinations of texture images produced better results than them alone, and the 
increases were significant. The discrimination potentiality of each texture image was 
well preserved and was evident in the classification. For example, combined Mean and 
SD images gave an overall accuracy of 69 %, approximately 7.5% increase over Mean 
images and 65% increase over SD images. This indicates that although SD images gave 
poor result of about 41% when used alone, the majority of information content in them 
is different and complementary to that of Mean images; hence combining them together 
will improve classification accuracy.  
 
In the classification, roads did not have as high accuracy as expected. It should be noted 
that, it could be partly due to the fact that some calibration and validation data of road 
class were selected in the northwest part of the study area. In this area, the road network 
is somewhat mixed with the agricultural areas due to similar spectral signatures. If some 
of the ground truth data were not selected from this area, it would have caused less 
confusion between road and agricultural lands, and consequently could have resulted in 
higher classification accuracy. However, to have an equal representation of training and 
testing area, some of the roads from that region were selected for the classification 
accuracy assessment. Golf courses were mostly misclassified as roads and recreational 
areas. Recreational areas were mostly misclassified as golf courses and roads. This is 
mainly due to their similar spectral patterns. Table 5.6, 5.7 and 5.8 shows the confusion 
matrix of the best Mean, SD and Mean + SD classification. Figure 5.10, 5.11, and 5.12 
shows the classified images of the best classification results of EF, mean and combined 
mean and SD texture measure. 
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Figure 5.9: Overall Accuracy for Selected Texture ASAR Images using kNN 
Classifiers 
 
 
 

A = All IS2 HV               D = All IS-5, 6 and 7 HV            G = All IS-2, 5, 6 and 7 HV 
B = All IS2 HH               E = All IS-5, 6 and 7 HH             H = All IS-2, 5, 6 and 7 HH 
C = All IS2 HV + HH     F = All IS-5, 6 and 7 HV + HH     I = All IS-2, 5, 6 and 7 HV + HH 



 

Table 5.5: Average and overall accuracy and Kappa coefficient for selected Texture ASAR images using kNN classifier 
 
 Classification Accuracy 
 Mean Standard Deviation Mean and Standard Deviation 
Image Combination Overall 

Accuracy  
(%) 

Kappa 
Coefficient 

Overall 
Accuracy  

(%) 

Kappa 
Coefficient 

Overall 
Accuracy 

(%) 

Kappa 
Coefficient 

All IS2 HV 
 

43.70 0.37844 37.41 0.30966 48.58 0.43313 

All IS2 HH 
 

43.61 0.37754 35.44 0.28796 48.67 0.43390 

All IS2 HV + HH 
 

54.87 0.50180 42.26 0.363676 57.75 0.53394 

All IS-5, 6 and 7 HV 
 

37.88 0.31314 38.81 0.31784 60.67 0.56504 

All IS-5, 6 and 7 HH 
 

40.82 0.34678 38.46 0.32286 55.20 0.50604 

All IS-5, 6 and 7 HV    + 
HH 

 

43.51 0.37638 44.16 0.38453 66.84 0.63312 

All IS-2, 5, 6 and 7 HV 
 

59.48 0.55167 42.97 0.37075 60.24 0.55931 

All IS-2, 5, 6 and 7 HH 
 

57.57 0.53148 44.45 0.38784 59.51 0.55203 

All IS-2, 5, 6 and 7 HV + 
HH 

64.46 0.60677 41.65 0.34891 69.28 0.66044 
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Table 5.6: Confusion matrix for Texture (Mean) ASAR images (All dates) with Multi-incidence Angle, Multi-polarization                        
combination using kNN Classifier 

Name 
Water Roads LD HD Golf 

 
Forest Parks

 
Corn Soy Wheat Alfalfa/hay 

 
Water 94.6 3 0 0 2.2 0 0.3 0 0 0 0 
Roads 0 66.8 0 0 9.7 0 15.2 0 0 1.2 7.1 
LD 0 0 71.3 18 0 6.9 0 3.7 0 0 0 
HD 0 2.8 44.9 47.5 0 1.7 1.6 0.8 0.3 0.5 0 
Golf 0 45 0 0 50.9 0 4.2 0 0 0 0 
Forest 0 1.7 46.7 4.9 0 44.9 0.6 0.7 0 0.1 0.4 
Parks 0 53.9 2.2 0.9 23.3 0 17.5 0 0 1.5 0.7 
Corn 0 1.5 3.6 0.3 0 0 0.4 88.8 1.8 3.4 0.2 
Soy 0 0.1 2.4 0 0 2.5 0 22.8 71.4 0.7 0 
Wheat 0 1.1 1.9 0.9 0 0 0.2 5 8.4 82.5 0 
Alfalfa/hay 0 2.6 8.5 1.6 0 2.1 4.5 0 1.8 14.9 64 
 
 
Overall accuracy  =  64.46% 
Kappa Coefficient  =  0.60677    Standard Deviation =  0.00494 
Confidence Level : 
  99%  0.60677 +/- 0.01274 
  95%  0.60677 +/- 0.00968 
  90%  0.60677 +/- 0.00812 
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Table 5.7: Confusion matrix for Texture (SD) ASAR images (All dates) with Multi-incidence Angle, HV-polarization                                   
combination using kNN Classifier 
 

Name 
Water 

 
Roads LD HD Golf Forest Parks

 
Corn Soy Wheat Alfalfa/hay 

 
Water 88.6 0.8 1.2 1 5.9 0.6 1.1 0.1 0.1 0.1 0.6 
Roads 0 5.5 23.4 12.5 6.7 11 10 4.6 7.5 9.5 9.2 
LD 0 1.5 76.9 6.5 0.7 3.5 0.8 0.2 4.4 4.6 1 
HD 0 7.8 23.9 58.6 1.9 1.7 2.9 0.4 0.7 1 1.1 
Golf 0 3.2 0.5 0 54.2 8.1 22.4 4.3 1.5 0.5 5.3 
Forest 0 0.6 34.3 1.2 0 29.3 0.3 4 12.7 11.7 5.9 
Parks 0 4.7 8.4 1.6 29.3 13.6 20.8 7.2 3.7 2.5 8.3 
Corn 0 0.6 14.8 0.2 0.3 8.5 2.2 54.5 9.2 8.3 1.5 
Soy 0 0.3 11.7 0 0.1 39.3 0.4 4.8 22.3 16 5.2 
Wheat 0 0.3 8.9 0.2 0 27 0.8 6.4 24.5 10.8 21.2 
Alfalfa/hay 0 0.5 7 0 0.4 20.1 1.2 3.7 16 9.6 41.5 
 
  Average accuracy  =  42.06% 
  Overall accuracy  =  44.45% 
  Kappa Coefficient  =  0.38784    Standard Deviation =  0.00504 
   Confidence Level : 
   99%  0.38784 +/- 0.01299 
   95%  0.38784 +/- 0.00987 
   90%  0.38784 +/- 0.00828 
 
 
 

66 



 

 
 
 
Table 5.8: Confusion matrix for Texture (Mean + SD) ASAR images (All dates) with Multi-incidence Angle, Multi-polarization                        
combination using kNN Classifier 
 

Name 
Water Roads LD HD Golf 

 
Forest Parks

 
Corn Soy Wheat 

 
Alfalfa/hay 

 
Water 94.1 4.9 0 0 1 0 0 0 0 0 0 
Roads 0 64.9 0 0.2 10.9 0 19.2 0 0 1.4 3.4 
LD 0 0 77.5 14.3 0 2.9 0 5.3 0 0 0 
HD 0 3.1 36 59.2 0 0 1 0.6 0 0 0 
Golf 0 35.4 0 0 58.8 0 5.8 0 0 0 0 
Forest 0 0.8 41 3 0 53.3 0.1 0.4 0 0.3 1.2 
Parks 0 27.7 1.2 0 27.8 0.2 37.7 0 0.1 4 1.1 
Corn 0 0.7 3.7 0 0 0 1 88.9 1.9 3 0.8 
Soy 0 0 2.3 0 0 3.5 0 21 72.6 0.6 0 
Wheat 0 0 1.2 0 0 0 0.2 3.7 14.5 80 0.3 
Alfalfa/hay 0 0.4 8.9 0 0.1 1.6 0.3 0 1.2 19 68.4 
 
Average accuracy  =  68.68% 
Overall accuracy  =  69.28% 
Kappa Coefficient  =  0.66044    Standard Deviation =  0.00477 
  Confidence Level : 
  99%  0.66044 +/- 0.01230 
  95%  0.66044 +/- 0.00934 
  90%  0.66044 +/- 0.00784 
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Figure 5.10: Classified EF Filtered ASAR images (All dates) with Multi-incidence 
Angle, Multi-polarization combination using kNN Classifier 
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Figure 5.11: Classified Texture (Mean) ASAR images (All dates) with Multi-incidence 
Angle, Multi-polarization combination using kNN Classifier 
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Figure 5.12: Classified Texture (Mean & SD) ASAR images (All dates) with Multi-
incidence Angle, Multi-polarization combination using kNN Classifier 
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5.4.2 ANN Classification Results 
 
ANN was applied to some selected ASAR images. This selection was based upon the 
kNN classification results. That is, the combinations that have yielded the best results in 
kNN were used in the ANN classification. The kNN combinations that were selected for 
ANN classification are as follows: 
 

• EF multi-incidence angle, multi-polarization 
• Mean multi-incidence angle, multi-polarization 
• Mean shallow incidence angle and multi-polarization 
• Mean steep incidence angle and multi-polarization 
• Mean & SD multi-incidence angle, multi-polarization 
• Mean & SD multi-incidence angle, HV-polarization 
• Mean & SD multi-incidence angle, HH-polarization 
• Mean & SD steep-incidence angle, multi-polarization 
• Mean & SD shallow-incidence angle, multi-polarization 
 

The ANN classifier performed more or less similar with the classification of EF filtered 
image. The average and overall accuracy decreased 2% and 5.67%. But ANN performed 
significantly well in separating some of the classes. Apart from golf course, forest and 
road, the user’s accuracy increased. The user’s accuracy increased significantly for LD 
and Alfalfa/hay. Roads and golf courses were mostly reclassified as recreational areas 
and forest as low built up areas. 
 
As for texture images, eight combinations were classified and compared. With the Mean 
images, the multi-polarization-steep incidence angle combination gave worse results 
than that of the kNN. The overall accuracy for steep-HV & HH decreased 3.49%. The 
accuracy for shallow-HV & HH combination increased significantly (19.89%). The 
water, recreational areas, and three agricultural classes were well separated. The results 
of multi-incidence angle, multi-temporal mean images gave the best results of the three 
combinations. Water, LD, recreational areas, agricultural fields and orange classes had 
better accuracy with less omission errors. HD, even having increased in accuracy, had a 
significant commission to LD. The overall accuracy for this classification had an 
increase of 4.47% and the Kappa increased from 0.606 to 0.657 compared to similar 
combinations with kNN. 
 
A total of five combined texture (Mean & SD) images were tested. The Mean-SD image 
with steep incidence angle and multi-polarization combination had a better overall 
accuracy than that of the kNN classifier. Classification of water, roads, LD and HD was 
considerably better than the kNN classification. The agricultural and vegetative areas, 
though increased in accuracy, were still poor. The accuracy of shallow incidence angle, 
multi-temporal combination was significantly better than that of kNN. The overall 
accuracy increased 6.77% and Kappa from 0.63 to 0.70. Water, HD, forest, recreational 
areas, agricultural lands and orange had a better classification. When both incidence 
angles (steep & shallow) were considered, the HV polarization results were not 
signification, rather mixed. Some classes had better classification than others compared 
to kNN and vice versa. The accuracies increased significantly with HH polarization. The 
overall accuracy increased a significant 11.39% and Kappa from 0.55 to 0.68. Most of 
the classes had an improved accuracy. Roads, HD, LD, corn and wheat had a high 
separation. The best result, however, came from the multi-incidence angle, multi-
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polarization combination. The overall accuracy was 9.6% higher than that of kNN. The 
Kappa had increased from 0.66 to 0.76. As discussed in the literature review, with 
complex combinations, ANN performs better than kNN classifier. Most of the classes 
had a high user’s accuracy. The agricultural lands were well separated. Forest and 
recreational areas had a lower accuracy compared to the other classes. Forest was 
mostly misclassified as LD and recreational areas were mostly misclassified as roads 
and golf courses. Table 5.10, 5.11 and 5.12 shows the confusion matrix and Figure 5.13 
shows the best results obtained with ANN in different combinations. 
 
In addition to the prior discussed combinations, some additional combinations were also 
tried with the ANN classifier. The combinations are as below: 
 

• Multi-incidence angle, multi-polarization Mean + SD for June 
• Multi-incidence angle, multi-polarization Mean + SD for July 
• Multi-incidence angle, multi-polarization Mean + SD for June + July 
• Multi-incidence angle, multi-polarization Mean + SD for June 28 and August 2 
• Multi-incidence angle, multi-polarization Mean + SD for July 8 & 12 and 

August 12 & 31 
• Multi-incidence angle, multi-polarization Mean + SD for June July and August 

(all dates) 
 
Table 5.9 shows the overall accuracy and Kappa coefficient for the above combinations. 
 
Table 5.9: Overall accuracy and Kappa coefficient of seleted Texture (Mean + Std.Dev) 
ASAR Images with ANN Classifier 
 
Dates Overall Accuracy 

(%) 
Kappa 

Coeeficient 
 

June 
 

48.34 0.42921 

July 57.94 
 

0.53523 
 

June + July 63.23 
 

0.59382 
 

June 28 + August 2 55.81 
 

0.51205 
 

July 8 & 24 + August 12 & 31 68.25 
 

0.64914 
 

June + July + August 68.98 
 

0.65724 
 

 
 
These combinations were tested to see if better separations of agricultural classes as 
well as other classes were possible. In the later dates of the study period (September and 
October), most of the crops were harvested. As a result, they were contributing to the 
commission and omission errors of the other classes. From the classification results, it 
was found that the performance of June, July and June + July was very poor. There was 
not enough information to give a good separation. The combination of June 28 and 
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August also gave poor results. The combinations of four dates of July and August gave 
better results for the agricultural areas. The best results came from the combinations of  

Overall Accuracy for Selected ASAR Images with ANN 
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Figure 5.13: Overall Accuracy of selected texture (Mean + Std.Dev) ASAR images 
with ANN Classifier 
 
 
 
 
June, July and august images. The agricultural areas did somewhat better than the other 
combinations. Corn, wheat and Orange were well separated. But in general, the overall 
results were not satisfactory. The main reason for a poor classification result was the 
complex classification scheme. The fewer dates did not have enough complementary 
information for the other classes to be well separated. Table 5.12 shows the confusion 
matrix of the classification using all the dates of June, July and August. We can see that 
water, HD, forest, recreational areas, corn, wheat and Orange had a better classification 
than the others. Golf courses had significant commission error to roads and omission 
error to recreational areas. Soy was mostly misclassified as Orange, corn and forest. The 
over all accuracy was 68.98% with Kappa of 0.65724. in conclusion, we can say that the 
mid summer combination of ASAR images did not provide distinct results. The 
information from those dates was not enough to classify the complex classification 
scheme that was followed in the study. Table 5.14 and Figure 5.14 A & B show the 
comparison of kNN and ANN with different combination of ASAR images. The best 
results from ANN classification are shown in Figure 5.15, 5.16, and 5.17. 
 
ANN algorithm exhibited certain advantage over the kNN method in classification. It 
was superior to some extent, when classifying the agricultural and vegetative areas. It 
was also seen that, ANN does not perform well when dealing with less data, for 
example, single polarization or incidence angle or with less dates. 

A = All June      C = All June + July                      E = All July 8 & 24 and August 12 & 31 
B = All July       D = All June 28 and August 2     F = All June, July & August   



 

         Table 5.10: Confusion matrix for EF Filtered ASAR images (All dates) with Multi-incidence Angle, Multi-polarization                                    
        combination using ANN Classifier 
 

Name 
 

Water 
 

Roads LD HD Golf 
 

Forest Parks
 

Corn Soy Wheat Alfalfa/hay 
 

Water 97.6 0.6 0.2 0 0.6 0 0.9 0 0 0 0 
Roads 0 8 3.6 0.2 1.3 0.3 64 0 2.6 2.8 17.2 
LD 0 0 78 11.9 0 4.9 0 4.4 0.6 0 0.2 
HD 0 0.8 36 45.4 0 2.9 2.1 2.9 4.5 2.3 3.1 
Golf 0 2.6 0 0 27 0 70.5 0 0 0 0 
Forest 0 0.4 70.8 3.1 0 11.8 0 0.4 1.2 0 12.4 
Parks 0 0.9 3.6 0 0 0 86.6 0 0.4 0.2 8.2 
Corn 0 0 2 0 0 0 0 90.6 0.2 7.2 0 
Soy 0 0 1.8 0.4 0 0.1 0 15.4 67.1 0 15.3 
Wheat 0 0 1.6 0 0 0 0.3 5.3 11.9 65.7 15.3 
Alfalfa/hay 0 0 9.6 0 0 0 0 0 8.5 6.3 75.6 

 
 

Average accuracy  =  59.40%    
 Overall accuracy  =  58.01%    
 Kappa Coefficient  =  0.53911    Standard Deviation =  0.00495 
  Confidence Level :    
  99%  0.53911 +/- 0.01277    
  95%  0.53911 +/- 0.00970    
  90%  0.53911 +/- 0.00814    
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       Table 5.11: Confusion matrix for Texture (Mean) ASAR images (All dates) with Multi-incidence Angle, Multi-polarization                                        
      combination using ANN Classifier 
 

Name 
 

Water Roads LD HD Golf 
 

Forest Parks
 

Corn Soy Wheat Alfalfa/hay 
 

Water 94.4 4.1 0 0 1.5 0 0 0 0 0 0 
Roads 0 36.3 1.2 0.4 8.7 0 42.7 0.6 0.6 0.1 9.5 
LD 0 0 70.7 18.2 0 6.2 0 5 0 0 0 
HD 0 3.6 28.4 56.6 0 7.8 1.1 2.3 0 0 0.1 
Golf 3 30.1 1.1 0 60.5 0 5.3 0 0 0 0 
Forest 0 1.9 37.5 4.2 0 50.2 2.5 1.8 1.8 0 0 
PArks 0 7.2 0.1 0 9.4 0 83.2 0 0 0 0.1 
Corn 0 0 2.2 0.4 0 0.1 0.9 90.5 0.8 1.8 3.2 
Soy 0 0 0.5 0 0 9.8 0 5.3 73.1 0.2 11.1 
Wheat 0 0 17.3 0 0 0 0.2 2 0.5 75.7 4.4 
Alfalfa/hay 0 1.4 5.5 0.5 0 2.3 6 4.1 5.7 0.4 74 

 
Average accuracy  =  69.56%    
 Overall accuracy  =  68.93%    
 Kappa Coefficient  =  0.65708    Standard Deviation =  0.00478 
  Confidence Level :    
  99%  0.65708 +/- 0.01233    
  95%  0.65708 +/- 0.00936    
  90%  0.65708 +/- 0.00786    
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     Table 5.12: Confusion matrix for Texture (Mean + SD) ASAR images (June, July and August) with Multi-incidence Angle, Multi- 
    polarization combination using ANN Classifier 
 

Name 
 

Water 
 

Roads LD HD Golf Forest Parks
 

Corn Soy Wheat Alfalfa/hay 
 

Water 90.3 9.1 0 0 0.6 0 0 0 0 0 0 
Roads 0 55.6 0.1 0 9.5 0 30.3 0 0.5 1.6 2.4 
LD 0 0 58.4 28.3 0 9.7 0 0.5 2.4 0 0.6 
HD 0 6.9 9.9 75.5 0 3.3 1.1 1.6 0 1.6 0 
Golf 1.7 21.8 0 0 57.2 0 19.3 0 0 0 0 
Forest 0 1.1 18.1 5 0 71.9 0.7 0 0.4 0 2.9 
Parks 0 10.2 0 0 4.2 1.2 78.2 0 0.1 0 6.1 
Corn 0 0 2 0 0 1.3 0 80 11 0.8 4.9 
Soy 0 0 0 1.6 0 22.4 0 14.4 40.3 0 21.4 
Wheat 0 0 0.2 0 0 0 4.2 4.5 4.2 73.2 13.7 
Alfalfa/hay 0 0 3 0 0 14.1 1.5 0 3.1 4.7 73.6 

 
 

Average accuracy  =  68.56%    
 Overall accuracy  =  68.98%    
 Kappa Coefficient  =  0.65724    Standard Deviation =  0.00478 
  Confidence Level :    
  99%  0.65724 +/- 0.01233    
  95%  0.65724 +/- 0.00937    
  90%  0.65724 +/- 0.00786    
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     Table 5.13: Confusion matrix for Textured (Mean + SD) ASAR images (All dates) with Multi-incidence Angle, Multi-polarization                                   
    combination using ANN Classifier 
 

Name 
Water 

 
Roads LD HD Golf Forest Parks

 
Corn Soy Wheat Alfalfa/hay 

 
Water 93.3 5.7 0 0 1 0 0 0 0 0 0 
Roads 0 74.2 0.1 0 13.2 0 7.6 0 0 2.4 2.6 
LB 0 0 74.9 24.8 0 0.2 0 0 0 0 0 
HB 0 5 13.5 79.2 0 1.6 0.3 0 0 0.3 0 
Golf 0.9 16.6 0 0 70.1 0.3 12.2 0 0 0 0 
Forest 0 0 25.1 3.2 0.1 67.7 0 0 0.7 0 3.2 
Parks 0 18.9 1.2 0 12.7 1.7 61.6 0.9 0 0.4 2.6 
Corn 0 0.3 3.1 0 0 0.1 0 88.9 2 2.6 2.9 
Soy 0 0 0.3 0.4 0 0.2 0 11.1 82.7 0 5.3 
Wheat 0 0 0 0 0 0 0 3.4 0.3 92.5 3.7 
Alfalfa/hay 0 0 1.9 0 0 7.3 0 0.1 1.6 7.4 81.7 

 
Average accuracy  =  78.80%    
 Overall accuracy  =  78.88%    
 Kappa Coefficient  =  0.76654    Standard Deviation =  0.00423 
  Confidence Level :    
  99%  0.76654 +/- 0.01092    
  95%  0.76654 +/- 0.00830    
  90%  0.76654 +/- 0.00696    
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Table 5.14: Comparison of Average and Overall Accuracy and Kappa Coefficient for 
different ASAR image combinations with kNN and ANN classifier 
 

kNN Accuracy ANN Accuracy Processing 
Technique 

Image Combination 
Overall 

(%)
Kappa Overall(%) Kappa

   
EF Filter All IS-2, 5, 6 and 7 HV + 

HH 
61.30 0.57334 58.01 0.53911

   
Texture   
   
Mean All IS2 HV + HH 

 
54.87 0.50180 51.38 0.46426

 All IS-5, 6 and 7 HV + 
HH 

 

43.51 0.37638 63.40 0.59579

 All IS-2, 5, 6 and 7 HV + 
HH 

64.46 0.60677 68.93 0.65708

   
Mean + 
SD 

All IS2 HV + HH 57.75 0.53396 63.49 0.59716

 All IS-5, 6 and 7 HV + 
HH 

 

66.84 0.63312 73.61 0.70801

 All IS-2, 5, 6 and 7 HV 
 

60.24 0.55931 65.74 0.62105

 All IS-2, 5, 6 and 7 HH 
 

59.51 0.55203 70.90 0.67804

 All IS-2, 5, 6 and 7 HV + 
HH 

69.28 0.66044 78.88 0.76654

 



79 

 
kNN Vs. ANN

0 

10 

20 

30 

40 

50 

60 
70 

80 
90 

EF Filter Mean Mean + SD 
Processed Image- All Dates Multi Incidence angle & Dual  

Polarization

O
ve

ra
ll 

A
cc

ur
ac

y 
(%

)  

kNN
ANN

 
 
Figure 5.14A: Comparison of Overall Accuracies with kNN and ANN classifier of 
Different processed ASAR images (All Dates, Multi Incidence Angle & Dual 
Polarization) 
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Figure 5.14B: Comparison of Overall Accuracies with kNN and ANN classifier of 
Different Texture Combinations (Mean + Std.Dev.) 
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Figure 5.15: Classified EF Filtered ASAR images (All dates) with Multi-incidence 
Angle, Multi-polarization combination using ANN Classifier 
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Figure 5.16: Classified Texture (Mean) ASAR images (All dates) with Multi-incidence 
Angle, Multi-polarization combination using ANN Classifier 
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Figure 5.17: Classified Texture (Mean & SD) ASAR images (All dates) with Multi-
incidence Angle, Multi-polarization combination using ANN Classifier 
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5.5 Change Detection 
 
5.5.1 Classification of TM Imagery 
 
The TM image was classified using supervised classification. KNN classifier was used 
for the classification. Figure 5.18 shows the classified TM image and the confusion 
matrix is tabulated in Table 5.15. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5.18: Classified TM, 1988 image 
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Table 5.15: Confusion matrix for supervised classification of TM 1988 image using kNN Classifier 
 

Name 
Water Roads LD HD 

 
Golf Forest Parks

 
Agriculture 

 
Water 100 0 0 0 0 0 0 0 
Roads 0 93.8 3.6 2.4 0 0 0 0.2 
LD 0 17.4 82.2 0.5 0 0 0 0 
HD 0 18.4 2.6 79 0 0 0 0.1 
Golf 0 0 0 0 80.6 4.2 1.9 13.3 
Forest 0 0 0 0 0 100 0 0 
Parks 0 1.2 0.2 1.8 0 0 96.8 0 
Agriculture 0 0.2 0 0 14.2 0 2.7 82.9 
 
 
Average accuracy  = 89.42% 
Overall accuracy  = 87.13% 
Kappa Coefficient  = 0.84345    Standard Deviation = 0.00409 
Confidence Level: 
99%  0.84345 +/- 0.01056 
95%  0.84345 +/- 0.00802 
90%  0.84345 +/- 0.00673 
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As we can see from the confusion matrix, a significant amount of low and high-density areas 
were misclassified as roads. This is mainly due to similar spectral patters of the classes. Some 
portion of the golf course was also misclassified as agriculture and vice versa. Golf course 
was also misclassified as forest to some extent. A golf course typically contains trees, bushes, 
sandy areas and well-trimmed grass and therefore has similar spectral patterns as forest or 
agriculture in some areas. This is the prime reason of the misclassification.  
 
5.5.2 Image Differencing and Occurred Change 
 
The classified TM image was then subtracted from the best-classified ASAR image. The 
ANN result for the combination of all dates, dual polarization and multi-incidence angle had 
the best classification accuracy. Figure 5.19 shows the resulting change map. 
 

 
 
Figure 5.19: Change Map obtained from image differencing 
 
As seen from the image, it has immense amount of noise. This is mainly due to the fact that in 
the classification of ASAR images, there were significant miss classification in parks and 
low-density areas. In TM classification, HD, LD, Golf courses, and agriculture had certain 
amount of misclassification. Therefore, in the change detection process, these areas were 
identified as changed areas. In general, post-classification change detection is significantly 
dependent on the classification accuracy of the images. The commission and omission error 
present in the ASAR images appeared to be very significant and had a large impact on the 
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overall quality of the change detection. The results were not conclusive enough to 
successfully detect the changes that had occurred between 1988 and 2004. However, upon 
further close inspection, it was found that the areas where large change has occurred or if the 
change was very significant, were successfully registered in the change map. Some of the 
significant changes that were detected are agriculture and forest areas changed into roads, low 
and high built up areas and golf courses. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Change Map                           SPOT Multi Spectral, 2004                        TM, 1988                           
 
Figure 5.20: Change of Major Roads 
 
In this section we can see that the Highway 407 was extended after 1988 and it is one of the 
major highways of the GTA. This change was registered in the change map. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Change Map                               SPOT Multi Spectral, 2004                           TM, 1988           
 
Figure 5.21: Change of Low-density Areas 
 
In this section we can see that a new low built up area was built since 1988 to the right of 
York Downs golf and country club and between the roads Major Makenzie Dr E, 16th avenue, 
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Kennedy road and McCowan road. This change was successfully registered as changed area 
in the change map. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Change Map                               SPOT Multi Spectral, 2004                           TM, 1988 
 
Figure 5.22: Change of High-density Areas                                          
 
Here we see that the area beside the central station was agricultural land in 1988 and was 
developed into an industrial area afterwards. This change was also registered in the change 
detection process. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Change Map                               SPOT Multi Spectral, 2004                           TM, 1988 
 
Figure 5.23: New Golf Courses 
 
Lastly, we can see that a new   golf course above lake St. George was built since 1988. This 
golf course is Bloomington Down golf course (Lower section) and another golf course (Upper 
section) was built beside the West view Dr and the Highway 404 to the left of Preston Lake. 
This golf course is West View Golf club.     
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5.6 Summary 
 
In brief, this chapter investigates the capability of multi-temporal, multi-incidence angle, 
dual-polarization ENVISAT ASAR imagery for extracting landuse/land-cover information in 
the rural-urban fringe of GTA. The classes that were studied are: three agricultural classes 
(corn, soy, and wheat), water, three infrastructural classes (HD, LD, roads), recreational areas, 
golf course, forest and Orange. These classes were chosen as they characterize the complex 
landuse/land-cover types present in the rural-urban fringe of the GTA. The images were first 
orthorectified using DEM and satellite orbital model. Then temporal backscatter profiles were 
generated to have a better understanding of which classes are best separated from others and 
on which dates. Then different image processing techniques were applied to the ASAR 
images. They included Adaptive Speckle Filtering (EF filter), Texture measures (Mean and 
SD), PCA. Then kNN classifier was applied to both the raw and the processed images to 
extract the landuse/land-cover information. ANN was also applied to the combinations that 
provided the best results in kNN to have a comparison between the methods. 
 
In general it can be said that the raw ASAR imagery gave poor results in identifying 
landuse(land-cover classes. This was due to the fact that, raw imagery consisted of significant 
amount of speckle which contributed to the poor classification. The filtered imagery improved 
the results significantly. There was a 17% increase in the overall accuracies between the best 
results obtained both raw and EF filtered image. For texture measures, the results were further 
improved with multi-incidence angle dual-polarization combinations. The SD results were, 
however, poor than the filtered images. But with the combinations of mean and SD texture 
measures, the results were better in similar combinations (incidence angle or polarization 
wise). The reason is that, the combinations of mean and standard deviation texture images 
provided with more complementary information than the EF or raw images. 
 
ANN classifier was applied to the combinations that provided better results with kNN. ANN 
appeared to be more robust and the results were better than that of kNN. Especially with the 
combination of mean and standard deviation texture images, it produced the best result with 
an overall accuracy of 78.88% and Kappa of 0.76654. The ANN did not perform distinctly 
better when the combinations included less channels of less complex combinations i.e., when 
considering just HV or HH polarization or using just steep or shallow incidence angles. The 
seasonal combinations (June, July and August) with ANN did not give significant results. 
This was mainly due to the complex classification scheme. The dates did not have enough 
complementary information to differentiate the classes. 
 
In general, we can say that the ANN classifier was better with complex combinations. There 
was a presence of commission and omission error in all the classification to some extent, 
some more significant than other. This is mainly due to the image collection duration. Several 
ASAR images were collected during September and October. At that time most of the crops 
are harvested and gave similar backscatter pattern as roads, low built up areas, or recreational 
areas. But both the classifiers gave better results when multi-temporal, multi-incidence angle 
dual polarization combination was used. 
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CHAPTER 6 
 
CONCLUSION 
 
 The main objective of this research is to investigate the capability of the multi-temporal, 
multi-incidence angle, dual polarization ASAR data for extracting landuse/land-cover 
information and change detection in the rural-urban fringe of the GTA.  
 
The images were geometrically corrected using both polynomial approach and 
orthorectification using DEM. The polynomial approach did not give satisfactory results even 
though sufficient numbers of GCPs were collected. Orthorectification using the 30m NTDB 
DEM produced very satisfactory results with very low errors. 
 
ASAR temporal backscatter profiles for seven of the eleven classes were generated to assess 
the separability of different landuse/land-cover classes. The backscatter values of the 
agricultural classes varied due to crop phenology. From the profiles, it is eminent that for a 
better classification of crops, multi-polarization combinations will be effective and also, crops 
will be better classified if shallow incidence angles are used or included together with the 
steep incidence angles. LD had a very similar profile as the forest as LD areas are mainly 
composed of small houses together with trees and lawns. So they also have backscatter in the 
mid range similar to forest. 
 
All combinations of raw images gave very poor classification results due to the presence of 
speckle. Classification accuracies using filtered or textured images showed significant 
improvements over raw data. The mean textured images gave better results than the EF filter 
images in most of the cases.  SD, though gave poor results than that of EF, was assumed to 
provide with vital complementary information if used together with the mean images. From 
the classification results, it can be concluded that ASAR has a lot of speckle in them and these 
speckles has to be minimized for better classification accuracy. Image processing techniques 
like filtering or texture measures can be used efficiently to reduce speckle and improve 
classification accuracy. While using texture measures, it is good to test with different 
combinations of texture measures to improve classification accuracy as some texture 
measures can provide vital complementary information to the other texture measure. The kNN 
classifier can be an effective tool for classifying Synthetic Aperture Radar data. 
 
ANN is a more robust classifier than kNN. When applied, ANN did not perform well with the 
EF combination. But its performance with the texture combinations was significantly better.  
The best result of this study was achieved for combination of Mean and SD texture images 
that included multi-incidence angle, dual polarization channels. In general, these results 
indicate that ANN could minimize confliction of similar signatures between images while 
extracting useful information from them. Apart from the predefined combinations, some 
additions seasonal (mid-summer) combinations were also tested with ANN to see if a better 
separation of agricultural classes were possible. The results were not conclusive. This 
indicates that ANN does not perform well if fewer numbers of channels are included in the 
classification. In the study, ANN algorithm exhibited certain capability over kNN in 
classifying landuse class, such as road class, as ANN classifier produces more homogeneous 
images than kNN classifier. 
 
Both kNN and ANN was successful sufficient enough in classifying water, HD, Alfalfa/hay 
and three agricultural areas if the combination of the imagery was multi-dimensional. There 
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were, however, certain confusions between golf courses, recreational areas, LD and forest 
areas. This was due to the fact that all these classes have a backscatter in the mid range and 
the images did not have enough complementary information to separate them well enough. 
Another cause could be the collection of fieldwork data. Most of the fieldwork was conducted 
along the north-south direction in the eastern part of the study area. There were very less or no 
fieldwork data available from the northwest part of the study area. This can be the cause of 
confusions present in that region of the study area. There was another fact to be considered in 
this study. The Imagery included five dates from September and October and just one date 
(June 28) from June. But June is a very important period for vegetation growth and most of 
the crops are harvested during September and October. As seen from the backscatter profiles, 
gives quite similar profiles during October. Had there been more imagery from June, the 
classification accuracy of the vegetative areas could have been better. In brief, we can say that 
in spite of the confusion present, ASAR data can be a valuable source to evaluate the land-
cover classes of complex rural-urban sprawl such as the GTA.  
 
Due to the presence of immense noise, the overall change detection was not satisfactory. 
However, the significant changes were still registered in the change map. For post 
classification change detection, it is absolutely necessary that the classified images have very 
good accuracy and are representative of the actual land classes. Therefore it is anticipated that 
the fusion of optical imagery with the ASAR would increase the classification accuracy 
thereafter will also provide a satisfactory change detection. 
 
Classification with kNN or ANN gave acceptable results but with a significant portion of 
commission or omission errors. Therefore it is anticipated that the use of sequential masking 
technique could improve the classification accuracies of those classes. Future research can be 
carried out to develop better techniques for extracting road networks from ASAR images 
and/or road networks first could be integrated in GIS systems and then applied in the 
classification process. There was only one image captured in June. In future, more images in 
June can be captured and included in the classification process so that the images can provide 
more complementary information for the vegetative classes. 
 
Another recommendation for improving future analysis of ASAR data is to evaluate the 
ASAR data by fusion or synergy with optical remotely sensed data, such as Landsat ETM+ 
MS and PAN, MERIS etc. their red and near infrared frequencies can provide vital 
complementary information to the classification of vegetative areas. Very high-resolution 
imagery such as QuickBird and IKONOS images can also be use in the fusion process. With 
these fused images together with the all weather ASAR images seems to be very promising in 
the mapping of landuse/land-cover patterns in the rural-urban fringe environment.  
 
With the planned launch of Canadian RADARSAT-2 and Japanese ALOS, high resolution 
polarimetric SAR data in C- and L-band at various incidence angles will be routinely 
available. With its all weather usable potential, SAR data will attract many more users who 
may have shied away due to SAR’s geometric problems and the time and efforts to correct 
them. In brief, the ASAR datas hold huge potential for future research and analysis in 
complex urban-rural environment such as the Greater Toronto Area (GTA). 
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APPENDIX A: ENVISAT ASAR and Landsat ETM+ Characteristics 
 
Table A1: Nominal ASAR characteristics (ASAR, 2004) 

Image Mode 
(IM) 

 
VV or HH polarization images from any of 7 selectable swaths. Swath 
width between approximately 56 km (swath 7) and 100 km (swath 1) 
across-track. Spatial resolution of approximately 30 m (for precision 
product). 
 

Alternating 
Polarisation 
Mode (AP) 

 
Two co-registered images per acquisition, from any of 7 selectable 
swaths. HH/VV, HH/HV, or VV/VH polarization pairs possible. Spatial 
resolution of approximately 30 m (for precision product). 
 

Wide Swath 
Mode (WS) 

 
400 km by 400 km wide swath image. Spatial resolution of 
approximately 150 m by 150 m for nominal product. VV or HH 
polarization. 
 

Global 
Monitoring 
Mode (GM) 

 
Spatial resolution of approximately 1000 m in azimuth by 1000 m in 
range for nominal product. Up to a full orbit of coverage. HH or VV 
polarization. 
 

Wave Mode 
(WV) 

 
A small imagette (dimensions range between 10 km by 5 km to 5km by 
5km) is acquired at regular intervals of 100 km along-track. The 
imagette can be positioned anywhere in an Image Mode swath. Up to 
two positions in a single swath or in different swaths may be specified, 
with acquisitions alternating between one and the other (successive 
imagettes will hence have a separation of 200 km between acquisitions 
at a given position). HH or VV polarisation may be chosen. Imagettes 
are converted to wave spectra for ocean monitoring. 
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Instrument Description 
Principle of Operation 
The radar antenna beam illuminates the ground to the right side of the satellite. Due to the 
satellite motion and the along-track (azimuth) beamwidth of the antenna, each target element 
only stays inside the illumination beam for a short time. As part of the on-ground processing, 
the complex echo signals received during this time are added coherently. This process is 
equivalent to a long antenna (so called Synthetic Aperture) illuminating the target. This 
synthetic aperture is equal to the distance the satellite traveled during the integration time. 
 
 

 
 
Figure A1: Sub satellite track (ASAR, 2004) 
 
 
 
A coherent, active phased array SAR, is mounted with the antenna long axis aligned with the 
satellite's flight direction (i.e., Y-axis) 
 

 
 
Figure A2:  ASAR Antenna (ASAR, 2004)                                                                          
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Table A2: Radar and SAR glossary 
 

Across-track 

 
An across-track sensor is one that uses a mirror system that moves from side to 
side in the range to obtain remote sensing data. 
 

Along-track 

 
An along-track sensor is made up of a linear detector array of CCDs (Charge 
Coupled Device) that obtains data in the platform's direction of motion (azimuth 
or along-track dimension). The sensor's instantaneous field of view extends the 
length of the swath width. The dimension parallel to the path of the platform 
carrying the sensor. The along-track dimension is the imaging direction of the 
sensor that is parallel to the direction in which the satellite or aircraft is moving . 
For side-looking radars (SLARs), this dimension is sometimes called the cross 
range. The typical two-dimensional remotely sensed image is created by the 
movement of the platform in the along-track direction, while the sensor scans or 
aims at the orthogonal direction. 
  

Alternating 
Polarisation (AP) 

 
These products are similar to Image Mode products but include a second image 
acquired using a second polarization combination. The raw data is acquired in 
bursts of alternating polarization. 
 

Amplitude 

 
Measure of the strength of a signal, and in particular the strength or height of an 
electromagnetic wave (units of voltage). The amplitude may imply a complex 
signal, including both magnitude and the phase. 
 

Antenna 
 
Part of the radar system, which transmits and/or receives electromagnetic energy.
 

Antenna Array 

An arrangement of several individual antennas so spaced and phased that their 
individual contributions add in the preferred direction and cancel in other 
directions. SAR systems employ a short physical antenna, but through modified 
data recording and processing techniques, they synthesize the effect of a very 
long antenna. The result of this mode of operation is a very narrow effective 
antenna beamwidth, even at far ranges, without requiring a physically long 
antenna or a short operating wavelength. For example, in a SAR system, a 2m 
antenna can be made effectively 600 m long. 
 

Attenuation 

Decrease in the strength of a signal. A signal is attenuated by application of a 
gain less than unity. Common causes of attenuation of an electromagnetic wave 
include losses through absorption and by volume scattering in a medium as a 
wave passes through. 
 

Band A selection of wavelengths or range of radar frequencies. 

Bandwidth 

A measure of the span of frequencies available in the signal or passed by the 
band limiting stages of the system. Bandwidth is a fundamental parameter of any 
imaging system and determines the ultimate resolution available. 
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Table A2: Radar and SAR glossary (Continued.) 
 

Beam 

 
A focused pulse of energy. The antenna beam of a SLAR is directed 
perpendicular to the flight path and illuminates a swath parallel to the platform 
ground track. Due to the motion of the satellite, the beam illuminates each target 
element for a period of time, known as the integration time. 
 

Coherence 

 
Coherence is the fixed relationship between waves in a beam of electromagnetic 
(EM) radiation. Two wave trains of EM radiation are coherent when they are in 
phase. That is, they vibrate in unison. In terms of the application to things like 
radar, the term coherence is also used to describe systems that preserve the 
phase of the received signal. 
 

Corner Reflector 

 
A combination of two or more intersecting specular surfaces that combine to 
enhance the signal reflected in the direction of the radar. The strongest reflection 
is obtained for materials having a high conductivity (i.e. ships, bridges). 
 

Horizontal Polarization 

 
Linear polarization with the lone electric vector oriented in the horizontal 
direction in antenna co-ordinates. 
 

Horizontal Transmit - 
Horizontal Receive 
Polarization (HH) 

 
A mode of radar polarization where the microwaves of the electric field are 
oriented in the horizontal plane for both signal transmission and reception by 
means of a radar antenna. 
 

Horizontal Transmit - 
Vertical Receive 
Polarization (HV) 

A mode of radar polarization where the microwaves of the electric field are 
oriented in the horizontal plane for signal transmission, and where the vertically 
polarized electric field of the backscattered energy is received by the radar 
antenna. 
 

Imaging Radar 
Most imaging radars produce two-dimensional images. The two dimensions are 
called range, and azimuth. 
 

Multipolarization Radar 
Radar capable of simultaneously and coherently acquiring several independent 
complex polarization measurements for every pixel in the image. 
 

Polarization 

The process of confining the vibrations of the magnetic, or electric field, vector 
of light or other radiation to one plane. Orientation of the plane of the electric 
field relative to the Earth's surface. 
 

Repeat Pass 
Interferometry 

Method based on two image acquisitions of the same scene from slightly 
displaced orbits of a satellite. 
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Table A2: Radar and SAR glossary (Continued.) 
 

Scanning 
Synthetic 
Aperture 
Radar 
(ScanSAR) 

A having the capability to illuminate several subswaths by scanning its antenna off-nadir 
into different positions. 
 
 

 
Swath 

 
The width of an imaged scene in the range dimension, measured in either ground range or 
slant range on the swath.  
 

Wide 
Swath 
(WS) Mode 
product 

 
The Wide Swath Mode (WS) product is a 400 km by 400 km image. Spatial resolution of 
approximately 150 m by 150 m for nominal product. VV or HH polarization. 
 

 
Source: ESA, 2004; ASAR product handbook 
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APPENDIX B: BACKSCATTER GENERATION 
 
 
 

 
 
 
A.                                                                          B. 
 
Figure B1: A: Region on interest (ROI) and B: ROI converted to ASCII format 
 
Below, the MATLAB code for calculating DN2 are given: 
 
clc 
clear % clears the display screen and memory 
format long g % Specifies the format of the values generated  
%  
% Loading ROIs of soybean area (ID: 34)in both HV and HH 
%  
soy34HV=load('D:\Ishtiak\Backscatter\text\august12\soy34HV.txt'); 
soy34HH=load('D:\Ishtiak\Backscatter\text\august12\soy34HH.txt'); 
% 
%Calculation of DN2 of the ROIs 
% 
DN2soy34HV=soy34HV.*soy34HV; 
DN2soy34HH=soy34HH.*soy34HH; 
% 
%Writing the DN2 values in a matrix 
% 
DLMWRITE('D:\Ishtiak\Backscatter\DN2\august12\DN2soy34HV.txt',DN2soy34HV,'delimiter','\t'); 
DLMWRITE('D:\Ishtiak\Backscatter\DN2\august12\DN2soy34HH.txt',DN2soy34HH,'delimiter','\t'); 
%  
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A sample MATLAB code section that calculates the DN2 average is given below: 
 
clc 
clear % clears the display screen and memory 
format long g % Specifies the format of the values generated  
%  
% Loading DN2 valuse of soybean area (ID: 34)in both HV and HH 
% 
DN2soy34HV=load('D:\Ishtiak\Backscatter\DN2\october21\DN2soy34HV.txt'); 
DN2soy34HH=load('D:\Ishtiak\Backscatter\DN2\october21\DN2soy34HH.txt'); 
% 
%acquiring and storing the size of the DN2 matrix for soybean 34 
% 
[p,q]=size(DN2soy34HV); 
[r,s]=size(DN2soy34HH); 
% 
count=0; % initial value of the total number of DN2 values assigned as zero 
% 
for i=1:p   % start of loop 
    for j=1:q 
        if DN2soy34HV(i,j)~=0 
            count=count+1;  % storing the total number of DN2 present in        
        end                 % each line of the matrix 
    end 
end % end of loop 
% 
% calculating the average DN2 for soybean 34 HV polarization 
% 
DN2AVGsoy34HV=sum(sum(DN2soy34HV))/count 
 
count=0; % initial value of the total number of DN2 values assigned as zero 
for i=1:r   % start of loop 
    for j=1:s 
        if DN2soy34HH(i,j)~=0 
            count=count+1;  % storing the total number of DN2 present in 
        end                 % each line of the matrix 
    end 
end % end of loop 
% 
% calculating the average DN2 for soybean 34 HH polarization 
% 
DN2AVGsoy34HH=sum(sum(DN2soy34HH))/count 
% 
%storing the average DN2 values in a matrix 
% 
AVGDN2_october21=[DN2AVGsoy34HV,DN2AVGsoy34HH;]; 
% 
%writing the matrix in text format 
% 
dlmwrite('D:\Ishtiak\Backscatter\DN2AVG\october21\AVGDN2_october21.txt', AVGDN2_october21, 
'delimiter', '\t', 'precision', 20); 
% 
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A sample MATLAB code for generating the backscatter profiles of a selected ROI 
(soybean 34) is given below: 
 
clc 
clear % clears the display screen and memory 
format long g % Specifies the format of the values generated  
%  
%creating a matrix with the names of the ROI as string 
% 
X=['soy34HV     ';'soy34HH     ]; 
C=cellstr(X); 
% 
% loading the DN2 matrix of a selected date 
% 
AVGDN2_august02=load('D:\Ishtiak\Backscatter\DN2AVG\august02\AVGDN2_august02.txt'); 
% 
% assigning the local incidence angles of soybean 34 to an attribute. And converting the  
% values in radian 
% 
INCIDENCE_IS2=[25.14;25.25;]; 
INCIDENCE_IS2_RAD=INCIDENCE_IS2*(pi/180); 
% 
%assigning the absolute calibration value to an attribute 
% 
K=[ 0802 543250.312500;]; 
% 
sigma_0802=zeros(1,2); % creating a 1 × 2 matrix with zero values 
sigmadb_0802=zeros(1,2); % creating a 1 × 2 matrix with zero values 
s=1; 
[p,q]=size(AVGDN2_august02); % acquiring the size of the DN2 matrix 
 
for i=1:p % start of loop 
    for j=1:q % start of nested loop 
% 
%calculating the linear backscatter coefficient         
% 
sigma_0802(i,j)=(AVGDN2_august02(i,j)/K(4,2))*sin(INCIDENCE_IS2_RAD(i,s)); 
% 
% calculating the backscatter coefficient in logarithmic scale 
% 
sigmadb_0802(i,j)=10*log10(sigma_0802(i,j)); 
    end 
end 
% 
% writing the backscatter values in text file 
% 
dlmwrite('D:\Ishtiak\Backscatter\Result\august02\sigmadb_0802.txt', sigmadb_0802, 'delimiter', '\t', 'precision', 
30); 
 
 
Note: As the whole code is repetitive, only unique section of the codes are appended  
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Table B1: Absolute calibration constant for each dates 
 
Date Absolute calibration constant (K)
June 28, 2004 543250.312500
July 8, 2004 944449.875000
July 24, 2004 1130383.87500
August 2, 2004 543250.312500
August 12, 2004 944449.875000
August 31, 2004 949245.000000
September 6, 2004 543250.312500
September 16, 2004 944449.875000
October 2, 2004 1130383.87500
October 11, 2004 543250.312500
October 21, 2004 944449.875000
 
Source: ASAR data header file 
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Table B2: Average Backscatter Coefficient of Different Fields 
 

Date 
 

Fields 
 

Avg. HV (dB) 
 

Avg. HH (dB) 
 

28-06-2004 Soy -16.61 -8.33 
 Wheat -18.03 -11.95 
 Corn -16.76 -8.63 
 Forest -14.71 -9.10 
 Golf -18.88 -13.96 
 HD -11.90 -5.08 
 LD -14.70 -8.40 
   

08-07-2004 Soy -16.36 -9.67 
 Wheat -16.33 -10.51 
 Corn -14.90 -8.18 
 Forest -14.88 -10.13 
 Golf -19.17 -14.63 
 HB -11.32 -4.07 
 LB -14.99 -9.58 
   

24-07-2004 Soy -20.12 -14.09 
 Wheat -19.70 -13.91 
 Corn -19.31 -13.16 
 Forest -18.59 -13.67 
 Golf -23.50 -18.82 
 HB -14.85 -7.59 
 LB -17.54 -12.50 
   

02-08-2004 Soy -14.72 -7.72 
 Wheat -16.44 -7.88 
 Corn -14.20 -7.55 
 Forest -14.79 -9.33 
 Golf -19.00 -13.10 
 HB -12.17 -4.43 
 LB -14.62 -8.75 
   

12-08-2004 Soy -15.97 -10.53 
 Wheat -18.61 -11.30 
 Corn -15.88 -9.96 
 Forest -15.24 -10.38 
 Golf -19.21 -15.08 
 HB -11.20 -5.25 
 LB -14.77 -9.78 
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Table B2: Average Backscatter Coefficient of Different Fields (Continued.) 
Date 

 
Fields 

 
Avg. HV (dB) 

 
Avg. HH (dB) 

 
31-08-2004 Soy -16.97 -11.54 

 Wheat -19.00 -11.21 
 Corn -16.41 -10.39 
 Forest -16.84 -11.58 
 Golf -21.10 -15.98 
 HB -13.01 -6.59 
 LB -16.70 -11.83 
   

06-09-2004 Soy -15.81 -7.70 
 Wheat -17.69 -8.72 
 Corn -15.37 -8.45 
 Forest -14.82 -9.36 
 Golf -19.32 -14.55 
 HB -12.17 -6.10 
 LB -14.73 -7.96 
   

16-09-2004 Soy -15.16 -9.69 
 Wheat -19.33 -12.06 
 Corn -14.66 -8.75 
 Forest -14.91 -9.92 
 Golf -19.00 -15.10 
 HB -11.37 -5.14 
 LB -14.38 -9.43 
   

02-10-2004 Soy -19.03 -13.46 
 Wheat -21.02 -14.57 
 Corn -19.23 -11.57 
 Forest -18.57 -12.59 
 Golf -23.43 -18.39 
 HD -14.56 -7.78 
 LD -17.75 -12.80 
   

11-10-2004 Soy -18.21 -11.80 
 Wheat -19.58 -11.12 
 Corn -16.93 -8.90 
 Forest -15.76 -10.03 
 Golf -20.56 -14.78 
 HB -11.42 -4.57 
 LB -14.39 -7.70 
   

21-okt Soy -15.71 -9.47 
 Wheat -14.77 -8.21 
 Corn -15.91 -6.76 
 Forest -14.29 -9.78 
 Golf -19.19 -14.75 
 HB -8.83 -4.06 
 LB -14.49 -8.68 
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APPENDIX C: CHANGE DETECTION 
 
This Syntax reads the ascii(Arc Grid format) file exported using focus and writes a matrix that 
is readable in Matlab 
 
clc 
clear 
read=1; 
% fid = fopen('D:\Ishtiak\NewChange\TM88.','rt'); 
% if read==1 
%     fout= fopen('D:\Ishtiak\NewChange\TM88.txt','wt'); 
% end 
% header1 = fgetl(fid); 
% header2 = fgetl(fid); 
% header3 = fgetl(fid); 
% header4 = fgetl(fid); 
% header5 = fgetl(fid); 
% header6 = fgetl(fid); 
% if read==1 
%     no=0; 
%     while 1 
%         tline = fgetl(fid); 
%         no=no+1;     
%         if ~ischar(tline), break, end 
%         fprintf(fout,'%s \n', tline); 
%     end 
%     no 
%     fclose(fid); 
%     fclose(fout); 
% end  
% %  
% fid = fopen('D:\Ishtiak\NewChange\MEANSD.','rt'); 
% if read==1 
%     fout= fopen('D:\Ishtiak\NewChange\MEANSD.txt','wt'); 
% end 
% header11 = fgetl(fid); 
% header22 = fgetl(fid); 
% header33 = fgetl(fid); 
% header44 = fgetl(fid); 
% header55 = fgetl(fid); 
% header66 = fgetl(fid); 
% if read==1 
%     no=0; 
%     while 1 
%         tline = fgetl(fid); 
%         no=no+1;     
%         if ~ischar(tline), break, end 
%         fprintf(fout,'%s \n', tline); 
%     end 
%     no; 
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%     fclose(fid); 
%     fclose(fout); 
% end 
% % 
 
% 
TM88=load('D:\Ishtiak\NewChange\TM88.txt'); 
MEANSD=load('D:\Ishtiak\NewChange\MEANSD.txt'); 
[p,q]=size(TM88); 
ChangeMap=zeros(p,q,'int8'); 
RefMap=zeros(p,q,'int8'); 
 
for i=1:p 
    for j=1:q 
%         pixTM=TM88(i,j); 
%         pixMEANSD=MEANSD(i,j); 
        if TM88(i,j)== 10 
        elseif TM88(i,j)== 30 
        elseif TM88(i,j)== 50 
        elseif TM88(i,j)== 70 
        elseif TM88(i,j)== 90 
        elseif TM88(i,j)==130 
            ChangeMap(i,j)=0; 
            RefMap(i,j)=0; 
        else 
            if TM88(i,j)==110 % Forest Cover Change 
                if MEANSD(i,j)==2 
                    ChangeMap(i,j)=90; %Change to Road 
                    RefMap(i,j)=110; 
                elseif MEANSD(i,j)==3 
                    ChangeMap(i,j)=110;%Change to LB 
                    RefMap(i,j)=110; 
                elseif MEANSD(i,j)==4 
                    ChangeMap(i,j)=130; %Chane to HB 
                    RefMap(i,j)=110; 
                elseif MEANSD(i,j)==5 
                    ChangeMap(i,j)=150; %Change to Golf 
                    RefMap(i,j)=110; 
                end 
                 
                else 
                    ChangeMap(i,j)=0; 
                    RefMap(i,j)=0; 
            end 
            if TM88(i,j)==150 % Agriculture Cover Change 
                if MEANSD(i,j)==2 
                    ChangeMap(i,j)=10; %Change to Road 
                    RefMap(i,j)=150; 
                elseif MEANSD(i,j)==3 
                    ChangeMap(i,j)=30;%Change to LB 
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                    RefMap(i,j)=150; 
                elseif MEANSD(i,j)==4 
                    ChangeMap(i,j)=50; %Chane to HB 
                    RefMap(i,j)=150; 
                elseif MEANSD(i,j)==5 
                    ChangeMap(i,j)=70; %Change to Golf 
                    RefMap(i,j)=150; 
                end 
                 
                else 
                    ChangeMap(i,j)=0; 
                    RefMap(i,j)=0; 
            end 
        end 
    end 
end 
 
%             
dlmwrite('D:\Ishtiak\NewChange\RefMap.txt', RefMap, '-append','delimiter', '\t'); 
%dlmwrite('D:\Ishtiak\NewChange\ChangeMap.txt', ChangeMap,'-append','delimiter','\t'); 
 
 
%  
 
% fid = fopen('RefMap.txt','wt'); 
% fprintf(fid,'%s \n', header1); 
% fprintf(fid,'%s \n', header2); 
% fprintf(fid,'%s \n', header3); 
% fprintf(fid,'%s \n', header4); 
% fprintf(fid,'%s \n', header5); 
% fprintf(fid,'%s \n', header6); 
% fclose(fid); 
% save RefMap.txt -ASCII  -TABS -APPEND 
%  
%  
% fid = fopen('ChangeMap.txt','wt'); 
% fprintf(fid,'%s \n', header11); 
% fprintf(fid,'%s \n', header22); 
% fprintf(fid,'%s \n', header33); 
% fprintf(fid,'%s \n', header44); 
% fprintf(fid,'%s \n', header55); 
% fprintf(fid,'%s \n', header66); 
% fclose(fid); 
% save ChangeMap.txt -ASCII  -TABS -APPEND 
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