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ABSTRACT 

This PhD research is focused on urban change detection using very high resolution (VHR) 

imagery acquired by different sensors (i.e. airborne and satellite sensors) and different view 

angles. Thanks to high amount of details provided in VHR images, urban change detection 

is made possible. On the other hand, due to the complicated structure of 3D urban 

environments when projected into the 2D image spaces, detection of changes becomes 

complicated.  

In general, change detection is divided into two major steps: 

I. Establishment of a relation between bi-temporal images so that the corresponding 

pixels/segment are related; this is called co-registration 

II. Comparison of the spectral properties of the co-registered pixels/segment in the bi-

temporal images in order to detect changes 

As far as Step 1 is concerned, establishment of an accurate global co-registration between 

bi-temporal images acquired by the different sensors is not possible in urban environments 

due to different geometric distortions in the imagery. Therefore, the majority of studies in 

this field avoid using multi-sensor and multi-view angle images.  

In this study, a novel co-registration method called "patch-wise co-registration" is proposed 

to address this problem. This method integrates the sensor model parameters into the co-

registration process to relate the corresponding pixels and, by extension, the segments 

(patches). 

In Step 2, the brightness values of the matching pixels/segments are compared in order to 

detect changes. Thus, variations in the brightness values of the pixels/segments identify the 
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changes. However, there are other factors that cause variations in the brightness values of 

the patches. One of them is the difference of the solar illumination angles in the bi-temporal 

images. In urban environment, the shape of the objects such as houses with steeply-sloped 

roofs (steep roofs) cause difference in the solar illumination angle resulting in difference 

in the brightness values of the associated pixels. This effect is corrected using irradiance 

topographic correction methods. Finally, the corrected irradiance of the co-registered 

patches is compared to detect changes using Multivariate Alteration Detection (MAD) 

transform.  

Generally, in the last stage of change detection process, "from-to" information is produced 

by checking the classification labels of the pixels/segments (patches). In this study, a fuzzy 

rule-based image classification methodology is proposed to improve the classification 

results, compared to the crisp thresholds, and accordingly increase the change detection 

accuracy.  

In total, the key results achieved in this research are: 

I. Including the off-nadir images and airborne images as the bi-temporal 

combinations in change detection  

II. Solving the issue of geometric distortions in image co-registration step, caused by 

various looking angles of images, by introducing the patch-wise co-registration 

III. Combining a  robust spectral comparison method, which is the MAD transform, 

with the patch-wise change detection 

IV. Removing the effect of illumination angle difference on the urban objects to 

improve change detection results 
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V. Improving classification results by using fuzzy thresholds in the image 

classification step. 

The outputs of this research provide an opportunity to utilize the huge amount of archived 

VHR imagery for automatic and semi-automatic change detection. 

Automatic classification of the images especially in urban area is still a challenge due to 

the spectral similarity between urban classes such as roads and buildings. Therefore, 

generation of the accurate “from-to” information is still remaining for future researches. 
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1. Chapter 1: INTRODUCTION 

This PhD dissertation presents solutions to urban change detection problems using very 

high resolution data acquired by multi-sensors with multi-resolutions and multi-

geometries. This is an article based dissertation presented through the following papers: 

 

Paper 1 (Peer Reviewed):  

Jabari, S. and Y. Zhang (2015), RPC-Based Co-Registration of VHR Imagery for Urban 

Change Detection, Journal of Photogrammetric Engineering & Remote Sensing 

(under review) 

 

Paper 2 (Peer Reviewed):  

Jabari, S. and Y. Zhang (2015), Using Off-Nadir Satellite and Airborne Imagery for Urban 

Change Detection, IEEE Transaction on Geoscience and Remote Sensing (under 

review). 

 

Paper 3 (Peer Reviewed):  

Jabari, S. and Y. Zhang (2015), Building Change Detection Using Topographic Correction 

Models, IEEE Transaction on Geoscience and Remote Sensing (under review).  

 

Paper 4 (Peer Reviewed):  

Jabari, Shabnam, and Yun Zhang, (2013) Very High Resolution Satellite Image 

Classification Using Fuzzy Rule-Based Systems, Algorithms 
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1.1 Dissertation Structure 

This articles-based dissertation consists of six chapters. Four peer reviewed journal papers 

are incorporated in the dissertation, which are either published or under review. Chapter 1 

provides an introduction to the research, Chapters 2 to 5 present the four journal papers. 

Finally, Chapter 6 presents the summary of the work and conclusions. Figure 1.1 

illustrates the organization of this dissertation. 

 

Figure 1.1 Organization of this dissertation 

1.2 Background 

Before the launch of IKONOS satellite in 1999, optical remote sensing was mainly 

restricted to small scale applications such as forestry, mining, or broad environment 

monitoring due to the limited spatial resolution of satellite images. The highest spatial 

resolution of the satellites before lunch of IKONOS was around 5-6m, which could not 

present detailed information about urban objects (Ryan, 2003). Detailed mapping was 

usually undertaken with photogrammetric techniques using airborne images. However, 

after development of Very High Resolution (VHR) satellite images, the borders between 
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remote sensing and photogrammetry blurred together. The great capability of the VHR 

satellites in providing metric imagery with high level of details provides the opportunity 

of accomplishment of applications such as urban area monitoring. Prepared by the author 

using information from the vendors’ websites1, Table 1.1 lists the VHR satellites images 

in operation as of May 2015 possessing a spatial resolution better than 1m. As can be seen, 

there are over 15 VHR satellites which constantly monitor the earth and produce high 

resolution imagery. 

Table 1-1 Very High Resolution Optical Satellites 

Satellite Country Launch 

date 

Pan Res. 

(m) 

MS. Res 

(m) 

# of bands 

GeoEye- 1 USA 6/9/2008 0.41 1.64 4 

WorldView-1 USA 18/09/2007 0.5 N/A 0 

WorldView-2 USA 8/11/2009 0.46 1.841 8 

WorldView-3 USA 13/08/2014 0.3 1.2 8 

QuickBird USA 18/10/2001 0.6 2.5 4 

EROS B1 Israel 25/04/2006 0.7 N/A 0 

Pleiades-1A France 16/12/2011 0.5 2 4 

Pleiades-1B France 2/125/2012 0.5 2 4 

IRS Cartosat-2 India 10/1/2007 0.8 N/A 0 

IKONOS USA 24/09/1999 1 4 4 

Resurs DK No.1 Russia 15/06/2006 1 3 1 

KOMPSAT-2 Korea 28/07/2006 1 4 4 

KOMSAT-3 Korea 17/05/2012 0.7 2.8 4 

KOMSAT-3A Korea 17/05/2013 0.5 2 4 

OrbView-3 USA 26/06/2003 1 4 4 

                                                 

 

1 https://www.digitalglobe.com/ 

http://www.imagesatintl.com/ 

http://www.geo-airbusds.com/pleiades/ 

http://bhuvan.nrsc.gov.in/bhuvan/content/indian-remote-sensing-satellites-earth-observation-india-high-

resolution-satellite-data 

http://www.russianspaceweb.com/resurs_p.html 

https://earth.esa.int/web/guest/home 

http://www.firstimagery.skybox.com/ 

 

https://www.digitalglobe.com/
http://www.imagesatintl.com/
http://www.geo-airbusds.com/pleiades/
http://bhuvan.nrsc.gov.in/bhuvan/content/indian-remote-sensing-satellites-earth-observation-india-high-resolution-satellite-data
http://bhuvan.nrsc.gov.in/bhuvan/content/indian-remote-sensing-satellites-earth-observation-india-high-resolution-satellite-data
http://www.russianspaceweb.com/resurs_p.html
https://earth.esa.int/web/guest/home
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SkySat-1 USA 21/11/2013 0.9 2 4 

SkySat-2 USA 8/7/2014 0.9 2 4 

 

On the other hand, airborne sensors have also been rapidly developing to even higher 

accuracies and spatial resolutions. Airborne digital sensors such as UltraCam, and DIMAC 

with pixel size of 6μm (Aeroscan website, 2015; Microsoft website 2015), are capable of 

producing imagery with up to 5cm spatial resolution. 

Satellite and Airborne digital sensors produce a huge amount of imaging information to 

meet the increasing demand of today’s geospatial information requirements. The fast 

development of space technologies and sensor capabilities in generating high accuracy 

data requires automatic and semi-automatic algorithms for spatial information production 

and maintenance. Change detection is one of the most useful applications of imagery which 

helps decision makers to quickly target the changes of interest and also aids in updating 

the spatial data sources such as city maps. However, utilizing imagery produced by 

different sensors and different geometries for automatic and semi-automatic change 

detection in urban environment is very challenging due to the inherent geometric 

distortions in the VHR images.  

Unfortunately, due to lack of the efficient technologies to utilize the rich source of imagery 

information produced every year, many of the images have become outdated before being 

efficiently used by automatic or semi-automatic methods or have not even been used. Our 

research work is motivated by this problem. 
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1.3 Selection of Research Topics 

Change detection developed techniques are used for updating various land use/land cover 

maps. One of the most challenging land covers in this field is urban environment. Yet, it 

is very rewarding in terms of existence of high demand in the industry for urban map 

updating, hazard assessment, urban monitoring, etc. The challenge is due to existence of 

high volume of details provided by VHR images and more importantly the geometric 

distortions inherent in the images. 

The primary objective of this research is to provide a solution for change detection to 

utilize a wide range of images acquired by satellites either in close-to-nadir or off-nadir 

conditions and by airborne sensors. 

1.4 Review of Existing Solutions 

There are numerous papers related to urban change detection in the literature (G. Chen, 

Hay, Carvalho, & Wulder, 2012; Hussain, Chen, Cheng, Wei, & Stanley, 2013; Lu, Li, & 

Moran, 2014).  In general, the approaches can be classified into 4 categories:  

 2D change detection 

 Change detection using Digital Surface Models (DSM) 

 Change Detection Using 3D Models 

 Volumetric Approach 

These approaches are discussed in the following sections.  

1.4.1 2D Change Detection 

The majority of the papers published in urban change detection use close-to-nadir imagery 

co-registered by polynomials (Bouziani M. et al., 2010) to avoid the misregistration errors 
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caused by off-nadir view angles. Another group of studies use off-nadir images from flat 

areas (Doxani, Karantzalos, & Strati, 2012; Im, Jensen, & Tullis, 2008; Im & Jensen, 2005; 

Im, Rhee, Jensen, & Hodgson, 2007; Niemeyer, Marpu, & Nussbaum, 2008). They use 

ortho-rectification methods attenuate the distortions due to the off-nadir view angle of the 

images and then use the polynomial technique for image co-registration. Since their study 

areas do not include high elevated buildings or steep surfaces, ortho-rectification does not 

cause serious misregistration problems. There is also another group of studies that use 

imagery to update the old GIS layers (Bouziani M. et al. 2010; Champion, 2007). In this 

group, also orthophotos are used or the misregistration errors are negligible after 

polynomial co-registration which means the area does not include high elevated objects.  

The last group of studies in this category, do not mention their co-registration methods; 

however, they suppose the bi-temporal image sets are perfectly overlaid (Benedek & 

Szirányi, 2009; Gueguen, Soille, & Pesaresi, 2011; Pacifici, Chini, & Emery, 2009; Volpi, 

Tuia, Bovolo, Kanevski, & Bruzzone, 2013). Thus, their study areas should be flat or 

chosen from true-orthophotos. The other option is acquiring images from exactly the same 

spots and angles, i.e. fixed cameras (Miller, Pikaz, & Averbuch, 2005); that looks unlikely 

in remote sensing.  

1.4.2 Change Detection Using Digital Surface Models (DSMs) 

To detect change, studies in this category use two DSMs of a project area created before 

and after a specific event. This category can be further divided into 3 groups (Tian, Cui, & 

Reinartz, 2014): 
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 In Group 1, the DSMs are used for image classification and then the class labels 

are compared to an existing map to identify changes (Champion et al., 2009; San 

& Turker, 2006)    .  

 In Group 2, the difference between bi-temporal DSMs is used to demonstrate the 

changed areas (Choi, Lee, & Kim, 2009). 

 In Group 3, DSMs’ difference provides the change candidates map that get further 

improved by additional information extracted from the imagery (Jung, 2004a; Tian 

et al., 2014).  

In the studies of this category, DSMs produced by LiDAR or stereo imagery are required 

which increase the change detection costs. Also, in cases where imagery is used along with 

the DSMs, the co-registration between the images and DSMs is a problem just like in the 

methods described in Section 1.4.1.  

1.4.3 Change Detection Using 3D Models 

In the studies of this category, an existing 3D model of buildings is used for change 

detection. Liu et al. (2010) used an existing 3D CAD model of the buildings to detect the 

changes in UltraCam generated airborne imagery by projecting the CAD borders into the 

image spaces and comparing the borders to detected edges. Qin (2014) also used a stereo 

image set to generate a DSM and then compared it to the city 3D model to update it.  

The studies of this category are dependent on existence of 3D models of the cities, which 

are not available for all the areas.  
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1.4.4 Volumetric Approach 

These studies use probabilistic models for intensities of a wide range of images to generate 

a 3D voxel based model of the area and detect changes (Crispell, Mundy, & Taubin, 2012; 

Pollard, Eden, Mundy, & Cooper, 2010). This framework requires several images to get 

trained.  As well, identification of changes out of a huge number of images, probably 

acquired at different dates, is a challenging task.  

1.5  Problem Statement 

From the literature, it can be inferred that the common imagery used for change detection 

studies are either close-to-nadir, off-nadir from a flat area, or stereo images.  This limits 

the urban change detection data to a very narrow group of imagery. On the other hand, 

combining images from different sensors, e.g. airborne sensors and satellite images, is not 

possible due to their geometric differences.  

Considering the above conditions, acquisition of the suitable data for change detection is 

hard and a huge number of produced images are not utilizable in the automatic and semi-

automatic methods.  

Exploiting images from different sensors with various view angles causes certain problems 

in change detection, so that most of the studies in the literature avoid using them. Those 

specific problems include: 

1. Using different view-angle imagery causes misregistration problems, since 

establishment of a global image co-registration is not possible due to varying 

relational positions of the objects; 
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2. Using images of different sensors causes misregistration problems if the scanning 

mechanism of the imagery are different (e.g. point perspective scanning and line 

perspective scanning); 

3. Using images acquired with different solar illumination angles causes variations in 

the pixel brightness values which are due to illumination angle difference rather 

than to real changes in the objects, therefore causing false change detection results. 

This PhD thesis research topic covers the aforementioned problems and they are addressed 

in the first three journal papers mentioned in section 1.1. 

On the other hand, in case from-to information is required in the change detection results, 

which specifies which object class is changed to what, image classification is inevitable. 

So that, the classification outputs of bi-temporal images can be compared in order to 

generate from-to information. The last journal paper in this dissertation addresses this issue 

and deals with improving the classification results by adopting fuzzy rule based systems.   

1.6 Research Objectives 

The objectives of this research are fourfold, to solve the problems mentioned in section 1.5 

related to urban change detection using imagery from various sensors and different view 

angles. 

a) Integrate multi-view angle and multi-geometry images, acquired by either satellites 

or airborne sensors, in automatic and semi-automatic change detection methods. 

b) Employ sensor model parameters to co-register images using object based image 

processing techniques. 
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c) Develop a 3D information incorporated and photogrammetric technology 

integrated solution for mitigating the misregistration problem due to the geometric 

distortions of the images. 

d) Modify irradiance based change detection results by integrating topographic 

correction models into the process. 

1.7 Data and Metrics 

The data and metrics used for evaluation of the methods presented in the Chapters 2 to 5 

are summarized in Table 1.2. 
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Table 1-2 Data and Metrics Used for Evaluation 

No Data Metric Description Chapter 

1 (1) 3 IKONOS images acquired in 

2003 from Hobart city in Australia 

the approximate GSD is around 

0.9m 

(2) 2 stereo GeoEye images 

acquired in 2009 from Hobart city in 

Australia; the approximate GSD is 

around 0.5m 

(3) One QuickBird image acquired 

in 2002 from Fredericton, NB, 

Canada; the approximate GSD is 

around 0.7m 

(4) One WorldView2 image 

acquired in 2011 from Fredericton, 

NB, Canada; the approximate GSD 

is around 0.5m 

For co-registration the area ratio of the 

matching segment generated in the 

target image to the segment generated 

by human expert was used as a 

measure of accuracy of co-

registration. 

For change detection the overall 

accuracy of changed vs unchanged 

classification result was calculated as 

well as ROC curves of the different 

change criteria. 

Chapter 

2 [Jabari 

and 

Zhang, 

2015] 

2 (1) one IKONOS image acquired in 

2003 from Hobart city in Australia; 

the approximate GSD is around 

0.9m 

(2) One GeoEye images acquired in 

2009 from Hobart city in Australia; 

the approximate GSD is around 

0.5m 

(3) Two off-nadir WorldView2 

image acquired in 2011and 2013 

from Fredericton, NB, Canada; the 

approximate GSD is around 0.5m 

(4) Two airborne images acquired in 

2005 from Fredericton, NB, Canada.  

For co-registration the area ratio of the 

matching segment generated in the 

target image to the segment generated 

by human expert was used as a 

measure of accuracy of co-

registration. 

For co-registration of satellite imagery 

also error propagation of the DSM and 

exterior orientation parameters in the 

image spaces were used. 

For change detection the overall 

accuracy of changed vs unchanged 

classification result was calculated as 

well as ROC curves for the MAD 

change criteria. 

Chapter 

3 [Jabari 

and 

Zhang, 

2015] 

3 (1) Two off-nadir WorldView2 

image acquired in 2011and 2013 

from Fredericton, NB, Canada; the 

approximate GSD is around 0.5m 

(2) One orthophoto of Fredericton, 

NB, Canada with 15cm GSD 

(3) Building border GIS layer 

 

For change detection the overall 

accuracy of changed vs unchanged 

classification result was calculated. 

Also the ROC curves of the different 

topographic correction methods as well 

as the area under curve were used for 

accuracy assessment.  

Chapter 

4 [Jabari 

and 

Zhang, 

2015] 

4 (1) One GeoEye images acquired in 

2009 from Hobart city in Australia; 

the approximate GSD is around 

0.5m 

(2) One QuickBird image acquired 

in 2002 from Fredericton, NB, 

For classification accuracy assessment 

a confusion matrix produced by 

comparing the manual classification 

results with outputs of the fuzzy 

classification results was generated. 

Also as a metric measure of change 

classification accuracy overall 

Chapter 

5 [Jabari 

and 

Zhang, 

2013] 
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Canada; the approximate GSD is 

around 0.7m 

 

accuracy and Kappa coefficient 

parameters were used.  

 

1.8 Overview of Each Chapter 

 Chapter 1 is an introduction to this dissertation presenting a background of the 

study, selection of research topic, review of the existing solutions, statement of the 

problem, objectives of the study, and an overview of each chapter. 

 Chapters 2 to 5 comprise the four journal papers of this dissertation with the main 

contributions of this research included in. 

o Chapter 2 presents a novel solution to co-registration of VHR satellite imagery 

incorporating sensor model parameters. It introduces the patch-wise co-

registration and uses the comparison of the spectral properties of the resulting 

matching patches for change detection. 3 change criteria are tested for detecting 

the changed patches (segments): Correlation Analysis, Cosine Angle method, 

and MAD transform (Canty, 2006; Nielsen, Conradsen, & Simpson, 1998).  

o Chapter 3 demonstrates an enhancement into the patch-wise co-registration to 

utilize imagery from various angles and sensors in change detection. It also 

integrates the patch-wise co-registration and MAD transform for change 

detection.  

o Chapter 4 presents a solution to the varying irradiance of the individual steep 

objects (mainly buildings) that cause false alarms in change detection. 

Topographic correction models are used to attenuate the irradiance variation 

due to solar illumination angles difference. 
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o Chapter 5 presents a study based on incorporating Fuzzy thresholds, as 

opposed to crisp thresholds, into the image classification techniques for 

improving the classification output accuracies.  

 Chapter 6 presents the summary of the work accomplished in this research, 

concluding remarks, contributions of the research, and the future work. 
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2. Chapter 2:  RPC-BASED CO-REGISTRATION OF VHR 

IMAGERY FOR URBAN CHANGE DETECTION 

Abstract 

In urban change detection, co-registration between bi-temporal Very High Resolution 

(VHR) images taken from different view-angles is very challenging. The geometric 

differences caused by the displacements of elevated objects lead to misregistration between 

the bi-temporal images, resulting in inaccurate change detection results. This paper 

presents a novel solution to co-register VHR images for urban change detection. It utilizes 

the Digital Surface Model (DSM) and the Rational Polynomial Coefficients (RPCs) of the 

images to search for the corresponding points and objects. Then, three change detection 

criteria, Cosine Angle, correlation, and Multivariate Alteration Detection (MAD), are 

applied separately to find changes. The proposed change detection framework is tested 

using four cross-sensor image sets acquired by IKONOS, QuickBird, GeoEye-1, and 

Worldview-2. The results prove that the co-registration outputs are highly compatible with 

human expert co-registered outputs. The combination of the proposed co-registration and 

MAD transform produces highly accurate urban change detection results.  

2.1 Introduction 

The most dynamically changed areas on earth are urban areas. Urban change detection 

matters to a large number of organizations, such as municipalities and local governments, 

for a wide range of applications including map updating and hazard assessment. VHR 

Satellite images have been increasingly used for urban change detection since they provide 

adequate details for urban change detection.  
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Using satellite imagery for change detection, one can compare the characteristics of 

pixels/objects in the bi/multi-temporal images to detect changes between the times of the 

image acquisitions if the spatial relation between the corresponding pixels/objects is 

known. Therefore, change detection is normally conducted in the following three steps: 

1) establishing a spatial relation between bi-temporal images (co-registration), 

2) specifying the element of change detection: object (through segmentation) or pixel, 

and 

3) indicating the change: analyzing the spectral or spatial features of the objects or 

pixels to find changes.  

2.1.1 Importance of Co-Registration  

The role of the co-registration in change detection is crucial, since any error in co-

registration directly affects the change detection accuracy. The consequences of 

misregistration are either error of omission in change detection result, i.e., the changed 

object is classified as unchanged; or error of commission, i.e., the unchanged object is 

classified as changed (Sundaresan, Varshney, & Arora, 2007). In both cases the change 

detection accuracy is decreased. 

The co-registration task is even more serious in urban VHR imagery. Considering that 

almost all of the VHR images acquired from the same area are taken from varying view-

angles, the layout of the elevated objects in bi/multi-temporal imagery is different. This 

geometric difference causes the misregistration problem.  
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Also, the existence of the building façades and the associated occlusions in urban 

environment, which is concealed within the context of geometric differences, often cause 

errors in change detection.   

2.1.2 Co-Registrations Used in Change Detection  

Although there are a significant number of papers on urban change detection that used 

certain co-registration techniques (Blaschke, 2005a; G. Chen et al., 2012; Deer, 1998; 

Doxani et al., 2012; Im et al., 2008; Jung, 2004b; Nielsen et al., 1998; Niemeyer et al., 

2008; Pacifici, Del Frate, Solimini, & Emery, 2007; Walter, 2004; T. Wang & Jin, 2012), 

there are very few change detection papers directly dealing with the co-registration of VHR 

images from different viewing angles (G. Chen et al., 2012).  

In general, the co-registration approaches used in change detection studies can be divided 

into five categories. The first category uses a fixed camera producing co-registered images 

(Miller et al., 2005), which is not possible for studies using satellite imagery. The second 

category uses polynomial registration of the images (Al-Khudhairy et al., 2005; Bouziani 

M.,Goïta K., He D.C., 2010; Im et al., 2008; Im & Jensen, 2005; Zhou, Troy, & Grove, 

2008). The studies in this category either use low to moderate resolution images, which 

are less sensitive to relief displacement compared to high resolution images, or ignore the 

effect of relief distortion by selecting a flat area for the study (Pacifici et al., 2007). The 

third category uses matching techniques for change detection (Dellinger, Delon, Gousseau, 

Michel, & Tupin, 2014; T. Wang & Jin, 2012). Matching operators such as Scale-Invariant 

Feature Transform (SIFT) are generally based on constant disparities of pixels, which is 

not always a true assumption in VHR images acquired at different imaging angles. The 
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fourth category studies use orthophoto generation techniques to remove the relief distortion 

(Doxani et al., 2012; Niemeyer et al., 2008; Tian et al., 2014). The ortho-rectification 

approach might cause distortions in the borders of the urban objects, such as buildings. For 

this purpose true-orthophotos are required, which are expensive to generate (Braun, 2003).  

Papers in the fifth category follow a method to compensate for the effect of misregistration 

presented by (Blaschke, 2005a), which recommends looking at the problem of object-

based change detection as more GIS processing than image processing. Adopting GIS 

analysis can help to distinguish the small spurious changes caused by misregistration from 

the real changes (Desclée B., Bogaert P, Defourny P., 2006; Mäkelä & Pekkarinen, 2001). 

However, considering the complicated geometry of the VHR images, especially in urban 

areas, the divergence of the objects of different elevations will be dissimilar, causing 

uncertainties in the topological operators leading to significant false detections. Even using 

GIS analysis, the big sliver polygons produced cannot be easily distinguished from actual 

changes.  

There is also another group of studies that deal with urban change detection using a 3D 

approach, in which bi-temporal Digital Surface Models (DSMs) associated with the bi-

temporal images of the study area are compared to detect changes (Jung, 2004b; Martha, 

Kerle, Jetten, van Westen, & Kumar, 2010; Murakami, Nakagawa, Hasegawa, Shibata, & 

Iwanami, 1999; Tian et al., 2014; Waser et al., 2008). However, producing two sets of high 

resolution DSMs is not cost effective.   

In addition, a group of studies led by (Pollard et al., 2010) use a voxel based approach for 

change detection that considers each image as an instance of a volumetric space with 

intensities following a Bayesian probability theory, which are updated every time a new 
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image is introduced to the system (Crispell et al., 2012; Kang, Zhang, Yue, & Lindenbergh, 

2013). However, this method requires several images to get the system trained and it is not 

possible to apply it to the bi-temporal images. According to the literature, no solution has 

been found that can effectively co-register bi-temporal VHR images from different 

viewing angles and detect urban changes at object level.  

2.1.3 Co-Registration in the Proposed Change Detection Framework  

To overcome the limitations of the existing co-registration techniques for change detection, 

this paper presents an applicable, novel solution to co-register the bi/multi-temporal VHR 

images from different viewing angles. Here, the photogrammetric principle is used to 

mathematically model the geometric differences in the images to improve the co-

registration. The corresponding segments in two images are co-registered based on the 

mathematical model established by using a DSM and the Rational Polynomial Coefficients 

(RPCs) of the images. Then, existing algorithms are applied to the co-registered segments 

in the images to find changes.  

To overcome the problem caused by façades and occlusions, this study focuses on 

detecting changes of building roofs. The developed framework is used to detect changes 

in urban environments in this study, because urban change detection is a more challenging 

task. However, the framework can be applied to detect changes of other land covers as 

well. 

2.2 Proposed Change Detection Framework  

The proposed framework for urban change detection in this study is divided into three 

components: pre-processing, RPC-based co-registration, which includes transferring 
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segments from one of the bi-temporal images to the other one; and change analysis. These 

three components will be explained in detail in this section. Figure 2.1 depicts an overview 

of the presented framework for change detection.  

 

 

Figure 2.1: The schematic steps of the presented framework for change detection 

This new approach is based on the indirect co-registration of bi-temporal satellite images 

in order to compare their intensity content to detect changes. Considering the varying 

layout of the urban structures in multi-temporal images, especially different relief 

displacements of elevated objects, establishment of a global one-to-one co-registration 

model, such as polynomial registration, is not possible. Thus, a patch-wise registration is 

performed in this study. The size of the patch can vary from a pixel to a large segment 

representing a meaningful object. Therefore, the presented co-registration method can be 

used either in pixel-based or object-based change detection. However, since the change 

detection results produced by pixel-based methods are noisy, object-based change 

detection (OBCD) is preferred in this study.  
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The concept of this co-registration method is to project the DSM to the images spaces 

using RPCs, insuring that the footprint of each point of the DSM in the images will reveal 

matching points provided that RPCs are error free.  

In the presented change detection framework, first, one of the images is segmented (here, 

referred to as the base image). Then, the segments are transferred to the other image (here, 

referred to as the target image). This is performed by the projection of the DSM points to 

bi-temporal images, using RPCs, and finding the corresponding points generating the 

associated patches from the base image in the target one. Finally, the radiometric content 

of the corresponding segments are compared in order to detect changed areas. We tested 

three different change detection criteria regarding radiometric comparison of the objects: 

Correlation Analysis, Cosine Angle, and MAD transform.   

This framework is capable of being extended to co-register and subsequently detect 

changes in multi-temporal images as well, but it does not necessarily require more than 2 

images. In this study, only two images are used for change detection; therefore, the time 

series of images in this paper are referred to as bi-temporal.  

It is clear that this framework is intrinsically invariant to view-angles since it adopts 3D 

information extracted from DSM to relate the patches.  

An example of the segment transferred from the base image to the target one is presented 

in Figure 2.7(a-d). Some objects are highlighted to identify the changes. The object 

borders of Figure 2.7(a) and (c) are transferred to Figure 2.7(b) and (d), respectively, 

where some of the objects do not exist.  



25 

 

2.2.1 Pre-processing 

The pre-processing step of this study contains fusion of multi-spectral images with the pan 

images of the same dataset in order to produce multi-spectral datasets with higher spatial 

resolutions. FuzeGo software, formally UNB-pansharp is used for this purpose (Y. Zhang, 

2004).  

As the essential step in every OBCD method is to achieve the segmentation fitting object 

borders properly, here, one of the bi-temporal images is segmented and considered to be 

the base image and respecting the geometric properties of the images, the same segments 

are later on generated in the target image. 

There are numerous methods for segmentation and improvement of borders, each of which 

is successful to some extent. As change detection is a hierarchy of steps, its accuracy is 

highly dependent on the accuracy of each of the steps. Segmentation, being one of the 

crucial steps in OBCD, has its own impact on the change detection accuracy. In this study, 

in order to focus on co-registration improvement and remove the effect of miss-

segmentation from the accuracy of the final results, after an initial optimum segmentation, 

segments are manually inspected by a human expert to insure no under-segmentation exists 

in the images. Also, the segments related to the buildings are edited by a human expert so 

that each segment fits one building border. A pre-generated building border GIS layer can 

also be used in this step. In land cover areas other than buildings, such as roads, vegetation, 

etc., the segmentation is done in such a way that the objects are over-segmented. 

In the output of this step, each pixel will have a code specifying its unique object ID 

denoted by 𝑆𝑘,1 ≤ 𝑘 ≤ 𝐾, where 𝐾 is the total number of segments in the image. 
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2.2.2 RPC-based Co-registration 

The major task in OBCD is to determine if the object existing in the base image is still 

present with the same specifications in the target image. Therefore, if the segments from 

the base image are transferred to their corresponding place in the target image, comparison 

of the radiometric specifications in two images results in detecting changes. 

In VHR imagery, considering the perspective difference in the image acquisition 

conditions, the shape of the objects might vary from one image to the other. Therefore, the 

objects must be given the flexibility to change shape. In this study, decomposing the 

objects into their basic elements, which are pixels, and adopting the sensor exterior 

orientation parameters, or RPCs, in the satellite images to indirectly transfer the pixels 

from one image to the other provides the mentioned flexibility for objects to change shape.   

Here, the main point is that since each image is a projection of the 3D ground space into a 

2D image space, the regeneration of the imaging conditions will enable us to find the 

corresponding points in the images. In fact, the proposed co-registration method is based 

on the inverse of the space intersection problem in photogrammetry. In photogrammetry, 

the same area is imaged from multiple view angles. Later on, using matching techniques 

the coordinates of the corresponding image points along with the exterior orientation 

parameters (related to sensor position and attitude) of each image are used for solving the 

space intersection problem, in which the unknowns are the object coordinates of the 

corresponding ground point (Figure 2.2(a)). However, in the presented co-registration 

method it is assumed that the ground coordinates (given by DSM) along with the exterior 

orientation parameters (given by RPCs in satellite images) are known. Nevertheless, 

because of time difference between images, we are not sure if the matching points/objects 
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are still there. Thus, using the reverse space intersection, which is the projection of the 

DSM into image spaces, the hypothetical matching points, and thus objects, are detected. 

Figure 2.2 represents the mentioned difference. 

Considering that one of the images (e.g., base image) is segmented, the ID of the segment 

hosting the DSM projection footprint in the base image will be transferred to the 

corresponding pixel in the target image. The same process is performed on the other pixels 

and the corresponding segment is generated in the target image. Thus, the process of 

matching the corresponding segments is done indirectly using the DSM as an indicator. 

Later on, by comparison of the radiometric content of the points/objects, we can make sure 

whether the object is still the same or is changed.  

 

Figure 2.2: Comparison between space intersection and the proposed method for co-registration. (a) 

Space intersection task in which the interior and exterior parameters along with image coordinates 

of matching points (P1 and P2) are used to calculate the ground coordinates of ground point P. (b) 

The proposed co-registration task in which the 3D coordinate of the ground point along with the 

exterior orientation parameters are used for revealing the matching points in the bi-temporal 

images. 
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To achieve the proposed patch-wise co-registration, the following processes need to be 

conducted: establishing the Rational Function Model (RFM), DSM projection into image 

space, and generation of matching segments. Figure 2.3 presents the flowchart of the 

developed algorithm. 

 

Figure 2.3: The flowchart of the developed algorithm for the presented change detection framework 

2.2.2.1 Rational Function Model 

The RFM camera model is the ratio of two cubic functions of latitude, longitude, and height 

that relates the image coordinates to the object coordinates. The coefficients in the model, 
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RPCs, function as a replacement for exterior orientation parameters of airborne images in 

satellite imagery and are provided by imaging vendors (Grodecki, 2001). The following 

equations present the RFM formula: 

�̃� =
𝑃1(𝑋, 𝑌, 𝑍)

𝑃2(𝑋, 𝑌, 𝑍)
 

�̃� =
𝑃3(𝑋, 𝑌, 𝑍)

𝑃4(𝑋, 𝑌, 𝑍)
 

𝑃(𝑋, 𝑌, 𝑍) = ∑ ∑ ∑ 𝐴𝑎,𝑏,𝑐𝑋
𝑎𝑌𝑏𝑍𝑐𝑚

𝑎=0
𝑚
𝑏=0

𝑚
𝑐=0                                             (2-1) 

where �̃� and �̃� are normalized image coordinates, and X,Y, and Z are normalized ground 

coordinates. m is generally set to 3. In this study, since we deal with bi-temporal images, 

the above equations are re-written for the image i (𝑖 = 1 𝑜𝑟 2) and ground point j as 

[
�̃�
�̃�
]
𝑖𝑗

= 𝐺𝑖([
𝑋
𝑌
𝑍
]

𝑗

)                                                              (2-2) 

where 𝐺𝑖([
𝑋
𝑌
𝑍
]

𝑗

) is the transformation based on the RFM equations. 

However, RPCs provided by imaging vendors have inherent uncertainties due to small 

attitude or ephemeris errors, which manifest themselves as biases in the image coordinate 

space (Fraser & Hanley, 2005). Fraser (2003) demonstrated that the bias vectors, which 

are the result of a direct comparison between the projected GCPs and the image space, 

using RPCs, and the corresponding image points, are fairly invariant within an image and 

can be modeled using an affine transformation, disregarding the type of terrain. In their 

experiments, the standard error of the biases is around half a pixel. Applying the affine 

bias compensation to the image points, the adjusted RFM equation can be written as 
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[
�̂�
�̂�
]
𝑖𝑗

= 𝑇𝑖𝐺𝑖([
𝑋
𝑌
𝑍
])𝑗                                                             (2-3) 

where �̂� and �̂� are bias compensated image coordinates and 𝑇𝑖 is a 2D affine 

transformation given in 

[
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𝑖
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�̃�
1
]

𝑖𝑗

                                          (2-4) 

where 𝑚𝑘𝑙, 𝑘 ∈ 1: 3, 𝑙 ∈ 1: 2, are the unknown coefficients of the affine transformation for 

which at least 3 control points are required. Therefore, a precise projection from ground 

space to image can be generated using the conformal adjusted RFM equation. What is 

meant by precise is sub-pixel accuracy.  

2.2.2.2 DSM Projection into Image Space 

The DSM is first projected to the base image and then projected to the target image using 

the RPCs associated with each image. Thus, each DSM point can be considered as an 

indicator relating the corresponding image points indirectly. Figure 2.4 depicts how 

uncorrected RPCs of each image are used to relate the corresponding image points. 
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Figure 2.4: Projection of the ground pixels to the image space using RFM (G1 and G2 in the figure). 

Using the uncorrected RPCs, ground point A is projected to �̃�′ and �̃�" in bi-temporal images. Later 

on, performing affine transformations (T1 and T2) on the images, �̃�′ and �̃�′′ are transformed to their 

correct places a′ and a′′ respectively, resulting in the indirect matching of points a′ and a′′. 

Later on, based on Equation 2-4, a conformal transformation is applied separately on the 

projected DSM points in the image spaces to transfer them to their un-biased positions. 

This process indirectly matches the points in bi-temporal images. 

The problem that remains here is the effect of occlusion, which is schematically depicted 

in Figure 2.5. AE is the hypothetical curve mapping the point A in the object space to the 

point E in the image space (AE is represented by a curve since, in satellite imagery, the 

collinearity equations are replaced by RFM; therefore, AE is not a straight line). Although 

all of the points A, B, C, and D are on the mentioned curve, in reality, the intensity of E is 

related to D, which means that the points A, B, and C are occluded. Here, the problem is 

that in automatic processing, after projecting the DSM to an image space, how do we 

understand that the intensity of E is originating from D? The answer is that in the DSM 

considered as a 2D matrix, in which every entry represents the orthogonal projection of a 

point on the ground, B does not exist. Among the points A, C, and D, which all are mapped 

to E, the intensity of E originates from the point which has the highest elevation, since 
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essentially, in satellite images, the elevated points tend to occlude the other points hidden 

behind them. Thus, with an elevation comparison, the occluded points are immediately 

removed. This means points A, B, and C are removed from the change detection process 

since they are occluded.  

 

Figure 2.5: The effect of occlusion in VHR imagery. Using RFM, the points A, B, C, and D are all 

projected to the point E. However, the intensity of the point E is related to the point D; basically 

because it has a higher elevation (The line AE is shown as a curved line to reflect that the RFM 

equations are not linear) 

2.2.2.3 Generation of Matching Segments  

Having related each image point in the base image to its corresponding point in the target 

image, the segments ID (𝑆𝑘) of the pixel is also transferred from the base image to the 

target image.  

𝑆𝑘1 = {[
𝑥
𝑦]
1
| [
𝑥
𝑦]
1
∈ 𝑆𝑘}                                                           (2-5) 

𝑆𝑘2 = {𝑇2𝐺2([
𝑋
𝑌
𝑍
]

𝑗

)|𝑇1𝐺1([
𝑋
𝑌
𝑍
]

𝑗

) ∈ 𝑆𝑘1}                                              (2-6) 

where 𝑆𝑘1and 𝑆𝑘2are corresponding segments in the base image and the target image, 

respectively. 
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As the direction of relief displacement in images acquired under various viewing angles is 

different, pixels being occluded in bi-temporal images vary. Also, one can find brightness 

values representing a compressed area due to the difference in the incident angles of pixels. 

Therefore, the transformations from ground to bi-temporal images are not one-to-one, 

which means multiple points on the ground can be projected to a single image point, or 

specific pixels in the images might not be projected to. This provides the flexibility for the 

objects to change shape to fit the real object border, while being transferred from the base 

image to the target.  

2.2.3 Change Analysis 

The common change criteria in literature can be grouped into six categories (Lunetta & 

Elvidge, 1999): algebraic such as image differencing and rationing, statistic such as 

correlation (Z. Chen & Hutchinson, 2007; Duro, Franklin, & Dube, 2013), post-

classification comparison, multi-date direct comparison, transformation using 

Eigenvectors such as PCA (Principal Component Analysis), and MAD transform. There 

are other criteria related to specific studies defined in the literature; for example (Miller et 

al., 2005) defines a gradient based ratio called saliency ratio and (Z. Chen & Hutchinson, 

2007) define a boundary compactness criterion for change detection after the earthquake 

and there is always the option of hybrid methods, which are the combinations of the 

aforementioned ones.  

Here, the results of three criteria, Cosine Angle, Correlation Analysis, and MAD transform, 

are compared for change detection. The Correlation Analysis and Cosine Angle are two of 

the most widely used methods for change detection. They provide a criteria which 
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represents how similar two vectors are. Thus, they can show how similar the spectral 

vectors of the objects in the base and target images are. High similarity between the spectral 

vectors means low change probability and vice versa. The better performance of the MAD 

transform compared to PCA has also been proved in (Nielsen et al., 1998). Therefore, the 

MAD transform is used in this study instead of PCA. Other methods which are based on 

shape of the objects cannot be used in this study since the viewing angle of the images can 

be various leading to difference in the shape of the object in different images.  

2.2.3.1 Cosine Angle 

The angle between 2 multispectral vectors can represent how similar the spectral signature 

of the object is in bi-temporal images. The cosine of this angle, given in Equation 2-7, is 

the result of the inner (or "dot") product of two multispectral vectors, which ranges from -

1 to +1. A shift and a scale constant can be used such that the cosine parameter is scaled 

to an appropriate non-negative interval, for example 0 to 1 (Lunetta & Elvidge, 1999). The 

higher the Cosine Angle, the lower the possibility that the related pixel/object is changed. 

𝑑 =
<𝑥,𝑦>

√<𝑥,𝑥><𝑦,𝑦>
=

∑ 𝑥𝑘𝑦𝑘
𝑏
𝑘=1

∑ 𝑥𝑘
2𝑏

𝑘=1 ∑ 𝑦𝑘
2𝑏

𝑘=1

                                                 (2-7) 

where x and y are multispectral vectors with b number of bands.  

2.2.3.2 Correlation Analysis 

Correlation Analysis, which manifests the similarity between two multispectral vectors, is 

potentially capable of reducing the scene-to-scene radiometric variations induced by solar 

irradiance, sun angle, atmospheric effects and sensors (Lunetta & Elvidge, 1999) since it 

takes the mean value of the pixels into account. The correlation coefficient (Equation 2-
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8) is a measure of the linear relationship between two multispectral vectors. The higher the 

correlation coefficient, the lower the difference (or, by extension, the "change") between 

the pair of multi-spectral vectors (Z. Chen & Hutchinson, 2007).  

𝑟 =
∑ (𝑥𝑘−�̅�)(𝑦𝑘−�̅�)
𝑏
𝑘=1

∑ (𝑥𝑘−�̅�)
2𝑏

𝑘=1 ∑ (𝑦𝑘−�̅�)
2𝑏

𝑘=1

                                                            (2-8) 

where 𝑥𝑘 and �̅� represent a pixel value and the mean of the pixel values in the first 

image, respectively; 𝑦𝑘 and �̅� represent a pixel value and the mean of the pixel values in 

the second image, respectively. 

2.2.3.3 MAD Transform 

The MAD transform, which can be considered as an extended version of PCA, is used as 

the third change identifier in this study. In PCA change detection, the primary component 

contains consistent information between the bi-temporal datasets, whereas the secondary 

component captures the difference (Z. Chen & Hutchinson, 2007). However, as (Nielsen 

et al., 1998) state, PCA is dependent on scale, number of channels, and forces the same 

gain setting of measurements, while MAD is designed to compensate for the shortages of 

PCA. A MAD transform is linear scale invariant, which means it is insensitive to linear 

radiometric and atmospheric schemes (Nielsen et al., 1998). From this, it can be inferred 

that a MAD transform is capable of compensating for the slight individual bandwidth 

dissimilarities in different sensors. Therefore, cross-sensor change detection is expected to 

be more accurate using the MAD transform. 

A MAD transform is based on measuring the difference of a linear transformation of two 

multi-spectral vectors from bi-temporal images, X and Y, in such a way that the variance 

of the measurement is maximized. 



36 

 

𝐷 = 𝑎𝑇𝑋 − 𝑏𝑇𝑌                                                                     (2-9) 

in which, a and b are coefficients calculated based on Canonical Correlation Analysis. As 

a result, the multi-spectral bands are transformed into a new space (D) in which the changes 

are highlighted.  

2.3 Study Areas, Experiments and Accuracy Assessments  

2.3.1 Study Area  

The proposed framework is implemented on 4 cross-sensor bi-temporal satellite image 

datasets from the city of Hobart, Tasmania, Australia and Fredericton, New Brunswick, 

Canada, each covering at least one square kilometer in area. The coverage areas contain 

typical urban structures with combinations of small to large and low to moderately high 

elevated buildings. Snapshots of the study areas are presented in Figure 2.6. 

 
(a) 

(b) 

 
(c) 

Figure 2.6: Snapshots of the study areas. (a) a combination of houses and elevated condos, 

Fredericton, Canada, (dataset ID: T4); (b) a combination of houses and industrial buildings Hobart, 

Australia, (dataset IDs: T1 and T2); (c) a typical developed urban environment (dataset ID: T3) 

Table 2.1 reports the specifications of the satellite images used in this study and the bi-

temporal combinations of the images and DSMs for change detection are presented in 

Table 2.2.  
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Table 2-1 Metadata of satellite images used in this study 

Data IK62 IK74 IK75 Geo000 Geo001 QB WV2 

Satellite name IKON

OS 

IKONOS IKONOS GeoEye1 GeoEye1 QuickBir

d 

Worldvie

w2 

City name 

Country 

Hobart 

Austral

ia 

Hobart 

Australia 

Hobart 

Australia 

Hobart 

Australia 

Hobart 

Australia 

Frederict

on 

Canada 

Frederict

on 

Canada 

Date 2003-

02-22  

2003-02-

22  

2003-02-

22 

2009-02-

05 

2009-02-

05 

2002-07-

22 

2011-07-

20 

Sat. Az (deg) 293.74 329.42 235.74 193.69 53.48 55.69 169.9 

Sat. Elev. 

(deg) 

75.17 69.14 69.20 70.06 63.87 64.72 72.9 

Approx. GSD 

(m) 

0.9 0.9 0.9 0.5 0.5 0.7 0.5 

 

Table 2-2 Bi-temporal combinations of satellite images used in this study for change detection 

Dataset ID 
First Date Image 

 (Target Image) 

Second Date Image 

(Base Image) 
Origin of DSM 

T1 IK62 Geo000 
Geo000-Geo001 stereo 

imagery 

T2 IK75 Geo000 
Geo000-Geo001 stereo 

imagery 

T3 IK74 Geo001 
Geo000-Geo001 stereo 

imagery 

T4 QB WV2 LiDAR data 

2.3.2 Experiment of Co-Registration  

Figure 2.7 (a-d) depicts examples of the original segments in the base images and the 

transferred ones in the target images using the presented co-registration method. As can 

be seen, the borders of the objects/segments are properly transferred to the target images. 

In this study, the older images are assumed as the target images; therefore the borders of 

the buildings or other objects, which are newly constructed, are also transferred to the old 

images where there is no construction yet. This provides the possibility of comparing the 

spectral properties of the objects in order to detect the changed areas. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

 

(e) (f) (g) (h) (i) 

Figure 22.7: Object border transformation from the base image to the target one using the presented 

method and existing ones. (a), (c) segments of the base image (Fredericton WV2, Hobart GeoEye, 

respectively); (b), (d) segments transferred to the old images (Fredericton QB, Hobart IKONOS); 

the highlighted areas represent examples of changed and unchanged objects transferred to the target 

images; (e-i) Comparison of the object borders generated using the presented co-registration method 

and the conventional polynomial registration methods; (e) borders of elevated objects in the base 

image (GeoEye image) generated manually, (f) segments transferred by the presented method 

(IKONOS image), (g) 1st order polynomial registration (base and target images are registered using 

1st order polynomial), (h) 2nd order polynomial registration, (i) 3rd order polynomial registration. 
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Figure 2.7(e-i) compares the results of the segments transferred from the base image to 

the target image, using the conventional polynomial image-to-image registration and the 

presented RPC-based, patch-wise co-registration. Figure 2.7(e) presents the human expert 

generated segments of the base image; in Figure 2.7(f), the same segments are transferred 

to the target image using the presented method. In Figure 2.7(g), (h), and (i) the target 

image (IKONOS) is registered to the base one (GeoEye) using first, second, and third order 

polynomials, respectively. Then, the segmentation result of the base image is used as a 

thematic layer for target image segmentation. As can be seen in Figure 2.7(e-i), even with 

high order polynomials, segments do not fit the building borders properly: the taller the 

building, the more diversion is expected due to relief displacement. As expected and also 

already stated in the related literature (Blaschke, 2005b; Niemeyer et al., 2008), there is a 

considerable shift between the segments and the actual borders in the polynomial 

registration, indicating that the conventional methods of registration fail in VHR image co-

registration. Meanwhile, the segments transferred using the method presented by the author 

closely fit building borders since the geometric distortion is taken into consideration using 

RPCs.  

However, the transferred segments in the target image seem to be jagged at the segment 

borders. This will not be a serious issue since the borders are created only to specify the 

corresponding segments and to compare their spectral properties.  
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Figure 2.8: Example of overlapping polygons in the target image for accuracy assessment. Polygon A 

represents the borderlines of an object generated by human expert; polygon B represents the 

borders generated using the presented method. The marker filled area represents the intersection of 

Polygon A and B 

2.3.3 Accuracy of Co-registration 

In order to quantify the performance of the presented method for image co-registration, 

one has to make sure that the segments transferred to the target image are consistent with 

the actual borders of the objects present. Thus, for the purpose of accuracy assessment, in 

each dataset, a group of test segments is considered among unchanged objects, generally 

from the buildings with similar areas since they have distinct borders. The borders of the 

test objects are manually generated in the target images by a human expert. Later on, as 

depicted in Figure 2.8, the borders of the segments transferred to the target images using 

the presented method (e.g. polygon B) are checked against the expert generated ones (e.g. 

polygon A). If they are consistent a high overlap is expected. Therefore, the intersection 

of the polygons gives a proper criterion to test the accuracy. However, in order to check 

the shifts between the objects, the union of the objects also matters. Here, an area ratio 

given in Equation 2-10 is suggested to be an accuracy criterion.  

𝐴𝑟𝑒𝑎 𝑅𝑎𝑡𝑖𝑜 =  
𝐴∩𝐵

𝐴∪𝐵
                                                               (2-10) 

where ∪ represents the union of two polygons and ∩ represents the intersection of two 

polygons A and B. If the polygons are identical (which is the ideal case) the area ratio is 

A 

B 
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1. The closer the ratio to 1, the better the accuracy of the patch-wise co-registration. Figure 

2.9 presents the mentioned ratios for around 20 different test objects in each dataset. As 

can be seen, the segment generation using the presented method has performed properly 

with an average accuracy around 85% for the test objects across all the test images. 

 

Figure 2.9: Accuracy of the co-registration using the proposed method: The area ratio is calculated 

for a group of test objects in the target images in each dataset.  

Considering the relief displacement of elevated objects toward various direction in 

different VHR images, re-generation of the objects of the base image in the target image 

that fit the original object borders is not possible with the conventional co-registration 

methods. However, with the patch-wise co-registration method, the re-generated objects 

in the target image fit the borders distinguished by a human expert with around 85% 

overlap.  This high overlap and co-registration accuracy provides the opportunity for 

precise change detection. It has to be pointed out that even the segments generated by two 

different human experts do not necessarily line up and there might be misalignments over 

borders of the objects.  
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2.3.4 Experiment of Change Detection  

Since the final goal of this study is to present an applicable change detection framework 

for urban environment images, it has to be proven that, after a proper co-registration step, 

changes can be detected by comparing the spectral properties of the corresponding 

segments in the bi-temporal images. In other words, we need to prove that a proper co-

registration can lead to a proper change detection result. Therefore, three different change 

criteria -- Cosine Angle, Correlation Analysis, and MAD transform -- are tested across the 

datasets. The final product of each criterion for change detection is a sort of binary 

classification: changed or unchanged. Figure 2.10 depicts samples of the change maps 

generated by each criterion from two separate datasets (T2 and T3). The highlighted areas 

in Figure 2.10 (c to e) and (h to j) represent the changes identified by the three change 

criteria used in this study. 

In order to set a threshold for classification of the changed/unchanged segments among all 

three change criteria, a parameter called F-measure (Equation 2-13) is used, based on the 

confusion matrix of a group of training segments including 10 samples of changed and 10 

samples of unchanged segments. The confusion matrix is generated for a fine range of 

thresholds using the training segments; the threshold which produces the maximum F-

measure is considered to be the optimum threshold and is used for change detection and 

accordingly accuracy assessment. 

Also, from the literature (Niemeyer et al., 2008), it is known that 2𝜎, 𝜎 being the standard 

deviation of the MAD bands, is a proper threshold for MAD-based binary change 

detection. In this study, the achieved optimal thresholds for MAD transform, specified by 

F-measure, were also fairly close to 2𝜎.  
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To evaluate the effectiveness of each criterion in change detection, we compare the change 

results with reference data generated by a human expert. In each dataset, a group of 

unchanged objects and a group of changed ones are selected and their real labels (specified 

by a human expert) are checked against the results generated using each of the 3 specific 

criteria and a confusion matrix is generated for each. Each matrix has four groups of 

numbers: true positive (tp), true negative (tn), false positive (fp), and false negative (fn). 

True positive and true negative are related to the segments which are truly identified as 

changed and unchanged, respectively; false positive and false negative are related to the 

segments which are falsely identified as changed and unchanged, respectively. Table 2.3 

represents the confusion matrices for each dataset associated with the maximum F-

measure. 
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(h) 

 
(i) 

 
(j) 

Figure 22.10: Change detection results of the proposed framework generated from the IKONOS and 

GeoEye images of city of Hobart using 3 different change criteria. (a - e) are related to dataset T3; (f 

- j) are related to dataset T2. (a,f) GeoEye images, (b,g) IKONOS images; The highlighted areas 

depict changes detected using Correlation Analysis in (c,h), using Cosine Angle in (d,i), and using 

MAD transform in (e,j). Images (a) and (b) are related to a typical urban area with normal size 

building objects and flat land while images (f) and (g) are related to a combination of an industrial 

area, with relatively large elevated buildings, and typical urban buildings 

Table 2.3 represents the confusion matrices for each dataset associated with the 

maximum F-measure. 

Table 2-3: Confusion matrix of four test datasets generated using maximum F-measure for accuracy 

assessment 

IK62-Geo000 T1 Correlation Cosine Angle MAD 

13 4 10 8 13 4 

0 24 3 20 0 24 

MAX F-measure 0.867 0.645 0.867 

IK75-Geo000 T2    

13 12 10 5 10 1 

0 16 3 23 3 27 

MAX F-measure 0.684 0.714 0.833 

IK74-Geo001 T3    

44 5 47 16 47 1 

5 41 2 30 2 45 

MAX F-measure 0.898 0.839 0.969 

QB-WV2     T4    

27 21 27 18 24 5 

0 0 0 3 3 16 

MAX F-measure 0.72 0.75 0.857 
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2.3.5 Accuracy of Change Detection 

Figure 2.11 presents the bar chart of the overall accuracy, which is the ratio of true 

identified segments over the total number of check segments. As can be seen, the MAD 

Transform presents the highest overall accuracy across the whole datasets, while the 

Cosine Angle and Correlation Analysis ranked second or third depending on the dataset. 

From the overall accuracy, it is hard to determine which of those latter two criteria 

performs better.  However, it is obvious that neither performed properly in the dataset T4, 

while the MAD Transform performed with over 85% accuracy. 

 

Figure 22.11: Overall accuracy for the three different change criteria across the study datasets 

The change detection performance of each of the criteria is also tested using a ROC 

(Receiver Operating Characteristic) curve, which is a plot of sensitivity versus fall-out 

(Equation 10 and 11). 

𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑡𝑝

𝑡𝑝+𝑓𝑛
                                                          (2-11) 

𝑓𝑎𝑙𝑙 − 𝑜𝑢𝑡 =
𝑓𝑝

𝑓𝑝+𝑡𝑛
                                                          (2-12) 

𝑝𝑟𝑒𝑐𝑒𝑠𝑖𝑜𝑛 =
𝑡𝑝

𝑡𝑝+𝑓𝑝
                                                          (2-13) 

𝐹 −𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =
(𝛽2+1)∗𝑝𝑟𝑒𝑐𝑒𝑠𝑖𝑜𝑛∗𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝛽2∗𝑝𝑟𝑒𝑐𝑒𝑠𝑖𝑜𝑛+𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
                                       (2-14) 
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a 

 

 

 

  

Figure 2.12: Change detection performance of the 3 different change criteria presented in ROC 

curves; for datasets: (a) T1, (b) T2, (c) T3, (d) T4 

Generally, the closer the ROC curve to the point (0, 1), the better the parameter to identify 

the changed from the unchanged. Also, the ROC curves close to diagonal (line identified 

by sensitivity = fall-out) are considered to be not appropriate for change identification. 

Figure 2.12 shows the ROC curves for the four datasets. Once again it cannot be clearly 

stated which of the two parameters, Cosine Angle and Correlation Analysis is better since 

in different datasets, one stands above the other. Furthermore, they both fail in the test of 

dataset T4. The main reason for that could be the difference between the wavelength 

coverage for multi-spectral bands of WorldView-2 and QuickBird satellites, while 

IKONOS and GeoEye-1 cover a similar range of wavelengths. Ultimately, MAD transform 

performs the best among the three criteria across all datasets in this study; therefore, it can 
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be a good candidate for change identification, once the co-registration between bi-temporal 

images is established. 

2.3.6 Final Remarks 

There are various sorts of satellite imagery available on the market taken from different 

view-angles with specific multi-spectral bands. However, generally the satellite images 

used in change detection should be close to anniversary images to minimize the 

illumination difference and also for considering the vegetation change detection; this limits 

the search area for finding proper data in change detection. Previously, one also had to take 

into account the viewing angle of the images appropriate for change detection. Those 

images were limited to the ones acquired close to nadir conditions, making the process of 

finding appropriate data for change detection even harder. Using the presented method for 

co-registration compensates for the latter limitation and includes a vaster range of imagery 

for change detection. Thanks to the unique form of RFM in typical VHR images, the 

suggested co-registration is always achievable regardless of the sensor used.  

Regarding spectral analysis aspect of change detection, obviously the change criteria 

which are more robust across a verity of sensors variation are preferred. In this study, MAD 

transform performed more robustly in terms of change identifications across different 

sensors. Therefore, a combination of the presented patch-wise co-registration method in 

this study and MAD transform is a proper tool for change detection in not only urban 

environments, but also other areas.  

Since the DSM is projected to base image to transfer the segment ID to the corresponding 

place in the target image, it is necessary that the DSM and the base image are acquired at 
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the same time or even if they are not synchronized there must be no change between them. 

In this study, in datasets T1 to T3 the DSM is generated from a stereo image set from which 

one image is selected for change detection. In this case, since the DSM is generated based 

on the same RPCs, projecting it back to the associated image space does not require the 

compensation for bias errors.   

2.4 Conclusion 

This study demonstrated an effective co-registration method for change detection. The 

presented RPC-based co-registration method is based on the fact that a global co-

registration cannot be established for VHR bi-temporal images; therefore, by adopting the 

RPCs to re-project the DSM to bi-temporal images, which indicates the matching points 

in the image space, an indirect patch-wise co-registration is suggested. After co-

registration, comparison of the spectral properties of the corresponding pixels/objects leads 

to detect changes. This framework was tested on 4 different cross-sensor bi-temporal 

images and the change detection results were satisfying.  

The presented RPC-based co-registration method along with the multi-spectral change 

criterion analysis provides a comprehensive approach for change detection especially in 

complicated environments such as urban areas. The presented patch-wise co-registration 

method regarding geometric properties of images provides promising co-registration 

accuracies, which overall, improves the change detection accuracy by reducing the size of 

sliver polygons.  

The suggested method for co-registration in this study is based on objects; however, it is 

not limited to object-based methods. As the method transfers the segments from one image 
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to the other one using their pixel components, one can use change detection using pixel 

based work as well, considering that it is not going to be a one-to-one transformation and 

a post process is required in order to compensate for multiple projections.  

The proposed framework also enables change detection using cross-sensor off-nadir 

imagery. Further development, which is ongoing, can be done in order to specify how far 

the off-nadir angle could vary. On the other hand, the change detection in this paper is still 

limited to the identification of changed/unchanged segments. Further development can be 

done to identify the type of changes using, for example, the previously classified base 

images. However, advanced object detection techniques will be required in complicated 

urban environments.  
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3. Chapter 3: USING OFF-NADIR SATELLITE AND AIRBORNE 

IMAGERY FOR URBAN CHANGE DETECTION 

Abstract 

To date, numerous research papers on urban change detection have been published, in 

which close-to-nadir satellite images are commonly used to avoid the misregistration 

problem caused by relief displacements in each of the images. This severely limits the data 

sources for change detection, because more than 95% of high resolution satellite images 

are taken with an off-nadir angle and the most portion of an aerial photo has an off-nadir 

view. In this paper, a Patch-Wise MAD approach is proposed for urban change detection 

using off-nadir satellite images and airborne images. In the proposed approach, first a 

Patch-Wise co-registration is performed, in which a Digital Surface Model (DSM) is used 

to guide the detection of the corresponding points in individual patches in the bi-temporal 

images. Then, the Multivariate Alteration Detection (MAD) is utilized to detect changes 

based on the spectral properties of the matching patches. The approach was tested on 

different combinations of close-to-nadir, off-nadir, and airborne images. The accuracy 

achieved was from 89% to 92% in co-registration and over 90% in the change detection. 

This approach demonstrates the potential to significantly open up the remote sensing data 

sources for urban change detection and other change detections. 

Key words: patch-wise co-registration, urban change detection, off-nadir satellite 

imagery, airborne images, MAD transform, VHR images 
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3.1 Introduction 

Urban change detection is an important task of remote sensing applications, because urban 

areas are one of the most dynamically changed areas on earth. Urban change detection is 

also one of the most challenging tasks in remote sensing image processing. Numerous 

research papers have been published on urban change detection suggesting various 

approaches. Our literature review indicates that the methods used for urban change 

detection can be divided into three general categories: (1) image-based change detection, 

(2) stereo or DSM (Digital Surface Model) based change detection, and (3) voxel-based 

change detection.  

In image-based change detection, most research papers used images of a flat surface for 

the study to minimize the co-registration errors. Polynomial or spline methods were used 

to co-register the bi-temporal images (Al-Khudhairy et al., 2005; Bouziani M.,Goïta K., 

He D.C., 2010; Gueguen et al., 2011; Im et al., 2008; Im & Jensen, 2005; Zhou et al., 

2008). Some used ortho-rectified images for change detection to reduce misregistration 

caused by relief displacement (Doxani et al., 2012; Niemeyer et al., 2008). Although these 

methods were relatively successful using moderate to low resolution images, existence of 

the geometric distortions were inevitable in the borders of the elevated objects (e.g. 

buildings) that reduce change detection accuracy in Very High Resolution (VHR) images.  

In stereo or DSM based change detection, DSMs before and after the change were 

generated either through stereo photogrammetry or LiDAR to highlight the change 

probabilities. And the final changes were identified by the comparison of the associated 

imagery (Jung, 2004b; Martha et al., 2010; Murakami et al., 1999; Pang, Hu, Wang, & Lu, 

2014; Tian et al., 2014; Waser et al., 2008). The co-registration of the DSMs and the 
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images was not error free, so that introduced false alarms in the change detection results. 

In addition, two sets of DSMs were required, which increases the cost for change detection.  

In voxel-based change detection, a large number of images are required to train the change 

detection system and to build a 3D model of the area by assigning the brightness values 

acquired from the pixels to the voxels (Crispell et al., 2012; Kang et al., 2013). It is not an 

easy task to identify the change in objects using a huge number of images. 

Overall, close-to-nadir images are needed for most of the routine change detection 

techniques to reduce the change detection errors. Highly tilted (off-nadir) images have 

inherent geometric distortions which will lead to misregistration between the bi-temporal 

images, resulting in false change detections. In addition, the majority of the studies selected 

images from the same sensor with similar spectral and spatial resolution to increase the 

accuracies.  

However, most VHR satellite images are taken with an off-nadir angle, because of the 

sensors’ agility to quickly capture a ground image within a 45° off-nadir angle. VHR 

satellite images are collected by many satellites with varying spatial resolutions and 

spectral bands. And, aerial photos are widely available for urban areas of industrialized 

countries. Unfortunately, these abundant data sources cannot be effectively utilized by 

existing techniques for change detection.  

We did a survey in DigitalGlobe’s database to investigate the percentage of off-nadir VHR 

images. The view angles of all VHR images acquired over the last 15 years (from January 

1, 2000 to January 1, 2015) for the cities New York, Toronto, Beijing, and Fredericton 

(NB, Canada) were examined. Table 3.1 shows the numbers of the close-to-nadir images 
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(less than 5°) and the numbers of off-nadir images (from 5° to 30°) in each city. It can be 

seen that more than 95% of the VHR satellite images are off-nadir.  

Table 3-1: Close-to-nadir and off-nadir VHR images acquired by DigitalGlobe from 1/1/2000 to 

1/1/2015 

City name\ 

number of 

images 

Close-to-nadir 

(<5°) 

Off-nadir  

(≥5° & <30°) 

Close-to-

nadir/ all 

images 

Off-nadir/ 

all images 

New York 31 695 
4% 

96% 

Toronto 19 292 
6% 

94% 

Beijing 27 706 4% 96% 

Fredericton 4 154 3% 97% 

To utilize off-nadir VHR satellite images for urban change detection and to overcome the 

problem of global co-registration, in our previous research we developed a patch-wise co-

registration approach to co-register corresponding patches in bi-temporal satellite images, 

which uses Rational Polynomial Coefficients (RPCs) of satellite images and the DSM of 

the area to guide the patch registration. Then, changes in bi-temporal VHR satellite images 

were identified by comparing the co-registered patches (Jabari & Zhang, 2015a).  

In this study, we present a Patch-Wise MAD approach to further push the limit to detect 

urban changes using bi-temporal images with larger off-nadir angles and using the 

combination of satellite images and aerial photos at different spatial resolutions, i.e. using 

multi-sensor, multi-geometry and multi-resolution images for urban change detection. 

Beside the RPC parameters of satellite images and a DSM of the area, we also included 

the exterior orientation parameters of airborne images in the sensor modeling to regenerate 

the imaging conditions for both satellite and airborne images at different scales, so that the 

patches in any images can be co-registered. Then, the Multivariate Alteration Detection 

(MAD) transform is utilized to detect changed patches (segments).  
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Although satellite images and airborne images visually appear similar, they have 

distinguished imaging geometry difference. Normally, VHR satellite images are acquired 

using push broom sensors which have a line perspective geometry; whereas most airborne 

images have a center perspective geometry. This geometric difference causes a significant 

problem in co-registration between satellite and airborne images, so causes more 

challenges in change detection.   

3.2 Patch-Wise MAD Approach  

If we know the exact position of an object in one of the bi-temporal images (base image) 

and also in the other image (target image), we will be able to compare the spectral 

properties of the corresponding objects to see whether a change has occurred. Therefore, 

the proposed change detection approach is divided into two major steps, 

1. Using Patch-Wise co-registration to find corresponding segments (patches) in the 

bi-temporal images; and 

2. Comparing the spectral properties of the corresponding patches (segments) using 

Multivariate Alteration Detection (MAD) transform.  

The detail of the two steps will be explained in this section.  

3.2.1 Patch-Wise Co-Registration 

The goal of the patch-wise co-registration is to take a segment (patch) from the base image 

and transfer it to its corresponding place in the target image (Jabari & Zhang, 2015a) in 

such a way that the both segments represent the exact same object. The reason the co-

registration is done in a patch-wise manner is due to the geometric distortions that make 

differences in the relative position of the objects in the images with various geometries. A 

DSM which presents the elevations of the top parts of the objects in an orthogonal 
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projection form is used for relating the matching points in the bi-temporal images. Using 

the collinearity equations in airborne images and Rational Function Model (RFM) in the 

satellite images, each DSM point is transferred to the both image spaces. Assuming there 

are no changes between the bi-temporal images (and no errors in the parameters), the 

projected DSM spots in the image spaces, represent the matching points. Then, from the 

matching points, the matching segments are generated. In case there is a change, since the 

borders of the changed object in the base image are also transferred to the target image, 

where the object of interest would be if there was no change, the spectral properties of the 

matching segments are expected to be different. Figure 3.1 illustrates a schematic 

representation of the co-registration method used in this study.  

 

Figure 33.1: Schematic representation of the patch-wise co-registration method. The DSM points are 

transferred to the image spaces revealing the matching points. The segment IDs of the points in the 

base image are transferred to their corresponding matching points in the target image. After this 

process is done for the whole points in the DSM, those points in the target image that have the same 

ID are merged to make the segments. 
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Thus, the first step is to segment the base image and the next step is to transfer the segments 

into the target image.  

3.2.1.1 Segmentation 

In this stage, one of the bi-temporal images is considered to be the base image and is 

segmented so that each segment has a unique ID. In this study, the segments are later on 

enhanced by a human expert to fit the building borders and confirm that in other urban 

areas, there is no over-segmentation. This means that each segment includes only one 

object or an object is divided into many segments. For example each building roof is one 

single segment which does not include a part of building façade. This will also help to 

remove the effect of missegmentation from the final change detection accuracies (A 

building border GIS layer can also be used in this step). 

3.2.1.2 Co-Registered Segment Generation 

The corresponding points, and accordingly segments, are detected by relating the DSM 

points to the image spaces using the exterior orientation parameters in the airborne images 

or RPCs in the satellite images. The rendering of the DSM points into the image space is 

referred to as DSM projection. In order to clarify DSM projection, we go through image-

object coordinates relations and explain how the rendering works for parallel scanners 

(here, referred to as satellite images) and center-perspective scanners (here, referred to as 

airborne images).   
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3.2.1.2.1 Image-Object Coordinates Relation 

In photogrammetry, basically, image-object coordinate transformation is given by scales, 

rotations, and shifts in the 3D space in Cartesian systems. The model for this relation is 

called the collinearity equations, and the coefficients in the model are given by sensor 

position parameters, sensor attitude parameters (rotation angles) and the scale, which are 

called exterior orientation parameters (wolf,1983). Thus, if the exterior orientation 

parameters are known, image-object transformation can be established. 

This relation is different for satellite images. Because of parallel scanning (line scanning 

system) mechanism, the coordinate system of each line is different than others; therefore, 

for the unification, instead of the exterior orientation parameters an extended Direct Linear 

Transform (DLT) (with 2nd degree polynomials) is used, which is called RFM. And the 

coefficients of the polynomial terms, called RPCs, are calculated by imaging vendors and 

presented to the users. Thus, RFM can be used to relate satellite image coordinates to object 

coordinates, which in this case is a normalized geodetic coordinate system.  

From the above it can be inferred that, if the object coordinates and the parameters relating 

the object coordinates to the image spaces are known, the establishment of the object-

image coordinate relation can lead to indirectly relating the corresponding points in the bi-

temporal image spaces.  

3.2.1.2.2 DSM Projection into Satellite Images 

As explained by Jabari and Zhang (Jabari & Zhang, 2015a), projection of DSM points to 

their image spaces is performed by RFM: 

�̃� =
𝑃1(𝑋, 𝑌, 𝑍)

𝑃2(𝑋, 𝑌, 𝑍)
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�̃� =
𝑃3(𝑋, 𝑌, 𝑍)

𝑃4(𝑋, 𝑌, 𝑍)
 

𝑃(𝑋, 𝑌, 𝑍) = ∑ ∑ ∑ 𝐴𝑎,𝑏,𝑐𝑋
𝑎𝑌𝑏𝑍𝑐𝑚

𝑎=0
𝑚
𝑏=0

𝑚
𝑐=0                                   (3-1) 

where �̃� and �̃� are normalized image coordinates, and X,Y, and Z are normalized ground 

coordinates. m is generally set to 3 (Grodecki, 2001).  

Since the RPCs provided by imaging vendors have inherent uncertainties due to attitude 

or ephemeris errors, the projected DSM point into the image space might not represent the 

exact position of interest. Nevertheless, Fraser and Hanley (2003) demonstrated that the 

aforementioned uncertainties can be modeled using an affine transformation.  

The transformation from the object space to the image space based on the RFM equations 

is shown as: 

[
�̂�
�̂�
]
𝑖𝑗

= 𝑇𝑖𝐺𝑖([
𝑋
𝑌
𝑍
])𝑗                                                             (3-2) 

where �̂� and �̂� are bias compensated image coordinates, 𝐺𝑖([
𝑋
𝑌
𝑍
]

𝑗

) is, and 𝑇𝑖 is a 2D affine 

transformation given in: 

[
�̂�
�̂�
]
𝑖𝑗

= 𝑇𝑖 [
�̃�
�̃�
]
𝑖𝑗

= [
𝑛11 𝑛12 𝑛13
𝑛21 𝑛22 𝑛23
0 0 1

]

𝑖

[
�̃�
�̃�
1
]

𝑖𝑗

                                          (3-3) 

where 𝑛𝑘𝑙, 𝑘 ∈ 1: 3, 𝑙 ∈ 1: 2, are the unknown coefficients of the affine transformation. To 

calculate the affine transformation parameters, there are two solutions: either at least3 

image control points can be selected to solve the 6 unknowns in the affine transformation 

or bias compensation method can be used. In the latter, at least one ground control point is 

required to remove the biases inherent in the image RPCs (Fraser and Hanley, 2005).  
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Using the set of Equations 1 to 3, each object point (from DSM) can be transferred to its 

corresponding place in the satellite image space.  

3.2.1.2.3 DSM Projection into Airborne Image 

The same process mentioned in the previous section is tested in this study using exterior 

parameters in airborne imagery. As mentioned before, image-object relationship in the 

airborne images (with point perspective geometry) is provided by collinearity equations 

presented in Equations 3-4. 

𝑥 = 𝑥0 − 𝑓
(𝑋 − 𝑋𝑜)𝑚11 + (𝑌 − 𝑌𝑜)𝑚12 + (𝑍 − 𝑍𝑜)𝑚13

(𝑋 − 𝑋𝑜)𝑚31 + (𝑌 − 𝑌𝑜)𝑚32 + (𝑍 − 𝑍𝑜)𝑚33
 

𝑦 = 𝑦0 − 𝑓
(𝑋 − 𝑋𝑜)𝑚21 + (𝑌 − 𝑌𝑜)𝑚22 + (𝑍 − 𝑍𝑜)𝑚23

(𝑋 − 𝑋𝑜)𝑚31 + (𝑌 − 𝑌𝑜)𝑚32 + (𝑍 − 𝑍𝑜)𝑚33
 

(3-4) 

where, 𝑥0 and 𝑦0 are principal point image coordinates; 𝑋𝑜, 𝑌𝑜, and 𝑍𝑜 are principal point 

object coordinates, generally measured by onboard mounted GPS; 𝑚𝑖𝑗 are the entries of 

the rotation matrix, that are given in Equation 3-5. 

𝑀 = [

cos(𝜑) cos (𝜅) −cos (𝜑)sin (𝜅) sin (𝜑)

cos(𝜔) sin(𝜅) + sin(𝜔) sin (𝜑) cos (𝜅) cos(𝜔) cos(𝜅) − sin(𝜔) sin(𝜑) sin (𝜅) − sin(𝜔) cos (𝜑)

sin(𝜔) sin(𝜅) − cos(𝜔) sin(𝜑) cos (𝜅) sin(𝜔) cos(𝜅) + cos(𝜔) sin(𝜑) sin (𝜅) cos(𝜔) cos (𝜑)

] 
(3-

5) 

where, M is the rotation matrix; 𝜔,𝜑, and 𝜅 are sensor rotation angles around X, Y, and Z 

axis, respectively, which are generally measured by the onboard mounted Inertial 

Measurement Unit (IMU). The projected points and the original points are expected to be 

the same, provided that the errors of DSM and exterior orientation parameters are 

negligible. 

 

3.2.1.2.4 Matching Segment Generation 
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Having found the matching points in the bi-temporal images, the segment IDs of the points 

from the base image are transferred to their corresponding points in the target image. After 

repeating the process for all the DSM points, the points in the target space which have the 

same segment ID are merged to generate the matching segments. Hence, the segments are 

re-generated in the target image using the IDs from the base image (In this step, if the GIS 

borders are used, the segment IDs from the GIS layer are assigned to the transferred points 

in the image spaces).  

3.2.1.3 Solution to Occlusion 

One of the main problems in urban change detection is dealing with occlusion. As 

illustrated in Figure 3.2, some areas are visible in Figure 3.2 (a) while occluded in Figure 

3.2 (b). Occlusion causes uncertainties in change detection, since occluded areas in one 

image do not have a matching area to which the other image can be compared. 

 

(a) 

 

(b) 

Figure 33.2: Comparison of the layout of an elevated building from different view angles. 

Conventional co-registration methods cannot be used for change detection using VHR images in 

urban environment since this leads to numerous false alarms in change detection 
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Figure 3.3: Occlusion in urban environment. The intensity registered in point E, belongs to point D 

that has the highest elevation and points A and C are occluded.  

Figure 3.3 illustrates a schematic form of occlusion. Points A, B, and C are occluded by 

Point D. Therefore, the intensity registered in Point E belongs to Point D. However, using 

the collinearity or RFM equations, Points A and D which exist in the DSM will also be 

projected to Point E. Point B belongs to a building façade (a vertical object) and does not 

exist in a 2D DSM. Recognizing that shorter objects get occluded by higher elevated ones 

in remote sensing images, the occlusion problem can be solved. Projecting the DSM points 

to the image space, the areas where one object occludes the others get multiple projections. 

Thus, in the areas with multiple projections in the image space, the image points will be 

related to the ground space point with higher elevation (D) and the other object space points 

(A and C) with lower elevations get marked as "occluded" and will be removed from the 

process in both the images. Hence, the change detection process will be limited to 

horizontal surface objects (not vertical surfaces such as building façades) which are not 

occluded. This limits the change detection process in the urban areas to building roofs and 

surface objects which are not occluded in both the images and prevents false detections.  



67 

 

3.2.2 Comparison of the spectral properties using MAD transform  

After patch-wise co-registration, the associated intensities of the corresponding segments 

(patches) are compared in order to detect the changes. There are different methods for 

identification of the changes such as Cosine Angle, correlation, principal component 

analysis, and MAD transform. However, as presented in (Jabari & Zhang, 2015a), MAD 

transform has been proved to perform the best compared to other methods. The better 

performance of MAD compared to principal component analysis has also been proved in 

(Nielsen et al., 1998). Thus, MAD is used for radiometric content comparison of the co-

registered segments in order to detect changes in this study.  

This method generates a linear transformation of the radiometric content of the 

pixels/segments and benefits from canonical coefficients to maximize the disparity 

between the brightness values in bi-temporal images. It transfers the bi-temporal spectral 

vectors 𝑋 = [𝑋1, … , 𝑋𝑘]
𝑇 and 𝑌 = [𝑌1, … , 𝑌𝑘]

𝑇 , k being the number of the spectral bands, 

into the space D,  

𝐷 = 𝑎𝑇𝑋 − 𝑏𝑇𝑌 (3-6) 

in which a and b are the coefficients of a linear combination of the spectral bands so that 

𝑉𝑎𝑟{𝑎𝑇𝑋 − 𝑏𝑇𝑌} is maximized with constraints 𝑉𝑎𝑟{𝑎𝑇𝑋} = 𝑉𝑎𝑟{𝑏𝑇𝑌} = 1. This 

formulation is solved using the Canonical Correlation Analysis. The Canonical Correlation 

Analysis transfers two vectors into a new space which is a linear combination of the 

original space. The first set of coefficients provides the highest correlation which is equal 

to the lowest variation (𝑎𝑇1𝑋 − 𝑏
𝑇
1𝑌). The second set provides the second highest 

correlation. And the 𝑘𝑠𝑡 set generates the highest variance (𝑎𝑇𝑘𝑋 − 𝑏
𝑇
𝑘𝑌).  
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[
𝑋
𝑌
] →

[
 
 
 
𝑎𝑇𝑘𝑋 − 𝑏

𝑇
𝑘𝑌

..

.
𝑎𝑇1𝑋 − 𝑏

𝑇
1𝑌]
 
 
 

 

𝐷{𝑎𝑇𝑋 − 𝑏𝑇𝑌} = 2(𝐼 − 𝑅) 

where, I is the k×k unit matrix and R is a k×k diagonal matrix containing the sorted 

canonical correlations on the diagonal. 

Since this transformation is done by a linear combination of the spectral information of the 

bi-temporal images, it is capable of compensating for spurious changes resulting from the 

linear variant of total illumination condition in the images (Nielsen et al., 1998) and also 

the radiometric resolution difference between the images if there is any. Also, as 

experienced in (Jabari & Zhang, 2015a), it has shown to be more robust against small 

differences in the similar spectral bands of images acquired by different sensors.  

3.3 Experiments and Discussion 

3.3.1 Study Datasets 

In this study, different combinations of close-to-nadir and off-nadir satellite images as well 

as airborne images are examined. Table 3.2 shows the major specifications of the imagery 

and Table 3.3 specifies the bi-temporal combinations.  

Table 3-2: The general specifications of the images used for change detection in this study 

Dataset 

Name 

IKONOS GeoEye WV2-2011 WV2-2013 AB-1 AB-2 

Satellite 

Name 

IKONOS GeoEye1 Worldview

2 

Worldview

2 

Airborne Airborne 

City 

Name 

Country 

Hobart 

Australia 

Hobart 

Australia 

Fredericton 

Canada 

Fredericton 

Canada 

Fredericton 

Canada 

Fredericto

n Canada 
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Date 2/22/2003 2/5/2009 7/20/2011 8/18/2013 2005 2005 

Approx. 

GSD (m) 

0.9 0.5 0.495 0.582 0.5 0.5 

Mean 

ONA 

(deg) 

close-to-

nadir 

close-to-

nadir 

15 27.1 - - 

Number 

of 

Spectral 

Bands 

4(NIR2-

RGB3) 

4(NIR-

RGB) 

8 8 3 (RGB) 3 (RGB) 

 

Table 3-3: The bi-temporal combination of the satellite images used for change detection in this 

study and the unique specifications of the bi-temporal combination 

Dataset 

ID 

Base image Target image Specification DSM Source 

T1 GeoEye IKONOS Combination of two off-nadir 

sat. images 

Stereo GeoEye 

imagery (0.5m 

accuracy) 

T2 WV2-2011 WV-2-2013 Combination of two off-nadir 

sat. images 

LiDAR(0.5m 

accuracy) 

T3 WV2-2011 AB-1 Combination of off-nadir sat. 

image and airborne image 

LiDAR(0.5m 

accuracy) 

T4 WV2-2011 AB-2 Combination of off-nadir sat. 

image and airborne image 

LiDAR(0.5m 

accuracy) 

Dataset T1 (belonging to the city of Hobart) is composed of two close-to-nadir satellite 

images with four multi-spectral bands (NIR-RGB). Dataset T2 is composed of a 

combination of off-nadir images. This dataset has a rich spectral resolution with 8 bands 

of WV2 satellite imagery. Datasets T3 and T4 are combinations of airborne images and an 

off-nadir satellite image in which the imaging source, spectral properties, radiometric 

resolution, and imaging geometries are quite different.  

                                                 

 

2 Near Infra-Red 

3 Red-Green-Blue 
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Because of the varying off-nadir angles of satellite images and the center perspective 

projection of aerial photos, buildings in the images are tilted to different detections. To 

overcome this problem, the change detection is limited to detect building roof changes, 

because we do not know if the façade on the same building side is visible in different 

images.  

Because of the inconsistency of available spectral bands, we select the spectral bands with 

as close as possible wavelengths in the change detection, and utilize MAD transform to 

compensate for differences in linear bandwidth and radiometric resolution. 

3.3.2 Co-registration Results 

Figure 3.4 shows two samples of building borders edited by a human expert in the base 

image (a and e) and transferred to the target image using the patch-wise co-registration 

method (b to d) and (f to h). As can be seen, although the buildings lean to different sides 

in different images, the patch-wise co-registration has been able to detect the proper 

building borders. In the acquisition time of images related to Figure 3.4 (g) and (h), the 

building is not constructed yet; therefore, the borders are transferred to the position where, 

if the building was constructed, its roof could have been found. Wider views of the images 

are presented in Figure 3.5. 
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(a) 

 

(b) 

 

(c) 

 

(d) 

(e) 

 

(f) 

 

(g) 

 

(h) 

Figure 3.4 Samples of the borders of two elevated buildings in Fredericton images to show the ability 

of the author's co-registration method to transfer segments from one image to their precise position 

in the other image. (a), (e) are two buildings segments in the WV2-2011 image, that is a base image in 

datasets T2, T3, and T4. The segments are edited by a human expert to fit the building borders. (b), 

(f) the segments transferred from the base image to the WV2-2013 image (target image in T2). (c), 

(g) the segments transferred from the base image to the AB-1 image (target image in T3). (d), (h) the 

segments transferred from the base image to the AB-2 image (target image in T4). In (g) and (h), 

since the target images are taken 6 years before the base image, the building in (e) does not exist in 

(g) and (h) and the highlighted area represents the border of the building if it existed at the moment 

of the image acquisition. The figures represent that leaning of the buildings are in different 

directions exposing different parts of the building façades. However, with the patch-wise co-

registration method, the borders of the roofs are detected. 
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(a) 

 

(b) 

 

(c) 

 

(d) 
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(e) 

 

(f) 

Figure 3.5: (a) segments of GeoEye image edited by a human expert. This is a base image in the 

dataset T1; (b) segments of IKONOS image that are transferred from the GeoEye image using the 

patch-wise co-registration method; (c) segments of WV2-2011 image edited by a human expert. This 

is a base image in datasets T2, T3, and T4; (d), (e), (f) segments of WV2-2013, AB-1, and AB-2 

images, respectively, that are transferred from the WV2-2011 image using the author's patch-wise 

co-registration method. 

Figure 3.5 (a) and (c) illustrate the scenes of the segmented base images for datasets T1 

to T4; (b), (d), (e), and (f) show the segments transferred to the target images using the 

patch-wise co-registration method. As can be seen, the borders are properly reproduced.  

3.3.3 Co-registration Accuracy Assessment 

3.3.3.1 Area Ratio 

As presented in (Jabari & Zhang, 2015a), as a criterion for assessing the co-registration 

accuracy, the overlap percentage of the segments generated by co-registration in the target 

image and the segments produced by a human expert is taken into consideration. Figure 

3.6 depicts a sample of the segment generated by a human expert (A) and segment 
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generated using the co-registration method in the target image (B). In order to specify the 

accuracy of the co-registration, the ratio of the intersection of the polygons and union of 

the polygons are calculated using Equation 3-7. 

 

Figure 3.6: Example of overlapping polygons in the target image for accuracy assessment. Polygon A 

represents the borderlines of an object generated by a human expert; polygon B represents the 

borders generated using the presented method. The marker filled area represents the intersection of 

Polygon A and B. 

𝐴𝑟𝑒𝑎 𝑅𝑎𝑡𝑖𝑜 =  
𝐴 ∩ 𝐵

𝐴 ∪ 𝐵
 (3-7) 

where, ∪ and ∩ represent the union and intersection of two polygons A and B, respectively. 

In the ideal case where the segment generated using the co-registration method and the 

human expert generated polygon are identical, the Area Ratio would be "1". In general, the 

closer the area ratio to “1”, the better the co-registration results. Figure 3.7 represents the 

Area Ratio for around 40 random sample building segments with various heights in each 

of the four study datasets. The average of area ratio for datasets T2, T3, and T4 (target 

images are WV2-2013, AB-1, and AB-2 of Fredericton city) are 89%, 89%, and 92%, 

respectively. And the average for dataset T1 (target image is IKONOS image of the city of 

Hobart) is 84%. Considering that the spatial resolutions of Fredericton images are 

approximately similar and around 0.5m, while the spatial resolution of the bi-temporal 

images of the Hobart dataset are different (0.5 for the GeoEye image and 0.9 for the 

IKONOS image), the lower accuracy in the co-registration in the Hobart dataset looks 

reasonable. Having added to the above that dataset T1 is composed of close-to-nadir 

 

A 

B 
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images while the other three datasets are comprised of off-nadir and airborne imagery, it 

can be stated that the off-nadir angle or sensor geometry difference does not make 

difficulties in the patch-wise co-registration in those datasets. 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 3.7: Area Ratio as a measure of co-registration accuracy across the four test datasets: The 

area ratio is calculated for a group of test objects in the target image in each dataset. (a) to (d) 

represent area ratio in the target images of datasets T1 to T4 
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Overall, regardless of the sensor types used in the different datasets, the generated 

segments, using the patch-wise co-registration method, correspond closely to the human 

expert generated ones. Here, higher accuracies achieved in the datasets T2 to T4 compared 

to T1 show that the patch-wise co-registration can be applied on the images with various 

geometries. This means that airborne images and satellite images can be co-registered with 

high accuracies using this co-registration method. 

3.3.3.2 Error Propagation in Airborne Images 

The accuracy of the change results are dependent upon the accuracy of the co-registration 

step and also change identifiers and the associated thresholds. Accordingly, errors in the 

DSM, exterior orientation parameters, and RPCs can negatively affect the result of co-

registration and change detection.  

As far as the DSM is concerned, the spatial resolution of the DSM must be similar to that 

of the images or better since the object must be identifiable in the DSM in order to be 

detected in images.  

In VHR satellite images, as shown by (Fraser & Hanley, 2005), the biases are expected to 

be removed by a conformal transformation.  After that, accuracy better than one pixel is 

expected in the projection of DSM points to the image space. Nevertheless, in airborne 

images, the exact accuracy of mapping the DSM points into the image space is not known. 

There are three different sources of errors which could propagate into the bi-temporal 

images spaces and negatively affect the co-registration accuracy: DSM error, the error of 

principal point position measured by the on-board GPS, and the error of sensor rotation 
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angles measured by the on-board IMU. To validate the co-registration process, the error 

propagation of the three main sources of errors is calculated in the airborne imagery. 

Co-linearity equations presented in Equation 3-5 are re-written as: 

𝑥 = 𝑓(𝑋, 𝑌, 𝑍) 

𝑦 = 𝑔(𝑋, 𝑌, 𝑍) 
(3-8) 

where, x and y represent image space coordinates and X, Y, Z represent object coordinates 

(from DSM). 

Error propagation based on DSM accuracy is given by 

𝐶𝑥,𝑦 = 𝐽𝐶𝐴,𝐵,𝐶𝐽
𝑇 (3-9) 

where, 𝐶𝑥,𝑦 is the covariance matrix of image coordinates, 𝐶𝐴,𝐵,𝐶 is the covariance matrix 

where (A,B,C) represent the object space coordinates (𝑋, 𝑌, 𝑍), or rotation angles (ω, 𝜑 , 

κ), or positioning of the principal point (𝑋𝑜, 𝑌𝑜, 𝑍𝑜) and 𝐽 is the Jacobean matrix of 

collinearity equations with partial derivatives represented by 

𝐽 = [

𝜕𝑓

𝜕𝐴

𝜕𝑓

𝜕𝐵

𝜕𝑓

𝜕𝐶
𝜕𝑔

𝜕𝐴

𝜕𝑔

𝜕𝐵

𝜕𝑔

𝜕𝐶

] (3-10) 

Assuming that 𝐶𝐴,𝐵,𝐶 is a diagonal matrix, that means A, B, and C are independent; 

Equation 3-9 yields  

𝐶𝑥,𝑦 = [
𝜎𝑥
2 𝜎𝑥𝑦

𝜎𝑦𝑥 𝜎𝑦
2 ] = [

𝜕𝑓

𝜕𝐴

𝜕𝑓

𝜕𝐵

𝜕𝑓

𝜕𝐶
𝜕𝑔

𝜕𝐴

𝜕𝑔

𝜕𝐵

𝜕𝑔

𝜕𝐶

] [
𝜎𝐴
2 0 0

0 𝜎𝐵
2 0

0 0 C

]

[
 
 
 
 
 
𝜕𝑓

𝜕𝐴

𝜕𝑔

𝜕𝐴
𝜕𝑓

𝜕𝐵

𝜕𝑔

𝜕𝐵
𝜕𝑓

𝜕𝐶

𝜕𝑔

𝜕𝐶]
 
 
 
 
 

 

𝜎𝑥
2= (

𝜕𝑓

𝜕𝐴
)2𝜎𝐴

2 + (
𝜕𝑓

𝜕𝐵
)2𝜎𝐵

2 + (
𝜕𝑓

𝜕𝐶
)2𝜎𝐶

2 

𝜎𝑦
2= (

𝜕𝑔

𝜕𝐴
)2𝜎𝐴

2 + (
𝜕𝑔

𝜕𝐵
)2𝜎𝐵

2 + (
𝜕𝑔

𝜕𝐶
)2𝜎𝐶

2 

(3-11) 
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In order to achieve a numeric value to make an approximation for the accuracy of the co-

registration, we set the exterior orientation parameters to their actual values generated by 

the onboard GPS and IMU, f=153.328mm, flight height≈1657m, image size is 

230mm×230mm, and pixel size is 50 μm ×50 μm. The coordinates of image principal point 

and ground points are in UTM coordinate system. However, here the origin of the 

coordinate system is shifted to (0,0) in order to avoid adding weight parameters to the 

equations. Table 3.4 presents the accuracies achieved in projecting the DSM points into 

the image spaces. As can be seen, the propagated error values are slightly higher than 

image pixel size (50 μm), which means the co-registered borders of the objects in the target 

image might have approximately 1 pixel displacement with respect to their original places. 

Using a building with the dimensions 40 pixels × 20 pixels as an example, this 

displacement in x and y directions would result in an overlap (or intersection) of 740 and 

union of 860 pixels resulting in area ratio of approximately 86%. This area ratio value is 

close to the numbers generated by the co-registration accuracy test in the airborne images 

presented in Figure 3.7, which confirms the patch-wise co-registration accuracies 

generated by the area ratio as well.  
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Table 3-4: Standard deviations of the errors propagated from the DSM space to the image space in 

the two airborne images used in this study  

Image 8-13  Image 8-14  

Parameter Measureme

nt Accuracy 

Constants 𝝈𝒙 , 𝝈𝒚 

(μm) 

Measurement 

Accuracy 

Constants 𝝈𝒙 , 𝝈𝒚 

(μm) 
DSM 

Accuracy 

𝜎𝑋 , 𝜎𝑌 , 𝜎𝑍=0.5 
m 

f=153.328mm 

𝑥0=0, 𝑦0=0 

ω= 0.01, 𝜑 = -0.17, κ= 
-358.19 

𝑋𝑜=0, 𝑌𝑜=0, 𝑍𝑜= 
1656.958 
 

59 𝜎𝑋 , 𝜎𝑌 , 𝜎𝑍=0.5 m f=153.328mm 

𝑥0=0, 𝑦0=0 

ω= 0.01, 𝜑 = -
0.17, κ= -358.19 

𝑋𝑜=0, 𝑌𝑜=0, 𝑍𝑜= 
1656.958 
 

58 

IMU Rotation 

Angles 

Accuracies 

𝜎𝜔, 𝜎𝜑 , 𝜎𝜅 =0.

003° 

f=153.328mm 

𝑥0=0, 𝑦0=0 
X=1100, Y=1100, Z=40 

𝑋𝑜=0, 𝑌𝑜=0, 

𝑍𝑜=1656.958 
 

14 𝜎𝜔, 𝜎𝜑 , 𝜎𝜅 =0.003

° 

f=153.328mm 

𝑥0=0, 𝑦0=0 
X=1100, Y=1100, 

Z=40 

𝑋𝑜=0, 𝑌𝑜=0, 

𝑍𝑜=1656.958 

 

13 

Kinematic 

GPS 

Positioning 

Accuracies 

𝜎𝑋𝑜 , 𝜎𝑌𝑜 , 𝜎𝑍𝑜 =

2cm 

f=153.328mm 

𝑥0=0, 𝑦0=0 
X=1100, Y=1100, Z=40 

ω= 0.01, 𝜑 = -0.17, κ= -
358.19 

2.3 𝜎𝑋𝑜 , 𝜎𝑌𝑜 , 𝜎𝑍𝑜 =2c

m 

f=153.328mm 

𝑥0=0, 𝑦0=0 
X=1100, Y=1100, 

Z=40 

ω= 0.01, 𝜑 = -
0.17, κ= -358.19 

1.8 

Total Error in image space 

= √𝝈𝑫𝑺𝑴
𝟐 + 𝝈𝑰𝑴𝑼

𝟐 +𝝈𝑮𝑷𝑺
𝟐  

                                                                                             

60.7 

                                  

59.5 

 

Added to the above, internal orientation parameters f, 𝑥0, and 𝑦0, can also cause errors in 

the accuracy of co-registration in this study which are neglected here.  

3.3.4 MAD Change Detection Results 

In patch-wise co-registration, there is no one-to-one relation between the corresponding 

pixels in the bi-temporal images because of the different view angles of the image sets that 

cause compression in some areas and stretch in some others. Therefore, the mean values 

of the spectral bands of the patches are taken into account in change detection. Given that 

the segments are generated in such a way that they include one single object (e.g. one 

building) or, due to over-segmentation, an object is divided into several segments, the 

mean value of the segments is a proper representative of each segment. 
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(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 3.8: Snapshots of the images used in this study along with their segments and the results of 

MAD change detection. Changes are highlighted; (a), (b), (c), and (d) depict MAD change detection 

result for datasets T1, T2, T3, and T4, respectively.  

The objects of interest in this study are the urban structures; therefore, in selecting the 

check segments to calculate the accuracy of the MAD change detection method, we 

avoided selecting the check segments from the vegetated areas; since vegetation status 

highly depends on seasonal effects and one of the best bands for change detection is NIR 
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bands. Meanwhile, in the airborne images, we did not have the NIR band and also the 

acquisition months of the images were not close. Thus, the segments whose change status 

were purely related to vegetation change were not selected as check data. Figure 3.8 

represent the changes highlighted in the target images across the four study datasets.  As 

can be seen, there are spurious changes due to vegetation differences which are ignored in 

the accuracy assessment of this study. 

3.3.5 MAD Change Detection Accuracy Assessment 

After the MAD transform, the optimum threshold for the change detection is calculated 

by the maximum F-measure whose formula is given in Table 3.5.  

Table 3-5: Formulas related to making ROC curves 

Parameter 

name 

formula Explanation of abbreviations 

sensitivity 𝑡𝑝

𝑡𝑝 + 𝑓𝑛
 

tp (True positive): segments which 

are truly identified as changed. 

tn (true negative): segments which are 

truly identified as  unchanged 

fp (false positive): segments which 

are falsely identified as changed. 

fn (false negative): segments which 

are falsely identified as  unchanged 

𝛽 is the weight 

fall-out 𝑓𝑝

𝑓𝑝 + 𝑡𝑛
 

precession 𝑡𝑝

𝑡𝑝 + 𝑓𝑝
 

F-measure (𝛽2 + 1) ∗ 𝑝𝑟𝑒𝑐𝑒𝑠𝑖𝑜𝑛 ∗ 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝛽2 ∗ 𝑝𝑟𝑒𝑐𝑒𝑠𝑖𝑜𝑛 + 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
 

 

Table 3.6 presents the confusion matrices of the change detection using MAD transform 

across all four datasets. Since the classification has been divided into two classes changed 

or un-changed, there are only 2 rows and 2 columns for the confusion matrices. 

Table 3-6: Confusion matrices of change detection across all four datasets 

Dataset ID T1 T2 T3 T4 

Confusion 

Matrix 

45 8 32 0 29 0 47 1 

7 58 8 38 7 40 2 45 

Max F_measure 0.857 0.969 0.936 0.927 



82 

 

 

Figure 3.9 represents the ROC curves for the four datasets. ROC curves are the result of 

plotting sensitivity versus fall-out, whose formulas are given in Table 3.5. As can be seen, 

the ROC curves across all four datasets are close to the point (0,1), which confirms that 

MAD transform can detect respective "changed" from "unchanged": segments. Figure 

3.10 represents a bar chart for overall accuracies of MAD transform identifying changed 

and unchanged segments; all four datasets have high overall accuracies in terms of 

distinguishing changed segments from unchanged. Dataset T2 has the best ROC curve 

compared to other datasets in terms of its trend. This dataset contains 8 bands and the 

higher spectral resolution leads to better change detection accuracies compared to the 

datasets T3 and T4 with lower spectral resolutions (the airborne images have only three 

RGB bands here). On the other hand, the low spatial resolution of the IKONOS image 

compared to the GeoEye image in dataset T1 resulted in lower accuracy in co-registration 

of the images and accordingly lower change detection results. However, the presented 

results are still very high in the scale of urban change detection.  The trends of T2 and T3 

ROC curves also demonstrate that sensor difference has not affected the change detection 

accuracy.  
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Figure 3.9: ROC curves of the MAD change detection across the 4 datasets 

 

Figure 3.10: The overall accuracy percentage of MAD transform identifying changed segments from 

unchanged for the four datasets 

The greater the number of independent bands, the higher the change detection accuracy. 

However, this does not limit the use of airborne images in change detection and, in cases 

only airborne images are available (such as the old images of a city previously generated 

for mapping), they can still be compared to the satellite images for change detection.  
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3.4 Final Remarks 

For improving urban change detection accuracies using the presented approach, one needs 

to consider two separate concepts: co-registration quality improvement and change 

identification quality increasing.  

As far as co-registration accuracy is concerned, this study showed that -- even in images 

with high off-nadir angles -- the tilted view-angle did not have a considerable influence on 

the achieved co-registration results. However, the accuracy of DSM highly affects the co-

registration accuracy. Therefore, a DSM with accuracy better than or equal to the spatial 

resolution of the images can significantly improve the co-registration results. A detailed 

LiDAR generated DSM could be a reliable source for this purpose. A DSM produced by 

stereo imagery can be also used (e.g. dataset T1 in this study) provided that a proper 

matching technique is used which results in high precision surface elevation model 

generation. Unlike other 3D based change detection methods, in this study only one DSM 

is required. For preventing any confusion, it is necessary that the DSM is acquired at the 

same time as one of the bi-temporal images (the base image) or one has to make sure that 

there is no difference between the objects in the DSM and the image of interest. 

In terms of the quality of change identification, band widths of bi-temporal images should 

be as close as possible. Although the MAD transform can compensate for slight linear 

differences in the spectral values, closer bands could certainly result in better change 

identification and removal of false alarms. The MAD transform can also compensate for 

radiometric resolution differences in the images.  

One limitation we had in airborne images in this study was that they only have RGB bands 

and, once combined with satellite images, only RGB bands are used in the MAD transform. 
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However, new generations of airborne images have the NIR bands as well. Thus, even 

better performance in the change detection process can be expected in future. 

On the other hand, although off-nadir imaging does not significantly affect the co-

registration accuracy, the spectral properties of objects might vary due to different solar 

angles which can reduce the accuracy of the change detection. In that case, topographic 

correction methods can help improve the results.  

We limited the change detection study to identifying changed versus unchanged segments. 

Accordingly, if the classification information of the urban object is available, then "from-

to" information can also be generated.  

3.5 Conclusion 

In this study, we presented an applicable approach for using images with various 

geometries, including close-to-nadir, off-nadir, and airborne images, for change detection, 

which in conventional methods of automatic and semi-automatic change detections are not 

included in the search area for bi-temporal datasets.  

Because of geometric differences in the bi-temporal images used in this study as well as 

relief displacement in the urban environments, direct co-registration of the VHR images 

were not possible. Thus, considering the 3D object information (using a DSM) and the 

orientation properties of the images (image-object coordinate relations), patch-wise co-

registration was established. The DSM was used for relating the matching points and thus 

generating the matching segments. Then, using a MAD transform, the spectral properties 

of the matching segments were compared in order to detect the changes.  
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From the co-registration results achieved, it is concluded that the accurate patch-wise co-

registration is possible regardless of sensor type provided that accurate orientation 

parameters (in center projective sensors) or RPCs (in satellite images) as well as a DSM 

with the same ground resolution accuracy as the resolution of the images are supplied.  

From the change detection results achieved, it can be determined that image change 

detection using MAD transform is possible.  However, the greater the number of 

independent image bands, the higher the accuracy of the change detection. 
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4. Chapter 4: BUILDING CHANGE DETECTION USING 

TOPOGRAPHIC CORRECTION MODELS 

Abstract 

In remote sensing based building change detection, the variation in the brightness values 

of the pixels/objects in bi-temporal images is commonly used as an indicator for 

identifying a change. However, some effects other than a change in the objects can cause 

differences in the brightness values. One of the effects is the illumination difference on the 

steep surfaces, specifically steep roofs of houses, caused by different solar illumination 

angles. This results in changes in the brightness values of the corresponding segment/pixels 

in the bi-temporal images which introduces false change detection results. In this study, 

we aim to improve the building change detection accuracy by applying topographic 

correction methods to very high resolution (VHR) images to attenuate the effect of 

illumination angle variation on the building roofs. For this purpose, 4 of the most widely 

used correction methods, namely C-correction, Minnaert, Enhanced Minnaert (for slope), 

and Cosine Correction are evaluated and applied for the topographic correction. The 

change detection results with topographic corrections are compared to those without using 

topographic corrections. Within the tested methods, C-correction and Enhanced Minnaert 

performed the best which improved the change detection accuracy by around 35% in an 

area with a large number of steep-roof houses under various solar illumination angles. 

Key words: Topographic correction methods, VHR imagery, building change detection, 

illumination angle, patch-wise co-registration, C-correction, Minnaert, Enhanced Minnaert 

(for slope), Cosine correction model 
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4.1 Introduction 

There are numerous papers published in the remote sensing literature for building change 

detection in which the building change detection is commonly limited to roof change 

detection since roofs are more clearly observable in images compared to building façades. 

The studies can be categorized into two groups: 

1) The studies in which the variation in the brightness values of the building 

pixels/segments solely are taken into consideration for detecting changes (Bouziani 

M.,et al., 2010; Doxani, et. al, 2012; Im, et al., 2008; Niemeyer, Marpu, & 

Nussbaum, 2008; Volpi et al., 2013) . And, 

2) The studies in which the variation in the brightness values along with variation in 

the elevations are taken into consideration for change detection (Jung, 2004b; Pang 

et al., 2014; Tian et al., 2014). 

However, the variation of pixel brightness values in bi-temporal images depends as well 

on factors such as solar angles and topographic effects. Thus, change detection results 

based on pixel intensities are vulnerable to imaging conditions and the shapes of the roofs. 

Specifically, steep-roof houses, largely found in the areas with high amount of 

rain/snowfall, can cause variations in the associated pixel brightness values. Considering 

the slopes and aspects of these types of roofs, their brightness values can vary due to 

differences in the illumination conditions and not to real changes in the objects. Figure 4.1 

depicts an example of the intensity variation on steep roofs in bi-temporal images due to 

illumination angle differences.  
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                                                             (a) 

 

                            (b) 

Figure 4.1: Intensity variation on different parts of steep roofs in two images acquired from the same 

area. In image (a) the northern parts of the roofs are brighter compared to the other parts, while in 

(b) the eastern parts are brighter.  

The irradiance received by a certain point on the ground surface depends on four angles, 

which identify the solar illumination angle: solar azimuth, solar elevation, ground slope, 

and ground aspect. Figure 4.2 depicts a 2D schema of the solar illumination angle variation 

on a simple pitched roof. Solar illumination angle can vary not only from one side of the 

roof to another side but also from one image to another. This variation results in differences 

in the radiance detected by the imaging sensors from similar objects on the ground (Sola, 

González-Audícana, Alvarez-Mozos, & Torres, 2014) that can adversely affect the 

building change detection results.  

 

Figure 4.2: Variation of solar illumination angle (𝜸), due to solar radiation angle (𝜽𝒊) and roof slope 

(𝜶) 
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The effect of topography on the pixel brightness values of the remotely sensed images has 

been studied for over three decades since this effect has a significant impact on the 

quantitative analysis of remotely sensed data [7]. There are numerous Topographic 

Correction (TOC) methods in the literature that compensate for differences in the solar 

illumination due to terrain shape irregularities in dealing with large scale objects such as 

mountains and hills generally in low to moderate resolution satellite images (Lu et al., 

2014). To date, there is no study focusing on using TOC methods to attenuate the variations 

in brightness values in urban buildings.  

The main purpose of this study is to increase the accuracy of building change detection 

using the TOC methods to attenuate the brightness value variations due to roof shapes and 

different solar illumination angles.  

In this study, the slopes and aspects of the roofs are calculated in the object space (DSM’s 

space) and then projected to the image space where the actual brightness values are. Also, 

using the patch-wise co-registration, the corresponding objects/segments are detected in 

the bi-temporal images. Then, the TOC methods are applied to the brightness values of the 

image pixels to correct the intensities. Finally, a Multivariate Alteration Detection (MAD) 

transform is performed to detect changed objects (buildings).  

The question that remains here is whether these topographic correction methods are proper 

for building roof change detection or if the methods manipulate the brightness values 

excessively so that the change detection results get negatively affected. Thus, here we test 

four of the most widely used correction methods (C-correction, Minnaert, Enhanced 

Minnaert, and Cosine Correction) and compare the respective results to the original 
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brightness values without any corrections to see which ones perform better in building 

change detection.  

4.1.1 Review of TOC Methods in Remote Sensing 

The TOC corrections can be divided into two groups: the methods that do not use a Digital 

Elevation Model (DEM), also referred to as the "old methods", and the methods that use a 

DEM. 

Corrections of irradiance in the old methods were based on band ratios. In those methods, 

the reflectance variation due to topography differences is assumed to change proportionally 

in the two bands, which is not a realistic assumption in most remote sensing images (Colby, 

1991). Also, those methods cause the loss of spectral resolution (Riaño, Chuvieco, Salas, 

& Aguado, 2003), which is not suitable for change detection.  

The second group of corrections considers the effect of the solar illumination angle on the 

irradiance received by the imaging sensor. The solar illumination angle is calculated by: 

cos 𝛾𝑖 = cos 𝜃𝑝 cos 𝜃𝑧 + sin 𝜃𝑝 sin 𝜃𝑧 cos( 𝜑𝑎 − 𝜑𝑜) (4-1) 

where, 𝛾𝑖 is the local illumination angle; 𝜃𝑝, 𝜃𝑧 , 𝜑𝑜 , 𝑎𝑛𝑑 𝜑𝑎 represent terrain slope, solar 

zenith, topographic azimuth (aspect), and solar azimuth angles, respectively. Once the 

solar illumination angle is computed for each pixel in the image, the flat normalized 

reflectance can be estimated. To do this, there are different approaches in the literature 

which are explained here. Correction methods based on the solar illumination angle are 

sub-categorized into Lambertian (LTOC) and Non-Lambertian (NLTOC) methods based 

on, respectively, whether or not they assume reflectance is independent of the observation 
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and incident angles. The simplest one is the Cosine Method, which assumes the incident 

radiation reflects equally in all directions (Smith, Lin, & Ranson, 1980; Sola et al., 2014).  

𝜌𝐻 = 𝜌𝑇 (
cos 𝜃𝑧
cos 𝛾𝑖

) 
(4-2) 

where, 𝜌𝑇 is the reflectance of an inclined surface and 𝜌𝐻is the reflectance of a horizontal 

surface. This correction neglects the effect of diffuse irradiance and is only based on direct 

solar illumination. Also, the correction is the same for different wavelengths. In the related 

literature, overcorrection has been reported in satellite images using the cosine method 

(Law & Nichol, 2004; Meyer, Itten, Kellenberger, Sandmeier, & Sandmeier, 1993). Figure 

4.3 illustrates how small a value cos 𝛾𝑖 can be in steep slopes on the ground for a typical 

remotely sensed image with a zenith angle around 30° across the values for the difference 

between the solar azimuth and aspect angles. In steep-roof buildings, the slope of the roof 

can reach as high as 50° to 60° which can result in over corrections on the roofs. 

 

Figure 4.3: The value of 𝐜𝐨𝐬 𝜸𝒊 versus the difference between the solar azimuth and aspect angles. 

The inverse of 𝐜𝐨𝐬 𝜸𝒊 which is the correction in the Lambertian methods becomes very high 
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To overcome the problems caused by non-realistic Lambertian modeling, Non-Lambertian 

models are developed which are based on a Bi-Directional Reflectance Distribution 

Function (BRDF). BRDF is a ratio of the quantity of light reflected in a certain direction 

to the amount of light reaching the surface from other directions (Wynn, 2000). However, 

determination of a BRDF is rather complicated; thus, the semi-empirical models are 

developed based on non-Lambertian behavior of the surfaces. The first semi-empirical 

model is the Minnaert correction which was first proposed for lunar surface studies 

(Minnaert, 1941). The correction formula is 

𝜌𝐻 = 𝜌𝑇 (
cos 𝜃𝑧
cos 𝛾𝑖

)
𝐾𝑘

 
(4-3) 

where, 𝐾𝑘 is the Minnaert constant for band k. For estimation of the Minnaert constant for 

each band, Equation 4-3 is re-written as: 

ln(𝜌𝑇) = ln(𝜌𝐻) + 𝐾𝑘ln (
cos 𝛾𝑖
cos 𝜃𝑧

) (4-4) 

where, ln(𝜌𝐻) and 𝐾𝑘 are the linear regression coefficients of ln(𝜌𝑇) versus ln (
𝑐𝑜𝑠 𝛾𝑖

𝑐𝑜𝑠 𝜃𝑧
) for 

the entire image band.  

A backwards radiance correction transformation (BRCT) model was later developed based 

on Minnaert model for rugged terrain in mountainous areas which further included the 

terrain slope in corrections (Colby, 1991), which is referred to as “Enhanced Minnaert” in 

this study. The related formula is given in Equation 4-5. 

𝜌𝐻 = 𝜌𝑇 cos 𝜃𝑝 (
cos 𝜃𝑧

cos 𝜃𝑝 cos 𝛾𝑖
)

𝐾𝑘

 (4-5) 

Here the Minnaert constant is also calculated with regression parameters similar to 

Equation 4-4. The other widely used NLTOC method is the C-correction model given by  
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𝜌𝐻 = 𝜌𝑇 (
cos 𝜃𝑧 + 𝐶𝑘
cos 𝛾𝑖 + 𝐶𝑘

) , 𝐶𝑘 =
𝑏𝑘

𝑚𝑘
⁄  (4-6) 

where, 𝜌𝑇 = 𝑏𝑘 +𝑚𝑘 cos 𝛾𝑖; 𝑏𝑘 and 𝑚𝑘 are the linear regression parameters of 𝜌𝑇versus 

cos 𝛾𝑖 for the entire image.  

As can be seen from the equations, despite the LTOC method, the NLTOC methods are 

applied separately for each image band. There are numerous papers comparing the 

performance of the TOC methods for specific applications (Reese & Olsson, 2011; Riaño 

et al., 2003; Schaepman et al., 2006; Sola et al., 2014). Here, we test them for building 

change detection. 

4.2 Study Area 

We tested the TOC methods using multiple images of Fredericton city, NB, Canada. The 

area is full of steep-roof buildings with varying brightness values in different images, 

which create problems for the typical change detection methods. The TOC methods are 

tested using two Worldview-2 images acquired in 2011 and 2013 with off-nadir view 

angles of 15° and 27°, respectively, as well as one orthophoto of the area acquired in 2012. 

The solar azimuth and zenith angles of the satellite images are similar while the solar zenith 

angle in the orthophoto is different (Table 4.1) causing variations in the brightness values 

of the urban objects. Figure 4.8 depicts a sample of buildings in the area and illustrates 

how different the same buildings appear in the different imagery.  

In order to assess the efficiency of the TOC methods in images with different solar angles, 

we made 3 bi-temporal combinations of the images as presented in Table 4.2. Dataset C2 

and C3 have high differences in the solar zenith angles, while dataset C1 images have more 

similar solar angles.  
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Table 4-1: Solar zenith and azimuth angles of the imagery used in this study 

Image name Solar Azimuth Angle 

(degree) 

Solar Zenith Angle 

(degree) 

WV-2 2011 154.8 23 

WV-2 2013 167.9 33.4 

Orthophoto 2012 

(angles calculated based on Equations 4-

14) 

159 65 

 

Table 4-2: Bi-temporal imagery combinations used in this study 

Combination ID Base image Target Image 

C1 WV-2 2011 WV-2 2013 

C2 Orthophoto 2012 WV-2 2011 

C3 Orthophoto 2012 WV-2 2013 

 

The orthophoto used in this study is generated using an Applanix Digital Camera with four 

bands: Red, Green, Blue and Near Infra-Red. The satellite images of WV-2 are acquired 

in 8 multispectral bands. Thus, in the datasets C2 and C3, for the purpose of similarity of 

bands, only 4 bands are selected from the WV-2 images. The selected bands are Red, 

Green, Blue and NIR2 which correspond to the NRGB bands of the airborne camera 

(Table 4.3). 

Table 4-3: The NRGB bands used in datasets C2 and C3. As can be seen, the NRGB bands of the 

WV-2 satellite images are very close to that of the airborne digital camera 

(nm) NIR R G B 

Digital Airborne 

Camera  

850-1100 600-700 500-600 400-500 

WorldView-2 860 - 1040 630 -690 510 - 580 450 - 510 

 

Satellite images used in this study are also already corrected for atmospheric effects. We 

also used the DSM of the area generated by LiDAR with 0.5m accuracy which is consistent 

with the 0.5m spatial resolution of the WV-2 images. The 15cm pixel size of the orthophoto 
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is also resampled to 0.5m using bi-linear interpolation. We also used a GIS building 

borders layer generated by the city of Fredericton municipality4, for identifying buildings.  

4.3 Methodology 

In the presented work, first the bi-temporal images are co-registered and, since the WV-2 

images are not acquired under close-to-nadir conditions, the patch-wise co-registration 

method is used (Jabari & Zhang, 2015b). Later on, using the DSM, slope and aspect layers 

are generated. To co-register these two layers to the images, the slope and aspect are also 

projected into the image spaces. After that, the intensities of the image pixels are corrected 

based on the TOC methods. Finally, the corrected intensities are used in a change detection 

algorithm. Here, the MAD (Multivariate Alteration Detection) transform is used for change 

detection. The flowchart of the methodology is presented in Figure 4.4. 

 

Figure 4.4: Flowchart of the presented work 

                                                 

 

4 http://www.fredericton.ca/en/citygovernment/Catalogue.asp (last accessed May 2015) 

http://www.fredericton.ca/en/citygovernment/Catalogue.asp
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4.3.1 Patch-wise co-registration 

In effect, an image is a 2D instance of a corresponding 3D ground space. Thus, a global 

generic way of co-registration of the images acquired under different view angles or 

different projection models, especially in urban areas, is not possible. A solution for the 

co-registration of VHR images, called the Patch-wise Co-registration Method, is presented 

in (Jabari & Zhang, 2015a). This method first divides one of the bi-temporal images (base 

image) into meaningful segments; in this study, the building borders GIS layer is used.  

 Then, using the image-object coordinates relating parameters of the bi-temporal imagery, 

i.e. RPCs (Rational Polynomial Coefficients) in satellite images and exterior orientation 

parameters in airborne images, every pixel in the DSM is projected to the image spaces. 

This indirectly relates the matching spots in the bi-temporal imagery. Therefore, segments 

are transferred from the base image to the other image (target image). Thus, instead of 

establishing a global co-registration, the matching segments of the base image are 

produced in the target image.  

In the patch-wise co-registration for every pixel j ([
𝑋
𝑌
𝑍
]

𝑗

) in the DSM, 

𝑆𝑘2 = {𝐺2([
𝑋
𝑌
𝑍
]

𝑗

)|𝐺1([
𝑋
𝑌
𝑍
]

𝑗

) ∈ 𝑆𝑘1} (4-7) 

where, 𝑆𝑘1is the 𝑘𝑡ℎ segment in the base image and 𝑆𝑘2is the corresponding segment in 

the target image. G is the projection model to transfer the object coordinates to the image 

space, which is given by collinearity equations (Equations 4-8 and 4-9) for the airborne 

images and Rational Function Model (RFM) equations (Equation 4-10) for the satellite 
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imagery. However, in datasets C2 and C3, since the base image is an orthophoto already 

co-registered to the DSM, there is no need to apply 𝐺1. 

The collinearity equations are  

𝑥 = 𝑥0 − 𝑓
(𝑋 − 𝑋𝑜)𝑚11 + (𝑌 − 𝑌𝑜)𝑚12 + (𝑍 − 𝑍𝑜)𝑚13

(𝑋 − 𝑋𝑜)𝑚31 + (𝑌 − 𝑌𝑜)𝑚32 + (𝑍 − 𝑍𝑜)𝑚33
 

𝑦 = 𝑦0 − 𝑓
(𝑋 − 𝑋𝑜)𝑚21 + (𝑌 − 𝑌𝑜)𝑚22 + (𝑍 − 𝑍𝑜)𝑚23

(𝑋 − 𝑋𝑜)𝑚31 + (𝑌 − 𝑌𝑜)𝑚32 + (𝑍 − 𝑍𝑜)𝑚33
 

(4-8) 

where, 𝑥0 and 𝑦0 are principal point image coordinates; 𝑋𝑜, 𝑌𝑜, and 𝑍𝑜 are principal point 

object coordinates, generally measured by onboard mounted GPS; 𝑚𝑖𝑗 are the entries of 

the rotation matrix, which is given in Equation 4-9. 

𝑀 = [

cos(𝜑) cos (𝜅) −cos (𝜑)sin (𝜅) sin (𝜑)

cos(𝜔) sin(𝜅) + sin(𝜔) sin (𝜑) cos (𝜅) cos(𝜔) cos(𝜅) − sin(𝜔) sin(𝜑) sin (𝜅) − sin(𝜔) cos (𝜑)

sin(𝜔) sin(𝜅) − cos(𝜔) sin(𝜑) cos (𝜅) sin(𝜔) cos(𝜅) + cos(𝜔) sin(𝜑) sin (𝜅) cos(𝜔) cos (𝜑)

] (4-9) 

where, M is the rotation matrix; 𝜔,𝜑, and 𝜅 are sensor rotation angles around X, Y, and Z 

axes, respectively, which are generally measured by onboard mounted Inertial 

Measurement Unit (IMU). 

The RFM equations are 

𝑥 =
𝑃1(𝑋, 𝑌, 𝑍)

𝑃2(𝑋, 𝑌, 𝑍)
 

𝑦 =
𝑃3(𝑋, 𝑌, 𝑍)

𝑃4(𝑋, 𝑌, 𝑍)
 

𝑃(𝑋, 𝑌, 𝑍) =∑∑∑𝐴𝑎,𝑏,𝑐𝑋
𝑎𝑌𝑏𝑍𝑐

𝑚

𝑎=0

𝑚

𝑏=0

𝑚

𝑐=0

   

(4-10) 
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where x and y are normalized image coordinates, and X,Y, and Z are normalized ground 

coordinates. m is generally set to 3 (Grodecki, 2001).  

If the RPCs of the images are not error free, or so called bias-compensated (Fraser & 

Hanley, 2003), a conformal transformation is required to fit the segments to their original 

places (refer to (Jabari & Zhang, 2015a) for more information). 

4.3.2 Slope and Aspect Calculation 

The terrain slope (𝜃𝑝) and aspect (𝜑𝑜) angles are calculated using the Equations 4-11 to 

4-13.  

tan 𝜃𝑝 = [(
𝜕𝑧

𝜕𝑥⁄ )2 + (𝜕𝑧 𝜕𝑦⁄ )2]
1
2⁄

 

 

(4-11) 

tan α =
𝜕𝑧

𝜕𝑥⁄

𝜕𝑧
𝜕𝑦⁄

 

𝜕𝑧
𝜕𝑥⁄ =

(𝑍𝑖−1,𝑗−1 + 2𝑍𝑖−1,𝑗 + 𝑍𝑖−1,𝑗+1) − (𝑍𝑖+1,𝑗−1 + 2𝑍𝑖+1,𝑗 + 𝑍𝑖+1,𝑗+1)

8∆ℎ
 

𝜕𝑧
𝜕𝑦⁄ =

(𝑍𝑖−1,𝑗11 + 2𝑍𝑖,𝑗+1 + 𝑍𝑖+1,𝑗+1) − (𝑍𝑖−1,𝑗−1 + 2𝑍𝑖,𝑗−1 + 𝑍𝑖+1,𝑗−1)

8∆ℎ
 

 

(4-12) 

where, i and j are image coordinates in horizontal and vertical directions, respectively 

and ∆ℎ is the DSM pixel size.  

Case: 𝜕𝑧 𝜕𝑥⁄ >0 and 𝜕𝑧 𝜕𝑦⁄ > 0 : 𝜑𝑜 =  α 

Case: 𝜕𝑧 𝜕𝑥⁄ >0 and 𝜕𝑧 𝜕𝑦⁄  <0: 𝜑𝑜 = 180 −  α 

(4-13) 
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Case: 𝜕𝑧 𝜕𝑥⁄ <0 and 𝜕𝑧 𝜕𝑦⁄  <0: 𝜑𝑜 = 180 +  α 

Case: 𝜕𝑧 𝜕𝑥⁄ <0 and 𝜕𝑧 𝜕𝑦⁄ > 0 : 𝜑𝑜 =  360 − α 

 

As given in Equations 4-11 and 4-12, slope is generated by partial derivatives taking the 

elevation of the left and right as well as top and bottom pixels into account. Hence, sudden 

jumps of elevation values in the vicinity of the building borders cause high values in the 

slope as well as biases in the aspect. This causes unrealistic brightness value corrections 

around the building borders. Thus, the brightness value corrections are to be limited either 

by removing the border pixels from the change detection process or putting a threshold for 

the value of slope to remain within a certain neighborhood range.  

Real slope and aspect values are to be calculated in an orthometric space not in a projective 

one. DSM has an orthometric space since it maps the objects orthogonally to a reference 

surface, while images have projective spaces. Therefore, to correct the image brightness 

values, the slope and aspect value must be transferred to the image spaces. To do so, the 

slope and aspect values for each DSM pixel are calculated in the object coordinate system 

and then assigned to the corresponding pixel in the image space using the G operator 

(Equation 4-7). 

4.3.3 Irradiance Correction 

In satellite images, solar elevation and solar azimuth angles are provided as the metadata. 

In this study, the two angles were unknown for the orthophoto. To calculate the solar 

azimuth and elevation in the orthophoto, the direction and the length of the shadows were 

considered in samples of elevated buildings. The heights of the buildings were also 
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extracted from the DSM. Figure 4.5 depicts samples of the building shadows used for the 

angle calculation. Figure 4.6 illustrates the relation between the shadows and the angles 

and the associated formulas are given in Equation 4-14. 

 

 

Figure 4.5: Shadow direction and length in the airborne image used in this study 

 

𝛼 = tan−1(
𝐻

𝑙
) 

𝜃𝑧 = 90 − 𝛼 

𝜃 = tan−1(|
∆𝑥

∆𝑦
|); 

∆𝑥 and ∆𝑦 are the difference between the image 

coordinates of the point B and any point on the 

direction of the shadow (direction AB)  

Case:  ∆𝑥>0 & ∆𝑦 > 0, 𝜑
𝑎
= 180 + 𝜃 

Case:  ∆𝑥>0 & ∆𝑦 < 0, 𝜑𝑎 = 360 − 𝜃 

Case:  ∆𝑥<0 & ∆𝑦 < 0, 𝜑
𝑎
= 𝜃 

Case:  ∆𝑥<0 & ∆𝑦 > 0, 𝜑
𝑎
= 180 − 𝜃 

(4-14) 

Figure 4.6: relation between solar azimuth and zenith angles and shadow lengths and direction 

Once the angles solar azimuth, solar elevation, ground slope, and ground aspect are 

identified/calculated, the solar illumination angle can be established after which the 

LTOC and NLTOC methods can be applied to the images. 

It must be clarified that, based on the LTOC and NLTOC methods, no correction will be 

applied to flat roofs and only the brightness values of the steep areas will be altered. For 

flat roofs: 𝜃𝑝 = 0 cos 𝛾𝑖 = cos 𝜃𝑧; therefore, in all the TOC corrections 𝜌𝐻 = 𝜌𝑇. 

 
 

Solar 

Az Solar 

Az 

N 
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4.3.4 MAD Transform for Change Detection 

There are various methods for detecting changes between bi-temporal images. Based on 

the literature, MAD transform is a robust one (Jabari & Zhang, 2015a; Jabari & Zhang, 

2015b; Nielsen et al., 1998). Instead of direct differentiation of the bi-temporal brightness 

values, MAD transform generates a linear transformation of the spectral content of the 

images and uses the canonical coefficients to maximize the disparity between the 

brightness values. It transfers the bi-temporal spectral vectors 𝑋 = [𝑋1, … , 𝑋𝑘]
𝑇 and 𝑌 =

[𝑌1, … , 𝑌𝑘]
𝑇, k being the number of the spectral bands, into a new space,  

𝐷 = 𝑎𝑇𝑋 − 𝑏𝑇𝑌 (4-15) 

in which a and b are the coefficients making a linear combination of the spectral bands. a 

and b are calculated so that 𝑉𝑎𝑟{𝑎𝑇𝑋 − 𝑏𝑇𝑌} is maximized with the constraints 

𝑉𝑎𝑟{𝑎𝑇𝑋} = 𝑉𝑎𝑟{𝑏𝑇𝑌} = 1. The Canonical Correlation Analysis is used to solve this 

problem. The first set of coefficients provides the highest correlation which is equal to 

lowest variation (𝑎𝑇1𝑋 − 𝑏
𝑇
1𝑌). And the 𝑘𝑠𝑡 set generates the highest variance (𝑎𝑇𝑘𝑋 −

𝑏𝑇𝑘𝑌), which is useful in change detection.  

[
𝑋
𝑌
] →

[
 
 
 
𝑎𝑇𝑘𝑋 − 𝑏

𝑇
𝑘𝑌

..

.
𝑎𝑇1𝑋 − 𝑏

𝑇
1𝑌]
 
 
 

 

𝐷{𝑎𝑇𝑋 − 𝑏𝑇𝑌} = 2(𝐼 − 𝑅) 

 

(4-16) 

where, I is the k×k unit matrix and R is a k×k diagonal matrix containing the sorted 

canonical coefficients on the diagonal. The coefficients are used to study the changes. 

Usually if the coefficient value falls within ±2𝜎, 𝜎 being the standard deviation of 
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canonical coefficients, there is no change. Otherwise, a change is reported. Here, since we 

compare different TOC methods, we select the threshold in such a way that maximum F-

measure is attained (Table 4.4).  

4.4 Results, Accuracy Assessment, and Discussion 

As far as the visual representation of the results are concerned, Figure 4.7 and 4.8 depict 

samples of buildings before and after applying the TOC methods. As can be seen, the 

differences between the intensity of the shaded sides of the roofs are more obvious in the 

original images; after Enhanced Minnaert and C-corrections, the difference is less. The 

other two methods, Minnaert and Cosine corrections, make excessive manipulations to the 

brightness values so that the natural colors are faded. Even in the Cosine correction 

method, as expected, the brightness value variation is so great that the building dark sides 

was over-corrected.  

Also, in WV-2 images of 2011 and 2013, due to similar illumination angles, the dark and 

bright sides of the buildings are similar. Because of that the corrections do not produce 

higher accuracies compared to the original brightness values in dataset C1 (as shown in 

Figure 4.11).  

In the last row of Figures 4.9 and 4.10, the borders of the roofs detected by the patch-wise 

co-registration method are presented. The borders play an important role in this study, 

since if they are not known, building borders pixels get falsely corrected due to their high 

slope and aspect values.  

  



109 

 

 Col. 1 Col. 2 Col. 3 

1 

   

2 

   

3 

   

4 

   



110 

 

5 

   

6 

   

Figure 4.7: Brightness values of building roofs before and after the topographic correction. Column 

1: (2012 orthophoto), Column 2: (WV-2 2011), and Column 3: (WV-2 2013). Row 1: original 

brightness values without correction; Row 2: C-correction; Row 3: Enhanced Minnaert; Row 4: 

Minnaert; Row 5: Cosine. As can be seen, different sides of the roof are shaded before any 

corrections. Row 6 images represent the borders of the buildings in the patch-wise co-registration 

transferred from the orthophoto (left Column) to the target images (middle and right) 

Figure 4.8 represents the same concept as Figure 4.7 but with more details for a single 

building to illustrate the shaded areas more clearly on a building roof for the original 

images and the corrected images after applying the TOC methods.  

Figure 4.9 shows the produced change maps associated with the area shown in Figure 4.7 

in the three datasets before and after the TOC corrections. As can be seen in the figure, the 

area does not have any changed buildings. However, due to the illumination angle 

differences, the overall illuminations of the buildings vary among the different images. In 

the figure, the falsely detected changed buildings are hachured and the rest of the truly 

detected unchanged buildings are shown in white color. As can be seen, the number of 

changed buildings (hachured buildings) after C-correction and enhanced Minnaert are very 
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low compared to other corrections. In dataset C1 also there are few hachured buildings 

which mean that the original brightness values were sufficient for change detection without 

any corrections due to the similar solar angles of the images. 

 Col. 1 Col. 2 Col. 3 

1 

   

2 
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Figure 4.8: An enlarged view of building roof brightness value difference before and after the 

topographic correction. Column 1: (2012 orthophoto), Column 2: (WV-2 2011), and Column 3: (WV-

2 2013). Row 1: original brightness values without correction; Row 2: C-correction; Row 3: 

Enhanced Minnaert; Row 4: Minnaert; Row 5: Cosine. As can be seen, different sides of the roof are 

shaded before any corrections. Row 6 images represent the borders of the buildings in the patch-wise 

co-registration transferred from the orthophoto (left Column) to the target images (middle and 

right) 
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Figure 4.9: Associated produced change maps of buildings of Figure 4.7 for dataset C1 (Column 1), 

C2 (Column 2), and C3 (Column 3) for uncorrected brightness values (row 1), C-correction (row 2), 

Enhanced Minnaert (row 3), Minnaert (row 4), and cosine (row 5). White color represents 

unchanged output and hachured areas show the changed buildings.  

For accuracy assessment, the change detection results are checked for over 200 buildings 

in each dataset combined of buildings with pitched, shed, gable, gambrel, tented, flat, hip, 

and half-hip5 roofs.  

The Receiver Operating Characteristic (ROC) curves, which plot sensitivity versus 1-

specificity (or fall-out), are generated for the outputs of the TOC methods and the original 

brightness values without any corrections. Table 4.4 presents the equations associated with 

the ROC curve generation. Figure 4.10 represents the ROC curves of the datasets used in 

this study.  

Table 4-4: Formulas related to making ROC curves 

Parameter 

name 

formula Explanation of abbreviations 

sensitivity 𝑡𝑝

𝑡𝑝 + 𝑓𝑛
 

tp (True positive): segments which are truly 

identified as changed. 

tn (true negative): segments which are truly 

identified as unchanged 

fp (false positive): segments which are falsely 

identified as changed. 

fall-out 𝑓𝑝

𝑓𝑝 + 𝑡𝑛
 

specificity 𝑡𝑝

𝑡𝑝 + 𝑓𝑝
 

                                                 

 

5 For definition of the roof types please refer to: http://en.wikipedia.org/wiki/List_of_roof_shapes 



115 

 

F-measure (𝛽2 + 1) ∗ 𝑝𝑟𝑒𝑐𝑒𝑠𝑖𝑜𝑛 ∗ 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝛽2 ∗ 𝑝𝑟𝑒𝑐𝑒𝑠𝑖𝑜𝑛 + 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
 

fn (false negative): segments which are falsely 

identified as unchanged 

𝛽 is the weight 
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(c) 

Figure 4.10: ROC curves of datasets C1 (a), C2 (b), and C3 (c) 

The closer the ROC curve to the point (0,1) the higher the degree of discrimination between 

two changed and unchanged classes. As can be seen in Figure 4.10, the ROC curves of C-

correction and Enhanced Minnaert are close to the point (0,1) and have the best trend 
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compared to the other methods. Thus, the C-correction and Enhanced Minnaert stand in 

the highest stage in terms of compensation for brightness value variation on building roofs 

in change detection. The original brightness values do not succeed in distinguishing 

changed from unchanged buildings in datasets C2 and C3 (whose imagery have different 

solar illumination angles) since the ROC curves are close to diagonal representing low 

discrimination degrees. According to the ROC curves, Minnaert and Cosine methods are 

not reliable for the change detection task since each stand in the lowest position in at least 

one dataset.  

The accuracy is also measured by the criterion called Area Under Curve (AUC) of the 

ROC curve, which ranges from 0 to 1, "1" being the highest discrimination ability and "0" 

being the lowest. We also calculated the Overall Accuracy (OA), which is the ratio of the 

correctly labeled objects to the total number of the test objects. Figure 4.11 represents the 

bar charts of the AUC (a) and OA (b) for the TOC methods and the original values across 

the three datasets.  

 
(a) 

 
(b) 

 

Figure 4.11: Charts for accuracy assessment of the TOC methods. AUC (a) and OA (b) charts of the 

TOC methods and the original values across the three datasets (C1,C2, and C3).  

As can be seen in Figure 4.11, the AUC and OA for the original brightness values are very 

low in datasets C2 and C3 and incredibly high in dataset C1. As explained before, dataset 
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C1 is composed of similar imagery in terms of the solar illumination angles; thus, the 

original values are sufficient for change detection in that dataset. However, C2 and C3 are 

composed of image with different solar illumination angles in which the original brightness 

values did not perform accurately in change detection. The respective accuracies yielded 

by the C-correction and Enhanced Minnaert methods are very close to each other and are 

superior to the other methods in terms of their AUC and OA values even in dataset C1 

where correction looks unnecessary. Cosine and Minnaert methods did not have as high 

accuracies as C-correction and Enhanced Minnaert. In datasets C1 and C2, the Cosine and 

Minnaert results have lower accuracies compared to the original values that mean the 

correction has deteriorated the change detection results.  

Overall, in dataset C1 with similar images in terms of illumination angles, as expected, the 

C-correction and Enhanced Minnaert corrections did not significantly improve the 

accuracy of results since the results are already high before the corrections. However in 

datasets C2 and C3 with different solar illumination angles, the overall accuracy is 

improved by around 35% using each of the two best corrections. Therefore, C-correction 

and Enhanced Minnaert can be used to improve change detection accuracies in areas with 

steep-roof houses.  

4.5 Conclusion 

In this work, we aimed at attenuating the brightness value variation caused by solar 

illumination angle difference in sunny and shaded sides of urban building steep roofs to 

improve change detection accuracies. We studied the effectiveness of four major TOC 

methods in building change detection in Very High Resolution (VHR) images. After 
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correction, we got more homogeneous rooftop intensities with reduced variability that 

helped reducing pseudo change results due to brightness value variation on the building 

roofs. To relate the bi-temporal images to each other, the patch-wise co-registration was 

used. Also, the slope and aspect values calculated for the TOC methods were projected to 

the image spaces for brightness value correction. Within the tested methods, C-correction 

and Enhanced Minnaert presented high accuracies in change detection. Meanwhile, the 

methods Cosine and Minnaert did not improve the change detection results significantly 

and in some cases even deteriorated the results.  
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5. Chapter 5: VERY HIGH RESOLUTION SATELLITE IMAGE 

CLASSIFICATION USING FUZZY RULE-BASED SYSTEM 

 

Abstract 

The aim of this research is to present a detailed step-by-step method for classification of 

very high resolution urban satellite images (VHRSI) into specific classes such as road, 

building, vegetation, etc. using Fuzzy Logic. In this study, object-based image analysis is 

used for image classification. The main problems in high resolution image classification 

are the uncertainties in the position of object borders in satellite images and also multiplex 

resemblance of the segments to different classes. In order to solve this problem, Fuzzy 

Logic is used for image classification, since it provides the possibility of image analysis 

using multiple parameters without requiring inclusion of certain thresholds in the class 

assignment process. In this study, an inclusive semi-automatic method for image 

classification is offered which presents the configuration of the related fuzzy functions as 

well as fuzzy rules. The produced results are compared to the results of a normal 

classification using the same parameters, but with crisp rules (check projects). The overall 

accuracies and kappa coefficients of the presented method stand higher than the check 

projects. 

5.1 Introduction 

With the development of satellite images to provide finer spatial resolutions, they can 

provide finer details in urban mapping (Pacifici et al., 2009). However, considering high 

spectral variations within the same urban class and low spectral variations between 
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different urban classes, image classification has become a challenging issue (Pacifici et al., 

2009; Salehi, Zhang, Zhong, & Dey, 2012b).  

Considering this higher level of detail present in VHRSI, object-based methods are being 

increasingly employed for image classification since they have higher resemblance to 

human interpretation skills and in object-based image analysis, object characteristics such 

as shape, texture, topological information, and spectral response can also be used (Bauer 

& Steinnocher, 2001; Hofmann, 2001). In object-based image classifications, an image is 

divided into non-overlapping segments which are then assigned to different classes using 

specific methods; for example, (Rizvi & Mohan, 2011) presented a method for object-

based image classification using a neural network. They used a kernel called “cloud base” 

function for classification. Bouziani et al. (2010) used rule-based classification of very 

high resolution images using cartographic data. In the segmentation step, the seeds were 

picked from the center of cartographic objects; then, using contextual rules, the images are 

classified. Although object-based image analysis is not developed highly enough to be 

used in automatic image analysis, it is still very promising (Rizvi & Mohan, 2011). 

Detecting various image objects such as buildings and roads in VHRSI is quite problematic 

due to uncertain object borders in VHRSI as well as multiplex resemblance of the segments 

to different classes. Sometimes even the human eye has difficulty differentiating specific 

image objects. Thus, a significant number of studies have added ancillary data such as road 

maps, building maps, etc. to the process in order to make the procedure easier (Moskal, 

Styers, & Halabisky, 2011; Salehi, Zhang, Zhong, & Dey, 2012a; Thomas, Hendrix, & 

Congalton, 2003; Watanachaturaporn, Arora, & Varshney, 2008). Needless to say, those 
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ancillary data are not always available for other studies. In this project, no ancillary data 

are used. Another group of articles use Fuzzy Logic to deal with the mentioned complexity.   

 Fuzzy Logic, which was developed by Zadeh (1965), has been used in image classification 

in several studies (DigitalGlobe, ; Lizarazo & Elsner, 2009; Lizarazo & Barros, 2010; 

Nedeljkovic, 2006; Sebari & He, 2013; Shackelford & Davis, 2003a; Shackelford & Davis, 

2003b; F. Wang, 1990). Wang (1990) used a fuzzy membership matrix for supervised 

image classification. Introducing partial membership of pixels, mixed pixels could be 

identified and more accurate classification results could be achieved. Also, Nedeljkovic 

(2006) used Fuzzy Logic for Spot image classification. Lizarazo & Elsner (2009) used 

fuzzy borders for image segmentation. Lizarazo & Barros (2010) adopted fuzzy 

segmentation for object-based image classification. They used a fuzzy classification 

method on a segmented image to classify large scale areas such as mining fields and transit 

sites. (Benz, Hofmann, Willhauck, Lingenfelder, & Heynen, 2004) used Object-Oriented 

fuzzy analysis of remote sensing data for GIS-ready information.  (Sebari & He, 2013; 

Shackelford & Davis, 2003a) also presented methods for hierarchical image classification 

using Fuzzy Logic. 

Considering the uncertainties in classification of the pixels or segments, a fuzzy inference 

system can be of great help in image classification. In this paper we present a step-by-step 

image classification method based on Fuzzy Logic. In this study, a fuzzy inference system 

is used for image classification in order to detect urban features such as buildings, roads, 

and vegetation using the tools provided in the eCognition software. The focus is on 

establishing fuzzy membership functions for object extraction.  
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Typically, the main concern in high resolution satellite image classification is to 

differentiate objects like vegetation, roads and buildings -- especially in urban 

environments.  

Vegetation extraction is probably among the most straightforward object recognition 

methods in remote sensing. Here, the Near Infrared (NIR) band plays a crucial role. 

Considering the high reflectivity of vegetation in the NIR region, it is straightforward to 

reliably detect the vegetation in remote sensing images.  

On the other hand, extraction of urban objects such as roads and buildings is more 

challenging, since they have more similar spectral reflectance and texture. However, 

buildings have more compact geometric shapes, while roads are typically elongated 

features. Hence, shape parameters can be of great help in the delineating of buildings from 

roads. Contextual information is also a good tool for VHRSI classifications; for example, 

buildings are elevated objects so there are shadows associated with them in the direction 

opposite to sun’s azimuth. Therefore, if an urban object has a shadow in the related 

direction, it is a building (Watanachaturaporn et al., 2008). Here, the role of object-based 

image analysis is underscored, since the shape and neighborhood of the objects can be 

defined in object-based image analysis, not in pixel-based methods.  

In this article, first data specifications are presented. Then, the fuzzy-based methodology 

is explained and fuzzy membership functions and fuzzy rules are introduced. Finally, the 

accuracy assessment is performed and the results are compared to the same classification 

method but with crisp thresholds. The proposed method is tested on two different data sets 

(GeoEye and QuickBird imagery) and the results are compared to the results of test 

projects with crisp thresholds. 
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5.2 Data 

This study uses a GeoEye-1 satellite image captured from the city of Hobart, Australia in 

February 2009 and a QuickBird image of Fredericton, Canada, acquired in 2002. 

Generally, the GeoEye and QuickBird imagery comprise a Panchromatic band (Pan) and 

four multi-spectral (MS) bands (Blue, Green, Red, Near Infrared), all of which are used in 

this study. Ground Sampling Distance for GeoEye-1 (GSD) at nadir is 41cm for the Pan 

band and 1.64m at Nadir for MS bands. Also, for QuickBird images, GSD at nadir is 

around 61cm for Pan band and 2.4m for MS bands (Walker & Blaschke, 2008). These two 

satellites produce typical high resolution imagery which approximately have similar spatial 

and spectral resolutions with the other VHRSI. Therefore, these two satellite products are 

selected for this research. The coverage of images are so that they include urban or 

suburban structure types with typical one- or two-story buildings in order to prevent facing 

huge relief distortions which reduce classification accuracy. Sun Angle Azimuths are 59.58 

and 141.95 degrees for GeoEye and QuickBird images respectively. These angles form 

shadows in the southern or western or both mentioned sides of a building -depending on 

the building orientation- in GeoEye image and in northern or eastern or both sides in 

QuickBird image. This information was used for building detection (see 3.2.4).  

In order to take the advantage of the Pan and the MS bands in image classification, the Pan 

band and MS bands are fused first. In the output, MS bands will have as high spatial 

resolution as the Pan band. This was done using the UNB pan sharpening method available 

in the Fuze-Go software. More details about this method can be found in (Y. Zhang, 2004). 
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5.3 Methodology 

In this project the image is classified into 5 major classes: Shadow, Vegetation, Road, 

Building, and Bare land. In the hierarchy of the classification, first shadow is extracted. 

Then, from shadow and unclassified segments, vegetation is extracted. This means that 

shadow is not excluded from the classification process in this step. The logic behind it is 

that some parts of vegetation are covered by the shadow of the others, while still 

demonstrating similarities to vegetation and we do not want to exclude them from 

vegetation class. After vegetation extraction, road classification, building detection and 

contextual analysis are done respectively. Finally, the remaining unclassified features are 

assigned to the "bare land" category. Figure 5.1 shows the flow chart of the presented 

method.   

 

Figure 5.1: Flow chart of the presented method 

In this study, in order to classify a VHRSI, after image segmentation, using the fuzzy rules, 

image classification is performed using the fuzzy rules. This process is explained in the 

rest of this article. 
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5.3.1 Image Segmentation 

Generally, object-based image classification is based on image segmentation, which is a 

procedure of dividing an image into separated homogenous non-overlapping regions based 

on the pixel gray values, texture, or other auxiliary data (Jinmei & Guoyu, 2011). One of 

the most popular image segmentation methods is Multi-resolution image segmentation, 

which is used in this study, for initial segmentation adopting eCognition software. For 

multi-resolution image segmentation in eCognition, there are three parameters to be 

specified: scale, shape, and compactness. Generally, the eCognition default values for 

shape and compactness are used for initial segmentation, which are 0.1 and 0.5 

respectively. Scale is also specified so that the resulting segments are smaller than real 

objects. Considering the spatial resolutions of the used data which are around 0.5m, a scale 

equal to10 is fine. Here, the initial segmentation results are enough to be used to define 

shadows, vegetation and roads, but for building detection due to the existing complexity a 

second level segmentation is required, which is described in section 5.3.2.4.  

5.3.2 Fuzzy Image Classification 

In traditional classification methods such as the Minimum Distance Method, each pixel or 

each segment in the image will have an attribute equal to 1 or 0 expressing whether the 

pixel or segment belongs to a certain class or not, respectively. In fuzzy classification 

instead of a binary decision making, the possibility of each pixel/segment belonging to a 

specific class is considered and defined using membership functions. A membership 

function offers membership degree values ranging from 0 to 1, where 1 means fully 
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belonging to the class and 0 means not belonging to the class (C. Zhang, Zhao, Zhang, & 

Zhao, 2011). 

Implementing Fuzzy Logic ensures that the borders are not crisp thresholds any more, but 

membership functions within which each parameter value will have a specific probability 

to be assigned to a specific class are used. Appending more parameters to this 

classification, for example, using NIR ratio and NDVI for vegetation classification, better 

results will be achieved. Using Fuzzy Logic, classification accuracy is less sensitive to the 

thresholds.  

𝜇𝐴 is a fuzzy membership function over domain X. 𝜇𝐴(𝑥) is called membership degree, 

which ranges from 0 to 1 over domain X (Jinmei & Guoyu, 2011; C. Zhang et al., 2011). 

μA(x) can be a Gaussian, Triangular, Trapezoidal or other standard functions depending 

on the application. In this research, trapezoidal and triangular functions are used (Figure 

5.2). The associated formulas are given in Equations 5-1 and 5-2 (Jang, Sun, Mizutani, & 

Ho, 1998). 

 
(a) 

 
(b) 

Figure 5.2: Typical (a) Trapezoidal, (b) Triangular fuzzy functions which are used in this study 

Triangular function:    𝜇𝐴(𝑥) = 1 −
|𝑎−𝑥|

λ
,                for  0 ≤ |a − x| ≤ λ ; 𝜇(𝑥) = 0 (5-1) 

Trapezoidal function: 𝜇𝐴(𝑥) = min {2 − 2 (
|𝑎−𝑥|

𝜆
) , 1} , for  a − λ ≤ |a − x| ≤ a + λ ; 𝜇(𝑥) =

0 

(5-2) 
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where, a is the x coordinate of the middle point of the trapezoidal function or the x 

coordinate of the peak of the triangular function and λ equals half of base of triangle or 

half of the long base of the trapezoidal. All the parameters of the functions are specified 

based on human expertise (Jabari, 2009).  

In fuzzy rule-based systems, lingual variables are used which replace the crisp thresholds. 

For example, instead of defining vegetation with a threshold for NDVI, a lingual value, 

such as "high", "medium" or "low", with a specific fuzzy function, is identified. This 

lingual value represents how likely the pixel/segment is to the vegetation class. Figure 5.3 

shows an example of lingual variables (Jang et al., 1998; Shani, 2006).  

 

Figure 5.3 Lingual variable example 

The other important specification for a fuzzy rule-based system is a fuzzy inference 

system, which uses Fuzzy rules for decision making. In this project, the inference system 

of eCognition software is used. More details of fuzzy classification in eCognition software 

are given in (eCognition user guide, 2013; Tong, Maxwell, Zhang, & Dey, 2012).  

In the presented method, the specifications of each object are tested using the fuzzy rules 

defined for each class based on the hierarchy mentioned in section 3. Each segment 

receives a degree specifying the similarity of the segment to each class. The segments 
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which have high similarity degrees will be assigned to the associated class after 

defuzzification of the results. This step is also done in eCognition software. 

In the following, the details of the parameters used for different object classification are 

presented.  

5.3.2.1 Shadow 

In satellite images, it is very likely that shadows will be mistaken for roads, since they both 

are narrow elongated objects. Hence, it is necessary to label shadow segments in advance. 

Also, shadows can help in defining elevated objects (Watanachaturaporn et al., 2008). In 

this research, 2 parameters were used for shadow detection: Brightness and Density, which 

are explained in this section. 

- Brightness: Brightness is the mean of gray values of all bands for each pixel/segment 

given in Equation 5-3. 

Brightness= 
𝑅𝑒𝑑+𝐺𝑟𝑒𝑒𝑛+𝐵𝑙𝑢𝑒+𝑁𝐼𝑅

4
 (4-3) 

Since shadows tend to have low brightness values, here, in order to specify the parameters 

of the fuzzy function associated with low brightness in the image, an unsupervised image 

classification method called the "fuzzy k-means clustering method" is used to find the 

darkest cluster. This method is applied on the image to generate 15 clusters. (Generally, 

the number of the clusters in the unsupervised classification methods should be between 3 

and 5 times of the number of actual classes in the image (Richards & Jia, 1999)). Then, the 

mean and standard deviation of the darkest cluster, amongst all clusters, are used to define 

the fuzzy function for Shadow brightness.  The fuzzy function used in this process is 

presented in Figure 5.4(a).  
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(a)                                                                              (b) 

Figure 5.4 (a) fuzzy function for Brightness: M is the mean of the darkest cluster and sigma is the 

associated standard deviation, (b) fuzzy function for Density 

The upper threshold is considered to be the mean of the darkest cluster plus three times the 

associated standard deviation.  Statistically speaking, in normal distribution, the 

probability of 99% is given by M+3σ and that is why in this study the upper threshold 

equals M+3σ. It is aimed to cover 99% of the shadows, but the membership probability is 

the least value in this threshold.  

- Density: Density is a feature presented in eCognition software, which describes the 

distribution of the pixels of an image object in space and is expressed as follows 

(eCognition User Guide, 2013):  

𝑑𝑒𝑛𝑠𝑖𝑡𝑦 =
√#𝑃𝑣

1 + √𝑉𝑎𝑟𝑋 + 𝑉𝑎𝑟𝑌
 

(5-4) 

where, √#𝑃𝑣 is the diameter of a square object with #𝑃𝑣 pixels and √𝑉𝑎𝑟𝑋 + 𝑉𝑎𝑟𝑌 is the 

diameter of the fitted ellipse to the segment according to eCognition Reference book 

(2013). 

The more the object is like a square, the higher the value of density. Consequently, filament 

shaped objects have low values of density, which is consistent with the shape of shadows 

looked for in this study. Here, we look for shadows to help in finding buildings. In this 

project the majority of shadows had a density less than 1. There are also shadows as well 
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as some other objects with density between 1 and 1.2, which means this range is the fuzzy 

range of shadow classification. Thus, the membership degree for those segments with the 

density less than 1 is 100% (the membership degree equals one) and those in between 1 

and 1.2 are in the fuzzy range with membership degree ranging from 1 to 0 (Figure 5.4(b)). 

Equations 5-5 and 5-6 show the formula for low brightness and density that are associated 

with Figure 5.4. In other projects, density of shadows might be slightly different than the 

mentioned numbers. 

 

𝜇𝐵(𝑥) = {

1,

1 −
𝑥 −𝑀

3𝜎
,

0,

 

for x<M 

for 0 ≤ x − M ≤ 3σ 

otherwise 

(5-5) 

 

𝜇𝐷(𝑥) = {

1,

1 −
𝑥 − 1

0.2
,

0,

 

for x<1 

for 0 ≤ x − 1 ≤ 0.2 

otherwise 

(5-6) 

The fuzzy rule used for shadow detection is: 

If Brightness is low and Density is low then segment is Shadow. 

5.3.2.2 Vegetation 

As mentioned earlier, vegetation extraction is one of the most straightforward methods in 

image classification. Two parameters are used for vegetation detection: NDVI and NIR 

ratio, which are explained in this section. 
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- NDVI: Normalized Difference Vegetation Index (NDVI) is a proper tool for 

vegetation extraction (USGS.).  

- NIR Ratio: Because of high reflectivity of vegetation in the NIR region of the 

electromagnetic wave spectrum, the value of the NIR ratio, which is given by Equation 

5-7, is higher in vegetated areas compared to other parts of the image (eCognition user 

guide, 2013).  

𝑁𝐼𝑅 𝑅𝑎𝑡𝑖𝑜 =
𝑁𝐼𝑅

𝑁𝐼𝑅 + 𝑅 + 𝐺 + 𝐵
 

(5-7) 

The value of the NDVI and the NIR ratio in vegetated areas slightly differ from one image 

to another. Generally, the NDVI value for vegetation is around 0.2 and the NIR ratio is 

around 0.3, depending on the density of vegetation. However, if a crisp threshold is 

selected to classify the image into vegetated and non-vegetated areas, there might be some 

vegetation segments in the image with the NDVI and the NIR ratio values slightly less 

than thresholds which will be miss-classified as non-vegetation. In order to improve error 

of omission, the fuzzy rule-based system presented here offers a wider margin to include 

uncertain segments and provides them a second chance to be examined for classification 

qualification. 

 

Figure 5.5 NDVI or NIR Ratio fuzzy function. In this study for NDVI, T1 = 0.05, T2 =0.25, For NIR 

Ratio:  T1=0.15, T2=0.4 
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The used membership function is presented in Figure 5.5 and the associated formula is 

given in Equation 5-8. 

𝜇𝑁(𝑥) = {

1,

1 −
𝑇2 − 𝑥

𝑇2 − 𝑇1
,

0,

 

for   0≤ 𝑥 − T2 ≤ 1 − T2 

for   0 ≤ T2 − x ≤ 𝑇2 − 𝑇1 

otherwise 

(5-8) 

The related fuzzy rule is:  

If NIR ratio is high and NDVI is high then segment is Vegetation. 

5.3.2.3 Road 

Roads are elongated objects with smooth surfaces having low variations in the gray values. 

Therefore, criteria which show lengthened objects and gray value variances can be used 

for defining roads. Classifying road segments without any ancillary data is a challenging 

issue. In this project, first strict limitations are used for road detection. Therefore, the real 

road segments will be classified as Road class. Then, using spectral similarity with 

neighbor objects, other parts of the road can also be correctly classified. In this study, 3 

parameters called Icm ,Ie, and standard deviation are used for road detection which are 

explained in this section. 

- 𝐈𝐜𝐦 and 𝐈𝐞 : (Equation 5-9 and 5-10) are used for defining elongated objects 

(Bouziani M. et al., 2010).  

 

𝐼𝑐𝑚 =
2√𝜋. 𝐴𝑟𝑒𝑎(𝑜𝑏𝑗𝑒𝑐𝑡)

𝑝𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟(𝑜𝑏𝑗𝑒𝑐𝑡)
 

(5-9) 

𝐼𝑒 =
𝐴𝑟𝑒𝑎(𝑜𝑏𝑗𝑒𝑐𝑡)

[𝑙𝑒𝑛𝑔𝑡ℎ(𝑜𝑏𝑗𝑒𝑐𝑡)]2
 

(5-10) 
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Having compared different class segments, one comes to the understanding that road 

segments have low Icm and Ie values, while buildings have high values of them. The exact 

range for Icm and Ie associated with road segments depends on specific parameters such as 

image spatial resolution and road width. However, a rough estimation for the GeoEye 

image, used in this study, is that Icm for road segments is less than 0.5 and Ie is less than 

0.1 (These numbers are slightly different in the QuickBird imagery used in this project). 

Although there are some other segments belonging to roads which have higher values of 

Icm and Ie, this tight limitation decreases the risk of error of commission, which means it 

prevents non-road elongated segments to be miss-classified in road class. Later, as 

explained above, using contextual information, those unclassified road segments will be 

properly classified to road class (see part 3.2.5). The fuzzy function defined for Icm  and 

Ieis presented in Figure 5.6. 

- Standard deviation (Std): Std shows variation of pixel values in a specific segment 

(eCognition user guide, 2013). Since the surfaces of the roads are smooth with low 

variations in gray levels, the lower the standard deviation of segments, the higher the 

possibility to be assigned to the road class. The upper limit of standard deviation for roads 

depends on the radiometric resolution of the image and the distribution of gray values in 

the image histogram. For example in this project, T=150 for standard deviation of GeoEye 

image (Figure 5.6).  



137 

 

 

Figure 5.6 Fuzzy function for 𝑰𝒄𝒎 , 𝑰𝒆 or Standard deviation, which has the same shape, but with 

different T values 

Equation 5-11 presents the associated fuzzy set for 𝐼𝑐𝑚 , 𝐼𝑒 or Standard deviation. 

𝜇𝐼(𝑥) = {
1 −

𝑥

𝑇
,

0,
 
for   0 ≤ x ≤ T 

otherwise 

(5-11) 

Considering the above specifications for road, the produced fuzzy rule is: 

If Icm is low and Ie is low and Std is low then segment is Road. 

Using this rule, some narrow elongated features not belonging to road class might also be 

misclassified as "road". Therefore, in this study after applying this rule, all the road 

segments so produced are merged. Then, those narrow features are removed using a width 

threshold. Considering that the minimum width of a road is 3m and spatial resolution of 

the image is 0.5m, all road segments which less than 6 pixels wide are unlikely to belong 

to roads and are omitted from it; this rule applies to images where there are no road 

occlusions. This procedure improves error of commission. 

5.3.2.4 Building 

All previously mentioned object classes can be specified by first level of segmentation. 

However, building detection needs further processing because of the particular 

specifications of buildings. For example in steep-roof buildings, each side of a roof will be 

Std 
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assigned to a different segment due differences in solar radiation on different sides of the 

building roof. Therefore, a second level of segmentation must be applied to unify those 

segments, which in this study, requires training data. Afterwards, using building 

specifications, building segments are classified.  

5.3.2.4.1 Second Level Segmentation 

Tong et al. (2012) presented a supervised method for optimal multi-resolution image 

segmentation. The method, called FbSP, offers a fuzzy-based process with which 

optimized scale, shape, and compactness parameters of multi resolution segmentation are 

generated. The process is trained using the segments belonging to a specific training 

building; the information of the training segments such as texture, brightness, stability, 

rectangular fit and compactness are used to train FbSP optimizer. Then, new scale, shape, 

and compactness values are generated for the second level of segmentation. Using the 

optimal parameters for image re-segmentation, precise building borders are delineated. 

The output segments have borders fairly fitting the real ones. The problem of this method 

is the requirement of training data. Therefore, this method is only used for building 

classification due to its complicated nature. The full description of FbSP optimizer can be 

found in (Tong et al., 2012). After finding the optimized segments for buildings, the next 

step is to detect building segments out of unclassified ones.  

5.3.2.4.2 Building Classification 

The specification for buildings in VHRSI is that buildings are typically rectangular 

shaped (mostly square shaped) objects with an elevation above the ground. These 

specifications are going to be used for building detection in this part. In this study, four 
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parameters are used for building detection: Rectangular Fit, Elliptic Fit, Area, and Shadow 

Neighborhood, which are explained in this section.  

 

- Rectangular Fit and Elliptic Fit: The Rectangular Fit parameter describes how well 

an image object fits into a rectangle of similar size and proportions, while the Elliptic Fit 

feature describes how well an image object fits into an ellipse of similar size and 

proportions. They both range from 0 to 1: a value of "0" meaning no fit and "1" meaning 

perfect fit (eCognition User Guide, 2013). 

𝐸𝑙𝑙𝑖𝑝𝑡𝑖𝑐 𝐹𝑖𝑡 = 2.
#{(𝑥, 𝑦) ∈ 𝑃𝑣: 𝜀𝑣(𝑥, 𝑦) ≤ 1}

#𝑃𝑣
− 1 5-12 

 

where, 𝜀𝑣(𝑥, 𝑦) is the elliptic distance at a pixel (x,y), 𝑃𝑣 is the set of pixels of an 

image object v, and #𝑃𝑣is the total number of pixels contained in 𝑃𝑣. 

𝑅𝑒𝑐𝑡𝑎𝑛𝑔𝑢𝑙𝑎𝑟 𝐹𝑖𝑡 =
{#(𝑥, 𝑦)𝜖𝑃𝑣: 𝜌𝑣(𝑥, 𝑦) ≤ 1}

#𝑃𝑣
 5-13 

where, 𝜌𝑣(𝑥, 𝑦) is the elliptic distance at a pixel (x,y). 

Having assessed the different building-related image segments in this project, it is 

inferred that buildings have high similarities to rectangular shapes (Figure 5.10(a) shows 

some typical buildings). Typically, buildings are square shaped which have a quite high 

Rectangular Fit and fairly high Elliptic Fit (not as high as circles). Therefore, Rectangular 

Fit and Elliptic Fit parameters can assist in building identification. If Elliptic Fit is omitted 

from the process, then elongated features which have rectangular shapes will also be 

misclassified as buildings. Thus, both of the parameters must be used for building 

detection, simultaneously. Figure 5.7 shows high fuzzy membership for Rectangular Fit 
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as well as fairly high fuzzy membership of Elliptic Fit; the lingual variable “high Elliptic 

Fit” is used for detection of round about detection in Section 3.2.5.  

 

Figure 5.7 Fuzzy function for: (a) Rectangular Fit, (b) Elliptic Fit 

The fuzzy set equations related to the high lingual value for rectangular fit are 

presented in Equation 5-12.  

𝜇𝑅(𝑥) = {1 −
1 − 𝑥

1 − 𝑇
,

0,
 
for  0 ≤ x − T ≤ 1 − T 

otherwise 

(5-14) 

Also, 2 fuzzy sets of Elliptic Fit for high and fairly high lingual values are presented in 

Equation 5-13 and 5-14. 

fairly high elliptic fit: 

𝜇𝐸𝐹(𝑥) =

{
 
 

 
 1 −

𝑇2 − 𝑥

𝑇2 − 𝑇1
, for   0 ≤ T2 − x ≤ 𝑇2 − 𝑇1 

1 −
𝑥 − 𝑇2
1 − 𝑇2

,      for   0 ≤ x − T2 ≤ 1 − T2

0,                                      𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

(5-15) 

 

high elliptic fit: 

𝜇𝐸𝐹(𝑥) = {
1 −

1 − 𝑥

1 − 𝑇2
, 𝑓𝑜𝑟 0 ≤ x − 𝑇2 ≤ 1 − 𝑇2 

0,                                  𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

  

(5-16) 
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- Shadow Neighborhood: Using just Rectangular Fit and Elliptic fit for building 

detection, there might remain the risk that parcels of bare land or any other classes which 

have approximately square shapes would be misclassified as "building", thereby reducing 

the classification accuracy. Therefore, there must be another parameter to extract buildings 

out of them. Here, shadows are of great importance. Considering the height of the building 

and azimuth angle of sun at the time of exposure, a shadow with specific length and 

direction should be visible beside buildings. 

 

 

  

Figure 5.8 Direction of shadow in satellite images. Az is Azimuth angle of sun. Depending on the 

orientation of building, shadow is formed in side A (western side) or side B (Southern side) or both 

The direction of the shadow depends on the azimuth angle of sun at the time of image 

capturing. Figure 5.8 shows how azimuth angle of sun specifies the direction of shadow. 
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Depending on the orientation of building, shadow is formed in the side A (in Figure 5.8, 

western side), side B (in Figure 5.8, Southern side) or both. Therefore, whatever the sun 

azimuth angle is, the shadow of the building is formed in the opposite direction (in this 

research southern and/or western direction). 

- Area: Other than shape and shadow neighborhood in proper direction, buildings have 

another specification which is their area. In order to not misclassify other rectangular 

shaped features, such as vehicles, as building, the area limitation must also be considered. 

The smallest size for a building in this study is 3m×4m and the biggest size is 25m×20m. 

Regarding the image spatial resolution, area limit for building segments will be around 50 

to 2000 pixels, within which, area from 100 to 1500 is the most probable range 

(membership degree equals to 1) and the remaining regions are the fuzzy areas. In Figure 

5.8, the medium fuzzy function is used for delineating buildings; the low fuzzy function 

will also be used for vehicle detection in part 3.2.5. 

 

Figure 5.9 Fuzzy functions for area, medium fuzzy function is used for building detection; low fuzzy 

function is used for vehicle detection 

The equations related to low and medium lingual values for the “area” parameter are 

presented by:  
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low Area:         𝜇(𝑥) = 1 −
|𝑇1−𝑥|

𝑇1
,                 for  0 ≤ |𝑇1 − x| ≤ 𝑇1 ; 𝜇(𝑥) = 0 (5-17) 

medium Area:  𝜇(𝑥) = min {2 − 2 (
|𝑎−𝑥|

𝜆
) , 1} ,    for  a − λ ≤ |a − x| ≤ a +

λ; 𝜇(𝑥) = 0 

(5-18) 

where, a=
𝑇2+𝑇3−2𝑇1

2
 and 𝜆 = 𝑇1; also in this project T1, T2, and T3equal 50, 100, 1500, 

respectively.  

In this research, rectangular shapes with moderate area which are neighbors to shadows 

in the direction specified by sun azimuth angle are classified as buildings. The resulting 

fuzzy rule for building detection is: 

If Rectangular fit is high and elliptic fit is fairly high and Area is medium and 

southern/western-neighbor is shadow, then segment is Building. 

 

5.3.2.5 Contextual Check 

Having applied all the above mentioned rules to the image, some unclassified segments 

might still remain. Unclassified features are tested to see if they resemble specific classes. 

For example, since strict rules are applied for road detection, some parts of roads remain 

unclassified. Therefore, within unclassified objects those which are in the neighborhood 

of roads and have spectral similarity to roads are classified as Road. Also, some parts of 

the buildings might be remained unclassified. A similar rule is applied to them for a proper 

classification. The fuzzy rules used for further building or road classification are: 

If spectral similarity to road is high and relative border to road is medium or relative 

border to road is high, then segment is Road. 

If spectral similarity to building is high and relative border to building is medium or 

relative border to building is high, then segment is Building. 
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Other than the objects mentioned above, there are some other image objects which are not 

of interest to this study. For example, vehicles are irrelevant to this project, even though 

they might be the topic of other studies. Thus, using contextual information vehicles are 

removed. Courts and roundabouts must be assigned to the road classification as well. These 

particular operations are discussed in the following sections.  

5.3.2.5.1 Vehicle removing 

Considering the spatial resolution of the used satellite images, which is around 50cm, and 

also the size of a typical vehicle which is approximately 1.5m×2.5m, vehicles will be a 

rectangular shaped objects in satellite images with area around 15 pixels. The largest size 

vehicle that is counted in this study is a truck with size 2.5m×10m. Therefore, objects 

which have an area between 15 to 100 pixels are probable to be vehicles. Also, vehicles 

can be found in roads. Therefore, they must be connected to a road segment, which means 

their relative border with roads is greater than 50%.  

Therefore the associated fuzzy rule is: 

If Area is small and Rectangular fit is high and relative border to road is high, then 

segment is Vehicle. 

And since we do not deal with vehicles in this study, we assign it to road class. 

 

5.3.2.5.2 Courts and Roundabouts 

The segments of the image relating to courts and roundabouts fail to be classified as roads 

because of their round shapes or spectral reflectance different of that of roads. In this study, 
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the unclassified segments are searched for circular or semi-circular features which are in 

neighborhood of the roads (covering roundabouts) or they have similar spectral reflectance 

to roads (covering courts).  Here, these features are also classified as roads. The related 

rule is: 

 

If Elliptic Fit is high and relative border to road is high, then segment is Road. 

If Elliptic Fit is high and spectral similarity to road is high, then segment is Road. 

5.3.2.6 Bare land 

Detecting parking lots from roads is a complicated issue which cannot be done without 

ancillary data (Salehi et al., 2012b). Here the selected areas are so that they do not contain 

vast parking lots; just bare lands around the houses can be detected. The areas also contain 

no water bodies, therefore the remaining unclassified objects are assigned to bare land 

class. 

5.4 Results  

In order to check the accuracy improvement the fuzzy classification method presented 

here, a check project is defined for each dataset so that the same rules are used but with 

crisp thresholds. In other words, instead of using fuzzy membership functions for 

classification, crisp threshold are used. For example, the fuzzy rule used for vegetation 

detection is: 

If NIR ratio is high and NDVI is high then segment is Vegetation.  

In the check project, the threshold values are calculated as the middle point of the fuzzy 

area. As explained earlier in part 5.3.2.2, T1 and T2 specify the fuzzy area for vegetation. 
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In the check project, the crisp threshold is considered to be the middle point between T1 

and T2, which is 
T1+T2

2
. Thus, those segments which have NIR Ratio more than 0.275 and 

NDVI more than 0.15 are assigned to the vegetation class. The same procedure is done for 

other classes as well. 

Figure 5.10 shows some parts of the original images, images classified using crisp 

thresholds (check project) and the images classified using the presented fuzzy rule-based 

system for both datasets. As can be seen, the images classified using the presented fuzzy 

rule-based system (Figure 5.10(b),(e),(h),(k)) are more successful in terms of defining 

image objects compared to the check projects (Figure 5.10(c),(f),(i),(l)).  
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Figure 5.10 (a),(d) original image  of GeoEye; (b), (e) GeoEye image classified using crisp borders; 

(c),(f) GeoEye image classified using fuzzy functions. (g), (j) original image of QB; (h), (k) QB image 

classified using crisp borders; (i), (l) QB image classified using fuzzy functions. In this figure red, 

green, magenta, blue, and yellow colors stand for shadow, vegetation, building, road, and bare land 

classes, respectively. 

In order to evaluate the quality of the results of the presented method, a random part 

(400pixels × 500pixels) of each image is classified manually using human expertise. Then, 

using the manual classification result as control information, the confusion matrix is 
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generated for both the presented method as well as the check project. Table 5.1 and 5.2 

show the related confusion matrices. 

Table 5-1: Confusion Matrix for the Fuzzy method results (Geo-Eye Data) 

     Reference 

Classification 

Building Road Shadow Vegetation Bare 

Land 

Sum User's 

Accuracy 

Building 47839 4732 59 17 637 53284 0.90 

Road 1770 31851 11 0 3781 37413 0.85 

Shadow 35 424 2981 171 74 3685 0.81 

Vegetation 31 12 147 34510 392 35092 0.98 

Bare Land 18339 849 400 1378 47322 68288 0.69 

Sum 68014 37868 3598 38314 52206 200000  

Producer's 

Accuracy 

0.70 0.84 0.83 0.90 0.91   

Table 5-2: Confusion Matrix for the check project (Geo-Eye Data) 

Reference 

 

Classification 

Building Road Shadow Vegetation 
Bare 

Land 
Sum 

User's 

Accuracy 

Building 35648 3780 107 0 5863 45398 0.79 

Road 789 21598 579 108 3583 26657 0.81 

Shadow 15 1879 2150 587 579 5210 0.41 

Vegetation 38 17 24 28780 785 29644 0.97 

Bare Land 31524 10594 738 1480 48753 93089 0.52 

Sum 68014 37868 3598 38314 52206 200000  

Producer's 

Accuracy 
0.52 0.57 0.60 0.75 0.93   

Table 5-3: Confusion Matrix for the presented method results (QB data) 

      Reference 

Classification 
Building Road Shadow Vegetation Bare 

Land 

Sum User's 

Accuracy 

Building 11895 2144 936 0 3542 18518 0.64 

Road 1856 22060 924 0 2160 27001 0.82 

Shadow 67 209 5312 182 0 5770 0.92 

Vegetation 0 0 47 123310 186 123543 1 

Bare Land 1414 3246 731 2121 17657 25168 0.7 

Sum 15232 27660 7950 125613 23545 200000  

Producer's 

Accuracy 

0.78 0.8 0.67 0.98 0.75   
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Table 5-4: Confusion Matrix for the check project (QB data) 

Reference 

Classification 
Building Road Shadow Vegetation 

Bare 

Land 
Sum 

User's 

Accuracy 

Building 10043 0 936 0 3542 14521 0.69 

Road 1856 20303 1347 0 3906 27411 0.74 

Shadow 0 209 4798 182 2137 7326 0.65 

Vegetation 0 0 47 68535 186 68768 1 

Bare Land 3333 7148 821 56896 13775 81974 0.17 

Sum 15232 27660 7950 125613 23545 200000  

Producer's 

Accuracy 

0.66 0.73 0.6 0.55 0.59   

 

The overall accuracies and Kappa coefficients for both of the methods are also presented 

in Table 5.5. 

Table 5-5: Overall Accuracy and Kappa Coefficient of the presented method and the check project 

 Fuzzy Method 

(for GeoEye) 

Check 

project 

(for GeoEye) 

Fuzzy 

Method 

(for QB) 

Check project 

(for QB) 

Overall Accuracy 0.82 0.68 0.9 0.42 

Kappa Coefficient 0.76 0.58 0.82 0.59 

 

5.5 Discussion 

As can be seen from Tables 5.1, to 5.5, the overall accuracies as well as Kappa coefficient 

in the presented fuzzy method stand higher than those of crisp method.  Also, the majority 

of the User’s Accuracies and Producer’s Accuracies in the Fuzzy method results are higher 

than the Crisp check method. It means that using fuzzy rule-based system improved the 

accuracy of the classification.  

Considering the User’s/Producer’s accuracies of the presented method (Tables 5.1 and 

5.3), one comes to the understanding that almost all segments are properly classified (with 
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accuracies better than 80%) except those belonging to building and bare land classes. High 

level of User’s Accuracy for buildings shows that the criteria for building extraction are 

adequate; meanwhile, low amount of Producer’s Accuracy for building class indicates that 

there are some buildings that are not covered by this rule and are mistakenly labeled as 

another class. On the other hand, the User’s Accuracy for bare land class is around 70% 

for both datasets, which means there are plenty of segments mistakenly committed to the 

bare land class. Comparing the related numbers, it is inferred that some buildings are not 

properly extracted; therefore, they remained unclassified and in the last step of 

classification (5.3.2.6), in which the unclassified segments are assigned to the bare land 

class, they are falsely classified as bare land, reducing both building and bare land classes’ 

accuracies. The same contamination has happened for road segments. Those segments 

which are missed in road classification are transferred to the bare land class. In this study, 

also building detection is dependent on shadow detection. Therefore, if for some reason 

the method fails to detect a shadow, the associated building will be also missed. If ancillary 

data for building extraction, such as a building map or road map, is added to this process, 

the accuracy of the classification will be remarkably improved.  

The presented method performed quite well in vegetation detection, however, the crisp 

method missed to classify a huge number of segments related to vegetation.  

Fredericton is a very green town, therefore the most of the QB image is vegetated.  Since 

this method is very good at detecting vegetation, the overall accuracy and kappa coefficient 

for QB image classification are affected by this classification accuracy and show up higher 

than that of the GeoEye image.  
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5.6 Conclusion 

Although the accuracies for building and bare land detection in this project are not as high 

as other classes, they are still higher than those of the check project. Also, the presented 

method succeeded in detecting roads, shadows and vegetation. Referring to the confusion 

matrix, the accuracy related to these three classes is fairly promising. However, the crisp 

thresholds for classification did not yield such high accuracies.   

With the current knowledge of object-based methods, building detection is extremely 

challenging without using ancillary data.  Also, presenting a comprehensive image 

classification system which will be applicable to every kind of images is not possible. 

Considering these limitations, the presented method can be useful as a sample for other 

fuzzy-based image classification projects. Of course, if there are any other ancillary data 

available, the produced results will be significantly better. Therefore, in similar projects, 

the presented specifications for each class can be used and if any additional information is 

available, it will help to improve the accuracy of the classification. 

Also, the presented thresholds can also vary in other projects slightly, depending on the 

image resolutions (spatial, spectral or radiometric), area coverage and also image 

acquisition time.  

In this study we aimed to present a step-by-step classification method using fuzzy inference 

system with some specific parameters gathered from the related literature. The presented 

method is capable of adding any other useful parameters to increase the classification 

accuracy for other projects in future.  
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6. Chapter 6: SUMMARY AND CONCLUSIONS 

This chapter summarizes the research conducted for this dissertation. The outlines of the 

research from Chapters 2 to 5 as well as the contributions of this research are presented in 

this section. At the end, some suggestions for future work are provided. 

6.1 Summary of Research 

Urban change detection is of great importance in remote sensing image processing and 

has, therefore, been the subject of extensive research. However, those who work in this 

field appreciate that, due to the limitations of the conventional change detection methods, 

proper data attainment is very difficult. The imagery source in conventional change 

detection techniques are limited to orthophotos or close-to-nadir images, causing 

challenges in the data attainment step. Even with close-to-nadir images, the relief 

displacement of the elevated objects is still a problem in image co-registration and a source 

of error in change detection, which is often neglected in the associated studies.  

This research has focused on this problem in two important respects:  

 It has proposed a robust solution to co-registration step by introducing and testing 

the patch-wise co-registration method. With this method, the co-registration of the 

images is made possible provided that the sensor model parameters and a detailed 

DSM are provided. 

 It has proposed a robust solution to the "comparison of the spectral properties" step 

for detecting changes. This includes: 
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o adopting the topographic correction methods to correct the various 

irradiance of the urban objects due to illumination angles of the multi-

source images; and 

o adopting MAD transform for comparison of the patches produced by the 

patch-wise co-registration step. 

In this research, the great potential of the multi-sensor (i.e. airborne and satellite images) 

and multi-view angle imagery is investigated which can offer huge commercial potential. 

In Chapter 2, the concept of the patch-wise co-registration was introduced mainly for 

close-to-nadir images. Using RPCs of the bi-temporal images along with a DSM to guide 

finding the matching pixels, the co-registered pixels and accordingly segments (patches) 

are generated. Later on, to detect the changed patches, various change criteria have been 

studied, within which three major change criteria -- Cosine Angle, Correlation and MAD 

transform -- were selected. The MAD method produced the most reliable results in 

differentiating the change patches from unchanged, as compared to the other criteria. 

We tested this framework on bi-temporal image sets from IKONOS, GeoEye, QuickBird 

and WorldView-2 sensors with DSMs produced either by LiDAR or stereo imagery. The 

accuracy of the used DSM is extremely crucial in this method since any errors in the DSM 

can directly result in misregistration of the bi-temporal images. A DSM with accuracy as 

high as the GSD of the satellite images is a reliable guide for co-registration.  

In Chapter 3, we investigated the patch-wise co-registration for the combinations of the 

off-nadir satellite imagery and further developed the algorithm to co-register the multi-

source images (i.e. images from airborne sensors and satellites). The output results 

indicated that multi-sensor patch-wise co-registration is possible regardless of sensor type. 
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Later on, MAD transform was used to detect the changes in the co-registered patches and 

high accuracies in change detection have been achieved. As far as the accuracy of patch-

wise co-registration is concerned, if DSM is provided with accuracy as high as the image 

pixel sizes and the sensor model parameters are within a certain range of accuracy 

(mentioned in Chapter 3), the source of the imagery does not matter in the patch-wise co-

registration. On the other hand, the more the number of independent similar spectral bands, 

the higher the accuracy of the change detection results. 

In Chapter 4, the problem of the variation in the irradiance of the solar illumination in steep 

urban objects, specifically steep-roof houses, was investigated. Having included images 

from different sources and looking angles, the variation in the illumination angles caused 

difference in the brightness values of the matching patches resulting in false change 

detection results. Thus, we mitigated this problem by integrating the topographic 

correction methods into the urban environment pixel brightness values. The topographic 

correction methods previously have been used only in moderate to low resolution images 

of mountainous areas (or large scale objects such as hills and mountains in some VHR 

images) for removing the alterations in the intensity of the shaded areas. However, in this 

research we applied the TOC methods on the steep-roof building s to overcome the 

problem of pseudo detections. We had to conform the algorithms to the patch-wise co-

registered different-source imagery using the projected slope and aspect information of the 

buildings and patch borders.   

The final stage in change detection is to generate from-to information which specifies each 

segment/pixel belonging to a specific class is changed to what. Chapter 5 presents a fuzzy 

rule based VHR image classification method to generate image labels for every segment. 
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Having applied the image classification on the bi-temporal images, the labels of the 

matching segments can be compared to generate from-to information. However, automatic 

recognition of the urban objects and unsupervised VHR imagery classification is yet to be 

improved according to the related literature. Therefore, we did not include it in the change 

detection results.  

6.2 Achievements of the Research 

Based on the four main chapters of this dissertation, the summary of overall contributions 

is presented as follows: 

6.2.1 Patch-Wise Co-registration 

The research clearly shows that co-registration is the key point to incorporate imagery from 

different sources with different view angles into the change detection process. On the other 

hand, a global co-registration of the satellite imagery with the conventional methods is 

limited to only close-to-nadir and orthophoto images. By introducing the patch-wise co-

registration technique, 

 co-registration of multi-view angle images including off-nadir and close-to-

nadir imagery, 

 co-registration of multi-sensor images, and  

 mitigation of relief displacement in bi-temporal images 

are made possible. 
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6.2.2 Comparison of the Spectral Properties of the Matching Patches 

The outcomes of the research prove that MAD transform is a robust method for detecting 

the detailed changes in the urban environment. This method can compensate for linear 

changes in the atmospheric condition models as well as balancing the difference in the 

radiometric resolution of the bi-temporal images.  

6.2.3 Irradiance Correction of Urban Objects 

The irradiance received by the imaging sensors from of the urban objects is dependent on 

the solar illumination angles (in the optical imagery) as well as the ground slopes. The 

research clearly stated that differences in the illumination angles result in false outputs in 

change detection. We attenuated this effect by applying the TOC methods conformed to 

the patch-wise co-registration of the buildings in the urban environment when imaged with 

different angles.  

6.2.4 Fuzzy Rule Based System Aided Image Classification 

As stated in the research, crisp thresholds in urban object classification can result in 

misclassified outputs. This research investigated the fuzzy lingual variables for different 

urban classes and adopted fuzzy rule based systems for the VHR image classification and 

generated more robust outputs compared to crisp thresholds. 

6.2.5 Incorporating Multi-Sensor, Multi-View Angle, Multi-Radiometric 

Resolution, and Multi Spatial Resolution Images into Change Detection 

The last but the most important contribution of this research is mitigating difficulties in 

data acquisition step of change detection by incorporating imagery with multi-sensor types 
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(i.e. airborne and satellite), multi-view angle (close-to-nadir and off-nadir), multi-

radiometric resolution, and multi-spatial resolution images into change detection. 

6.3 Suggestions for Future Work 

Based on this research, the following suggestions for further research are presented. 

The research introduced the path-wise co-registration for the change detection of the urban 

objects mainly focusing on building roofs. However, building façades are also visible in 

VHR imagery -- especially if off-nadir angle is high. Building façade change detection can 

be accomplished by further improvement the patch-wise co-registration algorithm. 

The change identification criteria selected in this study is MAD transform. More 

sophisticated probabilistic based methods (according to Bayes' theory) can be adopted and 

combined with MAD transform for even higher detection accuracies. 

In this research, the spectral properties of objects were used for change detection. In future 

studies, shape, edge, texture, and contextual information can also be incorporated into the 

process. This information can help identifying the changes occurred due to natural hazard 

such as earthquake, in which the material does not change; thus, edges and textural 

information can help identifying the alterations. 
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