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ABSTRACT

BUILDING DETECTION FROM SATELLITE IMAGES USING
SHADOW AND COLOR INFORMATION

Guducu, Hasan Volkan
M.Sc., Department of Electrical and Electronics iBegring

Supervisor: Prof. Dr. Uur Hal ¢

August 2008, 121 pages

A method for detecting buildings from satellitelabimages is proposed in
this study. The aim is to extract rectilinear bunfgs by using hypothesize first
verify next manner. Hypothesis generation is acd@ngd by using edge detection
and line generation stages. Hypothesis verificatisncarried out by using
information obtained both from the color segmentatof HSV representation of
the image and the shadow detection stages’ oufaitllite/aerial image is firstly
filtered to sharpen the edges. Then, edges aractatt using Canny edge detection
algorithm. These edges are the input for the Holginsform stage which will
produce line segments according to these extraetiepges. Then, extracted line
segments are used to generate building hypothéeefication of these hypotheses
makes use of the outputs of the HSV color segmentaind shadow detection
stages. In this study, color segmentation is psex®n the HSV representation of
the satellite/aerial image which is less sensitovédlumination. In order to perform



the shadow detection, the basic information whihshadow areas have higher
value of saturation component and lower value dfievaomponent in HSV color
space is used and according to this information askms applied to the HSV
representation of the image to produce shadow sixel

The proposed method is implemented as softwaretenriin MATLAB
programming software. The approach was tested werak different areas. The
results are encouraging

Keywords: Building Detection, Canny Edge Detection, Color &hs
Segmentation, Shadow Detection, Hough Transform.
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UYDU GORUNTULER NDEN GOLGE VE RENK B LG S
KULLANILARAK B NA BULUNMASI

Guducu, Hasan Volkan
Y. Lisans, Elektrik-Elektronik Mihendisli Bolimu

Tez YoOneticisi: Prof. Dr. Uur Hal ¢

A ustos 2008, 121 sayfa

Bu cal mada hava/uydu goruntilerinden binalar n bulunmasilgili bir
yontem Onerilmitir. Amag, kdeli yap daki binalar 6nce hipotez geiiip
sonras nda bunu doulamak prensibine uyarak belirlemektir. Hipotedi geme;
kenar bulma ve daou olu turma aamalar ndan meydana gelmektedir. Hipotez
do rulama ise, resmin HSV uzay ndaki rengine gore migine ve golge bulma
a amalar ndan elde edilen bilgi ile yap Imaktad r.vil&ydu gorinttsi ilk olarak
goruntideki kenarlar n daha belirginheesi icin bir filtreden gecirilir. Sonras nda,
kenarlar Canny kenar bulma algoritmas ile ¢ kartBu kenarlar Hough Transform
bolumunde kullan larak dou pargalar oluurulur. Sonras nda, bu daular
kullan larak bina hipotezleri ¢ kart|r. Bu hipaierin do rulanmas igin resmin
HSV uzay ndaki rengine gére bolimleme ve golge lubramalar n n sonuclar
kullan Imaktad r. Bu calmada renge goére bélimlemeamas RGB uzay nda

bulunan gorintinin, a RGB'ye gore daha az hassasiyet gosteren HSV

Vi



uzay ndaki ede erine gore yap Imaktad r. Goélge bulmaamas, HSV uzay nda
golge olan yerlerin olmayan yerlere gore doygunpzitcas n n daha yuksek ve
de erlik parcas n n daha dik oldu u temel bilgisinin  nda goérintiye basit bir
maske uygulanarak yap Imaktad r.

Onerilen yontem yaz | m olarak MATLAB yaz | m ndayIm tr. Yontem
farkl goruntuler ile denenmtir. Sonuclar tevik edicidir.

Anahtar Kelimeler: Bina Bulma, Canny Kenar Bulma, Renge Gore

Bolumleme, Golge Bulma, Hough Transform.

vii



To My Family

viii



ACKNOWLEDGMENTS

| express my deepest gratitude to Prof. DrutJHALICI for her guidance
and support throughout this study and Asst. Praf. kay ULUSOY, Orsan
Aytekin, METU Vision, and Computer Vision and Irigént Systems Research
laboratory.

| also thank to Assoc. Prof. Dr. Hebnem DUZGUN and Geodetic and
Geographic Information Technologies research laboya

| could never achieve this goal without supportmyf wife and my family. |
thank them for their encouragement and full support

I would like to thank all my friends who helpedpnoducing this thesis for

their valuable suggestions and comments.



A B S T R A T it e e et ettt ettt e e e e e e e rman——ns v
O e —— Vi
ACKN OW L LE D GMEN T S ..o IX
TABLE OF CONTENT S oo X
LIST OF TABLES ...t eeri ettt e et e e e e e e e e e e eaeaenn Xiii
L ST OF FIGURES ... oottt et e ettt e e e e e eaenn Xiv
CHAPTER
L. AINTRODUCTION . . et e e et eenanees 1
1.1 Y (O I A/ I (@ ]\ TR 1
1.2 OBJECTIVEAND GOALS ... 2
1.3 METHODOLOGYUSED ...t 2
1.4 DA T A e 3
1.5 CONTRIBUTION .. e 3
1.6 THESISOVERVIEW ...t e 4
2. BACKGROUNDD . ..ttt e et e e et e e e e e e e e e aeaens 5
2.1 INTRODUCTION ..ottt ettt e e e e ranaeaens 5
2.2 COLORMODELS ... et 10
221 RGB COLOR MODEL ..cuiiuiiiiie et 11
2.2.2 HSV COLOR MODEL ....cuiiiiieeeee et 12
2.3 COLORIMAGE SEGMENTATION ....cuieiie e s ees 13
2.3.1 CLUSTER ANALY SIS ..o 14
2.3.2 K-MEANS ALGORITHM ..., 16
2.4 EDGEDETECTION ..ceiiie et 18
241 SOBEL OPERATOR ... e e 23

TABLE OF CONTENTS



2.4.2 ROBERT'S OPERATOR.....ccoiii i 24

2.4.3 LAPLACIAN OF GAUSSIAN .....cootiiiiiiiiiiieeeees et 25
2.4.4 CANNY EDGE DETECTION ALGORITHM......coovvviiiiiieennnn. 27
2.5 HOUGHTRANSFORM ... 32
3.THEPROPOSEMBUILDING DETECTIONALGORITHM.................. 35
3.1 THE GENERALSTRUCTUREOFTHEALGORITHM...........ovvveeeen. 35
3.2 PREPROCESSINGHE IMAGE ........oooiiiiiii e 38
3.3 COLORSEGMENTATION. ...cciiiiiiiiiiiiiiii e e 39
3.4 SHADOWDETECTION ....oiiiiiiiiiiiiiiiiiee e 39
3.5 EDGEDETECTION ...ttt eeeee e 41
3.6 HOUGHTRANSFORM ..., 41
3.7 LINE MERGINGAND ELIMINATION ... 43
3.8 HYPOTHESISGENERATION .....ccoiiiiiiiiiieee e 45
3.9 I-SHAPEDAND L-SHAPEDHYPOTHESISVERIFICATION .......... 46
3.10 U-SHAPEDHYPOTHESESVERIFICATION ....ccooiiiiiiiiiiiiee 49
4.IMPLEMENTATION AND RESULTS ...ouiiiiiii e e 52
4.1 TESTAREAL....cco e 53
4.1.1 TEST AREA 1 PROPERTIES........cccoiiiiiieeeeee e 53
4.1.2 TEST AREA 1 RESULTS AND EVALUATION...........ccccemmnne 59
4.1.3 RUN-TIME EVALUATION.....ootiiiiiiiiiiiiriii e 60
4.1.4 FEATURES EVALUATION .....ccooiiiiiiiiiiiiiic s mmenieeee e 60
4.1.5 DETECTION EVALUATION.....cccoiiiiiiiiiiiiiiiscee e 61
4.1.6 TEST AREA 1 PARAMETER EVALUATION...........cccveeernnn. 62
4.2 TESTAREA Z ... 66
421 TEST AREA 2 PROPERTIES ..., 66
4.2.2 TEST AREA 2 RESULTS AND EVALUATION..........ccvveeennes 71
4.2.3 RUN-TIME EVALUATION. ..., 71

Xi



4.2.4 FEATURES EVALUATION ... 72

4.2.5 DETECTION EVALUATION......cooiiiiieeeeeeeeeee e 72
4.2.6 TEST AREA 2 PARAMETER EVALUATION...........covveeen. 73
4.3 TESTAREA 3 ..o 76
4.3.1 TEST AREA 3 PROPERTIES.........ccciiiiiiieeeeeeen 76
4.3.2 TEST AREA 3 RESULTS AND EVALUATION...........ccccemmnee 80
4.3.3 RUN-TIME EVALUATION.....ootiiiiiiiiiiirieiim e 81
4.3.4 FEATURES EVALUATION .....ccooiiiiiiiiiiiiiec e 81
4.3.5 DETECTION EVALUATION.....cccoiiiiiiiiiiiiiiiccmee e 82
4.3.6 TEST AREA 3 PARAMETER EVALUATION...........ccccveeeennn. 82
4.4 CHOICEOFPARAMETERS ......oooiiiiiiiiiiee et 85
4.5 PERFORMANCERESULTS ..o 102
S.CONCLUSIONS ... rmmmme e e e e eenes 110
51 SUMMARY e 110
52 DISCUSSION ... 111
53 FUTUREWORK......oiiiiiiii e 112
REFERENCES ... ... et 114

Xii



LIST OF TABLES

TABLES

Table 2.1 Clustering TEChNIQUES.........coii e 15
Table 4.1 TeSt Areal FEALIUIES. . ....c. . e e e e emeeaens 60
Table 4.2 Results for the TeSt Ar€al.......oceveeeee e 62
Table 4.3 Some of the Default Parameter ValUeS....c.....nveevveiieeeeeeeeeeeeeeen, 62

Table 4.4 Results for the Modified Edge Threshoddués for the Extracted

FRALUIES ... et e e eenm e e eeans 63
Table 4.5 Modified Edge Threshold Values for Parfance Evaluation............... 66
Table 4.6 TeSt Area2 FEATUIES............. e eeeeeeeeeeeeaaeeeeeeaasassssssseeeeee s 72
Table 4.7 Results for the TeSt AreaZ..........oooeivviiiiiiiiiiiiiii e 73
Table 4.8 Parameter Values for the Test AreaZ............eeeiiiiiiiieeiiiiiiieiiiiiinns 73

Table 4.9 Results for the Modified min_line_leniythlue for Performance

EVAIUALION. ... 75
Table 4.10 Test Area3 FEALUIES...........utcemmmmmm i eeeeeeeeeeeeeeeeeiiitie e 81
Table 4.11 Results for the TeSt Area3.......ccooeiriiiiiiiiiiee e 82
Table 4.12 Parameter Values for the Test Areal.........ccccccveeeeiieeeiiiics 83

Table 4.13 Results for the Modified cluster_colaff dalue for Performance

EVAIUALION. ...t 85
Table 4.14 Results for the 3 Filters Considered..........ccoovvviiiiiiiiiiiinnnnennn. 93.
Table 4.15 Results for the Segmentations Perforoneifferent Spaces........... 100
Table 4.16 Performance Evaluation of the Algorithm..............ooovvviiiieennnn. 103

Xiii



LIST OF FIGURES

FIGURES
Figure 2.1 RGB Color CUDE........cooiiiieeeeeeee e 11
Figure 2.2 HSV CoOlOr SYSTEMS .....cccuuiiiiet s e s e e e e e e e e e e eeeeeeeeeassennn s seans 12
Figure 2.3 Edge Detection for an Aerial IMage e eeeeeeeeieeeeiiiiieeeeiiiieeeenn 19
Figure 2.4 Signal WaveforM ............ueiioiiieeccceeeeeess e aeeeene s 20
Figure 2.5 Derivative of the Signal..........cccce oo 21
Figure 2.6 Second Derivative of the Signal ..o 22
Figure 2.7 Sobel KerNElS.......coooi oottt 23
Figure 2.8 RODErt’S KEINEIS .......cvuviiiiiiiiieee e ane e e e 24
Figure 2.9 Three Commonly used Discrete Approxiaratito the Laplacian Filter
................................................................................................................ 26
FIgure 2.10 KerNEIS.......coooiieiiieeeeee e e e e eeeeeee e e e e e 28
Figure 2.11 Original IMage .......uvvveeeiiiicmmmmm e eenaeeee s 29
Figure 2.12 Sobel Edge Detected Image.........ccoevviiiiiiiiiiiiiiiiieeeeeeeeceeeeeeiiiene 30
Figure 2.13 Roberts Edge Detected IMage....ccooooivieeeiiiiiiiiiiiiieeeee e 30.
Figure 2.14 LoG Edge Detected IMage........ o eeererrmmmniiinaieeeeeeeesseereeennnnn 31
Figure 2.15 Canny Edge Detected Image..........ccceevvvvveeveviiiiiiiiii e 31
Figure 2.16 Parametric Description of a Straighmeli..............ooovviiiiiiiiiiiiiiinnnenn. 33
Figure 3.1 The Flowchart of the Proposed Buildirggdation Algorithm.............. 36
Figure 3.2 Detailed Flowchart of the Proposed BoddDetection Algorithm ...... 37
Figure 3.3 Original Image and Sharpening Filter hggbimage...............cccevvevnne 39
Figure 3.4 Shadow Detection Applied on an IMage we......cevvvveeiiiiiieeeeeeeeeennn. 40
Figure 3.5 Shadow Image after Filling HOIES ..ccooe oo 14
Figure 3.6 (p1, p2) Constitute Line; (p2, p3) NanStitute Line .......................... 42
Figure 3.7 Linel and Line2 are Merged; Line2 amkBinot Merged................... 43
Figure 3.8 Lines Generated by Using Hough Transform.............ccccccovvvvvvvninnns 44
Figure 3.9 Merged and Eliminated LiNes.... .. eeeeeriiiinnnieneeeeeeeeeeeeiennenn.. 44

Xiv



Figure 3.10 |11 and 12 Form a Corner; I3 and l[4S¢eparate ...............cccceeviiiiinnns 45
Figure 3.11 Valid and Invalid Building Hypotheseas®d on min_lin_length

Parameter ... ..o e 46
Figure 3.12 sdw_line_rate parameter effect on HygE®S ... 48
Figure 3.13 cluster_color_diff Effect on Hypothes&sification.......................... 49
Figure 3.14 Effect of the cluster_min_area Effectloe Hypotheses..................... 50
Figure 4.1 Original Image of the Test Areal ... ccveeeeeeiriiiiiiiiiiieeeeeeeeeeee, 53.
Figure 4.2 HSV Color Segmented Image of Test Ar&aB;..........ccccceeeeeevvieeeennnn. 54
Figure 4.3 Shadow Image of the Test Areal...ccco oo, 5.5
Figure 4.4 Edge Detected Image of Test Areal.........ooouvvvieiiiiiiienieeeiiieeecieeinnns 56
Figure 4.5 Hough Transform Applied to TeSt Ar€alu........ccuvvvveiiiiiiieeeeeeeenennnn. 57
Figure 4.6 Test Areal after Line Segments are Meagel Removed ................... 57
Figure 4.7 Generated Hypotheses for TeSt Ar€ala...ccoeeeeiiiiiiiiiiiiinnieeeeneeeee, 58
Figure 4.8 Verified Hypotheses for TEeSt Ar€al .. ccoeeeeeeeeeiiiiieiiiiiiiiiiiieneenn 59
Figure 4.9 Edge Detection RESUILS.........cicceeeeeieiiiiiee e 64
Figure 4.10 Generated LINeS RESUILS ........ccoeeeriieeeecieee e ) 64
Figure 4.11 Verified Buildings ReSUILS.......coiiiiiiiiiiiiiiiiiieeeeeeeeeeeeeeeieen | 65
Figure 4.12 Original Image of the Test Area2 w...cccceevevvvveeeevvviiciiiieeneeeen . 6
Figure 4.13 HSV Color Segmented Image of Test Arkaa.............ccceevvvvvevnnnns 67
Figure 4.14 Shadow Image of the TesSt AreaZ....ccce.ceeeeeeiieeiiievieeeeceee 68
Figure 4.15 Edge Detected Image of TeSt Areaz..........cooevvvvviviviiiiiiieneeeeeeeeeee, 68
Figure 4.16 Hough Transform Applied to Test Area2...........cccccvvvvviiiiieeeeeeennn. 69
Figure 4.17 Test area2 after Line Segments are &édengd Removed .................. 69
Figure 4.18 Generated Hypotheses for Test Ar€aZ........ccccevvvveevevrvvvvnnnennnn. 70
Figure 4.19 Verified Hypotheses for TeSt Ar€a2............uuvveiiiiiiienieeeiiieeeeeeiiies 70
Figure 4.20 Verified Buildings RESUILS....... i eeeeeeeeeeeieeeas 74
Figure 4.21 Original Image of the TeSt Area3 e eeeeeveeeeeeeiiiiiiiiiee e 6.7
Figure 4.22 HSV Color Segmented Image of Test Atea3...........cccccceceeeeeeeennn. 77
Figure 4.23 Shadow Image of the Test Area3. ... 77

XV



Figure 4.24 Edge Detected Image of Test Area3.........coovveiiiiiiiiiiiinieeeee e, 78

Figure 4.25 Hough Transform Applied to Test Area3............oocvvvvviciiiiieeeeeeennn. 78
Figure 4.26 Test Area3 after Line Segments are bteegnd Removed................. 79
Figure 4.27 Generated Hypotheses for Test Ar€a3.......cccoeevvvieiiiiiviiinnnnnnnn. 79
Figure 4.28 Verified Hypotheses for Test Area3...........ouvveiiiiiiiiieieeeeeeeeeeeeeeiies 80
Figure 4.29 Verified Buildings RESUILS.......cmeeeeeeeeiiiiiiiiiee e eeeeeveeeeeiieees 84
Figure 4.30 Original and Anisotropic Nonlinear EilApplied Image................... 86
Figure 4.31 Edges Extracted from Original and Amgaic Nonlinear Filtered
IMAGES .. e e e 87
Figure 4.32 Original and Bilateral Filter Appliegh&ges ........ccceeeeeeiiiiiiiiiiiiiinnnns 88
Figure 4.33 Edges Extracted from Original and Biiak Filtered Images.............. 88
Figure 4.34 Original and Sharpening Filter AppllBthges..........ccccovvvvvvvvviiiiennnnn. 89
Figure 4.35 Edges Extracted from Original and Séiairpy Filtered Images......... 90
Figure 4.36 Verified Building Results using Anisaic Nonlinear Diffusion Filter
................................................................................................................ 91
Figure 4.37 Verified Building Results using BilaEFilter ................cccceeeeiieeennnn. 92
Figure 4.38 Verified Building Results using ShanpgrFilter................cccceeeeennn. 93

Figure 4.39 Original Image and Segmentation Apptirdred” Space Image....... 94
Figure 4.40 Original Image and Segmentation Apptierdgreen” Space Image .. 95
Figure 4.41 Original Image and Segmentation Apptiedblue” Space Image .... 95
Figure 4.42 Original Image and Segmentation Apptiedhue” Space Image...... 96
Figure 4.43 Original Image and Segmentation Apptierdsaturation” Space Image

Figure 4.44 Original Image and Segmentation Apptierdvalue” Space Image... 97
Figure 4.45 Mean-shift Segmentation Image and-itselans Applied Form ......... 97
Figure 4.46 Verified Building Results after Segmegon “red” and “green”
SPACES RESPECHIVEIY ....ceee ettt e e e e e eeees 98
Figure 4.47 Verified Building Results after Segniegion “blue” and “hue” Spaces
RESPECHVEIY ...t nmmnaeeeees 99

XVi



Figure 4.48 Verified Building Results after Segniegion “saturation” and “value”

SPACES RESPECHIVEIY .....oiiee ettt e e e e eeens 99
Figure 4.49 Verified Building Results after meariftsBegmentation and hsv

Segmentation is Performed RespectiVely..... oo, 100
Figure 4.50 Region Growing Applied IMage.......cccveeiiiiiiiiiiiiiiee e 101
Figure 4.51 Verified Buildings Result for Test Adea............cccccevvvvvvviciiiinneennn. 104
Figure 4.52 Verified Buildings Result for Test ABea............ccceevvvvvvvvnicciienneennn. 105
Figure 4.53 Verified Buildings Result for Test ABea............ccccevvvvvivviciiiinneennn. 106
Figure 4.54 Verified Buildings Result for Test Afea.............coovvvvvvvvveiciiinneenn. 107
Figure 4.55 Verified Buildings Result for Test ABea...........ccvvvvevieiiieiiiinininnnnn, 108
Figure 4.56 Verified Buildings Result for Test Afea............ccccevvvvvvvviciiieeneennn. 109

XVil



CHAPTER 1

INTRODUCTION

1.IMOTIVATION

Object detection in satellite/aerial images hasnbae important research
topic in computer vision for many years. Some usefiplications of this subject
are; updating of geographic information system (Gtiatabases, urban city
planning and land use analysis. The fundamentdlectges that drive much of the
research in this field are the edge or line exiwacproblems and segmentation
problem, which is finding a desired object and safnag it from the background in
the presence of distractions caused by other festsuch as surface markings,
vegetation, shadows, and highlights.

A large variety of building detection techniquesdailgorithms have been
reported in the literature, but most detection atgms rely on edge-based
techniques that consist of linear feature detectigmouping for parallelogram
structure extraction, and building polygons vedfion using knowledge such as
geometric structure, shadow, and so forth. In otdesolve this complex problem,
integrating the power of multiple algorithms, cuasd available data sources is also
implemented recently to improve the reliability arabustness of the extraction
results. The recent availability of commercial higisolution satellite imaging
sensors such as IKONOS provides a new data soardeuflding detection. The

high spatial resolution of the imagery specifiesyviine details in urban areas and



facilitates the classification and detection of ambyelated features such as roads
and buildings. Since manual extraction of buildifgsm imagery is very slow,
automated methods have been proposed to improvepterl and utility for urban
map’s production. Most of the recent work on buitgliextraction from high
resolution satellite images is based on supervisetiniques. These techniques
either require a classification based on initialrting data to provide hypotheses for
the positions and sizes of the candidate buildaajures, or they use training sets or
model databases to classify or match the buildings.

The difficult problem in building detection is perfning automatic and
accurate matching of the buildings in satellitademmagery. The motivation
behind this work is to use shadow and HSV (hueuratbn, intensity) color
information gathered from the satellite/aerial imago verify the building
hypotheses generated by using edge-based technifjbesapproach has to be
robust and accurate to be used in a system.

1.20BJECTIVE AND GOALS

The objective of this thesis is to develop a ropredtable building detection
algorithm, which is capable of detecting rectilinehuildings in complex

environments and dense urban areas.

1.3METHODOLOGY USED

The building detection approach used in this thssssmodel based method,
the purpose of which is detecting rectilinear buigd. The buildings on the
satellite/aerial images are 2D structures which raastly made up of regions
having borders being straight line. And these ghialines are the combinations of

pixels in an image. So, the building detection athm firstly extracts the pixels



that compose line segments by means of edge dwieptiocess. Then, these
extracted pixels are grouped to form straight lindsch will be searched for

whether they form a rectilinear building or not.enh verification of these possible
buildings is done with the help of shadow and H3Noc information extracted

from the image.

Edge detection process is accomplished using Cagulge detection
algorithm. Then, extracted edges are used to genkma segments through Hough
Transform algorithm. After lines are generated,tilieear building hypothesis
generation is performed based on building modelshvare U-shaped, L-shaped
and I-shaped. And finally, generated hypothesesvardied using the shadow
image and HSV color segmentation image informafidre color HSV segmented
image is produced using k-means clustering algorithnd shadow image is

produced by applying a mask to the image repredentdhe HSV space.

1.4DATA

Nadir or near nadir view high resolution aerial gaa and satellite images
are used in this thesis. The test images useceithésis belong to the urban areas
taken from Google Earth with an altitude of 1000nd ahe satellite images are

taken from IKONOS satellite with 1m-pixel resolutio

1.5CONTRIBUTION

The building detection system developed in thissihework mainly
contributes to reduce the false positives deteatioouildings by using the shadow
and the HSV color segmented image information et¢cafrom the satellite/aerial
imagery. The method proposed here is based on Inggiae and verify approach to

detect rectilinear buildings.



1.6THESIS OVERVIEW

The thesis chapters are organized as follows; @haptis devoted to
background information on the buildings detectiabjsct and the algorithms used
throughout this study.

In Chapter 3, the method used in this study isarpt in detail.

Chapter 4 covers the experimental results obtamoed test cases.

Chapter 5 gives the summary, conclusion, and pleskiture work after this

study.



CHAPTER 2

BACKGROUND

2.1 INTRODUCTION

In this chapter, the previous studies in the fiefdouilding detection are
described briefly and the concepts used in thisishare explained.

Building detection has attracted many researchait&€ntion in computer
vision for many years. Detection of buildings austitally from satellite/aerial
imagery involves several different problems relatedcomputer vision since in
urban areas there are many other subjects in gi@semity such as trees, power
lines vehicles, and parking lots. And these subjently occlude the buildings’
rooftops. Besides, the rooftops of the buildingsynhe composed of different
surface materials with differing reflectance prdjgsr The above mentioned
problems make the automatic building detection shallenging problem in the
computer vision area.

In [2] researchers used snake-based approachraceD building outlines
from high resolution IKONOS satellite images anijhedata captured by airborne
laser scanning system. A semiautomated approaackeid in [36] based on active
contour model (snakes) and the dynamic programmyatignization technique. The
method requires a digital surface model and anodarttage. This approach can be
more effective if applied after a human operatos haanually determined seed

points near the boundary of a desired feature §&#acts the principal contours of



buildings in dense urban areas according to themagtric behavior of buildings.
The pros of this model to other snake-based appesaare; the new initiation
criteria present a more reliable meastoreselect proper initial seeds, and sharply
reduce the influence caused by spurs, the newrgttenergy function consisted of
corner feature and edge consistency makes the smadtel more stable to converge
to the true building contours and the post-treatmoambining with illumination
information reduces the constraints for initial lsmanodel and the interference
caused by illumination, sharply lessening the tintdsiteration. A different
approach from the standard/traditional building&stion methods is using wavelet
transform and image scaling [1] which uses bothHigh and the low frequency
components of an aerial imagéhe wavelet transform extracts building edges
corresponding to high frequencies while scalingvjates abstraction by eliminating
such frequency components. An attractive featur¢heftechniques is that they
generate a family of images at different scales andesolutions based on the
original source image. There are a lot of systemas tise widely available stereo
images. Stereo images allow the determination eftiird dimension by epipolar
matching of different features extracted from biotlages. Multi-view strategies are
advantageous in providing redundant information iamgroving the accuracy of the
reconstruction. In [38] two or more panchromaticages which need not to be
stereo pairs are used to extract flat or symmgatde roof rectilinear buildings and
constructs 3D models. This approach generates hgpes for rectangular roof
components by grouping lines in the image hieraadhi and verifies hypotheses
by searching for presence of predicted walls amdleWws. This algorithm leaves the
verification decision at the end, which is differeinom the general approach
hypothesize and verify sequentially. Multiple angeidapping images of the scene
are used in [39] to detect complex buildings witht for complex rooftops.
Perceptual grouping techniques are presented tgpdaw-level features, such as
edges and corners, into higher-level features hggua hierarchy of grouping

processes with multiple levels of detail and us@rababilistic reasoning methods



to select among the multiple hypotheses. Modelegcomplex buildings is a major
problem in this research. [40] uses both multi-veereo and color information as
cues for building detection in dense urban scenbs.significant improvement in
this approach is detection rates is achieved bwingnthe detection procedure on
different views and combining the results.[41] fees the problem of automatic
extraction and modeling from stereoscopic pairkigh resolution (less than 10cm
per ground pixel) aerial images. It is based onitBligelevation Model (DEM)

computation which involves a gradient correlatioontour-adaptive windows with
a geodesic weighting, a multi-resolution coarsefine scheme, and a two-way
filtering symmetrical validation. [26] aims to detebuildings from a complete
disparity map obtained by various stereo correfatiechniques using 8-bit gray
scale images. Approach used in [42] is based omyfsegmentation using aerial
image and the GIS data (1:10000) as prior knowlestgmut the building. 2D GIS
databases and domain knowledge is used with péisteoco images in [43] to
reduce the complexity of the reconstruction by &g on one building. [44]

developed an approach to update the buildings iegistector database using
normalized Digital Surface Model (nDSM) and spdctraflectance values of
images. In this research since there is no perakgtouping is done on vectorized
edges, generated straight lines are ungrouped aottl dorm wrong type of

building model. In [45] three data sources; LIDA&) aerial image and ground
images is used to extract 3D view of the buildindsing a hybrid model enables
the researchers collect more accurate edge infmmaiand building details

compared to using only LIDAR and more detailed aefinformation is gathered
compared to using only stereo aerial images. Theshad is costly and needs
ground images which are not available for the omles just have only satellite or
aerial images. Approach used in [46] for Level okt&@l building model

reconstruction is to use airborne LIDAR data andicap imagery. [3] uses

probabilistic theory at its simplest level, assugnihat the buildings probability

distribution can be represented by a logistic fiomctin this approach buildings are



regarded as individual objects in the image. Ang eints are to propose original
features that characterize buildings and to achi@gegnition by computing a
probability measure on each individual object. Thistem has limitations on
shadow model which is image dependent. [4] usesy@r| perception neural
network algorithm to improve the detection percgataf the building extraction
from high-resolution satellite imagery, but the edtion rate is approximately at
%80 and needs human interaction during the learpmase of neural networks.
[47] uses structural, contextual, and spectralrmfdion to automatically extract
buildings from high-resolution satellite imagery.hi§ approach’s building
extraction is benefited from three different exti@e strategies which are; building
hypotheses are generated and verified through shapdysis differential
morphological profile (DMP), shadows are modeledaapart of the scene and
provide reliable contextual information to indepenty hypothesize the position
and the size of adjacent buildings and small brimhidings that cannot be reliably
detected by structural and contextual informatioe detected using spectral
information. Main drawback of this approach is gablroof buildings are not
extracted and successful detection rate is aboud.[%8] uses a method to
automatically detect houses and street networkK@NOS multispectral images.
This approach uses k-means clustering algorithnextoact possible houses and
street networks by combining both spatial and spetg#aturesThe novelty in this
algorithm is its introduction of spatial coherent® clustering via connected
components analysis. [49] uses a single Digital&ien Model (DEM) as an input
for automatic building modeling. Firstly, DEM is ggaented into locally planar
surfaces to recover the various facets of the mgklfrom the raw DEM. Then, in
the second stage vectorization of the boundariesaoh surface patch is done to
obtain the model of the buildings. The performaatéhis system is dependent on
the DEM quality. [50] uses a single DEM derivednfroptical stereo processing or
active sensors, registered to a corresponding aptiew of an urban site for the

recognition and three dimensional reconstructiobwfdings. The primary goal of



the algorithm is to index into a set of many possiparametric surfaces that
represent different rooftop shapes. Given the reduset of surfaces that most
closely resemble the DEM, a surface-fitting aldaritthen fits each surface to the
elevation data in order to select a final surfacedeh and parameters for
reconstructing the building rooftop. [51] uses &ngerial image for automatic
building detection by utilizing a graph-based apgto In this research, perceptual
grouping concept is applied emphasizing the fortiariaof a graph. Although this
system works reasonably well without any verifioatprocess, an improvement is
needed in shadow verification analysis. Also, fartivork is also needed for line
extraction process. As building hypotheses are rgéex@ by combining lines, the
quality of line process determines the overall penfance of building detection. [8]
uses a monocular aerial image with a general viewgo detect buildings and
construct 3D shape descriptions. Basic approacthis research is to use the
geometric and projective constraints to make hygsel for the presence of
building roofs from the low-level features and t&rify this by using available 3-D
cues. This method assumes that building shapes tedhlinear with flat roofs. [52]
deals with the automatic extraction of buildinglm&s using a pair of optical and
synthetic aperture radar (SAR) images. This methad two main parts; first,
extraction of partial potential building footprinttn the SAR image, and then
shapes detection on the optical one using the qusly extracted primitives (lines).
Main drawbacks of this approach are the SAR imamedcbe used to validate the
buildings detected in the optical image, the prwveitSAR detection could be
improved and large building detection algorithmdeseloped.

Some researchers in the building detection area kréad to work from a
single image only ([5], [6], [7], [8], [9]). Wherhére is only single image used as
the data source, some ambiguities still remain lwegp so these approaches’
performance is limited. In order to improve the cass rate of the algorithms’,
researchers benefited from shadows ([10], [L1hassupplementary data source

which is used to verify the buildings in automdiiglding detection methods.



In order to reduce the complexity of the detectmnblem, the methods
used to detect buildings make use of more thandartee sources. Mostly used data
sources are Geographic Information System (Glbdeste, Digital Surface Models
(DSM), Digital Elevation Model (DEM), high resolon satellite/aerial image,
stereo images, Laser induced detection and ra@ibAR), ground view images,
spectral information of images, Synthetic ApertRedar (SAR).

Multiple images have also been used in previousksv@il2], [13], [14],
[15], [16], [17], [18]). Most of these systems as®uthat the images are from nadir
views and taken at nearly the same time, which Iies the task of matching
features.

There has also been work on using data with oth&r dources, such as
color [19], digital surface models derived fromensity images or range sensors
directly ([20], [21], [22], [23], [24], [25], [26]) or multispectral data, which can
significantly simplify the task of building deteati ([27], [28]).

The aim of this chapter is to present the algorgtand give explanations to
the methods used throughout the thesis, which ttienbasic steps of the current

study.

2.2COLOR MODELS

Color has been widely used in machine-based visygtems for tasks such
as image segmentation and object recognition. feref several significant
advantages over geometric cues and gray scalesitytesuch as computational
simplicity, robustness under partial occlusionatiain in depth, scale changes and
resolution changes. Although color based objecnsegation methods [29] proved
to be efficient in a variety of vision applicatignthere are several problems
associated with these methods, of which color @mtst is one of the most

important. A few factors that contribute to thisolpiem include illumination
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changes, shadows and highlights, inter-reflectioth wther objects, and camera
characteristics. The problem therefore is how prasent the object color robustly
and efficiently.

Digital color images consist of color pixels, eattwhich is associated with
a color feature vector. Color pixels usually comt&ed, Green and Blue values
each measured in 8 bits. A color model method for explaining the properties or
behavior of color within some particular contex®].3The purpose of a color model
is to allow convenient specification of colors wviittsome color gamut, where the

color gamut is a subset of all visible chromati¢g¥].

2.2.1 RGB COLOR MODEL

The RGB (Red, Green, Blue) color model uses a €artecoordinate

system and forms a unit cube showrrigure 2.1
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Figure 2.1 RGB ColorCube

11



The dotted main diagonal of the cube, with equabams of Red, Green
and Blue, represents the gray levels. This diagsniirther referred to as the gray
diagonal. The RGB color model is hardware orierdad is used in many image

capturing, processing and rendering devices.

2.2.2 HSV COLOR MODEL

The HSV (Hue, Saturation, Value) color model sutggtdy A. Smith [32]
is user oriented and is based on the intuitive apptthe artist's tint, shade, and
tone. The subspace within which the model is ddfireea hexcone as shown in
Figure 2.2

Figure 2.2 HSV ColorSystems
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Hue Saturation Value (HSV) color system correspomnalsprojecting
standard Red, Green, Blue (RGB) color space altagrinciple diagonal from
white to black. This results in the hex conerigure 2.2b. Descending the V axis
in Figure 2.2b gives smaller hexcones corresponding to smatlarkér) RGB
subcubes ifrigure 2.2

The top plane of the hexcone corresponds to V=1 eotains the
maximum intensity colors. The point at the apedleck and has the coordinate
V=0. Hue is the angle around the vertical (grayawith Red at 0. The notion of
Hue is very important and is used in many otheorcolodels. The complementary
colors are 180bpposite to one another as measured by Hue. The @ S is a
ratio, ranging from 0 on the centerline (V axis)ltamn the triangular sides of the
hexcone. The point S=0, V=1 is white. When S=0s litrelevant and is undefined.
There is a geometrical correspondence between B¥ Bnd the RGB color
models. The top of the HSV hexcone correspond$ie¢ostirface seen by looking
along the gray diagonal of the RGB color cube frohite toward black as shown
in Figure 2.2 The RGB cube has subcubes as showfigare 2.2 Each subcube
when viewed along its gray diagonal appears likexxone. Each plane of constant
V in HSV space corresponds to such a view of adudin the RGB space. In other
words, the top surface of the RGB subcube orthdgpr@gected along the gray

diagonal onto a plane becomes a plane of a congtemthe HSV hexcone.

2.3COLOR IMAGE SEGMENTATION

One way of interpreting an image is to group argigaspixels to a region
due to some criterion. This partitioning of the geanto different regions is called
segmentation [33]. Formally, segmentation can dmel@ as a method to partition
an image into subimages called regions of commamacteristics such that each

segment is a discrete image.
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Cluster analysis, also called segmentation anatydiaxonomy analysis, is a
way to create groups of objects, or clusters, ohsuway that the profiles of objects
in the same cluster are very similar and the psfodf objects in different clusters

are quite distinct.

2.3.1 CLUSTER ANALYSIS

A description of what constitutes a cluster, whprobably agrees closely
with our intuitive understanding of the term [34]given by considering entities as
points in a p-dimensional space, with each of theeables being represented by
one of the axis of this space. The variable valisseach entity define a p-
dimensional coordinate in this space. Clusters nmay be described as continuous
regions of this space containing a relatively higimsity of points, separated from
other such regions by regions containing a relbtil@wv density of points. This
description matches the way we detect clustersalhsin two or three-dimensional
space.

The main purpose of clustering data is to redueesthe and complexity of
the data set and to identify classes of similaitieat Data reduction may be
accomplished by replacing the coordinates of eamintpn a cluster with the
coordinates of that cluster's reference point, s8igming a point to a particular
cluster. Clustered data require considerably lessage space and can be
manipulated more quickly than the original datae Value of a particular clustering
method depends on the application and may, for pl@ameflect how closely the
reference points represent the data, or, how gloskisters represent specific
shapes or volumes. An important factor also issfheeed of the clustering algorithm.

Clustering techniques can be classified into twassts Table 2.1) which
are hierarchical and partitioning algorithms. Therdrchical algorithms can be
divided into agglomerative (“bottom-up”) and sphty (“top-down”) procedures.

The first type of hierarchical clustering startsnir the finest partition possible (each

14



observation forms a cluster) and groups them. Tdwored type starts with the
coarsest partition possible; one cluster containefdhe observations. It proceeds
by splitting the single cluster up into smaller eslz clusters. The partioning
algorithms start from a given group definition gardceed by exchanging elements
between groups until a certain score is optimiZdek main difference between the
two clustering techniques is that in hierarchidaistering once groups are found
and elements are assigned to the groups, thisnaseig cannot be changed. In
partitioning techniques, on the other hand, thegassent of objects into groups

may change during the algorithm application.

Table 2.1 Clustering Techniques

CLASS NAME METHOD

Hierarchical Techniques The clusters themselveglassified

into groups, the process bei

—

g
repeated at different levels to form a

tree.

Partitioning Techniques The clusters are formed | by

optimization of a  “clusterin
criterion”. The clusters are mutuaWy
exclusive, thus forming a partition pf

the set of entities.

Hierarchical clustering is appropriate for smalamples (typically < 250).

When sample number is large, the algorithm willveey slow to reach a solution
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and, indeed, may cause the computer to hang. Tongidish hierarchical
clustering, the researcher must specify how simylasr distance is defined and
how clusters are aggregated (or divided). Hieraalhclustering generates all
possible clusters of sizes 1...K, but is used datyrelatively small samples. In
hierarchical clustering, the clusters are nestéterahan being mutually exclusive,
as is the usual case. That is, in hierarchicaketusy, larger clusters created at later
stages may contain smaller clusters created aeeathges of agglomeration. One
may wish to use the hierarchical cluster procedmra sample of cases (ex., 200) to
inspect results for different numbers of clust@iise optimum number of clusters
depends on the research purpose. ldentifying "&pitypes may call for few
clusters and identifying "exceptional” types mail i many clusters. After using
hierarchical clustering to determine the desirethiper of clusters, the researcher
may wish then to analyze the entire dataset withelans clustering (aka, the Quick
Cluster procedure: Analyze, Cluster, K-Means Clugtralysis), specifying that
number of clusters.

Partitional clustering is simple and fast so thatn be applied to large data
sets. Main disadvantage is that it does not yieédsame result with each run, since
the resulting clusters depend on the initial rand@signments. It minimizes intra-
cluster variance, but does not ensure that theltréss a global minimum of
variance

K-means algorithm which belongs to partitional tdusg is used in this
thesis due to the speed concern which becomes portamt parameter for large

images.

2.3.2 K-MEANS ALGORITHM

Given S a set of N points and K the number of elsstthe algorithm
chooses K reference points (e.g., at random) froBaSh reference point Refines

a cluster €
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Then data points are partitioned into K clustersinPp of S becomes a
member of cluster Gf p is closer in the underlying metric (e.g., tReclidian
distance) to Rthe reference point of;Ghan to any other reference point. Closest
means min d(Rp), where d(Rp) is a distance between pointd® R and point p of
S in the underlying metric. The centroid for eadbster is calculated and the
centroid becomes a reference point of its clufering successive iterations, the
centroids of each cluster are recalculated. Duitlrggiterations, the algorithm goes
through all data points and determines if for pqini cluster ¢ the centroid of C
is the nearest reference point. If so, no adjustsnare made and the algorithm
proceeds to the next data point. However, if thetrogd of cluster Cbecomes the
reference point closest to the data point p, thes massigned to cluster,Ghe
centroids of the loosing cluster @ninus point p) and the gaining cluster (@Glus
point p) are recomputed, and the reference pointtusters Gand G are moved to
their new centroids. After each iteration, evere af the K reference points is a
centroid, or mean, hence the name "k-means". Hratibns proceed until, for all
data points, no re-allocation of points from clustecluster is possible.

Finally, the distribution of points will correspord the centroidal Voronoi
configuration, where each data point is closernt rieference point of its cluster
than to any other reference point, and each reder@oint is the centroid of its
cluster. The algorithm runs in O(IK) time.

The "k-means" algorithm does not guarantee the ppessible partitioning,
or finding the global minimum in terms of the ermeasure, but only provides a
local minimum. However, the improvement of the piarning and the convergence
of the error measure to a local minimum are ofteitegfast, even when the initial
reference points are badly chosen.

To summarize shortly; hierarchical techniques eidggregate or divide the
data based on some proximity measure. The disaalyarns$ since they contain no
provision for reallocation of entities, which magve, been poorly classified at an

early stage in the analysis. The hierarchical mathend to be computationally
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expensive and the definition of a meaningful stoygpcriterion for the fusion
(or division) of the data is not straightforward.

Partitioning techniques, which seek to optimize soamiterion, have a
problem of finding a sub-optimal solution insteafd o global solution. This is
known as a local optima problem. Most optimizatieohniques also presume that

the number of clusters is either known or givemiptd clustering.

2.4EDGE DETECTION

Edge detection is the process of finding sharprestd in intensities in an
image. This process significantly reduces the armofidata in the image, while
preserving the most important structural featurethat image An edge detection
algorithm extracts the main properties from an ienadnich are the building edges
for the current studyFigure 2.3 illustrates the edge detection algorithm appled t

an image.
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Figure 2.3 Edge Detection for an Aeriimage

There are many ways to perform edge detection. Mekyehe majority of
different methods may be grouped into two categorie

Gradient-Based Edge Detection'The gradient-based method detects the
edges by searching for the maximum and minimumhen first derivative of the
image.

Laplacian: The Laplacian method searches for zero crossingseisecond
derivative of the image to find edges.

An edge has the one-dimensional shape of a rampcatwlating the
derivative of the image can highlight its locatidio. illustrate this idea suppose that

there is a signal, with an edge shown by the jumptensity Figure 2.4).
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Figure 2.4 Signal Waveform

The gradient of this signal (which, in one dimensias just the first
derivative with respect to t) is shownkigure 2.5
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Figure 2.5 Derivative of the Signal

Clearly, the derivative shows a maximum locatethatcenter of the edge in
the original signal. This method of locating an edgycharacteristic of the “gradient
filter” family of edge detection filters. A pixebtation is declared an edge location
if the value of the gradient exceeds some thresi®ddonce a threshold is set, one
can compare the gradient value to the thresholgevahd detect an edge whenever
the threshold is exceeded. Furthermore, when teederivative is at a maximum
or minimum, the second derivative is zero. As ailteslternative way of finding

the location of an edge is to locate the zerokénsecond derivative. This method is
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known as the Laplacian and the second derivatibesignal is shown iRigure
2.6

Figure 2.6 Second Derivativeof the Signal

Most widely used gradient-based edge detectionridthgas in computer
vision area are Sobel, Roberts, and Canny operatbose brief descriptions are

given below. Besides, Laplacian operator will beatibbed shortly.
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2.4.1 SOBEL OPERATOR

The operator consists of a pair of 3x3 convoluti@mnels as shown in
Figure 2.7. One kernel is simply the other rotated by 90°.

-1 0 1 1 2 1
-2 0 2 0 0 0
-1 0 1 -1 -2 -1

Figure 2.7 SobeKernels

These kernels are designed to respond maxima#gdes running vertically
and horizontally relative to the pixel grid, onerke for each of the two
perpendicular orientations. The kernels can beieggkeparately to the input image,
to produce separate measurements of the gradiempazeent in each orientation
(Gx andGy). These can then be combined together to findabsmlute magnitude
of the gradient at each point and the orientatibrihat gradient. The gradient

magnitude is given as
— 2 2
|G| _\/Gx +G (2-1)

Typically, an approximate magnitude is computeagisi

|G| :|Gx| +‘ Gy‘ (2-2)
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which is much faster to compute. A pixel locatisrdeclared an edge location if the
value of the gradient exceeds some threshold. Tilgke af orientation of the edge

giving rise to the spatial gradient is given by

G
=arctan G_y (2-3)

X

2.4.2 ROBERT'S OPERATOR

The Roberts Cross operator performs a simple, 2pBtia gradient
measurement on an image. Pixel values at each poitie output represent the
estimated absolute magnitude of the spatial gradietie input image at that point.
The operator consists of a pair of 2x2 convoluiemels as shown iRigure 2.8
One kernel is simply the other rotated by 90°. TiBisrery similar to the Sobel

operator.

Figure 2.8 Robert’sKernels

These kernels are designed to respond maximakyglges running at 45° to
the pixel grid but are not highly selective to otetion, one kernel for each of the

two perpendicular orientations. The kernels carafglied separately to the input
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image, to produce separate measurements of tha@egradomponent in each
orientation Gx andGy). These can then be combined together to findabs®lute
magnitude of the gradient at each point and thentation of that gradient. The

gradient magnitude is given as

ol=Jc G o)

Typically, an approximate magnitude is computeaaisi
=G| 4G (2:5)

which is much faster to compute.
The angle of orientation of the edge giving risethie spatial gradient is
given by:

G
=arctan — 3 (2-6)
G 4

X

2.4.3 LAPLACIAN OF GAUSSIAN

The Laplacian is a 2-D isotropic measure of the Qpatial derivative of an
image. The Laplacian of an image highlights regiohsapid intensity change and
is therefore often used for edge detection. Theldagn is often applied to an
image that has first been smoothed with somethipgraximating a Gaussian
Smoothing filter in order to reduce its sensitivity noise. The operator normally
takes a single gray level image as input and preslanother gray level image as
output.

The Laplacian_(x,y) of an image with pixel intensity valué&,y) is given
by:

7 T

LXY)=——+~—— 2-7
(x.y) TV ¥ (2-7)
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Since the input image is represented as a setsofade pixels, we have to
find a discrete convolution kernel that can appreate the second derivatives in the
definition of the Laplacian. Three commonly usedalinkernels are shown in

Figure 2.9,

o 1|0 11 1)1 12| -1
-4 1| 8|1 2| -4 2
o 1|0 1)1 1]1 12| -1

Figure 2.9 Three Commonly used Discrete Approximatins to the Laplacian
Filter

Because these kernels are approximating a secanagtilee measurement

on the image, they are very sensitive to noisecdunter this, the image is often
Gaussian Smoothed before applying the Laplacider fiThis pre-processing step
reduces the high frequency noise components githret differentiation step.
In fact, since the convolution operation is asdo®@a we can convolve the
Gaussian smoothing filter with the Laplacian filteitially, and then convolve this
hybrid filter with the image to achieve the reqdinesult. This will provide two
advantages:

Since both the Gaussian and the Laplacian kermelssually much smaller

than the image, this method usually requires faefearithmetic operations.
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The LoG (‘Laplacian of Gaussian’) kernel can becpfeulated in advance
so only one convolution needs to be performedmatimae on the image.

The 2-D LoG function centered on zero and with Gaus standard
deviation has the form:

2,2 X
LoG(x,y)= 14 1X2+2/ g2’ (2-8)

2.4.4 CANNY EDGE DETECTION ALGORITHM

Canny edge detection is considered to be optimgé etbtection operator.
Canny [48] defined optimal edge finding as a setcferia that maximize the
probability of detecting true edges while minimgithe probability of false edges.
He found that the zero-crossings of the seconcatilimeal derivative of a smoothed
image were a reasonable measurement of actual .etigesnooth the image, the
Canny edge detector uses Gaussian convolutienthe spread of the Gaussian and
controls the degree of smoothing

g(m,n)=G (m,n)*f(m,n’ (2-9)

1 m’ +n
G = exp 57

\/ﬁ

(2-10)

Next, the image is convolved with a 2D first detiva operator to
determine regions of sharp changes in intensifié® gradient magnitude and
direction at each pixel are calculated in this stegure 2.11). Note that the
maxima and minima of the first derivative gradieme the same as the zero-

crossings of the second directional derivative.
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Figure 2.10 Kernels

M(m.n)=\/ @ (m,n)+g (m.n (2-11)
(m.n)=tart 9o(M:") (2-12)
9, (mM,n)

Only the maxima crossings are of interest becaussetpixels represent the
areas of the sharpest intensity changes in thearnf@4]. These zero-crossings are
the ridge pixels that represent the set of possdulges. All other pixels are
considered non-ridge and subsequently suppressed.

Finally, a two-threshold technique or hysteresigagormed along the ridge
pixels to determine the final set of edges. Instefadsing a single threshold value
for filtering ridge pixels, the Canny algorithm itements a connected components
analysis technique based on a hysteresis thresigohdiuristic. This step uses two
thresholds, t1, t2 where t1 > t2, to partition titge pixels into edges/non-edges.
Pixels with gradient magnitudes above t1 are diasksias definite edges. Pixels
between t2 and tl1 are classified as potential ed®gy&sls under t2 are classified as
non-edges. Next, all potential edges that can deetl back to a definite edge via

adjacent potential edges are also marked as aeédges. The process solves some
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of the issues associated with edge streaking awbwuliinuity in the results achieved
by simple detectors by identifying strong edgeslevhccounting for comparatively
weaker ones.

In this study t1édge_Th_highand t2 édge_Th_loywis set as 0.25 and 0.06
respectively.

The results of the described edge detection metti@isare applied to an
aerial image are given figure 2.11- Figure 2.15

Figure 2.11 Original Image
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Figure 2.13 Roberts Edge Detectelinage
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Figure 2.15 Canny Edge Detectetinage
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2.5HOUGH TRANSFORM

After detecting the edges, the line forming prodess the detected edges
was carried out using the Hough Transform. The Holmgimsform (HT) algorithm
was developed by Paul Hough in 1962 ([35]). It imm@thod for detecting straight
lines and curves, which can be represented by franequations, on gray level
images. The underlying principle of the Hough Transfas that there are an
infinite number of potential lines that pass throwny point, each at a different
orientation. The purpose of the transform is thateitermines which of these lines
pass through most features in an image -that ig;hwlines match most closely to
the data in the image. In Hough Transform, each Ise@epresented by two
parameters that are commonly callednd representing the length and the angle
of a normal from the origin to the lin€&igure 2.16. Equation 2.13 represents a

straight line for all (x,y) points satisfying thamse (r,) values.

r=x"cogg)+y sinfg) .13
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line

(x1,y1)

(x2,y2)

Figure 2.16 Parametric Description of a StraighLine

The aim here is to find the edge pixels that satiséysame r and For each
edge pixel, values ranging from 1 to 180 is scanned and cooreding r value is
stored in a vote matrix. Here the difference betwite consecutive values which
is a measure of the sensitivity of the Hough Tramsfes constant diff). Smaller
the value of this difference means more detailsbkmdetected but at the same time
more noise will be present at the output and itcasnputationally inefficient.
Contrary to this, larger the value of this parameéeluces the noise at the output
but may miss some of the buildings’ details inithage.
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Initially, there is a two dimensional vote matrisreesponding to and r that
are initialized to 0. If a pixel satisfies a (i pair, the corresponding entry in the
matrix is increased by 1. After all the edge pixedse been processed, the values in
the matrix are checked. If the value of a cellhe vote matrix is greater than a
threshold valuevte_tl), it is concluded that this (r;) pair represents a straight

line who is passing through the satisfying (x,yyegixels.
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CHAPTER 3

THE PROPOSED BUILDING DETECTION ALGORITHM

3.1 THE GENERAL STRUCTURE OF THE ALGORITHM

In this thesis a hypothesis based algorithm is gsegd for building detection
in satellite/aerial images. In the proposed apgrphgpothesis generation finds out
the building candidates and hypothesis verificagtiminates the false ones. Line
detection based feature extraction is employedhfgyothesis generation, while
color segmentation and shadow detection are emglfmyehypothesis verification.

In Figure 3.1, these steps and relation among them is showrflawehart.

In the figure, the boxes represent the processpkedpand ellipses represent the

results.
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|
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Figure 3.1 The Flowchart of the Proposed Building Btection Algorithm

A more detailed flowchart including the intermediagteps is shown in
Figure 3.2 The preprocessing step consists of image shamgpamad conversion of
the image from RGB to HSV space. The processed ingagbtained as the result
of the preprocessing steps. In the figure boxesesgmt the methods used in the

thesis and the ellipses represent the results.
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Figure 3.2 Detailed Flowchart of the Proposed Builthg Detection
Algorithm

Feature extraction part consists of edge detectim® detection, line

merging and elimination steps. The result of théul@aextraction part is the lines
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which are possible borders of the buildings. In lilypothesis generation part, the
building candidates are produced by consideringpbsitions of the lines with
respect to each other.

In the hypothesis verification part, both color segted image obtained by
color segmentation process and the shadow imagenebt by shadow detection
process are employed for the U-shaped hypothesfecaéion and also for the | and
L-shaped hypothesis verifications. These candidatielibg borders are examined
and the false candidates for each shape type ianaled by the rules specific to
each shape. Those candidates remaining after \&iific constitutes the possible
buildings in the image. The details of all thesestare explained in detail in the

following sections.

3.2PREPROCESSING THE IMAGE

The performance of the proposed algorithm dependshennumber of the
successfully detected buildings, which is composéddges. That is, the more
building edges extracted from the image the morecessful the algorithm.
Therefore, a filter is applied initially to make tedges more apparent which will be
detected by the edge detection process later othidnstudy sharpening filter is
applied in the preprocessing stage of the propasgatrithm to improve the edge

detection performancéigure 3.3.
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Figure 3.3 Original Image and Sharpening Filter Apgied Image

3.3COLOR SEGMENTATION

Performing the color segmentation in HSV spaceeiteb than doing so in
RGB space since erroneous segmented regions mapteced in RGB space due
to reflections or illuminations. In color segmerdat stage, image is divided into
three clusters according to the HSV-pixel valuegpbsforming k-means clustering
algorithm. This algorithm used for segmenting thevH8presentation of the image

was explained in section 2.3 previously.

3.4SHADOW DETECTION

The aim of shadow detection stage is to extracsht@low pixels from the

image. RGB representation of the image is veryigeado illumination and gives
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erroneous results when used to detect shadows. fohereéhe image is firstly
converted to HSV representation from the RGB onenTl mask which filters the
image to show higher values of saturation and lovaéues of value components on
the HSV space. After applying this mask shadow Ipixa@e extracted from the
image Figure 3.4)

Figure 3.4 Shadow Detection Appliedbn an Image

The extracted shadow image consists of holes apgeamong the shadow pixels.
To fill these holes a morphological process consistif erosion and dilation is
applied which yields the image shownrFigure 3.5

40



s.-w-"-#- =

Figure 3.5 Shadow Image after Filling Holes

3.5EDGE DETECTION

Edge detection stage extracts the edges from thgeinfemong the several
known edge detection algorithms (Sobel, Canny, L&®8berts), “Canny Edge
Detection” algorithm is used in this thesis to detbe edges. The Canny algorithm
provides several advantages over the other edgetaet techniques. It produces
one pixel wide edges and connects the broken liiesh are important for further

processes. Canny edge detection algorithm wasidedadn section 2.4.

3.6HOUGH TRANSFORM

The edges detected in the previous step give us tbelyoints with zero

second derivates in the image. These points aremmigh in detecting buildings.
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In order to detect buildings, these discrete pobrgsgrouped to constitute lines
which is what Hough Transform does. The Hough Transfwas described in
detail in section 2.5.

A brief explanation for line generation is as fellgy for each edge pixel
(x,y) in the image, there is a corresponding ) pair. Hough transform states that
any two or more points constituting a straight Ihmes an intersection point in the
( , r) plane. This (, r) point gives the corresponding line equatiorxin plane.
Then for each edge pixel, algorithm searches foeratiearby pixels that will form
straight lines. The algorithm takes the distancevbenh these pixels into account so
that pixels with a distance larger than a threshalde (ine_min_dis} which is set
initially by the user, will not constitute a strhigline. By this way, algorithm

produces line segments whose start and the endpomknownKigure 3.6).

p1
gap(p1,p2) < line_min_dist

p2

gap(p2,p3) > line_min_dist

p3

Figure 3.6 (p1, p2) Constitute Line; (p2, p3) Not Gnstitute Line
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3.7 LINE MERGING AND ELIMINATION

The output of the Hough Transform stage is the legrgents existing in the
image. If the gap between the line segments is ruralethreshold value
(line_Th_merggthen these lines are merged and the total nuofderes extracted
from the image is decreased. Therefore, the runtintiee algorithm which depends
on the number of the lines is greatly improved lng stage. As well, the successful

building detection rate is improved by line merging

-~

.‘--"'"JQ line2 gap(2,13) > line_Th_merge

line1
gap(l1,12) < line_Th_merge

Figure 3.7 Linel and Line2 are Merged; Line2 and Lme3 not Merged

Line merging basically searches each line’s digtate its neighbors.
According to the threshold value whose default gaki2 and can be adjusted by
the user, lines satisfying this threshold are merdye addition to merging process,
lines which are not merged and with a length loareequal than 2 are eliminated
(Figure 3.7). These lines are considered to be noise, andifwnelting them the
runtime of the algorithm is also improveéidure 3.8, Figure 3.9)
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3.8 HYPOTHESIS GENERATION

The goal of the hypothesis generation is to finddadate buildings in the
image using the line information from the previostage. In this thesis, only
rectilinear shaped buildings are considered, sotigsis generation stage searches
for rectangular structures in the image. In ordemiprove the building detection
rate, algorithm searches for 3-sided possible ngb¢s instead of searching for 4-
sided rectangles taking into consideration thatftheth side may be lost during
edge detection stage or some kind of occlusiontatieeesor other structures in the
image. In addition to this 3-sided rectangle seaattporithm searches for 2-sided
possible rectangles, namely any “L-shapes” agasnrasig the remaining 2 sides
may be lost similarly. Both of these searches assilnat two straight line segments
are nearly perpendicular to each other and thébgapeen the intersection points of
these two lines is below a threshold valbailgd_Th_intej. And finally, algorithm
also searches single line segments (I-shapedthgtbe a part of a building and
stores these selected lines as building hypoth{&sgsre 3.10).

line1 line3

linez lined

gap(l1,12) < line_Th_inter gap(l3,14) > line_Th_inter

Figure 3.10 |1 and 12 Form a Corner; I3 and 14 aré&Separate
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Here in this stage, algorithm generates the bugldigpotheses only if the
line segments for each side of the candidate mgldire larger than the value of
min_line_length parameter. By adjusting this par@maccording to the image size,
random line segments which are very small are dischalthough they obey U, L
or I-shaped hypotheses patterRgy(ire 3.11)

] 15
I}
1 12
15}
i __.l 6 < min_line_length
- 7 not valid building hypothesis

valid building hypothesis

Figure 3.11 Validand Invalid Building Hypotheses Based on min_lin_legth

Parameter

3.9 |-SHAPED AND L-SHAPED HYPOTHESIS VERIFICATION

This step uses shadow cast direction and the resuhe three stages which
are shadow detection, hsv-color segmentation apothgsis generation to verify
buildings in the image. Shadow cast direction ifialy given as an input to the

algorithm. From the shadow detection stage, algorithas the shadow pixel
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coordinates. Hsv-color segmentation informationuged to verify whether the
candidate building’s interior part lies mostly ineosegment or not. The algorithm
assumes nearly uniform color rooftops in the imaged using HSV-color

segmentation result some of the false hypothese<laninated. Majority of the

pixels of the buildings’ with nearly uniform col@ooftops are represented in the
hsv-color segmentation image in only one of thensags. Therefore, in the
hypotheses verification stage, algorithm checks haveh the candidate buildings’
area lies in one of the segmented regions in thkesegmentation image. And if a
predefined percentage of the arelugter _min_areplies in two or more segments,
then the hypothesis is eliminateBigure 3.14. From the hypothesis generation
stage, algorithm has the ‘I-shaped’ and “L-shaple® segments’ coordinates. In
order to state that a building exists there, shagbixel coordinates should be
adjacent to the “I-shaped” and “L-shaped” structUmordinates according to the
shadow cast direction. And the number of the shagowls that are adjacent,
should be bigger than a threshold valsdw(_line_ratg which is a fraction of the

line length in the or “L-shaped” structurd=igure 3.12). According to this,
algorithm eliminates the wrong hypotheses whichlate this requirement. The

remaining hypotheses indicate possible buildinghéimage.
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Figure 3.12 sdw_line_rate parameter effect on hypbeses
(Building #2’s left line segment) x 0.85 > # of dloav pixels adjacent so, building

#2 is eliminated.

For the “L-shaped” hypotheses, since only two Begments are known, the
remaining other two lines are produced using thewkmones. In other words, a
symmetric “L-shaped” structure is drawn to the g “L-shaped” structure. For
the “I-shaped” hypotheses, algorithm calculatesater three lines using the HSV
color segmentation information. In other words, aamng three lines are the
boundary of the HSV-color segment in which the ioad I-shaped line is the first
part of the boundary. Here, the algorithm decidesthree other boundaries using
the parametecluster_color_diff Algorithm takes the I-shaped line as a basis and
searches the adjacent hsv-color segment pixel sdboated at the other side from
the shadow direction of this basis line. The seagerformed perpendicular to the
basis line and it starts from the basis line’stspmint and continues until the
difference between two adjacent hsv-color segmiall palues are larger than the
thresholdcluster_color_diffvalue. This search is processed for each pixel vatue

the basis line. And according to the endpointdhefdearch, if the gap between start
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and endpoints are larger than timn_line_lengththreshold algorithm generates
hypothesesKigure 3.13).

b i
Ay Y %

im—g\
7 ]j

shadow direction
iz upwards
r?\;}v’
zearch is done
to dowrwards

Mo 220N 233 r_l_ﬁ\l

RE: 0,175, 0 - !
=l . 2T

W 220 234
ROE: 0,164, 0

Figure 3.13 cluster_color_diff Effect on HypotheseV¥erification

3.10 U-SHAPED HYPOTHESES VERIFICATION

This step uses the results of the three stages whieh HSV-color
segmentation, shadow detection and hypothesis gggoreto verify buildings in the
image. The hypothesis generation stage extractSsUushaped” structures from the
image some of which corresponding to buildings aeohaining ones to false
positives which are ground surfaces, parking latsss, playground etc. The
algorithm assumes nearly uniform color rooftopshi® image and using HSV-color

segmentation result, and so some of the “U-shapedSe hypotheses are
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eliminated. Majority of the pixels of the buildirigwith nearly uniform color
rooftops are represented in the hsv-color segmentanage in only one of the
segments. Therefore, in the hypotheses verificasiage, algorithm checks how
much the candidate buildings’ area lies in onehefsegmented regions in the hsv-
segmentation image. And if a predefined percentddbe areadluster_min_aren

lies in two or more segments, then the hypothesidimminated Figure 3.14)

Figure 3.14 Effect of the cluster_min_area Effectothe Hypotheses
Majority of regionA and regionB pixels are in REBgsnent
Cluster_min_area_A > RED_segment_area_A
Cluster_min_area_ A < BLUE_segment_area A
Cluster_min_area_ A < GREEN_segment_area_A
regionC pixels are in both RED and BLUE segments
Cluster_min_area_C > RED_segment_area_C
Cluster_min_area_C > BLUE_segment_area C
Cluster_min_area_C < GREEN_segment_area_C
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Besides, shadow detection stage output is also fmedliminating other
false hypotheses. Line segments of the generatddings’ are searched if a
predefined amount (sdw_line_rate) of shadow pire¢sadjacent to them. And any
“U-shaped” structure with more than %50 shadow Igikgng in this area is a false

hypothesis and eliminated. The remaining hypothesbsate possible buildings in
the image.
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CHAPTER 4

IMPLEMENTATION AND RESULTS

In this chapter, experimental results obtained fmppsed building detection
algorithm is evaluated under three different starbas.

The algorithm is implemented using MATLAB R2007a wems on
Windows XP Professional edition. Satellite/aeri@mages used in this thesis are
bitmap images (.bmp), but any type image file, ,.jjpng etc. can be processed by
the program.

The building detection performance of an aerial iem&gdependent to the
image quality and the image characteristics, nantleé/ building orientations,
building sizes, cast shadow and environment featare the main elements that can
change the success rate of the algorithm. In cwlesee the performance of the
proposed algorithm, it is applied to 9 differené@s each having different building
orientations, cast shadows, building types anderfit surface materials with
different reflectance properties. Detailed explarat for the first 3 of the images
will be given in the following subsections, andaatkere will be images for each
study area which are original image of the areadsiv detected image, hsv-color
segmented image, edge detected image, Hough Tranafmplied image, generated

hypotheses image and finally verified hypothesesgien

52



4.1TEST AREA1

4.1.1 TEST AREA 1 PROPERTIES

First test imageHRigure 4.1) is 290x290 pixels wide and was taken from
Batikent, Ankara. The buildings are separated fr@oheother, none of them is
occluded, cast shadows are clear, orientation ebtkildings are different, and all
of them but one has the same rooftop color and tRpeftops are not uniform most
of the rooftops have different colored chimneys #ral background is not heavily
populated; some cars, subway station and parkitsgddd some ambiguity to the
image.

Figure 4.1 Original Image of the TestAreal
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First, the algorithm converts the image into HSYresentation and applies
k-means algorithm to produce color (HSV) segmeinteage Figure 4.2). In this
figure, it is observed that the buildings have amf segments except that the

chimneys distract the uniformity.

Figure 4.2 HSV Color Segmented Image of Tegtreal; k=3

Then, shadow mask is performed to the original (R§Besentation) image
which yields shadow imagé-igure 4.3). The shadow image nearly finds all the

shadow pixels and there are very few non-shadoialee positive pixels.
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Figure 4.3 Shadow Image of the Test Areal

Next, the edge detection algorithm is applied ® ithage to produce edge
pixels Figure 4.4). It is seen from the figure that the edge detectlgorithm
functions well and finds nearly all the edges edatvith the buildings.
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Figure 4.4 Edge Detected Image of Tegtreal

After edge detection stage, Hough Transform is meee by using the edge
information figure 4.5). Then, the lines are removed if their length islema
given threshold (threshold is 2) and the adjackms| generated from the Hough
Transform stage is merged if and only if the differe between them is under a
given threshold, named line_Th_merge (thresholdsggaed as 2F{gure 4.6).
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After line segments are updated, the hypothesegemeratedKigure 4.7)
and verified using the information of the HSV-cokagmented image and shadow
image Figure 4.8). Here in the figures, the red colored boundatci@sespond to
the U-shape verified hypotheses and the blue adlboeindaries correspond to the
L-shaped and/or I-shape verified hypotheses.

Figure 4.7 Generated Hypotheses for Tegtreal

(U-shaped boundaries are shown by red line segmemdsL-shaped and/or I-
shaped boundaries are shown by blue line segments.)
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Figure 4.8 Verified Hypotheses for TesAreal

4.1.2 TEST AREA 1 RESULTS AND EVALUATION

For test areal image, all of the buildings are sssfully detected, one false
positive is generated and no buildings are mis$&dse positive is generated
because the line segment produced by the Hough féramstage at that location in
the image has enough shadow pixels adjacent b weéch is sufficient for the I-
shape building hypothesis verification. Here tlee$rare the source of this shadow.
This false positive can be avoided by changingitieeshadow threshold value. For

the present case, it is 0.85 times the lengthefitte segment.
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4.1.3 RUN-TIME EVALUATION

The run-times for the system depend on the compl@fithe images and
the number of features in them. For the test ast@ivn inFigure 4.1-Figure 4.4
the total run time was approximately 189 seconddoiCsegmentation and shadow
extraction take 18 and 0.65 seconds respectivelge Bad line detection take 118
seconds. Hypothesis formation and verification meg 40 and 12 seconds,
respectively. The runtimes grow approximately exmoiady with the size of the

image for scenes of similar complexity.

4.1.4 FEATURES EVALUATION

The algorithm relies on several data to correctliectethe buildings from
the satellite/aerial image. The most important tdhese are the number of the

extracted edges and the lines generated.

Table 4.1gives these numbers for the test areal

Table 4.1 Test Areal Features

# of edge pixels extracted # of lines generated
Testareal 8710 3704
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4.1.5 DETECTION EVALUATION

The following measures proposed in [8] are computedevaluate the
performance of the algorithm. Tp (True Positive) lsudding in the test image and
detected by the program. Fp (False Positive) isilaling detected by the program
but not present in the test image. Tn (True Negats/@)building in the test image
but not detected by the program. These are comlimegive the following two

numbers:

T
DetectionPercentage=109x—"— 4.1)

F
BranchFactor=10 P 4.2
T,+F)

In the above computations, a building is consideécede detected if a part
of the building is detected by the system. The dgson of the detected building
may not necessarily be correct. The accuracy otape is determined by counting
correct building and nonbuilding pixels. In thisidy following pixel measures are
used; the percentage of the number of pixels ctyrémbeled as building pixels
over the number of building pixels in the imageg tercentage of the number of
pixels incorrectly labeled as building pixels otke number of pixels labeled as
building pixels, and the percentage of the numidepixels correctly labeled as
nonbuilding pixels over the number of nonbuildinggbs in the image.

The results for the test areal is given inThaele 4.2

61



Table 4.2 Results for the TesAAreal

Tp | Tn | Fp| Detection | Branch| Correct | Incorrect| Correct

Percentage Factor | Building | Building | Nonbuilding
Pixels | Pixels Pixels Perc.
Per. Perc.
tal | 19| 0 | 1 | 100% 5% 90% 4.2% 98.6%

4.1.6 TEST AREA 1 PARAMETER EVALUATION

In this test case, parameters for various stagethefalgorithm are the
default valuesTable 4.3

Table 4.3 Some of the Default Parameteévalues

Parameter Value
min_line_length image_width/35
edge_Th_high 0.25

edge _Th_low 0.06
cluster_color_diff 10
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In order to compare the effect of the parameteuaslon the algorithm,
some of the parameter values are changed. Fistlyhe test areal, canny edge
detection threshold values which are edge_Th_highealge Th_low are increased
from 0.25 to 0.5 and from 0.06 to 0.125 respecyivéhe expected results of this
change are; decrease in the number of the edgected, decrease in the number
of generated lines, decrease in the number of wetdauildings, decrease in the
false positives and speedup in the execution tirhe.results of the features for this

change are given in thieable 4.4.

Table 4.4 Results for the Modified Edge Threshold ®lues for the Extracted

Features
# of edge pixels | # of lines runtime(sec)
extracted generated
Default edge 8710 3704 189
threshold values
Increased edge | 5262 2196 93
threshold values

The number of the extracted edge values directlgctdf the building
detection performance; this is showrFigure 4.9to Figure 4.11 which shows the
edge detection results, line generation results wedfied buildings results

respectively.
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Figure 4.9 Edge DetectiorResults

Figure 4.10 Generated LinefResults
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Figure 4.11 Verified BuildingsResults

The results of this parameter change are consistghtthe expectation.
That is, number of extracted edges and the generted are decreased
considerably which leads to a smaller runtime efdlgorithm. Besides, the number
of red-color plotted building boundaries which areated using U-shaped building
hypotheses are decreased to 4 from 8 which meahsdme of the line segments
constituting the U-shapes are not generated anymaitfinally, one false positive
is eliminated due to line segment which is causihg false positive, is not
generated with the increased edge threshold values.

Finally, a performance evaluation is giverTiable 4.5 to show the effect of
the edge detection threshold change.
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Table 4.5 Modified Edge Threshold Values for PerfamanceEvaluation

Tp | Tn| Fp| Det. | Br. Correct | Incorrect | Correct
Perc. | Ft. Building | Building | Nonbuilding
Pixels Pixels Pixels Perc.

Perc. Perc.
Testareal |19 |0 | 1 | 100% 5% 90% 4.2% 98.6%
(default)
Testareal|19 |0 | O | 100% 0% 88% 1.9% 99.1%
(modified)

4.2TEST AREA 2

4.2.1 TEST AREA 2 PROPERTIES

Second test image is 465x465 wide and was taken #okara Figure
4.12. The test area2 dataset differs from the testladagaset in that buildings have
varying shape, size, orientation, and roof intgndihe buildings have very distinct
markings on the roofs that complicate the taskedihdating them and rooftops are
different from each other in terms of both colod athape. The site has as a small
number of prominent roads that create distinctuiest in the images. Parking lot
and the trees also add random line patterns ariddecsome buildings.

Similarly the same steps are applied to the tesd2aas applied to the test
areal, which give hsv segmentatidiglre 4.13, shadow detectior={gure 4.14,
edge detectionFigure 4.15, line generation Kigure 4.1, line removing and
merging Figure 4.17), building hypotheses generatidrdure 4.18 and building
hypotheses verification imagdsigure 4.19
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Figure 4.12 Original Image of the TesArea2

Figure 4.13 HSV Color Segmented Image of Testrea2; k=3

67



Figure 4.14 Shadow Image of the Te#trea2

Figure 4.15 Edge Detected Image of Testrea?2
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Figure 4.16 Hough Transform Applied to TestArea2
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Figure 4.17 Test area2 after Line Segments are Meed andRemoved
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Figure 4.19 Verified Hypotheses for Tesfrea2
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4.2.2 TEST AREA 2 RESULTS AND EVALUATION

The building detection performance for the test aigzage is not as high as
the test areal due to the increased scene comnyplaxit the building size, shape,
and number. And the image has also foliage and trest clutter the background, as
well as a number of manmade structures, such gsackrareas and vehicles, which
create accidental alignment of features that, mefity as buildings.

For this image, 25 buildings are successfully det&ctwo false positives
are generated and 4 buildings are missed. Falsgvessare generated because the
line segment produced by the Hough Transform stagjeas location in the image
has enough shadow pixels adjacent to itself whglsufficient for the I-shape
building hypothesis verification. Here again thees are the source of this shadow.
This false positive can be avoided by changingitieeshadow threshold value. For
the present case, it is 0.85 times the length eflithe segment. 2 buildings are
missed due to the minimum building length threshisidnot satisfied and the
remaining 2 are missed since the area of the Imgddiin the HSV-color
segmentation image are not larger than the thrdskalue of the parameter

cluster_min_area to be verified as a building.

4.2.3 RUN-TIME EVALUATION

The run-times for the system depend on the compl@fithe images and
the number of features in them. For the test asbafn inFigure 4.12the total run
time was approximately 750.61 seconds. Color setatien and shadow extraction
take 59 and 1.61 seconds respectively. Edge anddétection take 598 seconds.
Hypotheses formation and verification required ™l 48 seconds, respectively.
The runtimes grow approximately exponentially witte tsize of the image for

scenes of similar complexity.
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4.2.4 FEATURES EVALUATION

The features for the test area2 image will be moaa the test areal since
the image size is larger and the image is more mphese numbers are given in
Table 4.6.

Table 4.6 Test AreaZeatures

# of edge pixels extracted # of lines generated

Testarea2 17651 8759

4.2.5 DETECTION EVALUATION

The same measures with the ones used in the tedt, @ used to evaluate
the performance of the algorithm applied to thé &@ea2. Similarly, the statement
which defines; a building is considered to be detbsf a part of the building is
detected by the system is valid. The descriptiothefdetected building may not

necessarily be correct. The results for the tesizaare given iifable 4.6
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Table 4.7 Results for the TesAArea?2

Tp | Tn | Fp| Detection | Branch| Correct | Incorrect| Correct
Percentage Factor | Building | Building | Nonbuilding
Pixels | Pixels Pixels Perc.
Perc. Perc.
Ta2 | 25| 4 | 2 | 86.2% 7.4% | 81.1%| 6.9% 95.8%

4.2.6 TEST AREA 2 PARAMETER EVALUATION

In this test case, parameters for various stagéiseodlgorithm are the same
as the test casel but min_line_length is decre@saule 4.8). In order to detect
small buildings which are present on the test iRagdgorithm should take into

consideration smaller line lengths for candidataldngs. Therefore, initially

min_line_length parameter is set as small in #ws. t

Table 4.8 Parameter Values for the TesArea2

Parameter

Value

min_line_length

image_width/40

edge_Th_high 0.25
edge_Th_low 0.06
cluster_color_diff 10
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In order to compare the effect of the parameteuesadn the algorithm,
min_line_length parameter value is changed. Thisarpater is increased to
image_width/35 from image_width/40. The expectediltesof this change are;
decrease in the number of the successfully deteotgidings, decrease in the
number of false positives, and speedup in the diettime.

min_line_length parameter value can be thoughsat tradeoff between the
number of the false positives and number of suéaigsdetected buildings.
Decreasing this parameter value will probably iasee both the successfully
detected buildings and the false positives. Theegfdecreasing the value of this
parameter should be decided according to the setadrial image. If an image has
a lot of small-sized buildings, then this parametan be decreased so that the
improvement on the detection percentage rate i$ besiond the increase in the
Branch Factor. For most of the satellite/aerial ges default value for this
parameter is at the optimum. The results of thisupater change are given in

Figure 4.20 which shows the verified buildings images.

Figure 4.20 Verified BuildingsResults
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The result of this parameter change is consistettit thie expectation. That
is, number of successfully detected buildings dmfalse positives are decreased,
and since there are fewer buildings detected, thime of the algorithm is
improved approximately 20 seconds. Previously sssfadly detected 3 buildings
are no longer detected with this parameter chaiites change increased the
min_line_length parameter value to 13 (imagewidihfBom 11 which means these
3 missed buildings have line length lower than B8sides missed buildings, the
number of the false positives is decreased to Thvimproves the Branch factor a
little. Performance evaluation is given rable 4.9 to show the effect of the
min_line_length threshold change.

Table 4.9 Results for the Modified min_line_lengthvalue for Performance

Evaluation
Tp | Tn| Fp| Det. Br. Correct | Incorrect | Correct
Perc. | Ft. Building | Building | Non-
Pixels Pixels building
Perc. Perc. Pixels
Perc.
testarea2 |25 |4 | 2 | 86.2% | 7.4%| 81.1% 6.9% 95.8%
(default)
testarea2 (22 |7 | 1 | 75.8% | 4.3%| 72.7% 5.1% 96.4%
(modified)
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4. 3TEST AREA 3

4.3.1 TEST AREA 3 PROPERTIES

Third test image is 330x330 wide and was taken fiskisehir Figure
4.21). The test area3 dataset differs from the prevames in that image is taken
from IKONOS satellite with a resolution of 1m pixeide. Image has uniform color
(red) roof buildings with various orientation, skapnd size. Upper part of the
image is open land and field. Remaining parts melbuildings, some trees and
road network. Shadow cast direction is up-right.

After applying the algorithm to the test areaBig(re 4.21), hsv
segmentation Kigure 4.22, shadow detectionF{gure 4.23, edge detection
(Figure 4.249), line generationKigure 4.25, line merging Figure 4.26, generated
hypotheses Kigure 4.27 and verified hypothesisF{gure 4.28 figures are
obtained.

Figure 4.21 Original Image of the TesArea3
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Figure 4.22 HSV Color Segmented Image of Testrea3

Figure 4.23 Shadow Image of the Tegtrea3
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Figure 4.24 Edge Detected Image of Testrea3
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Figure 4.25 Hough Transform Applied to TestArea3
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Figure 4.26 Test Area3 after Line Segments are Meegland Removed

Figure 4.27 Generated Hypotheses for Tegtrea3
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Figure 4.28 Verified Hypotheses for TesArea3

4.3.2 TEST AREA 3 RESULTS AND EVALUATION

The building detection performance for the test &r@aage is high;
however the generated boundaries (blue and redrethlcare not one to one
consistent with the buildings’ contours. This is daethe hsv-color segmentation
image has segments with close pixel values betweéddings and road networks,
so that buildings’ boundaries mostly extend torteed networks. This situation can
be avoided by adjusting cluster_color_diff parametdue accordingly (see section
3.9).

Since the image is taken from IKONOS satellitehas a higher resolution
and a better quality than the previous two tesgesaThis leads to a better shadow

detection and thus, very few false positives araegeed. Besides, hsv-color
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segmentation is well benefited from high resolutimage and resulted in accurate
and uniform colored clusters for the buildings.

For this image, 35 buildings are successfully detécno false positive is
generated and 5 buildings are missed. 2 buildimgsrassed due to the minimum
building length threshold is not satisfied (minelinength) , 3 buildings are missed

due to the orientation.

4.3.3 RUN-TIME EVALUATION

The run-time of the algorithm for the test area3waman Figure 4.21was
approximately 260 seconds. Color segmentation hadav extraction take 29 and
0.56 seconds respectively. Edge and line detectike 172 seconds. Hypothesis
formation and verification required 39 and 17 selsprrespectively. The runtimes
grow approximately exponentially with the size bétimage for scenes of similar

complexity.

4.3.4 FEATURES EVALUATION

The features for the test area3 image will be moriess equal to the test
areal since the image sizes and the scene struntirdose to each other. These

numbers are given ifable 4.10

Table 4.10 Test Area3 Features

# of edge pixels extracted # of lines generated

Testarea3 8569 4684
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4.3.5 DETECTION EVALUATION

The same measures with the ones used in the tegt angl test area2, are
used to evaluate the performance of the algoritlpplied to the test area3.
Similarly, the statement which defines; a buildiagconsidered to be detected if a
part of the building is detected by the system adidv The description of the
detected building may not necessarily be correce fHsults for the test area3 are
given inTable 4.11

Table 4.11 Results for the Tesfirea3

Tp | Tn | Fp| Detection | Branch| Correct | Incorrect| Correct

Percentage Factor | Building | Building | Nonbuilding
Pixels | Pixels Pixels Perc.
Per. Perc.
ta3 | 35| 5 | 0| 87.5% 0% 78.8%| 9.2% 93.6%

4.3.6 TEST AREA 3 PARAMETER EVALUATION

In this test case, parameters for various stagéseoflgorithm are the same
as the test casel but shadow mask is updatdug 4.12). Since the image is taken
from IKONOS satellite, it is high resolution. Andus, HSV components are more

precisely represented which actually makes it edsigperform the shadow mask.
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Other advantage of using high resolution imagesig-dolor segmentation gives
uniform color segments for the buildings.

In this test case, the boundaries of the buildergsplotted larger than their
original sizes. In order to improve this situatiahyster_color_diff parameter is

decreased, and the algorithm is applied again.

Table 4.12 Parameter Values for th@ est Area3

Parameter Value
min_line_length image_width/35
edge_Th_high 0.25
edge_Th_low 0.06
cluster_color_diff 10

This parameter is decreased to 4 from 10. The expeeseilt of this change
is; plotted boundaries are more consistent withréla¢ boundaries.

cluster_color_diff parameter’s default value is agtl10, which is optimum
for most of the satellite/aerial images. This par@mes not effective on the
algorithm’s detection performance unless it isasetower than 3 or larger than 20.
Decreasing the value of this parameter below 3 nayse to miss some of the
buildings since with this parameter value, some llssiged buildings produced
according to HSV-color segmentation information akminated because of
violating min_line_length requirement. And increggsthe value above 20 may lead

to produce very large boundaries that may overlappacupy other buildings
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boundaries so the small boundaries are eliminatedtd hypothesis verification
rules which in the end lead to the degradatioméndetection performance.

The value of cluster_color_diff is effective on tsleape of the boundary of
the extracted building. That is, the larger theueabf this parameter, the bigger the
boundary plotted at the output, and similarly thewdr the value of
cluster_color_diff, the smaller the boundary pldité there is no requirement to the
boundary of the detected buildings’, this parametdue can be left as default.

The results of this change are giverfFigure 4.29which shows the verified

buildings figure.

Figure 4.29 Verified Buildings Results

Finally, performance evaluation is givenTiable 4.13to show the affect of
the cluster_color_diff parameter change.
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Table 4.13 Results for the Modified cluster_color_iff Value for Performance

Evaluation
Tp | Tn| Fp| Det. Br. Correct | Incorrect | Correct
Perc. | Ft. Building | Building | Non-
Pixels Pixels building
Perc. Perc. Pixels
Perc.
testarea3 |35 |5 | 0 | 87.5% | 0% 78.8% 9.2% 93.6%
(default)
testarea3 |35 |5 | 0 | 87.5% | 0% 78.8% 5.3% 96.4%
(modified)

4.4CHOICE OF PARAMETERS

The implemented algorithm needs to make severalsides based on
incomplete evidence at various stages in the sefeeind verification processes.
Evidence in various categories, such as from shadowsHSV-color segmented
areas, is combined to make decisions on keepirtisoarding hypotheses. Due to
the complexity of the processes involved and lddioomal models for the contents
of an image, it is difficult to find theoreticalyptimal solutions. Used procedure for
such decision making is based on simplicity andiiivie judgments.

In the image preprocessing part, 3 filters are ic@med to improve the edge
detection performance, which are anisotropic neaindiffusion, bilateral and
sharpening filters. Anisotropic nonlinear diffusidiiter proposed by Perona and

Malik [53] basically smoothes the image while presgg the edges. However, this
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filler makes the edges of close buildings to disappgn a complex environment
with buildings very close to each other which isanvenient for the proposed
algorithm Eigure 4.30.

Figure 4.30 Original and Anisotropic Nonlinear Filter Applied Image
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Figure 4.31 Edges Extracted from Original and Anistropic Nonlinear
Filtered Images

Bilateral filter proposed by Tomasi and Manduchi][b4sically takes into
consideration the pixels’ intensity values whileeeging with its neighboring pixel
values which preserves the sharp edges. Althoughfitter removes unnecessary
details in the images which are grass or parking details and chimney
discontinuities, it loses the edges of the buildinghere buildings and their

surroundings have close color valuEgy(re 4.32.
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Figure 4.33 Edges Extracted from Original and Bilaeral Filtered Images
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The sharpening filter is basically a smoothed versibthe original image
that is inversely applied to the image. After appdythe sharpening filter, the edges
of the buildings are both preserved and strengthemeich improves the edge
detection performance of the proposed algorithm. r8foee, in this study
sharpening filter is selected as the preprocedsdiag (Figure 4.34.

Figure 4.34 Original and Sharpening Filter Appliedimages
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Figure 4.35 Edges Extracted from Original and Sharpning Filtered Images

The results of the verified building detection imag#ter using each of
these filters are shown ifigure 4.36-Figure 4.38 Moreover, inTable 4.14

extracted features data are given to compare lteesfperformance.
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Figure 4.36 Verified Building Results using Anisotopic Nonlinear Diffusion
Filter
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Figure 4.37 Verified Building Results using Bilateal Filter
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Figure 4.38 Verified Building Results using Sharpeimg Filter

Table 4.14 Results for the 3 Filters Considered

Testarea2 # of eddgetoflines |Tp | Tn | Fp | Det. Br.
pixels generated Perc. | Ft
extracted

Anisotropic 14709 6974 18| 11| 3 62% 14%

nonlinear filter

Bilateral filter 13085 6068 200 9 0 68.9% 0%

Sharpening 17651 8759 25| 4 2 86.2% 7.4%

Filter
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In the color segmentation stage of the proposedrigihgn rbg, hsv and lab
spaces are considered. That is, image is segmenteéd| green, blue, hue,
saturation and value spaces individually. And atgw and hsv represented images
are segmented in lab spaces. Due to illuminatioms$ weflections, individual
segmentations and rgb image represented in labespage given poor results
(Figure 4.39-Figure 4.44. In other words, buildings occupy two or morerthao
clusters. Besides, the well-known mean-shift sedaiem has produced limited
output which is some buildings occupy two segmeffigure 4.45. HSV
represented image segmented in lab domain howgmdds buildings to exist in
only of the clusters which is required in the hypstes verification part of the

proposed algorithm.

Figure 4.39 Original Image and Segmentation Applieedn “red” Space Image
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Figure 4.40 Original Image and Segmentation Applieadn “green” Space

Image

Figure 4.41 Original Image and Segmentation Appliedn “blue” Space Image
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Figure 4.42 Original Image and Segmentation Applieedn “hue” Space

Image

Figure 4.43 Original Image and Segmentation Applieedn “saturation”

Space Image
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Figure 4.44 Original Image and Segmentation Applieen “value” Space Image

Figure 4.45 Mean-shift Segmentation Image and its-kneans Applied Form
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The results of the verified building detection imagdter segmentation is
carried out on each of these spaces are shoWwigure4.46-Figure4.49 Moreover,
in Table 4.15the extracted features are given to compare lieesfiperformance.

Figure 4.46 Verified Building Results after Segmemg on “red” and

“green” Spaces Respectively
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Figure 4.47 Verified Building Results after Segmermg on “blue” and “hue”

Spaces Respectively

Figure 4.48 Verified Building Results after Segmemhg on “saturation” and

“value” Spaces Respectively
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Figure 4.49 Verified Building Results after mean-siit Segmentation and hsv

Segmentation is Performed Respectively

Table 4.15 Results for the Segmentations Performexh Different Spaces

Testarea2 Tp| Tn| Fp| Detection| Branch.
Percantage | Factor
“red” space 15| 14| 2 51.7% 11.7%
‘green” space 18| 11| 1 62% 5%
“blue” space 22| 7 2 75.8% 8%
“hue” space 18| 11| 1 62% 5%
“saturation” space| 23| 6 3 79.3% 11%
“value” space 20| 9 2 68.9% 9%
Mean-shift applied 23 | 6 2 79.3% 8%
on “rgb” space
Hsv space 25| 4 2 86.2% 7.4%
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The verified buildings’ boundaries are not one-te-@aonsistent with the
real buildings due to poor performance of the Igemeration stage. In order to
overcome this problem, region growing is considdarecthake the boundaries more
consistent. However, region growing algorithms el worse boundaries for the
buildings that have close color pixel values witleit surroundings and buildings
with oblique rooftops. Therefore, region growingnist implemented in this study
(Figure 4.50.

Figure 4.50 Region Growing Applied Image

In the proposed algorithm, to reduce the numbeialske hypotheses, edge
verification for the verified building hypothesesdonsidered. In other words, each

line segment of the verified building hypothesisngestigated whether there are
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edge pixels present adjacent or not. This verifocatiorks fine for the images with
buildings away from each other, but for the imagéh buildings are close to each
other, some of the true positive buildings are #lated. Therefore, this verification

stage is not included in the proposed algorithm.

4 5PERFORMANCE RESULTS

Algorithm is applied to 9 images. First 2 imagege #ne Google Earth
images and the remaining 7 of them are IKONOS lIgateimages showing
Eskisehir city. Table 4.14 gives the performanceltesf the algorithm for each
image as well as the image sizes and, runtimesidrtable, first 3 rows correspond
to the three test areas which are investigatedetnildin section 4. For the last 6

rows, the building detected images are giveRigure 4.51to Figure 4.56
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Table 4.16 Performance Evaluation of thélgorithm

Tp | Tn| Fp | Det. Br. Run | Image | #of extracted
Perc. | Ft. time | Size edge pixels& lines
tal| 19 | 0| 1| 100% | 5% 189 | 290x290 (8710,3704)
ta2 | 25 4 | 2| 86.2%| 7.4% 750 465x465 (17651,8759)
ta3 | 35 5| 0| 87.5%| 0% 260 330x3380 (8569,4684)
ta4d| 53 | 2 | 5| 96.3%| 8.6% 945| 364x3p4 (15608,8437)
taS| 72 71 1) 91.1%| 1% 1340 400x400 (17358,10173)
ta6| 137 | 30 5| 82.0%| 3% 1405 400x400 (19573,9267)
ta7 | 24 1| 80% 4% 230 | 300x300 (6434,3906)
ta8 | 34 4 | 1| 89.4%| 2% 475 300x300 (10502,5820)
ta9 | 132 | 28| 6| 82.5%| 4% 2717 500x500 (24856,14300)
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Figure 4.51 Verified Buildings Result for Test Ared
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Figure 4.52 Verified Buildings Result for Test Are®
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Figure 4.53 Verified Buildings Result for Test Are®
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Figure 4.54 Verified Buildings Result for Test Ared
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Figure 4.55 Verified Buildings Result for Test Are®
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Figure 4.56 Verified Buildings Result for Test Are®
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CHAPTER 5

CONCLUSIONS

5.1 SUMMARY

In this study, building detection algorithm fronriaé or satellite imagery is
proposed and implemented. Proposed algorithm iscbas hypothesis generation
and verification for rectilinear buildings. HSV-ool segmentation and shadow
information of the image is used in this thesisvawify the building hypothesis
which is different from the previous studies.

A cascaded system is implemented in this thesistl¥;i the satellite/aerial
image is filtered to remove noise and make the £dgenger so that most of them
can be detected by edge detection. Next, edgetuetes performed using Canny
edge detection algorithm. The parameters used iCamny edge detection stage is
critical since these parameters determine the numbpoints extracted from the
image some of which constitute the buildings’ pafisese parameters are set to
optimum values so as to find maximum building panrsl minimum noise and/or
spurious points. Then, these extracted edge pamsused to generate line
segments by using Hough Transform algorithm. In otdeorrectly generate these
line segments, Hough Transform’s parameters arengged so that the algorithm
does not produce spurious/false line segments. ,Naxitding hypotheses are
formed from these lines which obey the rectilineailding models. Finally, the

hypotheses are verified using both the hsv-colgmantation and the shadow
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information extracted from the satellite/aerial geawhich eliminates majority of
the false positive hypotheses. Here in this theahis,use of both the HSV-color
segmentation and the shadow information to vehseé hypotheses is developed
which has not been applied in the literature yet.

The results of the implemented algorithm are satisfg for both urban and

sparse environments. Building detection rate isral8680 for most of the images.

5.2DISCUSSION

In this thesis, a cascaded algorithm is implemetdeatietect the buildings in
a satellite/aerial image. In other words, the outgua stage in the algorithm is the
input to its successor which means that overalfop@ance of the algorithm is
actually determined by the poorest stage. Firsgestan the algorithm is the
satellite/aerial image, the quality of the image insportant since HSV-color
segmentation, shadow detection and edge detedizyess take this image as an
input. Therefore, these stages’ performance dependke image quality. Shadow
detection is carried out by using a simple maskhto HSV representation of the
image; this mask functions well for most of thet tegses but may produce poor
performance images having dark-colored rooftopdmogs unless images are not
taken from satellite. Then, edge detection staggspdakey role in the algorithm.
The parameters (low threshold, high threshold, agoh&) determine the success
rate of this stage. The building detection rate banimproved or degraded by
adjusting these parameters, such as by loweringhtieshold value more buildings
can be detected in the image but a lower thresaisiol catches more noise in the
scene which will result in false positives and acréased runtime of the algorithm.
Another important stage in the algorithm is theslimerging and removing stage.
The threshold parameters to merge lines and remoes lcan be adjusted to

perform better for one image, but these values na@yperform well for another
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image. In other words, it is difficult to find theatically optimal solutions satisfying
for all the images. Hypothesis generation and watibn stages’ parameters are set
according to the possible building sizes whichdefned based on the information
of the altitude image is taken or image’s meteepiresolution. In this study,
images are either taken at 1000m altitude or hawepikel resolution. Therefore,
the parameters for the algorithm is set so asb ds much as buildings and as low

as nonbuildings at the output.

5.3FUTURE WORK

A first step forward from this work is to make useother data sources such
as range data (LIDAR) or stereo images which witiyide the height data of the
buildings so that 3D representations of these ttras can be modeled. These data
sources also eliminate the generated false poditiuding hypotheses.

Verification using the shadow information part betimplemented system
can be improved by using a better shadow detectigorithm which will greatly
reduce the false positive building hypotheses.

In this system, the shadow cast direction is neefedthe system to
correctly verify the hypotheses, but by implemegtihe necessary software codes
this information can be extracted from the imageictvhwill reduce the user
interaction.

The color segmentation part in this algorithm is lenpented to produce 3
distinct regions, however, this number can be a®ed to 4 or 5 regions which will
provide the system to model the buildings more eately. But, increasing the
number of regions may cause to miss some of tHdibgs, in order to prevent this
loss, verification part of the algorithm shoulduyated accordingly.

This building detection system takes the image ab@e and processes all

of the algorithms on this single image which is pomationally inefficient. To
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improve the runtime of the system, the input imagey be divided into small sub
images and intra algorithms (edge detection, liaeegation) be applied to theses
sub images. After these intra algorithms are fieishthe results of all the sub
images should be merged correctly. This divide armtgss method will greatly
reduce the runtime of the algorithm since mosteftime is consumed during edge
detection and line generation parts of the algorith

The approach presented here can be easily gendrétizenore complex,
but specific, shapes (such as for regular polydgwped roofs), but would require
major modifications to handle more general cases. Shistem is also limited in its
ability to handle buildings which are rectilineautbhighly complex, such as
consisting of many wings, or cases where the ngkliare very close to each other.
Modeling of more complex buildings in more compkxrounds remains a topic

for future research.
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