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ABSTRACT

SHADOW DETECTION AND COMPENSATION IN AERIAL IMAGES
WITH AN APPLICATION TO BUILDING HEIGHT ESTIMATION

keref, Ahmet

M.S., Department of Electrical and Electronics Engineering

Supervisor: Assoc. Prof. Dr.

September 2010, 104 pages

This thesis is devoted to the shadow detection and compensation in aerial
images with application of the detection results to building height detection.
Shadows could be defined as the parts of the scene that is not directly
illuminated by a light source due to obstructing object or objects. Usually the
shadows in images or video are undesirable, since they could cause
degradation of the expected results during processing of the image or video
for object detection, segmentation, scene surveillance or similar purposes.
However shadow information could also be used for beneficial purposes like
reveaing i nf or mat i on ahapeuotientatibneandoeben about
the light source. In this thesis firstly shadow detection methods are
overviewed. Beside the selected methods from literature, some novel
approaches are also proposed and experimented. Then shadow
compensation methods are overviewed and experimented. Finally an
example of beneficial utilizations of shadow information is studied, where

buildings6 h e i géstimateddronetheir shadow length and sun angles.

Keywords: Shadow detection, aerial and satellite images, shadow

compensation, building height estimation.

iv

(@)
(2]



¥Z

HAVA FOTOJRAFIGARIGEESPNHI ZELTKLMESKNKN
BKNA Y! KSEKLKJK HESAPLAMASI NA UYGUL.

keref, Ahmet
Y¢ksek Lisans, El ektrik ve El ektroni
Tez Y°%°neticisi: Do - . Dr. A. Ayde

Ey 12910, 104 sayfa

But ez, hava fotojraflarénda g°lge tespit
olarak bina y¢ksekliJi tahmini sczerine b
nesne veya nesnelerin engel ol maseée il e
aydenl at él mayan kéensl éamnmlagbri | bt ar aG® | gaher ,
b°l ¢ml eme, ol ay yer i g°zetl eme vV e benz
i Kl eml er de bekl enen sonu-1I| ar iczerinde
resiml erde ve videolarda genelli kle iste
g°| genleesrn,e «kekl i, durumu ve hatta ékek
faydal é& bilgilere ulaxkmak ama-I|l¢e& kull ane
g°l ge algéelama y°ntemleri incel enmi ktir.
Sér a vV e yeni °nemlialre nt ebcarz¢éb e y aekdlial kné K t i
l'iterat¢rdeki g°l ge d¢zel t me y°nteml er
czerinde deneyl er yapél mekteéer . Son ol ar
faydal & bir kull anéména °rnek ol arak, g
a-larénée kull anmak suret.i il e g°lge wuzur

al ékmasé yapeéel mexter.

Anaht ar kel i mel er: G°l ge al gel ama, hav

d

czel t me, bina y¢ksekl i k tahmini
v



ACKNOWLEDGEMENTS

| would like to express my appreciation to my supervisor Assoc. Prof. Dr. A.
Ay d én | Adrdis gudance and positive suggestions throughout this
thesis study. Besides his technical assistance, cheerful and sincere
personality of him also motivated me a lot during this study.

| would like to also thank to my friend Onur Ali Demirkol, for his friendship,

motivation and assistance during the courses that we attend together.

I would like to also express my love and thanks to my dear wife Ebru, for her

patience and support during the master study.

Finally, 1 would like to thank my parents for their endless love and support

over the years.

Vi



TABLE OF CONTENTS

FAN = I = ¥ A O RSP RR iv
¥Z. . . 00000 - Vi
ACKNOWLEDGEMENTS ...ttt ea et e e snnae e e e enreee s viii
TABLE OF CONTENTS ...ttt ettt e et e e e s e e e snnnaeee e iX

,,,,,,,,,,,,,,,,,,,,,,

LISTOFTABLESééeééééeécéeceéeeéeéceceeeeec.eéee.. . . éx

,,,,,,,,,,,,,,,,,,,,,,,,,

CHAPTERS

1. INTRODUCTION ..o 1
1.1 Scope Of the TRESIS .....ccooeiiiiii e e 2
1.2 Outling Of the TRESIS.....iieiiiiciee e e e e e eaeee 3

2. DEFINITIONS AND COLOR SPACES ...t 4
2.1  Definition of the ShadOW.........ccoviiiiiiiiiii e 4
2.2 Definition 0f the CoOlOr .......iiii e 6
2.3 COlOr SPACES ... .uuuuuuiiiiiiiiiiiiiieteiee bbb nnne 7

2.2.1  RGB COlOr SPACE ......cci i i 7
2.2.1  HSV/HSI CoIOr SPACES......ccoiieeeeeeeeeeeeeeeeeeeee e 8
2.2.1.1  HSV COIOr SPACE ......coi i 10
2.2.1.2  HSICOIOr SPACE ....ccoeieeeeeeeeeeeeeeeeee 10
2.2.2  YIQ COlOr SPACE.....uiiiiieiieieecee e 10
2.2.3  CiCC3C0l0r SPACE .....coieeeeeicee et 11
2.2.4  YCLC, COlOr SPACE .....cceeeeeeeeicee et e 11

3. SHADOW DETECTION ...cootiiiiiiiiiiiiiiiiiiiiieeeeeee ettt ettt e e eeeeeeeeeeeeeees 12
0 R o = To [0V A = L (F ] £ R 12
3.1.1 Changes in RGB Color Space Components with Shadow................... 14
3.1.2 Changes in HSV Color Space Components with Shadow ................... 16
3.1.3 Changesin YIQ Color Space Components with Shadow .................... 17
3.1.4 Changes in C;C,C; Color Space Components with Shadow ............... 18
3.2 Overview of Shadow Detection Methods .............ccevvvviiiiiiiiiieeeeceein, 19
3.2.1  Moving Shadow DeteCtion.........ccooeeeieiiieeeee e 19
3.2.2  Static Shadow DetecCtion ............cceiiiieiiiieiiiiiee e 20
3.2.21 Model-based Shadow Detection ..............ceuvuviiiiieeeeiiiiiiiicee e eee e 20

vii



3.2.2.2 Feature-based Shadow DeteCtION.........cvvvvieiieeiieeee e 21

3.2.2.2.1 Threshold-based Shadow Detection.............ccceeeeeeiiiiiiieeeeeeeeeee, 21
3.2.2.2.2 Edge-based Shadow Detection ...........ccccceeeieeeiiiiiiiiiiiiie e, 22
3.2.2.2.3 Other Feature Based Shadow Detection Methods ..............cccevvvnnnn.. 24
3.3 Compared Shadow Detection Methods............ccoooeeiiiiiie, 24
3.3.1 (I-S) Difference Threshold Based Method [35] ..., 25
3.3.2  NSVDI Threshold Based Method [4]........ccooooieieiiieeeeeeeen 25
3.3.3  Hue Threshold Based Method [36]..........ccooieiiiiieeieeeeeeeeeeeeeeeeeee e 26
3.3.4 (He+l)/ (le+l) Ratio Threshold Based Method [34] .......cccoevvvveivvennnnnn. 27
3.3.5 Value Threshold Based Method [2], [28].........ccoeeiiiiiiiii, 28
3.3.6  Novel Proposed Threshold Based Methods .............ccceiiviiiiiiiiiiiiinnnnn. 28
3.3.7  Homomorphic Based Method [3] ........cccoooiiiiiiiieeeeee, 29
3.4  Experimental RESUIS...........coiiiiiiiiiiii e 30
3.4.1  Comparison of Methods on Uniform Colored Sample Images............. 30
3.4.2 Comparison of Methods on a Sample Image with Ground Truth ......... 36
3.4.3 Comparison of Methods on Satellite Images ..........ccccceeeeveeieeeiivviinnnnnn. 40
3.5 Discussion about Shadow Detection Experimental Results .................... 57
4. SHADOW COMPENSATION ....ccoiiiiiiiiiiieee e ettt e e e e e e siianee e e e e e e e e nnneeees 59
4.1. Overview of Shadow Compensation Methods............cccccceeeiiiiiiniiiiiiinnnnn. 59
4.2. Compared Shadow Compensation Methods..............ocvvviieiiiieerecevivinnnnnn. 62
4.2.1. Histogram Matching Based Shadow Compensation....................uuuen... 62

4.2.1.1. Global Histogram Matching Based Shadow Compensation on V
COMPONENT [A8] ...ttt 64
4.2.1.2. Local Histogram Matching Based Shadow Compensation on V
COMPONENT [9], [B4] ..ttt eeesseeeenees 64
4.2.1.3. Local Histogram Matching Based Shadow Compensation on H, S

AN V COMPONENTS [A] ...ttt eeesneeeennes 65
4.2.2. Gamma Correction Based Shadow Compensation [9]...............ccce... 65
4.2.3. Linear Correlation Based Shadow Compensation [9] ...........ccceeeeeeennn. 67
4.3. Experimental RESUIS .......ccooiiiiiieeeeeeeee e 67
4.4. Discussion about Shadow Compensation Results............cccccoeevvvvvviinnnn.. 81
5. BUILDING HEIGHT ESTIMATION: APPLICATION OF SHADOW ANALYSIS83
5.1 Overview of Building Height Estimation Methods..............cccoooeiviiiiiinnnnnn. 83
5.2  Experimental RESUILS.........ccoooiiiiiiii e 86
5.3 Discussion about Building Height Estimation Results ............ccccoeevvvnnnn.n. 92
6. CONCLUSIONS. ...ttt e et e e e nee e e e e nees 93



6.1. Summary of the theSIS ......cii i
G2 B 1Yol B 11 o] o N
6.3, FULUIE WOTK.. . ittt nbnnnees
REFERENCES ...t a e



TABLES
Table 17
Table 27
Table 317
Table 47
Table 57
Table 67

LIST OF TABLES

Separation parameter for shadow detection methods ........................... 36
Comparison of execution times of each compensation.......................... 80
Dimensions of sample iMages.......ccoooovvvviiiiiiiiii e 80
Sun angles table for the sample image 1 location and date................... 88
Building height estimation reSultS..............civiiiiieeeiiiceiee e, 90
The results of simulation of different satellite azimuth and angles.......... 91



LIST OF FIGURES

FIGURES
Figure 17 Shadow tYPES [B] .oooeeeeeeeeeeeeeeeee e 5
Figure 27 Umbra and Penumbra illustration [26] ..., 5

Figure 317 Wavelengths comprising the visible range of the electromagnetic

SPECIIUM [D4] ..ttt ettt ettt e e e et e 6
Figure 4 7 Absorption of light by the red, green, and blue cones in the human eye

as a function of wavelength [54]........uiii i 7
Figure 57 RGB Color CUbe [B4] ..o 8
Figure 6 7 Hue and Saturation DepiCtioN ...........cceuuiiiiiiiiieeiieeeee e 9
Figure 7 7 Hue, Saturation and Value components (www.mathworks.com) ............ 9
Figure 8 7 Sample images that are used for shadow feature analyses ................. 13
Figure 97 An example to setup for extracting sample images ............ccccceeeeeeeennn. 13

Figure 107 R,G and B values change between shadow and non-shadow regions
for sample Images iN FIQUIE 8.......coio i 14
Figure 117 H,S and V values change between shadow and non-shadow regions
for sample images in FIQUIE 8...........uuuuuiiiiiiiiiiiiiiiiiiiiii i 17
Figure 137 Y,l and Q values change between shadow and non-shadow regions for
sample iIMages iN FIQUIE 8 ......oooiiiiiiiiiiiieiiieeeeeeeeeeeeeee ettt 18
Figure 147 C,,C, and C; values change between shadow and non-shadow regions
for sample images in FIQUIE 8...........uuuiuiiiiiiiiiiiiiiiiiiiiiiiiiiiiieeeeeeeeeeeeeeeeeenees 19
Figure 157 Moving shadow detection and foreground detection result [5]............ 20
Figure 16 7 The shadow detection result in [8], from left to right: original image,

edge of object and shadow, edge of object, detected cast shadow....................... 22
Figure 17 7 The shadow detection result in [9].......ccccoeiiiiiiiiiiiiii e, 23
Figure 18 7 Shadow detection result [29], left: original image, ...........cccccvvveeeeen.n. 23

Figure 197 The comparison of (I-S) difference image (on the left) and NSVDI ratio

image (0N the fght) [4] .....ooorre e 26
Figure 20 7 Block diagram of the method [3].......covvmiiiiiiiii e 29
Figure 217 (S-V) difference [35] change with shadow ...............ccooooiiiiiiinn . 30
Figure 22 7 NSVDI [4] ratio change with shadow ... 31
Figure 237 (Het1) / (le+1) ratio [34] change with shadow ... 32

Xi



Figure 247 (S+1) / (V+1) ratio with ShadOw............coeiiiiiiiiiiiii e, 33

Figure 257 (H+S+1) / (V+1) ratio change with shadow.............ccc.ccooviiiiiiieennee, 34
Figure 26 i (H+S+1) / (V?+V+1) ratio change with Shadow ..............cccccevevvevennnn... 35
Figure 27 7 Sample Shadowed Image and Ground Truth Shadow Mask .............. 37

Figure 28 1 Left: V threshold, AC = 98.8%; Right: (S-V) diff [35], AC =94.8%...... 37
Figure 297 Left: H threshold with bluish and greenish removal, AC = 96.0 %; .....38

Figure 30 7 Left: NSVDI threshold [4], AC = 94.4%0;.......ccoooeeiiiieeeeeeeeeee 38
Figure 3171 Left: (S+1) / (V+1) threshold, AC =94.9; ... 39
Figure 327 Left: LPF based method [3], AC = 98.3%; .......cevviviiiiiieeeeeeeeeiieee e 39
Figure 337 Sample Satellite Image 1 ... 40
Figure 347 (S+1)/(V+1) ratio based method with auto threshold ......................... 41
Figure 3571 H auto threshold with bluish and greenish removal method [36]......... 41
Figure 36 7 H auto threshold without bluish and greenish removal method [36]....42
Figure 371 (H+S+1) / (V+1) ratio based method with auto threshold.................... 42
Figure 381 (He+1) / (I+1) ratio based method with auto threshold [34]................ 43
Figure 397 LPF based method [3].....ccuuieiiiiieiiiieicis e 43
Figure 40 1 (H+S+1)/(V?*+V+1) ratio based method with auto threshold................. 44
Figure 411 (H+S+1)/(V?*+V+1) ratio based method with manual threshold = 0.8 ..44
Figure 42 7 NSVDI ratio based method with auto threshold [4]...........cccccceeeel. 45
Figure 43 7 NSVDI ratio with manual threshold =0 [4]........cviiiiiiiiiiiiiiie e, 45
Figure 44 7 NSVDI ratio with manual threshold = -0.2 [4]........cccooeeeeiiiiiiiiiiiiennee, 46
Figure 4571 (S-V) difference based method with auto threshold [35]..................... 46

Figure 46 7 (S-V) difference based method with manual threshold = -0.2 [35] ...... 47
Figure 47 7 (S-V) difference based method with manual threshold = -0.3 [35] ...... 47

Figure 48 7 V auto threshold based method ..., 48
Figure 497 V manual threshold = 0.45 ..., 48
Figure 50 7 Sample Satellite IMage 2 .......cooooeeieeeeeeeee e 49
Figure 51 7 H auto threshold based method without bluish and greenish removal
METNOA [B0].. e 49
Figure 52 7 H auto threshold based method with bluish and greenish removal
METNOA [B6].. et e e et e e e e e e e e e r e e e e e 50
Figure 537 (H+S+1) / (V?+V+1) ratio with auto threshold ................cccoevevvevennnne.. 50
Figure 54 7 NSVDI with manual threshold = 0 [4].....coov i 51
Figure 551 (S-V) difference with manual threshold = -0.2 [35]........cccoviiiiiiiinneenn. 51
Figure 56 T NSVDI with auto threshold [4] ........ooeeeiiiii e 52

Xii



Figure 57 T NSVDI with auto threshold [4] combined with removal step of bluish

and greenish regionNs [36] .....ccceeiieeriiiiii e e e e e e e et eaaeaaane 52
Figure 58 1 LPF based method [3] combined with removal of bluish and greenish
FEOIONS [B6] ..o 53
Figure 597 LPF based method [3]........cccooiiiiiiieeeeeeeee e 53
Figure 607 (H+S+1)/(V+1) ratio auto threshold combined with removal of bluish
and greenish regions [36] .......cooviiiiiiiiiiii e 54
Figure 617 (H+S+1)/ (V+1) ratio (Otsu) threshold ..., 54
Figure 62 17 V auto threshold combined with removal of bluish and greenish regions
) SRRSO 55
Figure 63 17 V auto threshold...........cooooooiioie 55
Figure 647 (Het1) / (1e+1) ratio auto threshold method [34] combined with removal
of bluish and greenish regions [36] ..........ccuuiiiiiiiie i 56
Figure 657 (He+1) / (I+1) ratio (Otsu) threshold method [34] ........coovvvviiiiiieennenen. 56
Figure 66 7 Input image on the left, whereas output image on the right [13] ......... 60
Figure 67 7 Block diagram of the shadow compensation process in [32] .............. 61

Figure 681 Look up table (LUT) based shadow compensation process in [34].....63

Figure 691 An example connected shadow region (black) and its related buffer

b0 0 1= N (o] (=) PP 65
Figure 707 Plots of output gray level for different gamma values......................... 66
Figure 717 Sample image 1 for shadow compensation............ccccoceevviviiiiiieeneennn. 68
Figure 72 7 Shadow detection result for sample image 1..........cccoeeiiiiiiiieeeeeeeeen. 68
Figure 737 Global histogram matching on sample image 1 [48]............cceeeeeeeenn. 69
Figure 74 7 Local hist. eq. for V component on sample image 1 [34] .................... 69

Figure 7571 Local hist. eq. for H,S and V components on sample image 1 [4]....... 70
Figure 76 T Gamma correction with parameter 3 on sample image 1 [9]............... 70
Figure 77 7 Linear correlation based shadow detection on sample image 1 [9].....71
Figure 78 1 An unsatisfactory shadow detection result for sample image 1 .......... 71
Figure 7917 Global histogram matching applied on unsatisfactory shadow detection
TOr SAMPIE IMAGE L ...ttt nneeennes 72

Figure 80 - Local histogram matching on H, S and V, applied on unsatisfactory

shadow detection for sample image L. 72
Figure 817 Sample image 2 for shadow compensation...........ccccoveeveveeeiiiineneeenn. 73
Figure 82 7 Shadow detection result for sample image 2.........cccoooevviiiiiiiiiienneenn. 73
Figure 8317 Global histogram matching on sample image 2 [48].........ccceeeeeeeenn. 74
Figure 84 7 Local hist. eq. for V component on sample image 2 [34] ........cccc........ 74

Xiii



Figure 8571 Local hist. eq.for H,S and V components on sample image 1 [4]........ 75
Figure 86 1 Gamma correction with parameter 3 on sample image 2 [9]............... 75
Figure 87 1 Linear correlation based shadow detection on sample image 2 [9].....76
Figure 88 1 Sample image 1 for shadow compensation.............cooeeeeeeeeeeeeeeeeeeenn. 76
Figure 89 1 Shadow detection result for sample image 3...........cccooeeeeeieeeeeeeeeee, 77
Figure 90 7 Global histogram matching on sample image 3 [48].............ccceeeeeen. 77
Figure 917 Local hist. eq. for V component on sample image 3 [34] .................... 78
Figure 927 Local hist. eq. for H,S and V components on sample image 3 [4]....... 78
Figure 93 7 Gamma correction with parameter 3 on sample image 3 [9]............... 79
Figure 947 Linear correlation based shadow detection on sample image 3 [9].....79
Figure 9517 Shadow projection method depiction in [S7] ..., 84
Figure 96 i Geometrical depiction of a building and its shadow [56]..................... 85
Figure 97 7 User interface for building height estimation program......................... 87
Figure 98 7 The simulation of different satellite azimuth and elevation angles (left:

scene 1, middle: scene 2, right: SCENE 3) ...uuiuiiiiiiiiiieeicie e 91

Xiv



CHAPTER 1

INTRODUCTION

The shadow detection and compensation is an important issue in machine
vision systems for many purposes. Shadows in an image may reveal

information about the objects shape, orientation and even about the light

source. A typical utilization might be given as detecting a building 6 s hei ght

from its shadow [44], [45], [46], [56], [57]. Another example to beneficial

usage of shadow information is the thesisst udy of o0Bpostevent|[ 2 1 ]

photographs of earthquake damaged scenes. There are also other studies
[20], [24].

However, usually the shadows in images or video are undesirable, since
they could cause degradation of the output during processing of the image
or video for object detection, segmentation, scene surveillance or similar
purposes. Shadows in an i mage can modi f
detected. To prevent this problem shadows should be detected in order to
separate those from target object [8].

There are mainly two domains that are covered in this study where shadow
detection and compensation algorithms applied. One domain consists of
image sequences, namely video content, whereas the second one is about

static images.

For the first case, the main purpose is usually change detection, scene
matching or surveillance. Background subtraction is a common technique
for obtaining the target object. However, without shadow detection,
background subtraction might not be sufficient, since shadows usually
affects the performance in a negative way for these purposes. For example,

a shadow of an object in a traffic surveillance camera might be detected as

1



the part of the object or even two objects may be detected as one object, if
they are nearby and moving at the same direction and the shadow of one of
them is falling over the other.

For the second case, i.e. static images, main purpose might be detection of
a specific target. The shadows residing in the processed image will result in
changed geometric shapes of the objects; thus, maybe avoiding the
detection of a target.

The researches and studies about shadow detection and compensation is
mainly done in the last decade. However, there are also important studies in
90s, such as [13], [38].

1.1 Scope of the Thesis

This thesis mainly deals with shadow detection. Beside shadow detection
the thesis branches into two subjects, where the shadow detection output is
utilized. The first one is shadow compensation. The second one is building

height estimation from its shadow.

Shadow detection on aerial images are concentrated on this thesis study, so
shadow detection on dynamic scenes which is referred as moving shadow
detection [5] is beyond the scope of this thesis. Some of the static scene
shadow detection methods are tested on sample images and the results are
compared. Cloud and cloud shadow detection is also another study field in
aerial images. Some example studies are [40], [41] and [49]. The cloud and

cloud shadow detection and its compensation is out of scope of this study.

Shadow compensation methods are overviewed and histogram matching,
gamma correction and linear correlation based compensation methods are
tested on the sample images, which are outputs of the shadow detection
algorithms that are experimented.

Building height estimation is selected as an example application field, where
shadow detection output is used. In building height estimation, shadow

length is first determined and then by using the sun and satellite angles
2



building height is estimated. Building corners are assumed to be available

for the process; the building detection is beyond the scope of this thesis.

1.2 Outline of the Thesis

In Chapter 2, shadow and color definitions are given. Then color spaces that

are mentioned in this thesis are explained.

In Chapter 3, shadow features are firstly explained and observed on some
sample images. Secondly shadow detection methods are overviewed
followed by detail explanation of compared shadow detection methods.
Then experimental results are given and the experimental results are

discussed.

In Chapter 4, shadow compensation methods are overviewed and some
methods are compared. The experimental results are discussed at the end

of the chapter.

In Chapter 5, an example application of shadow detection is mentioned:
Building height estimation from shadow length. Building height estimation is
done by using detected shadow length with sun and satellite angle
information of the image processed. Some sample scenes are used for the
experiment. The results are discussed at the end of the chapter.

The thesis is concluded with Chapter 6, with discussion of all the observed
results of shadow detection, compensation and its application to building

height detection.



CHAPTER 2

DEFINITIONS AND COLOR SPACES

In this chapter, shadow and shadow types are introduced as a first step.
Secondly, color definition is given and followed by color models descriptions,
since the shadow detection and restoration requires complete

understanding of the color spaces.
2.1 Definition of the Shadow

Shadows could be defined as the parts of the scene that is not directly
illuminated by a light source due to an obstructing object or objects. The
shadow regions, however, are illuminated by ambient light. Similar definition
for the shadow is given in some of the shadow detection literature [3], [8],
[13], [15], [38].

A typical shadow could be divided into 2 different types. One type is
denoted as self shadow where the shadow region is on the object itself. The
other type is cast shadow for which the shadow region is on the background
or on another objects. The cast shadow is usually further divided into 2 parts,
umbra and penumbra [3], [28], [38].

In [28], Dare defined the umbr aTha
umbra represents the shadow region where the primary light source is
completely obscured; whereas the penumbra is the region around the edge

of a shadow where the light source is only partially obscured.o

Jiang and Ward [38] mentioned that a point light source will generate only

umbra while an area light source will generated also penumbra and they

4



argued that a thin penumbra may not be appear in the image due to
digitizing effects.

In Figure 1, the shadow types are shown and in Figure 2, umbra and

penumbra are depicted.

Vb — Self shadow
— Cast shadow
Penumbra

Figure 117 Shadow types [3]

vt

Single Light Source
!
f&

Figure 27 Umbra and Penumbra illustration [26]



2.2 Definition of the Color

Every object in the nature absorbs some part of light from an illumination
source and reflects some wavelengths. When perceived by our eyes, this
phenomenon will be sensed as the color of that object. Gonzales and
Woods [54] mentioned that the perceiving and interpreting colors by human
brain is still not fully understood, however, color physical nature could be

based on experimental and theoretical results.

The CIE (Commission Internationale de | @l&rage 0 The International
Commission on lIllumination) brings a standard definition of primary colors
wavelengths in 1931: Blue = 435.8 nm, Green = 546.1 nm and Red =
700nm [54].
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n om__——" N 0 e y

——=="""  ULTRAVIOLET

INFRARED =~ —=~—

VISIBLE SPECTRUM
-

300 400 500 800 700 1000 800

WAVELENGTH |Nanometers)

Figure 317 Wavelengths comprising the visible range of the electromagnetic
spectrum [54]
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Figure 41 Absorption of light by the red, green, and blue cones in the human
eye as a function of wavelength [54]

2.3 Color Spaces

A color space is a specification of colors in some standard way. It is also
referred as color model. Each color could be represented by a point in any
of the color spaces [54]. There are different color models that each differs
by their approach of specifying a color. Some important color models are

defined in the following sections:

2.2.1 RGB Color Space

The RGB color model is an additive color model which means any color
could be defined by addition of the primary colors. Red, Green and Blue are
the primary colors of light. In this color space, each component represents

Red, Green and Blue channel [54].
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RGB color space is usually accepted as non-appropriate for color image

processing applications due to the following major drawbacks [17]:
1 Itis device dependent and excludes some visible colors

1 Perceptually non-uniform and distance metric will not represent the real

differences between colors
9 Difficult to find thresholds for RGB cube

Hence, there are other color spaces defined by the researchers.

2.2.1 HSV/HSI Color Spaces

The Hue-Saturation-Value (HSV) and Hue-Saturation-Intensity (HSI) color
spaces are similar. These color spaces are similar to human description of a
color [54].

Since they can be obtained by a linear transformation from the RGB color
space, they inherit drawbacks from RGB color space. For example, they are

also device dependent and non-uniform.



Hue component defines the color which corresponds to the dominant color
that is perceived. Saturation is defined as purity of the hue or strength of the
color. These two components together define the chromaticity. On the other

hand value or intensity component defines the intensity [54].

Saturation 0 -> 1

T<-09°NH

Figure 6 1 Hue and Saturation Depiction

Saturaticn

Figure 71 Hue, Saturation and Value components (www.mathworks.com)



2.2.1.1 HSV Color Space
In HSV color space, the conversion from RGB color space is obtained as
follows [54]:

05w0Y O+ (Y 0)

‘0= cos 2.
TN o™ oao oy

. max',"Qo min (Y,"Q0)
Y= max ('Y,"Q8) (2.2)

w= max VY,"Q0 (2.3)

2.2.1.2 HSI Color Space

In HSI color space, the conversion from RGB color space is achieved as
follows [54]:

S w0
0= 360 — w5 >0 (24
1 . . : "

B 1 5 Y O+ (Y 0) o5
- % Y 9r2+ (Y 80 8) V2 (23)
SV 3 n Y08 6
= Y+ 0r 5) min “Y,"Q0 (2.6)
G- 5 Y+ O+ 8 (2.7)

2.2.2 YIQ Color Space

In YIQ color space, the Y represents luminance information; | and Q
represent the color information. This color space is used in National
Television Standards Commission (NTSC) which is a color television
broadcast standard mostly used in America and Japan [34]. The conversion

from RGB color space is given below [43]:
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[N 0299 0587 0114 Y
‘O= 0596 0274 0322 O (2.8)
¥ 0211 0523 0312 6

2.2.3 C,C,C; Color Space

The C,C,C; color space is introduced in [42]. This color space is referred as

being invariant to shadows and shading [8], [9].

The conversion from RGB color space is as follows:

Y
0, = arctan — 29
1 & ¢ Qo (2.9)
0, = arctan O (2.10)
2= G 'Y, 0 '
0 t 0 (2.11)
0. = arctan ———— :
8 aww QY

2.2.4 YC,C, Color Space

In YCuC, color space, the Y represents luminance information; C, and C,
represent the color information. This color space is mostly used in video and

image compression standards like JPEG and MPEG [34].

The conversion from RGB color space is given below [43]:

co 16 65.481 128553 24966 'Y
O = 128 + 37.797 74.203 112 0 (212)
6; 128 112 03.786 18214 6
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CHAPTER 3

SHADOW DETECTION

The shadow detection process could be a primary step for compensation of
the shadows and followed by an eventual step of image analysis task, such
as object recognition or it could be a fundamental step where the detection
results are directly used by 3D shape estimation or similar tasks. In any
case, shadow detection is an initial process for a final image analysis task.
Hence, the performance of the final task is highly dependent on the shadow

detection performance.

In this chapter, some feature-based shadow detection methods are

analyzed and they are compared by the help of some experimental results.
3.1 Shadow Features

In this section, shadow features are analyzed. Changes in shadow are
analyzed on image samples, which are colored as Yellow, Black, Blue,
Green, Red and White. The sample images are given in Figure 8. An
example setup of these sample pictures is given in Figure 9. In these setups
a uniform colored paper is laid on the surface, an obstructing object is set
beside to the side of the sun light and a shadowed part is obtained. Then by
using a photo editor program the sample images are cropped. No further
image processing or filtering is applied to preserve original color on the

sample image.
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Figure 81 Sample images that are used for shadow feature analyses

Figure 91 An example to setup for extracting sample images
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3.1.1 Changes in RGB Color Space Components with
Shadow

The chromatic profiles for the images in Figure 8 are plotted in Figure 10,
respectively for R, G and B:

250)

)

” “ ZL
o E wn 0 3 ] “ ) a o0 w00 000 12 (] 0 o &0 a0 1000
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1
%‘ZE %m %“x
Green Red White

Figure 107 R,G and B values change between shadow and non-shadow
regions for sample images in Figure 8

As expected, all three (R, G, B) components are attenuated, since the
illumination is smaller in the shadowed part. Another expected and
observed issue is, the most dominant component or components are
attenuated but being still dominant, thus still preserving the color information

under shadow.

In white image sample an important issue is also observed, which indicates

that red component is the most attenuated, whereas blue is the least
14



attenuated component. This issue is known as Rayleigh Scattering effect

and is also referenced in the literature as follows:

Golden et al. mentioned that the scenes where the illumination source is
mainly sky light the shadowed areas spectrum is not only dimmer but also

skewed to blue-violet wavelengths [11].
Huang et al. [36] analyzed this issue as a physical phenomenon as below:

The following equation which is given by mentioning that it could be
considered that change for the shadowed areas in images is only the
diffusion part of the Phongdés i | | umjsmneetthe imagesreved e | [ 3

matt and dull. Hence, the R, G and B value changes are given as:

YQ=  Ug_.Q_."Y, _.cos—Q (3.1)

Y@= Ug_ .Q_."%_ .cos—Q (3.2)

Y= 0Uq_.Q_."¥ _.cos—Q (3.3)

where | ae the changes in R, G and B components, | is the radiance, U
is the incident angle of the light source, S(&) are color filters of the camera
and K(a) are the albedo of the surface [36].

If K(8) are considered to be the constant for all wavelengths, then;

B W QL= Q.o L= Q_."¥ _ Q (34

and thus;
YO= Y@= Y@ (35)

meaning that all three components are attenuated with the same ratio [36].
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However, it is mentioned that K(a) values are positive proportional to the
wavelength; hence, the below equation should hold,;

Uo_ . "Q_. Y _ Q > 0o_.Q_.Y%_ Q
> Ug_.Q_."W_ QL (3.6)

which results with following relation;
YO> ¥Y@> Y@  (3.7)

The above relation states that the red component is the most attenuated

and the blue component is the least attenuated one in shadow region [36].

3.1.2 Changes in HSV Color Space Components with
Shadow

As a second analysis, H, S and V component profiles within and outside
shadow regions are also analyzed. In below figure, hue is depicted with red
lines, Saturation is depicted with green lines and Value is depicted with blue

lines:
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Figure 1171 H,S and V values change between shadow and non-shadow
regions for sample images in Figure 8

As we analyze the results, we observe that Value component decreases for
all cases as expected since the illumination decreases. In contrast
Saturation values tend to increase for all cases. Hue component remains
constant for yellow, green and blue colors and increases for red, white and
black colors.

3.1.3 Changes in YIQ Color Space Components with Shadow

As a third analysis, Y, | and Q component profiles in YIQ color space within
and outside shadow regions are also analyzed. In Figure 12, Y is depicted

with red lines, | is depicted with green lines and Q is depicted with blue lines:

17



Yellow Black Blue
Green Red White

Figure 12171 Y,l and Q values change between shadow and non-shadow
regions for sample images in Figure 8

As we analyze the results, we observe that Y component that represents the
luminance is decreased for all cases as expected. However | and Q
components that represent the color information, remains almost constant

for all cases.

3.1.4 Changes in C,C,C; Color Space Components with
Shadow

As a final analysis, C;C,C3 component profiles within and outside shadow
regions are also analyzed. In Figure 13, C; is depicted with red lines, C; is
depicted with green lines and Cj; is depicted with blue lines:
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Figure 1371 C,;,C, and C; values change between shadow and non-shadow
regions for sample images in Figure 8

As we analyze the results, a beneficial deduction could not have been

obtained.
3.2 Overview of Shadow Detection Methods

Shadow detection methods could be classified according to the input data.
The work in the literature could be divided into two classes, one class deals
with moving shadow detection while the other class deals with static image

shadow detection.
3.2.1 Moving Shadow Detection

Shadow detection in dynamic scenes are referred as moving shadow
detection [5] and usually their detection approach and steps are different

from non-dynamic scenes (still images).

Also the purpose for the shadow detection in dynamic scenes could be

change detection, scene matching or surveillance that is different than a

19



detection purpose for images. In moving shadow detection methods

generally a background subtraction step is usually present [5].

There are several studies on moving shadow detection. Some example
works are [5], [6], [12], [18], [19], [22], [23] and [25]. Prati et al. compared

moving shadow algorithms in [50].

Figure 141 Moving shadow detection and foreground detection result [5]

3.2.2 Static Shadow Detection

Shadow detection in images has usually different purposes than moving
shadow detection as mentioned previously. In static shadow detection, the
purpose could be estimation of objects shape from its detected shadow or
an intermediate step to image enhancement for pattern or object recognition

or similar purposes.

Static shadow detection methods could be further classified into model-
based and feature-based [4], [8], [47].

3.2.2.1 Model-based Shadow Detection

In model-based shadow detection, apart from the input image geometrical
information of the scene, for example digital surface model (DSM) as well as

20



light source information for example sun elevation and azimuth angles are
also utilized. In model-based shadow detection, a priori information about
the 3-D geometry of the scene and the objects and the direction of the light
source should be available [8]. There are some drawbacks, since additional
input is required besides the image itself. A problem could be faced, if one
does not have enough information about the light source and its position.
However, for aerial images, if the date and time of the image are known,
one could get solar angles calculated by some specific algorithms
[http://www.nrc-cnrc.gc.ca]. Another drawback is that 3-D geometry
information may not be available for every scene and even if it is available, it
will be difficult to process shadows that belong to non rectangular shaped

objects. These problems are also summarized in [4] and [8].

This class of shadow detection methods is not very common, since the
additional information might not be always available. One of the rare
examples is the method in [1], where Li et al. has used this approach by
using an aerial input image and also a digital surface model (DSM) of the

same scene and sun altitude at the relevant time.

3.2.2.2 Feature-based Shadow Detection

Feature-based shadow detection is more popular than model-based
methods and there are several and different types of feature-based shadow

detection methods in the literature [8].

In feature-based shadow detection, shadows are identified by using the

properties of shadow, such as lower luminance.

In following sections, feature-based shadow detection approaches are

mentioned.

3.2.2.2.1 Threshold-based Shadow Detection

The first type of feature-based shadow detection algorithms to be mentioned

is threshold-based shadow detection. Threshold-based methods depend on
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the shadow features that are analyzed in the previous section. Either a
simple thresholding to the Value component in HSV color space (or
equivalent component in similar color spaces) could be preferred as in [2],
[28] or some other approach that includes other shadow features as well,
also might be the choice [4], [34], [36], [36], [38], depending the input image
properties and also accuracy and simplicity that is necessary for the

performance.
3.2.2.2.2 Edge-based Shadow Detection

Shadow detection could also be achieved by detecting shadow edges.
Shadow edges could be obtained by using an invariant color space or
similarly using an illumination invariant image. The intrinsic images could be
found by using methods like [27] or [30].

Salvador et al. [8] and Sarabandi et al. [9], used C1C,C3 color space in order
to detect the shadow edges. They claim that C;C,Cj3 color space is invariant
to shadow. The experiment above with the sample images, however, not
fully agrees with this assumption. However, still this approach could be used
and successful results could be obtained for some content, as shown in

Figure 15 and Figure 16:

Figure 1571 The shadow detection result in [8], from left to right: original
image, edge of object and shadow, edge of object, detected cast shadow
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Figure 16 1T The shadow detection result in [9]

Another approach for detecting edges could be as follows: First finding and
illumination invariant image then by finding edges in both original and
illumination invariant image and finally labeling the common edges as
shadow boundaries. This approach is used in [10] and [29] by Finlayson et
al. The experimental result in [29] is given below:

Figure 171 Shadow detection result [29], left: original image,

middle: illumination invariant image, right: detected shadow edges
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Edge classification is preferred by Levine and Jisnu Bhattacharyya in [14].
They use Support Vector Machine (SVM) classifiers to classify the detected
edges as shadow boundaries. Naturally, a training process is needed to
utilize this approach, which will be accepted as user input to the process,

during comparison with other algorithms that are fully automated.

Barnard and Finlayson [16] segmented the input image to the same color
regions and then they labeled the boundaries of the regions as shadow

edge if they hold the relevant feature for a shadow boundary.
3.2.2.2.3 Other Feature Based Shadow Detection Methods

There are some other methods, which will not fall into above classes. One
example is Etemadnia and Alsharif6 s homomor phi c approach
detection defined in [3] where they filter the illumination component of the

image in log domain to extract shadows.

Another example is given in [15] where Zhongfei and Zhang come up with a
different method that uses expectation maximization algorithm on the image
represented as graph. Other example studies that fall into this category are
[39], [51], [52] and [53].

3.3 Compared Shadow Detection Methods

In this section, compared shadow detection methods are explained in detail.

Shadow detection could be done in several ways that change depending on
the input image properties, its metadata availability, user input opportunity

and similar case specific parameters.

Model based shadow detection could be a choice if we have the digital
surface model of the scene and sun angles. The sun azimuth and elevation
angles associated with an aerial or satellite image could be found if the date
and time of the image taken. However the digital surface model for an
arbitrary scene may not be available. So in this study, feature based

shadow detection approaches are preferred to be compared. Among feature
24



based class of methods, some threshold based methods and a

homomorphic based method is selected to be compared.

The threshold based shadow detection methods in the literature usually
utilize the HSI/HSV color space components in order to detect shadows,
since shadow regions shows distinctive features mostly on HSI/HSV color
space, as discussed in the previous section. The thresholds could be
selected by any thresholding technique, such as Otsu method [55] for any of
the threshold based methods. The Otsu thresholding method is selected for
this study since there is a direct implementation available in Matlab and it is

simple to use.

When auto threshold is used, usually the whole sequence will be automatic,
but in case where the user want to fine tune the threshold in order to get
better results, a user input would be considered. Thus, manually suggested

thresholds will also be mentioned for each approach.
3.3.1 (I-S) Difference Threshold Based Method [35]

Polodorio et al. [35] proposed a threshold based algorithm for aerial image
shadow detection. They used the (I-S) difference of the components of HSI
color space. Their approach uses the shadow feature that | values decrease
and S values increase with shadow. Hence, (I-S) difference should be low
for shadow regions and it will be high in non-shadow regions. The threshold
could be selected as A0 0 f or smal l er di stance sens
sensor-8. 20 Ifarger distance (orbital) sen
IKONOS [35]. This method is implemented as (S-V) in this study, in order to
get a shadow mask parallel to the other methods, where we look always a

higher value than a threshold for shadow.

3.3.2 NSVDI Threshold Based Method [4]

~

Another similar approach to (I-S) difference [35], is the inor mal i zed
saturation val ue di fference i ndexo ( NS
algorithm [4]. This work also deals with aerial images, like the ones in
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Polodorio et al. [35]. It is shown in [4] that an improvement could be
achieved to the performance of the previous (I-S) difference threshold
approach of Polodorio et al. [35] by an example.

Figure 181 The comparison of (I-S) difference image (on the left) and NSVDI
ratio image (on the right) [4]

NSVDI is calculated for each pixel (i,j) in an image as below:
50y = 2B (34
Yo+ Qo

A threshold A00 i s experintbeodgaal stwyn[4jan | KO

and the shadow detection results seem successful.
3.3.3 Hue Threshold Based Method [36]

Huang et al. [36] proposes Hue threshold based method after
mathematically showing that in shadow regions the Hue value increases.
They define a 4 step approach where in the first step they segment the
image into two by applying a threshold (T;) to H component of the HSI color

space. The first step shadow mask is given below denoted as S¢:
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Y= (GeOdQ> Y (39)

In this candidate shadow mask, it is mentioned [36] that there are also
bluish regions, such as blue buildings, rivers, lakes etc. and greenish areas,
like grasslands, where also higher hue values are observed. Bluish regions
show high B values, while greenish regions show high G-B difference
values [36]. Hence, in order to get rid of these false detections, the following

two steps are required.

In the second and third steps, the bluish and greenish regions are removed
from the high Hue valued segment. The bluish objects are removed by
applying a threshold T, to B component, whereas the greenish objects are
removed by applying another threshold T3 to (G-B) difference, where B and
G are the Blue and Green components of the RGB color space. The second

and third step shadow masks are given below, respectively:
"¥¥= Y D FQ> Y 3.10
¥FEE YT, (dodQ 6 dO > Y (3.11)

The final step is the removal of small noisy regions from the shadow mask

by applying morphological operators [36]. The morphological A openi ngo

operation was applied to get rid

operation is applied to remove the small holes in the shadow mask.

The three threshold values are not given in the original work [36]; however,
in a comparative study of Tsai [34], this approach is experimented with T, =
0.1, T, = 80 and T3 = 80 threshold values in one image and T;=0.41, T, =
116 and T3 =70 in another image mentioning that the values are selected

manually with trial and error method.
3.3.4 (He+1) / (le+1) Ratio Threshold Based Method [34]

Tsai [34] proposed a method that is based on (Het+1) / (le+1) ratio threshold,
where H. is defined as hue equivalent and le is defined as intensity
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equivalent components. H is selected as the H component in HSI, HSV
and HCV color spaces, Q in YIQ color space and C, in YC,C, color space. le
Is selected as the | component in HSI color space, V in HSV and HCV color
spaces, Y in YIQ and YCyC; color spaces. The threshold is selected with
Otsu [55] method but mentioning that a trade of exists between automating

of the detection process and accuracy of the shadow detection [34].

Tsai [34] has experiment the Hue threshold based approach [36], (I-S)
difference threshold approach [35] and a derivative version of (I-S)
difference threshold approach that normalizes the (I-S), by comparing his
own proposed method. His proposed method that uses HSI color space

components gave superior results [34].

Similar to Huang et al. [36], Tsai [34] also has a final step that removes the
potential false detections and noisy regions from the shadow mask. A Sobel
operator is applied to the I component to get the gradient mask and then
Otsu [55] threshold is applied to get a logical gradient mask. By eliminating
the isolated hol es wsitgh prhec enDs p ha
obtained. Then, finally, by wusing

shadow mask, a final shape preserved shadow mask is obtained.
3.3.5 Value Threshold Based Method [2], [28]

Beside these methods, simply a threshold to the grey value of the image
could be a choice, since the best known feature of shadow is the decreasing
intensity [2], [28]. The intensity equivalent component of any color space

which is defined in [34] could be selected as grey value.
3.3.6 Novel Proposed Threshold Based Methods

Also other ratios could be used in which they depend on the shadow
features. So novel ratios for shadow detection are also proposed and

experimented in this thesis work.
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These proposed ratios are (H+S+1)/(V+1), (H+S+1)/(V*+V+1) and
(S+1)/(V+1) where H,S and V are the components in HSV color space. For
these ratios, the increasing values H and S are put over the decreasing V
value in order to get a ratio value that increases in shadow regions. Similarly
a threshold could be applied and the image will be segmented into shadow

and non-shadow regions.
3.3.7 Homomorphic Based Method [3]

A different method to shadow detection which utilizes a homomorphic
approach is Etemadnia and Alsharifd snethod in [3]. In their method, the
image is first modeled as the multiplication of illumination and reflectance
components [54]. Then, the illumination component is separated from
reflectance component by knowing that the illumination changes are
spatially varies slower than the reflectance component [3]. This step is
achieved by applying a low pass filter to the V component of the HSV color
space and then after getting the illumination part a threshold is applied and

shadow mask is obtained. Below is the block diagram of the method [3] is

given:
s(x.y)
RGB/HSV &
—>
Converter
Input Extracted
Image Shadow

Figure 197 Block diagram of the method [3]
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3.4 Experimental Results

3.4.1 Comparison of Methods on Uniform Colored Sample

Images

The values or ratio values in the threshold based methods in the literature
and the proposed novel approaches are firstly tested on sample uniform

colored images that are given in Figure 8, where we could observe (see

figures from Figure 20 to Figure 25) the values change with shadow.

Yellow

Green

Red

Figure 2071 (S-V) difference [35] change with shadow

As one could observe from Figure 20, (S-V) difference increases with
shadow as expected. However, it is difficult to determine a single threshold

for all the colors. Nevertheless, a threshold value of -0.1 could be an

acceptable selection for these cases.
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Figure 2117 NSVDI [4] ratio change with shadow

Similar to the (S-V) difference case, NSVDI measure also increases within
shadow regions as expected. Similar to the previous (S-V) case, although a
single threshold could not be determined for all the colors, a threshold value

-0.1 would be a good selection for this case as well.
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Figure 221 (He+1) / (Ie+1) ratio [34] change with shadow

In most cases, (Het+1) / (le+1) ratio increases within shadow region, except
in black color. Since Hue also decreases in black color, where it is observed
before in Figure 11, the ratio not increases but instead decreases. Hence,
again a single threshold would not be determined to detect all the cases.

However, a threshold value around 0.8 could be used to detect shadows.
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Figure 2371 (S+1) / (V+1) ratio with shadow

The results for the (S+1) / (V+1) ratio are similar to the (S-V) difference and
NSVDI, since they all depend on S and V components. A threshold value

0.95 would be a reasonable selection for detection.
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Figure 2471 (H+S+1) / (V+1) ratio change with shadow

The results in Figure 24 indicate that (H+S+1) / (V+1) ratio could be used to

detect shadows except for blue color by using a threshold value of 1.
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Figure 251 (H+S+1) / (V?+V+1) ratio change with shadow

The results in Figure 25 show that (H+S+1)/(V?+V+1) ratio could also be
used to detect shadows. A threshold with value 0.85 will be appropriate to

detect shadows for all the sample colors.

Also a separation parameter calculation for the compared threshold based
methods is proposed. This parameter is calculated from the difference of the
non-shadow and shadow value of the method proposed. This parameter is
referred as separation value. As seen from the table below, first method [35]
and last method that novel proposed, have given better separation
parameter values. However not only separation parameter value does not
show methods performance but also a single threshold for all the colors
could be set. As mentioned previously, a single threshold could not be set
for the first method. However for the last method, a single threshold will be

suitable for all the cases.
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Table 11 Separation parameter for shadow detection methods

Yellow | Black Blue | Green Red White | Average

S-V [35] 0.79 0.35 0.68 0.65 0.61 0.49 0.60

NSVDI [4] 0.57 0.44 0.45 0.58 0.39 0.15 0.43

(He+1)/(le+1) [34] 0.18 0.38 0.30 0.21 0.53 0.30 0.32

(S+1)/(V+1) 047 | 021 | 043 | 032 | 034 | 0.18 0.33

(H+S+1)/(V+1) 049 | 042 | 054 | 035 | 0.75 | 0.32 0.43

(H+S+1)/(V+V+1) | 057 | 051 | 071 | 045 | 074 | 041 0.57

3.4.2 Comparison of Methods on a Sample Image with
Ground Truth

Firstly, the methods are compared against an outdoor image with a
manually obtained ground truth shadow mask.

The sample image and its ground truth shadow mask are given in Figure 26:
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Figure 26 1 Sample Shadowed Image and Ground Truth Shadow Mask

Figure 27 to Figure 31 illustrates the shadow detection results, where the
accuracy of the method is denoted by AC. The accuracy is defined as the
ratio of, the total number of true detected shadow and non-shadow pixels, to

the total pixel number of the image [34].

Figure 27 Left: V threshold, AC = 98.8%; Right: (S-V) diff [35], AC = 94.8%
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Figure 281 Left: H threshold with bluish and greenish removal, AC = 96.0 %;
Right: H threshold without bluish and greenish removal, AC = 75.3%, [36]

5

Figure 291 Left: NSVDI threshold [4], AC = 94.4%;
Right: (He+1) / (Ie+1) ratio threshold [34], AC = 98.7%
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Figure 3071 Left: (S+1) / (V+1) threshold, AC = 94.9;
Right: (H+S+1) / (V+1) ratio threshold, AC = 98.8%

Figure 311 Left: LPF based method [3], AC = 98.3%;
Right: (H+S+1) / (V*+V+1) ratio threshold, AC = 99.5%

As it can be observed from the results between Figure 27 to Figure 31,
(H+S+1)/(V2+V+1) ratio threshold gives the best results with 99.5%
accuracy. The results of LPF based method [3], (He+l) / (le+l) ratio
threshold based method [34], (H+S+1)/(V+1) ratio and simple V threshold
are superior and the others are quite acceptable.
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However, it should be noted that for every image the performance of each
method could differ. In order to have an idea about the performance of the
compared methods, some satellite input images are also used in the next

section.
3.4.3 Comparison of Methods on Satellite Images

In this section, methods are compared on two satellite images. The first
image, which contains some snowy regions, is selected to observe the
performance of the methods in white regions that are covered by shadows
which could be a hard task for detection methods. A second image, which
includes some grassland and a pool, is selected in order to examine the

effect of bluish and greenish removal step that is proposed in [36].

The first image and the results are given below. The shadow masks that are
result of detections are given as blue overlaid on the original image instead
of a shadow mask in order to easily observe the false detections.

Figure 321 Sample Satellite Image 1
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Figure 331 (S+1)/(V+1) ratio based method with auto threshold
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Figure 341 H auto threshold with bluish and greenish removal method [36]
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Figure 3571 H auto threshold without bluish and greenish removal method

[36]

Figure 361 (H+S+1) / (V+1) ratio based method with auto threshold
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Figure 381 LPF based method [3]
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Figure 391 (H+S+1)/(V?+V+1) ratio based method with auto threshold
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Figure 407 (H+S+1)/(V?+V+1) ratio based method with manual threshold
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Figure 411 NSVDI ratio based method with auto threshold [4]
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Figure 421 NSVDI ratio with manual threshold
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Figure 431 NSVDI ratio with manual threshold =-0.2 [4]

Figure 441 (S-V) difference based method with auto threshold [35]
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Figure 4571 (S-V) difference based method with manual threshold
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Figure 461 (S-V) difference based method with manual threshold
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Figure 471 V auto threshold based method
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Figure 481 V manual threshold
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Figure 501 H auto threshold based method without bluish and greenish
removal method [36]
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Figure 517 H auto threshold based method with bluish and greenish removal
method [36]

Figure 52 (H+S+1)/ (V*+V+1) ratio with auto threshold
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Figure 541 (S-V) difference with manual threshold = -0.2 [35]
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Figure 5517 NSVDI with auto threshold [4]

Figure 56 1 NSVDI with auto threshold [4] combined with removal step of
bluish and greenish regions [36]
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