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ABSTRACT

Image segmentation remains a challenge task; niostssigmentatioapproaches may not be even
applicable in remotely sensedde because of tkemplexity due to mukpectral, mukscale and
heterogeneity properties. The aim of this study is to segment and automatically identify objects based c
LULU operators recursive application, the Discrete Pulse Transform and the scale spaddenalysis.
LULU-DPT algorithmThe Discrete Pulse TransfoRD algorithmand the scalgpace automatibject
identificationalgorithmareapplied oravery high resolution imaga urban areasf Cairocity, Egypt

Sx areas are selected frdififierent parts of # city The first principal component analysis is applied and
the subset images are decompdyerkcursive applicatianto onedimension andwo dimensions
discreet pulse§rom marmade features, object of interest such as buisdidg®ads ar@utomécally
identifiedfrom pulse$ased on the scale space image arhjtgienertesthe breaking pointst which
objects are drastically changesiza and shapehange in meamndstandard deviatiomongthe scale
function In multi resolutionanalysissegments and objects are identified from the decomposed input
image using DP@itherpartialreconstruction from selected pulsg&dentifying feature of interest and
removing back ground features fully reconstructiorfrom the sum of all nerero DPT levels
Identified objectsare compared with outputs of thresholding segmentation metimaglex urban
features such as buildings and apartment blocks are easily identified ISegmsgstion accuracy
assessment is resultedigh accuracgutput; with area fit index for buildings 0.10 to 0.11 and for road
0.19 to 0.21. The maximum overlap between the reference data and segmens&0&utputuilding

and 81% for road3.he objectboundary fit between the segmented object and refex@ricafter the
correction factor 0.9fbtainedand applied

Keywords: LULU operators, DPNIRA, scalspace, Area Fit Index
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1. INTODUCTION

1.1. Motivation and problem statement

Currently technology advancements provided as tremendous volume of data that need to be processed
extract information for different purpose and applications. In line with information usage and voluminous

of data, data amipulation is becoming more important and automated data analysis tools are increasing in
quantity. Different data analysis tools are useful under different sets of assumptions for different purpose:
and applications.

Remotey sensedimages are rich in informatioontent Currentlywith the advancement of technology
remote sensing images of different spatial and spectral resolutions are available for different application
Very high resolution (VHR) multispectral satellite images as RapidEye, IKONOS, QuickBird,
GeoEyel and WorldViev2 are availabl®r extraction of informatioand the spatial and temporal
coverage ofhesesatellitesmagetend to increase. VHR satellites image consists of visible, near infrared
and panchrontie bandsThe gatial resolutioat nadirmay range frorh.65 mto 5 min multi spectral

band and 0.82 m t®.41 m in panchromati@nd This provides enhanced capabilities in earth surface
monitoring specially in urban applications, suchaledéerban land cover mapping

Remote sensing images have to be analysed to extract meaningful information relevant to the user
Richness of information and complexity of analysis questions, the analysis of remote sensing images is
challengindgask. One ofhe basic and useful image analysis methods to extract information is image
segmentation.

Segments are blocks of pixblst have similar characteristics. Such segments are generated by one or
more criteria of homogeneity. Segmentation reduces congiexigmoves superfluous details from
images depending on the context definition of the segme(Sationand De Beurs, 2008any image
segmentation algorithms exist and there is no proof for a single superior segmentation algorithm tha
performs better than other segmentation algorithm across a wide range ahaggjéesations

Segmentation is an active areanejoingresearchWang et al. (20P8liscovered that there is lack of
research on image segmentation algorithms fgsiara remotely sensed imadispite the fact that

recent efforts have been made in developing image segmentatiosapptbpdate for remote sensing
imagenew, more sophisticated and effective segmentation methods are required for more effective anc
accurate segmentation result on fine resolutiaye ([Paijun et al., 20L1For example object oriented
imageanalysis relies on accurateltiresolutionsegmentation, segments of different size might be
requiredo create objects.

An interesting, relatively novel approach to segmentatematety sensed image could be served by the
LULU operators. LULU is LnUn (lower upper) and UnLn (upper lower) opéRabrser, 1999also
known as MaxMin and MinMax filtéksio, 200}introduced by Carl Rohwer in 1989.

LULU theory develaggd a nonlinear multiesolution analysis based on the heuristic ideas from Fourier
analysis and wavelet (linear) andhatisesulted in discrete pulse transforms (DPT). DRTsian of
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pulses of aierarcical decompadinput signalg which signals haveanstanvaluein a connected set
and zero elsewhefgnguelov and FabriRotelli, 2008Rohwer and Wild, 200DPT based on LULU
operators achieves all advantages of wavelets properties suckresolumtidgih analysis, predictability,
efficiency and locality. The application of multidimensional DPT based on LULU operatocdein
sensingmage analysis is na@t exploredn image analysis fieldjtications byAnguelov and Fabris
Rotelli, 2010 aurie, 20Dlis shows that promising results.

Different domains of study deal with image segmentation in different approaches. Successful image
segmentation remains a challenge task; most of these approanbédenayen applicable in remotely

sengd imags becaus®f their complexity due to medipectral, mutscale andlifferent information

content In this research by considering propemisemotdy sensedmage problems on image
segmentation will be addressed basetiedDPT method on VHR image emphasi#eglmanmade

features in urban area.

1.2. Research identification

Availability of huge amount of remote sensing data and the tendency to increase a VHR image requires
intelligent image segmentation methekich automatically extraatseful information fowvarious
applicationsTherefore, an alternative relatively novel approach to segmentation of remotely sensed image
could be served by the LULU operators.

1.2.1. Research objectives

The main objective of the proposed research is to@xpat) opeators and associated DPT (LULU
DPT) for automati®bjectidentificatiorfrom the remotely sensed image

This main objective can be reached by defining followhafpjsatives:

1. To applya segmentation methfmt remotely sensed imdgpesed on the LULDPT.

2. To applyLULU-DPT method for identification of objects from VHR masjitectral remotely
sensed image.

3. To apply LULUDPT segmentatiormethod for identification of objectsased on muki
resolution analysis

4. To apply scale space gsial forautomatic identification of objects.

5. To evaluate the outputs of the LUIDPT segmentation method.

1.2.2. Research questions

1. What are the essential properties of LULU operators and associated DPT for image
segmentation?

How to apply the LULWDPT segmeiation method on mulsipectral remotely sensed image?

How to applythemultiresolution analysistime LULUDPT segmentation methdd

How the scale of DPBe used ithescale spa@alysis?

Which accuracy measures could asskessasggymentation result?

arwd
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1.3.  Workflow

The wokflow of the study ipresented in Figufel;it brieflyshowshow thestudy iddesignedo address
the objectiveof the study based on tlerhulated research questions.

Frame work of

—1 LULU
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~L__ P

w

Analysis of

) LULU operators
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One Dimension One Dimension v
HH\-—/—-\ H‘“""‘-—-._.—/.-_-‘“‘ 1 )
One dimension analysis
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H\_—/’_\

Segmentation
method
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Decomposed Partial or fully partial or fully
sequence reconstraction reconstraction Conclusion &

(signal + noise)
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Figure 11 The workflondiagram
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2. LULUTHEORYMAGE SEGMENTATADD
WAVELET

This chapterconsists offour sections. The first secti@movers the theory and application of LULU
operator for image segmentation and object detection diseawrmultresolution, mulilimension,
computationally efficient alternative decompositiceibaah and its usefulness in Image analyjss.
secondsection briefly reviews of image segmentation, the different types of segmentation method and its
purpose Thethird section reviewed abdbe wavelets in Multésolution analysis and the Haar wavele

in image processimnd the fourth section contains the related svork

2.1. LULU theory
2.1.1. BasisforLULU operatesr

As a background, smoothing and separation is explained by defining their properties and describing th
concepts involved in the processsofoothing and separation. These properties of a smoother and
separator are used to develop criteria to evaluate the smothers and separators such as LULU operatc
and they will have direct influence on the process of smoothing and separating a segie@ntre of
section .11 definitions of sequencesgisen to relate with LULU operatoBefinition of operators

and their properties is presented in section 2Q@.4.2.t er i ads for the design
and separators such as the coscepeffectiveness, consistency, stability, efficiency, idempotency, and
coidempotency are explained in detail in sectioh.®based on Rohwer suggestions for LULU

operators (Rohwer, 2005).
2.1.1.1. Sequence

LULU theory is based on two operaior® | o we ¥ B d p gRehwér, 1989 These operators are
smoothers and are applied to-gnfimite sequence of real numbers.

Definition: Let be the set of allinfiniteand thesequences defined as
O ® od® uhwn A

In real problems these sequences are generally finite, but may be extended with zeros on both sides to
make them infinite in length with the assumptioniatbounded, i.e% B sos H This
sequence is more commonly referred to as a(digialit, 2007FabrisRotelli, 2008Rohwer, 2005

2.1.1.2. TheOperators
Definition: Let"O® is the set oflboperatoron G
joIN 0gwo @

Usual notations and operatorsiare the followindgdu Toit, 2007Rohwer, 2005

Definition: Let"O® is the sedf operator®n . Then:
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@ 6 6w 6w dd oON® Sum of operators

(b) O ¢h! GON & Identity operators

) 6w m! oy AT AOETAOORANOAT AA  Zero operators

(d | 6w | 6 ahl N dOh N g Scalar associativity
(e) 66w 06 6whlwN® Operator composition
H 0wQ w h A£IAA KET BN & Shift operator
@0w» ohloNvd Negative operator
hy 8 66 066 6hloNd Right distributive
)6 @5od 00 he vy Operator power

Definition: Any operato, is called variation diminishing if:

YO o Yo
Where€'Yis total variatigiu Toit, 200y

2.1.1.3. Smoothers and Separators

Rohwer (2005d escri bed some of the appropriate simple
smoothing operators for separating some of signal from a sequence where the signal is contaminated by
noise.These are:

Effectiveness- For eactifD ¢should be a signal arl® 0 wnoise] is the identity operator. In other
words, the effectiveness of the smoothers is the ability to reduce the noise present while maintaining the
true signal.

Consistency - Signals should be preserved and noise mapped onto 0. After the signal and noise are
extracted, each of them should be preserved 0.0 0 ofidempotent) andO 0 O 0 ®

"0 0 @ (coidempotent).If the signals and noise are preserved, thenntbetter separates
consistently.

Stability - Small input perturbations démshould not distort output excessively, so that the signal is
recovered well.

Efficiency 0 during computation the smoothers and /or the sepatadoitd be economical.

The axdms of Mallows can be taken as initial criteria for evaluation of smother opdtaquaroipal
smoother axioms and yield the axioms of separatens elite typ®f axiomscan be addeduch as
idempotence and édempotencéRohwer, 1982005.

The concepts of signal and noise should be translation independent on both axes for consistency; it is
reasonable and mmsary to demand these propefftesiwer, 2005This leads to the yield the first two
essentially axioms of Mallows. It is also reasonable to demand the third axiom scale independence. This
requires thai| & | O hfor| 1. Mallows omits the restriction|to T, restricting to non
negativevalues allows scale independency for operators likgRaHwer, 200212005. Moreover, if O

is a signal it is also noise, sitced T TU

Axioms
Mallows SmootherAxioms (Rohwer, 2005An operatol on & isa smoother if:

1. 00 00 (Horizontal shift Invariance)
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2200 O

C2

w @, for eactuhdj @such thatisa constant sequence.
(Vertical shift Invariance)
3. U] ® | Lwhoreachy & and scalar T (Scale Invariance)

Separator AxiomsA smootheP is a separator if it also satisfies the additional axioms:

4. 0 0 (Idempotence).
5. 00 "0 0 (Coidempotence).

Rohwer (200=defines a separator as operator when it holds the axioms of idempadentpotent
and a smoother. LULU operators holtisla t he above cthat nbakes it padverful a n d
nonlinear smoother and separé®ohwer, 1982005 Rohwer and Wild, 2007

A smoother can be regarded as device that separates signat.aroro@Eter result one carsmooth
the signal part for additional noieenoval if there is any remaining noise during the first removal. It is
also possible to put the noise removed in the first attempt to the smoother to see if it yields more signals

This process yields a sigtal 0 'O 0 ®and noiseO 0 "0 00 &

X

;
S

Px (I-P) x

;
SR

(I-P)Px  P(I-P)x (I-P)2x

Figure 21 A two-stage separator (sourgohwer, 200%
2.1.2. LULU operater

To discuss the basics framework of LULU operator, the elementary building blocks sucts asgbroto
electrons (primitive smoothers) can be combined to build the basic dpatestdhe neutrally charged
computational atorfRohwer and Wild, 2007

Definition: The elementary opeved” and” on®are:
To I Eh
o 1 A@ho

These elementary are selectors, therefore only values in the input sequence are allowed in the outp
sequence. The dilation operatois related to a union of sets because it widens a collectionthudtsets
represents the maximum set covered by the collection. Similarly, the erosion cperasbate to an
intersection of setsvhich results in the minimum set covered by the amlleParticular interest is a
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composition of the neutrally charged computational atom that consists of composition of equally many
and (Rohwer and Wild, 2007sincé will remove downwd impulses and will remove upward
impulses and its combination become less destructive than individual operators. In the sense of
mathematical morphology, the operator yields the most relevantetliteion pair.

Definition: foré mputd ~ ~ and”Y T T . Any finite composition of these will be called
LULU operatoi(Rohwer and Wild, 2007

2.1.2.1. The ranges of LULU operator

Definition: Let! a¥ be the setoff all sequences that can appear in the ahalgsisencedis n
monotone if o B ho is monotone for eaéh

Definition ! s the set of all sequencahatare Amonotone.

In real analysis for a sequence the ideaalfmonotonicity has been a classical concept of smoothness in
the interpretation of the popular median smodianwer and Laurie, 2Q00Rohwer (198%roved that

the popular median smootherco & 'QQ Qb ¢ fol8 ko s included inhe LULU interval

YO hO 7Y sinceYd 0O 0 "Y and this is crucial in the analysis and comparisons of large
classes of smoothe@bviously any sequence 4:6notone i.e. belongs'to , andthen o' 0

' 9 E,andthe set is nota vector space except wie® (Rohwer and Laurie, 2006

The following figure shows the key order relationship among the LULU operators.

LY,
|
T G I bt ki
F2

Cyr L yGr G«

Figure 22 The LULU operatorerder and componentSource{Rohwer and Wild, 2007
2.1.2.2. Shape preservation

Median smoothing is known for its good edge preservation with comparisons to linear smoothers in
image processing. The report from the image processing expert showed that LULU decompositions do
well, even better than the median smoothing and progressiveljocal types of trend preservation
observedRohwer and Wild, 2007
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Trend preservation

Rohwer (2002anvestigate that the LULU operators exhibit strong trend preservation properties and this
property defined as follow.

Definition: An operato on &is neighbor trend preserving (NTP) if, for each seqéencé:

® ®t oW ooh AT A
W Wt 0w 0w

Local ordering cannot be invertechbighboutrend preserving operator at any place in a $kqiaver

and Wild (20Q7shown the atom turned out to be easily NTP, in which no smoother involved in the
decomposition evehange the order afeighboursThis indicate that after application efeaghbour

trend preserving operator, any constant region in a signal will stay constant possibly with afahther value
Toit, 2007. The NTP Therefore this is an important shape preserving property and this operator cannot
map asequence into a rougher (lower) smoothnesgRitdmser, 2002a

An operatol is a dual of an operatrif 0 0 0 6, the verificatio by Rohwer and Wild (2007
showed thad and™Y are dual to each other in the following equality equation.

0 o Yéh ATAQGN AY

FurthermoreRohwer and Wild (20p%oted that all the composition of LULU atomsl aheir
complements are inherent to variation preservation. Their investigation shows that they are all NTP anc
they defined a strong property as follows.
Definitions: A separators S is fully trend preserving (FTP) if famid'O “Yare NTP.
Such gearators trivially have thgandO “Yare difference reducing, and that

W ®wS SYw Y3 W Yo @ “Yd@BTherefore

Bxo s BSY®d Y Bz Y ®  "Yos

for any subset chosen for the summation have variation preserviRptiviler and Wild, 2007

Eventually, the two properties of FTP and VP are actually equivalent that one impliesiththethe
LULU theoryRohwer and Wild, 2007

2.1.2.3. FullTrend Preservation and Consistency

The NTP and FTP operators abounded in the LULU decomposition inherited by composition are the key
ideasemerged to a simple proof structure for the observed consistency. For this the first fundamental
consistency theorem and the second fundamental consistency theorem are Robweet (2005 In

the decomposition of the primary separator, after a refined investigation into theogorsestamhor
convinced that the two above fundamental theorems are crucial in a theory of cqRsibteaicyand

Wwild, 200Y.
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For nonlinear operators consistency is explained in cahsssparatiorof both signal and noise. For
consistent separation the operator must be separator, that means both idempotenceéfuaraignal
and ceidempotence (the idempotencé&®f “Yor noise) are requir@bhwer and Laurie, 2006

2.1.2.4. Total variation

Smoothing of a geencavncan be achieved by improving the continuity of sequence by two methods;
one is that by increasing the monotonicity of the sequenaxjuivalently by decreasing the variation
with in the sequence. Monotonicity and total variation are useddorenthe level of continuity of the
original sequence as well as the resulting sequences in the LULU operator.

Definition: The total variation for a sequeanss given by,

Yo o Yo W ws

Where the sum is fro®N to N sincew T1ifor 'Q 0 and’Q 0 (du Toit, 2007 FabrisRotelli,
2009.

2.1.3. The Discrete Pulse Transform (DPT)

DPT is the result of the decomposition of a sequeimncéhe application of Multesolution Analysis
(MRA) (FabrisRotelli, 2009 In MRA reconstruction or partial reconstruction of sequence can be done
for the subset or for the entire decomposed sequence from the additive part of the decompused sequ
(FabrisRotelli, 2000

A DPT represents a sequence as a sum of pulses, where a pulse is dahsttpieroe everywhere
except for a certain number of conseeutlementthat have a constant nonzero valgehwer and
Laurie, 2006

Definition: TheDPT of a sequena®is given by:
O® OO0 ©O wh who GO GH ®

$ 0 4 is a decomposition dhe input sequenceyusingby recursive application eitherd “Y or
YO .

The DPT from LULU operator is based on the order relations between elements of the sequence and
showed that it is comparable and computationally more efficient than the median transformaigon and it
more amendable to theoretical an@Risver and Laurie, 2006

DPT based on LULU operators achieves all advantageous properties of wavelets such as: 1) Multi
resolution analysis at which signals are decompose as a sum of separate signals, each of which is
meaningful at itewn resolution level, 2) Predictability that makes it theoretically possible to predict its
behaviourthe DPT is consistent to recover the same components of the original sequence 3) Efficiency:
computationally very efficient procedures and 4) Lodeigomponent sequences are local in a precisely
definable sen§ohwer, 2002&200% Rohwer and Laurie, 2006n addition DPT based on LULU

operators have pregies like Incisiveness which makes it to behave at least as well as the median
transforms in the presence of discontin(Raswer and Laurie, 2006

10
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There are two main types of operators with in L{#lelling and floehen LULU applies iteratively on a
sequence far  pltfB FE (Rohwer, 1989

Definition: Thed and™O operators are given by

0 0Y w YO O,

0 0Yé6 , O YOO
A sequence decomposedibyY into the resolution sequencesiby O 0 7Y GhE1£0
P

5
plti8 andfor a sequence decomposedby is i "0 YO 'O ¢hA&ItO plths

The following figure shows the sequential separation in the DPT.

x
Cx=LUx (I- L,U)x
/
Cpx=L,U,L,Ux (I-L,U) L,Ux
/ \
C3x: L?‘U3C2x (I-C) Cx
C x= L/’;U"Cn_ X (I:\\Cn) C x

Figure 23 A sequence separatamdthe DPT(sourcgRohwer and Laurie, 2006
2.1.4. LULU theory on Muttimensioranalysis

For the analysis of muitimension data LULU operatorepisely extended including all the properties
from one dimensional operagrch as consistent separation (noise from signal), i.e., for operator P the
separator has horizontal and vertical shift invariance, scale invariance, idempote(R prape)tgrd P
co-idempoten{(l d P =1 & P where | is identitytotal variation and shape preservdfimguelov and
FabrisRotelli, 2010 The onedimensional LULU operators are applied to an imagehwer and Wild

(2007 by decomposing each row and columns of the image separately. After processing done on the
rows, construction of the image from these rows was performed. €eandm done for all columns.

The final image is created by calculating the mean image of the horizontal ancnely®edipage.

This is not a complete extension into two dimensions afRbtsiger and Wild, 200Anguelov and
FabrisRotelli(2010 present the extension of LULU operator in two dimension by giving emphasis on the
structure preserving properties of LULU theory sucloresstent separation (i.e. noise from signal),
consistent hierarchical decomposjtiatal variation anshape preservation.

11
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Consistent separation are absorbed into the concept of a separator, hence the idempdteand

coidempotent 'O 0 '@ 0 , | is identity operaaperties are hold by the operator in addition
to the horizontal shift invariance, vertical shift invariance and the scale infamipmdev and Fab¥is
Rotelli, 2010

The totalvariation only satisfied three axioms from the four axioms of a(Aoguelov and Fab¥is
Rotelli, 2008Rohwer, 200Rohwer and Wild, 2007

1)'YOQ

@)'Ya Q | "YwQand

B)'YWQ "Q "YOQ "YWwQ butnotthe axioMY®wQ m "Q T8

"Yais aunit for aquantityof information preserfRohwer, 2005

So for any operatobdd ¥ ,"'YWQ YA 'Q YwO 0 "Q ha good separator
hasYwQ “Yad "Q  "YWO 0 "Q (Anguelov and FabfRotelli, 2010

An operatorP when it satisfiesYad "Q | "YwQ, it is called total variation preserviRghwer,

2002h. Shape preservation property closely linked to the total variation preservation and generally shape
preservation refers to the preservation of eédgthe input(Anguelov and FabsRotelli, 201D
Preservation of trend in one dimension sequence is actually preservation of shape and a fully trend
preserving operator on sequence is also total variation preserving.

The consistence hierarchical decomposition of nonlinear filters characterization is problematic for the
quality of hierarchical decomposition. The derived LDIRPU hierarchical decomposition is in fact
closely related to that of stack fil{dmsguelov and Fab+iRotelli, 2010

2.2.  Analysisof LULU operators and DPT
2.2.1. LULU operators and DPT in one dimension

The LULU operator for one dimension signals (sequences) have been developed over the last two decades
by Rohwer and his collaboratgRohwer, 19892005 Rohwer and Wild, R@). For a signab
&) FEN ¥, the LULU operators and’Y at positioriCn the signal and fér  phgho8 is:

b [ ADEL MBh A EbMBR Ry
Yo [T ETA® Bhh A A@Bh hQwy

Based on the definitidRohwer (2005of the LULU operators are nonlinear, rm@golution analysis

separator which having a very useful properties such as consistent separation, fully trend preserving and
total variation preserving. Sice® @ Y &, when the two operators used vitliallyd

smooth the signal from abowmd™ smooth the signal from below produce slightly different
resultRohwer, 1999Thus use of the two compositions together as &ithgror Y 0 minimizes the

difference of the outp@Rohwer, 2005

The Discrete Pulse Transform (DPT) isppiieation in Multresolution analysis (MRA) and obtained by
iterative application @f "Y or "Y 0 operator on a sequende The Discrete Pulse Transform is a
mapping of a sequencento a vector. Themaiis to decompose a sequente asum otomponent
sequencg®Rohwer, 200RRohwer and Laurie, 2006

12
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Each component sequences representing the different resolution level®, @ hsuch that, for a
finite sequence of lengdih
®  WRQ plthotB h

®w O®w Ow Ow E O w 0O w
Which can be write as

Ow O0W O wh who MO who o

foo B | O w,thenO & | O o foreackt tipMB A)

Since the final sequence (resolution level) is constant and equal towzerfb ifpace, the final
resolution label is given & @ rather that®  @. 00 "% is a decomposition éfobtained using
eitherd Y T Or 0 (FabrisRotelli, 2000

The LULU smoothers in a natural further extension, when iteratively apply pbc B it leads to
two main type of smootherseiling andlooring (Rohwer, 2005and described as follows:

6 o6mMMMBhHh 6 06 h 6 ah & plgBh

"0 "OhOHOr8

~.

O YOO h O oh ¢ plBh

¢

In generalO® 6 @in applications and theformation given by the pulse decomposii@n (%)
is obtained from the differencestf ¢ 6 ¢h "O "O.

Applyd Y O ka Then
® 0Y® O0Yw YO O ®

"Y®i s the 06smootoOh® isthe soisegremeed loyie 'Y .alhedfirst component of the
DPT is therO .

Apply 0 "YOTY @ 8Then
Yo O0Y® 00 Yo YO 0w

"YOis the 6smootherd seéYguand® & is(the noiserensoed Bytyher t |
The secondomponent of the DPT is th&h (FabrisRotelli, 2009

Continue this decomposition uriiilY is applied wheré is the size of the signel. This last
applicabn will result in

Yoow 0Y® O0YY o YO 0O w
Y is a constant sequence and denot&d iy andO is then the second to last member ofaRé.

This is so thathe Rohwer and Laurie (2QGfcomposition contains all the infotiorain the original
sequence and the original sequence can be reconstructed D$tiilg the

13
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The original sequeneean then be reconstructed usingXRd as followgRohwer and Laurie, 2006
@ O w O w

2.2.2. LULU operators and DPT in two dimensions

The onedimensional LULU operators act on sequences in the /&palre this space we have an
ordering of the elements, namely follow® andaw proceeded by. It is then normal to consider

the element® and @ as the neighbours @f. The sequences involve maxima and minima over sets
of consecutive ternmiEabrisRotelli, 2000 The onedimensional LULU operators act specifically on the

¢ -neighbarrhoods of eacty is,

w o MhoBhohd B

In two dimensions we would like to have operawdrich logically extend from one dimension by
preserving all the properties present in one dimension and having the equivalent higher dimensional
concepts. Sinee iQ  p, is only partially ordered the concept of consecutive does not make sense in
this setting. To achieve tHidnguelov andrabrisRotelli, 20082010 FabrisRotelliy and van der Walt,

2009 make use of the concept of connectivity in the extension using the concept of morphological set
connection that was introduced by S&eara, 1982988§.

To analyse the connectivityncept first let describe the axiom for connectivity class.

Let Fis a connectivity class or a connectiod @ if the following axioms hold:
i. noNCE
i w N F foreachw ™ O
ii. For each family E Tgsuchthat - nhwe havé ¢ N F

A sett N frthent is the called connect@shguelov and FabfRotelli, 2010FabrisRotelliy and van der
Walt, 200

A set of every size is needed in the definition of operators by assuming that fkesgeipped with
the connectiorFsatisfies (B N F (2) for anyoN ¥ HO t W Fwhenever ¥ fFand (3) Ifw R
o ooty v [ then there exigb ¥ ¢ @such thaty @ * ¥ F(Anguelov and Fab+Rotelli, 2010

Given a pointo NV ¥ andé N = we denote by  the set of all connected sets of &izep that
contain pointwis,

b & oF N GO & p

Whered &1 ¢Qis the number of elements in the Geln image analysis, the connectivity is defined on a
graph via a neighbour relation (Figure 3.1), €gnnéctivity or €®onnectivitfAnguelov and Fabris
Rotelli, 2008abrisRotelliy and van der Walt, 2D0&bw the operator8 andY are defined od u

for an imageQw on the domaind is as followsd ¥ is the vector lattice of all real functions
defined oy .

0 and’Y on two dimension is a function®» at™QN 6 ¥  andé N = . Then

14
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0 Qo i Agi EROh  on v

Y Qo i ETIi AmohdN v

The operatord and"Y defined for smoothing the input function by removing sharp peaks by applying
of 0 and deep valleys by applyindvofAnguelov and FabfiRotelli, 2008

Thus the Discrete Pulse Transform is obtained by the successive removal of peaks (local maximum set
and valleys (local minimum sets) from the image by applyamgl"Y respectively. The smoothing

and/or separating effect of these operations i meamte precise by using the concepts of a local
maximum set and a local minimum set is given Pehgwelov and FabrRotelli, 2008

LetwN Fris a connected set. A pot w is callecadjacett wif w* @ N g The set of all points
adacent tawis denoted byd Q&, that is,

GOR oM g G DN F

A connected subsetof ¥ is called a local maximum set™®fN 0 ¥ if the least upper bound
(supremum) set 00w is less than the greatest lower bound (infimure} 61 .

00P "Qw ET £AQ®

Similarlywis a local minimum set if
ET £AQw 00D Qm

To derive the DPT of image from the above definitions of LULU operator can be done by defining a
grayscale image that is given through a fuf@tinra rectangular domanO ¥ , with the value 6is

the brightness (DN values) at the respective ffixguelov and FabrRotelli, 2008 For more
convenient assumption the function can be defined in the whola spaakefiningQon the setds  m

as a constant, examgdleby considering the setd . Hence neighbours of a pixel are apprnepria
connections of image that are defined through a relatiom in the given context. Figure 3.1 shows
some of the neighbours of the pix@k

@) (b)

Figure 24 The pixeheighbouref "@Q, (@ 4- connected pixels) 8- connected pixel

15
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Anguelov and FabrRotelli (201pdescribe a neighbourhood in the connected set as: if for any two pixels
nM v tinaset P a connected; there exists a set of pixels suckatiapixel is neighbours to the
next one. The assumption is that the neighbour relaiima , such thait is reflexive, symmetric and

shift invariant and "@0h"Q phQ ~ i and "GOh'AQ p N i, for all" @ v

IfO  @O®iiay "Q hthat is, the size of the image. Let us denabexby the set of all functions
defined oy which have finite support. The DPT of a grey scale image is a fianctiord  derived
by applying iteratively the operatorand™ with ¢ increasing from 1 t6 . Herel is the number of
pixels in the imag@nguelov and FabfiRotelli, 08 Rohwer and Laurie, 2006

00 ™ O "QH0 QRO QB HO Q

Where the components of (1) are obtained through

And0 , 51T @® 5, AT A 00 BMWOh 1T vw

Afunctionlz N 0 ¥ s callea& pulséthere exists a connectedésend a real numbersuch that

B @

The setis the support of the pulBethatisi 6 N w3

0 0 5 h

The functions hO piB ir ¢ is being discrete pulses with support of&ize  pfB 0.1 & is
the number of pulses @ "Q8The discrete pulse is a function a funcfiond ¥  which is zero
everywhere except on a connectedas@inguelov and FabsRotelli, 2008 We thus obtain the
following decomposition of the imagey 0 u

Where eachl is a discrete pulse of sigevhich can be positive or negative, and all discrete pulses of
fixed size¢ have disjoint supports. The value Bpfon w is the value of the pulsé&or

¢ R AHYJwssuchthat & p i rt andp i r ¢ (FabrisRotelliy and van der
Walt, 2009Rohwer and Laurie, 2006 haghat

QOIIDN A gh
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i 0nN@ . i onm n
t i 60Nk P i 6n®

The Discrete Pulse Transform decomposes a sighataiteciion of pulses. In one dimension, a pulse

is characterized by its start and end position, as well as by its amplitude. In two dimensions, a puls
describes a connected region over which function values are constacwninecti®n, where two

functon values are equal in the ugperer or lefiright directiongAnguelov and FabfRotelli, 2010
FabrisRotelliy and van der Walt, 2009

2.3. ImageSegmentation

Currently remote sensing images provadeuge amount of data about the surface of the earib that
availabléor different applicatiorsuch as earth surfacemitoring and manageme®imultaneouslyith

the advancement of technoldiggavailabity of high resolution satellite image irsgrg®y volume. With
the fact thatinformationrichnesof remotely sensed imaged voluminousf data, there is a netda
method forimage analysts extract useful informatioln image analysiene of the basic stefis
extraction ofnformationisimage segmentation

At present,many image segmentation algorithms exist and there is no proof for a single superior
segmentation algorithm that performs better than other segmentation almodsma wide rangé

image. Almost all methods target at a specific single application and there is no one single method that i
suitable to all the applicati@hanu et al., 199bhakare, 20)1For example natumespired techniques
focusing on mukbbjective clustering and classification approaches have a number technique for different
applications involves in mediedhted image, natyrabmote sensing, and simulated or handcrafted
image(Bong and Rajeswari, 2D1There are also examples from computer visainate specific to
applications; o example, Vision Research laboratory develops many automated gmegatism
methodswhichare depending on the application require(iésion Research RBECSB, 2008

Already 20 years agey and Mui (1991categorizedhe image segmentation methotb ithree
categories, (1)characteristic feature thresholding or clustering, (2) edge detection, and (3) region extractic
After a decadPal and Pal (19pBviewed and summarized taxis methods of segmentatiomoirsix
categories such as gray level thresholdiradivie pixel (which include relaxation, MRF based approaches
and neural network based approaches), surface based segmentation, seginceftatiomages, edge
detectionmethods based on fuzzy set theory (which includes fuzzy clustering, fuzzditiyresiol

fuzzy edge detectioMjost of image segmentation algorithms types are fallen on thoBe tumdeMui

(198) categories. Thaetail of thresholding isviewed in the following sections.

2.3.1. Thresholding

In image processing thresholding is the simple and effeetived in separating objects from the
backgrounqSezgin and Sankur, 200%his method is used widely in image segmeng&ticend Mui,

198). The gray levels of pixelsat belong to tk object are different from that of the background.
During imageprocessingthe gray levels of pixele grouped into two classes, the object and the
backgroundn binary image. In most of the application the foreground objects are represented by gray
level 1 with white colour, whereas the background image is representetbwsi Grawith blaciSezgin

and Sankur, 20p4
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Based on the information they are exploeggin and Sankur ( 2D@dtegorize the thresholding
methods ito six groups

1. Histogramshapebased mettds in this methodhe thresholds are selected based on the shape of the
histogram angeaks, valleyd curvatures of the smoottestogram aranalysed.

2. Clusteringhbase methods in this methodatlustering othe graytevelsampleis applied to clustanto
objectandbackground.

3. Entropy-based methadresult in algorithms that ube entropy of the foreground and background
regions, the crosstropy between theiginal and binarized image,

4. Objectattributebased method$ in this method the segmentation is based on the searched criteria
such as fuzzy shape similarity, edge coincidence etc. whicheasire fimilarity betweerné gray
level and the binarizedages.

5. Thespatial methods use higleder probability distribution and/or correlation between pixels

6. Localmethods- this methodadapt the threshold value @tle pixebuch as range, variance, or fitting
parameters tthe local image characteristics.

The results othresholding methodepending on the diversity of features present in the image. If two
distinctfeatures are present in the mage, the segmentation gives goodrtesshslding method is
noise sensitive than other mettfedsand Mui, 1981

2.4. \Wavelets

Wavelets transform is a transformation of sigmalcomponents of the signdits example isubband
filtering in signal processing signals are decomposed into frequencynbtimésrequency analysis
signals are decomposatb time and frequen@pmponentand inmulti-resolution analyssignat are
decomposed fo different level of resolutiofsweldens and SchrSder, 200@&velet transformation
plays an important role in image procesdiagelets used in image analysis to denoisingakf>zigen,
1997.

Multi -resolution analysis

In image processing the analysis and extraction of information content from the image based on the
brightness value of pixa different scale levslthe efficient way oéxtraction of informationDuring

the application dfIRA the size of the target objdefines the resolution level which measures the local
variationof the imagelnterpretation of image based on sdaklariantis effective in mukresolution
analysigMallat, 1989

A multiresolution decomposition providisgically representedstructuredoutput information for
interpretation of an imagehe detail information of the image varies depending on the resolution level
and the resolution levels determineptinsical strture of the objects in the scéhtallat, 1980 The

highest course resolution level provides large structures which determine the overall context of the image.
When the course mstion level down to the finesolution level detail structuiasthe scene are
extracted.
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Multi-resolution analysis (MRA) is a uniqgue mathematical theory that integrates and combines differen
image processing techniques such abasub codinga set of bantimited components)yramidal

image processir{g collection of decreasing resolution imaged)quadrature mirréittering (Acharya

and Ray, 200Mallat, 1980 Mainly the MRA is used to obtain different approximations of a function

A at different levels of resolutihcharya an&ay, 2003.ee, 200)/

In MRA there aréwo mainfunctions, the mother wavelet functioro and the scalinfyinction3 .
In the analysis of the image at different level of decomposition the scaling function is used to approximate
the image function in MRAcharya and Ray, 2005

The scaling functiorfikom the integer translations and binary scaling

cr® cTe con Qh @ e @N whande O N D A

The position of ; & is determined bPparameter and the widtheof; @ is determined bQ@

parameter along theaxis. In the wavelet subspace for a sp&ligcexpansion set is:
® Ynowe i w

The scaling function must fulfil the following four requirements in KLRArthogonal to its integer
translateg2) higher resolutions musbntainthe lower resolution in tieeibspacespanneds O E O

w 080 w 1, (3) common function to all is"Qw T, i.e.® 1 and (4) when a function
satisfies the upward complementagpertyo 0 4 . The Wavelet function is fanction that
satisfied the fourequirement®f MRA for scaling functionfAcharya and Ra2005 Lee, 2007 The
functionf @ that combined the integer translation and binary sealing

rs® ¢f7 ¢co Qh Qv v

The space» span is

® YN OE f ®

Haar wavelet

Haar wavelet is one of the simplest@afdi r st Ge n e (Swetdéns and StlarSder| P&0Rily. 6
The function of Haawvavele{Haar, 191)s given by:

. . P
= ph T W -
Al "p c
r o . . p .
o ph c @°
v h €8I 0Qi Q
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Haar wavelets has an advantage on filtering otrsngpby taking two neighbouring samples of a
sequence, i.e. the aveliagadthe differencéQof a neighbouring sampb&andwin the following
equationgSweldens and SchrSder, 2000

()
€

1 -
S
Q w
Always recovebandoas:
®w i g
ARG (s
For a signaD of ¢ samplevalue®:
i Opgt & ¢
Each pair®d i and® | for ¢ parsa T8xR apply the average and difference
transform gives:
, in (5
i =
" R
Q § in [ F

Haar wavelet decomposition can be applied to a sequence to project onto the smoothexngkigsience
complement. In the wavetatlspace the projection @onto the smoother componemtdathe additive
componenbn the first higher levetpresented by was the smoothed sequeandiw® O 0 HO

is identityas the additiveomponenby definingd

0w - [ 0@

represented by coefficientsn thewavele(Rohwer and Wild, 2007

2.1. Related Work

In image processing, data analysis involves in recognition and extraction of parts of the data such as
separation of signals, noisgyulsive noise and outliens,smoothing of image depends on the purpose

of the analysi®ue to a number of reasons such as atmospheric disturbance, strong electromagnetic field,
transmission errors, images are often corrupted by impulsive noisesrevbidracterized by short,

abrupt alterations of the grey or colour values in the (Kape200) These noiseare significantly

different from their local neighbourhood and can be treated by applying some filtering methods.

Linear smoothers traditionally were used for smoothing. In the presence of signal dependent noise, linear
smoothers do not remove impulsia@se or outliersffectively and tend to results blurred edge during
image processirn@itas and Venetsanopoulos, 1980number of researches on the use and on the

20



LULU OPERATORS FRIRGE SEGMENTATIORN ABJECT DETECTION

investigation of the behaviour of Aorear filters motivated due to the latkinear filters in treating
adequately the impulsive noise or ouyfRetsver, 1989 Nonlinear smoothers have been studied
extensively in the literature and regularly used in practice to treat impulsive noise or outliers. Thes
smoothers have been designed to meet criteria such as robustness, adaptability to noise probabili
distributionspreservation of edge information and image d@ailkowitz, 200./Nonlinear filters are

able to reduce noise level without simultaneously blurring edges; however, their theoretical foundation
are far less sere(Glasbey and Horgan, 1995

CarlRohwer (1989ntroduced LULU theory as ntinear operataand investigated surprising properties

that performs their task in a prescribed and predictableThey.ULU operators nonlinearity is
theoretically secured, the output is not significantly affected by small changes in the input, which preserve
the sigal carefully and effectively separate the noise andRawveer and Laurie, 2006His work on

these oprators continued developingoiran extensive theory (Rohwer, 19992002a2002h 2004

2005 2007%. Mainly in year 200Be authorbriefly described and discussedLiieU theoly and the

practical use dfULU smoothers leading up to a full mrd8olution analysis of any finite sequence
(Rohwer, 2005 In year 2007 with collaboration to Marcel Wild, Rohwer presented a work on LULU
theory andhe need of mathematics of vision in the field of image processing viewed from wavelet theory
and mathematical morpholdgphwer and Wild, 2007

Furthermore, researches related to LULU operators are: locally monotone robust approximation of
sequencefRohwer and Toerien, 199the comparison of LULU operator with median filters in one
dimension(Rohwer and Wild, 2002he statistidaaspect and distributiorf€onradie et al., 2006
Jankowitz, 200,ithe LULU operators on a continuous argument and désmagjnelov, 20Q@&\nguelov

and Rohwer,20)9 t he LULU s emi (dakowsky and Rahwed2084nv el opes

Applications in image processing are currently being investigated using LULU operators via the associatse
DPT (Laurie, 2011 There are some motivations done in image analysis application, Kao (2001)
successfully removed impulse noise during the smoothing processagieaby implementing modify

LULU operators for preservation of image details. Stutlyguelov and Fab#Rotelli (2008showed a
decompeition of the original imagetanpulses and they performed a partial reconstruction and
identifying pulses of intereginguelov and FabtRotelli(201Q also provided illustrative applications to
problems and they proposed to investigate its applicability in a scale space theory riggrniaget
compression, pattern recognition and image segmentation. In atiditiagsociateBiscrete Pulse
Transformstudied in(du Toit, 2007Rohwer and Laurie, 2Q0@pplicatiorof the associateiscrete

Pulse Transform for imag&nguelov, 20Q8abrisRotelliy and van der Walt, 2paad application of

LULU operators for imagé@sabrisRotelli, 2000

Carl Rohwedeveloped the LULU smoothers for one dimensional sequence over the last two decades,
later on these operator extend to multi dimension array such as two dimension image in which all the
properties for the one dimensional smoothers are acfdexpoblov and FabriRotelli, 20082010
FabrisRotelliy and van der Walt, 2)0shsed on morphological concept of set conng8era, 1982

198§. LULU operators are powerful nonlinear operator, which is characterized as smoothers and
separators; with properties of consistent separation, total variation preservation, shape preservation ar
consistent hierarchical decompositi@mguelov and FabsRotelli, 2010FabrisRotelli, 2009Rohwer,

2005.

Study byRohwer, 2003kexplained the propés of the LULU smoother in the preservation of a norm,
that is the total variation of a sequence becomes a natural norm, and is a measure of smoothness. This
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important in image processing, where total variation is used as an appropriédagusiov and
Rohwer, 2009 In addition(Rohwer and Wild, 20P@roved that LULU operators are computationally
convenient, conceptuallynpier and provide significant insight into the removal of impulsive noise.

The most important application of LULU operator is the Discrete Pulse Transform which is obtained via
recursive application of the operator. It results in aneadiution decongsition of the sequence in one
dimension and decomposition of image in two dimensions that is into a number of scale/decomposition
levels. At each resolution level different structure of the sequence and image represented. Currently some
researches are @stigating the application of these powerful operators, its properties, as well as its
associated Discrete Pulse Transform for simple applications in image processing specifically smoothing,
image segmentation and feature detection.

The theoretical fourdion of the nonlinearity of LULU operator is more complicated than the linear
filters in multidimension(Rohwer, 2005 however, by takingtinconsiderations of the complexity of
transformation or conversion of data (nonlinear) from two dimensional images to human eye or
measuring instrument, itmsore logical to use image analysis via nonlinear operators than that of linear
OperatorRohwer and Wild, 2007

In conclusion, much work has been done on LULU operators and the associatddhdge
segmentation applications on VHR image is a relevant case study to test and evaluate the potential and
efficiency of this operator and then to discover the relationship with other segmentation methods.
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3. STUDY AREA AND DBEACRIPTION

In this chapter of the stutlye description of the study area and the material used explained to implement
the LULU operators. To achieve the objective of the study and to answer the related research questions,
VHR image is chosen and the LUbpératorsappliedon this datasets. A VHR image such as GebEye

has been clsen for this study by takingarconsideration such as the spatial resolution and the multi
spectral bands of the image. In the studying of urban areas focusing on detadgotifizationof

urban features it is important to have an image of high resolution withspeuntrdl band which can

explain the variation across the scene.

3.1. Thestudyarea Cairo, Egypt

Cairo is one of the largest cities in Africa and in the Nhddteit a capital city of Egypairo city is
geographically located at @D N 3214' E. The greater Cairo has three municipalities Cairo, Giza and
Qaliyabaya which makes the city as typicalaitypeg@ome of the ancient Egyptian civilizatiorGtkat
Sphinxand thePyramids of Gizaround the Nile River are parts of @red Cairo.

In the long history of the city, numerous kinds of transformation experienced that shape the spatial
structure and extent of the di@ertel and Samir, 2Q0Zurrently the city has a complex urban structure
that represents the modern day urban structure anth@wsin structure such as higte buildings,
centuris old buildings and slum areHse Great Cairo city faces a number of problems, one of the
problemsis informal settlement areas which keep expandingpesruiningdenserthan the formal
settlement aredmsed on the Egydtrestrictive building codes riegonents (the plots minimum areas,
heights of buildings, the buildings density, architectural appearancgfovetdy et al., 20P9n
addition, according to some studies Cairo is one of the highest populated city in withv@a;ld00
people live in 1 ki(Gertel and Samir, 2002In 2006and 2012he great Cairo was inhabited by 16
millionand 17 millioppeoplesespectivelyand in 2020 and 2050 it will be inhabited by 20 million and 30
million peoples respectivéfarbush, 2032

In 2008, the Egyptian governmenb egan promoting a oOVision of Ca
Cairo city into a global city like Paris or Tokyo in terms of social and spatial($atmighe 20)2The

spatial structure aimed in urbanizatiorthefGreat Cairo which include improving and building of
houses, infrastructures and managing of lan@Taskash, 20)2The urbanization of a city in terms of

the spatial structure can be studied using remote sengjag.im

One of the basic methods in extraction of useful information about urban spatial structure from the VHR
remote sensing image is image segmentation. The urban areas of the city characterized by manmade ur
features such as various kinds builddiffsrent types roads, parking lots and other features is vital in
studying of urban expansion and rehabilitation, pollution aneitptraariations (neighbourhood
delineation for poverty, health and infrastructure study). An accurate and efficamhtofmistiage
segmentation facilitates the extraction of information for further analysis depending on the purpose of the
study. In this study, LULU operators are implemented by considering #tesoluliobn analysis
property which preserves the edgdéseothape of the objedtsidentifymanmadeobjectdn the city
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3.2. Image

GeoEyel provides a very high resolution image for earth obserkatiges are available at 0.41 meter
panchromatic and 1.65 meter multispectral bands at nadir point. The-Geulygpectral has four
bands in Blue, Red, Green and NIR. The availability of Géaayellite image in high spatial resolution
simplifies thextraction of information especially for urban applications.

ThefollowingGeoEyel image represerttse southwest part of the great Cairo city captured at July 02,
2009. Figur8.1shows GeoEy#& image for the parts of the great Cairo city and teedrmterest for
implementation.
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Figure 31 Part of Cairo city: the study area, from GedEyeage.
3.3. Selected areas

To implement the LULU operator for the entire image is extremely large and time consuming. For this
reason six areas of interest are selected and subset from the provided GeadseThese subset
images are extracted from the different parts of thge itbarepresent the urban structure variability.
Figure3.2 Figure 3.3, and Figure 3.4, shitvessubset images. In addition, the description of the subset
image is presented as follow:
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Subsetl: in subset small buildings are sparsely exist, reldtively other subsets there is a wide open
space around the building and the road.

Subse®: relatively the buildings are large and have complex structure. The open space around the
building is very small. The road is relatively wider than thelsumetind accesses all the buildings.

Figure 32 Subsetl (leftlandSubse® (ighf) image

SubseB: subseB combines both the simple and complex structure of urban areas such as large buildings
with complex structure and dilem and small buildings. There is also a megdmwhich splits the scene

into parts.

Subset: this subset mainly consist the Giza Pyramid. There are also small patches of houses and large
green area far from the pyramid.

Figure 33 SubseB (eft) andSubset (ighf) image
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Subseb: this subset is relatively away from other urban structure and it is surrounded by large green areas.
There are also some small and medium complex buildings.

Subseb: this scene iscambination of complex urban structures such as very small building, medium

and large buildings with major and minor roads.

Figure 34 Subseb (eft) and Subsé (ight) image
Reference dataset
For evaluation of the accuracy assessment to the implemented segmentation method, the reference data

sets such gmlygons obuilding andpolylineroads was created by manual digitizatom the
GeoEyel image us@ArcGIS software.

Figure 35 Referencefor Subsefl, Subsf and Subséimage
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4. METHOD

This chapter describes the method used to achieve the objectives and to answer the research questions
the study. It is preparedsed on the review of literatures in chapterwith the aim oflevelopinga

method for segmentation of image and identification of objects from the remotely sensed image based ol
the LULUoperator

4.1. The general appsch

To achieve the objectivebthe studyand to answer the corresponding research quesioadopted
approactis implementethto fourmajor partsLiterature review, analysigplementatiomndevaluation

Literature review the relevant literatures are reviewed to understand:

The definition, properties and characteristics of LULU operators in one and two dimensions.
The associated Discrete Pulse Transform (DPT).

The application of LULADPT in one andwo dimensionalrrays

The segmentation methods used in different appigatio

The application of LULADPT on multidimension image for image segmentation.

The approaches for evaluation of the segmentation output.

=A =4 =4 =4 -8 =4

To implementhe methodandto identify objects based on LULU operatorsthads that were used by

other researcheis one andwo dimensionasignalanalysigre reviewed. Based on these methods the
properties of the operator and the associated DPT are studied to understand how the operator works or
remotely sensed images. In additemhniques usddr evaluat®f segmentation accuracy assessment are
reviewed and used to assess the outputs fromettied Overall the detail of this part of trstudy is
brieflypresenteih chaptetwo.

Analysis thedetail analysaf the LULU operators and the associated [P one and two dimensions
arebriefly presented in chapter twectior2.2.

The implementation of the method and the evaluation of the cargulitcussed in section 4.2 and 4.3.
4.2. Implementation

A number of researches implement the LULU operator in different algorittausT oie.(200Yapplied
the discrete pulse transform algoritnguelov (2008&pplied Fast Pulse Transform algorithafyris
Rotelliy and van der Walt (2p8pplied Discrete Pulse Transform in 2D algoritRairisRotelli (2000
andLaurie (200lappl i ed t he Roadmaker 6s al gorithm.

In this study the LULWDPT algorithm iscriptedandimplemergdin one dimensioapplication based

on the theory ofLULU operators and the associated DPT {prdgramming languagk two
dimensions implementation, the Discrete Pulse Transform in 2D sourg&abddRotelliy and van der

Walt, 200pis used andnodified in Python programming language to decompose the fine resolution
remote sensing image in @ébformat. In additionfor automateddentificationof objects from the
decompose imageale space analyssed algorithiis developedbased on the meastandard deviation
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to scale functiorince both one dimension and two dimensions algorithms limited to use a single band,
the PCA is applied to thgput multispectral image.

Phaseone: one dimension LULU implementation

The LULUDPT algorithm is scripted in R
The scripting of the operator is performed in the follostes

programing

1. Areas of interestre subset from the input GeoHyenage and tHast principal component analysis
PCA is applied to those subset images. Subset images are loaoedjremmig language and
processed in the LULDPT algorithm either in rows or columms histogram ofhe imagego
generate the discrete pulse transform (IMH®T example, the histogram of the image is read as:

h < - hist(as.vector(img), breaks=2000, xli m=c(- 1, 3000), xlab="DN value' )
X < - h$mids # the mid points between the break line

y < - h$counts # the counts of the mid points

n< - length(y)

2. To calculate theinimum andhe maximum valgérom the input sequencdirstthe input sequence
is movecdbnestep to the righby adding the copy of the first element on thedethe sequender
minimumcalculatiorand one step to the léfy eliminating the first element of the sequandby
adding the copy of tHastelement on theght of the sequenéer maximuncalculation

minop < - function(y) # Minimum operator

{
n< - length(y)
y_Is< - c(y[llyl -n])
return(pmin(y,y_ls))

}

maxop < - function(y)

{

# Maximum operator

n< - length(y)

yr< - yn]

y_rs< - c@y[ -1lLyr)
return(pmax(y,y_rs))

}

3. To alculate thenaximuraminimum ( ) or the minimurmaximum TY ) of the sequencthe
followingfunctionis definedbased on the minimum and maximum calculdtimmsthe first step.

Ln < - function(y,n)

{

# Lower operator

val< -y
for(i in 1:n)

{

}
for(i in 1:n)

{

val < - minop(val)

val < - maxop(val)

return(val)
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Un < - function(y,n) # Upper operator
{ val< -y
for(i in 1:n)
{ val < - maxop(val)
ior(i in 1:n)
{ val < - minop(val)
} 1eturn(val)

4. Thetwo main type ofecursivesmoothersand/or separatorthe ceiling and floorindescribed by
6 076 hé cahand’™O “YO 'O h"O ware scripted by the following function

Cn < - function(y,n) # C 'ceiling' operator for L U
{

if(n==0)return(y)

else return(Ln(Un(Cn(y,n - 1),n),n))
}
Fn < - function(y,n) # F 'floor' operator for U L.
{

if(n==0)return(y)

else return(Un(Ln(Fn(y,n - 1),n),n))
}

5. The DPT of the LULU operator is computed from the recursive application of the opgrator
scripting the following cotbased on the LULU operator theory.

DPT <- array(0,c(length(y),n))

Cyn < - array(0,c(length(y),n))

n.pulses < - array(0,n)

pulses < - array(0,c(n,n))

k<-1

Clow< - y

while(k<=n)

{
Cup < - Ln(Un(Clow,k),k)
Cyn[k]< - Clow
tmp< - Clow - Cup
DPT[k]< - tmp
ind < - which(abs(tmp)>0)

if(length(ind>0))
{
n.pulses[k] < - length(ind)/k
for(l in 1:n.pulses[k])
{
pulses[k,l] < - ind[1]
ind< - ind[ - (1:K)]
}
}
Clow< - Cup
k<- k+1
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DPT <- array(0,c(length(y),n))

Fyn < - array(0,c(length(y),n))

n.pulses < - array(0,n)

pulses < - array(0,c(n,n))

k<-1

Clow< - y

while(k<=n)

{
Fup < - Un( Ln(Clow,k),k)
Fyn[,kj]< - Clow
tmp< - Clow - Cup
DPT[k]< - tmp
ind < - which(abs(tmp)>0)

if(length(ind>0))
{
n.pulses[k] < - length(ind)/k
for(l'in 1:n.pulses[k])
{
pulses[k,l] < - ind[1]
ind< - ind[ - (1:K)]
}
}
Clow < - Cup
k<- k+1

}

6. The output DPT is analybto reconstruct the signal by separating the noise introduced in the image.
Since in some of the resolution level, the local maximmimum or local minimwmaximum does
not exist and the DPT at those levels will have zero values. For efficient esdgofithm only
nonrzero DPT levels is used for reconstruction of the sBglaktie or partial reconstruction of
sequence erformed byhe following script.

E <- array(0,n) # the energy of DPT

for(k in 1:n)E[Kk]< -sqrt (sum((DPT[,K])"2)/k)

Recon < - array(0,length(y)) # Selective reconstruction from DPT
min_level< - 1

max_level < - length(y)

Recon < - rowSums(DPT[,min_level:max_level])

Recon < - array(0,length(y)) #Only non - empty levels
ind < - which(E>0)

if(length(ind)>0)

Recon < - rowSums(DPTI,ind])

To illustrate how the operator smoothed and/or separate signal from noise, the folppwing i
sequencare taken from the histogram of the Subsetaggrocessinghe brightness value of the
image from two dimensions arrafsnatrix to one dimension row vector by reading all rows of the
image in one row vector foramd further analysed until generation of discrete pgtitsésoapply

the minimum and maximum operators the input signal (sequence) is shifted to thenimghtuim
operator and to the left faraximum operator
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The input signal
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Figure 41 The input signal and the Minimum and Maximum operatore dimension
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In one dimension wavelets analysis, the same data used and logdedréomiming language and the
discrete wavelet transfofor Haar wavelet is applidthe Haar wavelet analysigsel to denoising the
input signal.

The final process of the one dimension analysis is performed by comparing the output from-the LULU
DPT algorithm to the Haar wavelet output.

Phasetwo: two dimensions LULU implementation

The Discrete Pulse Transform in 2D algoriffabrisRotelliy and van der Walt, 2p@®ailable at
http://dip.sun.ac.za/~stefan/dpt is used todecomposes the input image into a number of pulses.
Basically the algorithm works on the conceEeioh (1992n connectivity of connected set, which is
also developed and testedAmnguelov and FabfRotelli (2008 Each pulse has constamplitude
(height) which is made up of from a connected pixel regions from a local minimum or maxiiem set
connection between pixels in a connected region is bagedrorectiongFabrisRotelliy and van der
Walt, 2009

Since the process of decomposition produces large number of pulses, for example, 500 rows by 50
columnsimage may have from 100, 000 to 200,000 ,phiseslgorithm used the Compressed Sparse
Row (CSR) format storage scheme to represent sparse wiapidess(FabrisRotelliy and van der

Walt, 200p

The input image acceptedthy algorithnis a - . mdrix of integer values between 0 and 2§igin
format. Images are converted to miftiensional arrays and matrices to perform the decomposition.
The outputs of the algorithm are pulses in array and can be expdwechRg.np ) format by
Numerical Pythopackagéor scientific computinigg Python Sinceheinput image used in this study is a
georeferenced (geiff) unsigned 16 bit imagthe algorithm was modified to work this remotely
sensed image. To process thergisenced data th8DAL (Geospatial Data Abstraction Library)
library used to convert the image fromtgeto gdal arrapf unsigned 16 biAfter the decomposition,
during the reconstruction of the image, the gdal array is convertetiftingege.

defload_ima ge(fname="tif"):
if fnrame is None:
fname = 'example.tif'
fname = os.path.join(os.path.dirname(__file_ ), 'data/' + fname)
if len(sys.argv) == 2:
img = Image.open(sys.argv[1])
else:
img = gdal_array.LoadFile( fname)
return img.astype(int)

From he DPT 2D algorithm the script that was developed for decompssitieed talecompose the

input subset imagBuring the process of the decompositidmmthe connectivity of pixel exists and if
theneighbourig pixels have the same valué-@onneted pixel, they are assigned to the same label value.
The identification of these connected regions is processed to yield the DPT. The python twode used
decompose the input imadge
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fname="tif'
img= gdal_array.LoadFile(fname)
if _name__=="__main__"
import sys
if len(sys.argv) >= 2 and ' - UL"in sys.argv:
operator = 'UL'
sys.argv.remove(' - UL")
else:

operator = 'LU'
img = load_image(fname)
print("Decomposin g using the %s operator." % operator)
if operator =="'LU"

print("Use the ' - UL flag to switch to UL.")

tstart =time.time()

pulses = lulu.decompose(img, operator=operator)

te nd =time.time()

print "Execution time: %.2fs" % (te nd - tstart )

The input image is decomposed to hierarchal sum of pulses (DPT) in which signal has a constant value on
a connected set and zero elsewhere, based on thresolution analysis (MRA) of the LULU operators.
MRA is appliedtogener@dP TO0s t o extract object at different

Objects are identified from the decomposed input image using DPT either by partial or full reconstruction
of the image. Partial reconstruction is done by extracting feature of interest-zero BB level that

is by removing back ground features from discrete pulse decomposdebimagenstruction of image

frome toa DPT scale level, we should provide the value ofédrgnda . If the area of the pulse is

equal t& then pulses are extracted from the connected reg)oby(connected region handier .

This process is continued until the reconstruction reached to the inpat lwalescaping zero DPT

levels.

In the case of fully reconstruction of the imdmgereconstruction of the image is done by the summation
of all nonzero DPT level from the decomposed signal.

n=input("enter n: ")
m= input("enter m: ")

pulses_n = np.zeros(img.shape, dtype=int)
for fin (n,m):
for area in pulses:
if area==n:
for cr in pulses[areal]:
crh.set_array(pulses_n, cr,
np.abs(crh.get_value(cr)), 'add’)

if sum(sum(abs(pulses_n)))<>0:
gdal_array.SaveArray(pulses_n, ".tif'%n, 'GTiff',gdal.Open(fname))
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whilen <m:
n+=1
pulses_n = np.zeros(img.shape, dtype=int)
for fin (n,m):
for area in pulses:
if area == n:
for cr in pulseslarea]:
crh.set_array(pulses_n, cr,
np.abs(crh.get_value(cr)), ‘add')

if sum(sum(abs(pulses_n)))<>0:
gdal_array.SaveArray(pulses_n,"tif'%n, 'GTiff', gdal.Open(fname))

To illustrate how th2D operdors (theminmunoperator angnaxmunoperator) applied on adjacent set
the following nput imageis subset(9 9 pixels)from the Subsdd image and further analyged
generatiorthe local minimum and maximum which is used to yieldigbtreete pulse3.o apply the
minimum and maximum operatorge used here3a 3 pixelsof moving neighborhoodEach pixel is
filled with the minimum value from the surroundin@&eighborhood pixel for minimum operator and
the maximum value from thenimhum operator for mamin operatof0 ). For maximum operator, each
pixel is filled with the maximum value from the surroundirgn&ighborhood pixel and the minimum
value from the maximum operator for imax operatofY ). Theillustrationsare presented as folkeav

= 727 334 986 882 882 941 1224 1048 | 923
71 240 o917 890 816 983 1129 | 981 7o
291 003 876 204 782 1031 951 951 1023
783 7o 885 873 T8e 291 1068 1128 1114
1236 1140 | 913 957 057 ooe 073 1055 1062
1121 1126 1081 1170 1071 922 022 1068 1032
1113 1113 1126 1108 1019 | 977 904 oos 1019
1038 1134 1088 1089 1026 1034 | 983 1088 1028
1094 1126 1150 1185 1185 1017 | 982 1058 1006
Figure 45 Input subset image (left) and the corresponding pixel values (right)
() (b)
727 727 240 816 816 816 816 799 99 727 840 840 240 816 o941 941 041 oD
727 727 840 788 788 788 941 99 799 783 840 840 240 816 o941 941 931 931
783 783 T8 789 789 788 951 931 831 7R3 840 840 240 789 931 931 931 931
783 783 T8 789 789 788 o900 931 831 7R3 To0 o0 790 789 931 931 1032 | 1032
TB3 783 799 789 789 789 202 222 1032 1113 1113 | 913 913 913 00 922 1032 | 1032
1113 913 913 913 909 902 909 921 926 1113 1113 1108 | 1108 | 1108 | 922 922 1032 | 1032
1038 1058 1081 1108 022 922 022 922 996 1113 1113 1089 | 1108 | 1108 | 977 ki 996 996
1038 1058 1089 1026 o977 o977 077 089 996 1038 | 1089 | 1089 | 1108 | 1108 | 1017 | 989 1006 | 1006
1038 1038 1089 1026 1017 988 980 089 1006 1038 | 1089 | 1089 | 1089 | 1026 | 1017 | 989 1006 | 1006

(a) Minimum operator output (b) Maximuminimum(0 ) operator output

Figure 46 The Minimum and Maximuminimumoperatorsn two dimensios
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@

(b)

834 086 986 986 983 1224 | 1224 | 1224 | 1048 834 834 D86 983 983 983 1045 | 1048 | 1048
903 DB6 D86 D86 1031 | 1224 | 1224 | 1224 | 1048 903 803 ] 903 917 1031 | 1068 | 1048 | 1048
503 503 203 917 1031 | 1068 | 1129 | 1129 | 1128 903 903 903 903 917 1031 | 1068 | 1048 | 1048
1236 | 1236 | 1140 | 957 1031 | 1068 | 1128 | 1128 | 1128 903 903 903 903 917 1031 | 1068 | 1128 | 1128
1236 | 1236 | 1140 | 1170 | 1170 | 1071 | 1128 | 1128 | 1128 1236 | 1140 | 937 957 937 1031 | 1068 | 1068 | 1068
1236 | 1236 | 1140 | 1170 | 1170 | 1071 | 1068 | 1068 | 1068 1134 | 1134 | 1134 | 1134 | 1071 | 1068 | 1068 | 1068 | 1068
1134 | 1134 | 1134 | 1170 | 1170 | 1071 | 1088 | 1088 | 1088 1126 | 1126 | 1134 | 1134 | 1071 | 1068 | 1068 | 1068 | 1068
1126 | 1130 | 1185 | 1185 | 1185 | 1185 | 1088 | 1088 | 1088 1126 | 1126 | 1134 | 1134 | 1071 | 1088 | 1088 | 1088 | 1088
1134 | 1130 | 1185 | 1185 | 1185 | 1185 | 1088 | 1088 | 1088 1126 | 1126 | 1130 | 1185 | 1185 | 1088 | 1088 | 1088 | 1088

(a) Maximumoperator output (dylinimummaximunmoperator("Y ) output
Figure 47 The Maximunand Minimurmaximunmoperatorsn two dimensions

The firstupper leftd 4 pixels from the minimunmaximuraminimum(0 ), maximum and maximum
minimum (Y ) operatorsareplotted in Figte 4.7 to illustrate the minimum and maximataesrom
the adjacent set of pixel value

Wlas -
(@) Max (b) | Max
=540 — sS40 - ll ll
Min M. Min I\
2 I 727
o400 - 640 -
[ [
SONUS SN Y
/rJ v ) N /rJ v ) \J
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(c) Columns (d) Columns
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1236 | 1236 ,_H
r_r*_\ll
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L J Min
bUay o - l,_L] 957
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5 \'
- P L |
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Columns Columns

(@) Minimum(b) Maxmin (0 ) (c) Maximum (d) Mimax("Y ) operators output
Figure 48 Two dimensions illustiahs of the Minimumylaxmin, Maximum and Mimax operators
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For automateddentificationof objectsscale space analysis is used oratiges ofcaldevelby linking

all the norzero DPT level objects to the original input subset inazge on a given input point or pixel
From the norzero DPT level; objects are takenrea af interest to link with the PCA 1 image and the
multi-spectral image to generate the mean and standard deviation for those areas of inteeesstd Then
on the mean to scale and the standard deviation to scdteeploint which showslirasticchargeon a
certain threshold valigeconsidered adeeakingoint foridentificatiorof objects at that scale level.

To determine the breaking pojikte derivatives dghe standard deviation atitk scale functiont® the
decomposition levatecomputed with the following equation.

Where, is the standard deviation dMd the scalkeveland'ads thedecompositioteve] Q pitfof8 fEh
EN - . Size ofimage.

The derivativesf these equations approximtie change in gradieqiantitieof ,, and™Ywith respect
to the decomposition level of tiheageQ

The final process of theo dimension analysis is performed by comparing the output from the LULU
DPT algorithm to théhresholding segmentatioatput.

To summarize some of the tasks during the implementation are:

1 The input image is decomposed to hierarchal sum of pulses €OR®)signal that are constant
on a connected set and zero elsewhere. These DPTs are used to extract object from the
decomposed image based on mesilution analysis (MRA).

1 Segments and objects are extracted from the decomposed input image usingr D pasitial
or full reconstruction of the image. This is done by extracting feature of interest and removing
back ground features from discrete pulse decomposed image.

1 Automatedidentificationof objects based on scale space anatydifferentscalelevel from
non-zero DPT leval

4.3. Evaluation

After implementation of the segmentation method the accuracy of theeeduth be determined by
comparing with a reference datzereforegvaluation ofegmentatiois necessary to assess the accuracy
of the output In addition, it is importarib noticethat data users and researchers shouldstrang
knowledge about the evaluatinethodbecause the segmentation accuracy is not only influeiced by
segmentation method; it is also influenced tacthgacy assessment meg@odgalton, 1991

4.3.1. Segmentation accuracy assessment

Lucieer et al. (20pduggested that for quantitative assessment of segmentation result, it can be assesse
by quantitative method by identifyingdhebjects from the reference data and calculating the percentage

of overlap of these objecbin the largest segmented object. The following equation of area fit index
(AFI) is used to quantify the fit of each of the reference object with that of the largest segments in the
overlapping object.
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0 00

Whereo is the area in pixels. If the overlap is less than one hundred percent, the image is over segmented
ando "Oi©greater than 0.0. If the overlap is more than hundred the inmatpe segmented add O©

less than 0.0. For a perfect overlap is 100% afdquals to 0.0. In some cases when the object is over
segmented but the largest segment is larger than the reference object, the overlap can be less than 100%
and! &i% les than 0.0.

Delves et al. (199atroduce a method for evaluation method for segmentation quantitatively by compare
segment boundaries with boundaries on a reference data. For exapimea Ibbundary pixel of a
region in the reference map @d be the shortest (Euclidean) distance, measured in pixels, hetween
and any boundary pixel in the segmented image, i.e.,

, B Or
0 n

Where the sum is taken over all boundary pixels in éegindl is the numberfdboundary pixels in
the reference data set. The average distance between a segment boundary pixel and the reference
boundary is measured®yw . If a perfect fit exist the value®@fw is equals 0.0.

The image segmentation accuracy measure \ehegitris equals to the whole image is obtained by
‘O 6 without considerations of M which represent the number of boundary pixels in the segmented
image. LowO ¢ values are obtained for high value® oh which many boundary pixels in the
neiglbourhood off) occured. In addition image ogegmented may happen for boundary image with
high0 values and to correct farthe following correction equation is used during calculai® af

Y 0s

006 00

Another method for accunpassessment especially for buildiegifications presented ghan et al.

(2009. This objecbased accuracy assessment mashbdsed on the matching of objects from the
reference data and the segmented oudpuitng overlaying of two datasets the assumption is that if at
leastfifteen present ahe area covered is common area in the overlaid of the two objects from reference
data then they are the same objacareas where relatively large buildings arenptbés approach

works quite well.

In this studyone of the objectbased approaches for accuracy assesemedd The methodis
overlaying the extractetject with the reference datsed on their @pmetric centres, which takein
account the sipa and size of the objetftthe geometric centre of extracted object is located into the
reference data then this extracted objestagistingobject.
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5. RESULT

In this chapterthe obtainedesults are presented from the implementafidhe algorithmwhich is
explainedn the previous chapter order to segment amdentify objects from a VHR satellite image.
The results are presented in two sectiomsfirst sectioncontainsthe outputfrom LULU operatos
Multi-resolutionanalysis by takinimto consideratiorthe dimensionanalysis of LULU operatorBhe
results are presented in one dimension and more eriphgiserto two dimensions outputs. In the
second section the outputs fromfil& section$wo dimensions outpare evaluatezhd presented.

5.1. Multiresolution Analysis of LULU operators thiedassociate®@PT

This section describes the results obtained after the implementati@hgofithenfor multiresolution
analysis gained in chaptéwo.

5.1.1. LULU operators and DPT output in one dimeNhitirspectral Analysis

For multispectral analysis first, the Cairo city GEdBEyeage is fset ino six areas of intereSecond
principal component analysis (PCA) is perforomethe subset of multispectral bands of the image
mainly for two purposes. (Id reduce the number of bands comprising a dat@seaiise bands are
correlated(Table 5.1X2) to identify hidden patterns in the datdlable 5.1 shows the correlation
coeficients beteen bands of GeoEjleimageThe bands of GeoEyk image show high correlation
coefficiens. Relatively, the Green band and Blue band shdwsdniglation coefficient (0)9&nd the
Red band and the NIR band shows therloaeelation coeffient (0.9Bin the imagéd-igure 5.1 shows,
some of the PCA 1 difie subset of image and their corresponding histogram plot.

Correlation Blue Band Green Band | Red Band | NIR Band
Blue Band | 1.00 0.99 0.96 0.96
Green Band| 0.99 1.00 0.98 0.96
RedBand | 0.% 0.98 1.00 0.93
NIR Band 0.96 0.97 0.93 1.00

Table 51 Correlation coefficient between bands of GedEyeage

Thed Y operator was applied to decompibeesubset image in one dimenswdifferentlevels of
decompositionlt is doneby transforming the brightness valutghefimage from two dimensions arrays
of matrix to one dimension row vechy reading all rows dfe image in one row vector forfgure

5.2 showshe originakignalprofile andthe reconstructed sigmdla subset imagdter theLULU-DPT
decompositionThereconstructiorof signal by LULEDPT was performetbr the whole subset image
(full reonstuction) from the nozeroDPT level The result shows that there are some outliers visible in
the output graphs
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Figure 51 PCA 1lof Subsetl (a), Subs& (b) and Subs8t(c) image, histogram (right)
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Histogram of subset Image

4000 6000 8000
|

Frequency

2000
|

I T T T T T
0 500 1000 1500 2000 2500

(d) DN value

Histogram of subset Image

Frequency
6000 8000 10000
1 1 ]

4000

2000
1

0
L

r T T T T T
0 500 1000 1500 2000 2500

(e) DN value

Histogram of subset Image

Frequency
3000 4000 5000 6000
1 1

2000
1

1000

0
L

[ T T T T T
500 1000 1500 2000 2500

DN value

Figure 52 PCA1 of Subse# (d), Subséi (e) and Subsétimage (f), histogram (right)
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To illustrate how the LULDPT algorithm separate the signal from the rtbispartial reconstruction
is performed fron the second levef resolution to the last level of decomposifidre resulgraph in
Figure 33(c) is shows that a smootloetputthan the original graph after reconstructagure 53 (d)
shows the impulsive noise extracted from the subset image at the first decompasition level
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(c) Reconstruction from levelad?643
Figure 53 One dimension output for Sub4eimage

(d) Extracted impulsive noise

Analysis d the LULU -DPT resolution component

In order to analygbe resolution componentstbeimage in one dimensidaring the application tfe
LULU operator, the brightness value is extracted frosubiseimage along the red li(féigure 5.6y
considering as a sequencelisglayedn the figure The decomposition of sequenegelds a simple
representationfa signal in terms of block pulses of different width. For example theafidstvel of
the sequenaecannot have two consecutive nonzero elements, eventually thessaletewtl of the
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sequence have two consecuimazero elements. Also thedhscaldevel has three consecutive nonzero
elements and this result continue until the last component being a constant SeqleEmoastratéhe
component analysis of the decompadegquence, a few quantized comporfent2, 40, 70 and 162
level ofscalg are chosen and presented in FiguseBaised on the resolution of a sequergigen
byO $ w fromthe extractedequencahe LULU operator was appliedidentify the part of the
building located in the lower paf the subset imag&d the result is shown in the Figuée 5.

(a) Subset image with selected signal at red (imezoomed subset image with selected signal
Figure 54 Subset imagewith selected signal
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Figure 55 The C operator and the DPT result at the lev22044, 70 and 162.

During the course of decompositias,shown in FigureSghe smoothness of the sequenagcreases
as the resolutidevel increase during the analgsisldition to separation thle additiveomponent.
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Figure 56 Identificationof building part from one dimension analysis

To illustrate thelifferences between the outputs from the LULU operator and wavelet, the following
figure (Figure ) represerstthe result from the Ha wavelet at thérst, second andhird level of
decomposition The Haar wavelet result shows that the output sigoainke smoother and smoother

than the original signal and the wibd#tween two consecutisegnal becomwider and widerThe
waveletcoefficientst @l @ and$ & and as well as the scaling coefficigntso g @

and3 w shows significant differencaa the graphwhen the level of decomposition increases. The
gualitative comparison between the first higher resolution between the LULU DPT and the Haar wavelet
coefficientshows thathe LULU DPT systematicatgmoveghe impulsive noise frothe originakignal

(Figure B). However, the Haar wavelet shows some random peaks and valleys in the output. In addition
at LULU-DPT level 19qFigure 5.6)LULU operator identifiea building structure, in contrary, it was
impossibleo identify thestructure of théuilding from the Haar wavelet output.
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Figure 58 The LULU DPT (left) and Haar Wavelet (right) result at the leesblutioranalysis

One dimension multesolution analysis based on LULU operator permits the analysis of signals in detail
between successive levels of scale or resolution. TheORTLBlgorithm in one dimension used to
separate signals from noise consistently. The results in Figure 5.3(b) shows the reconstruction of sign
from non zero DPT level since in some of the resolution level the local marimomor the local
minimummaxinum doesnot exist and the DPT at that resolution level has zero value as presented in
Figure 5.5 at=40 scaldevel O ). In Figure 5.3(c) signals are reconstructed by separating impulsive
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noises from the signal that is introduced in the image dueutober of reasons such as atmospheric
effect, transmission error or electromagnetic effect of the sensor, etc. Figure 5.3(d) shows the impulsive
noise extract at the first level of decomposition from the original signal. Moreover, the DPT can identify
the different structures of the objects at different level of reconstruction. This result is revelled by the
result obtained in Figure 3D & 'O wand O  whichextract a sequence widfi22, 70 and 162
respectivelyin addition, the smoothness of the sequence increasdkdifinst resolution level to the

next resolution level as showid in &y which is smoother than a6 wandd w(Figure 5.5 LULU

operator as a separator extracted building s&ucta given sequence presented in the Figure 5.6 at the
190DPT leve] which is equivalent to the length of the building structure in one dimension.

5.1.2. LULU operators and DPT output in two dimenblaftsspectral Analysis

To illustrate the analysis dilLU operators and the associated DPT in two dimensions, the operators
applied ® decompose the subset imagel(n 0 resolution levelwherel andb are thewidth and
length(number of rows and colummd)the input image.

The discrete pulseansforms (DPT)which is resulted from LULU is an application for hierarchal
decomposition of the input array into a sum of pulses in which signal are constant on a connected set and
zero elsewher&xcept for zero DPT level, each levasone or moreobject and these objects are
detected by keeping the lower abstractiondepetels Then, the basis for these objdentificationis

the scale functionf the LULU operatorskigure ® shows theSubset6 image the initial pixels (or

points) for audmateddentificationand the objectthat areplanned teextractfrom the image based on
automatedcale spa@alysis.

Figure 59 Subset image (left) and Buildings (right)

To illustrate the automated detection of objects of interest, ten pixels (or points) are selected from the
buildings, open space and vegetation Bneaautomated detection of objects of interesasedoon
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mean andstandard deviation to scale functiongeneratéhe breaking points in which objects are
drastically changed in size and slgneak pointsire determined by calculating ¢henge in standard
deviationas well as the change in scalprbwidinga constant threshotd the algorithm. For exple

for building detection the threshold values afle5 for changm standard deviatipn 50 forchange in
scale and> 500 for scaleparameterFor Open space and vegetatior0.5 for change in standard
deviationand 5 for change in scale paramebhjectsof interestareidentifiedfrom those breaking
pointsgenerated by the algorithm

Reconstruction of objects by LWHDRPT multiresolution analysis is mainly constrained by the scale
factor which determines the level of detail and thefdize reconstructed obje€or examplefigure

5.11 shows the partial reconstruction of the objbgtLULUDPT (nonzero DPT level) from a single
pixel to a set of connected pixels in whichptkel of smallest object becomes element of the largest
object. As presented in thigure5.11the level of detail and the size of the oljectasérom the lower

scale to the higher scale level.

The mean to scaland thestandard deviatidio scale plotlescribahe level of variability as well as the
homogeneity of the extracted object at the certairsrahgeale valu€&or exampleBuildingl (Figure

5.11- left) identifiedbased on the breaking peiat the scateof2997 and 4220atis obtained based on

the change in the standard deviation and the change in scale as shown in Figure 5.10(a). Therefore, t
different structure of Buildifigis reconstructeat thepulse of sizef3 , B andi3 . Different

structure of Building (Figure 5.11right) is also reconstructedl the beaking points or scaler pulse

of size 1905, 2403, 7770 and 8014 as shown in Figure 5.10(b).
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Figure 510Mean, Standard Deviatiand Scalplot for Buildingl and Building

The scalef Buildingl (Figure5.10 (affjom 1 to4220is showedhatthe standard detien increased
while the mean value decezhsince the object is grovitom a single pixeb a collection ofmany
pixels. The standarduiigtion is drastically increased a high differences obtained athe scakeof
1915, 2997 and 42Z%or Building2 thestandard deviation was high at thgnipeng and drastically
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decreasedntil scale level 19Qbigure5.10 (h)Jhen afterthe standard deviatigmadually increaseo

the last level except at the scale level 8014, whidwshiationdue to the object added heterogeneous
pixels.Theresults of the outpyFigure5.11s showedhat at the higher scale level the objects become
cleaer and preserve their shape and appeasasitee they include more pixels than the lower scale
levels.

IdentifiedBuilding1 (left) based on Powuita (a)i (b)B (©B
IdentifiedBuilding?2 (right) based on Poigtat (a3 b) B (©)B (d)B
Figure 511 IdentifiedBuildingl and Buildin@

The scale of BuildiFg) (Figure52.(a)) from 1 to 13247 is showed tiat standard deviation increased
while the mean valdgecreasedn some pointshe standard deviation is drastically inateaska high
differenceis obtained at 970, 1254, 5142, 12074 and k82l leveld-or Bilding4 the standard
deviationis shown drastic change at the soalbreaking poistof514, 1947, 5411, 6540, 7206 and 9216
(Figure5.12 (h))These scale values or breaking points used to reconstruct timg Ialdi the
corresponding pulse

Different structure of Building (Figure 5.13left) is identified at the pulses of dize B B

B and i in the scale range from 970 to 13247 with breaking §dht1254, 5142, 12074
and 13247. The first three pulses only beiltgper side part of the building and the last two pulses built
the complete structure of the building. Also the identification of different structures of-8(Hdjoge
5.13- right) is done at the pulses of sige B B andiz at thebreaking poist514,
1947, 5411 and 6540 in the scale range of 514 to 6540.
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(a) Mean Standard Deviation (b) Mean Standard Deviation
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Figure 512Mean, Standaif@eviation and Scale plot for BuildBgnd Buildingt

IdentifiedBuilding3 (left) based on Poitat (a)3 (b)B ©B (d) B (e)
IdentifiedBuilding4 (right) based on Poidtat ()3 (b)) (0B (d)B
e OB

Figure 513 IdentifiedBuilding3 and Building

The scale of Buildirg (Figure5.14 (a)) from 10 to 3688 is showed that the standard deviation is almost

constant \Wile the mean value is decreasebtonly onbreaking point is obtained at the scale level of
3688. The standard deviation is drastically changed at the breaking point 3688. F6étiBastdimgard
deviation is increasstarting from the scale level 1 to 4040 and some breaking points cb2&92d a
3204, 3764, and 4040 (Figure5.14 (b)).
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(a) Mean Standard Deviation (b) Mean Standard Deviation
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Figure 514Mean, Standard Deviation and Sglalefor Buildings and Building

The structure of Buildirg (Figure 5.15 left) is identified at the puleésizel3 with the scale of
3688. Also the identification of different structures of Buid(fggure 5.15right) is done by pulses of
size i3 i3 B andi3 at the breaking pom2692, 3204, 3764 and 4040 in the scale
rangs of 2692 to 4040.

IdentifiedBuilding5 (left) based on Poibtat (a3
IdentifiedBuilding6 (right) based on Poiétat (a)3 (b) B (9] (d)
Figure 515 IdentifiedBuilding5 and Building

The scale of Open spaté¢Figure5.16 (a)) from 1 to 494 is showed that the standard deviation drastically
changed which gives the breaking point AQHigher scale these open space show high difference in
standard deviation. For illustration the higher object which includes the openpspaestés in the

Figure 5.17I€ft). At this point, the building includes the open space at large scaélma$mat be
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important to have such kind of pulse for identification of objects of interest such rags b@joen
space (Figure5.1#ight)) has a standard deviation which increases over the scale (Figure5.16 (b)). Only
two breaking points obtainedidentify the open space at 636 and 1460 scale level

(a) Mean Standard Deviation (b) Mean Standard Deviation
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Figure 516 Mean, Standard Deviatiand Scale plot for Open spdcand Open space

IdentifiedOpen spacé (left) based on Poiidtat (a)3 (b))
IdentifiedOpen space (upperright) based on Poidtat (a}3  (b) B
Figure 517 IdentifiedOpen spacé& and Open spa&
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(a) Mean Standard Deviation (b) Mean Standard Deviation
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(a) Vegetationmean, standard deviation and sbaEhe Sphinxnean, standard deviation and scale
Figure 518 Mean, Standard Deviation and Scale platdgetatiomndThe Sphinx

The scale of vegetation (Figure5.18 (a)) from 1 to 45 is showed that the standard deviation drastically
changed which gives the breaking iidb. As shown in the Figusel9 (left) the identified vegetation

area is small corapl to the original imag&hisis dueto high heterogeneity of the atieat limits the
connectivity of pixel at higher scale $elrelidentification of the Sphinx Figure 5.19 (right), the scale plot
(Figure 5.18 (b)) is showed that an incrementajednastandard deviatiae occurred from the scale

level 24 to 886The identifieabject is small in size and not fully represents the shape of the Sphinx; this

is due to the similarity of the brightness value of the surrounding object with the Hrightees the

Sphinx.

IdentifiedVegetationl¢ft) based on Poirg at (a)g  (b)B
Original and Identified Sphinx (right) (a) original image (b)c)3
Figure 519 Identified Vegetatioareaandthe Sphinx
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All objectsare made up of from a number of pixels, beginning from a single pixel from the lowest scale
level. In LULUDPT scale space analysis, tlugectsare represented by pulses of siaed the
brightness value of those pixels inside the buildiengnitees the height or depth of the pulse at the

local maximum or minimum set. In addition, each pixel is a part of a humber of pulses but not for all
pulses of sizeand the scale determines the life time of each Fixate 5.20 shows the nmaxm

occurred pixels at different resolution level.

@B (B (0B @B (@8 0B
Figure 520 Life time of pixels

After decomposition of the image, the aim of this study is to reconstdsgttifyobjects of interest at
different scale level without prior knowledge of the object size and characteristics. Objects are appeared
the image in a certain ranges oeséda well, discrete pulses from MRA also represent an object, which
has a similar size to the scale level. This is the task to determine the appropriate sickiptfibatiog

of objects of interedt.is performed based on the analysis of the tnesrale and the standard deviation

to the scaldunction of the decomposed image. When the doateases thaggregatiorf pixels

increass, the pixelsat the lower level of scale becostmmentsof the object at higher scale level.
Meanwhilethe mean of the object decresdsem the lower scalevelto the higher scalevel,the

standard deviation of the object increases from the lowelegekle the higher scaleve] sincethe

variation (heterogeneity of pixels) ingideobject ineases. The mean and standard deviation value of an
object in a consecutive scale does not show significant change in a certain ranges of scale until tt
moment the object become part of other objdwt.mean and the standard deviation of the obje& in th
scale plot have inverse relationskig. mean to scale and standard deviation to scale plot in Figure 5.10
Figure 5.12, Figure 5.14, Figure &ntbFigure 58lsupport the output ikigure 5.11, Figure 5.13, Figure

5.15, Figure 5.17 and Figure 5.19.
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The interpretation of the scale to the standard deviati@itise object grows from a single pixed&o
number of groups of pixels havirdgsizewith ¢ scale value. The object keeps growing as the scale
increase, meanwhile, the structure andhiduge of the object also shows a small change especially when
the change in mean and standard deviation of the object is very low.

5.1.3. Objectdetection

In this section some of the illustrative outputs of DPT application in image processing are presented.
After decomposition of the selected Subset imaigaysobjects of the image are associated with a range
of pulses and it is possibladentifythem

Result for Subsetl image

In Subsetl imagerelatively to others subgaages, the sizeshafildings argary from small to medium
At the range of pulses sitels tols (a) small buildings are detectefdam the subset imagén
the output (b) at thepulses of sizdg tol3 hmedium size buildings extracieciuding some of
the small size buildisgn the subset imagée collection of buildings are extradtedc)and(d) at the
pulses of sizZig tol3 which is presentad Figure 21 Most of the mediumngizebuildingsare
extracted from the subset image at the pofisezez tolz in the output subset image (c).

(@ o8B (b)g  toB

(©  toB (dB  toB

Figure 521 Detectedbjectsfrom Subsetl image
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Result for Subsef2 image

In Figure 22 complex building structures atetectedfrom SubseR image at the rargef §

tol3 . At the pulses of sizg2 tol3 (a)a number obuildings andhe edges othe roads are
extracted Most of the buildings are extracted at theepubf siz8 tofs (b). The complex
structure of the buildings extracted at the puldgs of to 3 (c) In the output image (dBrge
areas without the buildings extracted from the subsetiinasalgegesizepulses

.

2 |
(3 tol ()] tol

Figure 522 Detectedbjectfrom Subsep image

Result for Subse3image

This subset image consist large, medium, small buildings, major roads and water bodies. In the smalle
pulses of sizes fro;m toly  (a)few small buildingareextracted as shown figure Both large,

medium and small buildihgnd water bodiese extractedn the wide range of pulses of §ze

tol3 (b). Large building structure (c) and a major road (d) extracted at the pulsgs of siaed

B and 3 respectivelfrigure 23 presents the output for Sub8dmage.

55



LULU OPERATORS FRARGE SEGMENTATIO® ABJECT DETECTION

(@ o8 (b)B  tol

O dE  tok

Figure 523 Detectedbjectfrom Subse8 image
Result for Subse#4d image

Pulses of sidg tol3 (b) are able to extract the Gr&izaPyramid in subsdtimage along
with some objects around the Pyramid due to variability of brightness of each pixel in tBmathage.
settlement areas are extracted at the pulges db 3 (a) and thene of the side of the Great Giza
Pyramid ex#rcted with pulses of sige (c).
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©B (@) tos

Figure 524 Detectedbjectfrom Subset image

The area inside the boundary of the Pyramid is identified in the pulselg of sizéo B (d).
The results for the Subgeare presented in Figure 5.24.

Result for Subsets image

In this subsetrsall buildings are extracted in a small rangés#s in the output image (a). The structure
of these small building is visible at the pulses df sizeto 5 . Complex medium sized buildings
and a number of small buildings detect in the output (b) with the pulseszof sinelz . The
compex medium structure buildings extracted at the rarigje of to (c) in the outputin a wide
range of pulses of sige tol3 (d) large, medium and smalilBings are extracteBigure 5.25
presents the output for SubSdtnage.

@k tok | b5 tok
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O tof @B toB

Figure 525 Detectedbjectsfrom Subseb image

Result for Subset image

This subset image is characterized by presence of complégaitpas. At the small size of pilse
tog  (a) small sizes buildings are extracted from the decomposed image.

B tob A tok

Figure 526 Detectedbjectdrom Subse6 image
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Some of the medium size and the main roads extracted at the pulsBs of sizg (b)and most
of the medium and large buildigs extract in the wide range ofopizey tol3 (c). Very
large objest merged building foot prints are extracted at the pulses ®f sizeto 5 (d). The

output for Subsed image is presented in Figure 5.26.
Results fromimage segmentation bythresholding

To perform segmentation based on the brightness valapalysgs of the PCA 1 histogram of all Subset
image is done and the thresholding method for image segmentation is applied. The histograin of Subset
image (Figure 5.1(a)) has eaksand one transition in which at the minimum the subset carapave

three segmented outplihe tireshold valuom 450 to 670 identifies the shadow of the building where

as the threshold value from 670 to 1100 identifies some of the buildings. lBhdibadentified in the
threshold value of 1100 to 1600. All th@wubf Subset image is presented in Figur&.5.2

(c) Threshold value 1100 to 1600
Figure 527 Thresholding output of Subsetmage

Four peakvalues are observed in histogram of S@bseage (Figure 5.1(b)), accordingly the subset
image is segmented based on four threshold range values. These are threshold value from 400 to 5
which identifies the shadows of the buildiogy 580 to 76@xtractsmainly the major roaftom 760 to

1170 some of the buildings as well as the roads between the buildings and the threshold value from 11
to 1590 identifies most of the buildings and theldagén the subset image. Figure8fesents the

outputof thethresholding.
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»

S
(o) Threshold value 760 to 10%8) Threshold value 1170 to 1590
Figure 528 Thresholding output of Subsetmage

The histogram of 8set3 image (Figure 5.])bas two distinct pesénd two transitions in which at the
minimum the subset imagan havefour segmented outputhe tireshold valuérom 380 to 535
identifies the shadow of the building where as the threshold value frton®8&33nainly identifies the
major road. The road structure around the parcels is identified in the threshotom/a8@eto 925.

(@) Threshold value 380 to 53%b) Threshold value 535 to 680
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