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ABSTRACT

ROTATION, SCALE AND TRANSLATION INVARIANT
AUTOMATIC TARGET RECOGNITION USING
TEMPLATE MATCHING FOR SATELLITE IMAGERY

Ert ¢r k, Al p

M.Sc., Deparment of Electrical and Electronics Engineering

Supervisor: Assoc. Prof. Dr. Tol

CoSupervisor: Assoc. Prof . Dr . A.

January2010, 150 pages

In this thesisrotation, scale and translation (RST) invariantomatictarget
recognition(ATR) for satelliteimagey is presented.Template matching is used to
realize the target recognitiorHowever, unlke most of the studies of template
matching in the literaturdRST invarianceis requiredin our problemgsince most of
the time we will haveonly a small number otemplates of eachtarget, while the
targetsto be recognizedn the scenesvill have various orientationpsscaling and
translationsRST invariances stulied in detail andmplementedwith some of the
competingmethods in the literature, such as Fouhbzllin transform and bipectrum
combined with logpolar mapping. Phase correlation and normalized cross
correlation are used as similarity tmes. Encountereddrawbackswere overcome
with additional operations and modifications of the algorithMI'R using
reconstruction of the target imageth respect to the template, based on bispectrum,
log-polar mapping and phase correlation outperformed ther othethodsand
successful recognitiomwas realized for various target typespecially for targets on

relatively simpler backgroundse. containing little or nother objects.



Keywords: Automatic target recognitionemplate matchinglog-polar mapping,

FourierMellin Transform,bispectrum
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CHAPTER 1

INTRODUCTION

1.1.Motivation

fAutomatictarget recognition (ATR) generally refersttee autonomous target
detection andecognitionby computer processing of data from a variety of sensors
such as forward looking infrared (FLIR), synthetic aperttagar (SAR), inverse
synthetic aperture radar (ISAR), lasadar (LADAR), millimeter wave (MMW)
radar, multispectral/hyperspeal sensors, lowight television (LLTV), video,etc.o
[1]

ATR is a crucial element ahtelligence, surveillancearget acquisition and
reconnaissance (ISTARNowadays, lie ability of a country to defend itself can
only be reached via technologicadiperiority in the fields ofSTAR, because the
detection of possible targets and target locations allows taking necessary precautions
in times of peace and enables fast and efficient measures, such asehef u
unmanned weapon systens times of war. $ice ATR reduces the workload of
human operators operating in the fields of ISTARe importance of ATR haslso
increased

Template matching, which ia weltestablishedand easy to realizenethod
used in many areas suchiamge retrieval, image regiation, medical imaging ad
face recognitionwill be used in this study to realize ATRn this study, the
templates are the representative images for each possible target to be detected and
recognized.In many studies using template matching, the tereplaill remain
exactly, or very much, the same in the test iemtogbe matched. However, in ATR

the targets will be in various orientations and scales, with possible small changes in



details or coloringand distortionsin order to detecsucha wide range oftarget
types a very large number of templatesould have tobe stored and used, which
would greatly increase the computation time.

Of special concern among these problems is the variation of rotation, scale and
translationRSTinvariancewill enable us to overcome thmavyburden. With RST
invariance, a small number of templates for each target type will be sufficient to
detect and recognize all targ@tsariant of their orientations or scales.

1.2.Scope of the Thesis

In this thesis, our maigoal isto achieve rotation, scale and translation invariant
automatic target recognition using template matching.

This thesis is concerned only with automatic target recognition from satellite
imagey. Although the same techniques can be used for aerial images obtained from
unmanned aerial vehicles, no experiments are conducted on such images in this
study ATR using other type of sensors is completely out of the scope dt tioig

To realize the RS invariance, more than one method is used and the results are
compared via experiments.

1.3.0utline of the Thesis

The outline of the thesis is summarized as follows:

In Chapter 2,template matching is introduced and a literature survey is
presented followed by the descriptions of thesimilarity metrics that are most
commonly used in template matching

In Chapter 3RST invariance isstudied n detail, with literature survey and a
throughlook into some of the promising methods.

In Chapter 4the method that areused in this studgreexplained in detail with
respectivadrawbacksand the efforts made to overcome théslso presented in this
chapter are the common drawbacks of the approach and important points of
consideration.

In Chapter 5, expémental resultsire presented amtiscussed

Finally, in Chapter 6, conclusisand possible future studiegll be presented.



CHAPTER 2

TEMPLATE MATCHING

2.1 Introduction

The template matching technique refers to the comparison of a standard
representative pictorial pattern (template) with an image with the purpose of finding
occurrences of the reference pattern within the im&#tje The basic template
matchng algorithm consists d&fliding the template over the search area and, at each
postition, calculating alistortion, or correlation, measure estimating the degree of
dissimilarity, or similarity, between the template and the im&peThe mostly used
similarity 1 or dissimilarity measures include sum of absolute differences (SAD),
sum of saiared differences (SSD), cressrrelation (CC) and normalized cress
correlation (NCC), which is by far the mostdely used metric.These similarity
metrics will be explained in section 2.3 in more detail.

2.2 Literature Survey

Template matching is one of the most common techniques usemnage
processingand pattern recognitiorifemplate matching applications include image
retrieval @], image registration [5]jmage recognitiond], object detection 7],
medical imaging [8hndface reognition P] and verificatiorf10].

A general problem with template matching is the high computation time it
requires Over the years, many techniques have been developed with the intent of
reducing this computation time

The froarseto-fineo strategy[7], [11], [12] is a weltknown approach to
reduce thesearch area, and, therefore, tilanputational cost of template matching.

Different resolution versions of the template and the image are generated and the



low-resolution versions of the template are compared againstrelsmution

versions of the image, to find the location of the best match. The neighborhood of

the besimatch location is searched ithe image using increasingly higher
resolutions, up to theriginal resolution image. In some studies, lid®e one

proposed by Rosenfeld and VanderBfdd], matching between higheesolution

template and input images is applied only when there is high similarity in the coarse
matching. However, tle reductionin computationa c hi eved -tb-fyi nfiecto ar <
template matchingomes at the price of lower precision, i.e., b@ation of the best

match at lowresolution is not necessaryactly at the location of the best match at
full-resolution. Hence, thereis a tadeoff between reducing computation and
precision.T h e fidod a rretesdegy works well for an object with significantly

low spatial frequency components which are retained in adeelution imagebut

it does not work well for clutteredcenes andbjects whosealetails need to be
checkedin order to distinguish one from anothég]. To i mpl emdont t he
fineoo #isalsa neeegsarytodecide how many levels of resolatieo be

used whichdepends on theemplate and the image.

Another strategy to accelerate template matchirtg eiminatethe positions
that cannot provide detter degree of match with respect to the current- best
matching one Gharavi Alkhansari combined this strategy with thearseto-fine
strategy, and proped a method for estimatirgthreshold in the coarse search and
pruning the candidates the fine searchlp].

Yet another strategy to recks thecomputational cosis to approximate the
template by a functianSchweitzeret al. proposed an efficiertie mplatematching
algorithm using integral images andapproximaing the input image with
polynomials[14]. In a recent study, Omachi and Omachi proposadkethodcalled
algebraic template matchingvhich approximated the template image with a
polynomial,and calculates NCC between this approximation and partial images of
the input image of various widths and heigiifs].

When there are multiple templates to be matched, and the templates have some
connections or similarities betweeach other, a templatgerarchy may be build to

reduce the computation time. Such a hierarchy was used in [16] for human detection



and segmentatiohlierarchical approach can also be combined Vidtharseto-fined
strategy [17].

Another problem with template matching isaths not robust against rotation
or other distortionsAlthough rotation variance may be useful in some cases, such as
in [18], in many cases, rotation invariance is strictly preferred, especially in
automatic target recognitiomhe straightforward wayotsolve this problemwithout
rotation invariancejs to use a very large number of templates for every possible
rotationvarianceand distortion but this is computationally very expensivedan
general, unacceptabl@here have been some studies in litexature toreduce the
large computation time caused by thioblem Uenohara and Kanade have used
KarhunerLoeve transform to represesuch a large number of templates with
various rotations and distortions with a small number of eigenvectors [13].
Paglieroni et al proposeda method to reduce the number of positions and
orientations to be searched, using distance transforms and translational cross
correlation[19]. Dufour et al proposed a method using estimation on the template
location in the inputimage and minimizing a likelihood surfade find the
parameters of rotation and distortii.

As can be seen, although there are various studies in the literature to solve the
problem of varying rotations and distortions, these are basically tceethe
computation time, instead of actually solving the probldm.solve this problem
rotation, scale and translation (RST) invariance was studigiis thesisso that a
very small number of templates can be used for a large possibility of rotation or
scalevariationsof the corresponding object in the input image. RST invariance will
be studed in Chapter 3 in detail.

2.3 Similarity (and Dissimilarity) Metrics

There is a lege number of similarityand distortionmetrics used in template
matching, and it is not in the scope of this thesis to cover them all in this section.
Brief explanations of the mostommonly used metricsfollows, with special

emphasis on normalized cresgrrelation and phase correlation.



2.3.1 Sum of Absolute Differences (SAD):

Sum of absolute differences is a distortion, i.e. dissimilarity, mdmi&AD,
the absolute value of the differenbetweeneach pixel inthe original blocki the
template m our study, and the corresponding pixel in the block being used for
comparison are summed to create this metric. SAD is also called tiwrh.Given
an image lof size WxH and a template T of size MXNI<W, N<H), the SAD at

posttionx, yis defined as:

N 1M 1
YO G = SO0+ Qo+ QYOS (1)
j=0 i=0

2.3.2 Sum of Squared Differences (93):

Sum of squared differences is also a distortion, i.e. dissimilarity, metric. In
SSD, the squared value of the difference between pixehin the original block
the template in our studyand the corresponding pixel in the block being used for
comparison are summed to create this met&D $ also called the3dnorm.

Given an image bf size WxH and a template T of size MxN, th&8[5at

positionx, yis defined as:

N 1M 1
YO aw = O+ Qo+ Q  "Y'UQ 2 (2)
j=0 i=0

2.3.3 Crosscorrelation (CC):
Cross Correlation is similar to SSBjnce it is motivated by the squared
Euclidian distanceput can be impleented more efficientlyStarting from the

squared Euclidian distance equation:

B 0,0 = Qad 00 6,0 U 2 (3)
W
B @0 = B0 20000d 0,0 0 +F O 6,0 U (4)

W



The third term in th@arenthesis is constant, and the first term is appro&ignat

constant. Hence, warrive at the crossorrelation formula, which is:

N 1M 1
00 Ww = O+ Qo+ QEYTP (5)
j=0 i=0

There are some disadvantages of using ectos®lation:
1 If the image energy the firs term in the parenthesisvaries with position,
crosscorrelation can fail.
1  The range of CC(x,y) is dependent on the size of the feature.
1  Crosscorrelation is not invariant to changes in image amplitude such as those
caused by changing lighting conditions across the image sequence.
2.3.4 Normalized Cross Correlation (NCC):

Normalized crosgorrelation overcoms the problems mentied in the
previous section of croseorrelation [20]. The equation of the normalized cress

correlation (NCC)s obtained as follows

o BL BY L O+ Qo+ QD Y EQ Y
066 w = (6)
BY S BYL ot Ot o+ Q. Pg BYL IBL YR Uy2

Theimage and the template are normalized to unit length in NCC.

Note that while SSD, SAD and cros®rrelation assume constant brightness,
NCC is invariant to linear brightness and contrast variatimestonormalization

NCC is by far the mostvidely used gmilarity metric in template matching,
and itis alsoused in this studyGiven below in Figures 2.1, Figure 2.2 and Figure

2.3,is a simple example of template matching using normalized-carsslation:

|

Figure2.1: Templateimagefor NCC



Figure2.2: Test imageor NCC, the matched template location is marked
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Figure 2.3: Normalized crossorrelation resulfor the images in Figurea1and 22

Since NCC is frequently used in template matching, and a large number of

studies of template matching are made on reducing the computation time, it is



inevitable that some of these studies try to reduce the computation time of the NCC
itself.

In [3], Steino and Mattoccia applied the principles of successive elimination
algorithm and partial distortion elimination, which were proposed for SAD and SSD,
to the NCC. Their datdependent method, called the bounded partial correlation,
used a bound for the NC@nction to disregard the search positions that are
guaranteed not to provide a better match with respect to the curresrhdotest
They have also improved this method in a later study [Zlil approach can also
be combined with other methods used tduee the computation time of template
matching, as in [22].

2.3.5 Phase Correlation (PC):
If x1[n] and x2[n] represent thetwo imagesand Xi[k] and Xz[k] show the

corresponding discrete Fourier transforms (DFTs), the phase correlation is defined

as:
" T’Q nz ’T’Q
"Y¢ =01 % (7)
Wy Qup O8
where F! represents the inverse DFT.
If the twoimages are the same, the phase correlation resul is:
n 'rQ "z ';'Q " ’E‘Q
i =01 B Qe QL I g _0l1 =9 ¢ ®)

L QW Qs o Q¢

Therefore, the phase correlation result of two identical signals has a peak value of
unity located ah = 0.

Ifthe second image aspatiallyshifted version of the first imagee.:
W €€, =0 & O,€, O 9

where t and % represents the horintal and vertical displacements, according to the

Fourier shift property, the Fourier transforms will be related as:



@ 6,0 =@y 6,0 Q Pt (10)
Then thephase correlation is obtained as:

we =01 & Qe Qo v,
oy Q¥ Qs

=1 0 % (11)

Hence, if the second image is a spatially shifted versidheofirst image, the
phase correlation surface is zeneerywhere excet locatior-ti,i t], in which it is

a defta functiomndrepresentshe displacement between the tintages.

Figure2.4: Lena image and the circularly translated Lena image

140

Figure 2.5: Pha® correlation result foFigure 2.4
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The height of the pea&f phase correlationan be used as good similarity
measurdor image matching high peakamplitudes represent good matching, while
low peak amplitudes show poor correspondengeand thelocation of the peak
shows the translatiohdisplacemenbetween the two images

The most remarkablproperty ofphase correlation compared to the classical
crosscorrelation method is the accuracy by which the peak of the correlation
function can be detected: the peak in the phase correlatiobecaetected much
more accurately compared to classical cragsrelation because the phase
correlation provides a distingharp peakat the point of registration whereas the
crosscorrelation yields several broad peaks and a main peak whose maximoim is n
always exactlylocatedat the right poin{23]. Given below is an example for this
property. The example used for template matching using NCC, is repeated here, but

is instead matched using phase correlation this time.

Figure 2.6: Templateimagefor PC

Figure2.7: Test imagefor PC, the matched template location is marked
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Figure 2.8: Phasecorrelation resulfor Figures2.6 and2.7

A particularly useful feature of the phase correlattechnique is the way
performance degrades gracefullys conditions depart from the ideal of pure
translation.As conditions depart from ideal translatidghe peak in the correlation
surface will correspond to theestfitting translational vectoj24].

Another important property is due tthe whitening ofthe signals by
normalization, which makes thghase correlation notably robust to those types of
noise that areorrelated to the signal, e.g., offsets in average value and deied

errors[25]. If there is a change in average value and gaithat

WE =| gy € +] (12)

whereUandb are constants, then the Fourier transforms will be related by:

@ Q=] ¢y Q+1 ¢ Q (13)
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in which case the phasmrrelationoutput is obtained as:

L Qg Q+T 4 Q

ve =1 01 B ~ "

TV S ar g Qs .
g, 02+ @ Qg Q

=01 — — 15

s ¢y, OF+1 @ Ol O (15)

=1 & (16)

Hence, changes in the average value and gain are automatically canceled by the
whitening feature of the phase correlatidimus, phase correlatios insensitive to

changes inmage intensity.

Figure2.9: Lena image and tHeena image with increased average vaud fixgain
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Figure2.10: Pha® mrrelation result foFigure 2.9
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In this study phase correlation is used as a reliable correlation technique that
enables us to detect the translation betweervwbeimages More information on
our use of phase correlation will be presented in following chapters, since we will
use it- combined with some other techniqugst will be explained in the next
chapter- to detect the rotation, scale and translatianationsbetween the template

and the sulimages

14



CHAPTER 3

ROTATION, SCALE AND TRANSLATION
INVARIANCE

3.1 Introduction

Rotation, scale and tralation (RST) invariance is a technique thamisstly
used in watermarkindn order for a watermarto be useful focopyright protection,
it must be robust against a variedy possible attacks by pirates. These include
robustnessgainst compression such as JPEG compression, geomdisimation,
cropping,row and column removahddition of noisefiltering, cryptographicand
statistical attacks, as well as insertion of othatermarks. Whilemany methods
perform well against compression, they lack robustness to geometric dis{@fjon
In recent years, watermarking algorithms robust toggemérical distortions have
been the focus of researdiecause rotation and scaling attacks are considered more
challenging than other attacksdeven very small geometric distortions can prevent
the detection of a watermajk7].

RST invariance is of the mibst importance in this studyAlthough the
problem of the variation of the scale can be easily solved if the altitude that the
image is taken is knowisince the sizes of the targets to be recognized are already
known, the targets will still be in varisuorientations. As discussed earlier, usng
very large number of templates in every possible orientation for each target is
unfeasible in terms of computation time and necessary memory. However, without
RST invariance, using only one template in a giegientation is definitely not
sufficient to recognize the target in all possible orientations and scales, since

correlation results drop drastically with small amount of rotation or scale variation.
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Casasent and Psalti28] report that the signatto-noise ratio (SNR) of the
correlation peak between two images decreases from 30 dB to 3 dB with either a 2%
scale change oHenceain this §ully, weohtwve ttoi solve .the RST
invariance problem.
3.2 Literature Survey

Invariance against similarity transforms, i.e. RST invariance, has been a focus
of research for quite some time.

The first promising results were obtained using moments. Of special concern
among these are the Hu momef29] and the Zernke momen{80]. Angular
Radial Transform[31, 32 is momentbasedshape descriptor used in MPEG
which is similar to Zernike moments, but can be computed fasiterformulations,
strengths and weaknesses of these methods will be explained in the next sections in
detal. Such features capture global information about the image and do not require
closed boundaries as bounddigsed methods such as Fourier descriptors do [30].
Moments and functions of moments have been utilized as pattern features in a large
number of apfications. However they have some weaknesses which prevent them
from proving successful results beyond sareetain measurf83, 34] these general
weaknesses will also be explained later

FourierMellin transform[28] is a wellperforming method for RST invariance.
After FMT was used for watermarkingy OO Ru a n a [3%], ko pravidd RSH u n
invariance for protection against geometrical attatihes number of studies dfM T
and watermarking have exponentially incredsend a very large number of studies
on FMT and watermarkingan nowbe found in the literature Because of the
implementation difficulties and image fidelity loss caused by the FMT, some
modified algorithms are alscommonly used [26]. Most of these algorithms use
LPM which is not truly RST invarianin fact, Fourieil Mellin transformis a log
polar mapping (LPM)following and followed by a Fourier transformyhile an
inverse FourigrMellin transform is an inverse legplar mapping (ILR1) following
and follbwed by an inverse Fourier transform. Although FMTBnd LPMi are
mostly used in watermarking27], [36], [37], they are also used in image

registration B8], texture classification 39 and image recognition, including
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fingerprint |Q], iris [41], face B2] and even shoeprift3] recognition LPM and
FMT will be explained in detail in following sections, since these methods are used
to a great extent in this thesis.

Projecting the two dimensional image into one dimension canys&bsome
properties that can be used to obtain RST invariance. S0cketechnique that is
commonly used is the Radon transform, which is a special case of an image
projection algorithm.Radon transform representbe image as a collectiof
projectionsalong various directionsThe Radon Transform has been applied to
image processingn areasof tomographic reconstruction image segmentation,
determining the orientation of an object, and restoration of impiggsThe Hough
transform, which is a speci@hse of the Radotransform, was used in image
analysis for edge detection afehture extraction purpos¢44]. Radon transform
can be used in a variety of ways to obtain RST invariance. Some of the methods that
are used with Radon transform for this boxlude SVD {4], Fourier transform
[45], [46], neural networks47], LPM [48] and wavelet§49]. Radon transform can
also be used by itself for RST invariance after some manipulabhs [

Higherorder spect, especially the bispectrum, am@so usedin RST
invariancemethods Bispectrumis the Fourier spectrum of theple correlation of a
signal. The higher order spectral features are shown to be as immune to Gaussian
noise as features based on moment invariants, but are superior in their immunity
background impulses that cause problems for methods based on accurate calculation
of the centroid $1]. Bispectrum behaves similarly to Fourier transform against
rotation and scale. However, in contrast to the Fourier transform in which translation
invariance is achieved by taking the magnitude and disregarding the phase,
Bispectrum is directly translatiomvariant b2]. This is the basic reason that
Bispectrum is used with Radon transfor®3] or LPM [54] to obtain RST

invariance. Bispectrum is studied in detail in a following section.
3.3 MomentBased Approaches

Joint noments of order p and gpf randomvariablesy (x,y) are defined in

terms of Riemann integrals:as
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The uniqueness theorem statést the double moment sequence pgnis
uniquely determcoedebyelpy x, ¥y x, mndi s uni
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W= G0l g @= Gyl O g (19)

The central moments amevariantsunder translatio {9].

To obtain scale invariance, the central moments are normalized:

¥ N+ N+ 2
_ =M r:% A+ =238 (20)

3.3.1 Hu Moments

Hu introduced seven nonlinear functidresed on normalized central moments

which are translation, scale, and rotation invaria®. These moment invariants are

as follows
%9 = —0 t —02 (21)
_ 2 2
%9 = —ot 2 "+ 4 (22
_ 2 2
%g = —30 312 “°t 31 o3 (23)
_ 2 2
%g = =30t -2 “Ft —1t+ o3 (24)
_ 2 2
% = —3 312 30t 12 307t 12 3 =1+ 3
2 2
+3 =1 03 21t 03 330t 12 =1t 03 (25)
_ 2 2
%= —0 02 30t 12 —1 1 03
+A4—y =0t -1 ot o3 (26)
_ 2 2
%9 = 31 03 30t 12 st 12 3 =1+ 3
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3.3.2 Zernike Moments

3.3.2.1 Introductionto Zernike Moments

The basissetof regular moments not orthogonal. Consequently, the recovery
of image from these moments is quite difficult and computationally expensive.
Moreover, it implies that the information contenttbé basishave a certain degree
of redundancy.

Orthogonalmoments including Zernike moments are better than other types of
moments in terms of information redundancy and image representathmn.
orthogonality property enables one to separate tbetindividual contribution of
each order moment to the reconstimctprocessThe reason for selectingernike
momentsfrom among theother orthogonal moments is that they possessedul
rotation invarianceroperty. Rotating the image does not change the magnitddes
its Zernike moments. Hence, they could be usedotioninvariant features for
image representation.

It should also be noted that Zernke moments are superior to both regular
moments and the moment invarmiolf Hy in terms of classification accura30].
3.3.2.2Zernike Moments

Zernike momentsare a set of complex polynomials which foemcomplete

orthogonal set over the interior of the unit cirClée form of polynomials is:

Qg QO =@y " —="Y " FA Q— (28)

¢ 52

Yoo " = L S L S "t 2 (29)
- i1g ELE g B S

'Yé’ a ” - 'Y‘ ) ” (30)

The Zernikepolynomials are orthogonal and satisfy:
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Zernike moments arebtained by theorojection of the image function onto

these orthogonal basis functions. The Zernike moment of oredth repetitionm

for a continuous image functio(xfy) is:

e+

Oiq QoI AT PO NN (33)

ofraf 1
and in discret form:

, e+1 mmre e v o
bé(’x = Qmw()gu " s~ (A;"' 0‘)2 1 (34)

3.3.23 Rotation Invariance of Zernike Moments

Consider a rotation afnimageby anangleo f U, i . e.

®— =, — (35)

After some calculation®7], we arrive at:

6:} = 6éc'x !Q‘k]‘-] 7ﬁ| (36)

The equation abovehews that Zernike moments merely acquirphase shift
on rotation. Hence,the magnitudes of the Zernike moments of a rotated image
remain identical to those before rotation.
3.3.24 Scale and Translation Invariance for Zernike Moments

As a disadvantagehe¢ defined features on the Zernike moments are only
rotation invariant. To obtain scale and translation invariance, the image is first

subjected to a normalization process using its regular moments. The rotation

20



invariant Zernike features are then extrattdrom the scale and translation
normalized image.
Translation invariance is achieved by transforming the original image f (x,y)

into another one, so that the origin is moved to the centroid of the original:image
Qo+ o+ © (37)
Scale invariances obtained by changing the size of the image such that the
zeroth order momentgis equal to a predetermined valie

Hence for scale and translation invariance, the image f(x,y) should be

transformed in to g(x,y), where

Vah ="Qo+ A+ O (38)

W= T]dg (39)
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Figure3.1: Some of the dhogonal Zernike moment badisnctions
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3.3.2 Angular Radial Transform

Angular Radial Transfornms a momentbased method adopted in MPEGs a
region basedtape descriptoit is similar to Zernike moments, but can be computed
faster.lt has compact size, is robust to noise and scaling, invariant to rotation and
has the ability to describe complex objd@tE].

The ART coefficients, F, of ordern andm, are definecn a unitdisk in polar

coordinatess

2" 1
Q= G 00 (40)
0 0

wheref ( }is ad jmage function in polar coordinates ang,y ,) i an ART basis

function that is separable along the angular and rditedtions, i.e.:

Qg "— =04 —% " (41)
. 1 ...
0y —= ZTQH] Q— (42)
~ w 1 £€=0
Y o= 2cos“g” & 0 (43)
m
n 0 1 2 3 4 5 5] 7 8 9 10 11

§ o XIS

1
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Figure 3.2: Realparts of ART basis functions (n=3712)

Let the image‘:[; ) ble the rotated version 6f( 4 , d) by aheumd gi &
origin, i.e.,
MT,—="Q" ) +— (44)

Then, the ART coefficients are obtained as

R =g, exp Q| (45)
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Hence, rotation invariance is obtained by taking the magnitude of the ART
coefficients[32].

Just i ke t he Zer ni ke mo ment s, ART d
invariance.For scaleinvariance ART coefficients aremormalizedby the magnitude
of ART coefficient of order n=0, m=(B1]. Translation invariance is obtained by
centering the transfar on the centroid of the object

3.3.3 Why Not Use Moments?

Although momenbased apaches give promising results for RST invariance
and also haveéhe orthogonalityproperty, there are valid reasons for not using such
approaches in this study.

First among these is that the moments are very sensitive to noise, which is why
momentbased approaches aramostly applied to binary images, or binarized
grayscale images using lower order mom¢3®3.

In a study byAbu-Mostafa and Psalti84], the recognitive aspects of moment
invariants are examined in detail and some very interesting resaltsbtained. In
addition to moment invariants being no longer invariant when noise is present, it is
found in the study that moment invariants of Hu suffer from information loss,
suppression and redundancy. It was also found that Zernike moment invatsants
suffer from information | o0oss, although t

redundancy.

3.4 Fourier Transform and Its Applications in RST Invariant
Algorithms

Although Fourier transform, by itself, is not RST invariant, it has some very
usefulpropertiesagainst translation, rotatiaand scalingthat motivateits usagen a
lot of RST invariance techniques.

The discrete Fourier transform (DFA@) f (x1, %) is defined as follows:

0Q.Q = Q6,6 © : 2 (46)

élzo ézzo

24



A translation, or a shift in the spatial domain, causes a linear shift in the phase
component. Note that both k(k;) and f(x,x) are periodic functions, so the
translations are assumed to be circular translafidris leads d the well known
result that DFT magnitude is invariant to circular translation, which can be observed

from Figure 3.3 and Figure 3.4.

» OOY_ . . s LY S [
o+ Qe +d  0QQ Al Q.dq (47)

Figure 34: Fourier transform magnitudes of the images in figude 3

Scaling the image in the spatial domain causes an inverse scaling in the

frequency domainwhich can be observed from Figure 3.5 and Figure 3.6

oovl T~ 7
ware Crol (49

Figure 35: An image and itscaledversion

25



Figure 36: Fourier transform magnitudes of the images in figuée 3

Rotating the image through ankFoariergl e d

representation to be rotated through the same angle:

"Qwy cos— ), Sin—y Sin—+ @, COS—

ooY__ . . . -
"0Qcos— Qsin— Qsin—t+ Qcos— (49)

Figure 38: Fouriertransform magnitudes of the images in figuré 3

The magnitude of the Fourier transform is commonly used for translation
invariance and thproperties of Fourier transform against rotation and scale will be
used in the next section, in lgplar mapping, to transform rotation and scaling to

translation.
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3.5 Log-Polar Mapping

Logpolar mappingby itself,is alsonot an RST invariancechnique; however
it has some very important properties that make it very useful in applications that
require RST invariance. Before these properties are studied, it is necessary to
understand how this mapping works.

Logpolar mapping is @onlineartrarsformation that is based on human vision.
Human vision has two areas, fovea centralis at the center of visual axis, which has
high resolution, and the peripheral, where the resolution decreases according to the
distance from the fovea centrals5]. The bgpolar mapping mapshe points on the
Cartesian plane (x,y) to points in thedpgo | ar p Isimitareto thez-human

vision system

lae o
S

ey Fa
e

Figure 3.9: Log-Polar Mapping in Coordinates

Thecoordinate transformation dyg-polar mapping is described Ilye following

two equations

-=log &+ ¥ 50

—= tan - 51
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In log-polar domain, one axis gives us the angular value, and the other axis
gives us the loayrithmic representation of the radial vallUéis mapping is done as
foll ows: For each (3, ®) val ue, t he corre
value of the image is obtained at this (X,y) usapproximation orinterpolation.
This valueiswrig n t o t hat ( 3, e-polacptaper Givembalowe o f t
Figure 3.10are an image and the image obtainedaiyngthe logpolar mapping of
that image.

b

Figure3.10. An image and its logpolar mapping

The advantage of using LeRplarover Cartesiamoordinate representation is
because any rotation and scaleCartesian coordinate is represented akift in the
angulardirection anda shift in the logradius direction in LogPolar coordinate,
respectively[56]. In other words, dg-polar mapping has the useful property to
convert scale and rotation into translation. This can be seen from the equations

below:
Qo P f— (52)
"W P +log”,— (53)
(WCOS —+ wsin —1 ,wsin —7 +wcos—1 P ' ,—71 (54)

The above guatiors demonstrate thatmage scaling in Cartesian domain
results in a translation along the {oaylius axis in logpolar domain, ashthe image
rotation in Cartesian domain results in a circular translation along the angle axis in
log-polar domain.

However, logpolar mapping is not translation invariaktence, #houghlog

polar transformhas important properties facale androtation invariance these
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advantages can be acquired only whenattgin of the transformation for bottie

templateand target in thecandidateimage are matched56]. In FourierMellin

transform, which is explained in the next section;gmdar mapping is sl after the

magnitude of Fourier transform of the image is takesolve this problem.

Hlozr

=0

Figure3.11: Scaling property of logpolar mapping

==

=8

Figure 3.12 Rotation property of logpolar mapping

3.6 Fourier-Mellin Transform

The FourietMellin transform is a useful tool for image recognition because its

_Z,—-.]cgr

resulting spectrum is invariant in rotation, translation and scale Hourier

Transform itselfis translation invariant and its conversion to-jogar coordinates

converts the scale and rotatidifferences to vertical and horizontanslationghat

can be measured. A secobdT, alled the Mellin transforngives a transform

space image that is invariant to translation, rotation and scale.

Input Image—

FFT Magnitude

4.( Cartesian to Log-Polar .

Mellin Transform

Figure 3.13 FourierMellin transform process
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We can write the relationship of an imaggxiy), and a rotated, scaled, and

translated version of the imagg(xiy), as follows:
QRuw ="Q, wcos + wsin| y,, wsin| + wcos w (55)
where the image is scalelby(Obhy. G, rotated

The Fourier transforms ad(x,y) andii(x,y) are b(u,v) and {(u,v) respectively,

and their magnitudes are related by:
Q6,0 s=5s2¢Q, !obcos +uvusinl ,, ' osin| + Ucog (56)
which is seen to be independent of the translapiarameters, i.e., is translation

invariant.

Rewriting the above equation in lgplar coordinates, we arrive at:

SQ6,0s=552¢3Q, 'dcos— | ,, 'Asin— | s (57)
or:
$PO,L $=§8°¢P” In,,— | s (58)
Theequation above is independent of the first translation parameters and the rotation

and scale parameters have transformed into translation parameters.

Another Fourier transformgives us:

Q 0.,0_ =SS 2 ¢‘QTQ0"¢n , TO_¢ ¢'@ 0.,0 (59)

The Fourier magnitudes of the two ipglar mappings are related by:

"Q0.,0_ =§$2¢'Q0.,0_ (60)

As can be seen from the equation above, at the end of the Fidlarlier transform,

we obtain translation and rotation invariance, and scaling only results in a constant
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scaling of the whole amplitude of the Fousiellin spectrum. This scaling will not
present a problem since normalized crosgelation is used as the matching
similarity metric.

Although FMT is a successful method for RST invariance, it has some
important weaknesses that should be considered. The first and foremost among these
is the los of phase information since FMT depends on the magnitudes of Fourier
transforms. The whole information present in the imaga®t preserved and the
possibility of false detection increases [33]. Also, the camsselation of the
FourierMellin transfoms generally yield a very broad maximum because of the loss
of phase information, and hence FMT becomes unreliable both for identification and
localization of an object in the image [33].

A possible approach to overcome this problem is not to take thads€crier
transform in FMT and use phase correlation to obtain the translation values in the
log-polar mapped image [33[38], [57]. These translation values cespond to
rotation and scale parametérstween e two images. These parameters are used to
reconstruct the image. Then, the reconstructed image and the reference image are
matched using phase correlation to find the optimal translation parameters between
the two images.

The method, howevehas difficulty in recovemmg large scales and rotatien
This difficulty can be understood by realizing that large rotation and scale
differencesexacerbate the border effects when computing the Fourier transform. A
large translationor scale introduces additional pixel information that can
dramatically altethe Fourier coefficients3g].

It should be noted that even in this method, Fourier transform magnitude has to
be used before the lggplar mapping for translation invariance while obtaining
rotation and scale parameters. Hence, we still lose the phsenation of the
image. To overcome this, higherder spectra can be used instead of the Fourier
transformfor translation invarianceBispectrum which is the most frequently used
higherorder spectra for translation invarianeéll be studied in the nd section.

It is important to note that the literature is replete with syntle@mples for
the FourierMellin registration method. Iparticular, a reference image is always

matched against a scalethd rotated version of itself. This serves to defer t
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problem of handling the fine details introduced by an actual optical zoom.
Conversely, when the image undergoes minification, translat@wnyotation,
additional real data seeps into the target imagejusbblack pixelg38]. Note that
artificial black backgrounds can helpgister two images, because they enslaé
the sameaunderlying contenis considered38].
3.7Bispectrum

As stated earlier, amplitude spectrum does not provide a full description of the
image contents, because it lacks thrimation carried by the phase spectr&.|
Hence, other translation invariance representato@searched. In practice, the new
representation should have its behavior against rotation and scale similar to the
amplitude spectrum, for easier estimatiof scale and rotation parametef?][
Fortunately, the amplitude spectrum is not the only spestfaksentation thas
translationinvariant. Grtain higherorder spectrumsilso hawe the same pragmty.

These spectrunare defined by

W 0,,0,8.,6, =01  "Oby (61)
&1

where ywith i = 1, @ ,are vectors in the-P frequency space, and s st W
+ é .+ u
The firstorder spectrum is the power spectrum, which is the squared amplitude

spectrumandis obtained by taking n=1:
W, 6 =06 ¢0 o6 (62)
The seconebrder spectrum, which is the bispectrum, is obtainedatyng

n=2:
W 01,0, =700, 00, O 0,+0, (63)
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The bispectrum is a triple product of Fourier coefficients, and is a complex
valued function of two frequencies, similarttee power spectrumwhich is a second
order product of Fourier coefficients and a function of only one frequency.

Bispectrum retaindoth the amplitude and the phase information from the
Fourier transform of a signaso the information carried by the phase is not lost.
Because of this, bispectrum is commonly used in sigaadl image reconstruction
[58], [59], [60].

Bispectrum istranslation invariant because linear phase terms are cancelled in
the triple product that defines the bispectrum.

Also, bispectrum is zero for Gaussian noise and thus provides high noise
immunity [51].

Assuming that F(u) is anddy-N DFT of an imagethe bispectrum becomes a
N-by-N-by-N-by-N matrix. It is therefore not practicalotevaluate the whole
bispectrum. A better solutigrhat is commonly useds to take2-D slices of tls 4-

D spectrun{52]. These slices are generally defined as:

Mo =uw, 6,0 Y (64)

Although a slice isonly a small portionof the whole bispectrum,in the
applications found in the literature, it is stated the&treconstruction istill possible
and no essdial information has been los$2]. It is also stated that it possible to
obtain slightly better classification resuitg using multiple slicessH].

The scaling and rotation properties of the bispectrum slices and the whole
bispectrum are the saméhese propertiesare basically the same as for the Fourier
transform,which indicates that wean directly use theigpectrum slices in the same
way asthe amplitude spectrum the FourierMellin transform toestimate the scale

and rotation[52]. The scaling ad rotation properties of the bispectrum slices are

given by:
Q ‘chié 1 00 (65)
| (*) 5!,753 \(2 ('A),(I)
QU | 4 Y0, %0+| (66)
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It should be noted that although the pg@istrum providesnoise immunity and
translation invariance without losing the phase information, bispectrum is sensitive
to illumination changes just like the amplitude spectrum. Henoatuniform
ilumination changesnay cause significant problemstemplate matching or image

alignment52].
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CHAPTER 4

THE METHODS

4.1 Introduction

Presented in this chapter are the digystep descriptions of the methods used in
this study.The reasonsof using each methodre also presenteahd the strengths
anddrawbacksf the methods arinvestigated Before the methods form into their
final versions,experiments andbservations of some of thesfrawbacks have
caused usto make some changes on the method, which are elgdained
accordingly
4.2 ATR Using Template Matching in Fourier-Mellin Domain:

As explained in section 3.6, Fourbdtellin transformcan be used to obtain
RST invariance.ln our first method, the template and the soiages to be
compared with the templatere transformed into the Fourigvellin domain which
is RST invariantand compared in this domain using normalized eoosselation.

4.21 Stepby-step Description of the Method

In this section, stepy-step description of the method is presented.

1) The inputi or testi image is formed into subnages of the same size as
the template image. The blocks can be overlapping ctomeriapping.

2) Fourier transforms of both the templatedathe subimages are taken and
the phases are disregarded by taking only the magnitude part to obtain
translation invariance.

3) Logpolar mappings of the Fourier transform magnitudes are taken to

transform scale and rotation into translation.
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4) Another Fourer transform follows, also in which the phases are
disregarded by taking the magnitudes and which provides scale and rotation
invariance.

5) The resulting imagesn the FourietMellin domain are passed into a
similarity metric, which is in our case NCC, armangpared with a threshold.

The subimages with correlation results higher than the threshold are the
subimages which contain the target in the template image.

Given below in kgure 41 is the flowchart of this method.

Phaze Phaze
FT |Maonitude | TP FT | Magnitucs
Template ———— » > -
_ NCC |
Magnitude Magnitucle
Sub-image ——p| FT * TPM = TT g

! v

Phase Phase

Figure 41: Flowchart ofATR usingtemplate matching in Fouriéviellin domain

4.2 .2 Drawbacks of the Method
4.2.2.1 Loss of Phasktformation

As can be seen fromfigure 41, this method involves taking the Fourier
transform magnitude two times in order to obtain RST invariance.r@sigts in the
loss of phase information two times. The information carried by the phase of the
Fourier transform of the template and the-gulages are lost in the taking of the
first Fourier magnitude and the phase information of theplolgr mappings bthe
Fourier magnitudes are lost in the second taking of the Fourier transform magnitudes.
After the conducted experimesn which are presented in thé&pter5, it was
observed that the phase information is essential and critical, and its loss should be
avoided. The loss results in very high correlation redaltseach submage and
hencea very small dynamic range. This can be explained by noting that theflos

the essential information contained in the phase results in transformation into a
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domain in which, although RST invariance is satisfied, each image becomes very
similar.

To partially solve this problemanother methodsimilar to those insome
studies in the literaturdbased on reconstruction, was construstéich gets rid of
the need for the second Fourier magié. This method is studied ie&ion 4.3 In
detalil.
4.2.22 Very Small Dynamic Range

As explained in section 4.2.2.1, thiakness is a direct consequence of the
loss of phase information caused by taking the Fourier transform magnitides

transforming into the Fourig¥lellin domain

43 ATR Using Template Matching Based onReconstruction by

Fourier-Mellin Transform and Phase Correlation

In this method, rather than transformitige template and the stimages to the
FourierMellin domain, reconstructioby phase correlation is used to compare the
images in image domain.

After the Fourier transform magnitude and tbg-polar mapping, the second
Fourier transform magnitude is not taken. Rather, the properties epolag
mapping and phase correlation are used to obtain the rotation and scale parameters
between the template and the sSnoiage to be compared. As waspé&ained in the
previous chapter, the Fourier magnitude provides translation invariance while
preserving the rotation and scakend by logpolar mappingrotation and scale
parameters areansformed into translation. Then, phaseelation is used to obita
the translation, which corresponds to the rotation and spalmetersand
reconstruct the submage so that there is no rotation or scale variation between the
template and the sulage. After this reconstruction, the reconstructed image and
templae are phase correlated to obtain the translation parameter.

4 3.1 Stepby-step Description of the Method

In this section, stepy-step description of the method is presentédte that
the algorithm of this method is modified in section 4.3.2.2, hencestémby-step
description and the flowchart presented in this section are not the final versions for
this method.
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Sub-image

1)

2)

3)

4)

5)
6)

7

8)

The inputi or testi image is formed into submages of the same size as
the template image. The blocks can be overlapping octomeriapping

Fourier transforms of both the template and the iswges are taken and
the phases are disregarded by taking only the magnitude part to obtain
translation invariance.

Log-polar mappings of the Fourier transform magnitudes are taken to
transform scaland rotation into translation.

Phase correlation is taken between the LPM of the FT magnitude of the
template and the LPM of the FT magnitude of eachimdge to obtain the
translations, which correspond to the scale and rotation between the sub
images ad the template.

Each subimage is reconstructed using its rotation and scale parameters.
The reconstructed suimages and the template image are phase correlated
to obtain the translations between the images.

The reconstructed suimages are again reconstted using their
translation parameters.

The reonstructedsib-images are normalized cressrrelated with the
template image in the image domain and the resultscargared with a
threshold. The sulimages with correlation results higher than the thosh

are the suldmages which contain the target in the template image.

Given below in kgure 42 is the flowchart of this method.

Phase

IT Magnitudeh LPM

1

i Nee |—
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>

A4

FT LPM *
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Figure 42: Flowchartof ATR using template matching based on reconstruction by FeMadin

transformand phase correlation
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4.3.2 Drawbacks of the Method
4.3.21 Multiple Peaksin Phase Correlation

As explained before,nithe literature, this method &mostalways used to
obtain the RST parameters between an image and its rotated, scaled and translated
versions. However, in our problem, only the target in the images will be the same
and the background, and hence an important part of the images, will be mtiffe
After the experiments, it was observed that this results in not a clean and single peak
for the phase correlations, but rather in a peak cloud, in which the largest peak is not
necessarily the correct one to obtain the correct RST parameters. Betdlisg
some modifications on the method were made.

Multiple peakswere used toobtain rotation and scale parameters, the-sub
imagewas reconstructetb a number of images using each rotatscale parameter
pair, followed again by ghase correlatiobetween each of these images and the
template to obtain, again with multiple peatgtranslation parameters. The images
are again reconstructed to a larger number of images using the translation
parameters. At the end, each image is compared with theldte using NCQn
image domainand the image with the largest similarisythe one reconstructed
with thecorrect RST parameters.

The stepby-step description of the revised version of the method is as follows:

1) The inputi or testi image is formed i subimages of the same size as
the template image. The blocks can be overlapping oforeriapping.

2) Fourier transforms of both the template and the isudges are taken and
the phases are disregarded by taking only the magnitude part to obtain
translaton invariance.

3) Log-polar mappings of the Fourier transform magnitudes are taken to
transform scale and rotation into translation.

4) Phase correlation is taken between the LPM of the FT magnitude of the
template and the LPM of the FT magnitude of eachisuige to obtain the
translations, which correspond to the scale and rotation between the sub
images and the template. However, multiple peaks are obtained for each

subimage, which correspond to multiple&Rpairs.
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5) Each submage is reconstructed using é@sch rotation and scale parameter
pair.

6) The reconstructed suimages and the template image are phase correlated
to obtain the translations between the images. Again, multiple peaks are
used, which correspond to more than one possible translation paramete

7) The reconstructed stimages are again reconstructed using each of their
translation parameters.

8) The reconstructed stimages are normalized creserrelated with the
template image in the image domain. For eachiswdye the highest
correlation resulis accepted as corresponding to the-suiage which was
reconstructed using true RST parameters.

9) The correlation results are compared with a threshold. Thénsadpes with
correlation results higher than the threshold are theimalges which
contain thedrget in the template image.

In our experiments, it was observed that to obtain the correct rotation and scale

parameters 30 largest peaks was necessary and sufficient, while for the translation
parameters, 10 peaks were more than enough in all cases.tidot¢he near

neighborhood of each taken peak is disregarded for the next possible peak location

candidates.
4.3.2.2 Loss of Phasdnformation
Alt hough in this method, we don6t wuse

in section 4.2, we still have tHest FT magnitude for translation invariance. Hence,
the phase information of the template and theiswdges are still lost.

It should be noted that, since in this method, instead of using the final
similarity metric in FourietMellin domain, we use iin image domain, this loss of
phase information does not affect the final correlation results as in the method of
section 4.2. However, the loss of phase degrades the results of phase correlation
taken after the LPM, and in some cases, the rotation ald garameters may not
be correctly obtained.

Note that in the literature, since this method is almost always used to find the
RST parameters between an image and its scaled, rotated and translated version, this

loss is not as important as in our case.
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To truly solve this problem, we either have to forego translation invariance, or
find another transform which behaves against rotation and scale similar to Fourier
transform, but is translation invariant without losing the phase information. As
explained m the previous chapter, bispectrum satisfies these properties. The method
in which bispectrum is used in place of the FT in this method is stud g inext
section
44 ATR Using Template Matching Based onReconstruction by
Bispectrum, Log-Polar Mapping and Phase Correlation

Bispectrum was used instead of FT in the previous method to prevent the loss
of phase information, and hence overcome a weakness. The rest of the method is
exactly the same as the previous method.

4 4.1 Stepby-step Description ofthe Method

In this section, stepy-step description of the method is presented. This
method was developed after the previous method of section 4.3 was revised into its
final form; hence multiple peaks are used in phase correlation steps.

1) The inputi or testi image is formed into subnages of the same size as

the template image. The blocks can be overlapping oforeriapping.

2) Bispectrum slices of both the template and the-isudges are taken to
obtain translation invariance.

3) Logpolar mappings othe bispectra are taken to transform scale and
rotation into translation.

4) Phase correlation is taken between the LPM of the bispectrum of the
template and the LPM of the bispectrum of eachisulge to obtain the
translations, which correspond to the scatel rotation between the sub
images and the template. However, multiple peaks are obtained for each
sub-image, which correspond to multipleRpairs.

5) Each submage is reconstructed using its each rotation and scale parameter
pair.

6) The reconstructed suimages and the template image are phase correlated
to obtain the translations between the images. Again, multiple peaks are

used, which correspond to more than one possible translation parameter.
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7) The reconstructed stimages are again reconstructed ussagh of their
translation parameters.

8) The reconstructed stlmages are normalized creserrelated with the
template image in the image domain. For each-im#ye the highest
correlation result is accepted as corresponding to thensafye which was
reconsgructed using true RST parameters.

9) The correlation results are compared with a threshold. Thénsadpes with
correlation results higher than the threshold are theirsalges which
contain the target in the template image.

Given belowin figure 43 is theflowchart of this method.
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Figure 43: Flowchart of ATR using template matching based on reconstructidaispgctrum, log

polar mappingand phase correlation

4.4.2 Drawbacks of the Method
4.4.2.1 Multiple Peaksin Phase Correlation

This problem isstill there, and has the same effect as in the previous method
namely the computation time is increased to obtain better re$ukssame number
of peaks is used for this method as in the previous method.
4.43 Slice matters

As explained in section 3.Tor an NxN image, the bispectrum is NxNxNxN,
which is not only impractical, but also impossible for our template image sizes, to
implement. Hence, bispectrum slices are used instead of thée viatispectrum.

These slices are obtained as:
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Y0 = uw, 0,6 STy Y (67)

In the literature, in most studies, the choice of which slice to use does not affect
the resultsince bispectrum is mostly used as a feature extractionHoelever, in
ourexperiments, it wasbserved that the choice of the slice affects the iesult

In a small number of studieshe whole bispectrum is observed and the slice
corresponding to the highest SNR values are taken. HoweverDinw& cannot
obtain the 4D bispectrum in MATLAB, andhence cannot use this method. Instead,

a more common approach is adopted, which involves using more than one
bispectrum slice and for each subage taking the slice which gives the higher
result for that suimage. Computationally, this is a very time esuming solution,

since the same operations will be applied for each slice. A better solution can be
found in a future study.

4.5 Common Points of Consideration

There are some common points of consideration that do not vary depending on
the method usedbut are results of the overall approach or caused by. These
drawbacks and concepts are detailed in this section.

4.5.1Overall Drawbacks of the Approach

Beside the presentettawbackdor each method, there are atsiherimportant
drawbacksthat are not associated by tépecific methods, but ratheare caused by
the overall approach, namely usiegnplate matching for RST invariant ATR
4.5.1.1Background

The most important problem is the fact tiatalmost all caseghe template
image aes not only consist of the target, but rather additional data in the form of
background also leaks in, due to the fact that most of the objects are not shaped as
perfect squares or circles.

The aditional data in the form of background causes all the RST invariance
methods to perform worse than their other applications in the literature, because the
backgrounds in the suimages are different than the background in the template

image, as expected.
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The background cannot be modeled as an additive noise to the template and
hence cannot be gotten rid of using the standard methods of noise refitaeval.
straightforward solutions to this problem, namely segmentaéiod/or shape
analysis canot be usedince theyontradictthe reason otfising template matching.
Hence, the problem cannot be solved completely. Rather, the effect of the
background variations can be lessened using some simple techniques such as
windowing.
4.5.11.1 Windowing

Windowing can be used to reduce the effects of backgroamdl make
translation appear as circular translatiamd hence increase the dynamic range.
Three types ofwindowing functionswere studied in this thesis and these are
Gaussan, Hanning and Hamming windowklanning filter proved to be the most
successful among these. The best performing filter size was chosen as 4/3 times the
templatei and subimage size. The windowing testsare studied and analyzed in
Chepter 5 in detail.
4.51.2lluminati on

Consideringthat the images are illumination distributions, the importance of
illumination in image processingan be better understood/hile using data that is
exposed to sunlight and affected by weather conditions, this importance increases
exponentially.

The andg that the target in the image receives the light of the sun greatly
affects the results, so much that at least two templates should be used for each target,
one for each side of receiving the light. This is not caused by a drawback of our
methods, but ther is unavoidable while using template matching since the
ilumination distribution of the image, and hence of the target, varies greatly
depending on the incidence angle of the light and the similarity metrics such as

normalized crosgorrelation are dastically affected.
4.5.2Important Concepts to Pay Attention To

4.5.2.1 Centering the DC Componentin FT
| N MA T LtheBFE results in a matrix in which the DC componsrihe

first T uppermost left pixel. However the zerfrequency should be in the center
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pixelto truly observe the rotation property of FT. Otherwise, the frequency domain
representation woulthave to berotated around the uppermost left pixel since FT

rotates around the DC componerdand combined with periodicity, calculation
complexity would increase A function call ed Afftshidf
frequency component to the center of the spectrum, which performs as in the figure

4.4 below. The frequencie increase by getting farther away from the center.

Figure 44 :  Ho Wftshifth ewdir k s

Note that Afftshifto is not enough to
since there is a one pixel shift. To solve this prohlene column and one row are
added to the right side of and under the frequency domain representation
respectively. These column and row are the same as the leftmost column and
uppermost row, since the FT is periodic.

4.5.22 The Discord betweerCircular and Square Operations

LPM is a transformation that takes a circular area from the Cartesian domain
and maps it into aectangulararea in the logolar domain. However, FT and
bispectrum are defined on squdrareas on D. Because of this disunity, it is
necessary to determirie which way the circular area to operate LPM on will be
selected. The obvious two choices are the inner circle and the outer circle as shown

in the figure belowor an image

Figure 45: Inner and outer circles for LPM
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In this study, the inner circles used because LPM is applied after FT or
bispectrum, and the data disregarded by taking the inner cigt& corresponding to
the corners of the squared areeorresponds to very high frequencies, which do not
affect thereconstructedmage in a way noticeable by eye.

In addition in thisway, LPM can also be appliad image domain, besides
frequency domain. Otherwise, in using the outer circle, outside of the squared area
containing the data would have to be filled with data froighigoring subimages
which is not applicable for the template image taken as zero or NaN, which
would result in a situation such that for each template anédinsabe the same
locations ofeachLPM would always be equal, resulting in a dominatiomaddition
parametersf 0, 90, 180 and 270egreedeing determinedly phase correlation.

4.5.23 Interpolation in LPM

As explained before in section 3.5, while performing LPM,daclcoordinate
of the logpolar mapped imagéhe corresponding (x,y) valuEom the Cartesian
image is calculated, then the value of the image is obtained at this (x,y) using
approximation orinterpolation since the (x,y) coordinates are not necessaailyd
indeed in most casesitegers

Both nearest neighbor approximatiordalnilinear interpolation were used in
this study and overall, better results were obtained with bilinear interpolation than
with nearest neighbor, as expected. Bilinear interpolation was adopted for the rest of
this study.

Bicubic interpolation was also used, but it was observed that it didroeide
a significant improvement over bilinear interpolation.

4.6 Exhaustive Approach

To truly discern the necessity of our RST invariant methods, the performances
should be compadewith the exhaustive case, namely using templates at least for
every rotation, and possibly for every translation and scale, though these can be
avoiced.

Exhaustive approach has been implemented in this study to be compared in
performance to the RSifivariant methods. 36 rotated templates have been used for

each target. Scale invariance is obtained as a first step using the information on the
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altitude that the test image is obtained and the size of the target. Translation
invariance is obtained by recongttion using phase correlation.

However, the exhaustive method has two drawbacks. One of the drawbacks is
that the exhaustive case is generally not feasible, since template images containing
each target I n each angl e odses.rNott ghati o n
generating these template images artificialiyn be used to avoithis drawback.

The second drawback is the computation time. A possible approach to reduce
this computation time involves using eigenvalue reduction. In this approach, the
template images of the target with different rotation angles are represented by a
smaller number of eigenvalues and eigenvectors. This approach will be examined in
the next section.

4.7 Eigen Approach

Eigen approach has been used in this tHesiperformance comparison with
the RS TFinvariant methodsThe method has been derived from the book of Trucco
and Verri [61]. The stepby-step description of thenethodused in this studys as
follows:

1) For each targethe template images which contdinh e t r@tategl evdrsions
are taken. In this study, a number of i3&nually rotatedemplate images were
used for each target. Ideally number o360 imagesone for each degree of
rotation, should be usedbut this is obviously not feasible in relie
applications.

2) Theenergy for each template imagenormalized

3) DFT is taken for translation invariance

4) The template imagesre representess vectors

5) The average vector is calculated for each tavget these vectors

6) The covariance matrix of theectorsis computed

7) Eigenvalues and eigenvectarsrresponding to #target arecomputed.In this
study, since 36 template images were used for each target, there are a total of 36

eigenvalues for each target.
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8) The first k eigenvalues and eigenvectars kept andthe restis discardedIn
this study k is taken as equal to one fourth of the total number of eigenvalues,
which is 9.

9) The kdimensional eigenspace points corresponding to each aet@o mputed.
Hence, 36 kdimensional vectors are obtaghe

10) For each submage,the normalization, DFT and vector representation steps are
done. Then, the-kimensional eigenspace point for the Sofage is computed.

11) The closest idimensionaleigenspace pointo the kdimensional eigenspace
point of the subimage is found.

12)NCC between the corresponding template image and therageis calculated.

13)A threshold is used to discern if the siabage contains the target.
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CHAPTER 5

EXPERIMENTAL RESULTS

5.1 Introduction to Experiments

In this chapter, the results of the conducted experiments are presented and
studied in detail. The chapter is formed up according to the nature of the
experiments conducted. Note that athough some experiments are to give the overall
performance of the methods, e are to discer how a certain variation or
addtional operation affects the performanthese variations include whether to
use overlapped blocks, windowing, multiple bispectrum slices and artificial
backgrounds for the templates.

After the tests owvariations and parameters, the fivethods used in this study
are compared in performance. This comparison is conducted in a subgroup of the
databaseAfter the performance comparison tests, the best performing method is
analyzed irperformance in more ¢kl and in various situations.

The performancesf the methodsre measured in terms of receiver operation
characteristics (ROC).e. recallvs-precision graphs. In terms of true positive (hit),

false positive (false alarm) and false negative (mibs$eare obtained as:

v s O] ‘0Q
01 By = 3@ 00 GHOW G (68)
- ot "oa
Yelih= (69)

M+ @ 0ar b
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5.2 Test Data

In this study,the data for testing was collected from all over the world using
Google EarthE . The database vaapdanesibaoshtcivilgn aind ¢ us e d
military, while containing other types of test data also
5.3 Experiments on Variations and Parameters

In this section, the experiments are conducted not to give the overall
performance of a specific method, but rather to determine how a ceataation
affects theresults or the performargef the method
5.31 Overlap vs. Nonroverlap

The subimages ardakenin the size of the templates, but they can either be
taken as nowverlapping or overlapping. Even though the methods are translation
invariant, thér basic forms arédased on the assumption that the target is in the
center of thesubimage.Our revision of theanethodsbasedon usingmultiple peaks
and fixing translation after fixing the rotation and scalercoms this to some
extent but the larger part of thtarget in the submagethe betterthe resultswill be,
obviously.

The tests on overlapping were conducted with the method presented in Section
45 and withnofover | apping and overlapping bloclk
a n d AHingle bispectrum slice was used for the tests in this se&itmough a
large number btemplate and test images were used in these experiments, only two
of such templatdest image pairs are presented here for space considerations. These
two examples are chosen such as to convince the reader that the overall results of
these experiments erthe same as those presented in Section 5.3While
presenting the test images, the-sumages are separated by red lines. The blocks that
are bound in green are those gnitages that result in a final NCC result greater than
a given threshold, takers&.5 hereThe NCC results are also presented in all of
these sections for the corresponding tests. Note that-#hés>of the NCC results

corresponds to the number of the Sotage being tested.
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Figure 52: Template image for the second overlapping test

5.3.1.1 Noroverapping Blocks

Figure 53: Test image for the first template with the rawverlapping submages shown
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Figure 55: Test image for the second template with the-nwerlapping submages shown
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Figure 514: Final NCC results for Figure 53

5.3.14 Result of the Experiments on Overapping

In the light of the experiments, it waobserved that an overlap f ras io |
crucial toensure that a large part of the target is in one of theirmagesand
improves the results significanthilso, in general, an overlapa t providéd with
better resultseven thought increases theomputation timeconsiderablyNote that
the increasein computation time is directly proportional to the increase in the
number of submages, which can be easily observed from taeis of the plots on
NCC resulisfor the data presented heen over |l ap ratio of IJ i:
of this study andill the other experimenigresentedvill be thoseconducted using
an overlap r atimages.of IJ for the sub
5.32Windowing Analysis

As discussed in Chapter 4, windowing can be used to decrease the effect of
background andnake translation appear as circular translation, laexce obtain
better results. Presented in this section are the results of experiments on the effects
of windowing functions on the performance.

Three similar windowing methods are implemented in tBidy, Gaussian
windowing, Hamming windowing and Hanning windowing. These windowing
functions are applied to both the templates and theirsaes.Presentedbelow in

Figure 5.15, Figure 5.16 and Figure 5at@ these windowing functions.
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Two templates and two test images are presented in this section. These two
tests were chosen among all the conducted experiments on windowing because they

serve to enable theader observe the results derived from the overall experiments.

The templates that are used are shown below.

ﬁ.

Figure 5.B: Template image for the first windowing test

Figure 5.B: Template image for the second windowing test

5.32.1 Without Windowing

Figure 520 Results for the first windowing test, without windowing (threshold=0.7)
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Figure 5.3: Final NCC results for the second windowing test without windowing

5.32.2 Gaussian Windowing

0O & =cos — = sin 70
v 1 )] (70)

r'

Figure 5.2: Results for the first windowing test, with Gaussian windowing (threshold=0.7)
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Figure 5.8: Results for the second windowing test, with Gaussimowing (threshold
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Figure 5.Z: Final NCC results for the second windowing test with Gaussian windowing

5.32.3Hamming Windowing
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Figure 5.38: Results for the first windowing test, with Hamming windowing (threshold=0.7)
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5.32.4Hanning Windowing
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Figure 532 Results for the first windowing test, with Hanning windowing (threshold=0.7)
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Figure 535: Final NCC results for the second windowing test with Hanning windowing

5.3.2.5 Result of the Experiments on Windowing

As can be seen from the two experiments presented above, the three
windowing methods performed very similarlwith Hanning windowing proving
very slightly better results overall. Through the experiments on windowing, it was
observed that windowing can be used to increase the dynamic range of the results,
and hence decrease the number of false alarms, significamlyhence also make
adaptive thresholding easier. This can also be observed in the two tests presented in
this section. However, windowing can increase the number of misses, as can be seen
in the second experiment presented. This is caused when theitaitye subimage
is not right in the center of the sudage, but falls more into the windowed part.
Alt hough an overlap ratio of IJ decreases
hence the number of misses can somewhat increase with windowingveio the
gain is greater than the lost. Hanning windowing is adopted for the rest of this study.
5.3.3Using Atrtificial Background for the Template

As explained before in Section 4.5.1.1, additional data in the form of
background affects the results mifgcantly and is the main difference of this study
from the somewhat similar studies that can be found in the literature. Using artificial
background for the template is one of the first things that come to mind to solve the

background drawback. In thie&ion, an example for the tests on using artificial
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background for the template is presented and the results of the overall tests are
explained with conclusions drawn.

Figure 5.3: Templateimagewith artificial background

5.3.3.1 Template with Natural Background
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Figure 539: Final NCC resulf for the template image with natural backgrogusing Hanning
windowing)

5.33.2 Template with Artificial Background

Figure 540 Results for the template image wittificial background (using Hanning windowing)
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Figure 541 Final NCC resul for the template image witirtificial backgroundusing Hanning

windowing)

5.33.3 Result of the Experiments onusing Artificial Background for the
Template

As can also be observed from the example presented above, using artificial
background for the template does not improve the results. On the contrary, the
results are generally degraded by using artificial background. The reason for this is
that although wat we wish to match is the template, the background also takes up a
big part of the template image and actually, both are tried to be matched in the test
images. This is also the reason that targets that are on much different backgrounds
than the targetsiithe template image are hard to be detected and recognized.
5.34 Slice Analysis

As discussed in Chapter 4, the choice of which bispectrum slice to use, i.e., the
bispectrum slice constaraffects the results his effect isindistinctin some images,
while important in othersThe straightforward solution to this drawback is to use a
multiple number of sliceswhich result in more computation time, but better results
However, first, the fact that the results vary adaog to slice choice should be
proven. Given below are a template image and a test image containing 13 targets of

the same type as in the template imaljee targets in the test image are aligned in
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various directions, which ensure that RST invariancebeabetter observedifter
the template image and the test image are presentedestiiéing normalized cross

correlation results are presented for diffefdeispectrum slice constamtfollowed by

the results for using multiple slices.

)

Figure 542 Template image for thelice analysis test

5.3.4.1 SingleSlices

Given below are the results for single slices, starting from the first slice, up to

the tenth.
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Figure 5.4: Results usingdpispectrum slice constant4, threshold=0.4
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Figure 5.8 Results usindpispectrum slice constant6, threshold=0.4
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Figure 5.9 Results usingdpispectrum slice constant8, threshold=0.4
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Figure 5.%: Results usingdpispectrum slice constant9, threshold=0.4
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Figure 561 Results usingpispectrum slice constant10, threshold=0.4
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Figure 562 NCC results usinppispectrum slice constant10

As can be seen from the results above, the sixth slice, bspactrum slice
constanbf six, gives the best results for the given template image and the test image.
However, more importantlyf is observed that the correlation results, and hence the
hits, misses and false alarms vary according tdotseectrum slice constar®iven
below are the results for using multiple slices, by whioh each submage, the
slice givingthe highest correlation resuis used, i.e. the highest correlation result is
taken as final. Thisill obviously raise the number of false alarms, but provide a
higher number of hits ara better performance.
5.3.4.2 Multiple Slices

Given below are the results for the same template image and test image, but for
multiple slices. Two different results are presented, the first being the result of using

the first five slices and the second the first ten.
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Figure 5.8 NCC results using the first fiveispectrum slice constant
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Figure 5.®: NCC results using the first tdrispectrum slice constant
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5.34.3 Result of the Experiments on Slice Analysis

As can be seen from thexemplarytests presented above in this sectihe
choice ofbispectrum slice constanan affect the results. This effect can be easily
observed in the test image chosen for these tests, while in another test image, the
effect may not have been observalilsing alarger number of slicegenerallydoes
provide an improvement in the results, which is significant in some casewekMer,
the computation time is increased to the number of slices times the calculation time
for the same method using a single slidence, the increase in computatioraiso
significant. Also, using multiple slices can decrease precision, since the number of
false alarms can increase. Whether to use multiple sticesot and how many
slices to use if decided on usiregechoices to be made by the usefthe method
5.4 PerformanceTests

In this section, the performances of the methods used in this study are
compared. These methods are, in order, template matching using FMT, template
matching using reconstruction with FMT, templanatching using reconstruction
with bispectrum and LPMthe eigen approach presented in Chapteantl the
exhaustive caséNote that both the eigen approach and theadled exhaustive case
in this study involve translation invariance by phase correlatio
5.4.1 Effectof Bispectrum slice constanbn Recall vs.Precision

The effect ofbispectrum slice constanin performance will be presented one
more time in this section,ub this time in terms of recall amqatecision. Note that the
results presented are only for the given template image and test image, and in no
way generallyapplicable. In other words, a particul@ispectrum slice constatttat
gives the best results for a test image can be the worstdoneanOr the effect of
bispectrum slice constanan be completely negligible for another template image

and test image duo.
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Figure 5.6: Template image for the effect bispectrum slice constanh recallvs.precision
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Figure 5.®: Test image for the effect bfispectrum slice constaah recallvs. precision
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