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Abstract

This thesis represents a tolerance near set approach to detect similawiéebe
digital images. Two images are considered as sets of perceptual objécdaar-
ance relation defines the nearness between objects. Two percepjaads obsemble
each other if the difference between their descriptions is smaller than abielera
level of error. EXxisting tolerance near set approaches to image similantidmy
both images in a single tolerance space and compare the size of tolerarses.clas
This approach is shown to be sensitive to noise and distortions. In this, thesg/
tolerance-based method is proposed that considers each image insestparance
space and defines the similarity based on differences between histogridrasize
of tolerance classes. The main advantage of the proposed method is itséser
tivity to distortions such as adding noise, darkening or brightening. Thiarddge
has been shown here through a set of experiments.

Keywords: Image similarity measure, perceptual systems, near sets, tolerancg,space

tolerance near sets, histogram-based similarity measures, near imagessgseasa-
sure, probe function, feature vector.
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1 Introduction

Digital imaging and digital image processing have a histdmyore than 4 decades. Also,
computational and storage power of digital computers miguessible to archive, manage
and analyze digital images using mathematical algorithmdigital image precessing.
Furthermore, the rapid growth of the Internet users andqudaitly recent popularity
of social media were important factors to grow the number igital images. Photo
sharing web service Flicl®) alone have received more than 5 billion images uploads,
since the launch of this web site in 20@}.T his huge amount of digital images and their
usage is the reason why it is important to develop computatimethods for analysis,
management and classification of images and the challepgoiems that will arise.
One such problem which is considered in this thesis, is hodetime a measure of
similarity between two digital images. Different approasimay be taken to define the
similarity between two images based on visual features asatolor and texture. The
main approach in this thesis is based on tolerance neareseythnd statistical analysis of
the size of tolerance classes. Recently, it has been showN¢aa set theoryZ6, 27, 23]
can be used in a tolerance space in order to discover afffigeveen imageg|8, 33].
Almost all of the different methods for defining similaritysolve the following two steps:

e Step 1: Extracting some features of the images and constgusdme feature vec-
tors (feature extraction).

e Step 2: Defining the similarity using the given feature vex{gimilarity measure).

The focus of this thesis is on the second step and the ressarchconcerned with finding
or extracting the best possible features. This is espgdmfportant because the optimal
features in each case depend on the application and canrgensgally investigated.
Once the feature vectors are obtained, there are alsoatitfapproaches for defining the
similarity between two images (step 2). Traditionally,réhare two main approachety.
Each approach is supported by different psychological isoalehow humans perceive
similarity:

1. The first approach is to define similarity as a function stalice between feature
vectors such that higher values of distance gives loweregabf similarity. The
type of distance that is used can be anything as simple asutiel&an distance or
other norm based distance&3[ 48]. Sometimes other forms of distances such as
Hausdorff distance can be us&8]. A Hausdorff distance can be used to compare
binary images (as commonly is used, s@[9]) or to compare sets of feature
vectors in feature space as used in this thesis.



2. The second approach is a probabilistic approach whesarthiarity depends on the
distribution of the feature values and hence is a functiothefdifference between
histograms. See.g. [2, 51, 47]. Once the histograms are obtained, one may view
the histogram as a set of features and hence this approadheciauterpreted as
the first approach when feature vectors have been repladbchistograms. This
approach has been used many times in literature conceroimgrtt based image
retrieval that rely on image similarityp, 41].

Some authors have used both approacthés [Some authors also have reported other
methods such as clustering algorithm as well as an imaggmnémm neural networkq1].
Fuzzy set based approaches have also been d46edMore information about the exist-
ing methods in image similarity can be found id2[ 47, 52].

The key idea in this thesis however, is based on comparingesim a tolerance space
of subimages in the feature space. The general idea of usiaigahce spaces and near
set theory started recently by James F. Pet&tk [nspired by the initial ideas of Zee-
man B4] on visual perception and Sossinslkdg[ on tolerance spaces. A tolerance near
set approach to image similarity is based on the idea thaaiwserception of image sim-
ilarity forms by tolerance classes afmost similarelements in the images. This is the
key idea in many recent publications image corresponderatdem [B, 33, 18, 40]. The
contribution of this thesis is mainly on defining a new measafrnearness between im-
ages based on the statistical analysis of the cardinaliiylefance classes. The proposed
similarity measure is fully described in sectibr?2 and can be described as an alternative
to another recently proposed measure by Christopher Hef6}.i(Section 5.1)

1.1 Applications of image similarity

Finding similarity between images is of a great importamcenany applications. Some
of the possible applications include the following:

e Management and search through digital archives of imagasideos in personal,
commercial and public domain image archiveig, [42]

e Medical applications: analysis, archive and searchingica¢dnages. 19|
e Searching for images on Internet, query by ima@8, §2, 4]

e Application in “image registration” problem where similgrbetween images used
to determine similarity between an image and its transftiona[15, 45]



e Image quality assessment: where the goal is to assess titergyngor differences)
between a reference image and a distorted imats 50)].

e Classification and retrieval of images based on content bsisaithrity between
pair of images. 3, 42

e Removal of duplicate images from image databases by findindasity between
the image and its duplicatel]]

¢ Investigating copyright violations by content based searad finding the source of
a givenimage.11, 12]

1.2 Contributions

The main contributions of this thesis are:

e Proposing a new tolerance space-based image similarigrr{ess) measure that
considers each image in its own tolerance space. (TCD neanmessure)

e Implementation of the existing tolerance based methodsrengroposed methods
using C++.

e Developing a stand alone application with graphical userface (GUI). This ap-
plication can be used by users to select and compare digitades and calculate
nearness measures (similarities).

e Investigating the performance of the proposed method bfppeing a set of ex-
periments on measuring similarity between an original ienaigd a distorted image
considering three different types of distortion includligiptening/darkening, noise
and twist.



2 Perceptual systems

A perceptual system is a set of perceptual objects and prottiéns where probe func-
tions are used to extract and represent features of thetsbj28, 35, 22]. A perceptual
object ¢ € O) is something that can be presented to the senses and reeddmy the
human mind 20, 23, 22]. For example, a group of pixels in an image can be described a
a perceptual object that can be seen and perceived. A prabgdn can be described as
a model of a sensor that senses some visual features of at sb@h as color, entropy,
texture, edges, spatial orientation, etc. Therefore, agercan be considered as a set of
perceptual objects in a perceptual system approach to iavaggsis f10, 23, 18]

Definition 1 Probe function [23, 24]

A probe functionp(x) is a real-valued function representing features of the iphysbject

x. A set of prob function& = {¢,(z), ¢2(x), ..., ¢;(z) } can be defined to generate all the
features for each objectwhereg; : O — R. If only some of the probe functions are used
to describe the perceptual objects, then welfise IF to represent the probe functions in
use.

Average gray
level of subimage
phi(x)

Figure 1: A perceptual object is a subimage that can be destrwith a probe function
such as the average gray level

Definition 2 Perceptual Systenf23]
A perceptual systertO, F) is a real valued deterministic information system wheres
a non-empty set gberceptual objectsvhile IF is a countable set gfrobe functions

Example 1 Images and perceptual subimages
An example of a perceptual object can be a pixel or a groupx@ipor a region inside an



image . For example, an image can be divided into differebinsages and each of these
subiamges can be considered as a perceptual object. Rglmawvs an example image

divided into subimages. This image has been divided intauggsubimages (windows)

with the same size. The group of pixels belonging to eachnsaipe creates a perceptual
object that can be visually perceived.

(a) Original image (b) Each subimage is (c) Gray scale image (d) Avg gray scale
(Walnut) a perceptual object used as a feature

value

Figure 2: Images and perceptual objects

The set of probe functions or different features for the gpteal objects represented
in an image can include average gray level, color, entrogiye@r texture. For instance,
in the example of figur@, we would like to use only average gray level of the pixels in
each subimage (window) as a probe function. Hence satsdB will be,

F={61(2), ¢2(2), ..., ¢u(x)}

= { avg gray level, color, entropy, edge, texture, spatialraton }.

B = {¢:1(z)} = { avg gray level of the pixels in each subimage (windpw)
Figure2d shows feature values of the perceptual objects in Fighr&very subimage

has been replaced with the average gray scale value of apixeés in the subimage
(perceptual object).

This approach to representation and comparison of featlues by probe functions
started with the introduction of near set25]28]. Probe functions provide a basis for
describing and discovering similarities between sampjeai® in the context of a percep-
tual information system. This approach is a generalizaticihe concept of attributes in
the approximation spaces exists in rough set theg@y17].

5



2.1 Probe functions (Visual Features)

Examples of probe functions are displayed in tablghere each probe function extracts
some features of the subimage. The choice of probe functisabjective and depends
on the application.

Table 1: Examples of probe functions in ue= {¢1, ¢2, ¢3, P4, 05}

Probe
func- | Name Equation Comments and descriptions
tion
N (z) is the number of pixels in subimage
Average 1 | wi is thei'™ pixel in subimager and gr(y;)
o1(2) gray level 1) = N(@) Smie g7 (1:) is the grey level intensity of the pixel; nor-
malized between 0 and 1.
Entro of i=L L is the number of grey levels in imagé &
¢a2(x) Subimpgge po(x) =E = — Zpi log p; | 255) and p; is the probability of having'”
i=0 level of gray scale for a pixel.
Average .
1 ‘ Average of the Red component (R) of all pix-
s(2) S:r?\ponceor:?r 93(2) = 57 Lwer B | 1gin the subimage in RGB color space
Average
Average of the Green component (G) of all
- 1 )
Pa(@) Sc:ﬁ;r;n(;?]lfr 4(%) = N7y e Gl111) pixels in the subimage in RGB color space
Average .
Average of the Blue component (B) of all pix-
S 4
¢5(w) CB(I)L;sponC;I]?r 95(2) = 57 Lwer BU) | gig'in the subimage in RGB color space

2.1.1 Gray level

Digital images are represented with a set of pixels in a twoedisional array and the
associated intensity level of each pixel. In gray scale msathere is only one information
associated with each pixel and that is the intensity or lniggs of the pixel represented
with a number in a given range. In a digital image this numbem n-bit binary number
and therefore intensities can be represented @itldifferent levels ranging from 0 to
L = 2" —1 (e.gL = 255 for an 8 bit digital image). We normalize the values and



represent them with a number between 0 and 1 by dividing alvilues byL. Let y;

be a pixel (" pixel in an image). We user(u;), to represent the intensity or gray value
of this pixel as it is used in the first two probe functions ibléal. Figure3ashows an
example of a gray scale image.

2.1.2 Entropy

The entropy of a subimage (or an entire image) is defined usiegshannon entropy
formula given in equatiod . Entropy is a statistical measure of randomness.

=255

E=- Z pilog p; (1)

=0

wherep; is the probability of the occurrence of gray leveh the subimagesp; can be
defined agi = h;/N whereh; is the number of pixels that take tifé gray level andV is
total number of pixel in the subimagg; can be obtained using the histogram of the pixel
intensities. Lets assume we have 256 bins for the histogmnesponding to 256 gray
levels ranging from 0 to 255. The value of histograni’abin, represents, (the number

of pixels in the subimage that havé gray level). A value of 0 is produced where all the
pixels have the same intensities and the maximum value cd@nhappens when all the
intensities have equal probability of occurrence.

2.1.3 Color

Unlike a grayscale image, in a color image, there are 3 nusn&signed to each pixel
that show the intensity value of each separate color comygoRer example, in an RGB
color space (which is the standard in computer displays)) p&el has 3 intensity values
representing Red, Green and Blue color components. A colayeroan be viewed as the
combination of 3 separate image where the intensity of pikekeach image represents
the corresponding color. Figu@b shows the color image and figur8s to 3e show
the intensity of each separate color channel and hencesereedness, greenness and
blueness of each pixel.In tablel, we useR(y;), G(u;) andB(p;) to represent intensities
of color channels for the pixel;.

limages are extracted from http://en.wikipedia.org/Fiké:RGB_channelsseparation.png. Images are
in public domain no licensing required



(a) grayscale (b) colored (c) R channel (d) G channel (e) B channel

Figure 3: A sample image, (a) gray scale, (b) color imagéd,€gthree images represent-
ing intensities of R, G and B channels, respectively

3 Perceptual Indiscernibility and Tolerance Relations

Tolerance relations can be viewed as a natural generalizafithe indiscernibility rela-

tions. Sossinsky in his original paper in 1986 writes:

"The exact idea of closeness or of 'resembling’, or of 'bewithin tolerance’ is univer-

sal enough to appear quite naturally in almost any mathecahsetting. It is especially
natural in mathematical applications: practical problepmsore often than not, deal with
approximate input data and only require viable results -ufeswith a tolerable level of
error” [ 43

In this section tolerance relations are defined and compaitbdndiscernibility rela-
tion. Indiscernibility relation introduced by Z. PawlaR]] is the key idea in approxima-
tion spaces in rough set theory. Indiscernibility and tahee relations are important and
useful in defining measures to compare affinities betwears paperceptual objects in a
perceptual system, for example to compare perceptual sn@dg The termtolerance
spacewas introduced by E.C. Zeeman in 1961 in modeling visual pi@e with toler-
ances $3]. A tolerance space is a sat supplied with a binary relatior: (i.e., a subset
~ C X x X)thatis reflexive (for alke € X, x ~ z) and symmetric (for alk,y € X,

x ~ yandy ~ ) but transitivity of~ is not required. We use indiscernibility and
tolerance relation in the context of perceptual systems.

Definition 3 Perceptual Indiscernibility Relation
Let (O, F) be a perceptual system. For evayC [ the indiscernibility relation~z is
defined as follows:

~={(z,y) €O x O | Vo e B, | o) -9y [l=0} (2)
If B = {¢} for somep € I, instead of 4, we write~.

8



Definition 4 Perceptual Weak Indiscernibility Relation
Let (O, F) be a perceptual system. For evéhC [F the weak indiscernibility relation
is defined as follows:

~p={(x,9) €0 x O | 3¢ € B, || Ag ||= 0}, (3)
If B = {¢} for someyp € I, instead ob~ 4, we write~,.

The set of all perceptual objectsdnthat are indiscernible to an object O is called
anequivalence clasand is shown as,. .. Note that all the elements in an equivalence
class are indiscernible to each other.

Definition 5 Tolerance Relation
Atolerance relatiorR C X x X on asetX in general, is a binary relation that is reflexive
and symmetric but not necessarily transitikg][

1. R CXxX
2.Vx e X, (z,x) eR
3. Vr,ye X, (z,y) eR = (y,x) ER

The basic idea in a tolerance view of image similarity is fglaee the indiscernibility
relation in rough sets with a tolerance relation in near.sets

Definition 6 Perceptual Tolerance Relation
Let <O,IF> be a perceptual system and ¢e€ R (real numbers). For ever§ C F the
perceptual tolerance relatiéys is defined as follows:

5= {(2.9) €0 x 01 || (x) — d(y) < e}. (4)

where(z) = [¢1(z) ¢o(x) ... ¢(2)]" is a feature vector obtained using all the probe
functions inB and|| . || is L, norm (L, norm in general). I3 = {¢} for some¢p € F,
instead of=,, we write=,,. Further, for notational convenience, we will writg; instead

of =5 . with the understanding that there is a parametr definition of the tolerance
relation.



Similar to definition of equivalence classes using indisi®lity relation, atolerance
classcan be defined as

Tyzy ={y € O |y =p x}. (5)

This is a definition of tolerance class that is introduced ij. [It is important to note
that tolerance classes do not partition the(3diut rather cover the set€. an object can
belong to more than one class). The set of all toleranceedasscalled aoveringof O
and is defined as:

O/gs = {x/%B | LS O} (6)

A covering is a family of subsets @f whose union i) and their intersection is not nec-
essarily empty. Figurd for instance shows an illustrated example of a set of subémag
(windows). Sample tolerance classes are shown in Figlyés4e Intersection of these
tolerance classes is not necessarily empty and they covaritinal image (union of all
tolerance classes is equal to the original image). Fighieesd6 show examples of a real
image and its covering with different window sizes. The attlasses are not shown
independently. Each subimage is again replaced with itagesgray scale value.

10



.

(a) A covering

.

(b) 1st class (c) 2nd class

.

(d) 3rd class (e) 4th class

Figure 4: (a) A set of subimages in an unknown image, (b)-Xe@mples of tolerance
classes (subsets of the original set in (a)) that have noryeimersection and cover the
original set

11



(a) original image (Lake) (b) gray scale image (c) Covering,p=20

(d) Covering,p=40 (e) Covering,p=60 (f) Covering,p=100

Figure 5: Coverings with different subimage sizes (p by pIgixe
(a) original image (b) gray scale image (c) Covering,p=20 (d) Covering,p=40

(e) Covering,p=60 (f) Covering,p=100

Figure 6: Coverings with different subimage sizes (p by pIgixe

12



4 Near sets

It has been showrBf, 23, 35, 29, 7] that near sets which are a generalization of Rough
sets B6] provide a good basis for classification of perceptual dsjeSets of percep-
tual objects where two or more of the objects have matchisgri#ions are called near
sets R7]. The basic idea in the near set approach to object recognigi to compare
object descriptions. Sample perceptual objactg € O,x # y are near each other if,
and only if x and y have similar descriptions. Figres an illustratior? of two near sets

X andY where elements with similar descriptions have been coldedqequivalence
classes). Set¥ andY both contain elements that belong to the same equivaleass,cl
and hence, are near each other.

Figure 7: lllustration of near sets X,Y containing elemenith the same description.

Definition 7 Weak Nearness Relatiof22, 23]

Let (O, F) be a perceptual system and fétY C O. A setX is weakly near t@ setY”
within the perceptual systef®), F) (X<pY) iff there existr € X andy € Y and there
is B C F such thatr ~5 vy, i.e.,, setX is weakly near t@ setY'.

Definition 8 Nearness Relatiof22, 23]

Let (O, F) be perceptual system and [8tY C O. A setX is near toa setY” within the
perceptual systenO,F) (X < Y) iff there areFy, F, C Fandf € F and there are
A€0),,BE€ Ofup,, C €0, suchthatd, B C C.

2Image7 copied fromht t p: / / en. wi ki pedi a. or g/ wi ki / Near _set s

13



Figure 8 shows the nearness relation in more detailccording to definitior8. In
(a), two setsX, Y are considered in the spaCewhereO is partitioned into equivalence
classes of indiscernible objects using a set of probe fanstgiven in3 C F. It can be
seen than setX andY may have elements that belong to different classes of abject
However, in order for the two set§ andY to benearto each other, it is necessary to
find any two subsets d namelyF; andF; such that when we partition the setwith F;
andFs, there are at least two resulting classes O,.,, andB € O, thatare subsets
of X andY, respectively. This is shown in part (b) and (c) of Fig8reMoreover, there
should exist a probe functiofi € F such thatA and B both belong to one of the classes
that is created by partitionin@ using the probe functiori. Part (d) of the figure shows
how O is partitioned into equivalent classes where one of therudes bothA and B
(A, B C Q).

0

O,

(a)

0.,

. .«
(c) (d)

Figure 8: lllustration of near sets X,Y based on definiton

Definition 9 Tolerance Nearnesg2, 23]
Let <O,IF> be a perceptual system and fétY C O,e € R. The setX is perceptually

near to the seY” within the perceptual syste@,@ (X 1, Y) iff there existz € X,
y € Y ande € R such thatr = y.

3Image8 copied fromht t p: / / en. wi ki pedi a. or g/ wi ki / Near _set s
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Table 2: Relation Symbols

| Symbol| Interpretation

Set of perceptual objects,
X C O, set of sample objects,
A set of probe functions,
B C TF, set of probe functions in use,
reals,
¢ € B, whereg,; : O — R, probe function,
~B {(z,y) | f(x)= f(y) Yo € B}, Indiscernibility relation,
~p  |{(z,y) € O x O] J¢; € Boi(x) = ¢;(y)}, weak indiscernibility
=z . |Perceptual tolerance relation,
Ty | Tjmy =1y € X | y ~p x} (quivalence class),
O/ny |Ojny ={z/~p | € O}, quotient set,
DXIg nearness relation symbol,
Xz | weak nearness relation symbol,
Tolerance nearness relation symbol.

e 8 A = O

EB,e

Definition 10 Tolerance Near Sets

Let (O, F) be a perceptual system and ftC O. A setX is a tolerance near set iff there
isY C O such thatX xq. Y. The family of near sets of a perceptual systgmI) is
denoted byNear(O).
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5 Nearness Measures for Image Analysis and Compari-
son

Near set theory is a theory about nearness between setsviligs a framework for com-
paring sets of perceptual objects based on their desariptieor example, tolerance near
sets B3], suggest how we can use tolerance relations to define resabetween objects
in near sets. However, defining an actual numerical neamessure between two sets
depends on the application and is not directly addresseelanset theory. In this section,
nearness measures between images are developed andguesenhear set framework
using tolerance relations in a tolerance space. The teeraiote space was introduced by
E.C. Zeeman in 1961 in modeling visual perception with talees. Tolerance relations
are viewed as good models of how one perceives, how one 58edlerance relations
are also considered as a basis for studying similaritiesdst objects30]. The basic
idea behind using tolerance classes is to relax the equslelations needed in mathe-
matical world and extend it to tolerance relations whareostsolutions are possible.

In this section, a new similarity measure based on tolerateegses and near sets, for
comparison and analysis of images will be introduced. The measure called toler-
ance cardinality distribution nearness measure (TCD) isdas statistical distribution
of the size (cardinality) of the tolerance classes in eadgen The idea behind it is that
if images are similar to each other, they should have cooredipg tolerance classes with
almostthe same size and hence similar size distribution functio@® will be compared
to another tolerance based measure named tNM and a Haudidteifice based measure
named HSDF.

5.1 Tolerance Nearness Measure (tINM)

Tolerance nearness measure (tNM), introduced6]nq based on the idea that if two
images are similar, tolerance classes in the union set gktinages will have similar
number of subimages from each image. tNM between two ima@e] |s defined as

follows:

SupposeX andY are sets of perceptual objects (for example, two images),/an-

X UY isthe union ofX andY. Let[z/~, |-, and[z/~, |-, denote the portion of the
tolerance class~, . that belong taX andY respectively. Then,
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[Z/%B,s]gx = {x € Z)xp, ‘ S X} C =T (7)
[Z/%JB,E]QY £ {y € R/=g . | Yy e Y} - R)p . (8)
Rj=p . = [z/%B,e}gx U [’Z/%B,s]gy 9
Tolerance nearness measure (tNM) is defined as the weigleealg of the closeness

between the cardinality (size) of §ef~, |, and the cardinality ofz/~, |, where the
cardinality ofz,~, . is used as the weighting factor.

min( Hz/%B,s]gX’ ) ‘[Z/%B,g]gyl )

1
—— X
Z ’Z/%B,J 2jepg max( Hz/%s,s]gx‘ ) Hz/%g,g]gy‘
Z/EBA,E

tNM = X |2ms | (10)

5.2 Tolerance Cardinality Distribution Nearness Measure (TCD)
5.2.1 Motivation

tNM nearness measure is the first quantitative measure @fdrsnilarity in the context
of tolerance near sets. While tNM has been shown to be a powedasure for image
similarity, there is a basic problem in this method which s motivation for defining
another measure (TCD) which is explained in the next sectids.can be seen from
the above equations, tolerance classes in calculationMfdh formed in the space of
all perceptual objects in the union of both images. Thisteiea problem, if all of the
pixels (or perceptual objects) of an image are shifted infla¢ure space (for example
lightening or darkening of an image). In this case, the naftezhpixels are no longer in
the same tolerance class with the corresponding pixelseiotiginal image, and hence
the value will be significantly changed. This problem is shag an example in Figure
9. While both of images are expected to be similar, the tNM sintil measure between
two images is 0.27s(= 0.2, subimage size = 15 pixels and two probe functions in use are
average gray level and entropy).

The new proposed measure (TCD) in this thesis, however, edbas obtaining tol-
erance classes in the tolerance space of each image inaliyidrhe correspondence
between perceptual objects is then defined by comparingzbeoktolerance classes in
each tolerance space. This will be done by comparing thedrat of the sizes (car-
dinality) of tolerance classes in each space. TCD similangasure between images in
Figure9 (as will be discussed in the following section) will be 0.&iah is intuitively
more accurate.
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Figure 9: An image under two different lightening condisotNM = 0.27, TCD = 0.8

5.2.2 TCD similarity measure

A similarity measure is proposed here based on statististilalition of the size (cardi-
nality) of the tolerance classes in each image. The sizeaf tderance class is defined
as the number of perceptual objects (subimages) in thatatade class. Definition of
TCD is based on the basic idea that if images are similar to eth@r, they should have
corresponding tolerance classes with “almost” the saneaizl hence similar size dis-
tribution functions.

Let X, Y € O represent two images (sets of perceptual objects) wheyectre be
covered by a tolerance relation . Sets of all tolerance etagsX andY” are:

Xy, = {x/’:VB,e | z € X} (12)
Vi, ={yy=p. | y €Y} (12)

Let c(z/~,,) andc(y,~, ) represent normalized cardinality of the tolerance classes

T~y @Ndy )~ , respectively.

T/,

C(x/%B,e) - ‘XB| (13)
Y/=p.

(y=s.) = "y (14)
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Suppose{by, by, ..., by, } is a set of discrete bins for calculation of the histograms of
c(x /=) ande(y/~, ) Wherex € X andy € Y. The histogram (or empirical distribution
function) of ¢(x,~, ) at bin valueb; is shown asf, (b;) and is defined as the number
of tolerance classes with the number of subimages (siz¢)b#langs toj!" bin. The
cumulative distribution function is then defined as follows

CHCX(bj) = § HCX (bl) (15)

CH.,, (b;) is similarly defined for image”. The Tolerance Cardinality Distribution
(TCD) nearness measure is defined by taking the sum of differemtegén cumulative
histograms as defined in equatibé

TCD =1- (ZN CH.. (b;) - OHCY@)\) (16)

J=1

Example 2 Distribution of the size of tolerance Classes

Consider pair of images (A and B) in Figut® and pair of images (A and C) in Figure
12. The images are divided into subimages of 20 by 20 pixels aodorobe functions
have been used to measure the “average grayscale” andgghtrfoeach subimage. The
tolerance classes have been calculated (usirg2). Size of each tolerance class is the
number of subimages in the tolerance class. FigOe10dand12dshow the histograms
(empirical distributions) of the size of tolerance clasgest normalized) in images A,B
and C, respectively. Moreover, normalized cumulative lgisins for images A,B and C
are plotted in figureg¢1c 11dand13d respectively.

These histograms represent how the tolerance classessairtbuded in terms of their
size. In order to compare distributions (histograms) betw&o images, cumulative his-
tograms have been used instead of plain histograms beddweseheen claimed that this
method is less sensitive to the choice of bins for histogrgtfls Dissimilarity between
images is calculated by subtracting the cumulative histogrof the corresponding im-
ages. Figuredleand13eshow the absolute value of difference between cumulative
histograms calculated at each bin for pairs of images in A @airs of images in A,C
respectively. The area under this plots represents therdifte between these histograms.
Comparing image$leandl13ereveals that difference between images A and B is more
significant than between images A andi@.(images A and C are more similar to each
other). In an extreme case, for two identical images, hrsimg (and hence cumulative
histograms) are the same and the difference would be zero.
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(a) Image A (b) Image B

12 Histogram of the size of tolerance classes ——lena
T T

0 50 100 150 200 250

(c) Histogram of size of classes in Image A

Histogram of the size of tolerance classes ——cameraman
12 T T T T

0 50 100 150 200 250

(d) Histogram of size of classes in Image B

Figure 10: (a),(b): Pair of images (A,B) and (c),(d): histmgrof the size of tolerance
classes
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(a) Image A (b) Image B

. Cumulative histogram of the normalized size of tolerance classes —-lena | Cumulative histogram of the normalized size of tolerance classes ~-cameraman
T T T T T T T T T
0.9+ 0.9
0.8 0.8
071 07
0.6 06
05+ 05
0.4 0.4
03 03
02 02
0.1t 01t
0 07 ) 09 1 0 01 02 03 oa os 06 07 08 ) 1

(c) Cumulative histograms of the size of classes i) Cumulative histograms of the size of classes in

Image A Image B
absolute difference between cumulative histograms
1 T T T T T
0.9 —
08 -
0.7 —
0.6 —

.
0 0.1 0.2 03 0.4 05 0.6 0.7 0.8 0.9 1

(e) Absolute difference between cumulative histograms

Figure 11: (a),(b): Pair of images (A,B), (c),(d): cumulatiistograms of the size of
tolerance classes, (e): difference between (c) and (d)
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(a) Image A (b) Image C

12 Histogram of the size of tolerance classes ——lena
T T

0 50 100 150 200 250

(c) Histogram of size of classes in Image A

Histogram of the size of tolerance classes — Mona
12 T T T T

10 1

-50 0 50 100 150 200 250 300

(d) Histogram of size of classes in Image C

Figure 12: (a),(b): Pair of images (A,C) and (c),(d): hisagrof the size of tolerance
classes
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(a) Image A (b) Image C

Cumulative histogram of the normalized size of tolerance classes ~-lena

091
Cumulative histogram of the normalized size of tolerance classes ~ Mona-
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(c) Cumulative histograms of the size of classes {ju) Cumulative histograms of the size of classes in
Image A Image C

absolute difference between cumulative histograms
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o - _..]]]]II.IIIIIIIII-_ |III|III|.IIIIIIIII|I-—. I L

0 0.1 0.2 03 0.4 05 0.6 0.7 0.8 0.9 1

(e) Absolute difference between cumulative histograms

Figure 13: (a),(b): Pair of images (A,C), (c),(d): cumulativistograms of the size of
tolerance classes, (e): difference between (c) and (d)
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Example 3 Comparing images by histograms of sizes of toleraaalassesn this ex-
ample, cumulative histograms of the size of tolerance ekase plotted in Figurd 4 for

5 differentimages. It can be seen that while Image 1, Imaged2range 4 have very sim-
ilar distributions (cumulative histograms), Image 3 andalye 5 have completely different
histograms, simple subtraction of the plots shows that themnam distance (dissimilar-
ity) between images of this set is between Image 3 and Image Seridahvalues of the
proposed!’C'D measure are shown in TabBand confirms that the lowest similarity is
between Image 3 and Image 5 (cameraman and baboon).

Table 3: Numerical values of TCD between images in exar8ple

- T . &5 '

1 0.66 0.91 0.93 0.86
0.66 1 0.75 0.59 0.80
0.91 0.75 1 0.84 0.95
0.93 0.59 0.84 1 0.79
0.86 0.80 0.95 0.79 1
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(a) Image 1 (b) Image 2 (c) Image 3 (d) Image 4 (e) Image 5

0.9

0.5
0.4
0.3r
0.2

0.1

(f) Cumulative Histograms

Figure 14: An example of five different images and their cgpmnding cumulative his-
tograms
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5.3 Feature space based Hausdorff nearness measure: HSDF

Hausdorff distance is a known classical distance definaddmst a pair of sets. It is usu-
ally used in image processing for template matching whezesgiatial distance between
sets of points (in image domain) is of interedjt [SupposeX andY are two sets of points

in a metric space. Assuming thétr, y) is any distance defined between pointandy

in the space, Hausdorff distangg (X, Y) between setX andY  is defined as:

pu(X,Y) = max{dy(X,Y),dy (Y, X)}, (17)

where
dp(X,Y) = max{min{d(z,y)}}, (18)
i (Y, X) = max{mip{d(z.y)}}. (19)

dy(X,Y) anddy (Y, X) are directed Hausdorff distances frommto Y and fromY” to X,
respectively.

In this thesis, we use a standard form of Hausdorff distamtiea feature space as used
in [37] to define the distance between sets of feature vectorsspmneling to subimages
in two images. For example, two images in Figafsaand15b have been divided into
subimages of size 15 by 15 and two features (average gray @cdlentropy features) for
each subimage has been calculated. Figdeshows all the subimages in a 2-D feature
space (gray level and entropy) where the set of points with€‘leross” named ax’
represents subimages in Image 1 (a) and points with “red dateed as” represent the
feature values for subimages of Image 2 (b). TherelomndY represent sets of points in
feature space. The difference between these sets of pnitite feature space represents
the difference between the images in terms of the desoniptad the subimages. For
example, it can be seen that Image 1 contains subimagesddaith blue cross sign '+’)
that have very low values of both gray level and entropy. €sedimages correspond to
the picture of cameraman body that is dark in color with vétielvariation and hence
low entropy. For every subimagec X andy € Y, the L; norm distance (Manhattan
distance) between subimages is defined as:

d(z,y) =l ¢(x) — o(y) L= Z |0 () — Pi(y)]. (20)

Using equationd?7 to 19, HSDF (Feature Space based Hausdorff Distance) similarity
measure is then defined as follows to represent nearness.

1
HSDF = ————. 21
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(a) Image 1 (b) Image 2

6.5F

5.5r

4.5r

entropy of subimages

3.5r

2.5r

250

gray levels

(c) Subimages in feature space

Figure 15: Two sample images (a) and (b) and the point seteafdrresponding subim-
ages in feature space (a: blue cross) and (b: red circles)

Another example is shown in figufé with subimages in the feature space
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(a) Image 1

(b) Image 2
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250

(c) Subimages in feature space

Figure 16: Two sample images (a) and (b) and the point seteafdrresponding subim-
ages in feature space (a: blue cross) and (b: red circles)
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6 Perceptual Image Analysis System: Implementation of
a GUI

The perceptual image analysis system discussed in theopesections and developed
as a part of this research, has been implemented using dst \arsion of “C++ .Net”
to date (Visual Studio 201%) and “Image Magick” library of toolsets for C++1p, 44]).

By combining both managed and native C++ coding techniquespplying advanced
programming skills, it is now a powerful and user friendlplto The object oriented
structure of the program makes it easier to apply furthengba and improvements to
the program and extend it in the future. The choice of using @&rguage over other
languages like MATLAB, also gives it the power of speed anderftaxibilities to add
custom made changes.

82 Perceptual Image Analysis System - ! " F - - o e

File Edit wiew Inset Tools Window Help Web

Select a directory Image Panel 1
IC.'\Amages

[ Gear Selections | [ Browse

Imaqe Data Base
Select Image 1 p=[ 20 | Eps=[ 02 [ Calouite Tolerance Classes |

B ] Imsge Fanel 2

Features Selection -
V| Grayscale  [¥] Red
Hee gy = [T ] o] Y
7] B Select Image 2 p=[ 20 Eps=| D2 Caleulate Tolerancs Classss | .
Analysis Restits
Similarity Measures: TCD index=  0.916229218341661
[7] Similarity 1(TCD) [7] Similarty 3 (HSDF) p= 20 tNMindex=  0.118591427335787
7] Sirlarty 2 £V s e T HSDF index = 0.953562160514669
[¥] Simila =

Figure 17: GUI of the “Perceptual Image Analysis” system

The PIA system has been designed to be both user friendly@ndate at the same
time. It includes many parts and panels for different pugsoand it can be used and

“http://www.microsoft.com/visualstudio/
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expanded for various applications. Some of its featuresxgained in the the following
paragraphs. Figuré7 shows a snapshot view of tlierceptual Image AnalysiSystem
(PIA).

The graphical user interface (GUI) of the system has 6 diffesections as explained
below:

e | mage panel 1 andl nage panel 2:

Each panel includes 4 windows that are used for displayidgaaualyzing the sim-

ilarity between pairs of images. The first window contairesithage that has been
selected by the user. The gray scale version of each imagspisiged in the sec-

ond window. The third window displays tlemveringof the selected image. The
last window in each panel is used to display the results ofjsrsegmentation and
edge detection. User can select the parameters such aswsimo(subimage) and
value ofepsilon(¢)in the tolerance relation.

e | rage dat abase panel :

This panel is used to display and manage the set of imagesarssaalysis. Users
can select a directory on their computer by clickingBsrows e button and images
in that directory will be selected. The images in that folddr be loaded into the

small image boxes in the image database panel and the usé&evable to select
these images for comparisons. 12 different images will bdéal into the system at
the same time and user can choose any pair of those imageddoahalysis and
comparison.

e Feature sel ection:
This part which is actually inside the image database paikws the user to
choose from a set of available features (probe functionsgtosed for image anal-
ysis and similarity calculation.

e Anal ysi s panel:
This panel allows user to choose a method from a list of dvi@laneasures to
calculate similarity between images.

e Results panel:
Calculated similarity measures will be displayed in thist jpéthe program.

A short description of the GUI functionalities are listeddve:

e Loading images
Using thesel ect 1 mage button located below the first image box, the user can
browse in the computer and select the desired image in eaeh. pa
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e Calculating the tolerance classes in the covering
By clicking on theCal cul at e Tol erance C asses button, thecoveringof
the image will be displayed in the third image box of the giireage panel. Figure
19 shows examples of different images and their coveringsedday the PIA soft-
ware. In these examples, first the original images are loadddverage gray scale
feature is chosen. Then, each image is converted to gragssdalerance classes
are calculated, and the covering of each image is displaedvering is the set of
all tolerance classes of an image.

e Calculating similarity measures
Nearness (similarity) measures will be calculated afteruer clicks omonpar e
t wo button. The size of subimages @nd the value of epsilon in tolerance relation
can be also selected before the analysis. The results wdidptayed in the results
panel.

e Image Segmentation
By clicking on thesegnent button on each image panel, an image segmentation
algorithm is applied to the images and the results will beldiged in the 4th win-
dow of the image panel. The segmentation algorithm dividesntire image into
non-overlapping areas of the same color/gray level. Therdlgn is based on the
fuzzy c-means method ii§] and the threshold parameters of the method can also
be determined in the program.

e Edge detection
By clicking on theEdge button in each image panel, edges of the image are de-
tected and displayed in the last window. This functiondtis been implemented
using Image Magick edge detection routine.
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Image Panel 1:

p= T | Ems=[ 02 e

Image Panel 2:

po[ T ] oee[ 7] [Commotommecam] 7] [ S

]

Figure 18: Examples of segmentation and edge detectioreiGth

(@) original image (b) original image (c) original image
(Leafl) (Leaf2) (Water)

| |

(d) covering,p=60 (e) covering, p=60 (f) covering, p=60

Figure 19: GUI examples, images and their coverings
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7 Experiments on Image Similarity

In this section, the performance of the similarity measoredefining similarity between
pairs of images is investigated. A similarity meassif&l, Y) between two image& and
Y'is expected to have the following propertied: [

e Reflexivity: The similarity measure between two identical images shbel one
(maximum value). It is clear that the similarity measureesgivn this thesis all have
this property.S(X, X) =1

e Symmetry: Intuitively, we require a similarity measure function te bymmetric
and the order of images to be compared does not affect sityildihe similarity
measures used in this thesis are all symmetrical becausedbe of images does
not affect the similarity measure. This can be shown botbrétecally and practi-
cally. S(X,Y) = S(Y, X)

e Reaction to noise Intuitively, we expect the similarity measure between &ao
free image and a noisy version of the same image to be higlubethey represent
the same image. However, the similarity should be decrgasith adding the
noise level such that in the presence of extremely high nbiseimilarity drops
accordingly.

¢ Reaction to lightening or darkening: We expect difference in the lightening have
very little effect on similarity. Lightening or darkeningéds not change the content
of the image and hence the similarity between an image addikened/brightened
version should be very high until the content is obscuredbyery low/high level
of light.

Moreover, in this thesis the effect of distortion of the ireagjalso investigated through
some examples.

e Reaction to distortion: It is expected that images before and after distortion are
similar to each other unless the distortion is very high. Thange in similarity
also depends on the feature that are used for calculatinpessaand also on the
level of distortion.

7.1 Reaction to noise, lightening/darkening, and distortion

The effect of noise and lightening/darkening has been tigeged here through the fol-
lowing experiments. In the first experiment, “salt and peppeise has been added to the
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image of the cameraman each time with a different intendibe noise intensity deter-
mines the fraction of pixels that will be affected by addiraise. In the second example,
the effect of darkening/lightening has been studied by @ing an image to the same
image after increasing or decreasing the brightness ohtlage.

7.1.1 Experiment 1: Sensitivity of the similarity measures® noise

In this experiment, different levels of noise are added tanaage and the similarity
between the original image and the noisy images has beenlatgd. Figure20 shows
the original picture in the top left corner and 7 differentaiges obtained by adding 5%,
10% ,15%, 20%, 50%, 75% and 90% salt and peper noise, regggctirhe original
image is compared with each of the noisy images and the sem@tshown in figurg0.

Discussion:

Images of this experiment are distorted versions of the Samge after adding noise,

therefore, as long as the similarity between the originaadree image and the noisy
image is clearly visible to human eye, we expect our sintifameasure to have high

values reflecting the existing similarity. Figu2® shows how this similarity decreases
with increasing the noise level. It can be seen that TCD andH&&¥e higher values of

similarity at such levels of noise compared to tNM.

7.1.2 Experiment 2: Sensitivity of the similarity measuresa® lightening/darkening

In this experiment an images is brightened/darkened byipthyitig all the pixel inten-
sities with a constant value greater/smaller than one etiqely. The original image is
compared with the modified versions of the same image. Mabiezsions are obtained
by multiplying all pixels by a constant number ranging fromk Qvery dark) to 2 (very
bright). The nearness measures are calculated for eacbfpaiages. Figur@l shows
the original image as well as the brightened/darkened isyagd the corresponding val-
ues of the nearness measures.

Discussion:

Similar to the previous experiment, images of this expenimage distorted versions of
the same image. However this distortion is in the form of tiegiing or darkening the
image by multiplying all the pixel intensities by a constaatue. Therefore, as long as
the similarity between the original image and the brightédarkened image is clearly
visible to human eye, we expect our similarity measure teehagh values reflecting
the existing similarity. Figur@1 shows how this similarity decreases with increasing the
brightness (right side) or darkness (left side). It can ndbat TCD and HSDF have
higher values of similarity compared to tNM.

34



1 @
0.8
o
5 --TCD
2
o
2 -=-Hausdorff
0.6 < .
] N T—a ©tNM
e
T
L1}
2
0.4
Ne
0.2
0
0.05 01 0.15 0.2 0.5 0.75 Noise Density

Figure 20: Noisy images with different intensity of noisepjland similarity measures
versus noise level (Downg,= 0.1
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Figure 21: An image under different lighting conditions (dmd the corresponding sim-
ilarity measures versus changes in brightness (Dawa)).1
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7.1.3 Experiment 3: Sensitivity to brightness for two diffeent image

In this experiment, all the modified versions of two imagesder different brightness
conditions) are considered and compared with one of thenalignages as the reference
image. The original reference image (Lena) is shown in tperitght corner of the plots

in Figure22 and modified versions of both images are shown below the.pl@tisies of

the similarity measures are plotted for different modifiedsions when compared to the
reference image shown in Figu2. It can be seen how TCD and Hausdorff measures
have high values of similarity between the reference imageits modified versions.
However, when we are comparing two different images, we exihe similarity to be
lower, as shown in the right side plot (for brightness valabseve 0.75 of the original
brightness. Figur@2 shows the value of similarity measure between the images.

0.8

0.6 e 06 | .

e K'"' ——tM m‘*‘ —e—tNM
0.4 =i=TCD 0.4 =@=TCD
i ./ ——HSDF

0.2 0.2

0.8

Nearness

Nearness

Brightness Brightness

0.5 0.75 09 1.5 2 0.5 075 09

Iﬂlﬂl%ké N&ﬁ ﬁ\

Figure 22: Nearness between different brightness levets/@fimages and a reference
image

Table 4: Comparing an image with itself and with another imagger different lighten-
ing conditions

origina HHMHMHH
Wa&ﬁrﬁ

TCD 0.92 0.94 0.98 1.00 0.95 0.86 0.73 0.80 0.74 0.71 0.68 0.68 0.52

Hausdorff 0.69 0.81 0.91 1.00 0.84 0.59 0.55 0.62 0.66 0.67 0.67 0.7% 0.55
tNM 0.40 0.74 0.89 1.00 0.80 0.56 0.35 0.30 0.54 0.56 0.55 0.49 0.28

It can be seen that again, tNM is very sensitive to the vaat brightness such that
when brightness changes (both darkening and lighteniNg), talue significantly drops
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even when image 1 is compared to itself under different éigimg conditions. TCD
on the other hand shows more similarity when the referen@géms compared to its
modified versions but is lower (less similar) when comparét wdifferent image. Table
4 shows this information. It is important to note that only @age gray level and entropy
of subimages are considered as probe functions in this iexpet and epsilon value is set
to 0.3.

7.1.4 Experiment 4: Comparison of TCD and tNM with respect to sasitivity to
noise and lightening conditions

The purpose of this experiment is to compare the proposethiesmmeasure (TCD) and
the recently developed nearness measure (tNM) in termsofdansitivity to noise and
lightening conditions. In experiments 1 and 2, sensitigfythe nearness measures to
variations in noise level and lightening was shown for ongéigalar image as an example.
In order to investigate this effect, the similarity measubetween the original image
and the modified version of image is calculated for a largenlmer of images. In this
experiment, the original image is compared with 4 differaotified versions of the same
image for 100 test images, and the similarity measure isutzked for pairs of original
image and each of its modified versions. These images aretexlzFom the Berkeley
test image dataset BSDS300 that is available orflinEour different variations of each
image include darkening, brightening, adding low and heylels of noise to each image.
Table5 shows sample images from the test dataset in the first colsmebhas modified
images in the next columns. Images are darkened by muliglgil the intensity levels
(in all 3 color channels) by 0.6. Images are brightened bytiplying all the intensity
levels by 1.4. To obtain noisy images, Gaussian noise with ge2an and variance of
0.01 and 0.05 has been added to each image to create low leldiigh level noisy
images, respectively. The similarity measure between tiggnal image and each one of
the 4 modified versions of the image is calculated using tNWMBGD nearness measures
and plotted in Figur@3to 26. It can be seen that TCD shows better results than tNM
because the similarity measure is consistently higher tRadhwith less variation. tNM
on the other hand has very low values in some cases that iswable because images
are expected to by very similar.

Shitp://www.eecs.berkeley.edu/Research/Projectsi€ish/bsds/
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Figure 23: tNM and TCD similarity measures between an origmage and the same
image after darkening, plotted for all 100 images

nearness measure

- I e I
TNM and TCD between images and brightened version of the same image
1
0.9
0.8
0.7 1
1 '|l ‘l |'l ; n
0.6 oo '|l'|” ' o "|“| R
Vo eyt \ TN n'ty Aa
Ay VoS Lyt fyoh o Aoty Wb
R T TSR YH T aly onet
VA et v iy LTI L PR Aty gty
04l o oy oy o' ey Al oty e
. ] vy L H 1y 1 1! o 1 1y 1
AN 1 v, ' (LI | ul gy o n 1
1 ! ' ] 1! o [ 1 !
doarh vy P ey, o v ! 1
031 o ! la I d b
'll v y M LI TP ! w oo
02l 7o y " |I.' oy Ny ¥ |",
T y v oy ] \ \
n [ ' [ | ] !
01r M i " ] bl
L] 1 '} ]
0 1 1 1 X 1 1 1 1 1 1
0 10 20 30 40 50 60 70 80 90 100

image number

Figure 24: tNM and TCD similarity measures between an origmage and the same
image after brightening, plotted for all 100 images
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image after adding noise with variance = 0.05, plotted fbt@0 images
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Table 5: Examples of images used in experiment 4 and theiifreddersions

Originalimage  Darkened

Brightened image

Low noise Highaois
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7.1.5 Experiment 5: Effect of distortion on similarity measures

In this section, sample images are compared before anddistertion when the given
distortion is created by adding a twist to the images using.Rat program which is

a free software available online. TalBeshows an example of images before and after
distortion, and the corresponding similarity measures.

Table 6: Examples of pairs of images before and after distoend their similarity mea-
suresg = 0.1, p = 10.

Pair Original Distorted TCD | tNM | HSDF
I 1]
A 0.957 | 0.8025 0.974
B 0.96 | 0.775| 0.984
C 0.9841 0.786 | 0.9792
D 0.9499 0.7657 0.9555
Discussion

Although distorted images in tabmay look very different from the original images,
it is important to note that this distortion applies a twistnisformation on location of
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the pixels and does not change the feature vectors. Theref@ expect the similarity
measures to be very high when the image and its distortiobeirey compared. Table
6 shows the results for TCD, tNM and Hausdorff (HSDF) similarnteasures. In this
experiment, both TCD and Hausdorff measures have very hifglesabove 0.95 that
reflect high level of similarity between images.

7.2 Experiments on similarity measures, toward a higher understand-
ing of image similarity

7.2.1 Experiment 6: More on similarity measures (Van Gogh paitings)

In this experiment the performance of tNM , Hausdorff and TCBasures on image
similarity between different images have been studiedgksare selected from paintings
of the famous artist, Vincent van Gogh (1853-1890), andlaimpiaintings by other artists.
In the first pair, an image has been compared to itself, hdrceesult is expected to be 1
for all measures. The second pair consists of an image addstteted version. Images
in pair 3 to 8 are paintings that are only slightly differenidave expect the similarity
measures to give a high value for them since they are vissalifar to each other. Table
7 shows pairs of images and the results of nearnesses me&sugash pair.

Discussion:

Images in this experiment are carefully selected such Heavisual similarity between
them is evident to human eye. It is clear that tNM deos notgoerfwell here because
for pairs of images such as pairs 3 to 8, tNM value is extrernwlyand even for almost
identical images such as pairs 3 and 8, tNM has low values\b@I®5. While Hausdorff
distance (HSDF) performs better than tNM, the best respitear to be of TCD where
for almost identical images (pairs 3 and 8), TCD is greatem thas8.
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Table 7: Van Gogh paintings and their similarity measwes,0.1, subimage sizg = 20

Pair TCD | tNM | HSDF
1 1 1 1
2 0.967| 0.771 | 0.966
3 0.933| 0.166 | 0.789
4 0.928| 0.230 | 0.890
5 0.899| 0.014 | 0.643
6 0.853| 0.0005| 0.6016
7 0.916| 0.186 | 0.909
8 0.96 | 0.228 | 0.821
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7.2.2 Experiment 7: Comparison of image similarity measuresnvariance to rota-
tion and object recognition

In this experiment, all the three different similarity meess (TCD, tNM, HSDF) are used
to demonstrate how they can be used to detect similaritresrder to test the measures,
an image of an object is compared with images of the same tadtjiec a given rotation
as well as the images of other objects. A total of 33 imagesalected randomly from
the ALOI image database (Amsterdam Library of Object Im&gesrresponding to 11
different objects with images taken from 3 different angld@he images are shown in
figure27. Each image is selected as a reference and compared witie ather images.
The three most similar images (based on their nearness ne¢ase obtained and shown
in Table8 and9 for all the similarity measures. It is expected that the nsosilar image
to any given image are images of the same object. The numberagfes of the same
object that is among the top 3 results are also counted amansimoTable10 where the
total number of similar images for each nearness measugdaslated at the bottom of
the table.

Discussion

In this experiment, it is clear that Hausdorff measure pemivery well and it is able
to recognize images of the same object among all the imagethef objects (95.9 %
accurate). TCD is in the second place with an accuracy of 63a6&ENM has the lowest
performance with an accuracy of 52.5 %.

-
(.

E

R et - : —

Figure 27: Sample images of objects from ALOI database

-
- | —

SAvailable at: http://staff.science.uva.nl/ aloi/
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Table 8: Similar images in Experiment 7, comparing nearnesasures: Part 1
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Table 9: Similar images in Experiment 7, comparing nearnesasures: Part 2
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Table 10: Number of similar images in the top 3 results foheagarness measure
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8 Summary and Conclusions

In this thesis, a solution to the image similarity problera fneasuring degree of percep-
tual similarity between pairs of images) was introducegylemented and demonstrated.
The solution is based on tolerance near set theory wherarttilarity is defined as the
degree of nearness between sets of perceptual objectsgesn@olerance classes as sets
of perceptually similar subimages are the basic buildimgkd of this method. The main
contribution of this thesis is providing a solution to th@lplem of comparing tolerance
classes associated with images in the form of proposing asiveilarity measure based
on comparing distribution of the size of tolerance classesvb images. The proposed
approach in this thesis is a probabilistic approach whexétiage content is described by
the histogram of the size of tolerance classes and the bgerallarity measure is defined
based on the difference between histograms. The main ay@of this approach over
the existing tolerance near set methods is its lower seitgito distortion such as adding
noise, darkening or brightening the image.

The problem with the existing approaches to tolerance retaris that a small shift
in the intensity of all the pixels in an image such as addingenor lightening will affect
the behavior of similarity measure to the extent that it deeswork as expected. To
solve this issue, TCD tolerance-based method that consdetsimage separately in its
tolerance space, was introduced. The main motivation fopgsing the new method in
this thesis is to increase the performance of the toleraasedmethods when an image
is compared to a modified or distorted version of itself. Adeaample of such cases is
when an image is lightened/darkened or when noise is addbée image.

Since adding noise or changing the brightness of an imagemechange the image
content, we expect the similarity measure to remain higér &ftich modifications to the
image. However, tNM nearness measure performs poorly in sases. The reason for
this problem is that tNM forms tolerance classes in the &olee space of union of both
images. Therefore, corresponding subimages of the twoesag| not be grouped with
each other in a single tolerance class after changes in ipiegisities due to such mod-
ifications. Figure28 demonstrates the main difference between the proposedagpr
(TCD) and the recently developed approath (/) in a tolerance space framework. In
the existing methods using tolerance spaces, both image®asidered in one tolerance
space where tolerance classes are formed on the union ofrbages. In the proposed
TC D approach however, each image is considered in its own gmneléng tolerance
space and the set of tolerance classes of each image is aanpishn the set of tolerance
classes of the other image through calculating the diftexdyetween cumulative distri-
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butions of the size of tolerance classes.

Tolerance Tolerance
Space 1 Space 2

Tolerance Space

distribution 1 distribution 2

TCD

Figure 28: Using tolerance spaces in calculation of TCD arM f¢arness measures

The method used and implemented in this thesis can be suredas:

1. Feature extraction: Extracting features that visually represent the imagesaaa
used to form the human perception about an image. This taskvas dividing
an image into small subimages and extracting the featuresafth subimage. The
choice of features highly depends on the application arglnbi the focus of this
thesis.

2. Finding tolerance spaces Using tolerance spaces as a basis for formulating the
visual perception. This is based on the idea that toleratasses of perceptually
similar objects form the basis for perceiving similarity bymans as discussed in
the works of Sossinsky, Zeemad.3[ 54].

3. Comparing tolerance space®roviding a numerical measure of similarity between
images by comparing distribution of the size (cardinalitfXolerance classes in
both images.

The similarity measure resulting from the proposed metA@&LY) was implemented
and compared with another tolerance space based methodirtative The main differ-
ence between tNM and TCD remains in the way they form and cogrtplerance spaces.
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While tNM defines a tolerance space containing all the elesn&fitioth images, TCD de-
fines two separate tolerance spaces associated with eagh and then compares them
with each other. This is important in overcoming the probt&rhigh sensitivity to noise
and distortion that exists in tNM.
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