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ABSTRACT

STEGANOGRAPHY THROUGH PERSPECTIVE INVARIANCE

Yasar@lu, Yajiz
Ph.D., Department of Electrical and Electronics Engineering

Supervisor : Prof. Dr. A. Aydin Alatan

September 2012, 104 pages

A novel approach for watermarking of 3D models is introduced, for whiata is embedded
into 3D models, whereas extracted from their projected 2D visual or 2B-gpth repre-
sentations. Such a watermarking system is valuable, since most of the 8htcisnbeing
consumed as 2D visual data. Apart from tHBogency of embedding data into 3D models
before generation of arbitrary 2D projections, in some use casesast@e viewpoint video
or computer games, 2D content has to be rendered at the client, wherenau&iag is less
secure. In order to achieve this aim, 3D-2D perspective projectioniamtar as well as 3D
projective invariants are used and utilization of such invariants enablesdtied to be in-
dependent of the viewpoint from which 2D representations are gederahe first method
proposed employs a perspective projection invariant to extract hiddarirden an arbitrary
2D view of a watermarked 3D model. Data is encoded in the relative positicsiz witerest
points, selection of which requires minimal criteria. Two main problems for sualater-
marking system are identified as noise sensitivity of the invariant and tedpltgt of the
interest point detection. By optimizing an objective function considering #misitivity, the
optimal 3D interest point displacements are obtained. Performance ofdpegad system is
evaluated through simulations on polygonal 3D mesh models and the resultf\stralicate

that perspective invariant-based watermarking is feasible. As an értefw 2D plus depth
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representation of 3D models, data embedded in 3D models is also detectethbiniog
information in 2D views and range data by utilizing another projective invarknally, the
problem of repeatable interest point detection that remain detectable afteerhbedding,
is also examined and a novel method to identify such repeatable interestipgrgsented.

The proposed methods indicate a new direction in watermarking research.

Keywords: 3D watermarking, steganography, projective invariants
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IZDUSUMSEL DEGISMEZLIK ILE BILGI SAKLAMA

Yasar@lu, Yajiz
Doktora, Elektrik Elektronik Mihendislgi Bolimi
Tez Yoneticisi : Prof. Dr. A. Aydin Alatan

Eylil 2012, 104 sayfa

Ug boyutlu (3B) damgalamaya, 3B modeller@ngilen verinin iki boyutlu (2B) ve iki boyut
arti derinlik gdsterimlerinden cikaril@ yeni bir yaklasim sunulmaktadir. Bu 3B damgalama
sistemi, 3B icein blyuk kismi 2B @sterimlerindeniiketildigi icin degerlidir. Verinin 3B
modellere 2B grunimleruretiimederbnce g@milmesinin,iretilen 2B g@rianimleri damgala-
maktan daha verimli olmasinin yaninda, serbest bakis acili video ve bdgisgynlari gibi
kimi uygulamalarda 2B icerik, damgalamanin daha azegli oldwju kullanici cihazlarinda
uretilmektedir. Onerilen yontemde 3B-2B perspektif izgiim dejismezleri ile 3B izdisim
degismezleri kullanilarak gntemin 2B icerdin Uretildigi bakis acgisindan Bamsiz olmasi
sajlanmistir. Ik metod, bir perspektif iztisim dejismezi kullanarak, damgay! bir 3B mo-
delin herhangi bir 2B gruniminden sezmektedir. Veri, neredeyse tamamen serbest olarak
belirlenen alti ilgi noktasinindyeli konumlarina saklanlrizd'ug]m dejismezleri kullanan
3B-2B damgalama sistemlerinin performansini etkileyen iki ana unsgrsmezin girilti
hassasiyeti ve tekrar edebilir ilgi noktas! tespiti olarak belirlenmistir. Bssasiyet gz
onune alinarak olusturulan bir kriterin optimize edilmesi ile veri saklanmasi ipiimal

3B ilgi noktasi konumlari tespit edilmistirOnerilen sistemin performansi 3B poligon mo-
dellerizerinde yapilan deneyler ile sinanmig, elde edilen sonuglagintsel dgismezlerle

damgalamanin uygulanabilir olJunu dstermistir. Ayrica, 2B arti derinlik @sterimlerine
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uygulanabilir sekilde, 3B modellereédgitlen veri bir 3B izdisimsel dgismez kullanilarak,
2B gorunimlerden ve derinlik verisinden elde edilen bilginin birlestiriimesi ile de sezilmek-
tedir. Son olarak, veri @mildikten sonra tespit edilebilir kalacak sekilde, tekrar edilebilir
ilgi noktasi tespiti problemi ele alinmis ve bu ilgi noktalarinin bulunmasi icin peniontem
Onerilmistir. Sunulanitm yontemler bilgi saklama arastirmalarinda yeni kbng isaret et-

mektedir.

Anahtar Kelimeler: 3B damgalama, bilgi saklama,liggimsel dgismezler
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CHAPTER 1

INTRODUCTION

The volume of digital 3D content is increasing dramatically. Once confinegstearch labo-
ratories and computer aided design stations, 3D content is starting to ent®iraurooms,
through computers, video game consoles and 3D televisions. Even mobitesibave 3D

capabilities that enable ubiquitous access to 3D content.

Similar to what had happened with digital audio, image and video content, tHifepton
of 3D content inevitably resulted in a problem for content owners: dghyprotection.
Watermarking can be used to solve this problem for 3D digital content similahév digital
content [4]. In addition to copyright protection, 3D content can alsodeel s an additional

communication channel transmitting invisible information embedded on itself.

Many schemes for 3D watermarking has appeared in the literature [3]mdsrity of these

works deal with embedding secret data in, and extracting hidden dat@Danodels. On the
other hand, there is an increase in the amount of 3D content that is distrémdeconsumed
in 2D. This creates a use case for 3D-2D watermarking, that is, extramtibgdded data in

3D models from 2D views.

1.1 Digital Watermarking

Digital watermarking is described as embedding secret information in digitééobso that
it can be detected in a copy of the content as long as the fidelity of the copy twithinal is

above a certain level. Embedded information can be used to demonstrateloywngack a
particular copy of the content, ensure fidelity, and even as a secondeoyert communica-

tion channel [6, 4].
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Figure 1.1: A simple watermarking system.

A simple watermarking scheme is given in Figure 1.1. Secret information is etated the
original content in the embedder to obtain watermarked content. Watermaykezht is then
delivered to consumers through a channel. Various attacks, degrajadistortions might
be applied to watermarked content in the channel. Detector tries to deteati@eabsecret
information from received and possibly distorted watermarked contethie riginal content
is used during detection, this isr@n-blind or informedwatermarking scheme. Otherwise,

this watermarking scheme is said tolidand or oblivious[4].

1.1.1 Applications and Requirements

Embedding data in content has a broad range of applicatiowser identificationin which
user embeds secret or public information in content is the obvious appliciaedded
information can be used to prove ownership in case of a dispute, or to ipudajsy/right

information [4].

Broadcast monitorings another area where watermarking can be employed. Identifying in-
formation is embedded in the content, so that devices monitoring broadcaséingets can
determine whether the watermarked content has been broadcastedtigstseand content

creators, like musicians and movie producers, are typical users ofdppieations [4, 2].
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Content distributors may want to track an illegal copy of their content to itecgorhis can
be achieved by &ingerprintingsystem. In fingerprinting, each distributed copy of content is

embedded with a unique identifier [4, 7].

Watermarking can also be used to deternanoghenticityof digital content. Digital content is
very easy to manipulate. When content is manipulated, a fragile watermarkldetbi the
content will change along with the content and will provide information aldiith part of

the content has been altered [8].

Finally, watermarking can be used as a secondary communication chaecett Bforma-
tion can be embedded into digital content imperceptibly, providiegwert communication

channel with low probability of detection [4].

Digital watermarking systems are evaluated according to several critéiégprominent ones
are visibility of the watermark (or imperceptibility), data payload or bit-rate ofthtermark-
ing system, if the watermarking system is blind or informed, robustness agdiiasks and
false positive rate of the watermark detection process [4, 5]. Computhtiomgplexity and
speed of the system, and ability to integrate with existing encoding and dequdiogsses

are other practical properties that can be used to evaluate a watermsygiag [2].

In evaluating a digital watermarking system, relative importance of thesegi®g and oc-
casionally even definitions of these properties vary according to appliddfio An authen-
tication system will call for a less robust watermark than an owner identifitatocovert
communication application will have to be more imperceptible than a copyright rvadites-

mark, and so on.

Among these properties, capacity, visibility, and robustness turn out to be important

when common watermarking applications are considered [2, 4, 5, 6]:

o Visibility /Imperceptibility : The amount of distortion caused by embedding the wa-
termark. Most watermarking systems aim to be as imperceptible as possiblepto kee
watermarked content as close to original as possible. Objective distortiagumnes,
such as signal to watermark ratio, or subjective experiments can be ussshture

imperceptibility of a watermark [4].

¢ Robustness Ability of the watermarking system to resist attacks in the transmission

3



channel. These attacks are signal processing operations that aaeteliatic of the
channel [2]. They include distortion or noise caused during normasinésion of
content, such as image and video coding or 3D to 2D perspective projeQiorthe
other hand, malicious behavior by a user, such as resizing or croppiimyaae, and

modifying intensity values, are also considered attacks. [4].

e Capacity: The amount of information that can be embedded in the content. Also called
the bit-rate of the system, or data payload; this property is usually controfieleb

expected robustness and imperceptibility requirements [4].

Depending on the application, a watermarking system has to make a tradsvethdahese
three requirements. Capacity increase through embedding more dathusiness increase
by increasing watermark strength will result in lower imperceptibility. In addjtecapacity
is inversely related with robustness. That is, for a given amount of timtan the content,
if more bits are embedded in the watermark, it will be harder to detect the watewithout
causing errors. This can be taught of as each visibility level having taiceamount of
available “space” to hide data. If more of that space is used to hide the samstobngly to
increase robustness, capacity decreases. On the other hand, iffravadable space is used

to embed new data, data cannot be embedded as strongly, decreassigasbu

The specific application scenario determines the trdtibaiween conflicting properties. A

watermarking system should balance these requirements carefully intofgeuseful [4].

1.2 Motivation

Many watermarking methods that operate on audio, image and video signelbéen de-
veloped [4]. On the other hand, 3D watermarking research, which aimmb@a secret
information in representations of 3D content, is not as mature. ResearBhvilat@rmarking
is mostly concerned with 3D-3D watermarking, that is, embedding data in 3Dracentel
extracting data from 3D content [5]. Today there is an increasing anafud#ta created in
3D that is being consumed in 2D. Movies with CGI content, or computer ganmeg tveo
prominent examples. 3D-3D watermarking fails to address this conceenefbine, there is a

need for watermarking applications that are able to extract data from 23 we3D content.
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2D-2D watermarking can be used to embed data in 3D content after 2D viewgrerated.
Consider the block diagram below (Figure 1.2), which depicts a simple 2&Brmarking

system for computer generated video.

3D Model Video Watermark

Generation 3D Model Rendering Video Embedding
W

Watermark | Channel <

Detection

Video Video

Figure 1.2: 2D-2D watermarking applied to computer generated video.

Notice that data is embedded after video is rendered. In this case, arg sthtidard video

watermarking methods can be used.

Another alternative is to use 3D-2D watermarking methods. These methodsiatata in
3D, but extract it from 2D views. Block diagram given below shows thme scenario as

Figure 1.2, but this time 3D-2D watermarking is used.

3D Model

4>

Watermark

——————— P
3D Model

Video
Rendering

Generation 3D Model Embedding

!

W

VE/)a'E[erTark <¢—— Channel <€——
etection | \;400 Video

Figure 1.3: 3D-2D watermarking applied to computer generated video.

This time watermark is embedded in the 3D model, video of watermarked modetisresh



from numerous viewpoints, and subsequently watermark is detected feoantitirarily ren-
dered views. A 3D-2D watermarking scheme would be computationally ety tmembed
than 2D-2D watermarking schemes, since data is embedded only once; modeérather

than generated views.

Noise characteristics of 3D-2D watermarking schemes dferdnt than 2D-2D watermark-
ing. In 3D-2D watermarking data is embedded in geometric primitives suchrasegeand
edges of a 3D mesh. Rendered videos of the 3D mesh will contaffeaahit kind of distortion
than, for example, transform domain watermarked videos. Thigsrdnce can be beneficial

in certain applications, especially if perceptible distortion can be kept at \misle

There are also applications in which data that is created in 3D reachesnfienwer in 3D,
whereas the end product is in 2D. 3D model libraries used in computer dasgh is one
such application. An architect uses a 3D-2D watermarked 3D model in his.pldre ren-

dered plans are in 2D, but the watermark should be still readable.

Similarly, in some applications such as computer games or free viewpoint Tisthender-
ing step to 2D is done in the recipient, either from full 3D models, or otheessmtations of
3D scenes like video plus depth images [9]. In such applications, usirgfB®atermarking

is safer as well as less costly than watermarking in the client.

A watermarking system in which data embedded in 3D models is extracted froenaged
views would address the use cases mentioned above. The thesis of taitatims is that
such a system can be built using 3D and 2D projective invariants, and 3D perspective

invariants.

1.3 Scope of the Thesis

This dissertation deals with 3D-2D watermarking, a sub-class of 3D watkimyarThe aim
of this dissertation is to demonstrate a novel approach to embed data in 3D palygesh
models using invariant relations, in such a way that it is possible to extrasdemidata from
arbitrary 2D and 2D plus depth (2.5D) representations of the model. Reeserethod for
3D-2D watermarking utilizes a perspective projection invariant relatiorivatéeon of which

is provided. 3D-2.5D watermarking method utilizes a 3D invariant. Both methuet$or-
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mances are evaluated utilizing simulations on models.

A review of the background subjects relevant to dissertation is also.giemong them are
2D image and depth image forming from 3D models, 2D and 3D projective gepieuedr

projective invariants.

The problem of repeatable interest point detection in the context of vietvpalependent
watermarking systems is investigated. Requirements for such interest peiptesented. A

method that aims to satisfy the requirements is given, and tested in simulations.

1.4 Main Contributions

The primary contribution of this dissertation is devising a new approach t@3bater-
marking. Utilizing geometric invariants in 3D-2D watermarking is a promising aratish

yet insuficiently explored. The following are the contributions of the dissertation in te&.a

A 3D-2D watermarking system utilizing perspective invariants is propogdthough the
utilized perspective invariant is shown to be noise intolerant, simulations dém@tenper-
formance of the system to be very promising, even with a heuristics bate@m@edding
method. When an optimal data embedding method is utilized performance ircmase
more indicating that 3D-2D watermarking methods based on perspectivéaimsgais feasi-
ble.

A 3D-2.5D watermarking system utilizing basic 3D projective invariants is @sed. This
system combines information from 2D images and depth maps of a 3D model &mtextr
embedded data. Experiments performed on models show that this appreegatetmarking

is promising.

Finally, the problem of finding repeatable interest points for viewpointpeddent water-
marking is investigated. A procedure aiming to address requirements foirgecest points
is presented. A number of interest point detectors are evaluated fasfitaghe problem.

Feasibility of the system is demonstrated on a realistic model.
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1.5 Outline of the Thesis

Chapter 2: Background topics related to the dissertation, such as 2D and 3D prejectiv
geometry and invariants, hierarchy of transformations, 2D and depth ifoagation from
3D models, are reviewed. Literature about 3D-3D watermarking, 3D-afenmarking, and
projective invariants is briefly discussed. An introduction to applyingpestve invariants

to the problem of 3D-2D watermarking with invariants is presented.

Chapter 3: A 3D-2D watermarking method utilizing a perspective invariant relation is intro-
duced. Primary diiculties in such a method are identified. Behavior of the invariant relation
is briefly examined. Optimal and heuristics based data embedding methodsvaleped.
Performance of the method is evaluated by performing simulations on synth&giaind 3D

models.

Chapter 4: A 3D-2.5D watermarking method utilizing a projective invariant is introduced.
Optimal and heuristics based data embedding methods are developedmBade of the

method is evaluated by performing simulations on synthetic data and 3D models.

Chapter 5: The problem of identifying repeatable interest points in 3D-2D and 3D-2.5D
watermarking systems with projective invariants is investigated. A procedudentify re-
peatable interest points is proposed. Various interest point detectiantlahg® are evaluated
for fitness to the problem. Feasibility of the suggested method is evaluatedfoynpeg

simulations on a realistic, textured model.

Chapter 6: Summarizes the dissertation and its main contributions, concludes the dissertation

with a list of areas for future research.



CHAPTER 2

BACKGROUND TOPICS

This chapter provides a review of background topics related to the @isar 2D and 3D
projective geometry and transformations are related to projective intsramd are discussed
in the following section. Hierarchy of transformations and examples to invariare also

provided.

The next section introduces 2D image formation and depth image formatior8foamodels.
First the pinhole camera model is given, and then, through step by stefatjeation, a model
for a practical camera is obtained. Depth image formation process is dasanidetail and

is shown to be a projective transformation.

A brief review of literature related to 3D-3D watermarking, 3D-2D waterrmayland per-
spective invariants is presented, proceeded by an introduction to agplgispective invari-

ants to the problem of 3D-2D watermarking.

2.1 Review of Projective Geometry, Transformations and Inariants

Projective invariants are a central concept of this dissertation. A revigwojective geom-
etry, homogeneous coordinates, transformations and invariants aeniwe in this section.
Throughout this chapter, italic uppercase letters suchAdsepresent matrices, bold low-
ercase letters and symbols such agd" represent vectors, and italic small letters represent

scalars.

In the rest of this section, first the two dimensional projective geometryrandformations

are explained. The fferences from three dimensional case is then laid out.
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2.1.1 Planar Projective Geometry and Transformations

A point (x,y) in R? is represented ihomogeneous coordinatas a 3x1 vector by adding a
third coordinate 1:X,y,1)". In homogeneous coordinates, the set of vectaxsKy, k)™ for
non-zero values df all represent the poin(y) in R2. An arbitrary homogeneous vector of

the formx = (X1, X2, X3)" Wherexs # 0 represents the poink{/xz, X2/X3) on the plane.

If the third coordinatexs is non-zero, the homogeneous vector represents a finite point in
R2. Whereas points witlxs = 0 are points at infinity. The set of all points represented
by homogeneous vectors, representing both finite and infinite points, ig taderojective

space and denoted &S in two dimensions.

A planar projective transformatiois an invertible mapping(x) from P2 to itself such that
three pointsxy, X, and xg lie on the same line if and only ii(x;), h(x2) andh(xs) are also
linear [10]. In other words, under a projective transformation, linesraapped to lines.

Other names for a projective transform adlinearity, projectivityandhomography

A planar projective transform is a linear transformation on 3x1 homogeneectors repre-

sented by a non-singular 3x3 matrix:

hir hio hgsl|xa

=lha1 hx hazl{x2]- (2.1)

Ny £

N

X5)  \ha1 hsz hsz){xs

Same relation is concisely written a5 = Hx whereH is non-singular, and thus invertible.
Note that multiplyingH with a scalar does noftfact the projective transform. Thus a planar

projective transform has eight degrees of freedom [10].

2.1.2 Hierarchy of 2D Transformations

Special cases of the projective transform are investigated in this sesttoting form the most
specific case. Examples for invariants are also provided along with s$pasmtransforms.
An invariantis an element or a quantity of a geometric configuration that remains unchanged

under a transform [11]. A simple invariant example is given below.
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Length as an invariant under rotation Rotation in the plane by an anglas defined in in

homogeneous coordinates as

[cos@ - sin@]
R= . (2.2)

sind cosd

The distance between two 2D poimtsandx, in homogeneous coordinates , thabis-{ x»)?,

is invariant under rotation. b/ = R-x;, i € {1,2}, the distance betweedj andx; is given as

L(X;, X5) = (X; — X5)?
= (R-X1 - R-%p)?
= ((Xax — Xax) €OSH — (Xay — Xay) SiNO)* + ((Xax — X2x) SING + (Xay — Xoy) COSH)?
= (X1 — X2)?

= L(X1,X2).
2.3)

That is, distance between two points do not change under rotation [11].

2.1.2.1 Isometric Transformation

An isometric transformation preserves the Euclidean distance of pointgldfired as

x’1 ecosfd —singd ti|[xg
x,|=|esingd cost ||| (2.4)
1 0 0 1J11

wheree = +1 [10]. If € = 1, the transform is said to be orientation-preserving and is a
Euclidean transformationEuclidean transformations represent motion of a rigid body. They
can be divided into a 2x2 rotation matfikand a 2x1 translation vectoas given below0 is

2x1 zero vector.

M
X = X (2.5)



There are three degrees of freedom in a planar Euclidean transfoonfipitiranslation, one
for rotation. Distance between points, angle between lines and areazangles for invari-

ants of isometric transformations [11].

2.1.2.2 Similarity Transformation

A similarity transformation is an isotropic scaling (scaling of all coordinates wighséme
factor) in addition to an isometric transformation. Algebraic definition of a similarégs-

form is given as:

X secosfd -ssinfd t1)|xy
X,|=|sesing scost ta|[x2]- (2.6)
1 0 0 111

In the case where there is no reflection, that s 1, this relation can be concisely written as

sR t
X' = X, (2.7
or 1

wheresrepresents the isotropic scaling [10].

A similarity transform preserves the shape. It has four degreeseddra. Angles between
lines are invariant under similarity transformation, thus parallel lines are rappegarallel
lines. Although lengths are not invariant, ratio of two lengths is invariant. Silpilatio of

areas are also invariant [11].

2.1.2.3 Afine Transformation

An affine transformationor affinity, is a non-singular linear transformation combined with a

translation. Its matrix representation is given below.

Xl (a1 a2 [
X = a1 a2 tf| X (2.8)

1) {0 0 1){1
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Or briefly,

x’—Atx (2.9)
lom o) '

whereA is a non-singular 2x2 matrix [LOA can be decomposed as

A= ROR(-¢)DR(9), (2.10)
)

D= . (2.11)
0 A

That is, A is composed of a rotation by, followed by scaling with1; and A, in rotated
x and y directions, rotation by¢ and finally another rotation b§. The only diterence
from similarity transform is the presence of non-isotropic scalingfgndA,. This scaling
oriented at angle is the essence offftne transformation, and it provides two additional

degrees of freedom andA;/4, [10].

Some important invariants offene transformation are parallel lines, ratio of lengths of paral-

lel lines and ratio of areas [11].

2.1.2.4 Projective Transformation

Planar projective transformation, defined in Section 2.1.1, is a non-smiguéar transfor-
mation ofhomogeneousoordinates. It generalizesiae transform, which is a non-singular
linear transformation ahhomogeneousoordinates. In block matrix form, planar projective

transform is defined as

X (2.12)

wherev = (v1,v2)T. As mentioned in 2.1.1, a projective transform in the plane has eight

degrees of freedom [10].
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An important invariant of projective transformation is ttress ratioof four collinear points

described below. Other invariant examples are collinearity and comamyrf1].

Cross Ratio The cross ratio is the classic example of projective invariants [10]. Althoug
the ratio of lengths on a line is not projective invariant, ratio of ratio of length€ross ratio

is defined on four collinear points, X», X3, X4 as [12]:

|X1 X3l X2 X4l

cr(xy, X = 2.13

(X1, X2, X3, X4) XXl Xaxa] (2.13)
X1 X2 X3 X4
@ o o o

Figure 2.1: Four collinear points.

2.1.3 Projective Geometry and Transformations in 3D

Analogous to the case in 2D, a poimt Y, Z) in R? is represented as the 4x1 vectog,(ky, kz,
K)T where k is non-zero. Any 4x1 vectar= (Xq, X2, X3, X4)" is a point inP3. If x4 is non

zero,x represents a finite point iR3. Otherwisex represents a point at infinity.

A projective transformation in 3 a mapping froniP? to itself, and is defined analogous to
the planar case as an invertible linear transformation on 4x1 homogersziassuepresented

by a non-singular 4x4 matrix, as given below:

X hi1 hio hiz hua|xe

d hoy hoy hyz h X
X5 _|Mer N2z N2z NaaffXo , (2.14)
X5 [hs1 hsz hsz hss|[Xs

X, har haz haz hasf\xa

briefly written asx’” = Hx whereH is non-singular. 3D projective transformation has 15

degrees of freedom, since multiplyikgwith a scalar does notict the transformation [10].
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2.1.4 Hierarchy of 3D Transformations

Hierarchy of 3D transformations is similar to 2D transformation hierarchye fféinsforms,
their matrix forms and examples for invariants are given in the Table 2.1 béiaariants
mentioned in Section 2.1.2 for 2D transformations are also invariants for 8Bfranations
[10].

Table 2.1: Hierarchy of 3D transformations.

Transformation | Matrix Invariants
Euclidean 6 dof (OR; i) Volume.

Similarity 7 dof The absolute conic.

Affine 12 dof (A t) Parallelism of planes, ratio of volumes, centroids.

— A : ,
Projective 15 dof T t) Intersection and tangency of surfaces in contact.

In table 2.1,R is a 3x3 3D rotation matrixt{ is a 3x1 translation vectof) is the 3x1 zero
vector, s is the isotropic scaling factoA is a non-singular 3x3 matrix is a general 3x1

vector, andv is a scalar.

2.2 3D Steganography and Invariants

This dissertation investigates the feasibility of a view independent 3D-2Dmvatking method.
It is proposed that a satisfactory 3D-2D watermarking method can be sinly projective

invariants.

Image formation process, that is producing 2D views of 3D models, usustiives perspec-
tive projection, similar to the projection in a pin hole camera. The next sectmndas an

overview of the 3D to 2D image formation process.

In some cases depth information obtained from 3D models are available, ittoadd 2D
images. Obtaining the depth information from a model can be thought of as angdmm
3D to 3D. This mapping is a projective transformation. This process is outlin&ection

2.2.2.
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In the final section, role of invariants in 3D-2D and 3D-2.5D watermarkmgexts is exam-

ined.

2.2.1 2D Image Formation

A camera is a mapping from world (3D) coordinates to image (2D) coordin@tessimplest

model of a camera is the pin hole model, which is depicted in Image 2.2.

The basic pin hole camera hascamera centemor optical centey and animage planeor

focal plane The line from camera center that is perpendicular to the image plane is called
the principal axis and the plane that passes through camera center parallel to image plane
is called theprincipal plane The point that the principal axis intersects the image plane is

called theprincipal point

AY

cl/
camera principal axis
center image plane

Figure 2.2: Pin hole camera model.

In Figure 2.2, the camera center is at the origin of the coordinate systerimagd plane is

thez = f plane. Points in 3D space are projected onto the two dimensional image plane.

Any pointx = (x,y,2)" is mapped to the point at which the line fronto camera center inter-
sects the image plane. The coordinates of this pointxgz fy/z )", as can be calculated

using similar triangles. If we drop the third coordinate;

(x,v,2)" = (fx/z fy/2)". (2.15)
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This operation is a mapping froi® to R2. If x is expressed in homogeneous coordinates,

this mapping can be depicted in matrix algebra as

fx/z fx f 00O

y

fylz| =|fy[=]0 f 0 0 . (2.16)
z

1 z 0 010
1

This multiplication can be written more briefly as= PX, where the bold uppercasé
represents the 3D point in homogeneous coordinates, and bold loeercapresents 2D
point in homogeneous coordinates. The maRiis said to be theamera projection matrix

for the pin hole model. Note th& can be written as

P=Kk(i | o). (2.17)

whereK = diag(f, f, 1) is called the calibration matrix of the camera. Pin hole camera model
is too simple to account for image formation in general. Following sections gleresthis

model to arrive at a more practical projective camera model.

2.2.1.1 Principal Point Offset

In most cases, points on the image plane are not defined according totbeafehe image
but to one corner of the image. Thifget can be represented by a change in the mE(trix

wherepy andpy are the éfset amounts in horizontal and vertical axes, as given below.
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fX+zp f 0 pc O
fy+zp | = O f p O Y (2.18)
z 0 0 1 O i
f 0 px
x= [0 f p (| \ o)x (2.19)
0 0 1
= K(, o)x (2.20)

2.2.1.2 Camera Rotation and Translation

In the above equations is assumed to be in the camera coordinate frame. However, gen-
erally, X will be expressed in the world coordinate frame and will need to be comverte
camera frame coordinates. Xf is defined asx in inhomogeneous coordinates, a¥ghm

is defined asX expressed in camera coordinate fradgsm = R- (X — C), where R is the

3x3 matrix representing camera coordinate axis orientation,Carglthe camera center in

inhomogeneous world coordinates.

When combined with conversion &fto camera coordinates, equation 2.20 becomes

X
Il

KR(| ‘ _é)x, or equivalently (2.21)

x
Il

K(R ‘ t)x, (2.22)

wheret = —RC.

2.2.1.3 Non-Square Pixels and Skew

In the models derived above it was assumed that pixels in the imaging deviexafople a
CCD sensor, are unit squares. This is rarely the case. In practicefstze pixels decrease

with image resolution, and they may not be square.
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Skew is used to describe the case when x and y axes of the image plao¢ peegendicular.
Skew may be caused by the imaging device, or it might be observed whengamiswaptured

from another image of an object.

Calibration matrix modified to account for both of these generalizations is gigw:

axy S X
K = 0 ay Yol- (223)
0O 0 1

In equation 2.23¢x = fmy anday = fm, wheremy, andm, are the number of pixels per
unit distance in x and y directions in image plane. Similagdy= pxmy andyg = pym, are
coordinates of the principal point in terms of pixel dimensions. Scatathe skew parameter,

which is usually zero.

The camera that is represented by the camera matrix

P=KR(I | -] (2.24)

whereK is of the form 2.23 is called finite projective cameraA finite projective camera has
eleven degrees of freedom. Note that the 3x3 left hand side matAxKR, is non-singular.
Conversely, any 3x4 matrix having a non-singular 3x3 left side matrix is d&ngeca matrix
for a finite projective camera [10]. Indee®can be written a® = (M |ps) = M(1|M~ - C)
whereM is non-singular 3x3 anpy is the fourth column oP. M can be decomposed into the
upper triangular matriX and orthogonal rotation matriR using RQ matrix decomposition

[10].

2.2.1.4 General Projective Camera

A camera with the camera matrix written as

p- (M ‘ p4), (2.25)
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whereP is of rank 3, is a general projective camera.Mfis non-singular, the camera is a

finite camera. 1M is singular, it is an infinite camera, that is its center is a infinity.

2.2.2 Depth Map Formation

A depth mapdepth imageor disparity mags an image that has depth information as its pixel
values. Typically, a depth map is obtained by calculating the distance of 82eppintX to
the image plane along the principal axis, and scaling and quantizing the dep#s o that
the depth information can be represented as pixel intensity values. Fapkxi Figure 2.3
the depth map is a monochromatic, 8-bit image [3]. Depth range is restricteddaetya,
andziar. This range is linearly quantized between 0 and 255 to fit in 8-bit image depth,

depictingz;ar.

Video

far

z
near

Figure 2.3: 3D data consisting of 2D video and depth map [3].

Depth structure of a scene obtained from depth map can be combined witlD tireage
or video data to build a 3D-like representation, which is often called a 2.5@septation
[3]. Depth and 2D information can be used to build a stereo image pair as,if][1Bepth
maps and videos from multiple cameras positioned to cover a range of vids/pomused
to render the scene from novel viewpoints in [14]. Multiple depth layezsuaed in Layered

Depth Images [15] to provide free viewpoint video.

Depth map is aligned with the accompanying 2D view, that is, their samples amigiage
coordinate correspond to the same 3D point. In a 2D view - depth map ppth d&p is

obtained using the same projective camera transformation as thelinfagehe purposes of

L This is true for rendered synthetic scenes. When imaging naturalscdepth map is obtained through
different cameras. Even when this is the case 2D image and depth map baaigned before consumption.
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this dissertation, it will be demonstrated that mapping of 3D pXirt (x,y,z 1)" in world

coordinates to depth map pog = (X,y, 7, 1)" is a projective transformation. That is,

Xd = Hdepth* X (2.26)

whereHgepthis a 4x4 non-singular matrix. I4g, X" andy’ are the 2D image coordinatesXf
projected through the camera matrix, a\ds the depth value scaled betwegg, andz;,,.

That is, if depth is represented with

Ztar —d
Z =255 (—— 2.27
(Zfar —Znear) ( )

In [10] depth of a 3D poinKX related to a camera with camera matfix= (M ‘p4) is given

by

signdetM)w

d = depth(X,P) = TS

(2.28)

In this relation,|m3|| is the magnitude of third row df1, andw = p® - X, wherep® denotes

the third row ofP.

If Pis the 3x4 camera matrix of a finite camera, the following relation between 3D Xoint

and 2D poinix exists:

X = PX, (2.29)
X
wX
y
wyl| = P[] (2.30)
Z
w
1

The matrixT obtained by vertically concatenatiffgand transpose of the vecios (0,0, 0, 1)"

is non-singular, because left 3x3 sub-matrixpthat isM, is non-singular.
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P
]
J

wX X
w
y =T y . (2.32)
w z
1 1
Multiplying both sides with
10 0 0
H 0 % 0 0 (2.33)
- 255k 25574 )
0 0 - Zfar—Znear - Zfar—Z;ear
0 O 0 1
wherek = signdetM)/jm3) so thatk - w = d, we obtain
X X
ylz 4 :H-T-y (2.34)
Z = 255 (Zfafraiznear) z
1 1

which is the desired result. Sinétis non-singularHgepth = H - T is a projective transfor-

mation. Mapping 3D points to depth map points is a projective transformation.

2.3 Literature

2.3.1 3D Watermarking

3D watermarking is watermarking of a particular representation of a 3DescEmis repre-

sentation can be a 3D representation such as a polygonal mesh, a pothtacjparametric
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surface, an implicit surface or a volumetric representation [16]. Watéroear also be em-
bedded in 2D views obtained from 3D models. Table 2.2 lists 3D watermarkiegaées,

and their protected components as given in [2].

Table 2.2: 3D Watermarking categories, and their protected componegis [1,

Protected Component
3D-3D Watermarking Geometry representation
3D-2D Watermarking | Geometry or Texture of 3D Object
2D-2D Watermarking Images of 3D Object

3D watermarking research mostly deals with 3D-3D watermarking. In apofexisting 3D
watermarking methods given in [5], dated 2008, only two of the 45 investgatorithms
are 3D-2D methods.

In the following sections, brief information about existing 3D-3D watermayknethods, and
more detailed summaries of three 3D-2D watermarking methods found in the liteveitu

be presented.

2.3.1.1 3D-3D Watermarking Literature

Research in this area deals with embedding data on the geometry of a 3D bpjetking
slight modifications. Research can be categorized into two: Spatial domaitoasedind

transform domain methods.

Most spatial domain methods operate on 3D primitives like vertices, edgesugiage nor-

mals.

For example in [17], the watermark is embedded in the radius componenttmegein a

spherical coordinate system, center of which is the center of mass of tiobj8Ett. Radius
component of vertices are sampled iltainiform bins, where is the desired bit capacity.
Then, radius components of each bin are modified according to the birzdeymark to be

embedded, as given in the relation below:

rl = (1+aRy) X (2.35)
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whereRy is -1 if watermark bit is 0, 1 otherwise. determines the strength of the watermark.

In order to detect the watermark, sample means prior to embedding arescequir

The method in [18] uses the direction of normals of mesh triangles to embed Thta.
unit sphere is divided into regions. Every normal on the 3D object bsltm@ne of these
regions. To embed data, normals of the model are altered, changing thesthspof normals
in a given region on the unit sphere. Reducing dispersion encodds@égsing dispersion
encodes a 1. The regions to embed data are determined by a secrehiseyethod is said

to be resilient against 3D attacks like polygon reduction.

Another method, [19], embeds data in the distance between a vertex, abdrjteenter of
the vertex’s neighbors. This value is called a 'normal’. To embed datae thesnals are
modified according to bits of the binary watermark. The 'normal’ metric definethis

paper is invariant to fine transforms, thus the watermarking method is resilientffioea

transformations of the 3D object.

Other spatial domain methods extract 2D information from 3D models and use waage
marking based algorithms. An example is [20], which computes a cylindrigaghdeap of

a given 3D model. A cylindrical coordinate system is placed on the meshasdgtorigin
coincides with the barycenter. The coordinate system is aligned with thegaiirxis of in-
ertia of the object. A depth map is obtained by converting the cylindrical coatesrt, 0, x)

to a 2D image where x-axis & y-axis is z, and image values are r. Resulting image is then
watermarked using a DCT based algorithm, and changes are reflectetblthe 3D model.

The method is robust against mesh simplification and noise.

Transform domain methods embed the watermark into transform domaiiceags of 3D
models. In [21], wavelet decomposition is applied to the 3D mesh. Watermarg&risetin-
bedded in the wavelet cficients of significant magnitude. Watermarked mesh is obtained
by reconstruction from modified wavelet d¢beients. A similar method based on wavelet
decomposition of semi-regular meshes [22], embeds data in wavelétmods. Watermark

is detected by computing the correlation fiment between watermark and the mesh under

inspection.

A comparison of spatial and transform domain methods is given in Table & [a:
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Table 2.3: Comparison between spatial and transform domain 3D-3D wakéngenethods

2].

Pros Cons

Spatial Domain Methods | Lower complexity, robusty Difficulty in finding percep-
ness against cropping tually significant regions
weakness against local d
formations

Transform Domain Methi Robustness against com-Higher computational cost,
ods pression and additive noise,weakness against cropping
good integration with visual
perception

132
]

2.3.1.2 3D-2D Watermarking Literature

3D-2D watermarking is relatively unexplored in the literature. In one aggrpowatermark
is embedded in the apparent contour of of 3D objects [23]. Data is emexidixtures of
3D objects in another method [24]. [2] uses a projective invariant to d@Bvatermarking.

This dissertation builds on the idea presented in [2].

In [23], the watermark is embedded on the Fourier transfornffictents of the contour of
silhouettes of a 3D model. A number of views are used to obtain contourthasdhouettes
are stored for use in detection. During detection from a 2D view, firstélsé $ilhouette that
fits the view is detected. Then, the view’s contour is extracted. Correlafidtmsocontour
with the watermark is thresholded to determine the watermark’s existence. Tthedrie

robust against rotatigmmanslatioriscaling attacks.

In [24], watermark is embedded in the texture of 3D models, and is detect2D omodels
after texture reconstruction. A robust watermarking algorithm desigoedtill images is
utilized to embed data. The knowledge of the original 3D object is neededdtmrmark
extraction, and the geometry and texture mapping function are requiréteftexture recov-
ery step. Rendering parameters should also be known a priori. Mosg efftht goes into

reconstructing the texture, after which it igiscient to do image watermark detection.

The final 3D-2D watermarking technique [2] uses the projective invafig@ point cross
ratio [25]. This projective invariant is related to cross ratio. Given figplanar points
(X1, X2, X3, X4, X5 IN Figure 2.4), one of the points is selected and connected to other four with

lines. Intersection points of any arbitrary line with the four lines are markgdg-, ys, y4 in
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Figure 2.4). Cross ratio of these four points, which is given below, is thjegtive invariant:

Iy1Yslly2yal

2.36
Iy1Yally2ysl ( )

cr(ys. Y2, Y. ya) =

Arbitrary
Line

Xs

X4

X3
X1

X2

Figure 2.4: Five point cross ratio.

Advantage of five point cross ratio over four point cross ratio is thatliéss constrained.

Finding five coplanar points on a 3D model is much easier than finding four eatlpoints.

The method applied in [2] to embed watermark on a 3D model is outlined below:

1. Identify five coplanar feature points on the 3D object,
2. Change the location of the feature points on the model in order to chamgets-ratio
to a value that will represent the embedded information.

In order to detect the watermark, the following steps must be carried out:

1. Identify the same five co-planar points in the 2D image or video.
2. Calculate the associated cross-ratio to extract the information due toltleeofahis

ratio.

Identification of five coplanar feature points is an important aspect of ldwitom. The
feature points need to be identified on 2D views in the detector. Theréfeseare identified

on 2D views instead of 3D in watermark embedder. Identification procesgeis gelow:
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1. Generate 2D views in a range of angles.
2. Use SIFT to identify candidate feature points on every view.

3. Candidate feature points that are available on all views are assumedtablEpoints

for the selected angle range.

4. Five coplanar points are found among the stable points.

An informed algorithm in which descriptors of the points on which watermarknisezided

are known to decoder is suggested in [26].

This method [26] is the first 3D-2D watermarking method using projectiveriamts.

2.3.2 Perspective Invariants

A perspective invariant is an element or a quantity of a geometric configarthat remains
constant under perspective projection from three dimensional spaee thmensional space.
A brief discussion about the relationship between projective invariadtperspective invari-

ants is given in Section 2.4.

There has been considerable amount of interest in perspective imtgariaterest has been
mainly related to object identification, but there has been at least one 2ldyaf used

projective invariants in 3D watermarking.

Perspective invariants operate on various 3D structures. Poaint §et29P line sets [25],

curves [28], conics [11] are among the structures investigated fggginge invariance.

It is known that there is no general case perspective invariant dneayb3D point sets [29].
However, by constraining the sets of points we can obtain usable pévepegariants. Two
examples were given above, the cross ratio [12] required four callpaats, and five point
cross ratio [25] required five coplanar points. Zhu et al. derivedspeetive invariant for six
points on two adjacent planes [30]. There are more constrained, ardspexific perspective
invariants as well (for example points lying at the vertices of a polyhed3ai).[ However,

constraining the point set limits the usefulness of the perspective invariant.

Notably, YuanBin et al. provided a general perspective invariant lwhies minimal con-

straints [27]. This perspective invariant operates on 6 3D points offwhido not lie on the
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same plane. Also, of the 6 corresponding 2D points, 3 should not lie orathe kne. Yuan-
Bin et al. then derive two examples of more constrained perspectiveantsrone of which

is identical to the one Zhu et al. has provided [30].

2.4 Perspective Invariants in 3D-2D Watermarking

In this section, an introduction to applying perspective invariants to thelgmobf 3D-2D

watermarking is presented.

Given a 3D modeM, and its 2D counterparh obtained by a projective camera, a non-trivial
invariant relation betweell andm can be used for watermarking. This 3D to pBrspective
invariant relationcan be defined a§(M, m) = 0, given thatm = P - M, whereP is any
arbitrary projective camera matrix. The invariant relatfoestablishes a relationship between
3D models and 2D views independent of the camera matrix. Given many lgossilrce
models{M;} and a 2D mode produced from one of the source models, one can decide the

source model by findindyl; that satisfied (M;j, m) = 0.

Such a relationship provides a valuable tool for 3D-2D watermarking. Batédden in
a model by modifyingM and producingn different versiongM;}. Assumingk 2D views
are generated from ead; using Py, Po, ..., Pk, producingmi = Py - Mq,myp = Po -

My, ...fOI’Ml; Mp1 = P1- Mo, mpo = Py - Mo, ...fOI’Mz, and so on.

If the invariant relationf (x, y) is available, then

f(My, my;) = O for jin [1,K], (2.37)
f(Mq, mp;) # O for jin [1,K], (2.38)
f(M2,myj) # 0 for jin [1,K], (2.39)
f(M32,mgj) = O for jin [1,K]. (2.40)

Using this information; given the set of possible modé¢M4(, Mo, ..., M}), and any perspec-
tive projected viewn;j, the modeln; is related to can be determined, which is the embedded

information.
Note that, a projective invariant is constant under transformations betsgees of equal
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dimensions. However, thperspective invariant (M, m) = 0 is constant under perspec-
tive projection from a three dimensional space to the plane. Perspeotamaint relation
f(M, m) = 0 can be constructed from projective invariants. As an example, corgioes
ratio given in Section 2.1.2. If the same four collinear points are identifidd andm, their
cross ratios should be equal, since cross ratio is invariant under fivejgansformation, and

perspective projection. Thus, the invariant relation can be described a

f(M, m) = cr(M) — cr(m) (2.412)

Another approach for developing this invariant relation is to derive dioelship between 3D
and 2D projective invariants. If the mod®l has a set of 3D projective invariants given by
a and the model’'s projected imagehas a set of 2D projective invariants given gythen

if M is suficiently complicated, the projective invariants will satisfy one or more noratriv
polynomial constraintd (M, m), arising from the fact thatn is a projection ofM [32]. In
[32], a 3D-2D invariant relation is derived betweepoints and 6-r lines,r ¢ {0, 4}. Another

example to this approach is given in Chapter 3 [27].

Most such perspective invariant relations defined in the literature havstraints on their
inputs which limit their usefulness in watermarking applications. For exampbssaatio
referred to above requires input points to be collinear, which limits its praetgdicability.

There may not be dficient four collinear points on a 3D model suitable for data hiding.

On the other hand, it is known that there is no general case 3D-2DgutRapinvariant rela-
tion on arbitrary 3D point sets from single images [26]. However, in [2g¢aeral relation-
ship on 6 3D points to their 2D counterparts is defined with minimal constrainispfathe
points should be non-coplanar and three of the projected 2D points sheuldn-collinear.
Chapter 3 of this dissertation investigates the feasibility of using the basicantvaelation

relation described in [27] to build a simple 3D-2D steganography system.
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CHAPTER 3

UTILIZATION OF PERSPECTIVE INVARIANTS IN 3D-2D
WATERMARKING

It was demonstrated in Section 2.2 that it is possible to use projective intgime3D-2D wa-
termarking. Feasibility of a projective invariant based watermarking syst@®monstrated
first on random point sets not attached to a 3D model. Then, experimentsraucted on
simple 3D meshes. Performance of the system is evaluated by methods usiistjdseand

also optimization of an appropriate cost function.

In this chapter, watermark is embedded in 3D models represented as pallygeshes, since
polygonal meshes have widespread use and they can be Ifficiendly processed than all
other 3D representations [16]. The following properties are desiregh@rspective invariant

relation to be used for 3D-2D watermarking on 3D polygonal meshes:

1. Perspective invariant should work on points, edges, faces onat®mwhich are the
features of 3D meshes. Invariants working on other geometric featiwes as curves,

conic sections and so on, are not suitable.

2. Perspective invariant should impose as minimum constraint on 3D mesinefedo
embed data in as possible. This constraint means that a larger numbetuoé$eia

usable for hiding data.

The following section introduces a perspective projection invariant ifies these two

conditions.
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3.1 Perspective Invariant Relation

YuanBin et al. [27] have derived a point based 3D to 2D perspectioggion invariant
relation that involves 3D and 2D projective invariants. This perspectiagiant relationship
has two constraints: Given 6 3D interest poiRisi = 1, ..., 6 and their perspective projected

2D counterpart®;, i = 1, ..., 6;
1. 3D pointsPy, Py, P3, P4 should be non-coplanar,
2. 2D pointsps, p2, p3 should be non-collinear.

These two constraints are weaker than the constraints on other perspeeéiriants [12,
25, 30, 31]. In fact, this perspective invariant relation has also beed to derive more

constrained ones [27].

Perspective projection by a projective camera relation can be given as:

X
Ui
Vi
k-lwl=M-["]. (3.1)
Z
1

whereP; = (x,Vi,z,1)" andpi = (u;,Vvi,1)" in homogeneous coordinatds,are non zero
scalars,M is the 3x4 projective camera matrix of rank 3 (identicaPtin equation (2.25))

andi =1,2,3,4,5,6.

SincePy, P,, P3 and P4 represent four non-coplanar pointsIii they are linearly indepen-
dent. On the other han®&; are members of the four dimensional homogeneous vector space,
and no five points in a four dimensional space can be linearly indepentlbase two fact

allow the following relations to be written [27]:

Ps = a1P1 + a2P2 + a3P3 + a4Pa, (3.2)

Ps = B1P1 + B2P2 + B3P3 + BaPa. (3.3)

Since P41, P2, P3 and Py are linearly independent, the dbeientsa; andg; are unique. A
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similar relation can be written for 2D points: definimpg, ps, ps in terms of p1, p2, p3 with

unique coéicientsai;, pj, Ti.

Pa = A1P1 + A2P2 + A3P3, (3.4)
Ps = p1P1 + p2P2 + p3P3, (3.5)
Ps = T1P1 + T2P2 + T3P3. (3.6)

Note that, since last (homogeneous) coordinatdy ahdp; are all La1 + ax +az+as =1

and,81+,82+/33+/34: 1, also/11+/12+/13: 1,p1+p2+p3= 1andT1+T2+T3= 1.

If (3.2) and (3.3) are expanded by multiplying each side of the equatiopstispective trans-
formation matrixM and combining with the perspective transformation relation (3.1), the

following equations are obtained [27]:

ki1 p1 + koaapo + kaazps + Kaaspa, (3.7)
KiB1p1 + koB2p2 + kaB3ps + KaBapa. (3.8)

KsPs
KsPe

Substituting (3.4), (3.5), and (3.6) in the above equations (3.7) and (3.8),

ks(o1p1 + p2p2 + p3pP3) =

ki1 p1 + koaopo + kzazps + Kaaa(A1p1 + A2p2 + A3p3),  (3.9)

Ke(T1p1 + T2P2 + T3P3) =

KiB1p1 + KoB2p2 + KaB3pz + KaBa(A1p1 + A2p2 + A3p3).  (3.10)

Rearranging these equations and collecting terms in fropt, of

(keaa + Kgagds — Ksp1) p1 + (Koaz + Kaaada — ksp2) p2

+ (ksaz + kaagds — ksp3)ps = 0, (3.11)
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(ki1 + KgBads — ket1) p1 + (KoB2 + KafBad2 — KeT2) P2
+ (KaB3 + KaBads — ket3)p3 = 0. (3.12)

Since p1, p2, andps are non-zero and not collinear, they are linearly independent. Thus,
codficients in the above equations are zero. This provides us with a set of digaeations

[27]:

ki1 + kgagdy — kspy = 0 (3.13)
ko + Kgagds — kspa = 0 (3.14)
ka3 + kgagds — kspz = 0 (3.15)
kiB1 + KgBad1 — KeT1 = 0 (3.16)
koB2 + KafBadz — Ket2 = 0 (3.17)
kaB3 + kaBadz — kT3 = 0. (3.18)

This set of linear equations can be written in the matrix form

a1 0 0 Aas —p1 Ol|ks 0
0 a2 0 Mas -p2 Ollk 0
0 O a3z Azas —p3 O]|]|ks _ 0 (3.19)
B 0 0 4By -t1 OJfks| |O
0 Bo 0 A4 -12 0]]ks 0
0 0 B3 A3pa -13 0)lks) |0

Sincek; are known to be non-zero, the set of linear equations (3.19) must hawe-tivial
solution. This non-triviality implies that determinant of the fla@ent matrix must be zero.
The following relation is obtained, if this determinant is calculated and simplifiexligfir
division by%:

p3(A112 — A2711) 3ﬁ3a4]'g4 - p3(A1t3 — /lsTl)% + 71(A2p3 — A3p2) Zﬂzzal'gi
+ p1(A273 — A372) @b 2(A103 - /13/01)— + 7312 — Aop1) —E2 = 0. (3.20)

@yB1 zﬁ
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Note that (3.20) provides a relationship between relative positions of 3sg® and 2D
points p;, which are expressed in the dbeientsai, 8 and A;, pi, 7j, respectively. Relation
(3.20) is a 3D to 2D perspective invariant relation, since it does not icoaty term related
to the perspective projection matriM [27]. This relation can be directly used in a 3D-2D

watermarking system.

In [27], this relation is further simplified by grouping, 8 andA;, p;, 7; codficients as:

a132 a183 @134
|12=—1ﬂ ; |13=—1'B , |14=—]ﬂ , (3.21a)

@21 a3f @41

112 ANT3 L pr  PIT2 r P1T3 L  A302
K/l‘r == At _ == T _ =< KFT = = P _ e 3.21b
27 L B 3t 2 por’ B par’ P Agps ( )

By this grouping, the relative positions of six 3D interest points produceetbodicients
I = {l12, 113, l14}. The relative positions of six 2D interest points produce fiveffotents

K = {K/IT K/I‘r KFPT KPT

15 Ki%, Kio K, Kg’;} [27]. These cofficients are 3D projective invariants and 2D

projective invariants, respectively [27, 33, 34].

The perspective invariant that is to be used in this chapter is the funicgaen below, which

is simply (3.20) rewritten in terms of projective invariants in (3.21a) and (3.2llbte that

. KATK?? . .
due to the relatlorlKgg = KﬁEK}S, Kgg does not appear in the below function.
13112

K{SKI(KSE — 1)

f(1,K) = (K{5 = 1)l13l14 — —2 K1§TKPT 1ol 14
13012
e e
+(1- Mazliz + (K5 - N4
T PT 13 1
Ki3Kiz Ki3
K/ITKPT K/l-erT
2R3 2R3
~ (K= 2 B s+ (S5 KDl =0 (3.22)
13 12

This perspective invariant relation is referred toféls K) in terms of projective invariants as

in (3.22) rather than the relation in (3.20), although they are equivalent.

It should be noted that a very similar relationship is derived by Weiss apdiftag a diferent

method [33, 34].
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3.1.1 Preliminary Tests on the Perspective Invariant

Perspective invariant given in (3.22) is a function of seven variabiesuid KPD). Relative
positions of 3D point$; and 2D pointsp; determine these variables. Positions of 2D points
are in turn determined by positions of 3D poirRsand the perspective projection matrix
M, althoughM does not appear in the final perspective invariant. Visualizatioh(lgiK),
and how it responds to changesinand p;, is challenging due to the interrelations between

variables.

Figure 3.1 is presented as a preliminary analysis. Figure 3.1 is an image il J&9| for
fixed P1, P2, P3, P4, Ps, Pg 3D vertex values angy, ps, Ps, Ps, Ps 2D pixel values. The image
is a partial evaluation of the function; onpy is kept variable. Its coordinates, /) are varied
across the image surface so that at the top left cquper (0, 0) and at the bottom right corner
itis (800,600). In red regions the function is undefined. In other regions daikels denote

smaller logf (I, K)| values. Blue dots are actual positionsmf p2, ps, P4, pPs, and pe.

The thin dark line is composed of a series of local minima, about a pixel trscdambe seen
in the zoomed-in inset. Gray regions occupying much of the remaining shaeetkat the
function is mostly slow changing. Berent configurations d?; produce similar figures, with

large areas of slow changing values and thin valleys of local minima.

These preliminary tests show that correctly detecting locations of waterchaikgoints in
images is important. A one pixel error while detecting 2D point locations may mékge

change inf(K, I)| value, depending on the direction of error.

This sensitivity to error is undesirable in 3D-2D watermarking. Due to thisigeity to the

localization of points|f (I, K)| might not approach to zero, causing a watermark to be missed.

Feasibility of this perspective invariant in 3D-2D watermarking is more thginbuinvesti-

gated in the rest of this chapter, by means of simulations on random poiahsE3® meshes.

3.2 3D-2D Watermarking with Perspective Invariant

Using the perspective invariant described in Section 3.1, data is embéd@edD mesh

model by modifying positions of 6 interest points. Each modified model is usedreey
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Figure 3.1: Perspective invariant log output|iog, K)|. Small rectangle is zoomed-in.

different information, as introduced in section 2.4.

Brief outline of the data embedding process on a 3D mdtled given below:

1. Select six interest points in 3B = {P;},i € [1, 6].

2. Embed data on 3D interest points by modifying their relative positionsticgediffer-

ent versions of the 3D model.
3. Calculatd codficients for each version of the 3D mod8&|, (= {l;},i € [1, n]).
If there aren versions of the model, Iggn) bits of information are embedded. 2D views of
different model versions are then produced. Camera position and pgermsppzojection do

not dfect the algorithm, as they do not appear in the perspective invariant. udgweis

important that interest points should be visible in 2D views.

Data is extracted from 2D views by applying the following steps:

1. Given a 2D view, detect interest poings= {pi},i € [1, 6].
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2. CalculateK codficients using interest points.

3. Using the perspective invariant, find thg, value that gives the minimum value of

|f(|i, K)| for l; € S|.

Imin Value shows which version of the 3D model was used. To extract datermark detector

has to have prior knowledge &j.

Note that the set of céicientsS, can be thought as a viewpoint independent representation
of all versions of the model. A hypothetical 3D-2D watermarking detectorbEdevised
that stores all model versions and compares transmitted 2D views to thesks toodetect
embedded data. However, in this case, transmitted 2D images would neecktpdtered to

3D models, and camera parameters would need to be determined befotedet8mcel
codficients are viewpoint independent, no registration is needed prior to watedetaction.

Therefore, storing, is more dficient than storing all model versions in the detector.

3.2.1 Selection and Detection of Interest Points

The proposed watermarking system depends on interest points beintedede arbitrary
2D views of models. Ideally, interest points should remain detectable, wegratk viewed
by using diferent camera angles, under changing lighting conditions and even afteisd
embedded within the model. In this chapter, to simplify interest point detectidsigmmo
and accurately judge performance of the perspective invariant, a ibésiest point detec-
tion scheme is implemented. The problem of repeatable interest point deteatamned

separately in Chapter 5.

3.2.1.1 Detection of Interest Points

Interest points are selected to be centroids of triangular faces of a 3Dmdel. Selected
faces are painted with distinct hues (red, green, blue, yellow, cydmagenta), while unse-
lected faces are left white. Since triangle centroids are invariant uredgpgctive projection,
detection of interest points in 2D views is achieved by isolating regions aftanhhue, and

calculating their centers of gravity.
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3.2.1.2 Selection of Interest Points

Interest point detection is simplified by marking them with distinct hues; howaverest
points still need to be selected carefully. This selection is inevitably relatedteragposition.
Naturally, if an interest point is not visible in a 2D view then the watermark ctine detected.
Any 3D-2D watermarking system embedding data on 3D mesh features hdgpieisdence

on camera direction.

Therefore, aview directionis selected to represent a set of possible camera positions around
that direction. Watermarked 2D views are to be produced within a rangacitbe selected
view direction. Interest points are also selected according to this viewtidimecT herefore,
calculated codficients are also related to this view direction. Watermark can be embedded
multiple times using dferent view angles, if detection is required from 2D views that are

obtained from camera angles far from the chosen view direction.

This approach has some precedent in the literature. In [2], embeddedmeak is only
detectable from the range of 2D views it is visible. In [23], if multiple cameraations
are needed, watermark is embedded by usitigmdint camera directions, on the contours
of a model. Silhouettes of the model fromffdrent camera directions are stored, and best
suitable silhouette is selected by comparison with given 2D view before watedatection.
Segmentation of such silhouettes from arbitrary views is still an open probiéoneover,

those silhouettes are expected to be time-varying in a typical application.

Among all the faces of a given model, the following constraints are applieddoafiset of

candidate interest points that are suitable for watermarking for a givendirection:

e Occlusion constraint: Face centroids should not be occluded.

e Direction constraint: Angle between face normal and view angle, that is the vector
connecting face centroid to center of a camera positioned at the view diresitiould

be less than 60 degrees.

e Adjacency constraint: Selected faces should not be adjacent, to prevent unwanted

motion of adjacent faces during watermark embedding.

e Invariant constraint: First four selected centroids of the faces should not be coplanar,

due to the perspective invariant constraints.
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After applying these constraints, remaining centroids of the faces atidea®s for being

used as 3D interest points in watermarking.

3.2.2 Embedding Data

Data is embedded in a 3D model by changing positions of 3D interest points &y ahat
is not possible by a projective transformation. This operation can bershe® = P; + Vi

wherey; is the translation vector farth interest point and not alf are equal.

Watermark energy can be defined as the average of translation vectoitudag, as given in
(3.23). Watermark energy will determine the amount of 3D mesh distortion@mtdloute to

how robustly watermark is embedded.

sy= = (3.23)

It can be deduced from Figure 3.1 that watermark energy alone willatetmine the robust-
ness of the embedded watermark. Direction;a$ important, since the perspective invariant
functions value is direction dependent around interest points. Thisdacalso be inferred
from the observation that if 3D interest points are moved towards the caluersg data em-
bedding, their 2D counterparts will not move significantly, and embeddégimark will not

be extracted.

The translation vectorsjecy, can be determined by methods using heuristics and through
optimization of an appropriate objective function. Both approaches aestigated in this
chapter. In both cases, the following hypotheses are used to enabkendagading process:

If interest points are displaced parallel to image plane of the camera, tlamgg®st point
displacement will be generated on 2D views. If interest points are digpleaellel to the

face surface, 3D mesh distortion will be lower.

In the following analysis of data embedding methodsis the vector connecting camera
center and interest poi, andn; is the normal vector of the face of the 3D mesh on which

P; resides. Botlt; andr are defined as unit vectors.
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3.2.2.1 Data Embedding Using Heuristics

In data embedding methods using heuristics, each interest point is displaadided amount
along a direction. Displacement direction is heuristically selected based wrveor €)

and face normalrg).

The following displacement directions are tested:

e Move towards or away from the camerg= s, - [G].
e Move perpendicular to view vector, parallel to image plane: sy - [CL|.

e Move perpendicular to face normal (parallel to face surface) angkepéicular to view

vector (parallel to image plane}i = s, - [T X G|

Keeping translation parallel to image plane results in largest interest popiacksnent in
generated 2D views, which is expected to create a larffjierdihce in the value of the water-
mark function. This expectation is based on the behavior of the persp@auotariant. For the
best performance, direction and magnitude&/ should take into account the behavior of the

perspective invariant. Embedding data optimally aims to address this problem.

3.2.2.2 Optimal Data Embedding

When data is embedded in a 3D model to produtfedint model versionsl;, and a 2D image
m; obtained from one of the models, it is expected tiid, Kj)| = 0 only fori = j. In other
cases|f(li, K;j)| will be larger than zero. To maximize watermark detection performance,

difference between these two values should be maximized.

On the other hand, a constraint on the amount of displacement of inteiest phould be
imposed to limit the amount of 3D mesh distortion due to watermarking. Thus, thetiobje

functionO, that is to be maximized, is proposed below:

O = [[f(lj, Kpl =T, Kyl |
wherei # |, k| <€, andP, = Px + Vi, ke [1,6]. (3.24)
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An optimization on this objective function should be carried out in 3D. In thgean 18-
dimensional space (3 dimensions for 6 interest points) must be seafidieedeuristics stated

in the previous section might be used to reduce the dimensions; and hpacajan time of

the search. Dferent data embedding approaches based on optimization and application of

heuristics to reduce search space dimension is given below.

e 3D optimization: Optimize in a 3D region centered arouRd No heuristics applied.

e 2D optimization: Optimize on the plane perpendicular to view vector, parallel to image

plane, centered &,.

e 2D optimization: Optimize on the plane perpendicular to face normal, parallel to face

surface, centered &.
e 1D optimization: Optimize on face normal centeredRt

e 1D optimization: Optimize on a line perpendicular to both face normal and view vec-

tor, centered aP;.

Note that using camera location based heuristics is just an ad-hoc soluteattoan accept-
able data embedding method. It is not mandatory to use camera location whilddintpe
data. In fact, some of the data embedding methods, for example 3D optimizatiowgtd
utilize camera position. In general, the proposed method of watermarking peispective

invariants is camera position independent.

Data embedded on a single interest point utilizinggén; x ¢| heuristic method for dierent
watermark energiesy) on theBunnymodel is shown in Figure 3.2. As the watermark energy

is increased, the red triangle &unnys chest moves down further.

3.2.3 Watermark Detection

S| ={lj},i € [1,n], the set ofl codficients associated with a model, or equivalently, the set of
watermark functionSg = {Fi},i € [1, n] whereF; is defined as(x) = |f(l;, X)|, is available

at the watermark detector.
When a 2D image of the model is received, interest points are detectdd evdficients are
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(a) Interest points (b) Embedding data

Figure 3.2: Interest points on originBLnnymodel and embedded data on modified models,
for watermark energies 0.025, 0.05, 0.075, 0.1 (dashed lines addedriby).

calculatedlmin that minimizes the following relation determines which version of model was

used to generate the 2D view, as follows:

Imin = arg min| f (l;, K)| (3.25)

lieS,

3.3 Experimental Results

Simulations are conducted in two phases. In the first phase randomly sa&iplpdints

independent of a model are used as interest points. Interest pointidets simulated by
adding Gaussian noise onto 2D interest point coordinates. In the sphasd, interest points
are marked on 3D mesh models as explained in Section 3.2.1. Interest peimstected

utilizing face colors.

In both phases, constrained Newton Conjugate-Gradient is used agtitmization method
[35, 36]. Optimization regions are defined as cubes, squares and limestgdepending on
the number of dimensions. Longest axis of the optimization region is set to teemaak

energy upper bound value, thatddn (3.24).
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3.3.1 Interest Point Detection on Synthetic Data

For each iteration of the experiment, six 3D interest points are randomlyteglom a
uniform distribution around the 3D origin. A perspective camera, locatetth® negative z-
axis looking towards the origin is used to obtain 2D interest point coordin2isoordinates
are then scaled to correspond to pixel coordinates of a square imag@e pié@ls on one side.
Distribution of random 3D points and camera parameters are selected tonpatdde with
the simulations for 3D mesh models. Gaussian noise is added to pixel coosdmaimulate

interest point detection.

In this phase, since there are no models and no faces, only the followiagdedding

methods are simulated:

3D Optimization

2D Optimization on the plane perpendicular to view vect® (2c7 )

1D Optimization along the view vector [f1- ©)

Heuristics: Along the view vectoC(heuristics)

Heuristics: Perpendicular to view vectar, (heuristics)

One bit of information is embedded by creating one additional version ofrthmal model
using selected data embedding method. Performance of the proposexd sysk@amined for
a range of watermark energy upper bounds (0.05, 0.1, 0.15, 0.2)jngiergles (0, 15°, 3C°,
45°) and 2D interest point Gaussian noise levels (0.0, 0.5, 1.0, 1.5).

Watermark detection is declared as successful, if

112, K2)l < [f(I2, K2)l (3.26)

wherel; is obtained from the original model ahgfrom the modified (data embedded) model.
K is obtained from a 2D view of the modified model. For optimization based methaals, th

following objective function is used:
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O = [[f(l2, Kl - [f(I1, K2)I | wherelvi| < €,k € [1,6]. (3.27)

If at any point in the iteration, selected interest points or their 2D countsrfzal to conform
to perspective projection constraints given in Section 3.1, iteration is testasing another

set of random interest points.

In Figure 3.3, performance of five data embedding methods is plotted ag&indgiard devia-
tion of Gaussian noise added to 2D interest point coordinate$,\ae@ing angle, across all
watermark energy levels. As can be seen, all methods exhibit perféatrpance when there

is no noise added, exceptheuristics. This result is expected, since by moving 3D interest
points towards the camera, no change is observed in 2D interest poitibfmcaDetection
performance degrades as noise strength is increased. Optimizatiominetbeds have better
performance than heuristics based methods for any noise level, whilet@Bizgiion shows

the best performance, and other optimization methods closely following. i8¢ hevels of

0.5 and 1.5 pixels standard deviation, detection performance drops to @5.3%8.6% for

2D optimization, and 92.8% and 82.7% for heuristics.

In Figure 3.4, detection rate is plotted against viewing angle (froto @5°) for a noise level

of 0.5 pixel standard deviation. Changing viewing angle in this range esduerformance of
optimization andt} heuristics based methods by about 3%. On the other hand, detection rate
for € heuristics increases greatly with viewing angle, since when viewed froamgie, 2D

interest points’ translation towards the original camera position becomeswisiie.

Finally, Figure 3.5 displays detection rate against watermark energywa\wing angle and

1.5 pixel noise standard deviation. This noise value is selected to distinativellyate dier-

ent methods’ performance; heuristics based method shows better performance by increas-
ing watermark energy. Optimization based methods are ahead of heurigtés$ in@thods,
although they do not exhibit a clear relationship in terms of detection rate2Bxnd 1D
optimization methods reach peak detection rates of 92.2%, 91.6% and 91%séctieely.

¢} heuristics follows with a peak detection rate of 85.8%.

Results obtained in this phase demonstrate that 3D-2D watermarking begrspnvariants
is feasible, even when 2D interest point detection is noisy. 2D optimization guhenop-

timization based methods, ad among heuristics based methods have better performance,
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when compared to others. Optimization based methods exhibit better pert@neapecially

under higher noise levels and low watermark energies.

3.3.2 Interest Point Detection on 3D Models

In this phase simulations are done on triangular faced mesh models with negexidesh
models are rendered in Blender 3D software. Rendered 3D scenénsati@ model to be
rendered, a camera and a lamp (see Figure 3.6). 2D views are remddredcamera of 35

mm focal length. Camera is rotated around the model to the desired view angle.

Figure 3.6: Top view of 3D modeling environment. 3D model is near top lefimoiCamera
is near bottom right.

Six models from Stanford 3D Scanning repository [37] and Aim@ Shapesitepy [38] are
used (Figure 3.7). Number of faces and bounding box sizes of the ma@eigven in Table
3.1.

An iteration of the simulation involves the following steps:

1. Interest points are randomly selected and marked on the model as ddsorection

3.2.1. Model-0 is created.

2. Watermark is embedded by moving interest points according to the seleatieunark

energy, as described in Section 3.2.2. Model-1 is created.
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Table 3.1: Properties of models used in experiments.

Model name | Number of faces| Bounding box size
Bunny 3851 (3.35, 3.27, 2.59)
Dragon 11102 (4.06, 2.87,1.82)

Armadillo 6918 (5.08, 6.06, 4.61)
Buste 10214 (4.51, 2.43,1.80)
Fertility 12080 (5.99, 4.34, 2.20)
Happy Buddha 15536 (2.11,5.14, 2.11)

3. 2D views are obtained for the original model (Model-0) and the modifiedii(dodel-

1), after rotating the camera by the specified view angles.
4. | codficients for Model-0 and Model-1 are calculaté@,andF; obtained.

5. Mesh distance values are calculated between Model-1 and Modeh@,the Metro

tool [39].

6. Signal to watermark energy ratios of 2D watermarked views to originakemoews

are calculated.

If not exactly six interest points are detected, or detected interest poifdtevibe perspective
invariant constraint given in Section 3.1, the iteration is discarded. Thetigaris consid-

ered a success, if watermark in a 2D image generated from Model-1 issstfiglty detected

(F1(K1) < Fo(K1)).

Data is embedded using the following methods:

3D Optimization

2D Optimization on the plane perpendicular to view vect® (2c7 )

2D Optimization on the plane perpendicular to face normBl {217)

1D Optimization along the face normalt- i)

1D Optimization the line perpendicular to face normal and view vectidr{Ti x C)

Heuristics: Along the line perpendicular to face normal and view veatsra)
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Figure 3.7: Mesh models used in simulations, with interest points marked.

Performance of the proposed system is investigated for watermarkyecmngtraint values
(for optimization based methods) and watermark energy values (for tiesiiased method)
of 0.002, 0.01, 0.025, 0.05, 0.075, 0.1. View anglesoff®°, 15° are simulated. Higher
watermark energy values produce quite pronounced distortion on moukthas were not
simulated. Larger view angles result in occlusion of interest points, caasoamany dis-

carded iterations.

Mesh distortion is measured by Hausfialistance. Hausdérdistance defined on two input
meshes X and Y is given belowl(x, Y) is the Euclidean distance from a point x on X to the

closest pointon Y:

du (X, Y) = max{maxd(x, Y), maxd(y, X)}
xeX yeY

Detection rate of all data embedding methods for a viewing anglé afé given in Figure
3.8. The x-axis denotes watermark energy)( Optimization based methods are plotted by
accumulating results from all iterations in 6 buckets according to watermarigenBucket
sizes are selected so that there are equal number of samples in eaeh IRefection rate
of each bucket is calculated by dividing the number of successful titmiedoy the number
of samples. Detection rates are plotted at average watermark energgcfobecket. This

approach prevents erroneous results caused by small numberltf nesubucket.
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Overall, detection rates for optimization based methods are higher tharc) heuristics
method, reaching 99.0% for 3D optimization at 0.021 watermark energy (ayanand
98.8% for 1D optimization on the liné x ¢ at 0.019 watermark energy (red line). Tifie C
heuristics method exhibits at best 92.9% detection rate at 0.050 watermagl.dhean also
be observed that optimization based methods show significantly bettermarfoe at lower
watermark energies: When watermark energy is equal to 0.021, 3D optimizsiforms

10.1% better than heuristics based method.

For all methods, detection rate is observed to decrease, when watemeagl & increased
beyond a level. The main reason for this unexpected situation is the indneas®bility of
self occlusion of faces after data embedding, and in consequenagsecrlocalization errors
in interest point detection at high watermark energy levels. In Table 3rfyrpence of all
data embedding methods is given at 0.1 watermark energy upper boutvadbfeases: All

iterations included, and those iterations having interest point detectiai efnmore than 0.5

51



Table 3.2: Detection rate increase when interest point detection ermrem@oved at 0.1
watermark energy.

Method All Errors discarded
3D Optimization 96.5% 98.2%

2D -c; 94.7% 97.1%

2D -n 97.0% 98.2%

1ID-n 93.1% 94.5%
ID-nfAx¢ 96.1% 98.9%

fi x ¢ heuristics 87.2% 95.5%

pixels discarded. The detection rate increase once again emphasizetwimpaf interest

point detection and localization.

As can be seen in Figure 3.9, data embedding methods that displace inbémespprpendic-
ular to face normal (1D optimization alomig €, 2D optimization omy , andfi x € heuristics)
produce the lowest mesh distortion, as expected. Optimization along theoiacalmesults in
largest mesh distortion. In general, mesh distortion increases by inayeesiarmark energy

almost linearly.

Figure 3.10 shows detection rate versus view angle characteristics fdatallembedding
methods. 3D optimization is observed to perform slightly better than other mestdds
viewing angle, although detection performance degradation of only 1D optiimiz on i
method is significant (2.5%). Signal to watermark ratio between generateg2®p andp’
generated from Model-0 and Model-1, respectively, is given in (3.23Figure 3.11), signal

to watermark ratio is observed to be inversely related to watermark ensrgypacted.

> PA(X,Y)

SWRp. p) = 101
P P) T y) — Py

(3.28)

The results obtained in this phase indicate that optimization based methods edotjmer-
form better than heuristics based methods, even when 3D models aré&unstbe: other hand,
reduced detection rate in higher watermark energy values demonstraidithidtg and im-

portance of interest point detection and localization after data is embedtheslrimesh.

Data embedding methods that displace interest points perpendicular toofaal mesult in
smaller mesh distortion in 3D, and higher signal to watermark ratio in 2D. On tlee loémd

3D optimization, despite being computationally costly, is both camera position indepe
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and improves other methods by a small margin.

3.3.3 Discussion of Results

In this chapter, a watermarking method that extracts data embedded in 3D rfrodeksr-
bitrary 2D views is presented. Proposed method utilizes a perspectiveimveelating six
minimally constrained 3D points and their 2D counterparts. Data is embeddedpigaz-
ment of 3D interest points. Primary challenges of this watermarking methadearéfied to

be noise sensitivity of the perspective invariant, and accurate 2D ihperies detection.

An optimal data embedding method is developed to overcome the noise sensttitliy o
perspective invariant. An objective function is defined considering traignt function, and

maximized to find optimal 3D interest point displacements.

A basic interest point detection scheme is devised to accurately judgespvepnvariant
performance. Interest points, which are selected to be face centermasked on mesh
models by coloring faces with distinct hues. Interest point detection is@egsince centers

of triangular faces are perspective invariant.

Presented watermarking system is evaluated by simulations performed osgisiand mesh

models. Simulations highlight a number of observations:

e Optimally embedded data in 3D mesh models can be extracted from 2D views with

99.0% watermark detection performance when one bit of information is eratielid

two models.

e Optimization based methods have 10% higher watermark detection performhamce

heuristics based methods. In addition, peak detection rates are obattvedr wa-

termark energies with optimization based methods, resulting in lower distortion in 3D

meshes and 2D views.

e Detecting watermark on 2D views obtained with® Xamera angle does not produce

significant performance degradation.

e Even with the basic detection scheme, accurately detecting interest poinisiseana

factor in watermark detection performance. Especially self occlusiorseday data
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embedding prevent watermark detection at high watermark energies.

The results provide a benchmark for optimal 3D-2D watermarking perfocmasing this
perspective invariant. Since, during the simulations, a single bit of informagididden
in models, avenues for improvement remain open for investigation, such a&sldimy data

more than once on fierent interest point sets or employing error correction coding.

These results are a very promising indicator that perspective invariasest3D-2D water-

marking, a completely new area of research, is feasible.
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CHAPTER 4

UTILIZATION OF PROJECTIVE INVARIANTS IN 3D-2.5D
WATERMARKING

In the previous chapter, a feasible watermarking system was built on thefdeperspective
invariant remaining unchanged between a 3D model and its 2D represestakaistence
of 3D projective invariants, as mentioned in Chapter 2, suggests that a sivatkmarking

scheme can be built between two 3D representations of a model.

Representation of a 3D model using range data in addition to a 2D image, graustereo
pair of 2D images has become prevalent in broadcasting digital 3D vidgo Méreover,

developments in digital entertainment technology, specifically Microsoftd{jemabled easy
and cheap access to depth sensors. As a result, many academic aegenginrojects have

appeared utilizing Kinect’s depth sensing abilities [40, 41].

This chapter investigates feasibility of a watermarking system in which datadeletén a 3D
model is extracted from its 2D plus depth representations. First, 3D plts dgpesentations
and watermarking schemes operating on them are briefly reviewed. Guieements for a
2D plus depth representation to be suitable for watermarking with projectiagiamts is
investigated next. A watermarking system that embeds data in 3D and extoaotD plus

depth representations is presented afterwards.

4.1 2D Plus Depth Representations and Watermarking

Depth image based rendering (DIBR) is the process of synthesizinglwitwes of a scene

from still or moving images and associated per-pixel depth information [[9,74#s process
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consists of two steps: Reprojecting original 2D points to 3D space usingeipth dlata,
followed by projecting the reprojected 3D points to image plane of a virtual @MEhis
process of re-projection from 2D to 3D, and projection from 3D backDoi® called 3D

image warpind9].

DIBR can be used to generate a stereo pair of images from a 2D imagesauibéesd depth
map. Such a method of creating stereo view pairs using depth informatiotdasiad along
with traditional video is proposed for 3D-TV systems [9]. Another applicatibthe 2D plus
depth representations, Kinect provides a depth image of the visual fietttliticem to RGB

video. After calibration, actual depth of a point can be obtained [40].pRI3 depth map

representations of 3D scenes are expected to proliferate further iatthie.f

Watermarking methods were developed for 2D plus depth image represestatiowever,
none of the methods in the literature extract data embedded in 3D models frplaRB®epth
representations. Three recent examples for 2D plus depth watermankitnpds are given

below.

The first method [43] employs depth information to determine 2D image regionsiahwata
is embedded. Background of a scene is thought to carry less informatiomere frequently
be subjected to attacks. On the other hand, objects that are farther esvagtalistorted
as much as closer objects, during 3D warping. Combining these two idg&snsen the
image that correspond to the farthest object that is not the backgroeéemed to be more
suitable for embedding data. Depth map is processed to identify these regidng both
watermarking and detection of the watermark. Data is embedded within DGHcoeats of

identified regions on 2D images.

In another watermarking method for DIBR based free viewpoint videterys [44], water-
mark is embedded in the source cameras in such a way that it can be deteertifi@ally

generated 2D images from arbitrary viewpoints. A random watermark past&enerated
according to the reference camera view point. The watermark pattern pedvéo all the

other source cameras so theetively the 3D space is watermarked.

Similarly, In a system which generates stereo views from a central imagesautiated
depth map, dferent watermark patterns for left and right stereo pairs are embeddkd in

center image, accounting for 3D warping [45]. Regions in which theremamy holes due
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to warping are left intact. Watermark is detected after the virtual view’s gtigge camera

parameters are determined.

4.2 2D Plus Depth Requirements for 3D-2.5D Watermarking

As demonstrated in Section 2.2.2, the mapping between a 3D and its related depth
image pointXy,

Xd = |'|depth' X (4-1)

is a projective transformation. Herdgeptnis defined asdgepn= H- T whereT is the camera

matrix and

10 0 0
uo|®8 O 0 (4.2)
- 255k 255714 '
0 0 - Ztar—Znear  Zfar—Znear
0 0 0 1

as givenin (2.33). Note th&t depends o, which is related to actual point depth by a scalar
factor (2.28). Thereforeilgepth Which is the product of and the camera matrik, depends

not only on the camera parameters but also on the depth of the 3D pointrbapyed.

As a result of this, a group of 3D points cannot be mapped from 3D auettess to depth
image coordinates by a constant projective transform. Théts:nchanges for each point
according to its depth. This prevents using depth image coordinates diregttpjactive

transformation based watermarking.

On the other hand, if actual depth of a point, or equivalenily; andz; 4, values that are used
in obtaining the depth image (see equation (2.27)) are knéilisridependence ow can be

removed by multiplying< andy’ in (2.34) with the depth, as shown below:
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X -d X X

-d
y =H-T- y = H(’j h* y (4.3)
Zfar—d ep
Z =255 (Zfar_znear) z z
1 1 1
where
k 0 0 0
I R 0 o
- 255k 255Z1ar )
00 - Ztar—Znear  Zf ar_z:lear
0 0 0 1

andk = d/,, = signdetM)/;n?3) is a constant scalar for given camera parameters. Hence, the new
transform,H(’jepth = H’ - T, lacks any dependent factor and is constant for all points being

mapped.

Note that this new mapping is between a 3D poity(z 1)" and another 3D pointx( -

d,y -d,z,1)". Here §,y,Z,1)" is the depth image poin{y corresponding to the 3D point

X = (x,y,z 1)T, andd is the actual depth of the 3D point. Unlike depth image coordinates,
(x-d,y-d,Z,1)" is related to the 3D point through a constant projective transformation give

camera parameters, and thus can be used in watermarking based otiMerojeariance.

The point ¢ - d,y - d,Z,1)" can easily be obtained from 2D image coordinatey’, actual
depth of the pointd, or depth image valug, andz,e,r andz;4, Values used in obtaining the
depth image. In this chapter, three dimensional pfpt (X' - d,y’ - d,Z, 1)" is called the
modified depth image poin¢lated to depth image poidg.

Given these definitiondyl — deptH is a projective transform between a set of 3D points and
related modified depth image points obtained from a 2D plus depth represeraétioe
scene. This projective transformation relation between 3D models and thgitug depth
representations explained in this section enables us to devise a waternsatiemge utilizing
projective invariants. Next section provides a suitable 3D projectivaiaviato be used in

this scheme.
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4.3 3D Projective Invariant

It was stated in Section 3.1 that the @ogentsl = {l12, I13, |14} obtained by (3.21a) are 3D
projective invariants. In order to show tHatodficients remain unchanged under an arbitrary
projective transform, it is useful first to introduce the concept mlative invariant[11]. A
quantity related to a geometrical configuration that changes under admaxasionT by a

factor of|T|“, w > 1, is called a relative invariant under that transformation.

The determinant of a matrix formed by combining four 3D point homogeneousimates is
a relative invariant of any linear transformation [11, 34, 33]. If thedfarmation is defined
asy = T - x, and the four points ar¥ = (X1, X2, X3, X4), transformation of all points can be

written asY = T - X. Taking determinant of both sides, the following relation is obtained:

Y] =[T[-|XI. (4.5)

As can be seen, between the input and transformed determinants, thahg ésdifference
of |T| [11], therefore, determinant of four points is a relative invariant urideSinceT is
a non-singular 4x4 matrix, it is a projective transformation, and the detentiga relative

invariant under projective transformation.

An invariant (also called aabsoluteor scalarinvariant) can be built using relative invariants
[11]. For example, dividing the relative invariant above by determinfanhother four point

setX’ provides the following invariant:

Yl IX

== 4.6
Y1 I (49

Given the six 3D point®,, P2, P3, P4, Ps, Pg, relative invariants can be constructed by using

any four of them. The following relative invariants are defined:
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M7 = |P2, P3, P4, Psg, 4.7)

M3 = [Py, P3, P4, P, (4.8)
M3 = |Py, P2, P4, Ps|, (4.9)
My = |P1, P2, P3, Ps|, (4.10)
Mg = |P1, P2, P3, Pyl (4.11)
M = |P2, P3, P, Pel, (4.12)
M = |Py, P3, P, Pel, (4.13)
M = |Py, P2, P, Pel, (4.14)
M = |Py, P, P, Pel, (4.15)
M = [Py, P2, Ps, Pyl. (4.16)

Substituting the linear dependence (3.2) into (4.7) [33, 34], since thewiatert is multilin-

ear in columns,

M7 = 1|P2, P3, Pa, P1| + a2|P2, P3, P4, Pa| + a3|P2, P3, P4, P3| + a4|P2, P3, P4, P4l. (4.17)

Determinants with multiple columns vanish:

M{ = a1|P2, P3, P4, P1| = —a1|P1, P2, P3, P4| = —a1Mg. (4.18)

Similar relations betweea;, i andM? and Miﬁ can be derived as [33, 34];

Mg Mg Mg Mg
B B B B
oMy My My My 9
Br=-—=, B2=—%, Ba=——3, Pa= —. (4.19)
Ms Ms Ms Ms

From (3.21a) and (4.19) tHecodfticients can be written as ratios of determinants:
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@2 My M;

lip = = , (4.20)
whi " WM
Ma M2

g =P Vs (4.21)
B
afr MIM;
Ma MP

e =2Ps _aMa (4.22)
5
P MIMY

Since these cdicients are ratios of relative invariants, they are absolute invariants under

projective transformation.

4.4 3D-2.5D Watermarking with Projective Invariant

The codficients given in the previous section enable a watermarking scheme in whah da
embedded in a 3D model is extracted from any 2D plus depth representasioras the case
in 3D-2D watermarking utilizing perspective invariants, this watermarkingsehis camera

parameter independent.

Data embedding process on a 3D model in 3D-2.5D watermarking is identicalttoftBD-
2D watermarking (Section 3.2):

1. Select six interest points in 3B= {P;},i € [1, 6].

2. Embed data on 3D interest points by modifying their relative positionsticgediffer-

ent versions of the 3D model.
3. Calculatd codficients for each version of the 3D mod8&} (= {I;},i € [1, n], equations

(4.20), (4.21), (4.22)).

After 2D plus depth views of dlierent models are generated by using various camera param-
eters, data is extracted by applying the following steps:
1. Given a 2D view, detect interest poings= {pi},i € [1, 6].

2. Construct the modified depth image coordinates for each interest pdiat.is[ con-
catenate 2D coordinates with depth image value as the third coordinate, lanidtea

modified depth image coordinates utilizing the actual depth information.
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3. Calculatd codficients using the modified depth image coordinates of interest points.

These detectedcodificients ard .

4. Find thelmin value that gives the minimum Euclidearttdrence value inil;, 14| for

Ii €S|.

[I1i, I4]] above is the Euclidean distance between two setscoificients. Imin value shows
which version of the 3D model was used. Similar to the method given in the pieef@pter,

to extract data, watermark detector has to have prior knowled§e. of

4.4.1 Selection and Detection of Interest Points

Selection and detection are performed on 2D images. Therefore, protgites] to interest
point detection and selection explained in Chapter 3 remain. Again, in ordengdify inter-
est point detection problem and accurately judge performance of tepgmive invariant, a
simple interest point detection scheme is implemented. The following sectiony beigiind

methods used to detect and select interest points.

4.4.1.1 Detection of Interest Points

Interest points are selected to be centroids of triangular faces. Sefaceslare painted
with distinct hues (red, green, blue, yellow, cyan, and magenta), whielected faces are
left white. Since triangle centroids are invariant under perspectiviegron, detection of
interest points in 2D views is done by isolating regions of constant huesalodlating their

centers of gravity.

4.4.1.2 Selection of Interest Points

Marking interest points makes detection simpler but interest points still neeel $elbcted
carefully. This selection is inevitably related to camera position. Naturally,iifitnest point

is not visible in a 2D view then the watermark cannot be detected.

As in Chapter 3, a view direction is selected to represent a set of camsiteop® around

that direction. Watermarked 2D views are to be produced in a rangedatberchosen view
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direction. Interest points are selected according to this view directiorrefidre, calculated
| codficients are also related to this view direction. Watermark can be embedded multiple
times using dferent view angles, if detection is required from 2D views that are obtained

from camera angles far from the chosen view direction.

Among all the faces of a given model, the following constraints are applietdoafiset of

candidate interest points that are suitable for watermarking, for a gieandirection:

e Occlusion constraint: Face centroids should not be occluded.

e Direction constraint: Angle between face normal and view angle, that is the vector
connecting face centroid to center of a camera positioned at the view diresitiould

be less than 60 degrees.

e Adjacency constraint: Selected faces should not be adjacent, to prevent unwanted

motion of adjacent faces during watermark embedding.

e Invariant constraint: First four selected faces’ centroids should not be coplanar, due

to the perspective invariant constraints.

After applying these constraints, remaining faces’ centroids are cdedifta being used as

3D interest points in watermarking.

4.4.2 Embedding Data

Similar to Chapter 3, data is embedded in a 3D model by changing positions ot&®sn
points in a way that is not possible with a projective transformation. If thisadjo® is shown
asP; = P; + V;, wherev; is the translation vector for i-th interest point, watermark energy can
be defined as the average of translation vector magnitudes, as in (3.2@ynvirk energy is

related to 3D mesh distortion and watermark robustness.

Embedding data in a 3D model involves determinihtpr a given upper bound of watermark

strength. As in Chapter 3, this can be done by methods utilizing heuristicsaptinyization.
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4.4.2.1 Data Embedding Utilizing Heuristics

In data embedding methods using heuristics, each interest point is trarsia&sed amount
along a direction. Translation direction is selected according to view veGhoarfd face

normal €t). Both¢ andn; are defined to be unit vectors.

The following displacement directions are tested:

e Move towards or away from the camerg= s, - [G|.
e Move perpendicular to view vector, parallel to image plafie: s, - |c7.|.

e Move perpendicular to face normal (parallel to face surface) angepéicular to view

vector (parallel to image plane}i = sy - [ X G|

4.4.2.2 Optimal Data Embedding

When data is embedded in a 3D model to produéidint model versions;, and 2D plus
depth data from modej|, it is expected thaffl;, Ij]| = 0 only fori = j. In other cased|l;, I]|
be greater than zero. To maximize watermark detection performance, thessiauld be

maximized.

On the other hand, a constraint on the amount of displacement of int@iest phould be
imposed to limit the amount of 3D mesh distortion due to watermarking. Thus, thetiobje

functionO, that is to be maximized, emerges as given below:

O = ||l;, Ijll wherei # j, Vil < €, andP, = P + Vi, ke [1,6]. (4.23)

As in Chapter 3, heuristics can be utilized to reduce the search space ingerBiferent
data embedding approaches based on optimization and application of heuoistchkice

search space dimension is given bel&vdenotes 3D interest points.

e 3D optimization: Optimize in a 3D region centered arouRd No heuristics applied.

e 2D optimization: Optimize on the plane perpendicular to view vector, parallel to image

plane, centered &.
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e 2D optimization: Optimize on the plane perpendicular to face normal, parallel to face

surface, centered &.
e 1D optimization: Optimize on face normal centeredRjt

¢ 1D optimization: Optimize on a line perpendicular to both face normal and view vec-

tor, centered ap;.

4.4.3 Watermark Detection

As was noted in Section 4.2, mapping 3D points to modified depth image coordisates
projective transformation. codficients, which are invariants under projective transformation,
remain unchanged during this mapping. Thatis, if the 3D pXiistmapped to modified depth
image coordinateé(('j by the tremsformatiom((’j = Héepth- X, andl(P) = (l12, 113, I14)T is a
vector ofl codficients related to six 3D poin = {P1, Py, P3, P4, Ps, Pg}, thenl (P) = 1(Py),

wherePy is the set of modified depth image coordinates defineBdy Héepth' P.

Modified depth image coordinates of an interest point having 2D image icatedp; =
(xi, )" are & - di,y; - di, 2(%;, vi)) T wherez(x, y) is the depth map sample at coordinatesy)

andd is the actual depth value calculated using the formula

Z(Xi, i)
255 °

di = Ztar — (Zfar — Znear) - (4.24)

If the codficientsly are calculated from these modified depth image coordindtgsthat
minimizes the following relation determines which version of model was used &rgierthe

2D view depth map pair:

min = arg min||lj, 4]l (4.25)

lieS,

4.5 Experimental Results

Simulations are performed, similar to those of Chapter 3, in two phases. IrrghpHase,

randomly sampled 3D points independent of a model are used as intenaist pioterest
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point detection is simulated by adding Gaussian noise to 2D interest poimlicams. In the
second phase interest points are marked on 3D mesh models as explaimetion S.2.1.

Interest points are detected utilizing face colors.

Constrained Newton Conjugate-Gradient is used as the optimization methab[3%pti-
mization regions are defined as cubes, squares and line segmentsikgmenthe number
of dimensions. Longest axis of the optimization region is set to be watermargyenopper

bound value, that is; in equation 4.23.

4.5.1 Interest Point Detection on Synthetic Data

For each iteration of the experiment, six 3D interest points are randomlytesgtléom a
uniform distribution around the 3D origin. A perspective camera, locatethe negative
z-axis looking towards the origin is used to obtain 2D interest point coordirzate interest
point depths. 2D coordinates are then scaled to correspond to pixelicaies of a square
image of 800 pixels on one side. Depth values are quantized to 0-255 |IBvstisbution of
random 3D points and camera parameters are selected to be compatible withisimwéh
3D mesh models. Gaussian noise is added to pixel coordinates and dejptmslédesinterest

point detection and depth calculation.

In this phase, since there are no models and no faces, only the followiagn#edding

methods are simulated:

3D Optimization

2D Optimization on the plane perpendicular to view vect® (2c7 )

1D Optimization along the view vector [P1- ©)

Heuristics: Along the view vectog(heuristics)

Heuristics: Perpendicular to view vectar, (heuristics)

One bit of information is embedded by creating one additional version ofrthmal model
using selected data embedding method. Performance of the proposed systeestigated
for a range of watermark energy upper bounds (0.05, 0.1, 0.15M®e®)ing angles (6, 17,
30, 45°) and Gaussian noise levels (0.0, 0.5, 1.0, 1.5).
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Watermark detection is declared as successful, if

12, 15l < e, 5l (4.26)

wherel; is obtained from the original model arglfrom the modified modell; is obtained
from a 2D plus depth view of the modified model. For optimization based methoels, th

following objective function is used:

O = |11, Iol| wherei| < e,k € [1, 6]. (4.27)

If at any point in the iteration, selected interest points or their 2D courntsrfzal to conform
to perspective projection constraints given in Section 3.1, iteration is tedtasing another

set of random interest points.

In Figure 4.1, performance of five data embedding methods is plotted ag&insiard devi-
ation of Gaussian noise added to 2D interest point coordinate$,\aéWwing angle, across
all watermark energy levels. Note that, all methods exhibit perfect padioce when there is
no noise added. Detection performance degrades as noise strengthas@t Optimization
based methods have better performance than heuristics based methadg faise level,
with 3D and 2D optimization methods showing the best performance, and 1D optoniza
closely following. At noise levels of 0.5 and 1.5 pixels standard deviatioctien perfor-
mance drops to 97.9% and 88.6% for 2D optimization, and 93.3% and 84.3%lfeuristics,

which is the better of the two heuristics based methods.

In Figure 4.2, detection rate is plotted against viewing angle (frénoM5’) for a noise
of 0.5 pixel standard deviation. Throughout this view range, none otitte embedding
methods show significant performance change. Compared to 3D-2Dweaténg, this is an

advantage of using depth information in addition to 2D information in 3D-2.5Dnwegeking.

Finally, Figure 4.3 displays detection rate against watermark energyvaé\ing angle and
1.5 pixel noise standard deviation. Heuristics based methods show beftenance with in-
creasing watermark energy. Optimization based methods are aheadisfibebased meth-
ods, although they do not exhibit a clear relationship with detection rate.2Band 1D
optimization methods reach peak detection rates of 99.4%, 98.4% and 97spéctreely.
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Figure 4.1: Detection rate versus Gaussian noise standard deviationg pbottiferent data
embedding methods.
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Figure 4.3: Detection rate versus watermark enesgy, plotted for diferent data embedding
methods.

C: heuristics and heuristics follow with peak detection rates of 95.5% and 92.9%.

These results demonstrate that 3D-2.5D watermarking with the selectedtipejaeariant
is feasible. Using depth information has improved performance fréiardnt angles. Opti-
mization based methods exhibit better performance, however, the dispetiitgdn them and

heuristics based methods is smaller than that of 3D-2D watermarking.

4.5.2 Interest Point Detection on 3D Models

In this phase simulations are done on triangular faced mesh models with negexAs in
Chapter 3, mesh models are rendered in Blender 3D software. Rend2smbBe contains
the model to be rendered, a camera and a lamp. 2D views and depth imagesdaed
with a camera of 35 mm focal length. Camera is rotated around the model tosiheddd@ew

angle.
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All six 3D models introduced in Section 3.3.2 models from Stanford 3D Scamejagitory

[37] and Aim@Shape repository [38] are used in simulations in this section.

A single iteration of the simulation involves the following steps:

Interest points are randomly selected and marked on the model as ddsar@ection

3.2.1. Model-0 is created.

. Watermark is embedded by moving interest points according to selectednasete

energy, as described in Section 4.4.2. Model-1 is created.

2D views and depth images are obtained for the original model (Modah@)the

modified model (Model-1), after rotating the camera by the specified vielesing

. | codficients for Model-0 and Model-1 are calculated.

. Mesh distance values are calculated between Model-1 and Modeh@, the Metro

tool [39].

. Signal to watermark ratios of 2D watermarked views to original model veee<al-

culated.

If not exactly six interest points are detected, or detected interest poitdgavibe perspective

invariant constraint given in Section 3.1, the iteration is discarded. Tlaidgaris considered

a success, if watermark in a 2D plus depth view generated from Modeldceessfully

detected.

Data is embedded using the following methods:

3D Optimization

2D Optimization on the plane perpendicular to view vect® (2c7 )

2D Optimization on the plane perpendicular to face normBl {21})

1D Optimization along the face normal@1- r)

1D Optimization the line perpendicular to face normal and view vectidr{4 x C)
Heuristics: Along the line perpendicular to face normal and view veatsra)
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Performance of the proposed system is investigated for watermarkyecmngtraint values
(for optimization based methods) and watermark energy values (for iesibased method)
of 0.002, 0.01, 0.025, 0.05, 0.075, and 0.1. View angles 07.68°, 15° are simulated. Higher
watermark energy values produce too pronounced distortion on modkihas were not

simulated. Mesh distortion is measured by Haufidtistance.

Detection rate of all data embedding methods for a viewing angleafedgiven in Figure 4.4.
The x-axis denotes watermark energy)( Results are plotted by accumulating results from
all iterations in 6 buckets according to watermark energy. Bucket sieesedected so that
there are equal number of samples in each bucket. Detection rate ofieke is calculated
by dividing the number of successful detections by the number of sanipésction reates
are plotted at average watermark energy for each bucket. This @bppoavents erroneous

results caused by small number of results in a bucket.

Overall, detection rates for optimization based methods are higher with lowtermark
energies when compared to thiex ©) heuristics method, reaching a performance plateau of
99.5% at 0.005 and 0.01 watermark energy for 3D and 2D optimization metbsgsatively.
1D optimizing methods have slightly lower peak performance. In contrast, gbgskics
method exhibits at best 82.6% detection rate at 0.1 watermark energy. Bi§uszoomed

in to show optimal data embedding methods.

As can be seen in Figure 4.6, similar to results of Chapter 3, data embeddingds¢tiat
displace interest points perpendicular to face normal (1D optimization @ong 2D opti-
mization onny, andf x € heuristics) produce the lowest mesh distortion, as expected. Opti-
mization along the face normal results in largest mesh distortion. In genersh, diwtortion

increases with increasing watermark energy almost linearly.

Figure 4.7 shows detection rate versus view angle characteristics fatakohbedding meth-
ods. None of the tested data embedding methods exhigit performancedatémman the sim-
ulated view range. Largest variation is displayediby € heuristics method: 1.6% decrease

between Oand 15

Signal to watermark ratio in generated 2D views is inversely related to wateremargy

(Figure 4.8), as expected.

These results demonstrate that optimization based data embedding methodsttevea-
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termarking performance compared to the heuristics based methods. 3D ofitimizzs the
best watermark detection performance, however results in more distorti@nnre8h and 2D

images.

4.5.3 Discussion of Results

In this chapter, as an extension to the 3D-2D watermarking system of Ctamesystem
that extracts data embedded in 3D models from 2D plus depth representafioasented. A
projective invariant that operates in three dimensions is utilized to establiskiarant rela-
tion between 3D interest points and corresponding 2D plus depth points. SionTdapter
3, data is embedded by displacing 3D interest points.

It was determined that a 3D plus depth representation has to provide éepilalinformation,
for 3D-2.5D watermarking to be possible. Modern depth sensing technislagle to provide
this.

Optimization and interest point detection techniques developed in Chapteruilazed for
3D-2.5D watermarking system presented in this chapter. Simulations arenpoaodclouds

and 3D mesh models.

Several observations can be made regarding simulation results:

e Optimally embedded data in 3D mesh models can be extracted from 2D plus depth
representations with a detection rate of 99.5%. This performance insriragef 3D-
2D watermarking utilizing perspective invariants. Additional information @nég 3D

plus depth representations raise the performance if invariant baseunaatang.

e Optimal data embedding methods in 3D-2.5D watermarking utilize lower watermarking
energies to reach better watermarking performance compared to 3D{2bnhveaking

methods.

These observations strongly suggest using projective invariants in ¢@Dra.5D water-
marking is feasible. Extension of projective invariant based watermatkirextract data
from 2D plus depth representations is possible, and the additional deptimatfon increases

watermarking performance.
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CHAPTER 5

EFFECTS OF REALISTIC 3D MODELS ON INTEREST
POINT DETECTION

In Chapters 3 and 4, two watermarking methods, in which data embedded in @Blsno
were detected in 2D and 2D plus depth representations, were preseatémmance of both
methods were demonstrated on synthetic data and 3D mesh models, howavatien has
not been done on realistic, textured models. Moreover, in the previotsdgpted methods,
interest points were marked on models, which may not be suitable for sortieaéipps. In

such cases, existing features on 3D models should be used as inténest po

Interest point detection for viewpoint independent watermarking is dectggng problem.
Requirements for interest points in such a system were given briefly tin8e:2.1 as be-
ing reliably detectable when viewed fromfiéirent angles, when rendered undeffettent
illumination conditions, and after data is embeddedtin® invariant interest point detectors
available in the literature may be suitable for viewing angle changes [46] .ei#mawdefor-
mation of the model, and distortion in 2D interest point features caused by adtadding

poses serious problems.

In addition to detection of interest points, accurate localization of intera@stsis crucial
for watermark detection performance. As demonstrated in Chapter 3, Esth pixel
localization error is necessary for satisfactory performance. Torerel successful interest

point detector should be able to have good localization performance.

On the other hand, properties of realistic 3D models also influence interiegtdetection.
A 3D model has other components théfeat its appearance, apart from the polygonal mesh

which gives its shape. Two most familiar components of a 3D model are matedadéxture
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[16]. Material of a model determines its color, reflection model, albedospamency and
similar properties. Texture of a model can be considered as an imageesrappund the
mesh of the model, altering the color of pixels on the surface of the modefiger 5.1). A
3D model may also have other components, such as the bump map, which iga &dbetting
the normal directions of each pixel on the model surface, thereby givendgpumpy, rough
appearance. Parameters of the 3D scene, such as lights, shaddww aalected rendering
method, alsofiect the model's appearance in 2D views [16]. These properties of a 3eImo

complicates the problem of detecting embedded data in the polygonal mesh.

In this chapter, the termiewpoint independent watermarkimg used to mean 3D-2D and

3D-2.5 watermarking utilizing perspective and projective invariants.

5.1 Interest Point Detection for Viewpoint Independent 3D Watermarking

The interest point detection method applied in Chapters 3 and 4, namely martengst
points on the model with distinct hues, is a solution that satisfies the requireimeatsinter-

est point detection scheme given above: Colored faces are detectabldifferent viewing
angles, they are fferentiable under variable illumination, and they remain detectable after
data is embedded, as long as they are not occluded. Centroids of triafapda are also

invariant under perspective transformation, providing good localizgtsformance.

In this chapter, another approach that employing existing features listicemodels as in-
terest points is suggested: Many candidate interest points are identifiigdau2D interest
point detector on 2D views. These candidate interest points are thendfiftecerding to the
requirements given above, that is, interest points that are not detecicossible views,
and those that are not detected after data is embedded are discarddtkriwords, interest
points which cannot be detected, or from which watermark cannot betddtéue to interest
point localization errors, are discarded. Remaining interest points iableufor watermark-
ing. Descriptors of selected interest points are then sent to watermadiatet@d/atermark
detector runs the same 2D interest point detection algorithm on receivitchgr views to

detect selected interest points in order.

This approach is formalized in the procedure below. This procedureés gor embedding

data with watermark energg, in a 3D modelM that is to be extracted from 2D views gener-
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ated in a view range (00).

1. Given the 3D modeM, generate 2D views for the angleS&hde.

2. Run interest point detector on those two 2D views, obtain featureiptessr and iden-

tify the repeatable interest points that are detectable in both views.

3. Simulate data embedding process: Displace repeatable interest posgtdeyermin-
ing displacement direction using thie ¢ heuristics explained in Section 4.4.2.1. Obtain

a modified modeM’.

4. Generate 2D views d¥l’, for the angles Dandoé.

5. Run interest point detector on 2D viewsMf, obtain feature descriptors, and identify

those interest points that are detectable on all views.

6. Selectp interest points with the lowest detection localization errors as candidate in-

terest points.

7. Obtain 6-permutations af, interest points. Embed data in modélusing each per-

mutation, obtaining data embedded modéls € [1, Perm(nip, 6)].

8. Generate 2D views of modd\ for the angles Dando.

9. Attempt to extract embedded data from views. Interest point permutatiomghich

data is successfully extracted from both views are suitable sets of inpeiats.

Steps between 3 and 6 in the proposed method are utilized to reduce the mfipéenuta-
tions to check in steps 7 to 9. Skipping the simulation steps and directly embeddaad

Step 7 results in a prohibitive number of data extraction attempts.

After applying this procedure, a number of sets of interest points in whitd chn be safely
embedded are obtained. More viewing angles can be used at any 2D etf@fafon step
to decrease the likelihood of missed interest points due to viewpdiiereices, although

computation time will be increased.
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5.2 Interest Point Detectors

In the following sections, five interest point detector algorithms’ eligibility f@wpoint in-

dependent watermarking is investigated:

Scale invariant feature transform (SIFT) [47],

Maximally stable extremal regions (MSER) [48],

Features from accelerated segment test (FAST) [49],

Harris-Laplace detector [50],

Harris-Affine detector [50].

SIFT is a scale and orientation invariant image feature detector and desfp4if]. Difference
of Gaussians algorithm is applied to smoothed and resampled input imadieedrdiscales
to detect interest points. Detection scale determines the scale of interasipnainlominant
orientation of each interest point is determined. SIFT feature descrigtersbtained from
local gradient data by histogramming gradient orientations around theshimomt. SIFT
feature descriptors are resilient against illumination changes fiedaopartial invariance to

affine distortion of interest points [47].

The connected components across all possible thresholdings of a gehyriage constitute
the maximal regions of the image [48]. Some image regions remain stable ovee sangk
of thresholds. These regions are invariantffima transformation, are stable, covariant under
adjacency preserving transformations, and allow multi scale detectionN&ER algorithm

detects such maximally stable regions in an image.

FAST feature detection algorithm is affieient implementation of SUSAN detector [49, 51].
SUSAN identifies corners in an image by calculating the ratio of pixels havifigreint in-
tensity values compared to the interest point in a circular region. SUSAN&as noise

suppression capabilities [51].

Harris-Laplace and Harrisfine are extensions to the Harris corner detection algorithm
[52, 50]. Harris-Laplace detector utilizes a scale-adapted versioranfdtorner detection

to localize points in scale space. Those points which correspond to Laplafcaaussian
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extrema over scale are selected as interest points [50]. HaffirseAdetector further builds
on Harris-Laplace to obtain arffane invariant interest point detector. The algorithm auto-
matically adapts location, shape, and scale of the neighborhood of arstrgenat to obtain

affine invariance [50].

These five interest point detectors are evaluated in the following section.

5.3 Experimental Results

Experiments are conducted in two phases. The first half of the praeeilten in Section
5.1, up to Step 6, is used to evaluate performances of five interest ptéctatealgorithms
in phase one. The second half, starting from Step 6, uses output feofinghphase, and is

utilized to evaluate watermarking performance of the suggested method.

5.3.1 Interest Point Detection Experiments

In this section, performance of interest point detection algorithms are testedrealistic
model. A textured and bump mapped 3D model is used during experimentsigsee 5.1).
All interest point detection algorithms are evaluated ovéedent watermark strength values
and viewpoints by attempting detection after interest points are displace dieen view
range (0, 8), viewpoint performance of detectors are evaluated by identifyingatapée in-
terest points on views’@gnd6, and detecting repeatable interest points on vielws,® ands

where 0 < a <0 <.

Performance of each interest point detection algorithm is evaluated thtbegprocedure

given below. This procedure is similar to the first half the procedurengivé&ection 5.1.

1. Given the 3D modeM, generate 2D views from angle$, 6°,10°, 15°.

2. Run interest point detector on the views I, obtain feature descriptors, and identify

the repeatable interest points.

3. Simulate data embedding process: Translate repeatable interest pogtsita di-
rection perpendicular to face normal and view vectd(C heuristics), obtaining a

modified modelM’.
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Figure 5.1: Stone head model and its texture image.
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4. Run interest point detector on the views®, 10°, 15° for 2D views of the model$/

andM’. Identify repeatable interest points in each view.

5. Record detection rate and localization performance of interest pagttdes.

SIFT descriptors are used for all interest point detectors, andigassrare matched using

the nearest neighbor algorithm [47].

Tables 5.1, 5.2, and 5.3 summarize detection and localization performanderekirpoint
detection methods with view angles of,510° and 13, respectively, at 0.025 watermark
energy. Number of repeatable interest points is given in the first colustio & successfully
detected repeatable interest points is given in the second column. Mestaaddrd deviation
of detected interest point localization errors are given in the next twargwu The final two
columns show the localization error values for the best localized and theb&zthocalized

interest points.

Detection rate of all interest point detectors ardisient to obtain six interest points for
data to be embedded. However, almost none of the interest point detieatersatisfactory
localization error means and standard deviations values. This demonstaatesdtization is

the primary challenge in interest point detection for viewpoint indepergi@matermarking.

Interest point detection error for the best detected interest points is amtanpperformance
metric, since, while watermarking, it is possible to select the interest points dseMoca-
tions data is going to be embedded. Moreover, since the perspectivaimvaquires six
interest points, the sixth lowest localization error gives a performancsurealosely related

to watermarking.

According to the last column of each table, FAST emerges as the most sulitiaésirpoint
detection algorithm, with consistently lowest error values for the sixth intpoist. Note that
FAST does not have the best localization behavior in terms of the mean addstaeviation
values. Good performance in all repeatable interest points is desiredpbtequired for
interest point detection. However, low error values for six or more istgreints is required

for feasible watermarking.

It should be noted that corner detectors (FAST, Harrfsn&, and Harris-Laplace) have better

localization performance when compared to region (MSER) and blob det€&i¢-T), espe-
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cially in terms of “best error” and “sixth error” results, as can be sedhentables. Larger
features of blob and region detectors are more prone to localizatiors @mdrare less sensi-
tive to small deformations caused by data embedding. Corner detectdisylpaly FAST,

provides more localized, smaller scaled features.

Table 5.1: Detection and localization performance of interest point deteattggs= 0.025
and5° view angle.

Detector Total | Det. Rate| Error Mean| Std. Dev.| Best Error| Sixth Error
MSER 97 0.602 0.820 0.944 0.463 0.977
Harris-A ffine 95 0.578 0.990 1.81 0.348 0.661
Harris-Laplace | 96 0.656 1.30 1.58 0.497 0.994
FAST 143 0.838 1.81 12.3 0.066 0.279
SIFT 33 0.844 1.77 2.69 0.932 1.20

Table 5.2: Detection and localization performance of interest point deteatggs= 0.025
and1(® view angle.

Detector Total | Det. Rate.| Error Mean| Std. Dev.| Best Error| Sixth Error
MSER 97 0.649 2.71 15.8 0.353 0.678
Harris-A ffine 95 0.500 1.76 3.36 0.197 0.983
Harris-Laplace | 96 0.589 1.84 2.77 0.197 0.983
FAST 143 0.719 2.31 13.7 0.144 0.513
SIFT 33 0.727 2.95 5.71 0.786 1.25

Table 5.3: Detection and localization performance of interest point deteattggs= 0.025
and15°’ view angle.

Detector Total | Det. Rate| Error Mean| Std. Dev.| Best Error| Sixth Error
MSER 97 0.505 0.639 0.777 0.297 0.784
Harris-A ffine 95 0.430 1.08 2.05 0.530 0.845
Harris-Laplace | 96 0.407 1.05 1.39 0.530 0.931
FAST 143 0.570 1.16 6.05 0.220 0.597
SIFT 33 0.655 8.63 26.4 0.627 1.595

In Tables 5.4 and 5.5, detection and localization performances of MSERA®IT detectors
at a view angle of 5and watermark energies of 0.025, 0.05 and 0.1 are given. Best ador a

sixth error values are increasing with increasing watermark energyn &ith a watermark
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energy of 0.05, localization errors reach one and a half pixels. Thessgts indicate that
watermarking with existing features on models is only feasible with low watermegtgg
levels.

Table 5.4: Detection and localization performance of MSER interest pdietie at5° view
angle.

Sw Total | Det. Rate| Error Mean| Std. Dev.| Best Error| Sixth Error
0.025| 95 0.602 0.820 0.944 0.463 0.977
0.05 | 95 0.602 3.45 10.8 1.43 2.16
0.1 95 0.391 10.17 32.8 4.15 5.12

Table 5.5: Detection and localization performance of FAST interest potatte ats® view
angle.

Sw Total | Det. Rate| Error Mean| Std. Dev.| Best Error| Sixth Error
0.025| 143 0.838 1.81 12.3 0.066 0.279
0.05 | 143 0.734 2.02 0.643 1.30 1.66

0.1 143 0.561 4,58 0.672 3.14 4.76

5.3.2 3D-2D Watermark Detection Experiments

Watermarking performance of the FAST method, which is determined to be thesoitadble
interest point detector in Section 5.3.1, is investigated by embedding data @nitfiesest

points that have the least localization error.

Best performing interest points obtained from experiments of Section 58skekacted to be
the candidate interest points in experiments in this section. After data is entbeddleese
interest points, watermark detection will be attempted froffedént views. Those interest
points through which successful watermark detection occurs are adgorbe suitable for

3D-2D watermarking.
Experiment procedure, which is similar to the second half of the proced@ection 5.1, is
given below.

1. Selectn;, interest points with lowest detection localization errors as candidate interest

points.
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2. Obtain 6-permutations of interest points. Embed data in midda$ing each permuta-

tion, obtaining data embedded modbis wherei € [1, Pern(njp, 6)].
3. Render 2D views of models; with angles 0,5°, 1(°, 15°.

4. On rendered views, detect interest points, obtain feature dessriptutt find nearest

neighbor matches to get interest points.

5. Attempt to extract embedded data from interest points. Interest pamupetions for

which data is successfully extracted from both views are suitable sets ifshpmints.

Data is embedded using thex € heuristics method in Step 2, since the same data embedding
method is used in selecting the best performing interest points. The inteiet fhat were
detected using FAST interest point detector with 0.025 watermark enezgysed as input

to the experiment. The interest points that were detected bothand 10 views are sorted
according to interest point detection errors at,Jdhd besh;, are selected. In Step 4, SIFT
descriptors obtained from 2D views are matched to descriptors of injeoess obtained
from O° views of unmodified modell. nj, is set to be 10, generatiriRern(10, 6) = 151200
number of watermarking attempts in Step 2. Random 250 permutations are cédeliteit

experiment duration.

Watermark detection is attempted on 2D views generated with camera anglg$Qflo®
and 18. These attempts produce 31, 8, 13, and 9 successes, respectivebngAhese
successes, 6 are common fhehd 5, 5 are common inQ 5° and 10, and only 1 is common

in all four views (see Table 5.6, and Figures 5.2 and 5.3).

Table 5.6: Interest point sets enabling watermark detection.

View Number of successes
0°and 5 6
0°,5°and 10 5
0°,5°, 10° and 18 1
0° and 10 10

This result, however pessimistic it seems, demonstrates that it is possible @ $ieidof
interest points that is usable in extracting data embedded in a realistic 3D mmded fange

of 2D views. Searching for a longer duration is expected to yield mordeisats.
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Figure 5.2: Original (left) and data embedded model.
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Figure 5.3: Data embedded model viewed fromBF and 15.

A number of factors lead to the large number of watermark detection missest. ofill,
a permutation of interest points may not be suitable for watermarking. Theyvinkte
perspective invariant constraints (Section 3.1), or they may be so clasactoother that
embedding data in them may prevent detection due to distortion. Moreowsr,véath the
best interest point detector examined, interest point localization emerstid a degrading
factor. The watermark energy level, kept low to reduce interest poimtifation errors,
also reduces the watermark detection performance. And finally, the utiletadethbedding
method, chosen for consistency with the simulation step in the previous sestiba Jowest

performing data embedding method.

Since interest point descriptors are obtained°ati@w angle, a decrease in performance is
observed as view angle increases. Another point to note is that sinceretégtable interest
points are selected using the viewsahd 10 (in the previous section), these two views have

more successes and common SUCCesses.
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5.4 Discussion of Results

Interest point detection for viewpoint independent 3D watermarking limfienging problem.
The challenge mainly stems from the fact that interest points detected in 23 sir@wback
projected to 3D models, and modified to embed data. Itfiscdit to detect these modified

interest points using fferent viewpoints, under varying rendering conditions.

In this chapter, a number of interest point detectors are evaluated tondlegehose that are
suitable for 3D-2D watermarking. Localization performance is observdxthe primary
restraining factor, rather than repeatability. Among six methods, FASTecatetector is
observed to have the most suitable interest point detection and localizatfornmence. It
is interesting that FAST corner detection does not detect all interest paithtshe smallest
amount of error, but it produces a few interest points that have smadl@idation errors than

other methods.

An interest point selection method that filters out those interest points thabadetectable
after view changes or data embedding, and then selects the points that bamélest
localization error is presented. Watermarking is attempted by the remainingsinpeiats.
Those interest points from which embedded data can be extracted aldestotaviewpoint

independent watermarking on realistic models.

Simulation results show that data can be embedded in realistic models utilizing $ealture
ready existing on the 3D model, in other words, without marking interest pomtise model.
This result is an indicator of feasibility of 3D-2D and 3D-2.5D watermarkingrealistic
models, and expands the application domain of 3D-2D and 3D-2.5D watengavkh per-

spective and projective invariants.
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CHAPTER 6

SUMMARY and CONCLUSIONS

This dissertation introduces a novel approach to 3D-2D watermarkisgdoan using geo-
metrical invariants to embed data. Twdfdrent classes of invariants are used throughout the
dissertation: 3D projective invariants and 3D-2D perspective projetti@miants. Literature
on invariants is mainly concerned with using invariants in object detectioneldifisertation,

it is demonstrated that invariants are usable in watermarking.

Projective invariants and perspective invariants are viewpoint indkgpen Therefore, wa-
termarking methods developed in this dissertation, utilizing invariants, are ea@aint
independent. This is a major feature of the proposed methods, enabling daetembedded

in a 3D model once, and detected from any 2D view of it.

First method proposed, which is given in Chapter 3, is a 3D-2D waterntarkathod using
a perspective invariant with minimal constraints. Data is embedded in relasiegms of
six 3D interest points, and detected from rendered views of the model,endept of cam-
era position. Two main problems of a 3D-2D watermarking system utilizing inviariare

identified: Noise sensitivity of the invariant, and repeatable interest petetton.

An objective function considering the invariant is developed to addresedlse sensitivity.
This objective function is maximized to find optimal 3D interest point displacemers
address the repeatable interest point detection problem, a basic int@Erdsigtection that
marks interest points on models is utilized. Simulations are done on syntheticndba®Da

meshes.

Next, an extension to the 3D-2D watermarking method that extracts data Bgoiug depth

representations is proposed in Chapter 4. This watermarking method wogssimage and
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an associated range data of a 3D scene to extract data embedded onnttoel €D Interest
point positions, detected from the 2D image, are combined with depth informatiamed

from range data to detect the watermark using projective invariants. Optiiomzand interest
point detection techniques developed for the first method are utilized toeaparformance.

Simulations are done on synthetic data and 3D meshes.

The problem of repeatable interest point detection in viewpoint indepgemagermarking is
attacked in Chapter 5. Interest points have to be accurately detectaldalypab multiple
views of the 3D model, but also after data is embeddedfelint 2D interest point detector
algorithms’ detection and localization performances are evaluated in ariscadapted to

requirements of a viewpoint independent watermarking system.

An interest point detection process tailored to viewpoint independentmwatking is pre-
sented, and its applicability is demonstrated on a realistic, textured 3D modeintéhest
point detection method developed in this chapter allows utilizing interest poiaiisiale on

3D meshes.

The use case for 3D-2D and 3D-2.5D watermarking systems is justified erfeenonsiders
that 3D content is often consumed in 2D. Embedding data in 3D models befogeagjen of

2D images and videos is moréieient than watermarking generated 2D views. Moreover, in
some use cases, like free viewpoint video or computer games, 2D contentliered at the
client. In such a case, watermarking 2D content in the client is less se@reithbedding
the watermark in 3D models before transmission. 3D-2D and 3D-2.5D systéhewore
attractive because they can handle these use cases. The main contabii®dissertation is

to demonstrate that 3D-2D and 3D-2.5D watermarking using projectiveiamtalis feasible,

opening up an entirely new area of research.

6.1 Conclusions

The idea of utilizing projective and perspective invariants in watermarkistems that ex-
tract data embedded in 3D models from 2D and 2.5D representations is egaimitiés

dissertation.
The 3D-2D watermarking method presented in Chapter 3 exhibits very gissf@mance on
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3D mesh models when optimal data embedding methods are used. Optimal dataiegbed
methods also reduce mesh and image distortion. Performance of the systeatemdhat
perspective invariants based optimal 3D-2D watermarking, a completelgmsanof research,

is feasible.

Extension of the 3D-2D watermarking method to 2D plus depth representatiessnted in
Chapter 4 exhibits increased performance, by utilization of additional diefotimation. The

results indicate that projective invariant based 3D-2.5D watermarkingdsedsible.

The interest point detection method suggested in Chapter 5 is shown todessiut in uti-
lizing existing features on realistic 3D models as interest points. This is thedastsary
enhancement for the methods introduced in the previous chapters tosigden realistic

application scenarios.

All methods presented in this dissertation point towards new directions inmaitking re-

search.

6.2 Future Work

Although 3D-2D and 3D-2.5D watermarking using invariants is shown to bsiliée, the
proposed methods can be enhanced in various ways. First of all, qg@moeethods are not
yet evaluated against attacks on 2D views. Techniques should be pled@specially against
attacks that aim to prevent accurate interest point detection. Cropgumgng, video coding,

and similar traditional attackstiects on performance should be investigated. For use cases in
which the model is transmitted to the client, techniques against 3D attacks on rabdeld

also be investigated.

Methods to embed more than one bit in a 3D model should be developed dnatestaSuch

methods’ &ects on performance and mesh and 2D view distortion should be investigated.

The idea of using perspective invariants based watermarking is shovenfeabible using a
general, weakly constrained invariant. However, for some use aabes,invariants may be
more suitable. For example, when two views are transmitted to the receivavaaiant that
relates the two views can be used to embed data. Similarly, multi-view invarianteagsed

to hide data in successive frames of a video. For specific use casesatlts maybe more
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constrained perspective and projective invariants should be rbsearc
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