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Chapter 1

Introduction

The virtual representations of scenes from reality beldadgee most fascinating
aspects in Computer Graphics. They can be used in many diffapplications
reaching from mixed-reality film productions to interaetivirtual reality applica-
tions and games. In the last few years, the visual qualitycfi wirtual scenes and
models has increased dramatically. The driving force lbthis effect has been
the developement in computational power. While the evatutibmain memory
and CPUs has followed Moore’s Law quite precisely, the pemforce growth of
GPUs (Graphics Processing Units) and graphics cards haslea quicker. The
number of elementary functions on a GPU has doubled eved2l®onths. In-
creased performance and graphics memory allow the usenteréncreasingly
complex scenes. A major drawback of every handcraftedalimodel is that it
looks realistic only on the first glance. On closer examorgtithe level of de-
tail does not yet suffice. Most natural scenes are far too tantp be modelled
manually.

Image-Based Rendering IBR tries to close the gap between near-realistic
scenes and reality. The basic idea behind IBR is to utilisegenaf real-world
scenes or objects for the generation of new views with thepcaen.

1.1 Motivation

The main motivation for this thesis was to develop techrsdoe visual geomet-
ric reconstruction and the rendering of arbitrary sceneschSechniques may
be used in applications which need virtual representatisrecenes from real-
ity. Modelling complete scenes including background, sotated objects, is of
primary interest.

In virtual film productions, for example, it is a typical tagk place a purely
virtual object into a real scenery and provide correct sheddighting and oc-
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2 CHAPTER 1. INTRODUCTION

clusion. Other mixed-reality applications like virtualidtos have similar require-
ments. The ability to generate images of a scene from viawpavich are not

identical with the original position of the cameras can beduer free-viewpoint

applications like 3D-Games or interactive free-viewpaaievision.

The creation of virtual models from single objects is raldt®the creation of
scene models but it has to meet some special requirementect@iodelling has
been studied in great detail for decades and has reachedh gk of maturity
while background- or environment modelling is still at anlgaevelopement
stage. All the approaches presented in this thesis areddarsmodelling scenes,
but they are not limited to this purpose and can also be usetbttel objects.

The development of the new Image-Based Rendering Methodshwihil be
presented in this thesis, is guided by the following requeats:

e automatic modelling and rendering from image sequencestak standard
digital cameras,

e No user interaction besides defining the new viewpoint,
¢ highly scalable with respect to the number of input images,
e scalable between rendering speed and visual quality,

e combine sparse sampling (distance between images), falll@aand non-
restricted movement,

e support depth information to allow embedding of virtualexdig with cor-
rect occlusion.

1.2 Graphics vs. Vision

The research field of Image-Based Rendering resides, by isenah between
Computer Graphics and Computer Vision.

The primary goal of Image-Based Rendering is to generate amaga with
the use of mathematical methods. So Image-Based Renderirgpit af Com-
puter Graphics. Tasks such as rendering virtual 3D objedsmerate 2D images,
computing direction and intensity of rays of light, transfing complex data sets
to visually understandable representations (e.g. simoulatata) may serve as
examples of what Computer Graphics may achieve.

In contrast to Computer Graphics, Computer Vision aims torjmed input
data from sensors observing parts of the electromagnegictrgpn. Most often
this means 2-dimensional (colour)-images, but X-ray insage 1-dimensional
images are also used in Computer Vision.
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Finding mathematical methods to transfer visual repregems from (real)
input images to (virtual) new images obviously requiresvidedlge from both
fields: Computer Vision and Computer Graphics.

Figure 1.1 sketches the combination of graphics and vissearting with 2D
images, Computer Vision algorithms are used to calibratentages and to re-
construct the depth information. Methods from Computer Giegpthen create
geometrical approximations of the scene from calibrateabies and depth maps
(modelling). Finally, Computer Graphics algorithms aredugeproject the geom-
etry into new viewpoints (rendering). As mentioned aboweagde-Based Render-

Modelling
3D & 2.5D
S
\(9@ &
. ¢ N Depth
NN P
Rendering @Q o@ Estimation
< &
00
2D 2D
Images Calibration calibrated

Figure 1.1: Image-Based Rendering uses techniques from Cemyiston and
Computer Graphics.

ing uses only some aspects from both fields. Other aspeetshiject recognition
(Computer Vision), ray tracing or sophisticated lighting (gputer Graphics) are
not relevant.

Image-Based Rendering is a techniques different from those mscurrent
animation movie productions. For these, all scenery ctingisf 3D models, tex-
tures, lights, camera positions and definitions of movesarg modelled manu-
ally. Computer Graphics algorithms, namely ray tracing,thes used to create
very detailed highly realistic looking 2D images.

Image-Based Rendering methods compute new images basedtmf anpat
images. The new images show the same scene as the input jnagdésom
different perspectives.

1.3 Goals and Contributions of this Thesis

When examining the known techniques of Image-Based Renddrimgcomes
clear that most systems are tailored for very special sa@nand setups. The
goal of this thesis is to develop a more versatile Image-BRsslering approach.
It should be scalable in various dimensions to fit the speniieds of different
applications. The following requirements have to be fiéltl
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e Not only isolated objects, but also complete scenes inctudne back-
ground should be handled. This implies that the resultslghoot depend
on the complexity of the scene.

e The image generation should work with interactive frantesa If this is
not possible for best quality results, the system shoulcchiable between
guality and speed.

e View generation should only be restricted by the scene emefrom the
real views. The virtual camera can be moved freely and shoatde lim-
ited to rotation only or certain special trajectories.

e It should be possible to generate new views from only a fewineages of
arbitrary distance but also from a a set of several thousaadées covering
a single scene.

e No direct geometrical information, e.g. a 3D-model, shduédrequired.
If geometrical information is required, this has to be cotedufrom the
images only.

¢ It should be possible to add additional 3D-objects into #esgated images,
preserving correct occlusions. Thus, depth informatiamntbhabe provided
for each new image.

Following these requirements, three different Image-B&sstlering-methods
with specific features have been designed. According tethmethods, prototypes
of Image-Based Rendering-systems have been implementeaf.tRit work was
already presented at:

J.-F. Evers-Senne and R. Koch. Image Based Interactive Ragdeith View
Dependent Geometry . IBurographics 2003Computer Graphics Forum,
pages 573-582. Eurographics Association, 2003.

J.-F. Evers-Senne and R. Koch. Interactive rendering wighvadependent ge-
ometry and texture. I8ketches and Applications SIGGRAPH 208X303.

J.-F. Evers-Senne and R. Koch. Image Based Rendering from EiahGam-
eras using Quad Primitives. Nsion, Modeling, and Visualization VMV:
proceedingsNov. 2003.

J.-F. Evers-Senne, J. Woetzel, and R. Koch. Modelling and &erglof Com-
plex Scenes with a Multi-Camera Rig. st European Conference on
Visual Media Production (CVMP 2004), London, United Kingdgages
11-19, March 2004.
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J.-F. Evers-Senne, A. Niemann, and R. Koch. Visual recoctstruusing geom-
etry guided photo consistency. Wision, Modeling, and Visualization VMV:
proceedingsAachen, Germany, November 2006.

One part of this thesis (chapter 3) has previously been ghaddi as chapter
“3D View Synthesis” in:

R. Koch and J.-F. Evers-Senne. View synthesis and renderatgads. In3D
Video Communication®iley, 2005.

1.4 Structure of this Thesis

This thesis is structured in 7 chapters as follows:

In chapter 2 mathematical and technical background knayelesf imaging
devices and the theory of plenoptic sampling are introducedferent image
blending strategies and blending weight computations eseribed. In addition,
a short introduction into programmable graphics hardwaedso provided.

In chapter 3 related work in the field of Image-Based Renderirdy\dew
Generation is reviewed. A taxonomy of the different apphescand systems is
introduced which allows to classify systems based on conmeniteria.

Chapter 4 discusses the design goals and requirements fidevepment of
Image-Based Rendering systems. The necessity of depth iafiomis examined
and after the description of calibration and depth estiomattypical sources of
errors in these preprocessing steps are analysed.

Chapter 5 presents the three major Image-Based Renderingdsethibich
have been implemented as prototypes in the context of thik.Wie tasks which
are common for all methods, namely camera selection andliignare also de-
scribed.

In Chapter 6 all implemented prototypes are analysed. [Riffeerror cate-
gories are introduced and metrics are developed to evalbatquality of view
generation. The modelling and rendering systems are testgdrious input data
ranging from fully synthetic to good-quality real footagedanedium-quality data
from high-speed capturing and processing systems. Thiedwe allows to com-
pare the theoretical limits and to demonstrate the usglmfithe methods with
realistic data.

Finally, chapter 7 will summarise this thesis. The paracydositive and neg-
ative characteristics off all methods will be reviewed fiyieThe discussion tries
to find answers to the following questions: Which method ig baged for what
purpose? What are the requirements for the input data? WHhae tsetdeoff be-
tween means of quality, performance and robustness? Thrusoom will point



6 CHAPTER 1. INTRODUCTION

out, which problems have been solved and what questiondgmeapan for future
research.

1.5 Symbols

In this thesis, mathematical entities from 2D-, 3D-, Eueid and Homogenous
spaces are used. The nomenclature is similar to that usedrigydand Zissermann
[2004]. In general, math bold face likd,m indicates a vector or point, lower
case indicates (Homogeneous) 2D, upper case indicatesdgoraous) 3D. foo-
barbarfoofoobar The upper-case character 'C’ is used fordifferent purposes.
C is used to name a specific camera a€4rnC,, in math-bold faceC it denotes
the projection center of a camera.

(x,y,2)" Euclidean 3D point
(x,y)" Euclidean 2D point
= (X,y,ZzwW)" Homogeneous 3D point
(x,y,w)T Homogeneous 2D point
Projective transformation/homography
Plane
Plane at infinity
Camera calibration matrix
Camera projection centre
Camera rotation matrix
P,P=K[RT|-RTC|] Camera projection matrix
My, Mo, ..., My Corresponding 2D points
G Camera numbadr

VDOARAAIRZIZ

Table 1.1: List of used symbols.



Chapter 2

Theoretical Background

In this chapter, the mathematical background of image ftionds described.
The process of taking 2D images from the 3D scene with a carmerglained
as sampling the Plenoptic Function. Disparity, depth amar tlelationship are
introduced and image blending strategies are presenteel.bdsic principles of
programmable graphics hardware are introduced here, émause Image-Based
Rendering as part of Computer Graphics can make use of theigsapdrdware
available today.

2.1 The Plenoptic Function

The termPlenoptic Functior{fPF) of a 3D scene, introduced by Adelson and Bergen
[1991], is derived from the Latiplenus= full and optic which relates to vision.

It describes the intensity of all irradiation observed a&rg\point in the 3D scene
coming from every direction; for an arbitrary dynamic scéme plenoptic func-

tion is of dimension 7.

Pleny : R®x [0,2m)2 xRT xR — R, Pleny (XY, z @ 0,A,t) = | (2.1)

| is the light intensity of the incoming light rays at a spaB&-point (x,y,z)"

from a direction given by spherical coordinat@g6) for a wavelength\ at a
timet. If the PF is known to its full extent, then the visual scene appearance
can be reproduced precisely from any viewpoint at any timéviQusly, it is
technically not possible to record an arbitrd?¥ of full dimensionality. This
would make it necessary to simultaneously place light psdbefully cover the
space permanently.
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2.1.1 Sampling the Plenoptic Function

To record an arbitrary scene we need to sample the high-dioesd PF. The
sampling problem can be simplified if we separate the 4 sppatiporal dimen-
sions(x,y, z,t) from the dimension&p, 6, A) for viewing direction and colour sens-
ing by using spherical colour image sensors. Atemoptic sample (PSye define
the three-dimensional subspace that forms a sphericakimaa,6,A) at a par-
ticular spatio-temporal positiofx, y, %)

lps: [0,2M)% x RT — R, Ips(@,0,A)|xyzt = | (2.2)

The set of all plenoptic samplégs(¢,8,A) for all spatial dimensionéx,y, z) and
for all timest form the full PF (2.1).

In a stationary scene, the dependency on tiren be eliminated and we can
move a single light probe over time to different spatial goses (%,Y:,z) and
record the stationary plenoptic field sequentially:

Plenationary: R3 x [0, 27[)2 xR" >R, Plentationant, Yt %, 9,6,A) =1 (2.3)

Now we can define the spati@F as collection of alPSin space:

Plenpatial: R3 — Ips: [0, 2”)2 xRT >R, Plensypatial X, ¥t,Z) = lps(@,8,A) (2.4)

A particular plenoptic sample is obtained by placing a sjghémaging sen-
sor in space and recording the light intensity for each inogmay. Direction
angles@ and 6 are discretised with pixel positions on the sphere. Colour pe
ception is obtained by recording three separate imagesethrgreen and blue
according to the human tristimulus perception [Hunt, 1998je smoothea is
finally discretised with three samples.

A conventional perspective camera can be modelled as arthpgme to the
sphere with a limited field of view as shown in figure|2.1. Thhg, sampling of
the PF is reduced to recording colour images in each spatial positf the scene
IS non-stationary, an image sequence can be taken to captitene variation
of a plenoptic sample. Sampling of equation 2.4 with reakeen introduces
discretisation on three levels:

1. Angular samplind@,0) of a single plenoptic sample due to the finite pixel
resolution of the imaging sensor,

2. spatial samplingx, yt, z ) due to the finite sampling density between plenop-
tic samples,

3. colour quantisation by using red, green and blue bandtess to sample
the visible spectrumi(
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(a) Spherical plenoptic sample. (b) Spatial distribution of PS.

Figure 2.1: a) An ideal spherical sensor at positb# (x,y,z)T sampling a ray

r from M with (@,0). The image plane of a perspective sensor is tangent to the
sphere giving an image point. b) Eight Plenoptic Samples organised in a regular
grid observing a poini .

It is therefore necessary to obey the sampling theorem [hiaalen, 2002] to
avoid aliasing. Angular sampling is usually not a problerhe Hiscretisation is
implied by the pixel raster of the photo sensitive devicechlgives one luminance
value for each pixel position. But each photo sensitive catlupies a given area
over which incident light rays are integrated and averadecan assumption that
the cells are packed closely together, this ensures thaliagrg can occur. In
addition, every lens has a finite impulse response, whichsgmat thin structures
like points are spread out a bit. This so-calfeant spread functiofiunctions as
a Gaussian filter removing high frequencies.

Spatial sampling may pose a problem if a large viewing volureeds to
be sampled. Therefore, the IBR systems have to distinguistele@ dense and
sparse sampling of theF in the following. Dense sampling eliminates parallax
effects but may cause (highly redundant) oversamplingrsgpgsampling will vio-
late the sampling theorem, hence additional informatiarcéorect interpolation,
scene depth for example, will be necessary. Chai et al. [208@3 evaluated the
effects of sampling density and parallax influences on thdegng for the light
field problem in detail and point out limits for the samplingndity as a function
of the depth variations in the scene.
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2.1.2 Recording of Plenoptic Samples

As shown above, plenoptic samples are recorded by captumages at speci-
fied spatial positions. Recently, a wealth of spherical andisigherical imaging
sensors have become available, e.g. catadioptic (mipticjodevices or wide-
angular fish-eye lenses that directly captiyg ») for a hemisphere. Furthermore,
the theory of the image formation of such sensing deviceswswell understood,
see Baker and Nayar [1998], Geyer and Daniilidis [2003] or Baksand Pajdla
[2003a]. These hemispherical sensors allow direct rengrdf thePSwith low
angular resolutiod. If high resolution samples are needed, the spherical sam-
ple can be reconstructed by mosaicing of multiple rotategiges into a spheri-
cal panorama. Many systems have been developed for diregfeirmosaicing,
called also rotational mosaics [Shum and Szeliski, 1997}yith the use of mo-
torised camera heads, as used for Quicktime VR systems [@B8E].Very high-
resolution cylindrical panoramas can be recorded withtirajahigh-resolution
line-sensors that generate sections of up to 30.000 x 10@R0&| for a single
plenoptic sample [Klette et al., 2003]. The spherical imege be mapped onto a
perspective view in order to display the panorama with a entignal screen.

Plenoptic samples taken from the scene are denot&kakViewsn the fol-
lowing, to distinguish them from ¥irtual View, which is synthesised by recon-
structing thePF. The wordCamerais used in this context to refer to the internal
and external parameters (the projection) which have beed fos a view. Thus,
aReal Camer&enoted a€y, Cy,..) is associated with a specifkeal Viewand a
Virtual Camera(denoted af,) is associated with evenirtual View.

2.1.3 Re-Sampling

Due to the given pixel quantisation of real cameras, viewegation is a re-
sampling process. Problems can occur if the resolutionmftiand output images
differ. For example, if a new view shows a magnification ofsbene (figure 2.2),
forward-mapping of all pixels of a real view does not fill alkels in the novel
view. In-between pixels have to be interpolated which iegpthat details not vis-
ible in the original image cannot appear in the new image.dfassume that the
target resolution is lower than the resolution of the inpatiagl appropriate filter-
ing has to be performed before sub-sampling the image. @ibethe sampling
theorem will be violated resulting in aliasing artefacts.

Projecting a complete hemisphere onto a given sensor yéelolser angular resolution than
projecing with a perspective lens with smaller field of view.
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Scene J

Figure 2.2: The new imag€() shows a close-up of the original imade) ( With-
out any additional information, interpolation has to becltsfill the gaps between
pixels fromC.

2.2 Projection Models

Real (physical) cameras project 3D scenes into 2D imagesndktesection now
describes the modelling of imaging devices starting with plerspective projec-
tion based on the pinhole camera model. Then the projectibaraispherical (so
called fish-eye) lenses is discussed.

2.2.1 The Perspective Projection

For perspective cameras the projection of points from 3D ED images can
be modelled with theinhole camera modelin this model, rays of light from
the object passing through the projection centre interdectmage plane. This
projection centre is located in the origin of the coordinagene and the image
plane is located ik = —1. This is an idealised representation of the “camera
obscura”, where all light comes through a single hole of a biixe idealisation

is that the hole is of infinitely small size and that it is alwdgcated in zero. The
image of a camera obscura is flipped horizontally and vélgicén the pinhole
camera model, the image plane can be locatet-aill instead, which results in
an up-right image.

L ,/// / /// /
T2 -~z
z=-1 \ \ z=1 = \

Figure 2.3: Camera-Obscura and Pinhole Camera Model
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Since all data which are to be processed or generated by ¢ersare dis-
cretised, 2D images are discretised, too. This means teatithge plane of a
camera is divided into a regular grid of cells callggel (from PictureElement).
Typically those are addressed in row-major order from tipelédt of the image.

The pinhole projection onto a discretising 2D sensor isdlesd by aCamera
Matrix. The projection of one euclidean scene pdiht= (x,y,2)" is given by:

f s
m=KM=1] 0 a-f ¢, |M. (2.5)
0O 0 1

m = (X,¥,2)7 is a three dimensional vector describing the ray from theeren
of projection (the origin) taVi. Because the image plane of the pinhole camera
model is located ire = 1, m has to be divided by fo get the pixel coordinate

(X,Y):

X X/Z
m=x{y | =r|[y/z] with: A=z (2.6)
1 1

This is called theerspective divisioandA is theprojective depththe distance of

M to the centre of projection. Using image sensors measunhgtbe 2D pixel
position(x',y’,1)T, this perspective depthgets lost. This reduces the dimension
from 3 (M) to 2 form. m can also be interpreted as being a homogeneous 2D
point (x,y,1)T.

The matrixK is an upper triangular matrix where(focal lengtl) is the scale
from the world coordinate system to the image coordinatéeegy®f the camera
expressed in pixel units. Thaspect ratio ais the ratio between the length of
a pixel in x-direction and the length of a pixel in y-directjoin other words,
the ratio between the focal length xandy direction. Theprincipal point of
the camergcy, cy) describes the offset of the image coordinate system from the
origin of the world coordinate system. Thkew ss a parameter which models
the angle between columns and rows of the sensor. The paanfed, s, cy, Cy
are the so-callethtrinsic camera parameters

2.2.2 Extrinsic Camera Parameters

So far, the camera has been located in the origin of the {lecairdinate frame
and has been oriented towards thaxis. To allow arbitrary camera positions
and orientations, the camera model has to be extended bgxthasic camera
parameters These consist of a 3-dimensional vec@ifor the location of the
camera centre in 3D Euclidean space and the rotation of tmereagiven by a
3x3 matrixR.
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Figure 2.4: The extrinsic parameté&sandR map from world coordinate system
to camera coordinate system.

The rotation matriR consists of three vectoks, V, A which describe the axis
of the camera coordinate system in relation to the world dioate system:

h1 Vi a1
R= [HVA] = h2 Vo ap . (2.7)
hs v3 ag

H andV span the image plane whik is the viewing direction of the camera.
Ris an orthonormal matrix which means tiat! = R™ holds. In 3D space, any
rotation can be expressed by one rotation axis and a rotatigie around this
axis. Also very common is a representation using three d¢ena#ed rotations
around three orthogonal axes with three angles. If we chiteseoordinate axes
as rotation axes, the angles are callader angles The matrices for rotation
around thex—,y—,andz-axis are defined by:

1 0 0 cosp 0 —sing cosy —sing O

Re={0 coB sinb|R=| 0 1 0 R,~=| sinpp cosp O

0 —sin® cosB sinp 0 cosp 0 0 1
(2.8)

The concatenation defines the order of rotation and if thegtioot axis are rotated
or fixed. On the assumption that a camera is first rotated drthenpan-axisy(),
then around the tilt-axisq{ and finally around the roll-axig( and that in each step
the remaining axes are also rotated, the rotation is:

CombiningR and C into one 3x 4 matrix [R/C] = Pext and extending the
euclidean poinM = (x,y,2)T to a homogeneous 3D poikt = (x,Y,z, 1)" allows
to formulate an affine transformation frakh’ to M:
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X X

~ R | Cl = o = (Y] v y

M_{OT | 1]-M,Wlth.|\/|— . M= . (2.10)
1 1

While (R|C) defines the transformation from the camera coordinate isytste
the world coordinate system, the inverse transforms thédvwemordinate system
back into the camera coordinate system. This inverse wamstion can be used
to transform the camera back into the origin and it can alsapydied to all
homogeneous 3D poinid.

~ RT | —R'C\
/— .
M _(o 1 ) M. (2.11)

With a camera located i@, rotated byR and a pointM observed, the inverse
transformation can be applied before projecting the poittt the camera matrix
K andA the projective depth as in eq. (2.6):

A =K(R'|—R'C)-M. (2.12)

Combining the camera matrix and extrinsic parameters altowdescribe the
projection of a pinhole camera at an arbitrary position anentation with one
single projection matrix. The rank-3 projection matRxs the combination of
(RT|—R"C) andK:

A =PM with the projection matri®® = K(RT| —R"C). (2.13)

2.2.3 The Equidistant Projection

The equidistant projection is a non-perspective projectmaplemented by so
calledfish-eyelenses. They typically have a very wide field-of-view, most
ten in arange between 160 and 190 degrees, while persplsriaes typically do
not exceed 100 degrees.

Concerning the general plenoptic sample as introduced itose2.1.1, the
direction is parametrised by a pair of ang(es8). A pointM = (x,y,2)" located
on a unit sphere around defines a ray of incoming light (see figure 2.1). The
anglesp and® are then defined as:

/52 L \2
o= arctan(l)z) and 6= arctan(#) ,2#0 (2.14)
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By placing an image plane tangential to the unit sphere witbftset of its
origin so that the optical axis intersects at the principzihp(cx,cy)T, any image
pointm can be parametrised in polar coordinates using a rad@)sand the angle

(S e

What remains open is the relation betweandr, the functionr(8). At
this point, the spherical projection differs from the p&sjve projection. In the
perspective case, the function is defined as:

Moersd8) = ftan(@), (2.16)

with f a constant scale factor. This leads to the perspectivaaliwghen inserting
equation/(2.14) withf equivalent to the focal length:

/X2_|_ 2
lpersg 0) = ny (2.17)

For equidistant projection the relation betwéksndr is linear with a constant
scalek:
requidis(e) = k6, (2.18)
By inserting[(2.14) and (2.15) this yields the mapping from@ihtM = (x,y,z, 1)T
in camera coordinates tm = (x',y,1)" in image coordinates equivalent to the
camera matriXX of the pinhole camera model:

Fcosarctafy) Cx Y
m= (Fsin arctarﬁ)—()) + (Cy) ,with: = karctan(#) (2.19)

1 1

2.2.4 Back Projection

Having a 2D pointm in image coordinates, the corresponding 3D pdihhas
to be reconstructed by inverting the projection frédnto m. This process is de-
scribed for the perspective projection only. For the ecpiadit projection instead
of the camera matrikK, equation|(2.19) has to be inverted.

Due to the fact that equation (2.13) reduces the dimensamn three (1) to
two (m), this projection cannot be inverted directly. Applyingiaverse transfor-

mation \ (KRT)*l L c .
= EE S () 220)

gives the direction fron€ throughm to M, but having onlym andC, the position
of M depends oi. All potential pointsM projecting ontom are located on the
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ray from C throughm. Having only one observatiam of M, the depth\ cannot
be reconstructed.

If there are more observations Bf from cameras in different positions, the
real position ofM andA can be reconstructed. This is the purpose of stereo vi-
sion. The crucial part of that is to find the correspondingeotetionsm’ without
the knowledge oM. Stereo analysis is a research topic of its own [Koch, 1996,
Roy and Cox, 1998, Yang and Pollefeys, 2003, Seitz and Dyer7d%nd it is
not discussed here in detail. One approach, the plane-salgegthm, is de-
scribed in section 4.2.6.

For most of the Image-Based Rendering methods presented ieassumed
that a stereo reconstruction can successfully be appligdetonput image se-
guences. After the reconstruction of théor all, or at least nearly all, pixels of all
images, they are stored in an image catlegth magsee section 4.2.5). This is
a view-dependent 2.5D representation of the scene anchergetith the images
and the calibration of the cameras it is used as input dataingliéhe depth map,
the back projection from equation (2.20) can be used.

2.3 Limitations of the Model

The introduced camera models do not always suffice to exgil@image forma-
tion of real cameras. Many different aberrations can bedptlre most dominant
ones will be discussed here. These apply to the perspectyecgton as well as
to the equidistant projection

The pinhole camera model assumes the projection centre am I&initesi-
mally small hole (aperture). In real cameras, the size ofajierture limits the
amount of light passing through in a given time interval. t8kensitive material
and sensor cells need a minimum dose of light to produce atdéte signal. With
an extremely small aperture this dose can only be reachédanitng exposure
time (given standard lighting conditions).

Enlarging the pinhole to use more light rays results in leldrimages. The
reason for this is that light rays from the same 3D point onlgeai can intersect
the image plane at different positions (figure 2.5(a)). Reateras can only pro-
duce non-blurred images within reasonable exposure tinkesawising lenses to
control the path of the light rays as shown in figure 2.5(b).

Lenses introduce a variety of new artefacts which can beléd/into geomet-
rical and photometric distortions.
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(a) Widened pinhole (b) Camera with a lens

Figure 2.5: Projecting through a wide hole as in (a) resuls blurred image be-
cause light rays from one scene point reach the image platitfeatnt positions.
Alens as in (b) can control the optical path.

2.3.1 Geometrical Distortions

The most dominant geometrical distortions are the radra-tangential lens dis-
tortion. Radial distortion means that all image points aiéesthalong radii orig-

inating at the centre of the distortion depending on thestattice to that centre.
This leads to the well known pincushion- or barrel-distmteffect. According

to Tsai [1987] the radial distortion can be modelled by usingplynomial as in

equation|(2.21). This assumes that the image coordinatersyis located in the
distortion centre and coordinates are normalised. Mognofinly the first two

coefficientsk; andk, are used.

m’:m+m_;k.-HmHZi (2.21)

Tangential distortion is an image point displacement alorgs tangential to
concentric circles around the distortion centre:

m =m+ (‘Q) iiki||m||2i (2.22)

The parameters of the radial and tangential distortion eagidbermined with
standard calibration methods as described in [Tsai, 198pplying an inverse
transformation can undistort the images.

2.3.2 Photometric Distortion

Vignetting and image blur are the most common photometstodions. Figure
2.6 illustrates the vignetting effect. With increasingtdixce to the centre, the
intensity of the image falls. This can also be modelled bylgrammial modulation
of the intensity:
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|

Figure 2.6: Radial distortion and vignetting of a 4mm miceos.

) =1(m) - 5 k| (2.23)

By applying the inverse of the intensity fall-off functionignetting can be
removed from images.

Image blur caused by lenses is a low-pass filter process vahitshhigh fre-
guencies. This information is lost and cannot be reconsdicAs discussed in
section 2.1.1 the process can be modelled with the poinaddtaction which is
the impulse response for the lens. Each point projectedéletis is spread to a
Gaussian distribution centred around the original point.

To capture the images projected by a camera, photo sers#nsors are used.
They consist of cells of a given area in a regular grid coltectight rays over
time. After some integration the cells are read out and afteset the next in-
tegration time starts. Each cell yields one pixel of thetdigimage. Although
different techniques lik€€harge Coupled Devices (CCy CMOSSensors are
used, some image artefacts are shared by all sensors: Noiseaion blur.

Motion blur occurs if parts of the scene or the camera is moved. This ntbans
during the integration time movement of the scene or the cafecomes
visible in such a way that a scene politprojects into different pixel po-
sition miandm,. For non-stationary scenes the integration time must not
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exceed a given threshold to avoid motion blur. This threshi@pends on
the velocity of objects.

Noise occurs, if the signal of the cells is very weak. Dark lightiognditions,
small apertures and short integration times lower the sigrtas has to be
compensated by an increased gain level. The read-out aenpiés to boost
the weak signal strongly. Due to thermal effects, the ctdidfihave a lim-
ited signal-to-noise ratio and amplifying the signal alsapéifies the noise.
Since noise is a statistical process, it cannot be measacedampensated
in a single image. On the assumption that both camera an@ scersta-
tionary approaches to remove noise typically require insggiences over
time.

In the following it is assumed that image errors are eithealsamd neglectable
or otherwise have been corrected by the inverse transfansain a preprocess-
ing step. All further processing assumes the pinhole cammed@el or a distinct
spherical projection.

2.4 Disparity, Depth and Parallax

Imageparallax or disparitydescribes the effects of scene depth in the image. This
situation is explained in figure 2.7(a). A 3D poili projects onto a 2D image
pointm along the viewing rayMiC connecting the 3D point and the camera cen-
tre. For a perspective camera, the simple pinhole projectiodel as in equation
(2.13) can be applied.

If a second camera at a different position observes the s@rsz&ne point,
the projected image point in the second camera will lie oneghipolar line that
is formed by the projection of the viewing rayC into the second image. The
epipolar line itself is only determined by the relative pbstween both cameras
and the 3D point, while the position of the projected pointtloa epipolar line
is determined by the scene depth relative to the first cam&he shift of the
projected image point in the displaced camera is callechdigpsee figure 2.7(a).
If we assume a fixed setup of the two cameras, this disparlfyd@pends on the
projective depth\ as in equation (2.13).

The disparity defines whether direct visual interpolatioomt the plenoptic

samples generates visual artefacts. Disparity is scependent and needs com-
pensation with depth-dependent warping.
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(a) Parallax effects in the image (b) Homography mapping
for planar scenes

Figure 2.7: (a) Projection of an infinitely distant poMt, has disparity zero. Fi-
nite points generate image parallax with non-zero dispa(tif) Correspondences
of planar scene points can be computed with a planar hombgnajghout any
disparity error.

2.4.1 Infinitely Distant and Planar Scenes

In some instances, there may be no disparity between thamdaynthetic views.
In that case perfect reconstruction is possible without&he knowledge. This is
the case for infinitely distant or planar scenes where aligey can be compen-
sated with global homographies. For an infinitely distaribpM., = (X,Y,z,0),
the projection is independent of the camera displacemectuse the homoge-
neous point coordinate is zero. Hence the point projectipraton (2.13) simpli-
fies to

m=K(R"| —=R"C)Ms = K(R"|0)M . (2.24)

Equation 2.24 applies to both cameras 1 and 2 in figure 2.&&the 3D point
M. is identical for both projections, it can be eliminated ancbarespondence
transfer between the image poimts andm; is found with the homographi, :

m2 = KoRY M., = KoRI RiK; tmy = Hiomy (2.25)

The homographtds, defines a planar projective mapping between both image
planes. It maps each image pomi onto the corresponding image poms via
the relative rotation between the cameras. The correspoedeansfer can also
be seen as a mapping over the infinitely distant plEgg where the resulting
disparity is zero. A similar relationship holds also for geal 3D points in the
following two cases:
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1. The camera centres of both cameras coincide and both ashefine a sin-
gle plenoptic sample, with rotated optical axes. This capdies to single-
perspective panoramic imaging (see section 3.2) .

2. All scene pointdMiy lie on a real 3D-planél (see figure 2.7(b)). In that
case, a homographic mapping between any 3D point on the plarend
the corresponding image point$i1, May) exist:

Mar = HeM i = HrpH1irMa = Hiomig (2.26)

2.4.2 Non-Planar Scenes at Finite Distance

In the general case the constraints for homography mappéngoa fulfilled. Most
scenes consist of objects in different depth and all objeittsn finite distance. If
two camera€; andC, with different centres of projectiof1 # C, observe such
a scene, disparity can be observed in the images. To be meeces@y projection
of objects with different depth have different disparity.

Image synthesis has to compensate for this disparity. Emnde shown with
an example. If we assume two cameras as defined above, al daunera is
placed halfway between both real cameras observing the seeme. The image
for this camera can be computed by interpolation from the @& images. If
both real images were blended without disparity compemsathe result would
contain ghosting artefacts. The content of the images woatdnatch together
and each image would be visibile as a “ghost image”.

Disparity compensation can be achieved from implicit geticed represen-
tations such as image flow and depth maps, or from explicit I¥ps represen-
tations. If applied properly, the content of both imagesicmle and the blended
image is an interpolation of what the virtual camera woulgl se

2.5 Image Blending

When interpolating new views from two or more real imagespepnand intensity
values have to be blended properly. This is even more impbiftamages of a
virtual camera sweep are generated and assembled to a edeerse. Colours
in images from real cameras and real scenes most often dlifgtly over time
and space and small inconsistencies can also occur. Blehdmtp ensure that
these properties change smoothly in the virtual view.
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Blending means that for each camethe contribution of each intesity value
i is weighted with a blending weight; and added to the final output valtre

| = -%Wili’ with .%Wi =1 (2.27)

It is assumed that the intensity of the images has been sgqdaliFor each new
view generated, the blending weights have to be computedidgully. When
blending camera images, two different principles can bel tisedetermine the
weightsw;: Per-pixel weights or per-camera weights.

2.5.1 Per-Pixel Blending

Figure 2.8: The contribution dE; for a particular pixel ain can be weighted
according to the angle.

One approach for a per-pixel blending method is describgdfariani et al.,
2006]. They propose a blending based on the angle betwedmé#hlef-sights
from the virtual camera and each real camera as shown in f&38nehich can be
implemented efficiently (as a fragment shader) by using taplgcs hardware.
The new image is generated by applying each real image as¢drta separate
rendering pass. The alpha charfniel used to accumulate the blending weights
used so far and ensure that the sum of all weights does nat@icaVith a virtual
camera located &, and a real camera located@observing a poini , the angle
o between the line-of-sights from the virtual camera and eaahcamera is:

(Cv—M)"(Ci—M)

= TC,—M)T(C =)

(2.28)

2The alpha channel is an additional channel added to therexistd, gree anb blue channels of
an image to encode additional information for each pixele Tésulting 4-channel representation
is often referred to aBRGBA
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Based oru, the contribution for a pixemnis defined as a function(a). For f(a)
the authors of Verlani et al. [2006] suggest two functions:

f1(a) = cos‘a, fa(a) =e K withk e {2,3} (2.29)

2.5.2 Per-Camera Blending

Instead of computing the weights independently for eacklpiweights can be
computed for a given camera setup beforehand and then dpplal pixels of a
real image. In contrast to a per-pixel blending weight cotagun a pixel shader,
all angles and distances are known and a global normaliseéin be applied.

Barycentric Blending Weights

Starting with two camera€; andC, and the virtual camera located in between
them, linear interpolation gives the following blendingiglgs:

|C1—Cy|

B _1C2—-Cy
IC1—-Co| ’

_q_ 2Tl
|IC1—Cyf

wy =1 (2.30)

If Cy does not lie on the lin€1Co, its projection onto this line has to be used in
equation/(2.30) instead @ itself.

G

c

(a) 3 Cameras (b) 4 Cameras

Figure 2.9: Barycentric weights fdCy inside a triangle of three real cameras
(a) and bi-linear interpolation between four cameras (h){elent to barycentric
weighting).

Having not only one-dimensionally distributed camerag,Nueal cameras,
any three centres of them span a 2D plane. It is assumed thattiire of the
virtual camera is also located on that particular planeCjflies in the range
covered by real cameras, itis enclosed by a triangle forrgelriee real cameras.
These three cameras can be selected for interpolation aidtanding weights
can be computed as the barycentric coordinates of the @imtside the triangle



24 CHAPTER 2. THEORETICAL BACKGROUND

C1C2C3. As shown in figure 2.9(a), these weights correspond to the areas
opposite toCi3. The white area is the weight f@1, the light grey area is the
weight forC, and the dark grey area is the weight €@4. If C, is directly placed
on the connecting line segment of two real cameras, the batgc weight for the
third camera becomes zero leading to linear interpolateawéeen the remainging
views as shown above.

G

Gt

(a) 5 cameras (b) Extrapolation

Figure 2.10{ (a)Generalised barycentric coordinatesdorex polygons and (b)
extrapolation which lead to negative barycentric coortdisand cannot be solved

with eq. (2.31).

Barycentric coordinates are not limited to triangles. Comsity 4 cameras
aroundC, forming a quadrilateral, barycentric weighting directgats to bi-
linear interpolation as show in figure 2.9(b). A generalisgténsion to convex
polygons is given by Meyer [2002]. In this case, as illugtdain figure 2.10(a),
the barycentric weighty; for each real camera corresponding to a vertex of the
convex polygon can be computed from the adjacent vertes, Ci;1 andCy
only:

coty; + cotd;
=i @30

This is only defined if convexity is ensured andd§ does not lie on an edge
of the polygon. IfCy lies on a line between two vertices, one of the angles
andd; becomes 0, which results in an undefined cotangent. Beforpwtomg the
weights, the polygon has to be checked for this undefined ¢a€g is located on
an edge, interpolation can be reduced to two cameras wéhilinlending weights.
The convexity constraint can be fulfilled by proper selatbbreal cameras to use
(see figure 2.11). A camera selection scheme ensuring cigyweypresented in

section 5.1.3.

3This is not only valid for this example, it is a property of peentric coordinates.
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Figure 2.11: A non-convex camera setup. Eliminating one ezanout of
Co,C3,Cs would result in a convex setup.

Extrapolation

In contrast to view interpolation, where the virtual camisraurrounded by real
cameras, extrapolation is performed if the virtual camemadved outside of the
region covered by real cameras. In this case, barycentightieg cannot be used
for blending, because the virtual camera will be outsidenyf @olygon spanned
by the real cameras. This would yield negative barycentrardinates for some
cameras and those negative weights would corrupt the cadposage. Instead,
distance-based linear blending can be usedNfactive cameras:

w=1— _G=Gl (2.32)

<N
Z}io ICi—Cyl

Hole filling

In some cases unfilled regions in the reconstructed imageeraain even if sur-
rounding cameras and the blending weights are selecte@gyod his problem
occurs, for example, if the virtual camera is closer to trensahan the real cam-
eras. Regions occluded in the nearest real cameras can besinhein the new
view.

To fill these regions not seen by any of the real cameras usedadoding,
data from real cameras which have seen these regions haeeused. Typically,
the real views closest to the virtual camera are selectealdémding, so additional
information can only be contributed by real cameras witleased distance. For
each pixel tofill, the useful real views have to be determismediblending weights
have to be computed.

This implies that image generation cannot be reduced to ¢aeestN real
views. In the worst case, all real views have to be taken intmant and many
different combinations of real views have to be blended. dpecwith this in-
creased complexity in an implementation, per-pixel blagdian be preferred to
per-camera blending. Per-pixel blending has the advantagethe number of
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contributing views does not have to be known in advance (pefomputing the
pixel value).

2.6 Programmable Graphics Hardware

The idea of specialised computer graphics hardware istibateémanding process
of computing colour values for every pixel on the screen camdrelerated and
computed concurrently by using optimised hardware. Driwethe development
of computer games, the performance of graphics processiitg (GPU) grew
faster than that of the CPUs. Today’s GPUs are not just comfiey but also
programmable which allows to change the process of howgate computed. To
make programmable graphics hardware understandablénBrstandard graphics
pipeline as defined by OpenGL is presented.

Hardware-accelerated rendering only knows a few primitemas Qrimitiveg
to be drawn: Points, lines and polygons. They are all specifievertices. A
vertex is a 3D homogeneous point. These vertices are transtbby matrix
multiplications to project them into a virtual camera. Baling the pinhole cam-
era model, intrinsic and extrinsic parameters are givengrogection matrixand
a so-callednodel-view matrixrespectively. The model-view matrix transforms
object-centered coordinates into camera-centred caaeBnand the projection
matrix transforms from camera- to normalised device cowigdis followed by
the perspective division. All these transformations tbgetre called theertex
pipeline

Using these vertices in normalised device coordinategatsteriser processes
the primitives and generatésgmentsfilling the space between the vertices ac-
cording to the primitive type and the required output regofu A fragment can be
seen as a potential pixel. For every fragment, the fragntexgssing has to deter-
mine the colour. This is done by using static colour infororatmaterial proper-
ties, light source and textures. A fragment passes seestal, for example z-test
to ensure correct occlusion, a user-defined alpha-tesissoscand a stencil test.
A viewport-transformation into screen-space coordinttes addresses pixels on
the screen. The corresponding pixel is coloured from thgnfient that passes all
tests. All these transformations together are calledrdgment pipeline

Figure 2.12 illustrates the graphics pipeline of OpenGL.

So far, this process can only be configured by changing pdeasie Pro-
grammability is introduced at two positions. The vertexdipe is replaced by
a programmable vertex processing unit and the fragmentixet-pipeline is re-
placed by a programmable fragment processing unit. Therigst and the frag-
ment tests are kept identical. By not replacing the wholelpipavith a generic
processor, a high degree of parallelism can be achieved. v@tex computa-
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Vertex | Modelview Projection inDi Perspective
—=1 Matrix I\/’atrix Clipping Division
Fragment: Position, Color, Normal...
Transformation [Tex Unit1 | [Tex UnitN |

Pixel: Position, Color
Z Alpha | [Stencil Graphics RAM
Test Test Test Memory || DAC Screen

Figure 2.12: A simplified schematic diagram of the standapgr@L pipeline
sometimes referred to &xed Function Pipeline

tion is independent of the fragment computation and eacloif tan be done by
multiple processing units.

The user can upload programs to the processing units catliex program
or vertex shadeland fragment prograrfiragment shader A vertex program is
run whenever a vertex is inserted into the GPU. The input®fttogram can be
the vertex position, colours, matrices and more. The red@tvertex program is
always one vertex. Vertices cannot be created or discandedertex prograﬂu A
fragment shader can access 3D positions, textures andeedardinates, colour
and more. The result can be a colour but the fragment can eldisbarded. There
are different programming languages for shader programsthis work a C-like
language calle€g [Fernando and Kilgard, 2003] has been used.

To access textures and look-up colours in a texture, GPUsdAamited num-
ber of n texture units Each texture unit can bind a texture so that a fragment
program can accesstextures during operations. The binding of textures to tex-
ture units cannot be changed while the fragment shader isimgpr

GPUs need memory for their computations. This memory istémtan the
graphics card to allow high-bandwidth memory access. Iitiatg main memory
can be mapped into the address range of the GPU but accesatoner@ory is
slower than to local memory. The local memory can be usedte $éxtures or
lists of vertices and more. So-calleécamebuffer Objects (FBQjllow to manage
and access memory. A common technique is to setup an FBO asadiest for
the GPU so that the result of the rendering is not displayeithescreen but kept
in local memory. In a second render pass, this memory is usedtexture for
further computations. Several of the Image-Based Renderetbads in chapter
5 make extensive use of the programmable graphics hardware.

The complexity and performance of GPUs has increased yapidlr the last

4Thegeometry shadeof the latest GPU architectures can create or discard esttic
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few years, hence only a snapshot of the development can be bare. Current
GPUs (late 2006) have up to 128 processing units working woetly, which
can be used for vertex or fragment processing. Up.1o 10° vertices and 36
10° pixels per second can be processed (Nvidia GeForce 8800@Ti¥) can be
doubled or multiplied by four if two or four GPUs are coupl@dvwork together.
An overview of the GPUs used for this thesis can be found ireagix A.2.



Chapter 3
Related Work

The field of Image-Based Rendering has existed for roughly adéeaow. In this
chapter an overview of system and methods for view syntivesish have been
developed during that period will be given. As mentionechia introduction, this
chapter has previously been published as a contributioB@dView Synthesis” in
[Koch and Evers-Senne, 2005] which appeared in July 200:eAtly the same
time, Shum, Chang and Kang published their book “Image-Basexdidang”
[Shum et al., 2005], which is a comprehensive work coverithgspects of that
research area. They also give a very detailed review ofiegitgchniques.

3.1 Categorisation of Image-Based View Synthesis
Methods

Image-based view synthesis is essentially a re-samplitigegblenoptic function

(of light rays). Synthesising a virtual view is equivaleatgenerating the set of
light rays that form the pixels of the new image. In the last years several
different approaches have been developed.

3.1.1 Previous Categorisation Approaches

A standard classification scheme has not yet evolved andedesuevey papers all
use different categorisations.

Kang [1997] presented one of the first approaches for stiagtUBR meth-
ods. He proposed 4 categories: non-ph;@ibalsed image mapping, mosaicing,
interpolation from dense samples, and geometricallydvaikel re-projection.

The projection properties of the generated images are latecketo existing physical imaging
devices.

29
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McMillan and Gortler [1999] distinguished IBR systems basadheir inter-
mediate data representation: approximate scene geonnetiges in databases to
represent different environment locations, and imagegf@sence scene models
from which new views are interpolated.

Shum and Kang [2000] classified IBR systems into three categdepend-
ing on how much geometric information they use: Systems sotguany geo-
metric information, systems using implicit geometry, agdtesms using explicit
geometry. The ternmplicit geometryis attributed to all systems that extract the
geometrical information directly from the given images,iletihe termexplicit
geometryis used to describe systems that utilise additional geeors&turces or
externally given 3D surface data. IBR systems utilising iaipgeometry differ
with respect to its use for depth compensation.

3.1.2 Taxonomy of IBR Systems

The following discussion follows the categorisation of 8hand Kang, however,
geometry alone does not suffice for categorisation. An itgmbadditional factor

is the spatial placement of tiRSand the poses of the virtual views. Given an arbi-
trarily structured scene, the following three topics detflmamount of geometry
which has to be used for view synthesis.

1. Sampling Density. If samples are distributed densely over space, in such a
way that for each synthesised viewing ray there is a realopieén sample
close by, re-sampling is simplified to ray selection and eolaterpola-
tion between the nearby rays. The depth parallax will nabdishe novel
view and approximately geometry-free reconstructiongassible. Promi-
nent examples of such reconstructions are panoramic wieavid light field
approaches. This simplification does not hold for sparsgbag) where
novel views are generated with possibly large parallax. Viduoal views
that are far from real views, parallax-dependent comp@rs& necessary
and geometric warping must be employed.

2. Distribution of sample positions. The spatial arrangement of samples al-
lows to design special configurations where parallax-feeelering is possi-
ble in a restricted spatial range. Itis clear that directiezing can be used if
novel views coincide with real sample positions. This is¢hse for spher-
ical panoramas where free look-around capabilities existhb viewpoint
change is possible. The samples can be distributed airlyitrRecently, a
large number of systems have been designed that exploiaspaase and
regular 1D or 2D arrangements of the samples. A typical 1Bray@ment
is the concentric mosaic that places dense sampling of re&pwints on a
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circular path by rotating a camera on a fixed rod. Novel vieas loe gen-
erated if the rendered position is in the plane of the careenavement and
the viewing direction is restricted to lie inside the circle

The light field approach is a 2D arrangement where sampleplaced
in a 2D planar or spherical patch around the scene. NovelsvEan be
generated from viewpoints inside a restricted volume.

3. Possible poses of virtual viewsThe goal of IBR is rendering from freely-
chosen novel viewpoints. However, some systems imposecte&sis on
the possibles poses. In a panoramic viewer, full rotatiam@raction is
possible but one may only hop between discrete viewpoints. aHight
field, free viewpoint selection is possible within a reggatviewing volume
and viewing direction, and for 3D reconstructions, theuattcamera may
move continuously with full 6 degrees of freedom.

The taxonomy used here groups the different IBR approachestive above
mentioned categories. Three dimensions of influence haaidentified that are
drawn in the category overview figure 3.1:

1. Geometry axis The use of geometry needed to compensate for scene par-
allax, ranging from systems without parallax compensatiorcoarse ge-
ometrical approximations, local image correspondencesoanto full 3D
information. This axis is mostly correlated with the conxitig of the sys-
tem, because the precise extraction of geometrical infoom&rom images
is difficult.

2. Image axis The spatial distribution of th®S ranging from few to many
unstructured samples in the lower half, and a structuredelsampling in
the top half of the graph. This axis is correlated with the rmgndemand
of the system and the complexity of image acquisition, bsearery many
images may be needed in a possibly highly structured way.

3. Virtual viewpoint selection (colour-coded) The ultimate goal of each
IBR system is full freedom of the virtual camera pose, but seystems
like panoramas restrict the camera motion to discreteipasitothers allow
only restricted motion. | have coarsely categorised thehou into three
motion categories: predetermined discrete positionsckplaconstrained
motion along predetermined path (dark grey) and unresttistotion (light

grey).

In the following sections, known algorithms are presentd discussed in
relation to this taxonomy.



32 CHAPTER 3. RELATED WORK

Images
e

Integral

Imaging

N
19

dense Motion:
O unrestricted

Bo . restricted
—_ )
= . discrete
SE
s
(2N

View
Dependent
Geometry
& Texture

many _| View
; . Dependent
Quicktime Trifocal Textyre
3 34— Tensor Mapping
52 YIRS Warping
o=
{g% 2 Textured
c
= _ Models
i l l l l L
| | | | |
2D approx. 2D-2D 2.5D Multilayered 3D Geometry

Geometry Correspondence Depth Maps Depth Images Models

Figure 3.1: Categorisation of different IBR methods. Methads arranged ac-
cording to the amount of geometry used (geomatry axis) aachtimber of im-

ages required (image axis). The image axis is split into ®atigns: Unstructured
sampling and structured sampling. The colours encode tbgilde motion of the
virtual camera.

3.2 Rendering without Geometry

IBR Methods within this category use no geometry informatmll. Since no
parallax compensation is possible, the sampling must bere¥ery dense, or the
possible motion is restricted to lie near to the sample wost Basically, these
methods use a high sampling density and avoid geometric lexityp

3.2.1 The Aspen Movie-Map

The earliest system to obtain restricted interactive laokind capabilities was
the Aspen Movie-Map by Lippman [1980]. A car was driven aldhg streets
of Aspen, Colorado, recording simultaneously 4 camerarsisdaoking at right
angles to cover a cylindrical view of the scene for every 3 ee(Bgure 3.2(a)).
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The streams were captured on video disk for interactive-plgk. This allowed
to render novel views from the given camera path with int&radook-around
capabilities. As the video stream could be edited at streetsections, one could
interactively select the route by switching between segmehthe video stream.
However, no deviation from the given camera path and postiwas possible.

Road intersection

< N

AR (D

4-Camera Cylindrical

Sample Panorama

(a) Aspen Movie-Map (b) QuicktimeVR

XX

RIXIXLX

Figure 3.2: | (a) Aspen Movie-Map is based on dense samplitiy 4vcameras.
For each sample point, 4 orthogonal views were stored anid t@uselected in-
teractively, (b) QuicktimeVR uses less dense sampling btaips high-resolution
cylindrical or spherical panoramas.

3.2.2 Quicktime VR

A similar approach is used in Apple’s Quicktime VR (QVR) systigChen, 1995],
where panoramic images are taken at discrete viewpoirtigasisee figure 3.2(b)).
A camera is rotated on a tripod at the fixed position and algesaare stitched to-
gether to form a plenoptic sample with a cylindrical or sjtempanoramic view
of the scene [Shum and Szeliski, 1997]. By selecting the camesitions during
capturing properly, the user can interactively exploregbene by switching be-
tween different panoramas. The virtual viewpoints areriated to lie exactly on
the sampled real views, but look-around capability is ptedi by the cylindrical
or spherical representation.

The Aspen Movie map system and QVR differ with respect to gaial sam-
pling. Both systems collect plenoptic samples of the scemehle samples in the
Aspen system are arranged in a systematic 2D linear gride ¥R samples are
located arbitrarily.
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3.2.3 Central Perspective Panoramas

The panoramas discussed here use the single centre parspssumption. There-
fore, there is no parallax between the images, which allogi fidelity in the
reconstruction. More recent implementations of such sesystan also be found
in [Antone and Teller, 2002, Teller et al., 2003], where #éiddial spatial informa-
tion and view interpolation is described. Kawasaki et &D(P] use sequences of
panoramic images (same as in [Takahashi et al., 2000]) terasities with this
approach.

Despite their simplicity, panoramas are a very attractieans of IBR and ver-
satile in use. Central perspective panoramas are easy treapid mosaic stitch-
ing software nowadays comes with many digital cameras. @ieéyer best image
guality for static scenes, and novel multi-camera hardwaxelopments even al-
low panoramic video streams with high fidelity [Kang et aD03]. Panoramas
can also be used to capture environment maps of the inciggrtvith high dy-
namic range images for integration of virtual objects inl izenes [Debevec,
1998].

For video communications, panoramic images can serve abecamd visualise
static background, but due to the missing parallax they et used to generate
novel views of near-by objects.

3.2.4 Manifold Mosaicing

More recently, a number of approaches have been introducegercome the
limitation of fixed viewpoints, and alternative samplingdareconstruction ap-
proaches have been investigated. They are all based onsin@pison that novel
views may be generated from a dense sampling of the scene fuNs3® sam-
pling of thePF is not feasible, subspaces are sampled densely to allowdiedun
continuous view reconstruction.

A panorama has a fixed viewpoint and is parametrised by thediveation
angles of the sphere. Peleg and Herman [1997] developed aypewof non-
central panoramas calledanifold mosaics The camera is not fixed but moves
on some predefined trajectory while recording dense seggeiitie camera mo-
tion is typically 1-dimensional, following a linear or cular track. Unlike con-
ventional central perspective mosaic stitching the ragylinanifold panorama
Is composed of small image stripes from all the differentwaento one multi-
perspective manifold image. Figure 3.3(a) shows the capnd strip selection
for a manifold mosaic. The work was inspired by the 1-d pusdein line scanner
cameras that are used in aerial imaging of a flat terrain. &t dan be stored to-
gether in a spatio-temporal image volume (figure 3.3(b)} Manifold panorama
can therefore be described by an MCOP (Multiple Centre Of Btioje) image
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Figure 3.3: | (a) Top: Manifold recording along a linear paghselecting fixed
columns in each image. Bottom: Depending on the selectedmepla sheared
left or right view for stereo viewing can be generated. (bad¢ras are arranged in
the epipolar plane image volume (EPI). Slicing the EPI alafiged column over
all images will generate a manifold mosaic.

[Rademacher and Bishop, 1998]) where each image stripe (ihmeggerpendic-
ular to the image motion) has another projection centre sutakien from another
image. There is a strong relation to the EPI (epipolar plamgge analysis by
Bolles and Baker [1986]) that slice the space-time image veltmmanalyse 3D
scene parallax.

Typically, the camera motion will be linear in horizontaltettion only, and
from each image a central 1-d slit column will be used to paxtethe panorama.
The resulting image has central perspective in the verticklmn direction but
parallel perspective in the horizontal direction of cameyation. Therefore, a
parallax compensation is needed for the vertical persgeatiage direction. It
is easy to generate stereoscopic panoramas from this caatf@uby selecting
sheared columns that control the gaze direction. See alsesRat al. [1997,
1998] for detailed description.
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3.2.5 Concentric Mosaics

The concentric mosaic as proposed by Shum and He [1999] is@asgonfigu-
ration of a manifold mosaic. A camera is mounted on a horedarn and rotated
on a circular path around an axis of revolution looking outigasee figure 3.4(a).
A dense image sequence is recorded along the path. Simitee tmear manifold
mosaic, vertical image stripes are cut from the image sespiegmform MCOP
images that are parametrised by the rotation angle and e¢lateln angle of the
column height. Depending on the gaze angle of the columnp#m®rama for
each sliti can be viewed as a bundle of rays that all lie tangential tone&atric
circle of radiusrij. By selecting the image column, different radii are usedheac
forming a concentric mosaic. The central column generatesie with radius 0
(a conventional cylindrical panorama).

(a) Concentric Mosaic (b) Synthesis from Concentric Mo-
saic

Figure 3.4: (a) A camera is rotated with angleon a circular path. Image
columns+i and—i coincide with rays tangential to a circle with radiys|(b) Im-
age columns for a virtual view are taken from the tangendigs of the concentric
mosaic.

Essentially, a concentric mosaic records a dense circigkoflview positions
of thePF. The resulting plenoptic function is parametrised in thdeeensions by
the rotation and elevation angles as well as the radilsit describes the circle
selected by the column.

l(n) = Plenconcentrid @ 8, 1) (3.1)

Virtual views can be rendered from the concentric mosaitsafviewing po-
sition is constrained to lie within the bound of the concentircles. To compose
a new view, the horizontal viewing direction of each imagiiom is computed
and the tangent ray for each light ray is computed from irttlexppn between the
recorded concentric mosaics (see figure 3.4(b)). The iokatipn is possible only
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for horizontal rays that lie within the concentric plane.eertical elevation an-
gle is not interpolated but the stored image columns arehstit together directly.
The resulting images are not perspective since parallake@mlevation angle is
not compensated, but image deformations are minor as lotig &tevation open-
ing angle of the camera is small [Shum et al., 2002]. Agaierestscopic views
can be created by rendering two displaced views from the sameentric mo-
saic. These stereo images can be used for direct sterecsgeping, or scene
depth can be extracted with conventional binocular stenatyais.

3.2.6 Cross-Slit Panoramas

The cross-slit projection (X-slits) proposed by Weinslealhl. [2002] and Zomet et al.
[2003] is a generalisation of most of the above mentionetriewes. A novel
camera model is proposed that uses two displaced 3D lines (sl describe the
projection process. In that general model, the possiblggtion rays are formed
by all possible connections between both slits. If botls shtersect in a single
point then the X-slit model degenerates to the central petsg model with a
single focal point and a spherical ray representation. tifilstits do not intersect,
some constraints on the projection will hold. One intergstionfiguration is to
use a horizontal and a vertical slit. Fixing a single pointtoahorizontal slit will
generate a vertical 1-d slice of the image (push-broom imdgean be used to
render novel views from manifold panoramas where the hot&éslit defines the
positions of the input images and the vertical slit definesithage slices. This
is equivalent to cut slices in the spatio-temporal imageiva of the input se-
guence. Bakstein and Pajdla [2003b] use this model to caristavel views with
high fidelity. Concentric mosaics can also be described vhith model. Com-
bining a ray-space representation, omnidirectional gpfinsampling and x-slit
projection Bakstein and Pajdla [2003c] generate new onettonal views and
stereo mosaics from high-resolution concentric mosaics.

3.2.7 Light Field Rendering

Levoy and Hanrahan [1996] introduced thght Field which allows free 3D mo-
tion of the virtual view in a bounded volume. The light fieldarmpolates new
views using a 4D representation of the plenoptic functidns based on the as-
sumption that light rays are emitted from the surface of geailthat is enclosed
by a rectangular bounding box. The system records all raatde¢have one side of
the bounding box by placing a very dense regular 2D-grid oferas looking into
the bounding box. Two coplanar plan@sv) and(s,t) are placed in such a way
that the optical centres of the real cameras are locateceifsth) camera plane
(the sample positions y) while the image planes are all rectified to tiwev) pixel
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plane (the viewing directiong,0). This setup is shown in figure 3.5(a). To cap-
ture the appearance of an object from all sidessix, s,t)-configurations have
to be placed around it.
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(a) Two-plane parametrisation of the ligiit) Novel view rendering using ray interpo-
field lation (v,t-slice)

Figure 3.5 (a) 4D Lightfield parametrisation with two planéeach light ray is
defined by the intersection witfu,v)-(s,t)-coordinates. | (b) Ray interpolation
for novel view synthesis. Ragis interpolated correctly, while rdy has parallax
artefacts due to displaced scene geometry.

Because of the specialised capturing geometry, the PlenBptiction can be
re-parametrised from the 5D function (2.4) to a 4D represtént (figure 3.5(a)).
Each light ray passing through the volume between the plearebe described by
its intersection points with the planes. Thus the Plendpdiection can be written
as:

Iy = Plenightfield(U, V; S;t) (3.2)

During recording, for all pixels of all real views, light reyare computed and
parametrised as in equation (3.2). All these light rays tmeed in a ray database
called the Light Field.

A new view can be generated if it is placed outside of the bowgdox look-
ing inside or vice versa. For each pixebf the new view, a viewing ray; is
computed that passes through the 2-plane parametrisaittbgemerates a partic-
ular sample(u;, vi, s, t). If such a sample exists in the database, the appropriate
colour value is assigned to the pixelf no matching ray can be found, the nearest
ones are selected and blended. In general, a desired rayohpgss through the
optical centre of one real camera, but it passes betweentresaf real cameras.
For that reason there are four potentialv)-coordinates. When the desired ray
passes through the t) plane in general it will not hit one centre of a pixel but
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will pass between four pixels centres giving f@ayt)-coordinates. For these four
corresponding pairs dfu, v)-(s,t)-coordinates, rays can be looked up in the ray
database and quadrilinear interpolation is performed.

The chosen parametrisation assumes a flat scene lying (s, thelane. The
visual reconstruction can achieve high accuracy, if a gseene matches this
criterion or if the sampling is very dense so that the distabpetween adjacent
camera centres is small. Less dense sampling of the viewiagesand non-flat
structures result in visual artefacts due to interpolabietween views, as no par-
allax compensation is used. In figure 3.5(b) the effect ohegearallax in the
lightfield is shown. A virtual camera is placed at positiop and novel raysa
andb are interpolated from the nearby cameras at positionandC,. For ray
a, a valid interpolation is found since the scene surfaceaidas with the pixel
plane. For ray, however, parallax effects will occur as the wrong viewiags
are interpolated.

3.2.8 Lumigraph

Simultaneously to the light field, Gortler et al. [1996] deaed theirLumigraph
system. Very similar to the light field, a ray database patasasl by two planes
is built and view synthesis selects rays from it. To handlagmacquisition from a
hand-held camera, images from cameras which are not coytatiee(s,t)-plane
are rectified and mapped onto the light field plane. Thisfynog interpolation
uses a convex 3D shape approximation of the scene, the wislhabtained from
silhouette intersection. Thus the categorisation of themilguaph is chosen to be
with some approximate geometry for preprocessing. Thearemglitself does not
use any geometry for scene warping.

3.2.9 Ray Space

Another 4D re-parametrisation of the Plenoptic FunctiothesRay SpaceFirst
published by Fuijii [1994] it uses a plane in space to definalsof rays passing
through this plane. For thg,y)-plane az= 0 each ray can be described by its
intersection with the plane @x,y) and two angle$6, @) giving the direction:

|()\) = PlerhaySpacéXa Y,0,9) (3.3)

After capturing a scene with several cameras the re-parmmetdata can be
stored in a 4D structure. New views can then be synthesisddaiyng up in-
tensities from this ray database. This method is a hybridiéetn 4D-Light field
and EPI. Fujii and Tanimoto [2002] exploit this approachhait Free-Viewpoint
TV (FTV) system.
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3.2.10 Related Techniques

Several extensions to the light field and Lumigraph methed® bbeen presented
in the last few years. Buehler et al. [2001] proposdastructured Lumigraph
rendering, which is a hybrid design between view dependetitite mapping
(VDTM) and Light Field rendering. Unlike VDTM, they do notlyeon a high-
guality geometric model, but they need a geometrical appratxon of the scene.

Tong et al. [2002] enhanced the Lumigraph by layers of dfferesolution
for effective Level-of-Detail control based on the optinsaimpling for a given
scene complexity. Via epipolar plane image analysis [B@led Baker, 1986]
surface planes are identified in the scene and a geometrgxap@ation is gener-
ated for VDTM texturing.

Kurashima et al. [2002] set up a video conferencing systangusgeometry
approximation and View Dependent Texture Mapping to gergparspectively
corrected views. From up to four cameras observing the asplane+parallax
approximation is calculated.

Isaksen et al. [2000] propose a framework for dynamic respatrisation of
4D Lightfields. It allows arbitrary scenes and camera seamgsopens up several
other possible effects like aperture or depth-of-field.

Takahashi et al. [2000] use image sequences from hemispheaimeras taken
from a driving car and analyse where the virtual camera catdmed. New views
are then synthesised by collecting slits (rays) from déf¢images.

Naemura et al. [2001] describe an approach to synthesigeaaylnew views
from Integral Photography images for auto-stereoscog@plays. Integral Pho-
tography (IP) is a technique for dense spatial sampling @fpllenoptic function
by using micro-lens arrays in front of one single standard C@€bissr. Each
micro-lens has its own centre of projection which makes $kisip similar to a
grid of small classic cameras. Due to the limited resolutibtihe sensor which is
shared by all lenses, the angular resolution is small coetpaith a standard cam-
era. Auto-stereoscopic displays use the inverse methodspjaging multiple-
perspective images on screens with lens or prism-arrags;sspter 14 for more
details.

An efficient Light Field representation for known or estiedigeometry has
been proposed by Chen et al. [2002]. By factorisation of 4-dstanal light field
data into surface maps and view maps, compression can addrieg is per-
formed with the use of programmable graphics hardware. &sieiction of a flat
scene is circumvented.
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3.3 Rendering with Geometry Compensation

So far, only methods have been described which do not hawdigesparallax
explicitly because it is assumed that a dense sampling aapkcene will avoid
parallax effects. The trade-off is that one is restrictedhim interactive camera
pose selection for the virtual view. If full 3-dimensionateraction is desired, then
parallax effects must be compensated during renderingantbe distinguished
between methods thatterpolatebetween given views along a predefined path,
and theextrapolationof virtual views by freely selecting the pose.

3.3.1 Disparity-Based Interpolation

Disparity-based interpolation methods, or 2D-morphinderipolate novel per-
spective views from a given pair of real views and a given dexmgrespondence
map between the views. The relative pose of both real vievksigsvn, hence
one can compute the epipolar geometry between the viewshvdricodes the
direction of the correspondence vector for each image pdihe disparity en-
codes the length of the epipolar displacement for each incageespondence.
Chen and Williams [1993] introduced view interpolation bigelar interpolation
of the length of the 2D-correspondence vectors (the digpakith this method,
the virtual view is placed on the line between the real caroendres. Correct per-
spective views will be generated only if the real camerasrarectified standard
stereo geometry. Seitz and Dyer [1996] extended this metthegw morphing
where the real views are pre-rectified to standard steremgep before disparity
interpolation. This allows for perspectively correct Bmenterpolation between
tiited camera$ andP; (see figure 3.6(a)).

In the rectification step, each real camera image is rectifielomography
mapping onto a rectified image plane that is parallel to treel@eC, — C; be-
tween the cameras, and epipolar lines correspond to haailzeimel coordinates.
The disparity between corresponding image pmxelandm;, is simplified to the
displacement of x-coordinates= X, — x;. Linear interpolation of the rectified
image onto a virtual camera centg is performed on the x-coordinates only:

\CV—CI|

Xy =X +
v | ‘Cr—CM

d (3.4)
Cooke et al. [2002] use view morphing in 3D-video conferegcirom seg-
mented disparity maps and images, special representattiméow redundancy
are assembled for transmission.
Proper interpolation is possible if the disparity of eactepis known. Finding
correspondences from the image data is the most critidal Br®blems occur at
object boundaries where the background is uncovered oudedlin one of the
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Figure 3.6: | (a) View morphing interpolates along a lineaneea path for arbi-
trary camera orientation. The (dark) background objecarsigly occluded in the
real images due to the (light) foreground object, hence somge regions may
not be interpolated. (b) Interpolation geometry for reetfimages is simplified
to horizontal interpolation.

images. In those regions no correspondence can be estbbstd holes may
occur in the interpolated image.

3.3.2 Image Transfer Methods

Image Transfer Methods generate new images by a direct mattoal correla-
tion between pixels of the source images and the pixels aofi¢iséination image.
No intermediate representations are used.

The fundamental geometric relations between two and thmeges can be
exploited for view synthesis. Disparity interpolation @ty is such a method
where the 2D correspondence is separated into epipolafdirection) and dis-
parity (length). In uncalibrated systems, the fundamemiztrix (chapter 6) can
also be exploited to define the epipolar geometry.

Image transfer can also be used to extrapolate view, thowialj more free-
dom in virtual viewpoint selection. Laveau and Faugera®97lise epipolar
transfer to extrapolate novel views from a set of given egiee views. For the
virtual view, epipolar geometry is computed with two refere views and corre-
spondences are searched for in those views. A combinatidisgdrity estimation
and image warping has been proposed by Schaufler and Paglih§99]. Re-
stricting the disparity search along epipolar lines redube complexity t@(n?)
from O(n3).

Avidan and Shashua [1997] introduc@&dfocal Tensor Warpingo compute
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correspondences with the trifocal tensor see chapter 6.T defines the fun-

damental geometry for three views, which describes the éenteamsfer between
these views. If the tensor between three views and the gmnelence between
two views is known for calibrated cameras, one can direqilscgy the corre-

spondence in the third image and transfer the image infetesthe third image.

The third view can be used to define the virtual camera aratalfimage transfer
can be applied to synthesise the novel view.

3.3.3 Depth-Based Extrapolation

So far, image correspondences have been used to comperesagepgrallax. As
discussed in section 3.3.1 (figure 3.6(a)), occluding baued will block parts of
the view and leave unmodelled regions that cannot be integabfrom the image
data.

If a dense depth map is given, novel views can be synthesisied depth-
compensated warping. A depth map contains the scene dapdvdoy image
point of a given view. Sometimes it is called 2.5 D view, asoih@ins 3D infor-
mation, but from a single view point only.

Depth could come from additional sensors like a range scaontom stereo-
scopic depth estimation from multiple views. Dense comesience estimation
from a single image pair will always leave some backgroumgbres undefined,
but the fusion of multiple views into a unique depth map al@ense depth com-
putation [Koch et al., 1998].

If the disparity of a pixel is known and the relative pose kesw the real
cameras, the depth can be computed. If more than two viewavaikable, multi-
view stereo approaches can be used to handle occlusionsokasdn the disparity
maps can be filled from other views. The typical result of nsustereo algorithm
is a dense depth map: an image which codes the distance ofpeathn the
original image. Having a per-pixel depth, the movement ef\tiitual camera is
not restricted and allows to extrapolate novel views frora single image and the
associated depth map.

The simplest method is forward-warping of the pixel from thal view into
the virtual view. A scene poirl = (x,y,2)" in euclidean notion is projected to
an image poinim with the given poséR, C) using equation (2.13):

A-m=KR'(M-C). (3.5)
A is the pixel depth value which is lost during projection. kvthe projec-

tive depthA for the pixel from depth estimation, the 3D scene pdhtcan be
reconstructed as given in equation (2.20)
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The desired pointny, in the virtual camer®, is then determined by projecting
M into the virtual camera (see figure 3.7(a)):

my=RM =\ (KR! (KR 1.m+(C-C,). (3.6)

Equation 3.6 is another form of epipolar pixel transfer frdm real to the
virtual view. In fact, it directly describes the epipolardiwithz as free parameter.

One implementation of the described warping epth-Image Based Ren-
dering as proposed by Fehn [2004]. It generates stereo image pairsdne
monoscopic image and a depth map.

Depth extrapolation does not solve the occlusion problesnabse parts that
are occluded in the real view may become visible for a new vig&ithout any
further information this results in holes or artefacts efe¢he depth map is com-
pletely filled. Having depth maps for adjacent views, forsvarapping can be ap-
plied for these too, which can solve the occlusion problent.f8uvard mapping
from multiple images is redundant for non-occluded regeamd can also produce
holes if the resolution of the source and the destinatiomgerae different.

3.3.4 Layered Depth Images

To overcome the problem of occlusiohsyered Depth Imagg$.DI) were intro-
duced by Shade et al. [1998]. The idea is to generate a nallted depth map
combining depth information from several real views intarage LDI-view by
fusing depth information and adding additional layers factepixel correspond-
ing to the different layers in the scene. In this way, bottefwound and back-
ground object are stacked in the same representation ahdsimectartefacts can
be avoided.

Chang and Zakhor [1999] have also proposed similar multaghepresenta-
tions. In an acquisition phase, dense depth maps are cothpotkplanes are
fitted in low contrast regions. These planes are identifiedl tascked trough
the image sequence. After transformation of all depth mafmsone reference
frame, a multi-layered representation with both colour dagth information is
constructed. View generation from multi-layered images ba performed by
forward-mapping each pixel of each layer via its depth imfation. Care has to
be taken to ensure that nearby objects are not overdrawndikgimind objects.
The layers have to be traversed in back-to-front order aptheests are needed
when updating pixels in the destination image (see figuréo}.7

LDI representations can be computed from multiple real gisimultaneously
if a multi-camera plane-sweep algorithm is used [Collin894d]. A plane is posi-
tioned in space, all real images are projected onto the psantethe image consis-
tency of the projection for all images is tested. If all patjens yield a consistent
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photometric measure (the photo-consistency), the colodidapth of the projec-
tion is saved in the LDI.

Yang et al. [2002] use a plane-sweep directly for rendermognfgiven real
views based on photo-consistency. Instead of computingn they directly
render the colour and depth values of the plane sweep intoetheriew. For each
pixel, photo-consistency decides if it is accepted or tegc Then the plane is
moved along the optical axis of the virtual camera. This ps3ds repeated until
the virtual view is completely filled.

A slightly different method ofexture slicing also known as elevation maps,
is proposed by Vogelgsang and Greiner [2003]. The per-pigpth is stored in
the alpha-channel of the textures and a plane-sweep dlgotises alpha test to
decide which pixel to render. The planes are rendered irhdefrvals which
are calculated by taking projection errors into accouna ixel on a plane cor-

responds to a depth map pixel, the colour is taken from thecesed pixel in the
real view.

Seene T ——p— lLayer2
Ve . Scene o Layer 1
\
BN A AN
v NI
| A RN
ol \\ \\ *
1 NI »
1 AR 1! AN
T ! - 0
|
u
1
C C
Cy Cv
|mage — — |mage —

(a) Depth Based extrapolation(b) Multi-layered extrapolation

Figure 3.7: | (a) Using depth maps allows extrapolation, wtetl regions have
to be filled from other cameras. (b) Fusing depth from mudtiphmeras into a
multilayer representation allows extrapolation from th&l vithout gaps.

3.4 Rendering from Approximate Geometry

Multi-layered depth images are a first step towards globatigsistent models
of the scene. Many other methods have been proposed to tememediate
representations from the images and depth maps. This caalled modelling
because a static 3D model is created. If the resolution afnibeel is quite rough
it is sometimes referred to aggaometry proxya geometrical approximation.
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3.4.1 Planar Scene Approximation

LDI representations use plane hypotheses that are pequéadio the optical
axes. Often, the scene is rather restricted in depth. If ¢égeon of interest is
roughly of continuous depth to the camera, a planar appratkom may help to
compensate parallax effects. One example is the Lumigrppfoach where the
scene geometry is approximated by a fitting plane that cd@scivith the(s,t)
image plane. The scene geometry can now be thought of as gesenhinto
some fitting planes and additional local parallax compamelrtual views are
interpolated by rectifying the real views into the virtuaéw by way of planar
homography mapping. The deviations of the real scene depth fhe fitting
planes will cause image distortions due to the local paraftects. If the fitting
plane describes the dominant scene geometry well, glombboaphy mapping
is a suitable rendering method. Buehler et al. [2001] and Balfed Baker [1986]
use this method.

3.4.2 View Dependent Texture Mapping

If a consistent 3D surface is available, traditional polygendering techniques
can be applied. In conjunction with dense input imagerypblggon model can
be used as approximate global geometry, and the real vieatsatk nearest to
the virtual view are mapped onto the surface. This is caliedv Dependent Tex-
ture Mapping(VDTM) and has been introduced by Debevec et al. [1998]. VDTM
bridges the gap between traditionally textured surfaceetsodnd IBR with ap-
proximate geometry.

3.5 Dynamic Scenes

The rendering from static scenes is now well understood. |&gés lie in the
domain of dynamic scene modelling for 3D television and Rrieg/point Video.
Generation of virtual views for dynamic scenes is not tgtdifferent from
static scenes. Each of the discussed static methods cotddtjadly be used for
dynamic scenes on the assumption that it can be implememtenh fast enough
and to handle the amounts of data. One trend in the last yaarsden to transfer
significant computational load to the graphics GPU hardwé&a visualisation
of polygonal models this is obvious, but today’s programia&PUs allow much
more complex algorithms to be executed. For nearly evergegmted method,
exists a real-time version using GPU support. Real-timeaaatéon in this case
means, that the user can move the virtual camera interbctive the virtual
views are generated with 10 to 50 frames per second. Most,gfte-computation
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requires much more time. Dense depth estimation, camegsignation, cal-
culation of optimised intermediate data structures areeespe tasks. The step
towards dynamic scenes requires to reduce and speed-@pstieps so that video
sequences from several cameras can be processed and treamsmEmtrol the
virtual camera at interactive rates.

Some recent real-time systems use volumetric modellingurivetric models
are similar to medical computer tomography data-sets.CB}fyi the 3D space is
partitioned into volume elements called voxels. For eactelih is determined if
it belongs to an object or not. This representation can bstoacted from depth
maps, too, but the more popular approach is called “shape-$ithouette”. A
visual hull is computed for objects by intersecting the ailette cones from dif-
ferentreal views. Li et al. [2003] use shape-from-silhéai& construct the visual
hull by back-projecting images and using alpha and steaéiutation. To gener-
ate novel views from volumetric models again different noelthare available.

Calibrated Cameras virtual camera rendered
Dynamic virtual
view
Scene
A
1A

Canturin Segmentation Shape-f-Sil. Tr|angu|at|on VDTM
pluring 9 Voxelmodel Surface Model Rendering

Images as textures

Figure 3.8: IBR pipeline for view generation with visual rsull

One common approach for IBR view synthesis of dynamic scensbhawn
in figure 3.8. The pipeline processing starts with captutiregscene using mul-
tiple calibrated fixed cameras. After object segmentatshiape-from-silhouette
algorithms are used to create a volumetric model on the flserAfonversion to a
surface model using polygon meshing the standard polygendkring with view
dependent texture mapping is used for visualisation.

Saito et al. [1999] use 49 calibrated cameras, and computeaetric model.
This is transferred into a polygonal surface model and gur@mdering it is used
to generate correspondences in selected real views. Fese ttorrespondences
per-pixel interpolation is performed after the determioraiof the disparity vec-
tors.

Yamazaki et al. [2002] have introducedlboards. A billboard ormicro facet
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is a small polygon always facing the virtual camera. Theyragmate surface
models, re-sample them to binary voxel-models and createiléi-rasolution-
octree. Depth maps are used for per-pixel visibility-awglito prevent texturing
facets with inappropriate pixel.

Goldluecke and Magnor [2003] calculate volumetric modetsf different
views with a Shape-from-Silhouette approach. This modgles rendered using
billboards textured from original views. It is also possilid convert volumetric
models into surface models, one approach is discussed jotestia

Recently, direct depth-based view interpolation for dyrastienes has been
proposed by Zitnick et al. [2004]. They capture dynamic ssdrom a set of fixed
video cameras and compute depth-compensated view ing&giggofrom multiple
views interactively. The results look promising and shoat thdeed the challenge
of interactive free-viewpoint video can be mastered in tharriuture.

The main challenge in capturing and visualising dynamideaiis the amount
of data to store and process. In contrast to stationary saamecamera moved to
scan the scene does not suffice. To decouple time and spapktioptic func-
tion has to be sampled at different positions over the requiime. This means
that many cameras have to operate in synchronicity. Theenfiegds have to
be stored, off-line processing has to be done and duringerery] data from a
high dimensional function have to be accessed. Shum etG@Gd5]2levoted one
part of the book only to compression schemes for plenoptia ftam dynamic
scenes. This thesis restricts itself to stationary contrritthe proposed methods
can be extended to dynamic scenes. Adding sophisticatecbrggmanagement
and compression techniques would suffice.



Chapter 4

Design of Plenoptic Rendering
Methods

After reviewing the work of others in the field of Image Based &ing, this
chapter deduces the design of new rendering methods frogotiie which should
be met and the requirements which should be fulfilled. Thegdesnd the require-
ments also lead to the specification of input data requiredefedering. Methods
to prepare the input data are presented. The final desigre oétidering methods
is chosen to handle errors in the input data that can be put dmpwreprocessing
gracefully.

4.1 Primary Design Goals

As seen in chapter 3, many different systems have been m@dpdshis variety
has been provoked by the following aspects which greatlyémite the possibili-
ties and the resulting quality of the generated images:esoedepth complexity,
sampling density, movement of the capture device, possildeements of the
virtual camera. Each of the reviewed methods implies lititites in one or sev-
eral of these aspects. Obviously, Image Based Rendering &y sllimited by
the plenoptic samples: Invisible parts of the scene canasebonstructed. But
besides this, the primary goal of this work is to design IBRhods which do not
have any further limitations. In relation to the previousigntioned aspects, the
following goals can be defined:

Scene complexityThe methods should not be focused on special setups like sin-
gle objects, planar scenes or special non-planar scenesoriii assump-
tion is that the scene is stationary, i.e. objects do not namwkthe lighting
conditions do not change.

49
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Movement of virtual camera: Apart from the limitations given by the sampling,
the possible position and orientation of the virtual cansrauld not be
restricted (e.g. rotation only, predefined path). Only paft the scene
which are visible in the original views can be reconstructed

Sampling density Dense sampling can simplify the interpolation but compésa
the capturing process, if it is feasible at all. In that seasgparse distribu-
tion of real views has to be assumed, starting with only 2 eiatphs and
ranging to a scan with a multi-camera system.

Geometry Geometrical information should be gained from the real gi@one
and will be used when available. But partially missing or mmeot depth
information has to be tolerated and compensated for as welbssible.

In addition to these specifications, the rendering prodessld be as fast and
interactive as possible. If best-quality image generat@amnot be done at inter-
active frame-rates, the process has to be scalable to lefsdrechoose between
high quality or interactive frame-rates. For a given confagion of images and
free movement, the best possible image quality should bedhahboth for inter-
polation and extrapolation. Nevertheless the configunatiothe virtual camera
may cause different errors in the novel image.

4.2 Required Input Data

4.2.1 Calibration

A necessity for Image-Based Rendering is the calibration &whamage. The
parameters and models which describe image formationigee2i2) are needed
to incorporate colour information as samples of the pleiedphction. The cal-

ibration process can be seen as a parameter estimation pletaptic function

sampling process. Intensity values of rays are known framirttages but the ge-
ometrical parameters of the rays are unknown. for only omécpidar ray, these
parameters cannot be reconstructed. But for images fromdeéhed cameras
at several points in space, enough constraints apply tmatithe position and
orientation of the cameras giving the parameters for easkrobd ray. The fol-
lowing sections 4.2.2 and 4.2.3 describe a method to contpetealibration from

the images themselves.

4.2.2 Calibration for Static Setups

For static setups with multiple fixed cameras all parameatansbe calibrated be-
fore capturing the scene. This can be done by placing a veéihed calibration
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object in such away that it is visible in the cameras [TsaB7]9 With known
2D-3D correspondences between the calibration objecttenoiitages as seen by
the cameras, the intrinsic and extrinsic projection patarsdor all cameras can
be computed (see also [Horn, 2000, J. Heikkilae, 1997]).

After the calibration process the calibration pattern candmoved and on the
assumption that the camera parameters are not changedeentescene can be
recorded .

4.2.3 Calibration for Mobile Setups

Using mobile (hand-held) cameras to scan the scene, datibrabjects are only
an option if they can remain in the scene. Otherwise, theeptign parameters
for all real views have to be computed from the images of teas@lone.

Development of so-calle8tructure-from-Motiorapproaches as described by
Pollefeys et al. [1999], allow to estimate camera parammdtem the image se-
guence itself without special markers or patterns. Evemging and unknown
intrinsics can be handled, but it often stabilises the @edehe intrinsics are cal-
ibrated beforehand and the Structure-from-Motion apgraady computes the
extrinsic parameters (camera poses).

The calibration starts by identifying and tracking salit@tures through the
image sequence. For the first two views, the 3D positions efpttints and the
position and orientation of the two observing cameras carobguted simultane-
ously in a bootstrap process exploiting epipolar constsdhtartley and Zissermann,
2004]. For all following views, 2D feature correspondenasscreated by track-
ing or matching features from already calibrated images m&w images. This
yields 2D-3D correspondences to the already reconstrugieghoints. From
these 2D-3D correspondences, the camera pose can be cdnyuten-linear
minimisation of the projection error [Hartley and Zisserma2004]. Because
this minimisation is very sensitive to wrong corresponaen(utliers), a robust
RANSAC-based pose estimation [Fischler and Bolles, 1981] dvde tused and
outliers have to be removed before the minimisation. Hatlegpose for the new
view, all 2D observations can be used to refine the positiom®f3D points or
establish new 2D-3D correspondences by triangulation.

Without any knowledge about the scene or the camera seteppastruction
can only be done up to an unknown scale. Because the size af¢he and the
distance to the cameras is ambiguous, the absolute scaletdaa determined.
To have some defined lengths, camera positions and 3D paitiqns are scaled
consistently so that the distance between the first two vesyusls 1. This scale
ambiguity has no direct effect on Image-Based Rendering usedais an image-
to-image transfer method. By reconstruction of a scene septation, a scale is
assumed and by projection into a virtual camera, the alesgiat of the scene
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is removed. Apart from that, the scale of the reconstrudtias to be taken into
account when mixing Image-Based Rendering images with otheral/objects.

4.2.4 Why Scene Geometry is required

The basic input data for Image-Based Rendering are plenaptiples or, in other
words, calibrated images as described above. One quedien: How many
images are required, or which sampling density is required?

The answer to this question depends on the amount of awaitgdmetrical
knowledge of the scene. If a full 3D model can be used, veryifieages suffice
to generate arbitrary new views of high quality. The sitativhere no geometry
information can be used can be analysed by a small thougktiexgnt.

M

Figure 4.1: Two cameras in standard stereo geometry ologeevipointM in
distanceD.

We assume a structured scene which is observed by a camena imeter
distance. This camerais moved in x-direction of its own cangeordinate system
by small distances to capture images for view interpolatibhe camera is not
rotated, thus the optical axes of all views are parallel. ®ual camera is placed
directly between two real cameras and no depth or disparitymation is to be
used. The only interpolation which can be performed is blanthe images of
the surrounding views together. To avoid any visible intdapon artefacts, the
maximum disparity between one real view and the virtual yiesvich can be
compensated, is below one pixel. The mathematical reldteween depth and
disparity in this special case is: 5

o (4.1)
with D the distance (depth) of the 3D point from the baseliBehe length of
the baseline connecting the centres of two camdrake focal length and the
disparity in the image plane. The setup is shown in figure 4llhe question
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now is: What is the maximum distance between adjacent viewsagare that the
maximum disparity is smaller than 1.0 pixel? This questiamloe answered using
equation/(4.1) and inserting some realistic values. Smigitad cameras have a
pixel spacing of 510 %m which is the disparity of one pixel. A typical lens for
such a camera has a focal-length offiand the distancB is assumed to bem.
This results in a baseline lengdof 1mm

Conclusion: Without any geometry information, “dense” séingphas to be
used, which means placing a camera evemyriLAs we expect a two dimensional
distribution of real views, a regular grid of that spacing ha be used. Due to
physical size of cameras, this cannot be built as multi-carsetup. The only
possibility to realise this would be to have a single cameoaed precisely by a
robot.

With increased distance between real views, new views cgnbaninterpo-
lated properly, if information about the structure is aabie. This information can
be a perfect or approximate model, depth- or disparity métion. For arbitrary
scenes, typically no model is available, but depth or digparformation can be
computed from the respective images.

Disparity-based view interpolation methods have beenegmtesl in section
3.3.1. Using only disparity restricts the position of thewal cameraC, must lie
in between the real views (interpolation). From dispauigpth information can
be computed for each pixel. This type of geometry represientdoes not restrict
the position of the virtual camera and also allows extragpma In the following,
only depth information is considered. This can be compugddriehand in a pre-
processing step to avoid full disparity search during extéve rendering.

4.2.5 Properties of Depth Maps

Precise and complete depth information for a real view méarsave a depth
value for each pixel of this view forming a depth map. A deptpniooks like a
grey-value image where the level of grey codes the distahti®ecscene. Light
values represent larger distances than dark values.

The perspective depth value corresponds tatimeequation|(2.6). The knowl-
edge ofA allows to use equation (2.20), reconstruct the 3D pbirdand warp the
colour information of every pixel depth compensated intg aew virtual view.
This allows to extrapolate novel views from existing ones.

Depth maps computed from image sequences typically assomne depth
value with each image pixel. They only encode the distand¢beotamera centre
to the front-most surface of the scene. Other layers or tbpeenain occluded,
they are not visible in the image. On the assumption that #mhdmap does
not contain any depth discontinuities, the continuousas@$ can be warped into
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different views without errors. This allows to reconstretised single objects
easily.

Scene ‘\

Image —

(a) Depth Based extrapolation (b) Multi-layered extrapolation

Figure 4.2: (a) Using only one depth map, problems occur fsootuded regions
.|(b) Using depth from multiple cameras can fill these gaps.

If the scene is composed from multiple objects which occleaeh other par-
tially, depth discontinuities appear in the depth map. lbaat extrapolated view
can see “behind” the occlusion, no colour nor depth inforomais available to

fill this gap (see figure 4.2(a)). These regions in the novavviannot be filled
without additional information.

4.2.6 Depth Estimation

The Structure-from-Motion algorithm gives a sparse 3D @spntation of the
scene consisting of the reconstructed 3D positions of Hekéd features. Dense
depth estimation is used to compute the projective deftbm eq. (2.6) for each
pixel of an image. Stereo algorithms work on image pairs amceéch pixel in
one image, they try to find the corresponding pixel on the @pipline in the
second image. This yields the disparity for each pixel. Ashaee the camera
calibration and the disparity, the 3D position of the asst®d point in the scene
can be triangulated and the projective depth can be computed

Multi-view Stereo uses 3 or more images to stabilise theldegptimation and
to handle occlusions. For one reference view, correspaadesre searched for in
2 or more support views. The result of dense depth estimaitme depth map
encoding the projective depifor every pixel in the image.

Many different algorithms have been proposed for stereoutitview stereo
[Koch, 1996, Roy and Cox, 1998, Yang and Pollefeys, 2003, @eitzDyer, 1997b].

The plane-sweep algorithm presented in section 5.4 carbalssed to compute
depth maps.
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In the following, it will be assumed that calibration and denlepth estimation
have been performed on the image sequence and the depth loagwéth the
calibration and the images are considered to be input datddomodelling and
rendering.

4.3 Expected Errors in Input Data

Due to the fact that image sequences from real cameras alginpat data for
novel view generation as discussed in this thesis can b@eous. Two error
sources, traceable back to the preprocessing steps, henadsntified: The im-
age calibration and the depth estimation.

4.3.1 Calibration Errors

The calibration of cameras with a calibration object or dgratis assumed to be
robust and good enough so that the remaining error is smallginnot to influ-
ence view interpolation. Typically, an error of about onggbremains invisible.
But when freely moving cameras are used only the intrinsigeptimon parameters
are calibrated with patterns. The calibration of the esidrparameters with a
structure-from-motion system can introduce errors in t&tpn and orientation
of each real view.

Caused by the minimisation process which changes extrirss@npeters to
minimise the distance between the 2D image points and thHeqgtea 3D points,
typically each positional error i or y direction (camera coordinate system) is
accompanied by a rotational error in opposite direction\aod versa. Errors in
z-direction (along the optical axes) do not necessarilyespond to a rotational
error.

For view interpolation the absolute calibration error fack camera pose is
not as relevant as the relative error between adjacent viéieall views share
a common offset, the view generation will not produce visibltefacts, but if
the relative calibration between two views is not correlsg interpolation will
produce errors from blending wrong colours. Structurerfifdotion typically
produces very small relative calibration errors betweeallgiews.

A source of calibration errors on large image sequencesfts dreach view
has a small calibration error, these can accumulate ovetiealls and result in
severe camera displacement. For long linear scans thisrdasecessarily im-
pose artefacts in the generated new views because adjaewast wsed for local
interpolation only have a small relative registration errbJsing zig-zag scans
registered in a time-linear fashion without inter-linetsligation, spatial adjacent
views can have significant drift. To calibrate two dimensibndistributed scans,
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Figure 4.3: Calibration of a Zig-Zag scan can be done timetsetglly (black
arrows). Using already calibrated geometrical adjaceswsi(grey arrows) helps
to reduce drift significantly.

Structure-from-Motion systems have to establish topolodyrmation and cali-
brate cameras with respect to their geometric neighbogsréi4.3)[Koch et al.,
1999].

Error accumulation from the calibration can also be comataswith a bun-
dle adjustment approach [J.C.McGlone, 2004], where all carparameters and
all reconstructed 3D points are taken into account to miséme-projection errors.

4.3.2 Depth Estimation Errors

The depth estimation process for one particular real viesg asljacent real views
to find pixel correspondences. Compared with the overall rarrabreal views in
a data set, this can be assumed to be a local operation. Teusfluence of error
accumulation in the calibration phase can be neglectedallonnisistency suffices
and can be assumed because the structure-from-motionthaigatself ensures it.
Even if a data-set’s calibration includes drift, depth maps be computed and
will be correct for this local view. On the other hand, thigies that two locally
correct depth maps from drifted calibrations do not giveabglly consistent de-
scription of a scene. This fact complicates the fusion oflefth maps into one
global 3D model.

Another problem is that depth estimation is typically dogaliscrete dispar-
ity estimation. Due to pixel quantisation, disparity caryope computed with
limited precision (typically one pixel). When this dispanis transferred to depth,
the quantisation results in better depth resolution neac#imera and less depth
resolution in regions further away. By fusing multiple depthps this quantisa-
tion can be reduced significantly. For one particular view ¢tlan be accomplished
by computing multiple depth maps from different referen@aws and computing
the mean depth for each pixel.

The major sources of error in depth maps from real camerasiraecon-
structed regions and regions with completely wrong depthméany algorithms
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the fill-rate and the reliability are contrary goals whiclmoat be optimised at the
same time. A trade-off between those two has to be found.

Unfilled pixels typically occur at object boundaries wittptle discontinuities.
For two-view stereo some image parts cannot be matched $®c¢hey are oc-
cluded in one image. Multi-view approaches have the akditfill regions from
other views. Most stereo algorithms cannot estimate relidbpth in homoge-
neous image regions because of the missing structure. @lperithms propa-
gate depth information into these regions to fill them, bat thay produce unre-
liable results. Object surfaces with non-lambertian proge (e.g. glass, polished
metal) typically cannot be reconstructed because the lagsigmption in stereo
matching is that the appearance of objects does not chahgedieviews.

Small regions of completely wrong depth estimation can ltefsom mis-
matches. This means that the correspondence search hakdonrong pixel
correspondence which satisfies all constraints. In deptpsntlais can be ob-
served as small light spots in dark regions or dark spotgter regions (often
calledsalt and pepper noige An increased correlation window size reduces the
matching uncertainty and increases the position unceytain

4.4 Design of Methods

To solve the visual reconstruction problem under the cairgs described in sec-
tion[4.1, new approaches have to be developed. The geoméinmiation repre-
sented by the depth maps has to be used to forward-map thear éeformation
from the real view into the desired virtual view. The followgi three methods
have been developed to fulfil the above requirements. Eathotiés described
in detail in chapter 5.

4.4.1 View-Dependent Geometry

The main idea behintfiew-Dependent Geometrng to find a surface which ap-
proximates the scene geometry and exactly fits the visibleopéhe screen space
of the virtual camera. The real images can then be transfénte the virtual
camera via this surface.

Because it is very difficult and most often not possible to tmies one single
globally consistent surface, a locally valid surface hased@dapted for each new
view (this property gives the name of the method). This sigrfdoes not need to
cover the whole scene, it suffices to cover the currenthplggparts. Starting with
a regular 2D mesh in the image plane of the virtual cameragdépth for each
vertex has to be determined from depth maps of surroundimges. The naive
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idea of backward-mappi@g‘rom the virtual into the real cameras is not possible
due to the missing depth. Only forward-mapﬁrﬁg)m the real cameras into the
virtual camera is possible. One problem which occurs hetigaisthis geometry
transfer and geometry fusion is expensive. To reach inieea@ndering rates, the
geometry has to be sub-sampled significantly. This leadssta@thed warping
surface and does not reconstruct details.

4.4.2 Multiple Local Models

Forward-mapping and fusing dense geometry is possibléeatictive frame-rates
when the GPU is utilised. This leads to an approach céleltiple Local Models
For each depth map a local 3D model is generated in a preiagestep. A
new image is generated by rendering models generated facedjreal views
into the virtual view. The contributions from all renderecaels are blended
appropriately.

Different modelling approaches have been implementedntfxased mod-
elling, polygon mesh modelling and adaptive surface rettoagons. Each of
them has special properties which will be presented in@e&i3 and the results
will be discussed in chapter 6.

4.4.3 Plane-Sweep

The Multiple Local Models approaches all rely on dense ahdbie depth infor-
mation. If the quality of the depth maps is not good enougé,rédtonstruction
guality decreases significantly. THane-Sweepeconstruction method known
from Yang et al. [2002], on the other hand, does not need apyhdeforma-
tion, it aims at finding photo consistency. Combining precated 3D informa-
tion with a Plane-Sweep method [Collins, 1996] leads to theeldpment of a
geometry guided Plane-Sweephoto consistenEyconstraints [Seitz and Dyer,
1997a] are used to verify and refine the depth where avaitabieconstruct the
visual appearance of regions without depth. In contrashéostandard Plane-
Sweep method the search range can be limited in regions pitoaimate depth.
This can increases the quality by reducing matching amtigguand reduce the
required computational effort at the same time.

Ibackward-mapping: For a pixel position in virtual camenad fihe corresponding position in
areal camera.

forward-mapping: For a pixel position in a real camera, fimel¢orresponding position in the
virtual camera.

3A 3D point is photo-consistent if its projection into mulggmages leads to the same pixel
colour in each image.
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4.5 Summary

In this chapter, the design goals for the view generatioreHaeen presented.
Analysing the required input data consisting of imagesibcaion and depth
maps reveals two different error sources: calibration agputtuestimation. This
leads to the design decision for three Image-Based Rendemitigoats, namely
View-Dependent Geometry, Multiple Local Models and Pl&wveeep. In the next
chapter, each of these methods will be presented in detail.
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Chapter 5

Rendering Methods

Due to the large variations in input data, no single ImageeB&¥ndering method
which fulfils all needs has been developed so far. The dewsdop of plenoptic

rendering methods presented in this chapter can be seer asain contribu-

tion of this thesis. To meet the requirements listed in sacdi.1, three different
prototypes of plenoptic rendering methods have been desdlo

Prototype P1 (section| 5.2): For each novel view, an approximate gegnmisgtr
constructed and used to warp the real images into the vicarakra. This
is calledView-Dependent Geometry

Prototype P2 (section 5.83): For each real view, a model is computed dedtsel
models are blended to form the novel view. This prototypaiedMultiple
Local Modelsand three different subtypeBZ,,P2,,P2;) are introduced.

Prototype P3 (section 5.4): New views are generated by finding photesistency
between real views with a so-call@ne-Sweeplgorithm. Without depth
information this leads to subty@3,. Having depth information helps to
stabilise and accelerate the process and leads to suB8ype

All protoypes and their subtypes (shown in figure 5.1) aregméed in detail in
this chapter. But first some common tasks shared by these dsetine described.

5.1 Common Tasks

5.1.1 Camera Ranking

One common task for several rendering methods describeddre selection of
real views to interpolate from. For each novel view to rendeset of real cameras

61
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Prototype P; Prototype P, Prototype P
View Dependent Multiple Local Models Plane Sweep
Geometry i
P2a Triangle Mesh P35 Photo Consistency
Pop Point Based
; P3, Geometry Guideq
P,.  Adaptive Quads

Figure 5.1: Three different prototypes and several sulstypeve been imple-
mented.

for interpolation has to be chosen. Several criteria aevagit for this decision. In
[Evers-Senne and Koch, 2003] we have developed a rankitagion for ordering
the real cameras. The user chooses the number of neighbatameras that
should be used, and, depending on the ranking, theNbesimeras are selected.
Two relevant criteria are presented in the following.

O Samples Cy
+ Samples C,

Figure 5.2: Criteria evaluation. The ranking criteria arevgh for two real cam-
erasC; andC,. Distance: G is closer to the optical axis @, thenC;. Visibility:
Cy sees 3 samples fro@ and 4 samples fror@,.

Distance: The first criterion is thélistancebetween a real camera and the virtual
camera. With the viewing directiof, and the centr€, of the virtual camera, the
orthogonal distance, of each real camera centgg to this ray can be determined:

(C| — Cv) X AV
[IAV]|

di = || I (5.1)
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Visibility: ~ The second criterion is more complex, it is basedvaibility. It
evaluates the scene volume that a given real camera hassirencontext of the
virtual camera. For this purpose very femygx = 20) image points are chosen
so that the whole image of the real camera is covered. By bagkqting them
using the corresponding depth vallgi3 samplesare calculated. These samples
are then projected into the virtual camera and checked &ipility. The number
of visible samples; divided by the number of possible samphggx gives a rough
approximation of the region covered by a real camera. Tharsguratio is used
to penalise cameras with only a few samples more. The vtgiltdrm v; will be
defined as a penalty which decreases for increasging

2 =0
Vi=1—— with: (V' 0 'beSt‘> (5.2)
N&ax Vi =1 :wors

This yields a penalty function witk(0) = 1 (no common viewing volume) and
Vi(Nmax) = 0 (100% overlap).

Figure 5.2 sketches the different selection criteria. Tea camera€; and
Cy are evaluated w.r.t. the virtual camé&ha For visibility, the depth samples from
camera 1 (circles) and camera 2 (crosses) are projectethatartual camera and
evaluated.

Combination and Ranking: Similar to [Evers-Senne and Koch, 2003] the two
criteria are combined into one scalar vatyevhich represents the inverse quality
of the real camerato generate the new view. In contrast to the linear-weighted
sum, the distance criterion is used primarily for ranking fmadulation with the
visibility penalty function ensures that only those camsesdnich can contribute

to the new view are ranked:

G =di (1+cv) with (qi smaller: bette;

53
gi greater: wors (5-3)

cis a parameter which determines the influence of the visibiifter calculating
gi for each camera, the list of valid cameras is sorted in ascgrider.

5.1.2 Per-pixel vs. per-Camera Blending

In section 2.5, two different blending strategies have bg@sented: Per-pixel
blending and per-camera blending. In this section problestis the per-pixel
blending approach are discussed.

Experiments with the per-pixel blending have shown thabjenms occur with
both blending functions from equation (2.29). If the viftoamera coincides with
one of the real cameras (e.€y = C1,a1 = 0), one would assume the; has
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a contribution of (or at least near) 100% and the next closedtcameraC, is
weighted with 0. Foo = 0, the weights are 1:

fi(a) = cos‘a: f1(0) =1, fo(a) =€ : f(0)=1 (5.4)

The contribution ofC, only depends o which results in 0 only iftxo = g. Due
to incremental computation no normalisation can be applied

By increasingk in equation|(2.29), the desired blending behaviour can be ap
proximated. But the choice ¢fdepends on the distance of the cameras used for
interpolation and therefore cannot be set constant.

The problem with this approach is based on the iterativeraoctation based
on the anglesi; andas only without taking the complete distanag + a» into
account. In contrast, the linear blending in equation (Rr@®malises the weights
with the distance between the real cameras. This finallysléathe developement
of the barycentric weighting scheme and the following carmlamera selection.

5.1.3 Camera Selection for Blending

The mathematical task of computing correct blending waidjlais been described
in detail in section 2.5. Itis inherently connected with tiaenera selection. If one
decides to use per-camera blending, the selection of theagseras determines
the weighting function which can be used.

The strict camera selection scheme as described above dbegork well
in conjunction with barycentric blending weights. If onlyetclosestN cameras
are selected, it is not certain that they span a convex palggalosingCy. For
N = 3 convexity is always given (triangle), but depending ongéeip, the virtual
camera can be located outside of this triangle. For inangdsiit becomes more
likely that the resulting polygon is not convex and agais ot certain thaCy is
inside the hull. But because interpolatio@y inside the polygon) is preferred to
extrapolation Cy ouside of the hull), a more flexible approach is needed td fulfi
the requirements for proper blending.

The first step for camera selection is to define a pl@rgarallel to the image
plane of the virtual camera with its origin located@, the projection centre of
the virtual cameraC, on the plane is called,. Then all real camera centres are
projected onto this plane orthographically. This can gds# done by applying
the inverse rotation of the virtual camera and using onlyxthedy components
of ¢:

G = (110" R C (5.5)

The distancé|c; — ¢,|| is the same as the distance in equation (5.1) and the real
cameras can be sorted according to their absolute distance.
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The user can specify a numbdrof cameras which should be used for inter-
polation but the camera selection scheme can modify it tonipe the blending.
The algorithm to select the best set of cameras depends owithieerN:

N=1: The nearest camera is activated and the weight 1 is applied.

N=2: The nearest two cameras are selected and weights are cahifased on
the distancesy andc; (equation((2.30)).

N=3: First, the nearest camera is selected, then two more carasgrashosen
and it is checked, ity is inside the convex hull (a triangle). If this is not
the case, the second and third cameras are altered and tiedshepeated.
If this procedure cannot find a combination of three cameuagnding
the virtual camera interpolation is not possible and exti@mn has to be
performed.

If a convex hull of three cameras can be found, it is checkegliés on one
of the edges of the polygon. In fact, amange around the line is taken into
account. If this check succeeds, only the two cameras dgfthia line are
selected for linear blending.

N>3: The algorithm starts withl = 3 and then tries to activate the nearest one of
the remaining cameras and compute the convex hull. If al@ecameras
are vertices of the convex hull and no camera is inside tHethalalgorithm
proceeds with the next camera. If the addition of one camesalts in
one or more cameras located inside the hull, the last aetiveamera is
deactivated and the algorithm stops.

This scheme ensures that all constraints necessary fotehdibg weight equa-
tion are fulfilled.

5.1.4 Texture Coordinates

To avoid explicit calculation of texture coordinates, amétic texture coordinate
generation is used. This reduces the amount of data to b&férad significantly
and is done by current graphics hardware at no extra coss.approach has been
presented by Segal et al. [1992].

Therefore the original image of the real view to use is asgigas current
texture in OpenGL. Using automatic texture coordinate ggian ensures that
correct texture coordinates for each vertex are generabed the vertex itself.
The vertex coordinat® is multiplied with the current texture matrik and the
result is taken to access the texture:

m’[ex - T M (56)
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This is equivalent to equation (2.13) with= 1 in normalised device coordinates.
It suffices to decompose into C,R,K as in equation (2.13) and normalikeby
the image Siz€Xmax, Ymax) 10 Kiex t0 get the normalised texture matiix

fX S CX
o Ko S Knax
0 0 1

Using T as texture matrix results in homogeneous texture coomsngener-
ated on-the-fly. This maps the current texture projectiesito the structure.

5.2 PrototypePl View-Dependent Geometry

The basic idea behind View-Dependent Geometry can be cenesidasdepth-
compensated warpingSimilar to the Lumigraph by Gortler et al. [1996], a ge-
ometry proxy of the scene is used to warp real views as texiunte the virtual
camera. But instead of using one global 3D model, a local mafdzlfficient size
for the virtual view is interpolated from the depth maps & #urrounding real
views. This geometrical approximation is view-dependehich means it has to
be updated for each new view with the following steps:

e selection of best real views (section 5/1.1),
e fusion of geometry from the multiple views,
e viewpoint-adaptive mesh generation,

e viewpoint-adaptive texture blending.

The fusion of full resolution depth maps from several caméanot possible
in real time, so an optimised sub-sampled representatigansrated off-line.

5.2.1 Sampling the Depth Maps

The depth maps serve as geometry input for the view-depénddme modelling
that will be described in the next section. Using the deptpsrdirectly with full
resolution is not feasible due to the vast amount of datandsta hardware does
not support such high-resolution geometry for view intégipon. Therefore, each
depth map is sub-sampled. In this case the sub-samplingnis lop applying a
regular grid with a spacing that is parametrised so thatnteasily be adapted
to specific needs. This grid is located in the image plane ef¢fal camera. At
each grid point, the surrounding region in the depth mapasgssed by a spatial
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2D median filter to reduce the effects of outliers and to finel ttost probable
depth. By taking the-th 2D pointmiJ in the image plane of cameraand the
corresponding distandd from the depth map, the euclidean 3D scene plmht

can be calculated with equation (2.20). The 3D eri%tfrom camerd; is called
geometry sample ¢f camerai. For each grid point in each camera one geom-
etry sample is created. Grid points for which no depth vaksssbe found are
discarded. Later on, in the rendering stage, the geomethese regions is con-
structed from the samples of other cameras if possible. @&he samples serve as
geometric approximations that are used to define the vigyertident interpolation
surface.

To allow scaling between performance and quality,exel-of-Detail(LoD)
is introduced at this point. When the geometry samples agdente the desired
number of leveld hax can be chosen. After their generation all geometry samples
belong to level zerd by default. To generate levek,; each second geometry
sample from leveLy in both dimensions is moved to leviel, ;. Thus the num-
ber of geometry samples in leviel, 1 is %1 of the previous number of geometry
samples in levelLyx. The number of geometry sampled_gis now reduced to
;3’1. Filtering the geometry samples before sub-sampling isceqpmated by the
median filter which was applied when the geometry samples generated.

For rendering with a specific LoD, the geometry samples of several levels
are used in combination. For the coarsest level only the gegraamples off max
are used. For the next leviehax_1, the geometry samples bfyax and ofLmax_1
are used. In general, if leve}, is requested, all levels, with x > n are used.

The geometry samples associated to the calibrated viewsamaie used as
input to the interactive rendering engine.

5.2.2 Multi-View Depth Fusion and Mesh Creation

Geometry samples from depth maps have been created in tlve dbscribed
preprocessing phase. The interactive rendering startglegtsign cameras as
explained in section 5.1.3. To generate a novel view, viees fdifferent cam-
eras have to be fused into one locally consistent image.fitoegitly warp images
from different real views into the novel viewpoint a 3D wargisurface approxi-
mating the geometry of the scene is generated. This sudamenistructed in the
image plane (2D) of the virtual camera and, after depth fysransferred into 3D
space.

Starting from a regular 2D-grid that is placed in the imageplof the virtual
camera this warping surface will be updated for each cameteom The spacing
of this gridS= (s, sy) with sy, s, in pixels can be scaled to the complexity of the
scene. With eaclyrid point, a 4-tupleg = {Mg,mg,ig, by} is associatedmg is
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the 2D position in the image planklq is the 3D point to be constructeig,is the
number of the camera responsible kég andbg is a flag marking this grid point
valid or invalid. Theby components of all grid points are set to the default value
of by = invalid.

To fuse 3D information from the best cameras, for each camerghe fol-
lowing algorithm is used.

e Each valid geometry sampMij for camerai is projected into the virtual
camera witm! = PR,M/ and the distancé’ = |[M! —C,|| is calculated.

o If mij is not in the visible area, the following steps are skippedl the next

geometry sampldée/lijJrl is taken. If itis in the visible area, the nearest grid
pointgy is selected. Due to the regularity of the grid, this is eaddgie with

gn = nd(g).

e If the current samplen/ has a smaller distana¥ to C, than the selected
grid points 3D point i4, — C), the grid points data are updated from this
geometry sample, otherwise the update is skipped. When ggid is
updated from a geometry samphMg, is set toM i’, Mg, is adjusted tcmiJ,
the cameras indeixs stored inig, and the new distance valdg is assigned
to dg,.

The algorithm proceeds with the next geometry sanmrél. Updating grid
points only with geometry samples which are nearer to theaiicamerad <
dg,) ensures that occlusions are handled correctly. The gegpsamples of the
highest-ranked cameras are projected first. This ensusethnlargest part of the
new view is interpolated from the best cameras. Only in regibat are occluded
for the best camera, a lower-ranked camera geometry sampged. Figure 5.3
depicts this situation.

After projecting all geometry samples and adjusting grieh{s most grid
points are valid and contain 3D information suitable to esent the part of the
scene visible in the virtual camera. But because some gridgoould still be in-
valid and the 2D positions img, are fitted to projected samples, the connectivity
of the grid points cannot be derived from the grid itself. Mfihe use of the 2D
position of all valid grid points, a 2D Delaunay triangudHE of all grid points in
the image plane of the virtual camera is performed. Transfgthis 2D mesh to
the 3D pointsM g, gives a scalable approximation of the 3D scene with triasgle
The approximation can be scaled with respect to the samgemgity of geom-
etry samples from the depth map (see 5.2.1) and the densttyearid points

1The wordtriangulationis ambiguous. In this context it means creating a trianglstme
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Figure 5.3: Geometry fusion from two cameras, withranked higher tha,.

Based on the ranking;; will supply most of the information. Only in parts that
are occluded fo€1, data fromC, are filled in.

for triangulation. This surface mesh is recreated afteh &atnera movement as
viewpoint-adaptive geometry.

5.2.3 Texture Warping

The texture warping step effectively maps the real camertasthe virtual view

with the help of the viewpoint-adaptive surface mesh. Tughsly different meth-
ods for texturing are considered.

e The simplest one is to choose the best-ranked camera asstexturce. If
this real camera is not too far away from the virtual camexht@oth have
a similar field of view, the results are good. This is the fsistexturing
method since switching between different textures in omelee cycle is
not necessary and each triangle has to be drawn only onckleRr® arise

when parts of the mesh are not seen from the selected cantezae parts
remain untextured.

e Because the triangle vertices are geometry samples wheitheating
real camera is known, all triangles can be textured accgitdithe cameras
where the geometry originated from. . However, since eadlexés gener-
ated independently, a triangle may have vertices from uprietcameras.
Here one may decide to either select the best-ranked caméoabtend
all associated camera textures on the triangle. Propedibigrof all tex-
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tures will result in smoother transition between views aad be executed
concurrently with modern graphics hardware using diffetexture units.

5.2.4 Limitations

Having incomplete depth information, this method can helménerate com-
pletely filled images. But the process of sampling the deptp,nmasing sev-
eral sets of geometry samples in screen space by using amiigbeete sampling
is crucial. Care has to be taken to avoid aliasing artefactsee shmpling rates
have to be sufficiently high which increases the number ofrgeny samples.
All processing is done on the CPU, which results in non-irgigva frame rates
for high-quality image interpolation. One other problenthat the information
which vertex of the resulting mesh belongs to which real wi®&s not suffice to
blend the texture on the triangles appropriately. For eknding, weights for
each triangle point have to be computed.

5.3 PrototypeP2 Multiple Local Models

Multiple Local Models means that for each real view a localfBbdel is created
offline and new views are generated by rendering and bleradmgnber of those
models. This is a different approach than View-Dependemin@sry, where one
single geometry approximation is created for each new view.

To avoid problems caused by sub-sampling the depth mapsemsadnpling
all depth information in screen space, all available deptbrmation should be
used. This amount of data can best be handled on the GPU. Gegsrgeometry
with a GPU, vertices and primitives have to be generatedrefbee before view
interpolation starts, each depth map has to be transfertedilocally consistent
3D model integrating as much depth information from the depap as needed.
When local models are created, new views can be generatedologioy some
real views, renderig the corresponding local models andyaqapthe images as
textures.

Different approaches for the representation and creafi@®anodels are de-
scribed first. The process of mixing and blending multiplededs is described in
detail afterwards.

5.3.1 SubtypeP2, Mesh Generation

The most obvious strategy to generate polygon models basddmih maps is to
generate a 2D mesh covering the depth map and then baclciimgjeach vertex
from 2D to 3D using the depth information.
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On the assumption of completely filled depth maps, a reguldrig given by
the pixel raster of the image. So every pixel can be conneotéd direct neigh-
bours resulting in a mesh of quadrilaterals. By adding ongatial connection per
quad as shown in figure 5.4(a), a triangle mesh is createch Hadmage point
can be back-projected with equation (2.20) into 3D spackliyig a polygonal
mesh suitable for rendering.

If the depth estimation process has failed for some imagemsgthe resulting
depth map is not completely filled. This prohibits the creatdf a regular grid
as described above. It has to be decided how to handle regitimsut geometry
information. One possibility is to accept holes in the meghring rendering
these holes can be filled from other views.

Another possibility is to interpolate the missing geometBven if this in-
terpolation does not approximate the real geometry it exzathle use of texture
information in these regions from the original image.

e T

|

ZE e =)

BAENFE AR AR AN

(@) (b)

Figure 5.4: A regular mesh (the diagonal connections arserihcandomly) and a
partially irregular grid.

The creation of an irregular triangle mesh on a surface caiohe usinge-
launaytriangulation [Shewchuk, 1996]. For a given set of pointsagsiane, this
method ensures that triangles never intersect with eadr atid that the plane
is completely covered. The algorithm maximises the smiadlagle of all trian-
gles. So by using all image points with estimated depth, D&y triangulation
creates a mesh which interpolates holes in a linear manmeexample is shown
in figure 5.4(b).

Problems occur at depth discontinuities (edges), bechedeangulation pro-
cess is not aware of the 3D geometry. Triangles will be cteatFoss object
boundaries (see figure 5.5). This does not reflect the reahgay of the scene
and will result in distorted images during rendering. Obggy the model from
the position of the real view (projecting into the assodateal camera) does not
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show any distortions because the vertices of such triamglegroject onto ad-
jacent screen pixels and the applied texture fits exactly. vign viewing this
model from slightly different positions, triangles contieg objects are revealed.

These stretched triangles have a large area in 3D space eogbanate texture
information of only a few pixels.
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Figure 5.5: Edges crossing depth discontinuities conr@eigfound and back-

ground. The stretched polygons have to be discarded to alstioktions in new
views.

To avoid this particular problem, stretched triangles amaved in a process-
ing step after mesh creation. The decision if a triangle eotsrforeground and
background objects is based on its normal. If the normal ettiangle is nearly
orthogonal to the ray from the centre of the real view to th&reeof the triangle,
this triangle is discarded. Discarding triangles at edgdsices distortion but also
produces uncovered regions which have to be filled later.

This problem has also been addressed lately by Zitnick §2@04]. They
divide the depth map into layers which are treated diffdyetitiring rendering.
One layer only contains continuous regions, while a secapdrlonly contains
the regions around edges.

Using all available image points gives a very fine granulasimaodelling all
geometrically reconstructed details. This can imply soieadVantages:

¢ Noise from the depth estimation is not filtered.

e Even in smooth regions many triangles are used increasagrtiount of
vertices unnecessarily.
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¢ If the virtual camera observes the scene from a great distangltiple ver-
tices project onto the same screen-space coordinates. c&hisesult in
aliasing artefacts.

Proper sub-sampling and multiple levels of detail of thetdepaps can avoid
these problems. Sub-sampling is a process which reducesathple rate and
requires filtering the signal beforehand to ensure that amepting theorem has
been obeyed. Otherwise artefacts due to aliasing will ocEiltering has to be
done adaptively, otherwise object boundaries are smoothed

The major problem of the described modelling approach istheadepth map
does not contain any topological information, but the repn¢ation as a closed
mesh assumes a topology where all pixels are connected. Regnimiangles
connecting objects and background is the only modificatidhis topology. This
observation leads to modelling approaches which do notassutopology.

5.3.2 SubtypeP2, Point-based Modelling

The usage of triangles as graphics primitives has been aitedly necessity. In
the early days of computer graphics, projecting vertices veay expensive and
polygons allowed to generate fragments or pixels for planaiace elements us-
ing only a few vertex operations. Today’s graphics hardwarecompute millions
of vertex operations per second which allows to use diffgpeimitives.

Points as graphics primitives have been proposed in mafgreiift publica-
tions [Pfister et al., 2000, Kobbelt and Botsch, 2004] and titeas claim that
points are the more natural graphics primitives than patgg®ne aspect which
differentiates points from polygons is that no explicitédggy is required.

The missing connections between neighbours also meartsailestcan appear
in point-based models if not rendered properly. Point-Basedelling can be
interpreted as sampling a continuous 3D-surface and thaereng can be seen
as a projection followed by a re-sampling to fit the sample ddtthe pixel raster
in screen space. For this kind of sample rate conversionutiace (the original
signal) has to be reconstructed from the samples.

When polygons are rendered, generally the vertices do ngqtrio adjacent
pixels in screen-space. To determine the colour of the pixdbetween projected
vertices, the rasteriser processes each polygon and ¢geséni@gments between
vertices. Projecting points without connectivity into thereen space requires
defining a region around each point. If these regions ovexéagh other in screen
space, no holes will remain visible.

The simplest re-sampling strategy is to use the point pengupported by
OpenGL. It allows to define coverage size on the screen aftgegiion and all
points are drawn as squares of the given coverage. This agpreorks well if
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the point size required to avoid holes is small (1-2 pixebr Elose-up views the
point size has to be increased to avoid holes but then theesjbacome clearly
visible as block artefacts. More sophisticated approach#edsplattingcan be
found in Zwicker et al. [2001] and Ren et al. [2002].

Using standard OpenGL points brings about another typeadifipm. Because
projected points are always mapped onto the nearest neiglpbcel position in
screen space, a displacement of up to 0.5 pixebsandy direction can occur.
While not visible if consistent over the complete image, aywvay displacement
can be recognised as cracks. This problem can be addressesthyoint anti-
aliasingwhich allows to place points in between pixel positions.

The preparation of the point representation is simple. ti&tafrom a depth
map, points as samples of the geometry are computed by vajgepng allimage
points for which depth information is available. Textureomtinates and point
sizes are computed during rendering. The implemented {baisgd rendering
methods use the OpenGL point primitive.

In a slightly different approach, each point in 3D spacepgesented by hill-
board or microfacetas presented in Yamazaki et al. [2002] (see also section 3.5)
A billboard is a quad which is always parallel to the virtuahtera but it is de-
fined by four vertices instead of only one vertex for stangaoiht primitives. A
billboard can be textured and the rasteriser producesspasatequired. The draw-
back is that the number of vertices to be processed is fowgstinigher than for
simple points. If one generates one billboard per depth niegl,peach single
depth value is represented by four vertices with three corapts: 12 floating
point values. Due to the amount of data to be fused, this agprcs not well
suited for realtime rendering. In the approach described, ke point primitive
as defined by OpenGL is used.

5.3.3 SubtypeP2. Adaptive Modelling with Quads

Points without connectivity are well-suited for edges aegions with large vari-
ations in depth, but for planar regions this representatory inefficient com-
pared with textured polygons. A hybrid representation coimly properties from
polygons and points is best suited for automatic model geioer from depth
maps.

In the following, an approach is presented which models helBfaces depth
map adaptively. Smooth regions are modelled by large plauadrilaterals while
fine granular structures (small quadrilaterals) are usedudaces with high cur-
vature and around depth discontinuities. The resultingctire is a quad-tree
[Finkel and Bentley, 1974] where elements are not necegseawiinected with
each other.

Starting with a given sizey, the depth map is divided into tiles of the size
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S x . For each tile, a quad in 3D space is created and evaluatets fguality
to approximate this part of the scene. A quad is created bl-pagjecting the
corners of the tile using equation (2120).

For quality evaluation, four different criteria are chedlkand if one criterion
fails, the tile has to beefined Refinement is done by subdividing a tile into
four new tiles withs ;1 = % recursively. The four criteria (normals, aspect ratio,
orientation and regression plane) are explained in detaiie following.

Figure 5.6: A quad does not necessarily have to be planae. géintsMq_4 are
calculated for each quad resulting in 4 triangles. Evatumais done using angles
between normals, ratio of diagonals and angle between the ofef the normals
and line-of-sight.

e Normals: For all four corners and the centre of the tile, correspomdin
3D points are calculated by back-projection with equati®2@). These
5 points form four triangles, as shown in figure|5.6. For eaicmgle the
plane normal is calculated and difference angles are cadigtween each
pair of normals. If none of these difference angles exceeagigem thresh-
old, the four corners are assumed to be in one plane. Otreethasquad is
rejected and the tile has to be refined.

e Aspect Ratio: The ratio of the diagonals of the quad can be used as quality
indication, too. If the ratio exceeds a given threshold iftgity 2.0), this
means that one of the four corners does not share a depthwéheany
other corner. The rendered quad would be distorted, theréfcs rejected
and has to be refined.

e Orientation: If a quad has passed both previous tests, a mean-normal is
calculated from the four normals and compared to the linsigliit from the
real camera to the centre of the quad. If the angle exceedsshttid (80),
the quad is assumed to connect foreground and backgrounch wuld
result in artefacts. Therefore the quad is rejected anddias tefined.

e Regression planeThe use of only 5 samples to span and verify a quad can
lead to aliasing if the underlying 3D structure has high tregies. If, for
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example a small object is not matched by the samples whi@ralbcated
on the planar background, the resulting quad approximhe&ackground.
During rendering this will result in artefacts because tblar of the ob-

jects is applied to the background. To avoid this, the lastkltomputes a
regression plane over a smoothed dense sampling of all 3fdgaaside the

guad and evaluates the mean distance of all these sampiles.nfean dis-
tance exceeds a given threshold, the quad is rejected arid bhasefined.

The recursive refinement terminates when the size of atileaches 2. For
a quad from such a small tile, only the aspect ratio and thEasemormal is
checked. If any of these tests fails, the quad is rejectedrigaa hole in the
model.

Figure/ 5.7 shows an image of a synthetic scene consistingotrar floor,
a nearly planar background (castle) and an occluding olgggch). The wire-
frame model demonstrates the tessellation. If possibitgelguads are used to

approximate the geometry. Only the regions with discoritfiesiin depth around
the arch are sampled very densely.
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Figure 5.7: This synthetic scene demonstrates the adagtiveement. Planar
regions are sampled with large quads, while regions with bigvature or depth
discontinuities are approximated with smaller quads. @l/6B82 quads are gen-
erated. Black regions indicate rejected quads.

5.3.4 Geometry Fusion and Rendering

Rendering a new view from multiple local models starts with¢hmera selection
as described in section 5.1.1. The selected real views aodiated local models

are used for view generation. The selected models shouldrbbioed in such a
way that

e holes in one model are filled from others,
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e regions with similar geometry are blended,
e foreground objects correctly occlude background objects.

To fuse different local models using programmable graphasiware an ap-
proach described by Verlani et al. [2006] is used. It prosidepth comparison
within an e-environment and computes per pixel blending weights basethe
angle-of-observation from the real views. The algorithmrksan two passes and
in each pass, the local models of all selected real views ajeqted. The first
pass is used to build a reference depth map for the virtual wikile during the
second pass, this reference depth map is used to determustbiity for each
fragment from all projected local models. This two-passcpss is explained in
the following.

e In the first pass, all selected local models are renderedetmovel view
the distance of the geometry to the virtual camera is inectay a smalt.
This can be done easily in a vertex shader by shifting eadexatong the
line-of-sight. For this purpose, the extrinsic camera pet@rs are used to
transformM into the camera coordinate system. In this system, thehengt
of the vector pointing taV is scaled with L€ and finally the OpenGL
projection matrix is applied:

M’ = KgL-projectio 1+ €)(R", ~RTC)M (5.8)

No colour information is generated in this pass, only deptbrmation is
accumulated in the Z-buffer. The Z-Test accepts only fragmé their
projective depthz,ew is smaller than those of the fragments of previously
rendered modelzg;ew < Zoig and updates to the Z-Buffer are activated. This
scheme allows to fuse surfaces with similar depth but to leamctlusions
correctly if the difference in depth exceeds

e In the second pass, again all selected local models arerezhtet with
their original distance to the virtual camera. Updates ef zkbuffer are
prohibited and the z-test accepts only fragments with aldeptaller or
equal to the depth in the z-buffer. Due to the shifted z-luftntent from
the first pass, all fragments within a rangeaifre accepted. For all accepted
fragments, the colour is blended from the colour accumdlsgefar and the
colour contribution of the new fragment. The realisatiohén® blending
approaches are described in sections 5.3.5 and 5.3.6.

Rendering multiple models is a serial process. To allow tkadihg of an ar-
bitrary number of local models with non-standard blendandpuble-buffer ping-
pong algorithm using a pair of frame buffer objects is usedtafe buffer object
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describes an amount of memory on the graphics card whicheasdxd as a ren-
der target or as texture source, alternatively. With twdhsalgjectsBy andB, a
ping-pong algorithm can be implemented. For the first step0, frame buffer
objectBy is used as render target and the first local model is renddthdtgvown
projective texture. For each following stefB; moq 2 is Used as render target and
B(i+1 mod 2 Provides the result of the previous step. Ferl the next local model
is rendered intd3; using its own projective texture but also using the contént o
Bo as non-projective textufeand accumulating the colour information from step
zero to step one.

Finally, the content of the target buffer of the last stepn, which isBn mod 2
is copied to the visual buffer by setting up orthographiggeton, using one tex-
ture unit to access the image from the buffer and renderimgple quadrilateral.

5.3.5 Per-Pixel Blending

In section 2.5.1 a per-pixel blending approach has beenskst where the colour
contributions are weighted according to the angle betwkerwiewing ray of the
real and the virtual view. In this section the technical atpef a GPU-based
implementation are described.

Due to the serialised rendering of local models the blentiag to be seri-
alised, too. This blending is done for each fragment indiderendering of the
second pass. Accumulating the colour from a previous stéptive current step
is done by a fragment program executed by the GPU for eacimgagto pro-
cess. This fragment program has to compute the colour ofuhern fragment
and for this purpose it has to access the texture for the mumedel with projec-
tive image coordinates and the accumulation buffer fromptte¥ious step with
the current pixel position. Two different texture units ahdir associated texture
coordinate engines are used to pass colour data to the fragmogram. The first
texture unit contains the original view of the current moaladi the corresponding
texture matrix is loaded with the appropriate matrix to gateeprojective texture
coordinates from the fragment position. The second textoitecontains the accu-
mulation buffer from the previous step and the texture madrset up to generate
screen space coordinates corresponding to those of thentiragment.

To calculate the blending weight based on the angle-ofreaten for the
current fragment the 3D poi of the scene point associated with this fragment
has to be known inside the shader program. Mis generated by the rasteriser
of the GPU and cannot be accessed by the main program. Td/pexes the frag-
ment shader, an additional texture unit is prepared foreptvje texture mapping

2The content of a frame buffer object is accessed as a tesxtutieis case, the pixel coordinates
of the current fragment have to be used to address the pixdig iframe buffer object.
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using automatic texture coordinate generation (see sebtih4). By setting the

associated projection matrix to identity, the fragmenigpao can access the 3D
point via this texture coordinate. The also required 3D tsoaf the centres of the

current real camera and the virtual camera are constaritdanirrent local model

and can be passed to the shader as constant parameters.

5.3.6 Per-Camera Blending

Experiments have shown, that per-pixel blending does naya gives smoothly
blended transitions between real views. The parameteeairiderlying blending

equation has to be adapted to the special needs of the setup pér-camera
blending as described in section 2/5.2 using barycentright® for interpolation

and linear weights for extrapolation is the more robusttsmiu No parameter
has to be adapted to the given setup. The adaptive camecdi@elscheme as
referred to in section 5.1.3 ensures that all requirememtbdrycentric blending
are met. The setup of texture units is the same as above,fenfyagment shader
responsible for blending is changed. Instead of dynanyicainputing weights,

the shader program receives the weights as constant pamsmet

5.3.7 Limitations

Constructing local models from all depth maps and fusing tdenng rendering
is a highly efficient approach. Applying texture and blerdaolour values either
with a per-pixel weighting or with a per-camera weightingh ggenerate high-
guality images and interpolate smooth transitions betwaajacent real views.
If depth information of sufficient quality is available, thmderlying geometry
is dense and precise. But right here is the crucial point ofstfstem! If the
depth information is incomplete, inconsistent betweefetdht views or noisy,
this directly degrades the image quality.

5.4 PrototypeP3; Plane-SweepRendering

The Plane-Sweep algorithm is designed to find pixel-wiseespondences be-
tween real images by scanning the volume observed by theaga¢ras. This
scanning is done by sweeping a plane through the space, givehthe name of
the algorithm.

Correspondences for every pixel of a set of real views can peiged in dif-
ferent direction: depth estimation for geometrical re¢argdion or colour inter-
polation for visual reconstruction. The remaining partho$ tsection is structured
as follows:
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e first, the basic principles of the Plane-Sweep algorithnttorespondence
search are introduced,

¢ the usage of the Plane-Sweep for depth estimation and
¢ the usage for view generation without geometry are destribe

In the following section 5.5, it is shown how geometry infation can be used to
enhance the Plane-Sweep view interpolation.

5.4.1 Correspondence Search with Plane-Sweep

Many different algorithms have been proposed to solve tieespondence prob-
lem. Nearly all of them use matching functiorto compare points or regions in
images based on their intensity values. The underlyingagsan here is that any
point M projects into every imagk with the same intensity and colour (lamber-
tian surface). The Plane-Sweep algorithm establisheggmondences between
two images by evaluating the matching function for eachlgixex given inter-
val and finally choosing the minimum and its associated 3Dpdefining the
correspondence.

Viewing volume
of Cy

Planes coplanar to

image plane §

Image plane

Figure 5.8: Correspondence search along epipolar line aidplane-sweep.

Evaluation and sampling of the matching function of all fsx&s done by
placing a plan€l; in 3D space and projecting all image points of both views onto
this plane and computing the difference between the irtiefieim the left and
the right view. This is equivalent to back projecting a &fp image point from
one view to the 3D poinw; on the plandT;:

RK1m,

M,=CH+A\—m—
2= F A RK I |

with M, € I, (5.9)
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ProjectingM into the second view with equation (2/13) yields a potential
correspondence im,. For all potential correspondences thatching costs;dare
computed and stored together wkhthe projective distance &l ; from the cam-
era. Different functions for the matching costs are presgim the next section.

The algorithm proceeds by placing a new pldhe, with a given distance
coplanar to thdl; and again computes the matching costs. By iterating over
planes, for each pixel the matching codtand the associatedform a sample of
the matching functiom(A). The minimum mirid(A)) can be assumed to be the
best correspondence for the given views and the evaluaaee gl

The quality of the matching strongly depends on the numbemasitions of
the planes. When dealing with discretised images, the plaaes to be placed
in such a way that the minimal and maximal pixel disparity igtched. Using
exactly 2 real cameras for a Plane-Sweep, the spaces bgtveees should match
the disparity steps implied by the pixel raster. For moreth@iews, the spacing
should match the smallest possible disparity steps betargtwo views. Figure
5.8 shows a schema of the correspondence search for two. vigwsalgorithm
has been proposed for view interpolation by Yang et al. [2002

d@)
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Figure 5.9: The matching function for one particular bluegpover all planes.

The matching functiord(A) for one blue pixel in camer@; over the depth
A is shown in figure 5.9. For plandg, the corresponding pixel in came@
is red, leading to a large dissimilarity, which is visible @$ocal maximum in
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the function plot. The correspondence on pléihg a blue pixel, gives a low
dissimilarity (good match) resulting in a local minimum.aRé&ly, is another
local maximum, while the correspondence on pléhegives another minimum
which is ambiguous to the match on pldne.

5.4.2 Different Matching Functions

Like most algorithms for correspondence computation, taegzsweep algorithm
compares intensity values of images. This comparison calobe with different
methods. The simplest comparison is the absolute differertiween two values,
one from each image.

dp = I (my) — Iy (my)] (5.10)

It can be shown that this matching function is not robust r@gjanoise in the
images, variations in exposure and especially non-lanamesurface properties.
More advanced matching functions take into account a regadiadsupport win-
dowof size[2w+ 1, 2h+ 1] aroundm; andm;:

h w
dsao=3Y 3 Ie(my+(i.))") —h(mi+(i, )" (5.11)

j=—hi=—w

The sum of squared differences (SSD) penalises largereiiftes using a support

window:
h w

dssp= 3 Y ((mi+(i,)7)—h(m+(0.)")* (612
j=—hi=—w
More complex matching functions such dermalized Cross Correlation (NCC)
can improve the robustness but these are expensive to beutenngnd can cur-
rently not be used for the purpose of real-time matching.

The use ofd, as matching function often results in mismatches due to am-
biguous local minima. An example is shown in figure 5.10k4).andM 3 have a
similar appearance in both images which leads to a matchasrepl, which oc-
cludes the match ifl; from the pointM». For depth estimation every mismatch
results in a depth estimation error. For view interpolatiiematches can remain
invisible if the interpolated colour is similar to the costeolour.

Mismatches and local minima can be reduced by using matdhimgtions
with larger correlation windows. But correlation windowsng about problems
of their own. Perspective distortion between two camerasdtsturb the match-
ing. Figure 5.10(b) shows an example in which the appearaheeregion be-
tweenM; andM2 changes betwed®y andC, due to different perspectives. Sim-
ilar effects occur at depth discontinuities.
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Figure 5.10: Several problems leading to mismatches: {al$¥; andM3 give
a good match oil, which hides the match ifl; from My. |(b) The perspective
distortion of the regiorM 1M leads to different footprints i€; andC, when
sweeping coplanar 16;. (c) PointM 2 occludesM; in C;.

Another problem results from occlusions. Points seen bynaecaM 1 and
occluded in camerdl, cannot be matched properly (figure 5.10(c)). This can
only be resolved by using additional views for matching (mvikew matching,
section 5.4.7).

5.4.3 Hierarchical Matching

Computing matches using a Gaussian resolution pyramid ofib@ges is an al-
ternative method to use information from the surroundirgiae. Starting from
the original image a new pyramid level is constructed by fmss filtering and
sub-sampling the image. Each evaluation of the matchingne dor every pyra-
mid level and the results are summed up. This takes a regoamdithe potential
correspondence into account without the need for complereledion computa-
tions. The combination of a small correlation window witletgrchical matching
proved to be robust against perspective distortions angktelavoid local min-
ima.

As proposed by Yang and Pollefeys [2003] a hierarchical magccan be
done on current graphics hardware by using Mipmap textisessolution pyra-
mid. One problem of Mipmap textures is that those are only @ra&imation
of low-pass filtered images. Mipmap levels are generatedvbyaging four ad-
jacent pixels which is equivalent to applying a box filter. Bese the box filter
is not applied across the boundary between groups of foetgithis can lead to
problems.
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Figure 5.11: Hierarchichal matching with a gaussian rdsmiupyramid. The
matching function is evaluated for each level and the findthiag valued is the
sum over all levels.

5.4.4 Depth Estimation

Correspondence search is the key issue for depth estimatitha Plane-Sweep al-
gorithm, designed to find correspondences, can be used touterdepth maps.

In the context of Image Based Rendering the depth estimatmeeps for the
real images can be done as an off-line pre-processing stepeheew generation.
This allows to use more complex matching algorithms and timber of planes
is not limited by processing time constraints. The main feere is on the com-
pleteness and reliability, not the absolute precision efdépth of each pixel. The
algorithm is similar to that proposed by Yang and Pollef@@303] later extended
by Woetzel and Koch [2004]. To compute a depth map for thevieal I, with P,
the following steps are taken:

e The virtual camera is set to mat€h.
¢ kneighbouring real views are chosen as support views.
e For each support view 0 < s< k

— Imaged; andls are selected as textures.
— Projection matrice®; andPs are set to generate texture coordinates.
— For each oN planes

* the matches betwedpandls are computed by rendering the plane. Use
dssp with 3x3 window as matching function.

x For each pixel: compare matching with best match so far. dfdtr-
rent match is better than the best match, update the besh métcthe
current match. Remember the plane number of the best matqixeér
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— Store 2D arrays with plane numbers from best matches for tRis

e Per Pixel: Process dll;,0 < s< kand find the most probable depth by evalu-
ating the distribution of best matching planes in space.

(@) (b)

Figure 5.12: Example of a depth map computed with the Planeef algorithm
(a) and the corresponding original image (a) .

5.4.5 Using Graphics Hardware for Plane-Sweep

The Plane-Sweep algorithm is well suited to be implementé&d the use of
graphics hardware (GPU). The task of projecting images platoes can be done
by placing a quadrilateral in space and applying images fitoenreal views as
textures. With projective texture mapping, this resulthamography mapping
from the image plane of the real camera onto the plane defipelebquad. In-
stead of computing colour values for each screen pixel yfedaPUs can be pro-
grammed to compute an intensity or colour difference as Iniragc Multi-view
matching can make use of the number of texture units availaich allows to
project multiple textures in one render pass. Due to the tiegiree of parallelism
the GPU can evaluate several hundred planes per second d@hemuitiple real
Views.

The GPU implementation cannot serialise the matching oNgrlanes and
the evalution of the matching function because it is not ipess$o save all match
images efficiently. To circumvent this problemyaner-takes-alktrategy is cho-
sen. For each pixel, only the best match so far and the negudblour is saved.
The best match is initialised with a high value. Then, whendlie new value
of the matching function for a particular pixel is smalleaththe best match so
far, the new match and the colour update the buffer. When thpatation of the
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matching for the last plane is completed, the buffer cost#ire best match for
each pixel and the final colour values.

5.4.6 View Interpolation

Novel view generation with a Plane-Sweep algorithm beldogke group of al-
gorithms which do not use geometry information. By projegtimages from
several views onto a plane scanning the viewing volume, lgpariehm tries to
find photo consistency for each pixel to reconstruct. Thiglies that the recon-
struction does not necessarily have to be correct in terngeofetry. For view
interpolation it suffices to generate a new view which is pheminsistent with the
scene, the correct depth is not the primary goal. Computist) essible depth
maps is a problem of its own and typically takes much comprat time.

Starting with two real view€&; andC; defined by their projection matricé®
andP; and associated imaggsandl,, the goal is to generate a new view oy,
the virtual camera. Figure 5.13 depicts this situation.

4 I
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Figure 5.13: The image poimh, has to be interpolated from the observatioms
andm; of the pointM on the surface of the object.

For a pair of images and pixel-wise correspondences, thaicelalue for
each pixel inC, can be computed. In addition to the depth estimation proagss
described above, colour values have to be kept. Wheneveuthent matching
function reaches a minimum during the sweep, the colourisrgarticular pixel
is updated with the blended values from the real images.

5.4.7 Multi-View Plane-Sweep

The standard Plane-Sweep approach can easily be extenciadpare more than
two images simultaneously. When multiple views are usedjraypge matching

is computed and interpreted as a vote for the particulareplanaving several
votes for each plane, the final score for the matching funat@n be computed
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using statistical approaches. One method can be found ircetal. [2006]. It
works as follows:

1. From all (remaining) votes, the mean and the variancelesiieded.
2. Allvotes with distances to the mean greater than a givesstiold are removed.

3. Step 1 and 2 are repeated until only two matches are lefo onare matches
are above the threshold.

4. The matching result for this plane is then the mean of thielmhag costs of the
remaining votes.

After the best matching plane for each pixel of the virtuahesa has been
found, the final colour values are computed by blending theurwalues from the
corresponding pixels in the real views as defind by the ma&ei-pixel blending
as well as per-camera blending can be used.

5.5 PrototypeP3, Depth Guided Plane-Sweep

The described standard plane-sweep algorithm can be useigtpolate images
by accepting the best correspondence per pixel and congiiméncolour informa-
tion from both images at the corresponding points. No gepmegtequired, but
to ensure an appropriate reconstruction, a large numbdanég has to be used
to match all possible depths. Processing many more planasatbsolutely neces-
sary increases the probabilty of mismatches and visibédaats dramatically. To
compensate for this, complex matching functions have toseel which degrade
the performance even more.

In this thesis it is proposed to integrate geometry inforamaif available and
show that this improves both: quality and performance ofith@ge generation.
The basic idea is to use depth maps to guide the view intdrpolan order to
reduce visible artefacts but not rely on high accuracy.

5.5.1 Overview

The following novel view interpolation approach uses deptbrmation to guide
a plane-sweep view generation to achieve two major goals:

1. increase the quality and precision of the matching,

2. decrease the rendering time to reach interactive fratee.ra
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In a pre-processing phase, for each real view a depth mammguted with
the use of all available real views for matching. This is diésd in more detall
in section 5.4.4. The scene space is sampled with planeglgearsd complex
matching functions make sure that mismatches are avoideel qliality of these
depth maps is not comparable with those computed by othdh degtimation
schemes, but the following view interpolation takes thts imccount.

The depth maps serve as starting points and search randatiamifor real-
time correspondence search during rendering. Each depgihshaaaptively sub-
divided into a quad-tree based structure with regions osisbent depth similar
to the approach described in section 5.3.3. Instead of Sngeparge plane, the
guad-tree and the depth information are used to create(psial planes) and
sweep these only in small intervals.

By tiling the original plane and performing partial sweedse number of
matching evaluations is reduced dramatically and the sagplensity for each
sweep can be increased at low extra costs. At the same tirsmatthes due to
local minima are avoided.

5.5.2 Preprocessing

After depth estimation, all depth maps are processed irr dodgeate one quad-
tree of tiles for each depth map. The algorithm works on eaghthdmap as
follows:

1. Atthe beginning, the maximum depth differerzgges determined as the differ-
ence between the smallest and the largest depth value.

2. Then the depth map is divided into regions of similar ddptha quad-tree,
starting with a region size of 64x64 pixels.

3. In each region, the minimatd;,) and maximal £nax) depth is computed and
the difference is compared with the global difference intdeg:

Zmax— Zmin < OZs (5.13)
The factora is typically chosen to be/110.

4. If the above term evaluates as true, the tile is accepteédywise it is subdi-
vided into 4 tiles. For each tile, the algorithm proceed$siep 3.

5. The recursive refinement stops when the size of a tile is BEx®en this 2x2
tile has too much variation in depth it is rejected and depfibrmation for this
region is discarded.
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Figure 5.14: Example of the tiling based on the depth map inéi%.12.

In figure[5.14 the estimated depth map and the tiling is sho®ar each
tile the search range in depth for the following reconstarcis determined by
[Zmin — Z, Zmax+ Z] With z a small offset to compensate for depth estimation er-
rors (figure 5.15).
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Figure 5.15: Search range in a region with similar depth.

5.5.3 View Generation

New views are generated by a piece-wise plane-sweep digoguided by the
previous depth estimation. For this purpose, one refereieeand up taN — 1
(assuming\N texture units beeing availabe) adjacent other real vie@salected
as support views

The first step in view generation is the ranking of all realmseaccording to
their distance and angle to the new virtual view as desciibedction 5.1.1. Then
the best ranked real view is chosen to be the reference vidwamoN — 1 next
best views are chosen as support views. All selected viesvsedras textures for
projective texture mapping.

3In this implementation, the maximum number of views to uspeses on the number of
texture units. Other implementations are possible.
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C C
(@) (b)

Figure 5.16: (a) The standard Plane-Sweep has no know!dxaye the scene. (b)
With the use of depth guidance, adaptive tiles can be swergtfitee the regions
which contain 3D structure.

Based on the tiled depth map of the reference view, for eaehatifjuad is
constructed and placed in 3D space coplanar to the virtuaéca The distance
to the virtual camera is set up,in — z. Then these quads are successively moved
towardsZmax+ z in aN steps of{ znax— Zmin + 2z ) /(aN) size.

The matching function used here is a single-pokgip without Mipmap. Due
to the limited search range of the tile sweep, severe midmatare avoided. The
dssp can be computed efficiently on the GPU by using dio&) operation which
computes the dot product of two vectors.

For every plane and every pixel in the new view, the matchas i views
have to be merged and an intensity or colour value has to beuiee. Because
the matching is always computed with regard to one refergieve for N views
only N — 1 matches have to be considered. To achieve robustnessiagettu-
sions, a statistical approach as described in 5.4.7 is wsieléntify and remove
outlier matches. The colour contribution of the remaininiger matches is then
blended according to the distance of the associated cateettas virtual camera.
This ensures that the colour changes smoothly over time witetng the virtual
camera from one real view towards another one.

If the new virtual view is too different from the chosen refiece view, the view
generation can leaves regions unfilled. This is caused athéat the generated
tiles are moved towards the reference view and thus can exquatuded regions.

5.5.4 Advantages of Depth Guidance

The depth guided Plane-Sweep approach has advantagesredmyti the stan-
dard Plane-Sweep view interpolation. In the pre-procgspimase, the plane-
sweep is performed for the view of the real camera which issehas the ref-
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erence view for matching. This results in more stable magchbmpared with a
virtual view not located at a real view. In addition, no tin@nstraints apply and
all available real views can be incorporated to fill holes haddle occlusions. A
matching functiordssp with 3x3 correlation window and no Mipmap has turned
out to provide the best results.

In the on-line phase, interactive frame rates should benexhcThe matching
has to be done with a small correlation window (1x1) and thaber of planes
which can be evaluated is limited. The precomputed depthsradipw adaptive
limiting of the final sweep and therefore the search rangthout impact on the
precision and matching quality. The increased depth résolean provide better
results. For example, if a given scene is properly recoatacuby 200 planes in a
traditional sweep, it suffices to use 20 different levelstper

Local minima of the matching function can only influence thewvif they
occur within the search range. Limiting the search rangaaesl the probability
of local minima considerably leading to more robust matghamd less visible
errors.

5.6 Summary

Based on the theoretical foundation in chapter 2, the vakonawn approaches as
presented in chapter 3 and the requirements referred tajteh4, three different
prototypesPl, P2 andP3 have been developed in this chapter. These prototypes
can be summarised as follows:

PrototypeP1 (View-Dependent Geometry): A warping surface fitting scre
space is approximated for each new view and the real viewsramsferred
into the virtual camera via this geometry proxy.

PrototypeP2 (Multiple Local Models): In a preprocessing phase, fornegeal
view, a local geometry is modelled. During rendering, seléanodels are
blended to form the novel view. Three different subtyp@2,{P2,:;) imple-
menting different modelling strategies have been realised

PrototypeP3 (Plane-Sweep): Finding photo-consistency between tiealsvis
the basic principle of the Plane-Sweep algorithm. This heenlexploited to
generate novel viewsR3;). By adding geometry guidanc@3y) the quality
and the performance can be increased.

In the next chapter, all prototypes are evaluated accorttirfgur different
error metrics using different data sets as input.
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Chapter 6

Detailed Analysis and Discussion

In this chapter, the image reconstruction quality and théopmance of the pro-
posed algorithms from chapter 5 are analysed. At first, forar&ategories are
introduced and appropriate measurement methods are prds@inen these error
metrics are applied to the rendering methods from chaptéfféreht input data
sets are used, each of which has its own characteristicsreBuéts will be dis-
cussed for each metric separately. In addition to the rénai®on quality, the
required time for image generation is also relevant. Tioeecthe last part of this
chapter discusses the run-time performance of the rerglerathods with respect
to the GPU.

6.1 Image Reconstruction Errors

When generating novel views from real images, the recorsiumage is not
always perfect. Visible image errors can be categorisedl|ks\s:

I. Unreconstructed regions: Image regions which have nenhlidled from any
real view. Most often, the scene parts which have to appege thave been
occluded in all real views.

II. Colour deviation: Misreconstructed image regions tgtlic result in wrong
colour values. Small deviations can stay perceptionallsecognised if the
colour seems reasonable, but large deviations disturbengaglity signifi-
cantly.

[ll. Wrong depth: The generated depth map can be partiallgrinect even if the

colour image is correct. This remains invisible until vatobjects are inserted.
Wrong depth then leads to false occlusion.

93
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IV. Time coherence: Assembling several generated imagasrtotion picture se-
guence can expose time coherence errors. If each of theagjedemages
contains errors from category | or Il and the positions ofstherroneous re-
gions vary from frame to frame, this results in flicker art&$a which disturb
the assembled video sequence.

The proposed Image-Based Rendering methods have been anatgseding to
these expected errors. The methods and metrics are présetie following.

6.2 Generating Ground Truth Data

Ground truth data in means of reference images have to bawaedlyse the gen-
erated images. For all single image artefacts (cat. | - hié) difference between
the generated imageand a reference imadgs with an identical camera is used.
This is done by fitting the virtual camera exactly to one reahera of a sequence.

Scene

" e, G
Figure 6.1: TakingCy as reference and generating the image from surrounding
views.

Then the associated real view is taken as reference and ¢laegeaneration is
done without this particular real view by considering oriilg heighbouring views
(see figure 6.1). The reference view itself must not be usediéwv generation.
Otherwise the result would be a perfect image from trivigbrestruction. Then,
for each of the categories, the difference between gerteratgge and reference
image is measured by its own metric. No ground truth data baen used for
category IV. The time coherence has only been evaluatetiviediaby comparing
the results of the different algorithms.

6.3 Error Metrics

Error measurements like ti8um of Absolute Difference (SA@)Sum of Squared
Differences (SSDhave been used to describe the distance between two images
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[Evers-Senne and Koch, 2003]. However, this global metaesdnot allow to
analyse the specific errors. For this thesis, error metriag bbeen developed
to match the introduced error categorisation and to quatiié quality of the
generated images in more detalil.

Unreconstructed regions (category I) The number of remaining background
pixels can be used to compute a fill rate. This is done by lrsirey the new
image with a distinct background colour not found in the rezges and then
executing the view generation. Pixels not touched by thes \generation can
then be identified easily by their colour. For an image witlpixels overall and
Nempty Unreconstructed pixels the rate of non-filled pixels is:

N
e = %““y,o <en<1, (Lowervalues are better.) (6.1)

Wrong colour (category/ll) The most widely used metric to compare recon-
structed images with reference images isPeak-Signal-to-Noise Rat{®SNR)
given in decibel (dB). This is an objective metric comparing squared errors (to
emphasise larger differences) with the biggest possibte esing a logarithmic
function.

The PSNR can be computed by using the reconstructed regibn@RSNRjieq)
and over all pixels in the image whether they are reconstduct not. (PSNR)).
For this purpose, each pixel is compared with the correspgnuixel in the ref-
erence image. If the pixel has been filled during renderimg difference is com-
puted as mean absolute difference using the three colonnelsared, green and
blue:

1
Ofilled = é(HR_ Rref|| + |G — Gret|| +||B — Bretl|) (6.2)

This allows to evaluate the filled pixels. To take unfilledgsxinto account, a
penalty of 127 (for intensity values froff,255) has been taken for each unre-
constructed pixel:

(6.3)

5 127  pixel is unreconstructed
=
¢ Oriled  €lSE

For each image witN pixels, the mean squared error (MSE) is then computed by
using all pixels:

=z

MSEai = 5 &, (6.4)

Zl =
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The MSE;eq for all filled regions is computed in a similar way but usidgjeq
instead ofdy. With the MSE,, from eq. [(6.4), the PSNR for an image repre-
sentation withb bits per colour value is given by (for PSNRy respectively):

b_ 1\2
PSNRy = 10Ioglo(i/ls—l) [dB] (Higher values are better.) (6.5)
I

The range of the PSNR starts by 0 for maximum deviation of iaklp and it is
undefined for no deviation between images. If an 8bit-pamnckel RGB image of
size 640x 480 only differs in one channel in one single pixel by one rdseilting
PSNR is approximatly 118B.

The PSNR does not take the human perception into accounticsl@thich
incorporate human perception have been developed forusporposes. Nearly
all of them are based on the so-calligt-Noticeably-Difference (JNDJhe AE
metric [Hunt, 2004], for example, is optimised to compar®ucs and colour de-
viations. For this purpose it exploits the JND of large hoemgpusly coloured
regions and colours are defined in the CIE-Lab colour spaceth&itannot be
directly transferred to the evaluation of reconstructedges. Experiments have
shown that if the Delta-E metric is applied to each pixel ofraage, only a few
pixels are classified as correctly reconstructed but a husbaerver cannot see
any visible artefacts. For the evaluation of video codewslar specialised met-
rics have been developed. But these metrics are optimisendton pictures and
cannot be transferred either to image reconstruction profl The development
of an adapted JND metric is a complex task which also invobrapirical tests.
This has not been possible in the context of this thesis. [Bwal perceptional
guality evaluation in addition to the PSNR, reconstructeddes and difference
images are printed in appendix B.

Wrong depth (category/lll) Even if the image generation is the major goal,
depth information is required for mixed reality applicaisovhere several virtual
objects are to be combined. This compositing can only be dat@matically if
appropriate depth is available.

The depth reconstruction can only be evaluated by usingthsia scene be-
cause no ground truth information is available for real ssersubtraction of the
reference depth map,es from the reconstructed depth m&pshows the differ-
ences. Due to the non-linear perception of the projectiyigesmall differences
in the foreground impose more problems than the same diieein the back-
ground, the relative depth deviation is more appropria¢s tthe absolute differ-
ence. The mean relative difference of depth in the filledaegiis used as error
metric egepth Unfilled Regions are masked out to only the depth reconsbruct
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quality without influence of non-reconstructed regions.

HD Dref H :
= forall D(i) > 0. 6.6
€depth= N Z) Drer (i) (6.6)

The range foegepth Starts at 0 for no depth errors and increases with the number
and severity of the depth errors.

Time coherence (category IV) The error metric for category IV requires analysing
an image sequence. The comparison of two consecutive frafm@sequence
from a moving camera cannot be done by direct image sulbracihe image
content is displaced depending on the scenes depth and tlemeaot of the cam-
era. For comparison this has to be compensated for (digptimation). Most
video compression algorithms implement this (MPEG1, MPERARPEG4) as a
feature callednotion prediction A detailed description of the used MPEG video
encoding scheme is given in appendix A.1.

If the only difference between two consecutive images isedby moving
image regions, the motion prediction can predict the sedé@rde from the first
frame by motion vectors for each macro block (typically 16xixels) perfectly.
The achievednter-framecompression ratio is high. If differences between the
images cannot be predicted from a previous frame by mothenyideo codec has
to store the remaining difference to reconstruct the caiframe. This increases
the amount of data and the compression ratio is reduced., Tieisnter-frame
compression ratio (P-frames) can be used as metric for irv@ggistency over a
sequence. The function sigedetermines the amount of storage space used for
an image and MPEG-P() denotes the compression functionfiffddesrror metric
&ime IS the average P-frame compression ratio over a sequenbé\v#t:-frame
coded images:

1 X sizg(l;)
Qime = § Z)sme(MPEG R

The range for;me Starts at 1 if no compression has been applied and with iserea
ing compression the value efye increases, too.

(6.7)

6.4 EXperiments

6.4.1 Sequences

All implemented methods are analysed by using three dataveith different
properties. Overview images of the used data set can be fawappendix B.
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Castle (fully synthetic) The castle data set is synthesised by generating screen
shots and associated depths map from a textured VRML-mo@8lvizws in
four rows are available. The calibration for each image éxigely known, the
camera perfectly follows the pinhole camera model and thehdemaps are
completely filled without any noise or errors. This data saised as ground
truth to analyse the quality and performance of the algor#tifior perfect input
data. One real view and the depth map are shown in figure 6.2.

(b)

Figure 6.2: One original view from the Castle data set and tiveesponding
depth map.

Studio (real footage, depth: good quality) The studio scene has been recorded
with a broadcast-quality TV camera mounted on a dolly anded@moothly
along the scene in four different heights. The scene is werlctired and
the calibration (extrinsic parameters) of the camera wa® adth a structure-
from-motion system. Depth maps are computed with a dynansigrpmming
multi-view-stereo. Some holes occur in the depth maps bt megions are
estimated with good confidence. The camera calibrationsfdrigh quality in
a local environment, but because no global bundle adjudthesbeen used,
global inconsistencies remain. One real view and the depth is1shown in
figure 6.3. Theses images from a TV camera are wide-screars \(iE6:9)
stored in 720x576 PAL frames with a pixel aspect ratio of 1.38 the size
of the input images is 720x576 and the size of the output iI51&076x576
pixels.

The Studio sequence has been contributed by BBC ResearchywodsUK,
in the context of the MATRIS project in 2004.

City (real footage, depth: moderate quality)The city sequence has been recorded
with cameras mounted on the roof of a vehicle driving in araarénvironment.
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Figure 6.3: One original view from the Studio data set anddbeesponding
depth map.

Two cameras were looking sideways. One was levelled haltignthe sec-
ond one was tilted upwards. The radial distortion has beempensated and
the calibration (extrinsic parameters) was done with acsine-from-motion
system. Depth maps have been calculated with the use of aviavit Plane-
Sweep algorithm with a very limited sweep range. The comptebcessing
pipeline was designed to run in near-real-time. The charatics of this data
set is that the calibration is very good but the depth mapgjaaatised into
48 layers only. In addition they contain erroneous regiofise static scene
assumption is violated and in some parts of the data set moljects appear.
Three tracks with overall 1612 views were available. Folliguanalysis only
small parts have been used. The original images are 1024kd68ue to se-
vere Bayer pattern artefacts a down-sampled version of BWPK&s been used.
The supplied depth maps only have 256x192 pixel, they hage bp-sampled
to match the size of the images.

The City sequence has been contributed by University of Noattolina, Chapel
Hill, NC, USA.

6.4.2 Setups and Data Preparation

To ensure that a broad range of scenarios is evaluated,dbrseguence different
setups have been analysed. For the definition of the spatigbling density, the
avarage angle between two adjacent real views observing a point in theezent
of the scene (see figure 6.5) is used. These can be classifigitbas:

e dense sampling of the plenoptic function, view interpaolafi
(Castle:a = 2.2°, Studio:a = 2°, City: a = 1.1°)
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Figure 6.4: One original view from the City data set and theesponding depth
map.

e sparse sampling of the plenoptic function, view intergolat
(Castle:a = 11°, Studio:a = 4°),

e extra sparse sampling of the plenoptic function, view jnddation
(Studion = 8°),

e view extrapolation (the virtual camera is outside the ae@red by real views).

Not all combinations of data sets and setups have been adalyte quality
of the depth maps of the City data set for example is not sufiid@ any other
setup as dense plenoptic sampling and view interpolatigtrafolation has only
been analysed on the Castle data set and extra-sparse piesappling with
view interpolation has only been analysed on the Studioescen

Finally, all the mentioned aspects to be analysed can bagedin four or-
thogonal directions: Error Metrics, Rendering Methodsadsgts and setups. All

T\ Scene

| 2 3

Figure 6.5: The spatial sampling density is given in relato the average scene
distance. It can be expressed by anmle
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in all, 435 images have been generated and analysed.

In the following sections | present and discuss the resuitsged by the intro-
duced error metrics. For each method, data set and setuppl@uheasurements
are accumulated. The plots show all analysed combinatibdata sets, setups
and methods on the x-axis and the accumulated mean valué graxis. For
evaluation of the distribution, the standard deviatiorsotted as error bars.

6.5 Results for Cat. | (Unreconstructed Regions)
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Figure 6.6: Unfilled Pixel Ratiey for all data sets and setups

The first observation here is that prototyp& andP3, produce the smallest
number of unfilled pixels regardless of the quality of theungdata. This is an
inherent property of these algorithms. The View-Depen@sametry P1) fuses
depth information from several real views in screen spadecan close remaining
holes with interpolation. This reduces the number of unmetroicted pixels but
can increase other errors. Plane-Sweep view interpol@#8haccepts the most
probable colour for each pixel, even if the absolute prdigfor a particular
pixel is very low compared with other pixels.
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6.5.1 The Castle Data Set

When using ground truth data with perfect depth maps (Casitkpalense sam-
pling, all prototypes except thHe3, achieve a rate of non-filled pixels near 0. Even
with sparse sampling these results can be achieved. If wegehi@om inter- to
extrapolation, the amount of unreconstructed image raginareases. This is
expected because all geometry-based methods cannot trewbmegions which
have not been seen in any real view. In figure 6!7(a) the unetaccted regions
are visualised with yellow colourP1 andP3; both fill these regions with ran-
domly chosen colours.

6.5.2 The Studio Data Set

On the Studio scene with fairly dense depth maps the Multipleal Models-
based protoypeB2, . give nearly identical results. When we reduce the plenop-
tic sampling density from dense via sparse to extra-spatsthree produce an
increased amount of unfilled regions.

In comparisonP3, produces much more unfilled pixels when the plenoptic
sampling density is decreased. Starting with a ratio bel®4 (dense sampling)
this increases to 0.03 (sparse) and to 0.05 (extra sparsis)isicaused by the fact
that the geometry-based sweep is optimal for the next baktaenera and with
increasing distance between the virtual camera and thebaesktreal camera the
reconstruction quality decreadetn addition, to reconstruct the colour of a pixel,
at least two real views have to agree about the colour. Fassmampling, the
number of pixels only seen by one camera is significantly érighan for dense
sampling.

6.5.3 The City Data Set

The City data set with its unreliable depth maps reveals rdiffees between the
algorithms. All prototype$2, . can fuse depth information from several cam-
eras, regions seen by only one camera can be reconstructecenBaining holes
are not filled by interpolation. This becomes visible whenps@ceed to extrapo-
lation, very sparse sampling or noisy depth maps. Where@pthdnformation is
missing or discarded as unreliable, unfilled regions oc8ae(figure 6.7(b) for ex-
ample). On the City data set differences betweerPtherototypes can be shown.
P2y, using points as primitives, reaches a fill-rate near 100eabse every depth
information available is used, nothing is discarded. Theleliong based on tri-
angles P2,) and quadrilateralsi2;) does some depth analysis and rejects noisy

1The local geometry approximation is swept in viewing dil@ebf the associated real camera.
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Figure 6.7: Yellow colour indicates unfilled regions. Foe ttastle scene, these
result from extrapolation with Multiple Local Models metts Unfilled regions
using the City data-set result from holes in the depth maps.

regions. The adaptive quad generation performs slighttiebéhan the surface
reconstruction with the triangle mesh.

Both prototyped3; andP3, can handle improper depth information by de-
sign, if the plenoptic sampling density is sufficient. On gy data set they
produce significantly fewer unreconstructed pixels thaP®.

6.6 Results for Cat. Il (Wrong Colour)

The most dominant errors in view generation are wrong celdyixels. This

happens if, for example, incorrect depth or disparity infation is used. Colour
errors range from small and invisible deviations to sevésstng artefacts where
scene parts appear at wrong image positions. The evalu#ttbis class of errors
is done with the Peak-Signal-to-Noise-Ratio (PSNR) as empthin section 6.3.
Two different measurements are presented here. Figureh6w@ssthe resulting
PSNR for all data sets, setups and methods evaluating ooiyseructed pixels
unreconstructed regions are not taken into account.

For some combinations like extrapolation or problematpuirdepth maps, it
does not suffice to evaluate the colour deviation in recanstd regions because
unreconstructed regions disturb the visual quality. Feheareconstructed pixel
a penalty ofd = 127 is used to compute the PSNR as shown in figure 6.9. This
adapted metric favour algorithms which can fill unrecoretted pixels with rea-
sonable colour values over those algorithms leaving gaps.
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Figure 6.8: Peak-Signal-to-Noise Ratio PS\R for all data sets and setups tak-
ing only filled regions into account.

6.6.1 The Castle Data Set

Prototype P2 Having perfect depthP2. and P2, produce the best results of
approximately 34 dB for dense, sparse and extrapolatiomvealuating only
the filled pixels. The current implementation of point baseadelling P2, has
problems reproducing the texture. Adding penalty for uedilpixels, the PSNR
for the extrapolation setup decreases to approximatelyg21 d

Protoype P1 The View-Dependent Geometry can handle extrapolatiampset
better. It produces images with an average PSNR of 25 dB. Cuiégon ofP1 is
revealed when we interpolate from sparse sampled setupsteXture blending
produces ghosting artefacts around depth discontinuilies problem has been
explained in section 5.2.4. Figure 6.10 shows an exampe fhe Castle data set.
However, using reasonable dense-sampled data sets,ghisstiot a problem.

Prototype P3 The Plane-Sweep-based approaches show very divergetisres
on the castle data setup. The first thing to mention is B3gtcannot cope with
extrapolation setups, it only reaches 15 dB PSNR. Adding g#gnguidance
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Figure 6.9: PSNR, for all data sets and setups including unfilled regions.

(P3p) helps to reach 22 dB including unfilled pixel penalty whisheven better
than the results for prototype2. For interpolation scenarioB3, suffers from

unfilled regions. Counting only filled pixels it produces a dd@SNR of 32 dB
(dense) and 28 dB (sparse), but adding penalty for the whfdieels, only 24

dB (dense) and 21 dB (sparse) can be reached. The algoritbumpassed by all
others.

6.6.2 The Studio Data Set

On the studio data set with real depth maps with some ermrgults are differ-
ent. Using a dense setupl, P2, P2, and theP3, all give comparable results.
Without counting unfilled pixels the Multiple Local Modelsetiods P2, P25)

are slightly better (28-29 dB), but with all pixels the mentad algorithms pro-
duce results of about 27 dB. If we decrease the sampling getosggiparse and
extra-sparse setups, the PSNR Ry andP2; decreases to 24 dB and 22 dB re-
spectively.P3y, the geometry-guided Plane-Sweep, provides more probhths
sparse data, it can only achieve a PSNR of 20 dB (sparse) aifil (Extra-sparse).

The current implementation of prototy®2, (point-based modelling) brings
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about severe problems with the Studio scene. Using simp&Gp points with
a size of 1 pixel leaves gaps so that the point size has to beased to 2 pixel.
But this results in small block artefacts reducing the imagality. Even for
dense sampling a PSNR of only 22 dB is reached and this degtadd dB for
sparse sampling and 19.8 dB for the extra-sparse setup.témaiive rendering
approach using point-sprites does not solve the problermtrotduces even more
gaps in the images. Anti-aliased points as defined by Operdabhat be used
with the proposed blending algorithm because both teclesiguierfere with the
use of the alpha buffer.

PrototypeP3,, the standard Plane-Sweep, produces some mismatches in the
background leading to a PSNR of 20 dB (dense), 17 dB (spanse)@adB (extra-
sparse). The visual quality as demonstrated in figure B.4(kpt as bad as the
numbers suggest.

6.6.3 The City Data Set

The biggest challenge for all prototypes is the City data set.

Prototype P1 Due to the noisy depth maps, View-Dependent Geometry pro-
duces spikes in the fused geometry from small regions otgpixgh a too small
distance to the camera. When texture is applied, this resulisual artefacts and
distortions as shown in figure B.6(a).

(a) Ghosting artefacts (b) Close-up

Figure 6.10: View-Dependent Geometry based on a sparsdisgrapplies false
textures to the geometry. The regions around the foregrobjett receive inap-
propriate colour information leading to ghosting artefact



6.7. RESULTS FOR CAT. Ill (WRONG DEPTH) 107

Prototype P2 The Multiple Local Models methods can produce reasonatple i
age quality in regions where depth information is availablé the quality of the
depth maps of the city sequence violates the prerequiditesPSNR) of 24 dB

in contrast to the overall PSNR of only 16 dBZ;) and 14 dB P2;) shows this.
Point-based modelling?@,) does not verify or reject the depth information and
the resulting PSNR of 17.2 dB is very close to the PN& 18.5 dB.

Prototype P3 Both Plane-Sweep algorithms provide problems with theggen
tic sampling density of the scene leading to mismatches. ntimeerical result
for P3, (geometry guided) is 18 dB, roughly. This suggests a bettagargual-
ity than the result oP3, (no geometry) with only 15 dB. But when we compare
the images, the visual difference is small. What can be obdes/that at some
positions the reconstruction is far better than at others.

6.7 Results for Cat. lll/(Wrong Depth)

Because for the data sets Studio and City no ground truth gepmsetvailable,
these cannot be used for evaluation. Only a comparison bettie depth maps
used as input data and the resulting depth from the rendeoinigl be done. This
would only reveal that the algorithms do not corrupt the iinfation they receive.
Due to the fusion of different view, holes in the original tlemap can be filled,
potentially. This fill-rate has already been coveredglyyin section 6.5 and is not
incorporated int@gepth

Prototype P2 Having precise depth information as input data, all Midtipocal
Models approaches can assemble geometry from several asveproduce the
original depth map with high quality. As for the image geniera the resulting
guality mainly depends on the quality of the input data. Ipttheinformation
is disturbed or incomplete, this not only reduces the imagaity but also the
interpolated geometry in comparison with the real geometry

Prototype P1 The View-Dependent Geometry approach shows nearly the sam
behaviour as prototypE2 with one exception. In extrapolation mode the mean
relative depth erroegepth increases significantly. When we extrapolate a scene
with occlusion, parts of the scene become visible which heotebeen seen by
any real camera. The prototyp2 has to leave these regions unfilled increasing
theens without impact oregepth ButP1 closes all unseen regions by interpolation.
This reduces they but directly increaseegepth Comparing the figures 6.6 and
6.11 for the “Castle Extrapolation” reveals this coherence.
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Figure 6.11: The mean relative depth error for the CastleskitaA relative depth
error of 0 means no deviation at any pixel.

Prototyp P35, Both Plane-Sweep rendering methods aim at photo-consystenc
and therefore differ in their depth reproduction qualignrP1 andP2. The plane-
sweep approach without geometry guidane®,j obviously is not influenced by
the quality of the input depth data. For data sets with pedgienown or estimated
depth this can be seen as a major drawback. Searching for dke probable
depth for each pixel to achieve colour consistency betwdeactve real views
the algorithm is a depth estimator itself. Prototy® reveals its power when
dealing with data sets without any depth information or iptteeinformation is
unreliable as for the City data set. It cannot only general@ucamages but also
a rough depth estimation. Figure 6.12(b) shows an exampliaéocastle scene.
The quality is not comparable to more sophisticated degthhason algorithms
but it can suffice for compositing at least in a pre-visuaisacontext. This depth
estimation comes for free, no extra CPU costs have to be spenf ave use a
more complex fragment shader as matching functions thetgaoah be increased.

Prototype P3, The plane-sweep with geometry guidance is a mixture between
the P2 and theP3,. Using available depth information and trying to achieve
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(a) (b)

Figure 6.12} (a): In the depth maps from geometry-guidedd?Bweep the tiling
becomes visible. (b): Without depth guidance, the Planeepaproduces many
mismatches in homogeneous regions.

photo-consistency it has the potential to combine pre-edetpbdepth with an on-
line refinement. In the current implementation it does thia ivery simple way.
The depth reconstruction in all regions covered by apprai@ngeometry (quads)
is the front-most position of each primitive. The per-pigelcision used to find
the best matching colour does not influence the depth. Imdg¥# shows these
planar regions. Compared with figure 6.12(b) the result islmsmoother and
large depth estimation errors are avoided. But also subtlatians in depth are
not reconstructed.

In regions not covered by the input depth map the algorithth@pure plane-
sweep is used. This can be seen in figure 6.12(a) around tiéhare a per-pixel
depth decision creates the same artefacts as visible iref@yt(b).

6.8 Results for Cat. IV (Time Coherence)

The similarity of adjacent frames in a reconstructed derg@ance is measured
by the compression factor of P-frames emitted by a MPEG-gwicbder. The
higher the compression factor, the more similar are the ésantvaluation has
been done only on the Castle and the Studio sequence. Theyqufathe re-
construction for the City data set varies too much so thatesdwt make sense
to measure time coherence. The first impression from figur® 6. that on the
Castle data set, prototy®2, performs best, while on the Studio data set its per-
formance is the worst by far. The main reason for this phemames that all
errors in estimated depth are converted into pixels of wrdegth. When we
move the virtual camera, these pixels are not static relatvtheir neighbours.
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Figure 6.13: Compression ratio of P-frames

These independently moving objects reduce the time cobemramatically.

All other methods show a similar distribution on both datis s€rototypP2.
(quad-based) produces the best time coherence followeeillgnd P3, which
both are comparable. The geometry approximation of adaptiiads smoothes
out small depth variations similar to the adaptive quad-tithe geometry Plane-
Sweep and the View-Dependent Geometry. ProtoBRg(triangle mesh) uses a
higher non-adaptive sampling of the depth maps resultihgss smoothing.

6.9 Results: Performance

The run-time performance of the proposed algorithms has bemasured as the
time required to render one image. This has been evaluatétearastle and the
Studio data set with an output image size of 640x480 and &b x&spectively.
50 new images have been generated per cycle for the Castl@dadthe Studio.
The Plane-Sweep based prototyp8g andP3y are configured to use 200 planes,
and 20 different distances for regions with approximatengetoy. Prototypd”2
andP1 use 3 active real views while3 uses 4 views.

Because most algorithms make use of the graphics hardwagedifferent
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Figure 6.14: Rendering times of all methods on different gregpcards using the
Studio data set. The plot for the Castle data set is nearlyicién

graphics cards with different GPUs from three generatiangetbeen used. All
runs were timed on a 4-way PC workstation with 2 Intel Xeon®#ldal-core
CPUs running 2.33 GHz and 3 GB of main memory. The implemeantatare all
single-threaded and do not make use of more than one CPU care h@abeen
taken to load all relevant data into memory so that disk I/@sdoot influence
measurements.

Each method has to process a sequence of 6 cycles, one wayalapvhich
has not been timed to load all data into memory and then 5 sywlth each
one timed and logged. So for each method 250 (Castle) and 2adi¢pvalues
have been recorded. The average time required to generateage has been
calculated and plotted in figure 6/14. But before, outliedued by operating
system activity have been removed manually. For detailssterce, the absolute
numbers are given in table 6.1.

Prototype P1 The View-Dependent Geometry uses the GPU only for small

parts of the process, the main load is computed on the CPUsAalb GPUs,
the rendering time is constant. The implementation has eoisp optimisations
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Dataset Setup P1 P2 P2, P2, P3p P3a

X300-Castle-Dense 482.2 32.7 261.7 180.6 6568.8 8490.5
X300-Studio-Dense 634.1 95.0 334.3 238.7 6638.3 8506.9
GF6600-Castle-Dense 3245 6.1 36.4 329 1087.5 1645.6
GF6600-Studio-Dense 432.0 14.2 46.3 41.5 1103.2 1645.5
GF6800-Castle-Dense 3136 4.8 36,5 29.6 721.0 1107.1
GF6800-Studio-Dense 404.2 124 456 37.0 730.7 1102.0
GF7800-Castle-Dense 326.2 4.0 27.7 239 380.9 510.8
GF7800-Studio-Dense 409.8 9.2 34.1 295 383.7 510.2
GF7950-Castle-Dense 303.1 3.8 255 214 313.6 4154
GF7950-Studio-Dense 422.6 8.7 31.4 25.7 3146 414.1
GF8800-Castle-Dense 309.3 2.4 438 152 130.2 173.0
GF8800-Studio-Dense 411.2 6.9 259 184 1305 1723

Table 6.1: rendering time in [ms] for the different algonith and different GPUs.

and has been compiled with standard optimisation flags &pénticular platform.
A rendering time of approximatly 300 ms (Castle) and 410 msdi®) provides
a frame-rate of 2-3 fps, which can be seen as a lower boundarynteractive
response.

Prototype P2 The Multiple Local Models methods have the lowest rendgrin
times in this comparison, by far. Most of the relevant corapiahs are done by
the GPU and the performance is limited by the vertex prongssiainly. The
more vertices to transform, the slower is the renderiiRg: (adaptive quads)
has the fewest number of vertices, which results in rendenmes of 2.4-6.1ms
(Castle) and 6.9-14.2ms (StudioP2, (point-based) is the next best, it has 2-
3 times more vertices to render thB@; reaching approximatly 15-30md22,
(triangle mesh) is not adaptive. This results in even mortexerocessing than
for P2, because each vertex belonging\tdriangles has to be processsddimes
resulting in rendering times of 25.9-36ms.

The fragment processing time needed for blending depentiseomumber of
fragments to be processed. This is constant over all thrd&giéuLocal Mod-
els approaches and linear to the number of real images amdithet image size.
This can be observed for the quad-based Multiple Local Moaedthod when the
Castle data set with an image size of 640x480 is comparedétBtudio data set
using images (input and output) of 976x576 pixels. Withdehtding as described
in section 5.3.6 the rendering is approximately two timesea
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Prototype P3 The Plane-Sweep methods are both GPU-limited due to their
expensive fragment shader programs and texture look-ups. nimber of ver-
ticesNy for the standard Plane-Sweep is linear to the number of pldpeN, =
12N, +4. 200 planes have been evaluated for both data sets gividy\&#tices

to be used for each new view. The vertex count to be processdld adaptive
guad-tree depends on the input depth maps and the numbeptbfldeels used.

In both cases tiles without stable depth information use@dl [2Oels, stable tiles
used only 1/10 of that, namely 20 different depth levels.sTresults in approx-
imatly 600,000 vertices to render for the Castle data set ab@0]000 vertices
for the Studio data set. So even if the overall number of eestito process is
higher forP3y, than forP3,, the geometry guidance is faster when rendering. This
demonstrates that the bottleneck of both methods is theneagprocessing, not
the vertex processing. If we compare the resulting renddimes with the fill-
rate and the memory bandwidth of the GPUs as given in tableidid obvious
that nearly all computation time is spent in the fragmentpssing.

The implementation of the Plane-Sweep algorithm uses tarodrbuffer ob-
jects to render to and read from. The size of these interrteethi@ages deter-
mines the number of fragments to be processed as well as thikemwof planes.
The given rendering times have been achieved using inteatecidnages of size
1024. This has been chosen according to the input and output isiagéo avoid
sub-sampling. When we use intermediate images of siz& ®i€ rendering time
is exactly 1/4 of the above It has to be mentioned that especially the timing
results for the Plane-Sweep algorithms strongly depenti®@@PU performance.

The results also show what performance boost each new GR&jajeEm can
give. While different GPUs of one generation only vary sligifaround 20 %
speed-up), the next generation of GPU typically achieveped-up of factor
2-3.

6.10 Summary

In this chapter, the prototypes developed in chapter 5 haea bnalysed in great
detail.

In the beginning, the expected reconstruction errors haea lidentified and
appropriate error metrics have been introduced:

e Unreconstructed regions (ratio of not filled pixels),
e wrong colour (Peak-Signal-to-Noise Ratio),

e wrong depth (relative depth error),

2The size of the intermediate images is limited $a2" for technical reasons.
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e time coherence (MPEG compression ration).

Three data sets with different properties have been useghasdata: Castle (per-
fect depth maps), Studio (good quality depth maps), and Gityderate quality
depth maps).

Different setups of real views have been defined: Interpolatith dense,
sparse and extra sparse sampling as well as extrapolation.

The following discussion of the results has been structammbrding to the
error metrics. Finally, the rendering times of all protagphave been analysed
depending of the graphics processing unit used.



Chapter 7

Summary

After the analysis of all presented prototypes in chapteat @jll be concluded
which algorithm can be used for what purpose in this cha@eneral conclusions
followed by an outlook for possible future research aremgive

7.1 Final Discussion of the Prototypes

If the input depth maps are sufficiently dense and reliablke réndering systems
using Multiple Local Models R2) are best suited for interactive view genera-
tion. Rendering performance as measured in frames-pengeseery good, the
blending can adapt to the special needs of interpolationextr@polation, even
very sparse spatial sampling (large distance between reaky allows reason-
able reconstructions. If depth maps have holes, these malpbed during ren-
dering by contribution from other views. Foreground olgerte not connected to
the background or other objects, so distorted texture etcsted polygons cannot
appear. Only regions which have never been seen by any nesraacan pro-
duce unreconstructed regions in the generated view. Deptnstruction fuses
the available structure neatly so that these systems sealéowocclusion com-
putation in mixed reality applications.

The main advantage of the View-Dependent Geomdify) Eystem is that it
avoids holes in the reconstruction. But when occluded scarts pre revealed,
distorted textured triangles are generated instead oknéagions. Compared with
the Multiple Local Models, the geometry fusion is very exgiga because it is
done vertex by vertex on the CPU. To achieve near-interapgvéormance, the
depth maps have to be sub-sampled carefully to avoid adjasinlepth disconti-
nuities. When the vertices are fused, the spacing of the gratieen space has
to be adapted to the sub-sampling to ensure proper fusion.n\tfieegeometry
proxy is textured, it has to be decided which texture to usa per-triangle base.

115
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Otherwise parts of the scene receive inappropriate texture

If depth is not available or unreliable and incomplete, thstlsuited system
is obviously the Plane-Sweep3). It can work without depth, it can generate
approximate depth maps quickly and it can incorporate d&pémhance quality
and speed. The rendering quality can be influenced by the mnobtime spent
for correspondence search or by the quality of the geona¢tpioxy used. A
trade-off between quality and speed can supply fast intieeapreview or high-
guality image generation. The Plane-Sweep is accelergt&PtJ-updates more
than all other proposed systems . During rendering the ahglepth estimation
results in a rough approximation of the scene geometry. @ea@mnetry proxy
Is most often too rough and unreliable for occlusion comipanan high-quality
mixed reality applications. If the computation time is cargd with that of multi-
view-stereo systems, it can be used for interactive prealisation.

7.2 Finding the Right Method

The final question for the best Image-Based Rendering methmdotde an-
swered easily since none of the presented approaches e@nafleneeds. Many
constraints influence the choice and in the following, somigejines are given
to find the best suited algorithm for each purpose. Firstdtagram in figure 7.1
helps to find the method according to the input data.

Depth Maps
available
no yes
Time to comp
Depth Maps, i
no

Dense Depth Maps
sampling reliable

ng yes yes

Hope fo Depth Maps
the best! Plane Sweep Plane Sweep Fillrate >90%,

Standard w. Geometry no es

\

View Dependent | Multiple Local
Geometry Model (Quads)

Figure 7.1: Diagram to find the best suited rendering metidicthresholds are
only suggestions.
Second, there are some general recommendations:

¢ If the quality of the depth maps is sufficently high, the Mpiéi Local Mod-
els methods are the best choice.
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e Multiple Local Models is the method with the smallest reqments concern-
ing CPU and GPU.

e If the GPU is less powerful, Plane-Sweep cannot achieveaatee frame-
rates.

e Dynamic content with multiple cameras (no depth estimapossible) can
only be handled with Plane-Sweep without geometry.

e View-Dependent Geometry needs a powerful CPU to achieveaiiieity.

7.3 Contribution of this Thesis

The main contribution of this thesis is the development oéehdifferent Image-

Based Rendering algorithms with additional subtypes. Touatalall proposed
algorithms, six prototypes have been realised. These sitofypes have been
studied in great detail. All aspects like image quality, theggconstruction, time
coherence and rendering time have been analysed. The dennmek includes

the following phases:

Taxonomy: In the last decade, many different Image-Based Renderingragst
have been proposed. To understand this evolutionary moed the rela-
tions between different approaches, a taxonomy has beediuted and many
known systems have been classified according to this taxpnom

Requirements and Constraints: After defining the goals for an Image-Based
Rendering system, its requirements with regards to the idptet have been
identified. This leads to the developement of basicallydahdéferent proto-

types.

Rendering Methods: In this phase, the basic algorithms have been developed
and implemented as prototypes. To achieve usable systerosssary addi-
tional parts like camera selection and blending have bedadcd

e PrototypeP1 is called View-Dependent Geometry because for each new
view to render, an approximate geometry proxy is constcuotethe-fly
and real images are warped into the new view via this surface.

e PrototypeP2 is called Multiple Local Models. For each real view, a local
geometry model is prepared and multiple models are blenaled hew
image. Three modelling strategies have been proposed.
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e PrototypeP3 uses a Plane-Sweep algorithm to find photo-consistency be-

tween real views. It has been extended to use geometricaimation
where available to enhance the quality and performance.

Detailed Analysis: An evaluation of the prototypes has been conducted for sev-

eral reasons. Firstly it has to be proved that the algoritfutig the require-
ments. Secondly, differences between the prototypes labe tdentified.
Thirdly, it has to be verified which image quality can be expdcand what
quality of input data has to be matched.

Appropriate error metrics have been defined to analyse:

e image quality,

e depth reconstruction,

e unreconstructed regions,

e coherence between adjacent views,
e rendering time.

Three different data sets and experiments have been usadytthe following
aspects:

e spatial resolution (number of real views),

e layout of the real views (1-/2-dimensional),
e quality of depth maps,

e interpolation vs. extrapolation,

7.4 Conclusions and Future Research

Three new methods have been presented to generate novel fva@w existing

images. For the given requirements and quality of input ddtanethods can in-
terpolate images with reasonable quality. If these metlaoelput in the context
of all the systems presented in chapter 3 (see figure 7.2pws that the new
methods are more general approaches than most of the offieeshree proto-
types developed in this thesis have been designed to be wersalias possible
(refer to section 4.1 for the design goals).

Nevertheless, none of the new approaches has solved thiemrolb Image-
Based Rendering once and for all. The experiments have shatmettiucing
the spatial sampling density also reduces the quality ofiigal reconstruction.
An evaluation of the result from the synthetic data (Cast#egals that the rela-
tion between sampling density and visual quality is not aatidependency in
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Figure 7.2: The prototypes developed in this thesis (djijgee designed to be
more general than most other approaches. View-Dependam&ey and Multi-
ple Local Models share most properties.

most cases. It is an indirect dependency introduced by tbenggical recon-
struction quality. Errors in the depth maps become mordbhaswith increasing
distances and the depth estimation itself becomes morkenbalg. Image-Based
Rendering without geometry is restricted to very dense sagplrhe better the
geometry data, the better results can be achieved for spanggling. Further on
this assumption leads to a more or less complete geometnicdél with view-
dependent texture mapping.

Considering the results of the image quality analysis, ibs@us that the ideal
Image-Based Rendering system, if at all possible, has notge developed.
Different aspects of the presented approaches leave raomgpoovements.

e The first and most dominant source of reconstruction ermeréx@aomplete and
incorrect depth maps. So enhancing the geometrical recmtisin will also
enhance the visual reconstruction. This is even more irapbfor decreased
spatial sampling density (fewer real views).
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¢ Instead of better geometrical reconstruction, algorithkeshe Plane-Sweep can
circumvent unreliable input data. Enhancing Plane-Sw aring could
start by increasing the depth resolution and reducing mrismes.

e Image-Based Rendering is by its definition not limited to itedaobjects. It
is not even limited to perspective images. A great extengiould be to use
spherical real views to capture a more complete environmedtthen gener-
ate perspective images as required by most applicationis.widuld allow to
virtualize complete rooms with only a few plenoptic samples

1This directly leads to better depth estimation.



Appendix A

Additional Background Information

A.1 MPEG-1 Compression

MPEG-1 is a standardised video compression method defindtebjotion Pic-

ture Expert Groupand released in 1991. The main idea to compress motion
picture sequences efficiently is to reduce the redundamhatseen consecutive
frames by coding differences to already processed framies.sfandard defines
four different types of frames: |, P, B, D (D is not discussedeheThe relevant
three types of frames are:

| (Intra) Intra frames are compressed for themselves without infoomaepen-
dencies from their neighbours. They can be decoded eagliyputiany depen-
dencies.

P (Predicted) P-frames are encoded in dependence on their predecessd?Pl-
frames only). Thus, to decode a P-frame, the previous |- safte has to be
decoded before.

B (Bidirectional) B-frames depend on their predecessor and their successahyeq
To decode them, both neighbour frames have to be decodedeteiyp

Sequences of |-, P- and B-frames are assembled to so-caitmegp of pictures
(GOP). A GOP always starts with an I-frame followed by B- and P-framé
GOP of size 16 can for example be: IBBPBBPBBPBBPBBP.

I-frames are encoded in a way similar to the JPEG-compnessandard for
still images. Basically, the image is split into macro blo¢k6x16 pixels) and
each block is coded individually. A frequency analysis (DG applied and
frequency components are quantised according to a quintisable.

P-frames are encoded in reference to their preceding framebasic princi-
ple works as follows (see figure A.1): To compress a new framthis frame is

121
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Figure A.1: Compression scheme for MPEG1 P-frames.

divided into macro blocks and for each macro block, its mosbable position in
the previous framé _1 is determined. This is callediotion estimatiorand it can
be done by computing the correlation of the macro block whith tegion in the
l;—1 within a given search range. The result of this motion edionds a motion
vector field with a two-dimensional vector for each macrockloThis vector is
the difference of the macro block positionlirand inl;_;.

Then this motion vector field is applied ka1 giving [;, a prediction of; from
li_1. In the next step, the difference image between the predicnd the real
imagel; — li_1 is computed. This contains the residual error, parts whismot
be predicted from;_4. The difference image is quantised in a way similar to the
I-frames and, together with the motion vector field, comgeesby a run-length
encoder.

A.2 Graphics Processing Units

The performance of all proposed algorithms has been meahsurés different

GPUs. Table A.1 gives an overview of the technical detaile ATI [www.ati.com,
ati.amd.com] Radeon X300 have been taken as reference ardgction 6.9 the
results of three different generations of NVidia [www.nagom] Geforce GPUs
are evaluated.
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Vendor NVidia NVidia NVidia NVidia NVidia  ATI
Model 8800GTX 7950GT 7800GTX 6800GT 6600GT X300
Codename  G80 G71 G70 NV45 NV43  M22
Released 11/06 06/05 06/05 04/07 04/04 01/05
Shader 128U 8V,24P 8V,24P 6V,16P  3V,8P
Units
Core 575 550 430 350 500 350
Clock
(MH2z)
Memory 900 1400 1200 1000 1000 300
Clock
(MHz)
Memory 768 512 512 512 128 64
Amount
Memory 384 256 256 256 128 64
Interface
(bit)
Memory 86,4 44.8 54,4 35,2 26 4.8
Band-
width
(GB/sec)
Texture 36.8 13,2 13,2 5,6 4 1,3
Fill Rate
(bil-
lion/sec)
Vertices / 1100 1100 600 380 500P
sec (Mil-
lion)

Table A.1: Details of all used graphics processing unitsy§Hhe number of
shader units is given for vertex- (V), pixel- (P) or unified)(§haders. The core
clock of the 8800 is 575 MHz and the shader-units work at 135M
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Appendix B

Colour Images

This chapter contains colour images from all analysed datga $irst, overview
pictures of the scenes are given. The Castle data set hasyygkassed with the

Figure B.1: The Castle data set consists of 206 views in 4 rows.

use of a modified 3D model of the Leuven-Castle (Belgium) and an®del of
an arch in the foreground. This introduces occlusions ampdhdéiscontinuities.
Images have been taken in 4 rows as shown in figure B.1. An examphge and
the corresponding depth map is shown in figure 6.2.
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P

Figure B.2: The Studio data set consists of 50 views in 4 rows.

The Studio data set has been captured at the BBC Research Stadibam-
don using a TV-Camera mounted on a dolly. Scans in four difteneights have
been performed and the calibration has been done with stexétom-motion al-
gorithms. An overview is given in figure B.2 and an example iegether with
the corresponding depth map is shown in figure 6.3.

The City data set has been captured with two cameras mountée ooof of a
car driving through the city centre of Chapel Hill, North Camal USA. Calibra-
tion and depth estimation has been done with a real-timetsterfrom-motion
and modelling system developed at the University of Northoiaa (UNC). A
complete overview cannot be given, a small part of the serpienshown in fig-
ure B.3.

B.1 Studio Results
B.2 City Results
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Figure B.3: The City data set consists of 150 views in one row.
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(k) Plane-Sweep: Pure () Plane-Sweep: Pure

Figure B.4. Rendered images of the Studio data set with dertap aed the
results of the analysis (difference image). Dark pixelsdaté deviations from
the reference image.
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(b) View-Dependent Geometry
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(d) Multiple Local Models: Quads

(c) Multiple Local Models: Quads
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(k) Plane-Sweep: Pure () Plane-Sweep: Pure

Figure B.5: The Studio data set with extra sparse setup. Refttdered Images,
right: Mean absolute error, red pixels are unfilled.
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(c) Multiple Local Models: Quads (d) Multiple Local Models: Quads
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(e) Multiple Local Models: Triangles (f) Multiple Local Models: Triangles

Figure B.6: Rendered images and mean absolute error (magifiga City data
set.
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Itiple Local Models: Points

(e) Plane-Sweep: Pure (f) Plane-Sweep: Pure

Figure B.7: Analysed Images of the City data set.



Appendix C

All Results

In sections 6.5 - 6/8 all results are presented in a conddiesedplotting only
the mean and the standard deviation. In this section, thatsefer all analysed
data sets and setups are shown as plots over the image nuifiithsrgives an
impression of the distribution of results. These graphsatealiscussed in detalil.
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