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Abstract

Model reconstruction using photoconsistency refers to a method that creates a photohull,
an approximate computer model, using multiple calibrated camera views of an object. The
term photoconsistency refers to the concept that is used to calculate the photohull from the
camera views. A computer model surface is considered photoconsistent if the appearance of
that surface agrees with the appearance of the surface of the real world object from all camera

viewpoints.

This thesis presents the work done in implementing some concepts and approaches described
in the literature. A photoconsistent voxel based method was used to generate the photohull.
An algorithm based on this method calculates the geometry of the visual hull by removing
inconsistent voxels from a initial spherical volume until the resultant appearance of the volume
is consistent with all the camera views. A photoconsistency cost function is used to determine
the consistency of a voxel. This cost function is based on the colours of the pixels of the camera
views that correspond to the portion of the surface that a particular voxel is representing.
The primary cost function used in this thesis is the maximum RMS error between the colour
of the voxel, determined by the mean of all the pixel colours from all camera views that
can see the voxel, and the pixel colours obtained from each camera view. A threshold is
used to determine whether the photoconsistency error of a voxel indicates if it is consistent or
inconsistent. An estimation algorithm is used to determine an approximation to the threshold

that would correspond to the best model reconstruction results.

The accuracy of the constructed photohull is determined by comparing a rendering of the
obtained photohull and a camera image that was not used in the reconstruction process. A

silhouette is used to remove background from the images.
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Glossary

BRDF or Bidirectional Reflectance Distribution Function: This is the function that
describes the reflectance properties of a surface. For more information, see the section on

radiosity.

Camera reference frame: This refers to the three dimensional Cartesian space that defines
the local world of the camera. The space is defined so that the Z axis of the space lies along
the optical axis of the camera. The origin of the space is located where the pinhole of a

pinhole model camera would be located.

Image reference frame: This refers to the two dimensional Cartesian space that can be
used to approximate the photosensitive area of a camera. The distance units of the image

reference frame are normally defined to be in pixels.

Occlusion: This term refers to the visibility state of a region of surface of an object. The
surface is occluded if the direct line of sight of that surface is blocked by either another region

of surface or another object.

Photoconsistency: This term refers to a state where the appearance of the surface of a com-
puter generated geometrical shape is consistent with the camera views of the corresponding

surface of the real world object.

Projection Matrix: The projection matrix is a mathematical construct, a matrix, that
defines the mathematical mapping of Cartesian points in a three dimensional camera reference

frame to points in a two dimensional image reference frame.

Steradian: Like the radian, which is used as a measure of the angle between two lines,
the steradian is used to measure the solid angle of a cone originating from the centre of the
sphere. The radian is defined as the length of the arc subtended by the two lines, divided by
the radius of the circle containing that arc. The steradian is defined as the surface area of a

sphere subtended by a cone, divided by the square of the radius of the sphere.

Xix



XX GLOSSARY

Visibility: This term refers to whether a region of surface is visible or not occluded when
viewed from a particular viewpoint. This term is also used to describe what cameras can see

a region of surface.

Voxel: This term refers to a small cubic region of space in three dimensions. This concept is

similar to pixels in two dimensions.

World reference frame: This refers to the three dimensional Cartesian space that defines
the physical world. The units of the world reference frame are normally chosen to conveniently
match the scale of the physical world under consideration. The origin of the world reference
frame is arbitrary. In this work, the units are in mm and the world reference frame is normally

locked to one of the camera reference frames.



Symbol definitions

Bold capital letters refer to matrices. For example, the letter P refers to the projection matrix.
Lower-case bold letters refer to vectors. For example, the letter t refers to the translation

vector of a camera.
t: Translation vector of a camera indicating its position in the world reference frame.

R: Rotation matrix indicating the orientation of a camera (or the camera reference frame)
in the the world.

P: The projection matrix which maps points from the camera reference frame into the image

reference frame.
L: The radiance of a light ray.
E: The irradiance of a surface due to a single incident light ray.

p: The BRDF of a surface.

P: The set that contains all the pixel colours, from all the cameras that can see the same

region of surface, corresponding to that region of surface.

p: The set of pixel colours from one camera corresponding to a region of surface of an object.

Xxi



Chapter 1

Introduction

The creation of a computer model of a real world object hereafter referred to as the target

object, can be accomplished using various computational techniques.

Some techniques use active lighting to determine the geometry of the target object. An
example is the laser line scanner. This procedure involves the projection of a laser line or
stripe onto the surface of the target object. The appearance of the laser line on the surface
is dependent on the geometry of the surface. A camera obtains an image of the surface with
the reflected laser line and using this image, the distortion of the laser line can be calculated.
The surface geometry of the target object is determined by combining the degree of distortion
of the laser line and the calibration information of the camera, the information that relates
pixels in the camera image to regions in the real world. The laser line scans the surface to
obtain a “point cloud”, or a set of coordinates that correspond to the points on the surface
of the target object. This “point cloud” can then be use to construct a computer model

representation of the target object.

There are passive methods of creating a model of an object. An example is silhouette based
model reconstruction. This method obtains multiple calibrated views of an object and seg-
ments these images to produce silhouettes. A geometrical shape called the visual hull is
calculated so as to be consistent with all the silhouettes. If such a geometrical shape can be

found, then the shape is an approximate model of the target object.

What is meant by 3D model reconstruction using photocounsistency? In the context of this
thesis, it refers to the creation of a computer model, or photohull, of a real world object using
multiple camera views of that object. The reconstruction process is based on the reasoning of
photoconsistency. Photoconsistency refers to a state where the appearance of the surface of a

geometrical shape is consistent with the camera views of the target object. When such a state
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is achieved, the resulting photohull should be an approximate model of the target object.

Seitz and Dyer describe a method in their paper [1] which uses the surface colour information
to reconstruct the geometry of the object. Basically, this method attempt to find a surface
that when viewed from the different camera orientations, matches the corresponding camera
view of the target object. This surface then defines an approximate model that is consistent

with the available views. It is this method that forms the basis of the work done in this thesis.

1.1 Objectives of the thesis
The objectives of this thesis are threefold.

o A review of sowe of the literature available concerning the field is presented in order to

obtain a starting point for the development of the research.

e To develop and implement a computer algorithm based on a method from the literature

that can construct a computer model.

e 'To evaluate the reconstruction performance of the developed algorithms.

1.2 Structure of the thesis

The thesis is divided into chapters according a particular aspect of the work done. The

beginning of each chapter contains a summary or overview of the chapter as a whole.

Chapter 2 presents a brief overview of the mathematics used to describe the operation of
a simple camera. These mathematical equations are needed to relate the object in the real
world to the corresponding image views of the object, and are vital to the operation of
the reconstruction algorithms. Chapter 3 describes a method of creating computer models
using the silhouettes of the object under construction. A simple method is presented to
accomplish such a reconstruction. Chapter 4 discusses the concept of model reconstruction
using photocounsistency. Chapter 5 discusses the datasets used to create the models presented
in the thesis and how they were obtained. Chapter 6 describes the operation of the algorithms
developed in the thesis. Chapter 7 presents some results that were obtained from the use of
the various algorithms. Finally, Chapter 8 provides the conclusions of the author concerning

the results that were achieved.



Chapter 2

Mathematics of pinhole cameras

This chapter presents o brief overvicw of the mathematics of « pinhele camera. Essentially,
the mathematics relates points o world refercnee friome so corresponding points in an image
refercnee friome. Most of the Informastion presented about intrmsie paramcters comes from
[4]. Normiab cameras wse lenses nob pinholes, but o pinhole camers can approximate within

limitations, the charactoristies of o camera that uses o fens.

Thie parameters that ace used to deseribe the characteristios of the pinhobe camera are divicdesd]
inke bwo grollps, indringge andd exfonsie. Indronsie parameters define the oplical properties of
the camera such as foeal Jength, The estrinsic parameters define the location and orientation
of the camera in e workl, Both these sets of parameters are needed to telate points i ehie

camera inage to polots in the veal workl

Three reference frames need to be delined: the wordd referenee frame, the cmaern reference
frame and the twuge reference frome, The lmage relference frame refers to the structire and
delinition of the woage plane. The buage plane s two dimensienal fheccfore the reference
frame is also two dimensional. The distances in image plane ace defined to be i pixels aod
there are two prinelpal axes, X and V. The ongin of this reforence frame i located in the

top lelt hand corner of the Cainera buape plane

T'he camera reference frame is simply a right-handed theee dimensional Cartesian space. The
pinhete is located on the origin of the space and the optical axis is located along the positive
A axis The wnits in this referemee frame are defined o be the same as the workl reference

frarme.

The world reference fraome s slso a right-handed three dimeonsional Cartesian space, This

reference frame relates to the physical world, The origin and orientation of this reference
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fravme are atbil vy, The units are defined to be a measurement. that 35 st comvenicnt for

the seale reguired.

The following scetions provide a basic overview of the extrinsic and intrinsic parameters af .

pivhale camera

2.1 Intrinsic parameters

The pinholo camera g a device that recreates an unage of an oliject from the light emitted

from the object. The basic set-up ol a pinliole camera Is illustrated in Pigure 2.1

Sorean Shield

=

Leeghel ray

Obycct

Imae

Fisihiala /

Figure 2.1 Dhagram lustrating the eoncept of the pinhole saimere 2 s operation,

Esscntially, the pinhole camcra iselates single light riws that irwvel a line from the object
threaigh the pinhole to the screem,. Without (he pinhole, muliiple lighe ravs from different
parts of the oliject wonkl all converge on the same point o the soreen and oo diseernible
lmagze would Lo formed, For sioplicity, it is convenicnl fo lmagine o screen in front of the
panhole instead of behind, A vittual tmage s formed on this maginary sereen,. The aperation
of the pinhole canra can be defined mathematically. The sceeen and pinliole ave defined i

the cameti relersnes plane. Fieure 2.3 illnstrates (os coneept.

Thae optical axis showe in Pivwee 2.2 refers to the central axds of the camera, The location of
rhwe projected peind in dhe inaee 3 and the loeation of the pomt o the eaera world ¥ are

Tinked Iy o sieprle squation caleulated by looking at the trinngle formosd by OAB and GO,

The equation is given by
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CHAPTER 20 MATHEMATICS OF PINHOLE CAMEHAS

The equations are modificd to heeome:

r=1x' | 4 and p= i:r" [ (2.5
= z

These equalious define & mapping of the points o the three dimensions] comera reference

Jreareee o the correspondibe poiaes 10 the owo dimensional sreage referenee frame. The equi-

tions apply ouly 1o cieras thae have square pixels withond skew. Note that oo noits are

specified. It 15 up fo the wser fo define the parameter foeoomalch cameri world wnits to Disge

units, In this thesis, the cancra world units are defined 1o be in millimetres and the image

niits are detined as pisels. Therefore, the unit of f iz [pleels /o).

2.2 [Extrinsic paramcters

The preceding seclion describes the parameteors needed to map points i the camera world o
poinds i the image plame. The extrinsie paramelers relate che points i che actual real seoeld
tor pojods i the comeric world. In cdher words, dbe exlrmsic pacsaneters map points froan the

weortd refeeence frorme 4o the cumern referenee froeme.

There are {wo basie extrinsie paramelers: franslation sod rodations The troslacion veelor
t describes Lhe location of dhe camera (or Lthe camera reference [raune) reladive Lo Lhe world
relerence [rame. The rotation matriz R deseribes the orientation ol Lhe camera in the world

{or the oriencasion of the conera aces relative o the world axes),

The paints describung the abject I the peal world lie e the world reference frame. These
paints teed to e mapped inte the camera reference plane so that they can be furcher mapped

i Lhe bwage plane, the cbjective of che camers wathemadics,

It 15 stmpler to fest fod the rapping frome the caaners. reference plane (o Che world reference
plane, Assume a paint . defined by o veclor X relative to the camera reference frame.
Since the ortentation of the axes of the camers frame relative to the world Frome 35 given by
R. the arientation of the veetaor X7 i the catnera fratie corresponding to o vector X oin the

warld reforones frime, 18 sioply:

X'r = R}L (24:'

The crigin of the camera axis lies ab a polne glven by Lhe {ragslacion veclor t Therefore, 1he

origin of the vector X' I dhe world is simply t. The mapping of che poinn 2, deseribed by




2.3. THE PROJECTION MATRIX 7

the vector X’ in the camera reference frame, to the point P described by the vector X in the

world reference frame is simply

X' =RX +t (2.5)

The inverse mapping is:

X=R X-R7't (2.6)

Due to the mathematical properties of the rotation matrix (it is orthogonal), the inverse is
simply R”. Therefore the mapping from the world reference frame to the camera reference

frame is

X =R'X' - Rt (2.7)

2.3 The projection matrix

The sections discussing intrinsic and extrinsic parameters define the equations and parameters
needed to map points in the world reference frame to the camera reference frame and from
the camera reference frame to the image reference frame. These equations can be combined
in a fashion to produce the projection matriz which can be used in the various computer

algorithms. The extrinsic equation (2.7) can be rewritten in matrix form as:

X! X
Y’ RT —RT¢ Y
= (2.8)
7z 0 1 Z
1 1

The intrinsic equations (2.3) are non-linear but they can be converted into matrix form:

Z'x=fX +2'P, and Zy=fY' +7.P, (2.9)
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tr f 0 P X'
ty |=10 f P, Y’ (2.10)
t 0 0 1 z'
These matrix representations can be combined into one representation as follows:
t f 0 P 0 00 X
pe
ty |=]0 f PI Lo | B OCREY (2.11)
17 v o 1 z '
t 0 0 1 010
1
X
tx v
t =P 2.12
y 7 (2.12)
t
1

The matrix P is called the projection matriz.

This matrix equation with associated scaling defines the mapping of the points in the world

reference frame to the image reference frame.

Normal cameras do not use pinholes. Pinholes are inefficient in that they block a large
amount of the reflected light from an object. This leads to dark indistinet images. In order
for a focused image to be formed, a pinhole has to be small. The smaller the pinhole is, the
better the image definition and quality but the lower the amount of light. Normal cameras
use lenses. The lenses are shaped to focus the light rays originating from a point on the
object surface back to a point on the screen. This behaviour is similar to the operation of the

pinhole, but much more light from the object is being utilized.

For simple thin lenses, these projective equations can also be used.



Chapter 3

Reconstruction using silhoucttcs

T'his chaprer presents a method Chat uzes Lhe silhonel les o an objecl Lo peclorm & recon-
struction. The frst scotion deseribes whakb 5 mean by silboneles and how they are obil aloed
trom the various views of the object. The scoond section brielly deseribes the coneept ol vhe
visual b, a construet that is formed from the use of the silhouctnes, Finally, the last seetion
describes a simple method of using silhouettes to gensrale an approximats computer mode]

of the abjeet,

3.1 Silhonettes and image segmentation

What is meant by the silbonelbe ol an objoct? The silhowette 15 comparable to the shadow
that the oiject woulid cash on g sereen when plaeed in front of a point lisht souree. Fioure

F.1 deplcts a view of an abjoet aml the correspondimg silhauctte.

Figure 4.1t Image of objoct and coresponding silbaette,

Lhese siiboucttes are oliained Ty segmenting the image into teo regions, foreground aned
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biackgronnd. The foreground represents the projection of 1he object while 1he baekgronmd
represents the regions that are vot inside the object boundary, The methods available 1o
sidennit ieally sepment thee image te suitaldle Boeground and background regions s heyvond
Lhe seopee of this work. The images in the datasets nsed (o this work hese hal were oot

abdained from external sources ] wore sepmented mannally with an image adicge,

3.2 I'he visaal ball

The visual Il is the polyhedra] shagse Thal is consistent wsach the projections of the silhoneles
of the objeet [3].

The dingram Figure 3.2 demonstrates this concepd of 1he viswal holl. The solid region in
Lhe diagram represents an arbitrary objeet while the shaded resion tepresents the shape that
is formed by the intersection of the silhouette cones. The silhonetle comes are the back
projections of the silhomettes in the world, 1o othor words, |he silhonebee qone forms the

beundary of all possible shapes in the world dhat ave consistenl sith the image silhouette.

Carmorg

Silhanetie coon

Camera

Mg,

Figuee 52 Comewega o Lhw wigmal bl

As Figure 3.2 illustrates, the visual loll is oy an approsimation 1o the aetual object. Fveo
with all possible vicws, the visnal hall w30 wol model the concavitles in the abjecl that are
not visible 0 amy of the silhouettes, 'Uhis is the Bmitation of the viswal hull. Yor example,

Vi wisma] ol weill nok mode] tlie iugide of a bowl or a cup as these concayvities are located
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inside the outer boundary of the object.

The visual hull is useful as a starting point for other reconstruction algorithms as it defines
le) O

the outermost boundary of the object and thus removes irrelevant background information.

3.3 Reconstruction using voxels

A voxel is defined to be a small volume in the world. A number of voxels can be used to build
up an object. This process can be likened to building a structure using toy blocks. Dyer [4]

describes a number of approaches that can be used to create a volumetric model of an object.

A simple method is used in this work to create the visual hulls of objects. First a voxel grid, a
cube built up of a number of voxels, is defined. The voxel grid is situated in the world so that
the entire volume of the object to be constructed is contained. Each voxel is then projected
into the image planes of the cameras. In this case, only the center of a voxel is projected into
the image planes. This center point is checked to see if it lies inside the silhouettes of all the
available views. If this is the case, the voxel is marked as consistent. If the projected center
lies outside of any of the silhouettes views, it is marked as inconsistent and is discarded. The
end effect of this process is to carve away voxels that are not consistent with the silhouettes.

The voxels remaining should be an approximation of the visual hull.



Chapter 4

Reconstruction using

photoconsistency

This chapter discusses the main concept behind the work done in this thesis. The chapter
begins with an explanation of what photoconsistency is and how it is applied to voxel based
mode] reconstruction. Next, a brief description of radiometry is provided. After that section,
a discussion of visibility and its effects on photoconsistent reconstruction is presented and
finally, some photoconsistency measures are described. These measures were taken mostly

from [5].

4.1 Photoconsistency and application to voxels

Photoconsistency describes a state whereby an object’s surface colour or texture is consis-
tent with all available camera views of that surface. In other words, the appearance of the

reconstructed model matches the available camera images of the target object.

In the case of voxel based model reconstruction, the volume of the model is composed of voxels.
The photoconsistency of a voxel is based on the photoconsistency of the set of pixels that
are enclosed by the projections of that voxel into the camera image planes. The definition of
whether this set of pixels is considered to be photoconsistent depends on the photoconsistency
cost function that is used. In this thesis, the colour of the pixels is used to define the similarity
of the set.

The motivation behind this method is that if the pixels are completely dissimilar then the

voxel cannot lie on the surface of the model and must be removed from the overall model con-

13
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struction. The converse is not necessarily true. There can be situations, such as a uniformly
coloured surface or similar surface texture, where a voxel that maps to similar pixels could
still be incorrect. A similarity measure that takes the orientation of the pixels into account
will provide additional information that can decrease the chances of a voxel being incorrectly

labelled as consistent.

4.2 Radiometry

This thesis makes the assumption that the surface of the object under construction is Lam-
bertian and that the lighting is diffuse. To aid in understanding this concept, this scction

briefly touches on radiometry. The principal source of this information is [6] and [7].

Radiometry is the science concerning the measurement of light. It defines the characteristics
and measurement units of light and describes its physical properties under certain conditions.
Photometry is the science of the perception of light. It is similar to radiometry, but must

take into account the non-linear aspects of the human eye.

Radiometry can be used to describe the optical properties of a surface. For instance, how

does one describe a “matte” surface or a “shiny” surface mathematically?
To begin, some definitions of concepts used in radiometry are presented in the following text.
Radiant energy

Radiant energy is the total amount of energy conveyed by the photons of the light being

measured in a particular interval of time. The unit of radiant energy is the Joule (.J).

Flux

Flux is the radiant power or rate of energy conveyed by the photons of light. The unit of flux
is the Watt (W equivalent to J.s~!).

Flux density

Flux density is the amount of radiant power or flux in a perpendicular cross-section of the

travelling rays of light. In other words, it is the rate of flow of energy through a cross-sectional
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aren of light, The unit of flux density is the Watt per square meter (Wom™? equivalent to

Ja7Vm 2L If the light is entering a surface, then the flux density is called irradiance.

Hadiant Intensity

Radiant intensity defines the Aux contained inoa single tay of light, The ray i wodeted as an
extremedy small cone that extonds {rowm the source outwards, The nnit of vadiant inbensity s
Watts per steradian (Wost 1)

Radiance

Radtance dolines the Anx density of a single ray ol livhe, The ray s modelled as a extremely
simall come {hal et ends from the souree outwards. The unit of tadianee is defined as Watts

per square meter per steradian (Wan 2.5t equivalent to Js™Lan=2 st

Radiosity

Hadicsiey refers to the flux dengity of the lght emitted from g poing on the surface. Radiosity
can be caleulaled by integrating over the radiance from all viewing angles. Radiosity has
units Watts per square meter (Wan 4, This messure is wseful for surfaces that hasve a nesrly

uniform radianes from all viewpoints,

The cptical properties of a surfaee can be defined as the relalionship betwesn Che radianee of
the ineoming light striking the swrface and the radianee of she lighd leaving o soefaee. The
mathematical funetion finking the magnitnde of these Lwo parstueters s ealled the BRDE ur

Didirectiona] Reflaetatee Thsiribad ion Fuanebion,

The mioming and aibgmg lehh from a point on the swrfaee 15 modelled s tays or straight
lines with an origin at the point on the surface and o direction cxpressed in spheticsl coordi-

nates. The disgrem Figure 4. | illustrates $his concept.

There iz a differdnce between radiant intensity amd radvance. Radiant mbensty sicnply rofees
to the amount of power comlained inoa single ray of lght snd it gives no indication of the

density or number of rayvs present, while radiance aceonts hor bhe disteibnbion of the ravs.

There is a subtle difference between radionee sand deradionee. The icradiance of a pagch is ot
necessarily the radiauce of $he rays sioiking fhat pateh. The freadiance of the light Glling

on the poiul can be fond fromm the radianee of the ineeming rays of the lighe at ghat poing.
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Evmitlad ray

Y
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. Inoident ray
by, Pt
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Surface /

Figure 4.1 Diagramy iistratinog the concepl of tays ctileting and leaving o potne onoan arkitrary swelace.
The direction of the incoming and cutzcing rave are defined in sphevieal cosadhnnles, o aod 7. where © s the
wrirnully aned # 35 1le elewation of the vay. N b5 the sacface nornral at the peint, The sebhnntd b aessored
aleng tlhe surface tangent plane defined by A and Che elavalaon s iieasured rolative to W

Assume thiat the point on the surlace can be represented by a sall pateh tangent to the
sutlace, then the sraedince J9of the praateb 3s related to the mfiance L of the incoming light

by Lansbert's Cosie L.

o Liens{d], (4.1}

where 15 the elevation of the ocoming tay of light referenced to the surface normal at the
poiut oo the surface. The comite tenme cornes oo the faet that a pateh, when viewed at an

angle, seens srnaller than it actaally = (Figure 4.2),

Sinve a smaller cross-seebion of lght rass ace needed o deeadiste the surface pateh when the

incident angle changes, the amnount of coergy Aowing to that pateh reduces by o cosine factor,

The BRIME is defined as the ratio of the radiance of the emiteed ray to che irradianes doe (o
the radinnee of the incoming ray. The BRIEF s defined as

Lo Ill:f.'!l:'l?! o)

i e iy B ——————— '
JrJ..J’T.'H'T. ':' } LE LQIJHI.Q;J{'DS{H;)

{4.3}

The BRDT can desenbie the optical properties of the sueface. For instance, a Sshiny” {or

spectbar ) surface tetenns light strongly 1noa partionbae direction theretors the BRDE will Lase
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Surface appearance

Byt Farshotcred appedrancs
1 : i
[ -
Lighk rays

i Wy oarea heosif)

1

daref
§ red A &

Surface patch \ Surface paich

Figme 4.8 The chiange in appearance of a anface as the viewing augle b5 changed. 'This chauge bas Che odle,
of reducing the cross-section of the Hght rays oeeded 1o trradiate the sorace patele

a strong peak in that direetion, A “matte’ surface reflects light more or less equally moall

directions, so the BRDFE will be a smooth, uniform finction,

The term Lambertian vefors to a surface that has o constant BRDF. Tn other words, incoming
rays are scattercd in such a manner that they are crintterd moa unifortn hemisphere from (he

surface. Matte surfaces are reasopably approziomated by the theoretival Lambertian sorface.

If the lighting is ditfuse se there is no strong component of Tight frotn any pattwealar divection
then the emitted radiance from a Lambertian surface will be equal for all viewing angles. The

surfare will thus look the same from different viewpoints,

Essentinlly, the assomption nsed in this thesis is that the lightimg and the optical properties

of the surface are such that it looks the sane fronn different viewpoints,

4.3  Visibility

Thiz section deseribes the effect of visilility in the reconsteiuction pracess, Yisibility, as defined
in the context of tlis thegis, mefers o the abilily of a cainera Lo see a particulae portion of the
snrface of the target object.

The visihility information is reguired to determine the photeconsisteney of the surface of the
model. This is illuestrated by Figure 4.3 which demonstrates why visibility mformation is
needlod.

As Figure 4.3 demonstrates, visibility inforination is needed Lo reject caners, views that canot
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Surlace patek (View of camera A)

Camse B

Camera A

rd

"

View of camera 8 4

Camesa C

Figure 4.5 Diagrao hasteating the consequences of not baving visililily mformation. The surface region
cesipnated “sarlace paleh™ Tis oo the sarface of the objeet and should be plotoconsistent. However, due e
e daek of wizililily indoemation, Lhbe surfiwe tepion §s labelled as inconsiztent due to the disagresment hetween
camera B and the othor teo caneras & and £

see the surfuce of the obyject und therelowe provides invalid information.

As stated, the visibility mformation is vital to 1he sconrale recoustiuction of the target object.
The only intormation available to the reconstruction algomthie are the canera parameters
and viewpeints of the target object. lo ealeulate the visibility information acenrately requires
a moddel of the target object s a starting point. Herein lies the difficulty e reconstructing
objects nsing photoronsistency: the model 15 required to determine The visibility and the
visihility is required to determmine the model, Therefore, the swiface striuctnre anwd visibility

need to cstimatod at the same Bime during the reconstrietion process,

It is possible to estitnale the visibility information rom the vigual holl, sinee the visual loll
is al approsimation o the surface of the object, The drawlouk 10 dsing the vizaal Inll
ts that the silhoucttes are reguired and the sisiwility informatiom deprades the Liether (he
actial surfucs 35 fronn the wisual bull. The algovithms presentod in this work use an Werative

procedures Lo calealabe visilility
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4.4 Photoconsistency measures

This section lists a number of photoconsistency measures, some of which are mentioned in
[5].

If a surface region of the target object is projected into a camera view, the set of intensity
values of the pixels that it encloses is defined for the purposes of this text to be p;, where {

is the number of the corresponding camera.

Assume that the set NV is the set of all cameras used in the reconstruction and the subset
V' contains all the cameras that have direct, unobstructed line of sight of the same region of

surface.

Assume that a set P is defined to be the union of all the sets p; where i is an element of
V. In other words, P is the set of all the pixel intensities from all the cameras that have an

unobstructed view of the same surface region of the target object.

P=Jp viev

4.4.1 Standard Deviation

Given that P(k) represents the k™ element of P, the standard deviation measure o is calcu-
lated by

[P
o=\~ S (P(k) - E{P})? (43)
[Pl
1 |P|
E{P} = B > P(k) (4.4)
k=1

where | P | is the number of elements in the set.

This measure assumes that if the spread of the colours in the set is large, then the voxel cannot
be consistent and the standard deviation will be high. Conversely if the spread is small then

the pixels are similar, the standard deviation is small and the voxel is photoconsistent.

In order to discriminate between a consistent and inconsistent set, a threshold needs to be
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defined whereby any value below the threshold is considered consistent and every value above

the threshold is inconsistent.

This measure suffers a drawback. If the surface of the object is highly textured and the
surface patch is large (as it might be when using the voxel representation), then the spread

of the colours in the set will likely be large, and therefore the measure will be high.

A voxel is labelled consistent if the standard deviation o is less than a specified threshold.

4.4.2 Adaptive threshold

The adaptive threshold measure is designed to compensate for the drawback of the standard
deviation measure. The reasoning behind adaptive thresholding is that regions which have
high texture will have a greater standard deviation. Therefore, the standard deviation of each
set p;, designated a;, is also calculated. The average of these standard deviations is calculated

to give an indication of the spread of the pixel values due to the texture of the surface.

The value of the adaptive measure 7 is then given by

1 V]
T:a’~a|—v~| Z(Ti (45)
i=1
1 [pi]
7= g 2n k) - B{pi)? vieV (4.6)
k=1
|pi
Ei{pi} = ,Iprk) VieV (4.7)
k=1

where 7 is the standard deviation as calculated by (4.3), p;(k) is the k™ element of the sct p;

and « is a weighting factor.

As with the standard deviation measure, the voxel is considered consistent if the value of T

is below a certain threshold.

The disadvantage of this measure is that it requires a predetermined threshold and weighting

factor.
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4.4.53  Histogram

The histogram metlod calenlates consisteney hased on the indersection of eolowr histograms.
For ench set g colour ldstosram is gencrated. Pairs of sets e oxtraetod and e histograms
vompared, 10 che histosrams are net a match then the procedire 15 bhalted and the result
renitcies] ig 1had of nconsistency.

In this method, o ratehing lnnetion needs o be defined which determines whelher il pairs

ol histograms are a match or not,

Tor example, |8] deseribes a histogram bised photoconsisteney measure of which the rradeh
measure declares a histopram to be s match i any two correspomding histogram bins ace

non-cmpty.

4.4.1  HRoot mean squarcd

The BMS rrisnme was developed 1o address an apparent shorteoring of she slandard devi-
ation messure. Pholoconsistency reasoning assumes that a surfiuce region s nov consistent if
any oTwr ol the sel of crineras that can sec that sarface does nod ageee wich any other camera

in Lhatl sel.

The standard deviation measare opcrates by determining the speead of the pixel colors
abtained [rom 1he set of cameras V. Fxporirnents indicate that the measare may e slloctod

by the murnber ol cameras used 0 the set

In the experimertal procedure, two viriables X oand ¥ corresponding to two normal distriba-
tioms aromnd two diTerent rmeans ace delined, The two variables represent the pixel infensilies
obtained from waricms cameras. A surface 1s defined to be consistont if che pizel intensities
are similiy. LThis secnario s stonlated by Dorming o set of values compasel of purely variable
X o wariable ¥, The scenarin whers the surlace is inconsistent s simmlated by lorming a st

composed of o mixture of varisbles X amd ¥

Agsries @ seenario whers g single set ol pixel intensitics sadractod from the sel of camera
images idicate thad 1he sticlace s inconaistent, As the nimiber of comees noages with similax
el intelsivles = oadded, 1he overall standard deviation deereases. This eorresponds 1o a

redured photoconsistency orror. This is illustrated in Figare 4.4,

This experioent indicates chat 30 chere g o large proportion of sirmilar pixel iniensities to

non-similar pixel intensitics then the crror is redueed. This 15 nuaceeplable as this effect can

cause 4 surface region to be incorrectly elassifiod.
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Figure 4.4 Besalts of the exporiment showing the Jdecrease of the plotoconsistency crver, calvalatad asing
standard deviation, as the munber of raneras vsed by the measure s inorcazod,

The BMSE evror tneazure wias developed sy an alternative. This particular racasure calenlites
the maximu s root tean sonared ecmor ol the elements inoeach sot py, 1€ 1V from the assnmed
eolour of the wsel undergolng the dest. The colour ol the woxel s assumed to be the average
of all the colr elements I the set P The moxdmmm reot mean squared oTror 18 rotained
and comparcd oz set threshold n order to deterinine whether the veseel nnder consideration

is comsistent, That s

4 [
1 ) - :
Ems —minx 0 — > ki — E{P} o VieV {4.8})
\lwl =
L
ElpP = (7 S (k) (4.9)
k1

where | py | is the mumber of clements in each set gy and (k) is the & clement of the set

This measure was defined based om the following asswmptions, If a voxel is censistent, then
the average coloar of the voxel will be close Lo the individual elements in che sets py provided
that the surface of the target object is non kighly textured, Therelore, the ertor measutement
will be loaw ol the voxel 35 declared to he eonsistent. 1 the voel 18 ot consistent, then one
of the sots should return a larger crror value, This larger error saloe prevails and the voxel is

mwre likely 1o be labelled as inconsistent.

Sirnilar experiments as condueted nn the standard deviation measare, shows thal Lthe error
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irevvenaes a5 Lhe tnber ol cameras is inereagsed. This is lusd cated o Figare 4.5, An inereass
i ereor s nob oplinal as he measare s sl depenidend oo the nneober of cameras, however,

il i preferabile fo havinge the error decerease.
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Figure 4 5; Hesults of the experiment. showing the increase of the photoconsistency error, calenlated nsing the
RMSE phedoienmsrsteney mnsmagre, as the ormbaer of carmeras qeed by the measoare s inemeaserd

There 15 a possible veasou as to why the error inereases a5 (e number of cameras inoreases,
The error 15 ealenlaied relative to Lhe mean of all 1he pice] intensities of all the cameras in
set ¥, As the monber of similar pixel ntensiiies 15 added, Lhe mean converges 10 the average
of tlese similar pixel lntensiies, Tlis resulis in an increased discrepancy between the mean

atd the dissimilar pixel inlensities resulling 1o s large photoconsistency el

An improvemend on Lhe wesasiee is o calealate tlie expected colour af e siedace, not from
the mean of all the pixel intensitics, bl Teonn Lhe mblpoinl between the lowest and highesi
mean of each of the sets peoe V. This shoulel Lave the effect of fixing the mean regards of
the number of cameras prosent and therctore cnsuring Lhal Lhe crror is independent of the

oumbuer of cameras wsecd, Therefore, the revised RMSE cquations are:
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1.5  Reconstruction using Graph Culs

Lhere is an approach ln the erature which clains ta be fast and claims to produce a good
solution Lo the reconstroction prablen by using a technigac konown as graph cus, This
approach finds o solution that bas the minimmum pessible pliotoconsistency orror given the
avallable camera views, Two papers, using thiz approach, deseribe methods 1o create a voxel-

Lased mundel 9] atd asteveo depth ap B0

The graph ent technigue aperates by tnding a partionlar state, oo massive system of inter-
connected elements, referred to as a graph, which tinimizes the connbined crrors associated
with the interconnections hetween these elements, Methods of how to construct o sraph from

cottain encrgy fanctions are doscribed in [11].

Thie veshimiepues et bes applied fo wowel based reconstrictions by assigning an element or tiode
ol e graph to each wecel. The photoconsistency orrars associated wich dhe voxels are encod ol

inta the intereonnections betweon the nodes,

The technigue vperites by dividing the components of the graph iolo two sets, koo as the
suree anid the sink sev. Tlng, the state of the voxel, whether pard of Lhe mode] o node, eoan
b aletermined Ty whether the node corresponeing o that vosel is parh of The soures ar sink
sede All the noddes in e souree setoare linked to o node known as the soweee rode and all the

vocles 11 vhe sinds set oare linbked to 8 node known as the sod node,

Therefore, the consfrainls of Lhe systenn can be encoded into this framework osing vilues
associated with Lhe inlerconnestions beteeen fhe nodes and the solution can be exiracted by
determining whedher & node i poart of the soaree sct or part of the sink set. The graph cut
i the boundary or bosder that deternines which sct a node 15 part of. This graph cot can
bie calenlated in a munber of ways bl Ahe Lasis of finding the eud is the mas-flows Smin-cud

theorermn ol sed theory,

H the graph can be thuught of as a systenn of pipes connecteal] to each other with water Howing
fromm 1he souree node and draining ad the sink node. Uhe capacitics of the pipes are related 1o
the value of Lhe comnecions beiween 1hie nodes. The max-fow Smin-cut cheorem states that
the graph eut corresponding to the minimwm error in the system cian be caloulated by Anding

the pipes thist aee suturatod, or which carry their maximum capacily of [ow.



Chapter 5
Obtaining datasets

Tlis chapter provides an overview of how Lhe dachzels wsed i this thesis wers obtained.

The datasels consists of a number of camera images or views of the objeet to be modelled,
hereafler veferred 1o as the target object, The number of viewpoints do vary for cach dataset,
but the viewpoints were choscr in such a mannmer as to view as much of the of the target
ohjeet as possible amd to ensure that each point on the surface of the target object can be
viewed Ly at least two cameras, The target ohject was placed an a calibration grid or pattern.
This pattern 18 used to detertnine the focal lengeh and relative orientation of the camera. for

that corresponding view, A winlmm of 13 canera views wers oblains],

The lighting was chosen to be us diffiuse as possible and the target objects were chogen for the
sirface optical qualities. Objela wilh highly specular swrfaces such as glazed pottery and
Lranspratent olijects sich as plass were ool ased, Sote of Lhe ohjects are made of plastic and
the surfaces tend to be non-Lambertisn, Therefore, harsh or spot lighting was avoided so as

tor minimire the specidar highbights that swonld reselt from @nch lighling

The hinages are calibrated nsing the Caltech Blatlatb Calibration Toolbox, which at the vime of
writing, @ avallable freely from the Caltech website [14]. This toolbex can determine the focal
lenpth and relative oeientation of the camera if provided with the corners of the calibration

pattern and the ovipin of the calibralion pattern. This ks o menusl process,

A mmmber of datascts were generated bab only three were used in the evaluation process. The
toy lion dataset. the toy swimals dataset and the brick fragment dataset. Figore 5.1 shows

one image from cach of the datasets. The rest of the moges are presented in Appendiz A

Once the camern eslibration Inforimation was obtained, the silhonetbes of the objecls were
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Figare Bk A singhe imoaee rom the tow lion dotaser, the toy annals dotaset and the ndck framnent dataset

ereated by mannally segoenting the images using a image obiting tool, These silhonettes
are nob Used inothe reconstruction process but are used to cvaluate the accuracy of the

recnnstrme s,



Chapter 6

Description of the developed

algorithms

This chapter provides an overview of the various algorithins that were developed to implement

the task of photoconsistency based model reconstruction.

The first section of this chapter describes the set-up of the reconstruction process. This in-
volves defining the voxel space and loading the camera parameters needed to perform the
reconstruction. The second section describes the estimation algorithm. The estimation al-
gorithm attempts to estimate the best photoconsistency threshold for a given dataset which
is then used in the reconstruction process. The second algorithm described is the blob ren-
derer. This was developed so that different views of the reconstructed model can be rendered
according to the camera geometry provided. The rendered views allow comparisons to be
made between the model reconstruction and the actual camera views in order to determine
the accuracy of the reconstruction. The final algorithm discussed in this section creates the

computer model from the camera views using photoconsistency.

6.1 Process set-up

The reconstruction process needs a mathematically defined space in which to perform the

reconstruction. This is achieved in a number of steps.

e Load the camera views and corresponding camera parameters.
e Define an origin point of the world that projects as closely as possible to the center of

27
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all the camera image planes.

e Create a voxel grid centred on the world origin point.

The first step is to load the camera images and the corresponding camera parameters. This
information is stored in computer memory for quick retrieval. Storing the images in computer
memory lowers the computational time but limits the resolution of the images that can be
stored. The higher the resolution, the greater the amount of memory required. The resolution
of the images used in the reconstruction process is 640 by 480 pixels. Using this resolution,
the amount of memory required to store an image in all three colour bands is approximately
1MB.

The initial shape of the computer model was chosen to be a sphere. A cube shaped model
has the disadvantage of hiding camera views due to its shape. This poses no problem if
the reconstruction uses the silhouettes of the object under reconstruction. However, if the
algorithm uses photoconsistency, a cubic shape could cause voxels to be incorrectly classified
as some camera views that should see the same region of surface are occluded. A spherical
shape allows the surface of the voxel grid to be seen by as many cameras as possible if the

cameras are uniformly arranged around the object.

The camera images are views of an object that lies in the physical world. As stated in chapter
2, the origin and orientation of the world reference frame is arbitrary. In the case of camera
parameters generated using the calibration grid measure the world reference frame is arbitrar-
ily set to the camera reference frame of one of the cameras. Once this is defined, the model
will lie somewhere in this world space. The generated voxel grid should completely enclose
the space occupied by the model. This is accomplished by setting the radius and the center
point of the voxel grid. The radius is set manually and the center point is estimated. The
radius of the initial sphere is selected to exclude as much of the background as possible. This
was done because large amounts of consistent background causes the estimation algorithm to
fail due to certain assumptions breaking down and also results in incorrectly labelled voxels
in the the final reconstruction. If the background is consistent then it may be possible to

automatically segment the views to obtain the silhouettes.

The center point of the voxel grid is set to the estimated center point of the model in the world.
This center point is cstimated by finding a point that most closely projects to the center of
each image in all the available camera views. This estimate is based on the assumption that
the cameras are all pointing in the direction of the target object and that the target object

is centred in the camera view.
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6.2 Estimation algorithm

The purpose of the estimation algorithm is to attempt to automatically find the best photo-
consistency threshold. The algorithm operates using the voxel representation of the object
surface. The algorithm begins by scanning the voxel grid, using no visibility restrictions,
and determines the photoconsistency error for each voxel. These photoconsistency errors
are stored as a vector. The mean and standard deviation of the photoconsistency errors are
calculated and the photoconsistency threshold is set to three standard deviations below the

mean.

The assumption behind the estimation algorithm is as follows. A voxel is labelled as part of

the model if two conditions hold:

e The voxel is located on the surface of the model.

e The occlusion reasoning is correct.

Since visibility was not taken into account in this instance, most of the measures returned
from the scan of the voxel grid will correspond to a value of a voxel that is not part of
the model due to one of the aforementioned reasons. Therefore, the photoconsistency errors
obtained should represent the spread of values that are associated with voxels that are not
part of the model. Histograms of the photoconsistency errors indicate that the spread of
values is Gaussian in nature. The mean and standard deviation are used to model this spread
of values. A value is considered to be outside the distribution if it is more than three standard
deviations from the center of a Gaussian. Hence, the highest threshold chosen outside this
distribution should be the upper limit of the values associated with a correct voxel. Any value

below this threshold indicates a consistent voxel.

This method fails in the case of images having a consistent background, for example, a single
colour backdrop. Then the assumption that the voxels return an inconsistent value fails as
it is probable that a large number of voxels will project into this consistent background and

thus be labelled as consistent.

Some datasets were evaluated to determine whether the assumption that the scan of the voxel
grid, without taking visibility into account, returns values corresponding to the inconsistent
state holds true. Two histograms of the returned photoconsistency values under different,
scenarios were generated. The first scenario involves a pass through the entire voxel grid with
no occlusion reasoning. The second scenario involves a pass only through the voxels contained

in the visual hull.
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The expected results of the two different scenarios are as follows. In the first case, the values
returned by the photoconsistency measures should correspond to inconsistency according to
the assumption made above. Therefore, the histogram generated should model the distribu-
tion of the values associated with an inconsistent voxel. In the second case, the visual hull
should be a reasonable approximation to the actual target object and the photoconsistency
values returned should correspond to a consistent state. The resulting histogram should model

the distribution of photoconsistency values that are associated with a consistent voxel.

By comparing these two histograms, an estimate of the validity can be made of the assumption
that the pass through the voxel grid without taking visibility into account, returns values that
correspond to inconsistency. Figure 6.1 shows the comparison between the two histograms

obtained from the toy lion dataset, the toy animals dataset and the brick fragment dataset.

6.3 Blob renderer

The blob renderer generates an image of the reconstructed model from a specific camera
viewpoint specified by a projection matrix. The renderer is designed to be used with the

voxel representation of an object.

The voxel centres, sizes and colours are passed to the renderer, along with the projection
matrix of the desired viewpoint. The renderer projects all the voxel vertices into the image
plane. These vertices define a polygon in the image plane. For simplicity, the polygon is
approximated by a rectangle. To model occlusion, a buffer is kept in memory listing the
distance of each voxel center from the location of the camera in the world reference frame.

The reasoning behind this occlusion modelling is as follows:

If the voxel is closer to the center of the camera then it is closer to the virtual image plane
of that camera. Therefore, voxels that project to a similar location in the image plane are
ordered by distance from the center of the camera, resulting in a rendered image where

portions of the model that are occluded are not rendered.

6.4 Occlusion mask algorithm

The occlusion mask algorithm determines which voxel can be seen by which camera. It allows

occlusion reasoning to be incorporated into the reconstruction of the target object.

The operation of the algorithm is simple. The distance of each voxel to each camera center is
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calenlated iv world coordinntes. The voxels are then projoeted wto the virtual image plane of
each camera. This itnage plane s referted to as the buffer, The region that the voxel projects
tooin bhe hoffer is appraximated by a rectangle and then marked with the distance of the

voxel to the eammera ¢enter. Ths step of the process 18 illustrated in Fizure 6.2

Camera certer

l’u,-—.l.__

Rag or A

Fipure 6.2 Tlnstration of the process fo create Lhe ccclusion bullor.

Il the cenrer of the regien in che buffer alveady has oo value, then this value s compared to
the calowlsted dastance of the woxe] [tom the ceuter of the camera. 10 the value in the buffer
iz saller, then the vonel 1= narked s= occluded for that camers. IF the value in the buffer
ig wreater, thon the voxel 3 msrked] sz visible aod the buffer 38 overwntten with the smaller

clist e,

T prasses wre wade througl the vosel grid. The bBrat pass finds the voeels closest to the
camera and the secovd pass labels all olher voxels that are further away along the same

optical miy ss aocladed,

The limitations of this algarithm are that it marks voxels as either oceluded or visilble, This
can lead to holes being farmed in the voxel grid where partially occluded voxcls are marked
as fully occlided and are not covsidered in the reconstriction process. Tn oan attemipt to
cotnpetisate For this, voxel siee = bhadved in the eadoulations. This forms small gaps in hotween
the voxel prid allewing vosels ooe layer deep to be classilied as visible. Figure 6.3 illustrates

the effect of halviag the voxel size on the visibility abelling,

This procedure does hawe the unfortunate side offect of labelling some occluded voxels as

vigille. Hewever, this side effcct should aot penctrate decper than two voeel Layers.
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Pa aly crcluded waxe
Czuten wee < wakal labrded as viséle

o
=, Pmjaclion o weael cenie:

- ITaa5e plata

Figure f.3; Diagram ilustrating che affece, on the wisibility labelling of voxela, of balving Lhe wouel siee.

6.0  Photoconsistency-hased reconstrietion

This section describes the algorithm used 1 {he thesls to generate models without using

sillipuertes as g starting point.

Tao caleulate visibility, an iterative process 15 used whereby the visibility of & starting model i
calculated and vsing this infermation, the phaotoconsistency of the surface voxels arc evaluated.
A new madel is formed based on the photoconsistency results and the visibility recaleulated.
The pracediwe 1= ierated based on the assumption that it sill converge to an acceptable

selution wherely both the conditions ol visibility and photoconsistency are satished.

There is an alporithun described ia |13 that uses o table linking the visibility and congisteny
state of voxels. TF the vowel state s changed fromw consistent fo meomsistent, the table iy kel
Lo determine which vowels shoubl be re-ovaluated seith the changed vi=ihilite. Rather Thae
nsingg w Lahle, the algovithin used in this thesis simply cecaleulates The visihilily ol all The

verels inoeach iteration, This 35 a sipler il more computationally expensive process,

Thix algorithin nscs a laver-b-laver approach to reeonstruct the target alject. The acelusion
esfimnate of the ontermost loser of the corrent wodel estimate of the object is found using the
geclusion algorithun, Onee this ceclusion estimate is obtained, the vertices of the voxels in the

uilllermost laver are prajocted into the canieea image plancs, taking visibility into aecount.

The correspomwling Tmage projection is approxiated by o veetangle. All the piveis colours
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that are contained in Lhe rectangle are stored o a set for each colour band: red, green snd
bl

{nce this process is complete, cach voxel will have 3 scls of pixel colours for each camera.
These pixel colours are processod by the pholovonsistency measuce and & resnll returned.
The resull determines wheiher the voxel 15 consislent or ool IF the voxel @ consistent then

i s relained, edherwise tnis discarded Tromre 1w vosel arid.

Chice Wos process bs completed | some of Lhe voxels anay have been reanoved froin 1he model
resulting 1o some of the woeels o the next layer o be evposed. Therefore, the occlusion
eslitnate 15 recaleulated 1o 1ake inbo aceount the chanoed visibility of the newly exponed

vimels,

This process is repeated, Laweer b Tagrer, nnbdl thiere are o roore weorsistent voxels. The final

set of voxels should define the photobull of the object.




Chapter 7

Results

This chapter presents the results of various experiments conducted to evaluate the perfor-
mance of the algorithms described in chapter 6. The first section of this chapter describes
the experimental procedure used to generate the results. The second section presents the
results obtained from the experiments and the final section demonstrates the effect that a

large amount of consistent background has on the estimation algorithm.

7.1 Experimental procedure

Four experiments were performed on each of three datasets, to evaluate the performance of
the algorithms. Each dataset contains a number of camera views of an object and the camera

calibration information.

First, a model of the object is created using a 121x121x121 voxel grid. In a “leave-one-
out” procedure, a single camera view is excluded from the dataset, hereafter referred to as
the reference image, so that an evaluation of the accuracy of the generated model can be
obtained. By not using this camera view in the dataset, a better estimation of the accuracy
of the reconstruction can be obtained as the information provided by that camera view is
not used in the reconstruction process. The estimation algorithm is used to calculate the

photoconsistency threshold.

The size of the voxel grid was set manually to the smallest value that still ensured that the
voxel grid encompasses the entire volume that the computer model of the object occupies.
The smallest value was chosen to maximize the resolution of the computer model and not to

include too much of the background.

35
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Once the computer model is generated, an image of the reconstruction is rendered, from
the same camera viewpoint as the reference image, using the blob renderer algorithm. The

reference image and the rendered image are compared by using an accuracy measure.

The accuracy measure is based on root mean squared error (RMSE). This measure determines
the error between two images by calculating the mean squared error of the difference between
corresponding pixel intensities in the two images. If the images are exact, then the error will

be zero. The measure is defined as

1
Erms = mZ(Il(x) *IQ(:L‘))Q (71)

The pixel value vectors I7 and I, are obtained by extracting pixel values from the reference

image and the rendered image respectively.

The sithouettes were used purely to remove parts of the reference camera image that are not
part of the object itself. This prevents large errors caused by the background being present in
the reference image but not being part of the reconstructed model. Using the silhouettes has
the side effect of removing pixels from the rendered view that may be due to erroneous voxels
in the reconstruction. Therefore, any extra pixels outside the silhouettes in the rendered view
that do not have a value of zero are compared to the reference image to determine if it is in
fact consistent with the scene even though it is not part of the target object. The value of
zero was chosen because the value of the blob renderer canvas is initially set to zero. Any

pixels that do not have a value of zero forms part of the projection of the computer model.

For example, objects placed on a calibration grid will cause both the object and the calibration
grid to be reconstructed, since the calibration grid is consistent in all the views. However,
the silhouettes would normally be constructed so as to isolate the actual object. Therefore,
the reconstruction algorithm should not be penalized for reconstructing the calibration grid

even though it is not part of the desired model.

An error map is generated indicating the distribution of the pixel errors and can be used to
evaluate the accuracy of the computer model. The silhouettes are not used to remove the

background so that a better visual estimate of the reconstruction can be made.

The second experiment evaluates the operation of the estimation algorithm by generating a
number of computer models using different voxel grid resolutions. The resolutious span from
a 21x21x21 voxel grid to a 121x121x121 voxel grid. Six computer models were created for

each resolution, with a different reference image left out of the dataset in each case. The same
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HMS error measure was used in each case to evaluate the accuracy of the reconstruction. The
restlts of these experitnents are tabulated in the reconstruction results scetion for each colour
band.

The third experitnent calenlares the RMS crrar of a reconstruction, using the second svariant
of the RMSE photaconsistency measure, a8 the photoconsisteney threshold is changed. The
results of this experiment detnonstrate what the best photoconsistency threshold actually
is. The accuracy of the recovstruction using this threshold can be compared to the aceu-
racy results of the second experiment, where the threshold was selected using the esthmation

algorithm, o order to determine bow effective the estimation aleorithoo s,

The Lol experitnent demonstraies the difference i performance hetween the suandad
deviation photoconsistency toessure ated both varioots of the RMS photoconsistency toeasure.
The voxel grid resclution used in this experiment is 6 lxblx61. The threshold is stepped from a
hizh to a low value, At each step, the aceuracy of the resulting computer model reconstruetion

iz evaluated, The results are presented in the next section.

A seperale experitient demonsteades the detriimental eflect thar o large atonnt of consisient
background has on the estitnation algorithm and alse provides o possible solution to lessen
this offect.

7.2 Object reconstruction results

7.2.1 BReconstruction of a Loy lion.

Thix sybmection deseribes the resnlis obtained from the experiments done geing the toy lion

elati=et.

Camera views

Figure 7.1 itlustrates some of the camers views wsed to generate the computer model of the
ibiject.

Views of reconstructed model

Figure 7.2 illustrates some of the views taken of one of the reconstincted models. The res-

clution of this mode] s 121x121x121 vexels. The camers view set aside lor nmeasureent
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-

Fimure 7.1 Selectod camaera views of the lov lion

purposes was view 1o The venainiog 12 views were used it the teconstruction prowvess.

Pigonre 7.2 Sclectod vicws of the recorsbroetod L,

Clommparison imapges

Pignre 7.3 shows the two images used to detenine the aconracy of Lhe reconsioiction,
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Figure 7.3 Tmages naed in bhe comperiso process. The image on the e s the ackoal camera view of the oy
lioark wehiile vhie imeie on bbe bt 35 Chie rencdered view of te reconstraetion froo Cie saine calnera viewpoint,

Error map

Fizure T4 is thie map of the BMS error botween the pixels i the comprarison fuage and the
rendered model image. Dark aress indieate low error while lighl areas indicate high error

The silhoucttes are not used to remove the barkgroond.

Performance of the estimation algorithm

Tables 7.1, 7.2, and 7.3 list the RMSE values for cach colour bund obtained by comparing the
reconstyucted model with the view that was kept aside. These are the results of the secotid

expreritnent nsing the toy lion datasct.

Tabile 700 Bed eolour Baned BYET values bor different resolutiomi reconstooetions wsiog the foy lon dalaset

Yipw 1 P % 4 5 H Mean

Brsodution
x21x21 | 2178 2360 1706 21095 1960 2483 | 21.47
41x41x41 791 1737 14482 1774 16T 1932 | 1734
Alx61x61 1701 1737 14492 1774 1879 1932 | 1744
Rlx®1x51 2662 24.M2 Z21.TH 2187 2370 24.66 | 2374
T x5 26,47 2509 2148 2150 2328 2532 | 23.86
121%121%12] 25 1) 2372 1083 21928 22(0 25021 | 2287
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Figire 74 Ted dodour band TMS erner moap of the toy lion reconstraction

Table 7.2 Green celonr Tend BRMSE walis for different resclution reeonst roetions using Ahe toy Hon datazet,

P View T 1 AL 3 5 6 | Mean
Resoluiion !
I1x21x%21 TIONT 2208 484 2084 U817 20081 1916
Alxlxd] 1686 15096 1208 1602 1430 16.45 | 1317
61x61x61 1872 20,74 14.83% 1816 16.69 17.58 | 17.78
§1xR1xR1 3058 2270 20012 2063 2106 21.7% | 21.79
101x101 %101 2488 2312 1964 20086 2123 2232 | 21.84
|121}<1'21x121 4149 2185 1800 15491 1908 A0 1 R
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Tablis 723 Blue colow kel RSE valucs foy dilfevent tesalution reconstructions using the toy lion Jdatascet,

Resolution
21x21x21
dlx4lxd1
61x61x61
HlxsIxR1

101x101x101
| 121x121x12]

T

18,490
lt55
1544
23.24
23.04
L

2

ST
las
159,54
2171
22,02
2087

a

13015
1052
14.14
18,95
1547
1l

4

2023
1558
17.59
19.86
15.35
19434

5 6 Mean |
18.63 2076 | 19.57
(381 16.537 | 15.00
16592 1744 | [7.30
X173 2117 | 20,95
W42 21.76 | 2100
121 2139 | 2005

Table T.4: Computabional tiee required by the reconstroaction proeess i the tov lon dataset (in secooels).

View A 4 3 £ Mean

Resalulion

21x21x21 2050 29,58 20.53 30,0} 20,56 3=

Jixdlxd] V3.6 i i T2Gh 4.0 Ll Lin 135

1] xB1x61 16558 17003 16864 17266 16338 | 2m 49

Slx81xs1 : 404873 416,06 424,63 401.53 39545 tim Hils
10110 =101 ! il R 934,35 Qo8 1710 1147.30 | 16m Sls
121%121%x121 | SU10.3 19840 1906 180820 2105.60 Adm 538

Aceuracy verses Photooonsistency threshold

Figire 7.3 illustrates how the scegraey of the reconstrieted model changes s the pholocon-

sisteney threshold is changed. The resolution of the voxel grid used in the recongdraction

process is 0lxglx61

Comparison of different photoconsistency measures

Flgwre 7.6 shows the differcnee in the perfovimance ol three different photoconsisiency mea-

sures, the standard devial lan messiee and both vaciants of the RMSE pliotoconsistency ervar,

The thresholds nse been normalizeal for better representation. Uhe resolulion of the recon-

striaction used to obtain these praphs is 61x6lxt]. The aceuracy resnlls are ablained from

the BAS ertor of the comparison images in the red colour band.
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Figure T.6: Graph ilnstrating thw dilfemence in prrfiomamce bolwoen thooe pholoomsistency measures used (o
create o comnpuber model of the oy Soo,
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7.2.2 Rceconstruection of a collection of toy animals

This scetion prescnts the results ehtained from the experhiments using the toy animals dalaser.,

Camera vicws

Figure 7.7 illustrates ammc of the comera vicws used to generate bhe computer model of the

nbject,

Fazure 7.7 Camers views of Bhe toy anitnals dalaset

Views of reconstructed mode]

Fignre 7.8 shows three views of the reconstrucled collection of toy animals.

Cownparison images

Figure 7.0 show the two imapes used fo determine the aecuraey of the reconstraction,



7.2 OBRJECT RECONSTRUCTION RESULTS

45

Figaes TRz Sedectesl wiews of the peeniistnieLiog s L toy anitnals dataset,
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Figure ¥.9: Tmages wsed in the conmparianm process
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The image om the left s the actieal camera view of the

fawy animals whihe the dnmge oo A right G the aoulered view ol the ceponstroction fron the sanu: calnecs

virw point
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Frror map

Figure 7,10 shows the error map obtaimed by using the RAIS measure oo the comparison

images,

150
200
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00
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400

450

100 2003 300 400 Lol GO0

e VoA Borl eckhoor baud RBMS ormor wmap of the recostoetion of the ftor animals

Performance of the estimation algorithm

Tables 7.5, 7.6 and 7.7 pregend the resules obtained from the aceuracy mweasnrements of the
ilifferent model reconstrietions of the tov animals dataset. The average computational thne

required by the reconstriction process is presemted in Table 7.8,
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Takle 7.0 Red band BMSE values for different resaliulion reconstoietions of Lhe Loy animals dalaset.

Tabee T6: Gresn liand IRMSE valoes lor didlizrenl vesolation roconstoictions of the Loy

Roesalution

414 ixdl

Glxbixfil

HlxHEixR]
1011 =101
121%12Tx121

Viowr

1633
1825
20.62
21.86
22,06
2231

1423
16.59
2256
23.74
2289
22.00

View | 1 2 3 1 5 6 [ Mean !

Resolubion i
Zlx21x2i 222 ALLT Z3ET 2305 258 Q2R EEah
41x41x41 15001 1875 1842 1802 [870 1780 | 1828
filxtil xf1 2240 2062 1963 2004 2185 2030 | 20.81
RlxRIxE1 2358 2191 1942 1995 2206 2114 | 21.3%
=1t 101 2384 2217 1034 1B 2182 20.79 | 2108
121x121x121 2206 2246 10080 AMESD 21.58 zlzé 21,28

anbmal:s datasel.

= £ "8 6 | Mean
1862 243 20015 19.66 | 19,40
1661 1703 1740 1707 | 17.3%
1080 2011 2208 1909 | 20.84
1060 1982 2245 21408 1 2144
1928 1991 2155 20.51 § 21.03
1077 20,25 2156 20098 | 2115

Talde 7.7 Blae Iand BAERE values For didferent resohilaom ceconst ot wns o

View | | 2 3 1 3 6! Mean

Resolution. WA oty L
Hx2ix2] 2LTH 2077 2010 2327 X056 2191 21.23

| 4lx4ixdl IR08 20,41 I1R91 21014 1953 19.77 ¢« 19.70
L G1xB 1 xiil 2446 2254 2345 2208 M3 22421 K3
B1xB81x41 2602 2376 2300 2240 2537 2372 2404
TWH I x i 95000 2388 2243 945 41D 2307 2452
C121x121x13) 2406 2410 22090 2258 2417 23.74: 23.59

1 b Loy anivels datisel.

Table 7.8 Computaticoal time required by the reconstiuclion process using Lhe toy animals datazet {in

aecomda).

rive Yiew
Resolution
P B
41x41%41
filxB1xkil
BlxElxs]
103 =10 <101
12 =12 1121

2H it

TE_A
21404
G32.50
113724
| S4Y2 D

| 3 4 5
anSH 2EB1 02 URRM
75.63 T7.54 T6.15) TR, 2K
JO5.TH 2UNRY 20353 217.50
235 61184 63805 60413
113960 11638 J16M30 97242
1963.20  1695.00 199110 171140

th

2044
TH.02
2005401
556,70
1181 10
SHI5.5)

Aenn

Py
lin 17s
dan Ay
Ithn 265
12m 44
31m s
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Avcuracy verses Photoconsistency threshiold

RESULTS

Fignre 711 illustrates how Lhe acouraey of the reconstreeted model changes as the photoean-

sisteney threshold s changed,
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Figure 7.11: 1'laf of accuracy versed photocousistency threshokd usiug the toy animale datiset,

Comparison of different photoconsistency measures

Figuwre 7.12 shows the difference iu the performanee of three different pholoconsistency mea-
stires, the standard deviation measure and both variants of the RMSE photoconsisteney error.
The thresholds have bren normadized for hetter representation. The resolation of the recon-
strnction used ta abtaiu these graphs is G1x61x61. The aceuraey results e oblained from
the RMS error of the comparison lmages in the red colour band.
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Figure 712 Graph illustrating the difference in performance between Uhiree pludocrmsistency measins 1wt
to create o computer mode] of the Loy animals.
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7.2.3  Reconstruction of a brick fragment

This section presents the resulés chtained o Che expernmenls using Lhe brick fragment

dataset.

Camera views

Figure 7.13 presents soine of the camera views wazed in the roconstroction.

Figure 703 Scelected cionera views of a boick fraerent.

Views of reronstriacted model

Following the same format as before, Figure 7.14 prasents sote selects] views of the Feoon-

structed brick fragment,

Reconsirociion acenracy resnalls

Tables 7.0, 7.10 and 711 present the reconstruction aceuracy results for ditferent resolution
voxel grids for the brick fragment dataset, Lable 7.12 presents the computational time re-

guired by the recomstruction process,
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Talde 7-11: Bl volonr eand RMSE values for differont resolution reconstructions wsing the brick fragment

daraset,

View | 2 3 4 3 6§ Mean
, esoludion e
‘ Ix21n2] 1954 2143 2140 2475 2100 25010 [ 22.20
| 41x41x41 1417 1456 1551 1687 20.44 IH.'.-Mi [ 63,40
| 6lx61x61 1229 1301 1700 1710 1993 1621 1 1506
| RIxR1x81 1317 1484 2440 2059 2181 2064 1946
L 101x101x101 1816 INTO 26,08 2322 2205 2702 2269
| 121x121x121 021 1990 2589 2408 236408280 201

Table 712 Computational tiine requived Ly the reconstiuetion process using the brick fragment dataset {in

aononds ).
View i 2 3 1 5 f Mean
IResnlution
21x21x21 4150 4181 3208 4177 4184 4120 12
$1x41x41 COBT.ED 8409 9T20 9490 0706 9527 | DL g6
filx6 L xh1 AM28 20248 20650 19966 20025 20850 | 3m 25
818 181 J46.88 42395  AD2N3 42360 435,76 440.95 | Tin 18y
Lilx101x101 RTS.01 8B2.70 84019 006,25 1007.30  G91.66 | 15m 143
121x121x121 [RO470 193920 349160 167650 154450 1754.50 | 28m 37s
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Fignre 7.15: Plot of accuracy verses photoconsistency threshold nsing the btick hagment datased,
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Comparison of different pholocotisisiency measures

Figure 7.16 shows the diffcrenee in the performance of three different photoconsistency mea-
sures, the standard deviation measure and both vardants of the RABE photoennsistency error,
The thresholds have been normalized for hetter represcntation. The resolution of the recon-

structing used to obtain these graphs s 6luGlx6l, The acearacy results are obtained from
the NS error of Lhe coanparizen images in the red coloor bhand.
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Fignye 7.10: Graph illuzcraking the difference in performanes betwaer three photoonnaistency messimes sl
fry oot s comnpiter model of thye brick ragioenl,




7.4 EFFECT OF CONSISTENT BACKGROUND i

7.3  Effect of consistent backgroutud

The following reconstruction wis performed using o dataset from Welr sourees [13]0 The
dutaset consisted of 24 views of @ evie action ligure. Scane of We camera views of (e obijoet

are shuwn in Figure 7.17.

Fignre 7.17: Some caniers views of the action figare.

Naotice that the background is cesentially (niforin in eolonr, Fhis highly consistent background
resilts in the estimation histopram that contains a laroe percentage of valics corresponding
to consisteney. The histogram of the photoconsistency errors from the pass through the imtial
voel grid and the histogrom oltained from the pass of the voxels contained in the visual hull,

shown ln Figure 718, illustrates this laree amonnt of overlap.

1 H i I.'"'I '
L8 || J II '-I ]
Lk 5
04- [ 1II |i‘ ||| |'I II |'I |II A

i |'|| iII|| II‘-“ o
i [i

g ”

=
—

I
s Hf | DIRE S 1 1
Bt "
& fhy
- T A | 1
| i 1L
0z | / II,-" e X _
1 I| __I'" [ |I 1
R 3 b ol ]
P anil I ._"D'\_
-} £ h[e ] 1% ) 25

Figue 7.18:; Graph illostrating the overlap between the lustoscam of the plistoconsistencys mensires oliained
frun the estimution pass throngh the vwwel grid (blae] and the histogram abtained from the a pass theough
the visual ball (red)y. The Wack line iudicates the inscencats astimatel chireshiold.

The overlap of the twoe histograms resilts in an inaccurate model of the photoconsistency
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vitlues that correspondd to inconsistency. Therefore, the cstimated threshold s very diffecent
from the best value. The resulf is an inacenrate and incomplete model reconstruction ( Figure
7101

Figure 7.19: Inaccurale reconsteuction of the action figure due to 1he presnce n[ larse wmouits of unifornily
enloired backgroumd.

[t Is aleo possible ihai the photoconsistency messure does not have the distinguishing power
needed to create a model with a large amount of consistent backgrannd, I5 the suefoor coloor
of the model is rlage to the calour of the I:n::kg,r{nu;,;!:'ﬁbié}: the measiee may (ail to distingnish
betweon the background and the madel,




Chapter 8

Conclusions and possible future

work

The objectives of this thesis is to perform a review of the literature pertaining to model recon-
struction using photoconsistency-based methods, to develop an algorithm that can perform

the reconstruction and to evaluate its performance.

Some background has been provided on the necessary mathematics and concepts required to
create a computer model of an object. The literature indicates that there are better methods
such as graph cut based reconstruction that are likely better in creating accurate models than

the iterative procedure described in this thesis.

A reconstruction algorithm was developed, based on the use of voxels to represent the model.
The algorithm computes the photoconsistency and the visibility of voxels in an iterative cycle
in the hope of a convergent solution. However, the resolution of the recreated model is highly
dependent on the resolution of the voxel grid used to perform the reconstruction. Coarse
grids allow for a fast reconstruction with small memory usage while finer resolutions require
finer grids and more processing time. The cost of having finer resolution increases by a cubic

factor.

The limitations of physical computer memory pose a problem. In order to use higher resolution
images and voxel grids, more physical memory is needed. Eventually, the limit is reached
and other memory management methods need to be used. Perhaps breaking the model
into sections, processing each section separately, recording the results to a physical disk and

recombining the sections afterwords may resolve the memory limitations.

The results show that the algorithm performs agreeably. However, the estimation algorithm
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needs refinement as it is influenced by large amounts of uniformly coloured background.

The algorithms attempt to perform a reconstruction without the need of silhouettes but
the reconstructions model the scene rather than a specific object. The user needs to define
what part of the reconstructed scene is the desired model. Therefore, either the images or
the reconstructed scene needs to be segmented into desirable and non-desirable elements.
Perhaps, segmentation can be performed using a recognizable background, be it a uniform
colour or a defined pattern. Perhaps the image silhouettes can be generated by segmenting
the images based on colour and whether the resulting silhouettes form a consistent visual
hull.

The use of voxels as a representation of the object is useful in that it is versatile and can
represent any kind of structure. Nevertheless, voxels are not inherently smooth and the
resulting reconstructions are “blocky”. The voxel is only an approximation to the actual
geometry of the surface and the real world object’s surface may have any orientation or
facing. The voxel representation will cause difficulties when further refinements to the model

are desired, such as surface reflectance and lighting effects.

Perhaps deformable meshes can be used to represent the reconstructed model. Meshes can
form a better approximation to a surface than voxels but do not have the same flexibility
and ease of use as voxels. For instance, voxels can reconstruct a model of an object with
distinct separate sections. Multiple meshes would be required to recreate the same object.

An algorithm would have to take separateness into account.

The photoconsistency measures presented in this thesis are based purely on the content or
distribution of pixel colour values. The measures take no account of the spatial relationship
between the pixels. When using voxels, a perfect surface orientation is not known therefore
these measures are a simple way of determining whether that particular voxel is photocon-
sistent or not, yet these measures can return false positives if the colour distributions are
similar in nature. For instance, a particular texture may have a certain distribution of colour
elements. This distribution may be similar all over the surface of the target object. This
can result in voxels being incorrectly classified as part of a surface because each view of
that voxel may project onto a similar looking surface but not necessarily the same region of
surface. Therefore, a more accurate result would probably be obtained by using a measure
that performs actual spatial image matching rather than consistency. The difficulty in using
spatial measures is that the surface geometry of that particular region needs to be known or

estimated beforehand.
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