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Chapter 1

In tro duction and Motiv ation

In contemporary virtual reality (VR) systems demands grow for realistic and accurate
modelling of visual properties of real materials in particular for purposesof visual safety
simulation in automotive industry and car/architectural interior design among others.
Standard smooth textures combined with re
ectance modelsand bump mapping show not
to be able to accurately capture real material behaviour, which depend on mesostructure
roughnessand anisotropic re
ectance properties. The solution is employing rough textures
that imitate re
ectiv e properties as closeas possibleto an original material with respect
to illumination and view positions.

Although there is not any de�nition of texture generally acceptedwe can assumetex-
ture as random �eld realisation with spatially homogeneousproperties whose principal
characteristic is a repetition of a basic visual pattern. We can principally divide textures
into two major categories.The smooth textures are textures which ful�l Lambertian law,
i.e., their appearanceis independent on illumination and view direction and represent
ideally di�use material. However, many of real-world materials violate this Lambertian
assumption which results into the secondmajor category - rough textures. Rough texture
re
ectance depends on illumination and viewing direction and this is causedby surface
structure of the original material (shadowing, masking) or its underlying physical proper-
ties (anisotropic specularity, inter-re
ections, subsurfacescattering).

Although the rough textures allows accurate simulation of surface appearance,due
to their high dimensionality their measurement, representation and modelling was signif-
icantly limited in the past. Nowadays with constant increaseof available computational
power the number of available VR systemsincreasesas well as their overall complexity.
Moreover, contemporary graphicshardware becamea very powerful tool for computations
performed in each individual fragment of virtual scenes.Theseadvancedand continually
developing graphics techniquesenableto processrelatively complex models that represent
appearanceof real-world materials usedto cover objects in VR systems.

Visual perception of such objects signi�cantly depends not only on their shape but
particularly on the representation of the surface materials. The most common, com-
putationally simple approach in the past was basedon using a single smooth texture lit
accordingto empirical re
ectance model, optionally combined with a bump-mapping tech-
nique. Later the real material re
ectance wasmeasuredto capture the original re
ectance
with respect to varying light and camerapositions. This socalledBidir ectional Re
ectance
Distribution Function (BRDF) was compressedand approximated by variety of analyti-
cal models in the past. BRDF, in itself, does not preserve texture information, so this

1



2 Chapter1. Introduction and Motivation

approach was suitable mainly for homogeneousmaterials as, e.g., metals, plastics, ivory
and another polished homogeneoussurfaces. However, a large number of real rough sur-
facessuch as plaster, leathers, fabrics etc. have complicated spatial structure that causes
e�ects such as shadowing, masking, inter-re
ection and sub-surfacescattering dependent
on di�eren t illumination and view directions. During last years a new preciserough tex-
ture representation has appearedin form of Bidir ectional Texture Function (BTF). BTF
is a six-dimensionalfunction which introducesadditional dependencyof measurements on
material planar position. This meansthat BTF preserves, in contrary to BRDF, also the
desiredspatial texture information.

The importance of BTF is shown in Fig. 1.1. The �gure depicts objects covered
by two di�eren t BTF materials lighted from three di�eren t illumination directions. The
change of illumination and view directions considerably a�ects the visual appearanceof
real materials and each of them in di�eren t way - this can be relatively easily recordedby
meansof BTF.

Figure 1.1: Example of BTF behaviour for two di�eren t materials.

The BTF measurements areusually represented by meansof thousandsof imagestaken
for di�eren t illumination and viewing directions. Consequently, the storage size of such
measurements is several GB depending on planar and angular BTF resolution. Due to
this huge storagesizethe raw BTF data can not be directly usedfor any fast application
even when high-end contemporary graphics hardware is employed.

For fast rendering of BTF on objects in VR an e�cien t BTF model is required. The
main motivations and goalsof the BTF modelling are:

� Data compression - Due to limited GPU memory the data size of original BTF
measurements prevents any fast application. The size of BTF have to be consider-
ably reduced to enable rendering of complex scenescomprehendingseveral di�eren t
materials 1.

� BTF enlargemen t - MeasuredBTF is always too small to seamlesslycover virtual
object surfaceof required size.

� BTF reconstruction - Ideal BTF modelling method should allow BTF reconstruc-
tion for unmeasuredcombinations of view and illumination angles within range of
possibly spareset of BTF measurements.

� Visual qualit y preserv ation - Measured BTF describes real material re
ectance
properties and its main visual featuresand characteristics that have to be preserved.

� Fast rendering of data from a BTF mo del - Fast applications implemented
directly in graphicshardware require e�cien t synthesisalgorithms working preferably
in pixel-wise manner.

1All compressionratios in this thesis are related to a sizeof the original Univ ersity Bonn BTF measure-
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As BTF modelling is quite a new research area at the frontiers of computer graphics,
computer vision and image processing,not too many publications exist so far in this
�eld when compared to other research areas. Most of them addresssample basedBTF
compressionmethods to store original or pixel-wisely parametrisedBTF samples,thus the
problem of texture enlargement remains open. Most recent methods are basedeither on
clustered pixel-wise BRDF models (ABRDF) or on linear basisdecomposition. The BTF
measurements are enlargedby meansof simple image repetition or seamlessimage tiling
approaches. The rest of the methods synthesisesnovel BTF imagesby interpolation of
spareset BTF measurements accordingto Lambertian re
ectance function or by matching
estimated range-mapof material with thesespareBTF measurements.

However, till now no genericBTF modelling approach is available which doesnot need
to store neither BTF samplesnor any of their pixel-wise parametric representation. None
of contemporary BTF models can be consideredperfect for all application �elds, typesof
approximated material, required speedand visual quality.

1.1 Ob jectiv es of the Thesis

The main objectives of this thesis are as follows:

� Provide a survey of rough texture measurement, representation, compressionand
modelling methods published up to now.

� Provide an overview and comparisonof publicly available BTF databases.

� Introduce two novel BTF modelling approachesand the corresponding models.

The �rst of them is probabilistic BTF modelling approach basedon BTF segmen-
tation and subsequent modelling of obtained subspaceimagesby meansof several
distinct Markov Random Field (MRF) models. Due to the fact that simple MRFs
have di�culties to reproduce regular low frequencystructure of measuredmaterial,
we have useddisplacement mapping �lter which combines the synthesisedsubspace
imageswith estimated range-mapof modelled material.

The secondproposedBTF modelling approach is a polynomial extension of pixel-
wise Lafortune re
ectance model. SynthesisedBTF data are enlargedby meansof
image tiling of the model parameter space.To achieve higher compressionratios we
employ an additional parameter clustering technique.

Both of theseapproachesenablefast hardware implementation in contemporary VR
systemsand were developed in the scope of EC project IST-2001-34744RealRe
ect
(Real Time Visualization of Complex Re
ectance Behaviour in Virtual Prototyping)
[1]. The main objective of this project was the development of advancedVR system
aimed to high-end interior design in architecture and automotive industry. For
design purposesthe appearanceof virtual objects has to be realistic, whereasthe
speedof rendering is assumedto be at interactive frame-rates. Although raw BTF
measurements can with an additional enlargement method reproducethe re
ectance
properties of observed material very realistically, due to huge sizeof this BTF data

ments [98]. Each such a BTF dataset has angular resolution n i � nv = 81 � 81 and corresponding planar
resolution of BTF images is 800� 800 (seeSection 3.3).
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the rendering speedis unfortunately very low. However, the proposedBTF models
o�er reasonablevisual quality while the amount of data to be stored is considerably
reducedand fast rendering is guaranteed.

1.2 Chapter Outlines

The thesis is divided in chapters as follows:

Chapter 2: Rough Surface Re
ectance Represen tation Contains a short review
of material surfaceappearancemeasurement and modelling methods published up to now.
Includes brief description of methods for representation and modelling of BRDFs, BSS-
RDFs and BTFs and discusestheir basic properties.

Chapter 3: BTF Databases This chapter describes three publicly available BTF
databasesand discussestheir properties and limitations.

Chapter 4: BTF Rendering The basic problems occurring in BTF rendering and
corresponding suggestedsolutions are proposedin this chapter. Includes BTF mapping,
interpolation and additional surfacemacrostructure simulation by meansof bump or dis-
placement mapping.

Chapter 5: Range-Map Acquisition Range-mapsand normal-maps enableone way
of surfaceheight simulation and takespart in proposedprobabilistic BTF model introduced
in Chapter 7. Di�eren t methods of range data acquisition and estimation are discussed
and compared,and their results on real materials are provided.

Chapter 6: Segmentation of BTF Data This chapter describes the proposedap-
proach of BTF segmentation of spaceof illumination and view directions into several BTF
subspaces.This enablese�cien t subspacemodelling by meansof probabilistic BTF model
introduced in Chapter 7.

Chapter 7: Probabilistic BTF mo delling A novel BTF model basedon combination
of BTF segmentation, MRF probabilistic model and rough structure modelling basedon
displacement �lter is introduced together with numerous results for distinct materials.
Additionally , properties of the proposedmodel are discussedas well as possibilities of its
fast implementation in hardware.

Chapter 8: BTF Mo delling Using Re
ectance Mo dels This chapter intro duces
the novel re
ectance BTF model based on polynomial extension of one-lobe Lafortune
re
ectance model and its clusteredvariant. Several ways of BTF enlargement arediscussed
and the chapter providesobtained results in comparisonwith original BTF measurements.

Chapter 9: Results Veri�cation and Testing This chapter summarisesthe methods
for quality veri�cation and testing of individual proposedBTF models.
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Chapter 10: Conclusions and Future W ork This chapter summarisesachieved
results of BTF modelling and alsomention openproblemsbeyond the scopeof our research
and suggestsfurther research directions of BTF modelling.



Chapter 2

Rough Surface Re
ectance
Represen tation

The main purposeof this chapter is to provide general information about research per-
formed so far in the �eld of realistic modelling of real-world materials appearance. Each
such a rough material can be characterised with respect to its visual appearanceusing
following three major appearancelevels:

� Macrostructure level - representing texture pattern repetition (usually low fre-
quenciesin corresponding texture image). Texture information on this level can be
approximated by meansof surfaceheight measurements using displacement mapping
with additional polygonal tessellation.

� Mesostructure level - includes relatively small yet still visible geometric details
(usually higher frequencies in corresponding texture image), e.g., small bumps,
woollen knits, etc.

� Microstructure level - involves surface microfacets which are visually indistin-
guishable and which control the overall appearanceof material depending on view
anglesaccording to physical rules, e.g., smooth �b ers of textile, which re
ect light
more e�cien tly if the light shinesparallel to their orientation.

Depending on actual application task the real materials are modelled in scope of ap-
propriate level. This approach enablessigni�cant reduction of the complexity of input
high-dimensional data and consequently allows using simpler data representation. E.g.,
material modelling in scope of microstructure level reducesto single colour re
ectance
modelling while the macrostructure level requiresa model that preservesthe spatial struc-
ture of the material.

Several typesof material representation havebeenusedin computer graphicsup to now
whosecomplexity considerablydependson concreteapplication �eld. The most common
material representations as well as their mutual relations are shown in Fig. 2.1. First
we describe the most common BRDF representation that provides material re
ectance
information depending on illumination and viewing position. Several of BRDF modelling
methods basedon factorisation or re
ectance models published up to now are discussed.
However, the BRDF have proved to be insu�cien t for satisfactory representation of rough
or textured materials, what led to further research and introduction of more complex

6
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Figure 2.1: The overview of real-world material representations in computer graphics.

representation models. The most general of them is Bidirectional SubsurfaceScattering
Re
ectance Distribution Function (BSSRDF). This eight-dimensional function comprises
re
ectance valuesfor any combination of incoming / outgoing planar positions on material
sample and illumination / viewing directions. Since it is quite di�cult to measureand
even model such a complexfunction, its simpli�cation consistingin uni�cation of incoming
and outgoing planar position was necessary. This simpli�cation results in six dimensional
BTF which is used for photo-realistic rendering of real-world materials nowadays. This
function is usually represented by a set of illumination / view dependent imagesand thus
its size is still considerably large. Thus the development of e�cien t BTF compression
and synthesis algorithms to enablefast BTF rendering using standard graphics hardware
is one of main challengesin computer graphics communit y as well as main topic of this
thesis. As BTF modelling is quite a new research area, there is not asmany related results
as in other research �elds available. However, many contemporary image data processing
algorithms can be favourably employed.

2.1 Bidirectional Re
ectance Distribution Function

Material surfaceat micro-structure level can be represented by Bidir ectional Re
ectance
Distribution Function (BRDF). BRDF is a 4D function introduced in work of Nicodemus
[88] which describesthe relation betweenincident irradiance E from direction ! i = [� i ; � i ]
and radiance L re
ected o� observed material to direction ! v = [� v ; � v ] (seeFig. 2.2 and
(8.1)) according to the following equation

B RDF (� i ; � i ; � v ; � v) =
dLv(� i ; � i ; � v ; � v)

dEi (� i ; � i )
(2.1)

where � and � depict elevation and azimuthal anglesrespectively (seeFig. 2.2). BRDF
captures physical re
ectance behaviour of uniform surfaceelements. It is called bidirec-
tional becausethe incident and re
ected directions can be reversed for the function to
return the samevalue. This fact follows from the physicsof light [5].

BRDF has two main important properties. The �rst one is the Helmholtz reciprocity
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Figure 2.2: Relationship betweenillumina-
tion and viewing angleswithin texture coor-
dinate system.

Figure 2.3: Light vector tra jectory above the
sample. The movement of illumination starts at
the top of.

rule [10] ful�lling

8! v 2 H 8! i 2 H (2.2)

B RDFr 3 (� i; 1; � i; 1; � v;1; � v;1) = B RDFr 3 (� i; 2; � i; 2; � v;2; � v;2)

where � i; 2 = � v;1; � i; 2 = � v;1; � v;2 = � i; 1; � v;2 = � i; 1 and H meansthe set of all possible
positions on a hemisphereabove the material.

The secondproperty is the energy conservation law where the BRDF has to ful�l
following normalisation condition

8! v 2 H
Z

! i 2H
B RDFr 3 (� i ; � i ; � v ; � v)(N � ! v)d! v � 1 : (2.3)

where N is surfacenormal at a given point and ! v is viewing vector.
According to BRDF shape two kinds of surfacesare distinguished:

� Di�use surfaces { the light is re
ected in every direction. The limit caseis Lamber-
tian surface,i.e., the BRDF becomesa constant function when the light is re
ected
in every direction equally.

� Specular surfaces { the light is re
ected only in a small area closeto the mirror
re
ection. The limit case,i.e., the perfectly specular (Fresnel) surface, is obtained
when the BRDF becomesa Dirac function when the light is re
ected in one single
direction.

2.1.1 BRDF Measuremen t

BRDF can be measuredusing goniore
ectometers. This device mechanically moves the
position of light sourceand spectral sensorowing to measuredmaterial and collects large
number of point samples. Becausethe BRDF is in generala function of four angles,two
incident and two re
ected, such a device must have four degreesof freedom to measure
the complete function [116].

Another advanced BRDF measurement system together with data-driven re
ectance
model was presented by Matusik et al. in [74]. This measurement processgives 20-80
millions of BRDF samplesper material. Thesesamplesare acquired at special coordinate
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systembasedon view and illumination angleswith respect to the half anglevector instead
of the normal vector as it is common. This coordinate systemallows to vary the sampling
density near the specular highlight. This results in assigning higher angular resolution
near specular re
ection and vice versa.

Direct measurement is not the only way of obtaining BRDF. Ashikhmin introduces
in [2] an e�cien t method that takes as input 2D micro-facet orientation distribution and
produces a 4D BRDF. This method usesa simple shadowing term allowing to handle
generalmicro-facet distributions while maintaining reciprocity and energyconservation.

Finally, the simplest way to obtain BRDF data is BTF data averaging in contextual
neighbourhood containing all kinds of structure elements presented in original material.

2.1.2 BRDF Mo delling

The main goal of BRDF modelling hasbeento develop a compactBRDF representation to
enablefast rendering in graphicshardware. The BRDF measurements wereapproximated
by several methods in the past. We present the main onesin the following.

2.1.3 BRDF Factorisation

BRDF can be represented by meansof spherical harmonics [120] which are analogousto
Fourier series,but in the sphericaldomain. Sphericalharmonicsare especially suitable for
representing smooth spherical functions. This is often the casewith re
ectance functions.
Using this method the BRDF (containing hundreds of measurements) can be represented
using only up to 25 coe�cien ts. 4D BRDF representation for real-time rendering applica-
tions utilising a 2D table of spherical harmonics coe�cien ts was intro duced in [55, 102].

Another BRDF factorisation method [52] exploits singular value decomposition (SVD)
for separableBRDF decomposition. BRDF is replaced by the sum of products of two
2D functions stored in texture maps. Final BRDF reconstruction can be performed by
meansof a fast hardware-implemented multiplication of these texture maps. Moreover,
the authors recommendnormalised decomposition instead of SVD. This decomposition is
faster, simpler and usesno more components than is required for �nal representation.

Even more e�cien t BRDF factorisation method basedon homomorphic factorisation
(HF) was introduced in [76]. Homomorphic factorisation, similarly to SVD, decomposes
BRDF into several factors of lower dimensionality, each factor dependent on a di�eren t
interpolated geometric parameter. Compared to SVD this technique generatesa factori-
sation with only positive factors, enablescontrol over the result smoothnessand works
well with scattered, sparsedata without a separate resampling and interpolation algo-
rithm. This approach wasextendedin [65] for isotropic BRDF lighting computation using
environment maps.

A 4D surface light �eld function factorisation by meansof non-negative matrix fac-
torisation was shown in [9] to be signi�cantly easierto implement than the homomorphic
factorisation mentioned above. Compared to PCA the HF producesnon-negative basis
images that form a parts-basedrepresentation and all of them are neededto reproduce
a consistent approximation of the input data.
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2.1.4 BRDF Appro ximation Using Re
ectance Mo dels

Another BRDF modelling approach employs re
ectance modelsfor BRDF approximation.
Several re
ectance models have been commonly used for surface rendering in computer
graphics. They can be divided into two major categories. The �rst includes simple but
physically incorrect empirical models while the secondcomprisestheoretical, physically
valid and more complex models. Both kinds of models attempt to approximate the real
re
ectance function, represented by the BRDF, but the respective approaches are quite
di�eren t.

Empirically Deriv ed Re
ectance Mo dels

The empirical model is usually based on a very simple formula with several adjustable
parameters designedto �t certain classof re
ectance functions. Empirical model design
does not pay attention to physical derivation or signi�cance of individual parameters.
Although thesemodelsarenot physically plausible, they cano�er computational simplicit y
following from low number of model parameters. The simplicit y of empirical models
enablestheir fast hardware implementation, what is the reasonof their wide use to this
day.

Probably the best known empirical model was introduced by Phong in 1975 [91].
This model has only three parameters in separateddi�use and specular terms [64]. The
model is not physically plausible, therefore it is very hard to �nd the relation between
the parametersof the model and the physical characteristics of the represented material.
Thus the Phong model can not capture important re
ectance e�ects, e.g., it enablesto
emit more light than is received.

A modi�cation of the original Phongmodel targeted to achievemorerealistic re
ections
is the Blinn-Phong model introduced by Blinn in [6]. This model is usually used for
hardware acceleratedbump-mapping.

Next empirical anisotropic re
ectance model was introduced by Banks et al. in [4].
This model assumessmall �b ers along the given tangent, resulting in anisotropic re
ec-
tions. It can be computed using a combination of dot-product computations and blending
operations.

Another BRDF model combining the advantagesof the various empirical models was
introducedin Ashikhmin et al. [3]. The authors usea Phong-basedspecular lobebut make
this model anisotropic and incorporate Fresnel behaviour while attempting to preserve
the simplicit y of the initial model as well as physical plausibilit y. For improving energy
conservation of the Phong model for metallic materials the result of [87, 86] is used.
Although the model is mostly empirical it interprets certain parts of specular term using
physical-basedmicro-facet models[12, 116]. The approximation presented in [99] is usedas
a Fresnel factor. The di�use term is realisedin form of a modi�cation of non-Lambertian
BRDF presented in [100] which allows the di�use-specular trade-o� to conserve energy.
This model is easyto usein Monte Carlo frameworks.

A di�eren t empirical BRDF model was introduced by Matusik et al. [74]. A BRDF
measurement deviceis introducedand usedto acquire BRDFs for more than hundred dif-
ferent materials was measuredby meansof this device, including metals, plastics, painted
surfaces,etc.. Each measuredBRDF is treated as high-dimensional vector and its di-
mensionality is subsequently reduced by meansof linear analysis (PCA) and non-linear
reduction (charting - subspaceprojections of measuredsamples). Thesereductions lead to
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10D manifold which is approximately consistent with many theoretical isotropic re
ectance
models. Finally the model is tuned for actual material by visual inspection evaluating 16
userde�ned directions to navigate in the reduced-dimensionsof BRDF space.On the low-
dimensional manifold, movement along thesedirections producesnovel but valid BRDFs.
This empirical model ful�l reciprocity, non-negativity and energyconservation.

Another empirical model is described in [84]. Authors use the sameV-facets as Tor-
rance and Sparrow [112], but assumeLambertian re
ectance of these facets. First a re-

ectance model is developed for anisotropic surfaceswith one type of V-facets with all
facets aligned in the samedirection of surface plane. This result is then used to derive
a model for the more general caseof isotropic surfacesthat have normal facet distribu-
tions with zeromeanand arbitrary standard deviation which parametrisesthe macroscopic
roughnessof the surface. The authors have pointed out that several real-world objects
have di�use components that aresigni�cantly non-Lambertian. They intended their model
for use in algorithms that analyse imagesof di�use surfacesand recover accurate shape
information.

Ph ysically Deriv ed Re
ectance Mo dels

One of the �rst theoretical re
ectance models has been introduced in computer graphics
by Torranceand Sparrow [112]. This analytical BRDF model assumesa surfaceconsisting
of vertical V grooves{ perfectly specularmicro-facets. The micro-facetsnormals deviation
from the averagesurfacenormal is assumedto be a zero-meanGaussian- the higher is the
varianceof deviation the rougher the surface. The model can be divided to two parts. The
�rst one is associated with bulk material e�ects leading to a Lambertian lobe colouredby
the di�use albedo at a particular position on the surface. The secondis entirely related
to surfacescatter.

The Torranceand Sparrow model was later enhancedby Cook and Torrance [12], who
take use of the work previously done in physics by Torrance and Sparrow [112] about
re
ection of electromagnetic waves on rough surfaces. In that model, a surface is again
supposedto be composedof micro-facets, i.e., small smooth planar elements. Only a part
of micro-facets contribute to the re
ection. The approximated BRDF depends on �v e
di�eren t anglesand is expressedasa linear combination of a di�use and specular re
ector.

The more complete BRDF model has been proposedby He et al. [42]. This sophis-
ticated model basedon physical optics incorporates the specular, directional di�use, and
uniform di�use re
ections of a surface. The model accounts for every physical phenomena
involved in light re
ection on rough surfacessuch aspolarisation, di�raction, interference,
conductivit y. In comparisonto Cook and Torrancemodel [112] an additional term appears
in the linear combination to represent coherent re
ection on the meanplane of the surface
(i.e., not the micro-facets).

Ward [116] presented even more complex, physically plausible anisotropic re
ectance
model basedon Gaussiandistribution of micro-facets. In contrast to previous work of He
el al. [42] where not enoughattention had beenpaid to normalisation of the re
ectance
function the presented model hasbuilt-in normalisation aswell asother desirablefeatures,
such as permitting quick evaluation for data reduction and Monte Carlo sampling [117].
The model has the necessarybidirectional characteristics and all four of its parameters
have physical meaning and can be �t independently to measuredBRDF data to produce
physically valid re
ectance function. This re
ectance model was �tted to BRDF measure-
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ments of real materials obtained by meansof measurement setup presented in the same
paper [116]. Ward's measurement method exploits hemispherical mirrors re
ecting the
whole hemisphereof the 
at probe at once onto a CCD camera equipped with �sh-eye
lens. This method captures the entire hemisphereof re
ected directions simultaneously
what considerablyacceleratesthe whole measurement procedure.

Schlick's BRDF model published in [99] stands halfway between empirical and the-
oretical models. In this paper a rational fraction distribution is utilised for re
ectance
function representation. The idea is basedon kernel conditions, which can be any intrin-
sic characteristic of the function (value at a given point of the function and one of its
derivatives, integral or di�eren tial equations, etc.). Introduced rational fraction approxi-
mation schemeenablesto speed-upthe computation of re
ectance model. Moreover, the
author introducesan approximation of Fresnel factor, geometrical attenuation coe�cien t
and slope distribution while the BRDF gets separatedinto spectral and directional fac-
tors. The model requires only a few intuitiv ely describe re
ectance parameters to de�ne
a material and a formulation of varying complexity is provided which is well suited to
Monte Carlo rendering methods.

One of the �rst BRDF models which take into account the wave-like properties of
light was published by Stam in [108]. This physical model is basedon Kirchho� integrals
and is able to approximate di�raction of light on arbitrary surfacestructure and can be
taken as a common generalisationof earlier approximativ e physical models mentioned in
this section above. This model doesnot comprisesuch e�ects as multiple scattering and
subsurfacescattering and enablesrelatively easyimplementation.

Phong's, Blinn-Phong's and Ward's models were decomposed into several factors to
enabletheir computation directly in graphics hardware [53] . The individual models were
combined with material textures (range-map, etc.) which control strength of the model
anisotropy.

The main goal in optimal BRDF model development is �nding a compact representa-
tion which can accurately describe the dominant behaviour of the BRDF. The representa-
tion should becomputableusing an iterativ e algorithm that would monotonically converge
to a correct solution. Moreover, such a model should be physically plausible, reciprocal
and energy conservingas well as easy to implement in graphics hardware. These condi-
tions are ful�lled by the model presented in Lafortune et al. [63]. This model is based
on cosinelobes and represents material re
ectance by meansof a new classof primitiv e
functions with nonlinear parameters. These functions are reciprocal, energy-conserving,
capture important BRDF features as o�-sp ecular re
ection, increasing re
ectance with
angle of incidence,retro-re
ection while the representation is compact and uniform.

Generally, the re
ectance function representation by meansof BRDF works well for smooth
non-textured materials as, e.g., metal or glass, but is absolutely insu�cien t for rough
textures like textiles or leathers due their local non-homogeneity, which causes:

� Masking - parts of the material surfaceare invisible from view position due to their
occlusionby other surfaceparts (masking by intersection) or due to their orientation
away from view position (self-masking).

� Shadowing - parts of the surfaceare not irradiated due to their orientation (self-
shadowing) or becausethe incident beamis intersected(shadowing by intersection).
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� In terre
ections - parts of the surfaceirradiate other parts, thus producing multiple
scattering.

� Subsurface scattering occurs in slightly translucent materials. Light enters their
surface, is scattered around inside the material, and then exits the surface,poten-
tially at a di�eren t point from where it entered.

To represent at least someof thesee�ects the following material description functions
have beenintroduced recently.

2.2 Bidirectional Subsurface Scattering Re
ectance Distri-
bution Function

A generalmaterial surfaceintroducessubtle lighting e�ects, such as masking, shadowing,
interre
ections and subsurfacescattering. To capture all these e�ects a more general
approach than simple BRDF is inevitable.

The most generaldescription of material re
ectance propertieso�ers a 8D Bidir ectional
Subsurface Scattering Re
ectance Distribution Function (BSSRDF) described as follows

B SSRDFr 3 (r i 1; r i 2; r1; r2; � i ; � i ; � v ; � v) (2.4)

where r i 1; r i 2 represent planar coordinates where the light enters into the material, r 1; r2

represent planar coordinates where the light emits from the material while � and � are
elevation and azimuthal anglesof illumination i and view v positions (seeFig. 2.2).

BSSRDF describes the light transport between every point on the surface for any
illumination and view position. Obviously, the complexity of BSSRDF basedmethods [45]
limits their application mainly to homogeneousdi�use materials such as 
uids, marble,
etc..

Recent measurement techniques [32] enable to capture BSSRDF for translucent in-
homogeneousmaterials with strong subsurfacescattering e�ects. However, the authors
assumeddi�use surface re
ections and did not pay attention to angular dependency of
laser beam light sourceor light sensor.The rendering method exploiting subsurfacescat-
tering e�ect is presented in [67]. Nowadays there is no method enabling us to measureor
even model the BSSRDF in its whole complexity available.

2.3 Bidirectional Texture Function

Since there is not any fast method available neither for measurement nor for modelling
of BSSRDF up to now, it is inevitable to use a simpli�ed variant of the BSSRDF en-
abling universal measurement of re
ectance data for rough materials. One solution is
the Bidir ectional Texture Function (BTF). BTF is a six dimensional function, similarly
to BSSRDF, dependent on illumination and view anglesas well as on planar position on
observed material surface(2.5).

B TFr 3 (r1; r2; � i ; � i ; � v ; � v) (2.5)

Actually , the BTF represents one planar texture for each combination of illumination
and view position. Thus the BTF integrates subsurfacescattering light intensity from
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neighbouring material surface locations in individual BTF images by means of sample
measurements. Thus the subsurfacescattering e�ect can not be �gured out, however, it
is preserved in BTF measurements and can be modelled together with other re
ectance
properties of an observed material sample.

BTF was �rst presented in work of Dana et al. [16]. Only three BTF measurement
databaseshave beenmadepublic so far. Real BTF measurements consist of several thou-
sandsmaterial sample imagestaken for di�eren t combinations of illumination and view
positions. The standard BTF measurement comprehendswhole hemisphereof possible
light and camera positions of observed material sample according to preselectedangular
quantisation steps(seeFig. 2.3 for University of Bonn BTF measurement quantisation).

An appropriately measuredBTF o�ers enoughinformation about material properties
as is anisotropy, masking or self-shadowing. In contrast to a regular 2D texture or to
BRDF, BTF is high-dimensional and involves large amounts of data. To render BTF on
graphics hardware, a compact representation of the BTF is needed. The best currently
available BTF [98] takes up about 2GB of storage space per sample. BTF database
for moderately complex VR scenescan take up to several TB of data space.Hencesome
compressionand modelling method of this hugeBTF datasetsis inevitable. Such a method
should provide compact parametric representation and preserve main visual features of
the original BTF as much as possible,while enabling its fast rendering in contemporary
graphics hardware.

The modelling of BTF as a 6D function is not trivial, thus task so many researchers
factorised BTF into individual subsetsof textures. The two most frequently used BTF
subsetsare Surface Light Field (SLF) and Surface Re
ectance Field (SRF).

The surface light �eld (2.6) represents the BTF slice containing all the BTF images
corresponding to a �xed illumination position i .

SLF r 3 (r1; r2; � i ; � i ) � L i (2.6)

Similarly the surfacere
ectance �eld (2.7) represents the BTF slicecontaining all the BTF
imagescorresponding to a �xed view position v.

SRFr 3 (r1; r2; � v ; � v) � R v (2.7)

2.3.1 BTF Measuremen t

Only few BTF measurement systemsexist up to now. These systemsare (similarly to
BRDF measurement systems) based on light source, video or still camera and material
samplemoving using a robot arm. The main di�erence betweenindividual BTF measure-
ment systemsis in type of measurement setup allowing four degreeof freedomand type of
measurement sensor(CCD, video, etc.). In somesystemsthe camerais �xed and the light
is moving while in others it is contrariwise. The main requirement on BTF measurements
is accurate image recti�cation, i.e., aligning of texture normal with view vector, mutual
registration of single BTF measurements and visual constancyduring measurement. The
recti�cation accuracystrongly dependson usedlight/camera and robot positioning errors
while the visual constancy depends on stabilit y of material properties during long mea-
surement time when exposedto strong light source. Most of theseproblems are solved by
the recently proposedmeasurement setup [83] basedon array of 151 digital still cameras
mounted on hemisphericalchassisabove the material sample. Camera built-in 
ashes are
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used as light sources. The homomorphic transformation necessaryfor recti�cation of in-
dividual BTF imagescan be precisely calculated in advance for each camera,since there
are not any moving parts. This approach can signi�cantly decreaserecti�cation errors to
sub-pixel values and speedsup the whole measurement processconsiderably. The main
known BTF measurements systemsare described in more detail in Chapter 3.

2.3.2 BTF Data Represen tation

It is possibleto de�ne at least two possibleways of BTF data representation which are
commonly usedin variety of BTF modelling and compressionmethods as depicted in Fig.
2.4.

Texture represen tation

B TFT E X (i; v) (i; v) 2 B (2.8)

where (i; v) is illumination and view position and B represents a set of all BTF images.
The B TFT E X (i;v ) describes BTF as a set of discrete textures depending on view and
illumination direction. The number of imagesis product of the numbers of all view and
illumination positions (in the caseof University of Bonn BTF datasets it is 81 � 81).

Apparen t BRDF (ABRDF) represen tation

B TFAB RD F (r1; r2) (r1; r2) 2 I � (M � N ) (2.9)

where(r 1; r2) is planar index in BTF imageand M � N is resolution of original BTF images.
In this representation the BTF can be seenas a set of apparent BRDFs (ABRDF), one
for each planar position (r 1; r2). The term apparent BRDF was �rst introduced in [120].
The ABRDF encodes re
ection of a single point given a illumination and view position.
It is called apparent becausethe underlying geometry is of a much larger scalecompared
to normal BRDFs. The ABRDF, in contrary to BRDF, doesnot ful�l physical reciprocity
since it includes strong shadowing and masking e�ects as well as scattering e�ects from
neighbouring parts of the surfaceas depicted in Fig. 2.5. Technically this representation
can be consideredas a set of subsequent images where each image corresponds to one
pixel in BTF. Such an imageprovides information about pixel re
ectance value (ABRDF)
when the view, illumination position represent horizontal, vertical index in ABRDF image
respectively. The number of imagesin the ABRDF representation is given as the number
of pixels in original BTF imagesM � N . From our observations as well as from [82] it
follows that the image to image variance in B TFAB RD F representation depends mainly
on the structure of observed material surface producing spatial variation of re
ectance
properties as well as on scattering e�ects on observed pixel neighbourhood. Thesee�ects
are nicely illustrated in Fig. 2.5. Two ABRDFs of four di�eren t materials for di�eren t
planar positions representing distinct re
ectiv e properties are shown.

In B TFAB RD F representation the re
ectance changesoccurring betweenindividual ABRDF
imagesare causedby shadowing and masking e�ects. However, the specular re
ectance
peaks(light parts in Fig. 2.5) are placed at the �xed positions for all ABRDF images.

Whereas, in B TFT E X representation additional visual variances between individual
BTF imagesare presented. Thesevariancescan be causedby measurement and registra-
tion errors of individual BTF imagesor by di�eren t material specularity and shadowing for



16 Chapter2. RoughSurfaceRe
ectanceRepresentation

Figure 2.4: Two common BTF representations - Texture representation (left) and ABRDF rep-
resentation (right).

Figure 2.5: ABRDFs corresponding to four di�eren t BTFs (wood02, plaster, knitted wool and
aluminium ) measuredfor each material in two di�eren t planar positions (highlighted by arrows)
on BTF image.
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di�eren t view and illumination directions. Moreover, due to an occlusion e�ect the same
pixel in all BTF imagesdoes not necessarilycorresponds to the samepoint on material
surface(seeFig. 2.6).

2.4 BTF Compression Metho ds Based on Analytical ABRDF
Mo dels

2.4.1 Pixel-Wise Analytical ABRDF Mo dels

Similarly to other high-dimensional data the BTF exhibit local linearity which can be
exploited for data factorisation and subsequent use of simpler models or methods. One
example can be pixel-wise factorisation of original BTF. In this factorisation individual
pixel data represents apparent BRDF and can be approximately modelled by meansof
various BRDF models.

Pixel-wise ABRDF Lafortune Mo del

One of the �rst attempts to hardware accelerateBTF approximation in graphicshardware
using analytical BRDF model was doneby McAllister [75]. This model introducesspatial
BRDF (SBRDF) which represents ABRDF of each pixel in BTF by means of sum of
several re
ectance lobesaccording to Lafortune model parametrisation

B TF (r 1; r2; i; v) � � d;r 1 ;r 2 +
n lX

k

� s;r 1 ;r 2 ;k [! T
i D r 1 ;r 2 ;k ! v ]n r 1 ;r 2 ;k ; (2.10)

where ! i ; ! v are illumination and view vectors in local coordinate system,D is a diagonal
matrix with model parameters. The remaining parameters � d; � s; nk represent di�use,
specular albedo and specular exponent, respectively.

The number of re
ectance lobesn l is lessor equal to three. The model parametersare
estimated accordingto Levenberg-Marquardt non-linear �tting process[94]. Although the
McAllister's model provides very compact BTF representation together with one of the
�rst real-time BTF rendering application, its useis limited to materials with more or less
smooth structure. For coarsematerials with surfaceheight variations this method can not
capture ABRDF accurately and producesblurred results.

Scaled Pixel-wise ABRDF Lafortune Mo del

An extension of McAllister's BTF model was presented by Daubert et al. [19]. The
approach wasoriginally intended for realistic cloth modelling. It consistsof two Lafortune
re
ectance lobesscaledby additional coe�cien ts stored in a look-up table T as follows

B TF (r 1; r2; i; v) � T! v ;r 1 ;r 2

 

� d;r 1 ;r 2 +
n lX

k

[! T
i D r 1 ;r 2 ;k ! v]n r 1 ;r 2 ;k

!

; (2.11)

where ! i ; ! v are illumination and view vectors in local coordinate system, D is diagonal
matrix with model parameters, � d is di�use albedo and nk is specular exponent.

Each spectral channel usesdedicatedlobe parametersobtained by meansof non-linear
�tting processand multiplicativ e look-up table T! v ;r 1 ;r 2 whosevaluesare result of an ad-
ditional iterativ e process.The look-up table storespixel-wise colour and alpha valuesfor
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each of the original viewing directions that model shadowing and masking e�ects of indi-
vidual rough material structure elements as well as strong specular highlights and other
e�ects causedby complex material geometry. However, the look-up table requiresto store
signi�cantly more parametersthan in McAllister's approach. This is not a big problem for
BTFs of regular materials , as shown by the authors in the caseof fabrics, but for general
materials this approach involvesquite large data storagespace.

2.4.2 Pixel-Wise Analytical Re
ectance Field Mo dels

Another straightforward BTF decomposition avoiding high-dimensionality is per-view fac-
torisation. This factorisation enablesseparatemodelling of BTF imagescorresponding to
one given view direction only, i.e., so called Surface Re
ectance Field R v. This approach
avoids problem causedby non-corresponding pixels in BTF imagesfor di�eren t view di-
rections as it is shown in Fig. 2.6.

Figure 2.6: Pixel-wise inconsistencyfor di�eren t view directions in BTF. The �rst image shows
original BTF imagecomparedwith pixel-wisely non-corresponding recti�ed imagesfor two di�eren t
view positions, respectively.

Polynomial Texture Maps

In the approach of Malzbender et al. [72] the surface re
ectance �eld is approximated
by means of per-pixel polynomials. Therefore the authors call this method Polynomial
Texture Maps (PTM). PTM models illumination dependenceof individual pixels using
following pixel-wise biquadratic

R v(r1; r2; i ) � ao(r1; r2)u2
r 1

+ a1(r1; r2)u2
r 2

+ a2(r1; r2)ur 1 ur 2 + (2.12)

+ a3(r1; r2)ur 1 + a4(r1; r2)ur 2 + a5(r1; r2) ;

where ur 1 ; ur 2 are projections of the normalised light vector into the local coordinate
system r 1; r2. The six polynomial coe�cien ts a0 � a5 are �tted in each pixel by meansof
singular value decomposition (SVD) [30].

The authors found this image-basedmethod useful for colour pixel reconstruction in
�xed-p oint hardwareaswell asfor production of number of other e�ects such asanisotropic
and Fresnel shading models or variable depth of focus. The method can be also used for
contrast enhancement or for temporal scenecompression.Moreover, a device for surface
re
ectance �elds measurement is presented as well.
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This method enablesvery fast rendering since its per-pixel costs for PTM evaluation
depend only on 11 multiplications and 5 additions. However, as mentioned by the au-
thors, the method assumesthat the modelled surfacesare either di�use or their specular
contribution had beenseparatedin the previous modelling step. This separation can be
quite problematic for re
ectance �elds obtained as a BTF slice. For such a re
ectance
�eld the PTM exhibits considerableerrors mainly for high grazing angles as shown in
[78]. For BTF rendering this method requires six parametric images to be stored for
each re
ectance �eld R v and colour channel. Since this model is computed in pixel-wise
manner for each re
ectance �eld separately the �nal BTF rendering requires additional
interpolation betweenindividual view directions.

Re
ectance Fields Using Lafortune Mo del

Another BTF compressionapproach based on factorisation into individual re
ectance
�elds was introduced by Meseth et al. in [78]. The approach exploits, similarly to McAl-
lister's [75] and Daubert's [19] work, a pixel-wise model basedon Lafortune re
ectance
lobesof the following form

R v(r1; r2; i; v) � � d;r 1 ;r 2 + � s;r 1;r 2 ;k

n lX

k

[! T
i D r 1 ;r 2 ;k ]n r 1 ;r 2 ;k ; (2.13)

where ! i represents illumination vector in local coordinate system, D is diagonal ma-
trix with model parametersand � d; � s; nk represent di�use, specular albedo and specular
exponent, respectively.

Due to the expensive non-linear parameters �tting, the number of Lafortune lobesn l

is practically limited to three lobes. Unlike previously mentioned BTF models basedon
Lafortune lobeswhere each colour channel used individual set of �tting lobes this model
useslobesto compute luminance valuesonly. Theseluminance valuesare further usedto
scalethe albedo of individual colour channels. This arrangement reducesthe number of
parametersneededto be stored, but on the other hand decreasesapproximation accuracy.

Similarly to other re
ectance �eld basedBTF modelling approaches this method re-
quires additional interpolation between individual view directions during BTF rendering
to suppressdisturbing edges. The model can be implemented in graphics hardware and
ensuresreasonableBTF approximation for lessspecular materials. However, for complex
anisotropic and highly specular materials its performanceis not satisfactory [79].

Spatial BRDF Factorisation Mo dels

One of the �rst BRDF models basedon factorisation techniques was presented by Kautz
in [52]. This model exploits SVD for BRDF factorisation and produces two 2D factors
instead of 4D BRDF. It can be exploited for pixel-wise BTF compressionaccording to the
formula

B TF (r 1; r2; i; v) �
K jX

k=1

Pk;r 1 ;r 2 (� 1(! i ; ! v))Qk;r 1 ;r 2 (� 2(! i ; ! v)) ; (2.14)

where the functions � 1; � 2 are projection functions which map the 4D spacedetermined
by illumination and view directions to a 2D space. The factors Pj;k and Qj;k are even-
tually stored in texture maps from which the ABRDF is easily reconstructed in graphics
hardware.



20 Chapter2. RoughSurfaceRe
ectanceRepresentation

The main limitation of this method is the decomposition into two factors only. This
restriction has been overcameby McCool [76] using single term ABRDF approximation
according to equation

B TF (r 1; r2; i; v) �
JY

j =1

Pj;r 1 ;r 2 (� j (! i ; ! v)) : (2.15)

This approach exploits homomorphic factorisation which unlike the previous SVD based
method generatesa factorisation with only positive factors. This makes it more suitable
for hardware implementation.

Even more e�cien t multiple term ABRDF approximation was suggestedby Suykens
et al. in [110]. This model decomposesABRDF of each pixel into a product of three or
more two-dimensionalpositive factors usinga technique calledchained matrix factorisation
(CMF). This technique uses a sequenceof matrix decompositions, each in a di�eren t
parametrisation, allowing to obtain the multiple factor approximation as follows

B TF (r 1; r2; i; v) �
JY

j =1

K jX

k=1

Pj;k ;r 1;r 2 (� j; 1(! i ; ! v))Qj;k ;r 1 ;r 2 (� j; 2(! i ; ! v)) : (2.16)

This decomposition enableseasier factor computation in comparison to previously dis-
cussedmethods. As the authors claim, the CMF factors have lower dynamic range so
their quantisation into 8-bits is much safer.

When using any of these factorisation approaches, an e�cien t BTF representation is
usually obtained by factor clustering in form of a compact set of 2D textures. BRDF fac-
torisation approachesenableBTF rendering at interactive frame-rateswith a compression
ratio of more than 1

100.

2.4.3 Surface Ligh t Field Mo delling

Alik e per-view factorisation also per-illumination factorisation is possible. This approach
is often referred to as Surface Light Fields (SLF). It describes material re
ectance for
di�eren t view positions while the illumination position is �xed. These SLFs were �rst
introduced and parametrised by Miller et al. in [81]. Large SLFs are very common in
high-quality rendering systems,however, their sizeis a limiting factor which prevents fast
applications in graphical hardware. Several SLF compressionmethods have beentherefor
introduced as, e.g., in [9, 89]. SinceSLF modelling is not subject of this thesis we will do
not discussit in more detail.

2.5 BTF Compression Metho ds based on PCA

Although pixel-wise BRDF models discussedin the previous section can provide satis-
factory quality of BTF approximation, they are often limited to certain kinds of real
materials or can not handle all complex e�ects that appear due to using of ABRDF in-
stead of assumedBRDF. These e�ects include sub-surfacescattering from neighbouring
pixels, using not perfectly directional light, inaccuraciesin recti�cation or image �lter-
ing processingof original BTF data that violate Helmholtz reciprocity rule and result in
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asymmetric BRDF. The re
ectance models often fail to �t this complex data as a result
of violating basic model assumptions.

These problems hinder the use of another category of BTF models represented by
image statistics linear model Principal Component Analysis (PCA) typically computed
by meansof Singular Value Decomposition (SVD). Basic information can be found in [94]
while a rigorous mathematical background is given in [30]. The SVD is linear algebra
technique for solving a set of linear equationswhich provides the closestpossiblesolution
in a least-squaresense.This method decomposesinput matrix A (even singular one), into
matrices U ; V T containing orthonormal columns and rows, respectively, so called eigen-
vectors (see2.17). The non-negative diagonal matrix D contains so called eigen-numbers
or eigen-values. The sizeof the eigen-values determines importance of the corresponding
eigen-vector for original data reconstruction.

A = UD V T : (2.17)

This technique enableshigh data compressionsince only a relatively small number
of eigen-vectors have to be stored to achieve reasonableapproximation error. This error
is given by ratio of squared sum of preserved eigen-values to squared sum of all eigen-
values. This technique can lead to signi�cant compressionof redundant input data and as
such stands behind many compressionalgorithms applicable to BTF data as described in
following sections.

2.5.1 Entire BTF Space Factorisation

A PCA basedBTF factorisation approach was published by Koudelka et al. [59]. Indi-
vidual BTF sub-imagesare arranged into vectors forming matrix A of size3M N 3� n vn i .
The principal components are the eigen-vectors E k of the symmetric matrix AA T . How-
ever, the computation requirements for larger BTF image of resolution M � N are enor-
mous. Computing eigen-images(i.e., the eigen-vector with image attributes) for non-
homogeneousmaterials takes often several days. BTF reconstruction is stated by the
following equation

B TF (r 1; r2; i; v) �
ncX

k=1

� k (i; v)Ek (r1; r2) : (2.18)

To obtain good BTF approximation results the authors suggestthe number of preserved
principal components to be at least to nc = 150. However, any fast computation of linear
combination of such a number of eigen-imagesis impossiblenowadays even on high-end
hardware. Direct usesousing of this method for any real-time BTF rendering application
is currently consideredimpossible.

2.5.2 Multimo dal BTF Space Factorisation

The image-basedBTF compressionmethod by Vasilescuand Terzopoulos[114] is basedon
N-mode SVD, being an extensionof the conventional unimodal matrix SVD. The method
assumesthe individual BTF colour images to be ordered into vector features forming
input BTF data tensor B 2 R (dN N )� n i � nv . N-mode SVD performs the following tensor
decomposition

B = Z � 1 U tex � 2 U i � 3 U v ; (2.19)
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where A � n M denotes mode-n product of tensor A , Z is core tensor that steers the
interaction between the di�eren t modes, mode matrix U v spansthe view space,its rows
encode illumination and texel invariant representation for each of the di�eren t views,
mode matrix U i spans the illumination space,its rows encode view and texel invariant
representation for each of the di�eren t illumination and mode matrix U tex spans the
texel spaceand are, the PCA eigen-vectors (i.e., eigen-images).The authors recommend
following tensor-texture representation varying with view and illumination positions

T = B � 2 U i � 3 U v : (2.20)

This representation requires to store more than ten times lessparameters in comparison
with unimodal SVD [59] and enablese�cien t BTF data compressionthat canbecontrolled
independently with respect to viewing and illumination positions. The method enables
BTF rendering for both planar and non-planar surfaces.Planar version follows

B TF (i; v) = T � 2 iT � 3 vT ; (2.21)

wherei and v are, respectively, view and illumination representation vectorscorresponding
to desiredview and illumination directions.

Although, as reported by authors, RMS error of this method is higher in comparison
with unimodal SVD with the samenumber of components, the visual performanceis sig-
ni�can tly better. However, this method involveshigh computational times for multi-mo dal
SVD decomposition of BTF data with higher view and illumination angular resolution,
e.g., [98]. This concernso�ine decomposition as well as online rendering. Unfortunately,
the authors have tested the method mostly on arti�cial BTF data; their tests on real
University Bonn BTF were not comparedwith methods [98, 59] neither in terms of BTF
compressionrate ( 1

10 � 1
100?) nor o�ine and online time complexity. Due to the men-

tioned limitations this method is not suitable for fast hardware implementations of BTF
rendering. However, its compact representation setsit asa good candidate for o�ine high
quality rendering tasks.

2.5.3 Re
ectance Field Factorisation

The huge factorisation demandsof whole BTF spaceas well as the necessity of storing
relatively high number of components which can not be evaluated in graphics hardware
led to development of another approach by Sattler et al. [98]. The basic idea consistsin
computation of maximally nc = 16 principal components for individual re
ectance �elds
instead of the whole BTF space. Individual imagescorresponding to re
ectance �eld R v

are used as matrix input vectors to produce 16 eigen-imagesE v;k for each R v together
with corresponding weights � v;k by means of SVD. The re
ectance �eld reconstruction
formula is

R v(r1; r2; i ) �
ncX

k=1

� v;k (i )Ev;k (r1; r2) : (2.22)

The �nal BTF imageis obtained by interpolation betweenthe closestre
ectance �elds R v .
Although this approach enablesfast BTF rendering, the sizeof stored weight parameters
and eigen-imagesis still quite high. To ensurereasonableresults best compressionratio
cannot exceed 1

10.
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2.5.4 BTF Segmentation and Lo cal PCA

A BTF compressionmethod well suited to contemporary graphical hardware was pre-
sented by M•uller et al. in [82]. Unlike BTF factorisation approaches employing PCA as
mentioned before, this method exploits the fact that high dimensional datasets, in this
caseBTF, show a locally linear behaviour. The authors propose a BTF compression
algorithm based on combination of local PCA [49] computed in both B TFAB RD F and
B TFT E X representations and vector quantisation. The BTF spaceis iterativ ely divided
up to 32 clusters, each to be represented by by meansof local PCA. The squaredeigen-
texture/eigen-ABRDF reconstruction error is used as distance measurein the clustering
process.

The described BTF factorisation can be stated as

B TF (r 1; r2; i; v) �
ncX

k=1

� m(r 1 ;r 2);k (r1; r2)Em(r 1 ;r 2);k (i; v) ; (2.23)

where m(r 1; r2) is a cluster index look-up table given by planar coordinates (r 1; r2), nc is
number of preserved principal components, � k are PCA weights and Ek are either eigen-
imagesor eigen-ABRDFs. The entire BTF reconstruction together with illumination and
view interpolation is performed in graphics hardware enabling fast BTF rendering.

The authors claim the B TFAB RD F arrangement more appropriate in terms of com-
pressionratio which is approximately ten times higher than in the caseof B TFT E X ar-
rangement. It follows from the observation that resembling material areas lead to nat-
ural clustering of similar ABRDF imagesand lower dimension of principal components
in B TFAB RD F arrangement than in B TFT E X arrangement. This method provides BTF
compressionratio of about 1

100 while ensuring high reconstruction quality and rendering
speed[79].

2.6 BTF Synthesis and Mo delling Approac hes

BTF models described in the previous section are intended mainly for e�cien t BTF com-
pression enabling fast hardware supported BTF rendering. Most of these approaches
preserve excellent visual quality of restored BTFs, but several signi�cant disadvantages
remain inherited in this kind of models. They can not produce larger BTF imagesthan
those present in original BTF and they o�er only mild compressionratio. To enableBTF
synthesis of large objects in VR by meansof this kind of models it is necessaryto em-
ploy additional BTF enlargement methods. These methods are usually basedeither on
simple texture repetition with edgeblending or on more or lesssophisticated image tiling
methods [24, 11, 62, 103]. Up to now there are only few image-basedmethods available
that enable BTF synthesis of arbitrary resolution. Moreover, these methods are often
too slow to enable fast BTF rendering. Till now there is no generally applicable gener-
ative BTF modelling approach available. All described BTF modelling methods require
to store samplesof BTF either in form of image tiles, textons or in form of somekind of
their pixel-wise parametric representation.

2.6.1 BTF Synthesis from Parametric Tiles

The most common way of arbitrary resolution BTF synthesis is employing image tiling
methods. The BTF synthesisapproach basedon imagetiling wasintro ducedin [124]. This
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approach involves BTF compressionbasedon polynomial texture maps [72]. Estimated
resulted parametric imagescontaining polynomial coe�cien ts are subsequently enlarged
by meansof Efros's imagequilting algorithm [24]. Dong and Chantler [22] present a survey
of several BTF synthesis approaches. The authors have tested an image basedrelighting
method [21] basedon BTF imagereconstruction from several known BTF imagesaccording
to Lambertian re
ectance function, overdetermined photometric stereo basedon SVD of
36 images,polynomial texture maps[72] and �nally PCA analysisof all BTF images.BTF
synthesis in all of thesemethods is accomplishedagain by meansof tiling algorithm [24].

2.6.2 Copy and Paste Based BTF Synthesis

Copy and paste BTF synthesis is generally based on reproducing the BTF data from
original BTF measurements to generatecorresponding large BTF synthesis. These syn-
thesis methods usually do not introduce any compressionand are often unusable for fast
real-time BTF synthesis applications.

One of the �rst BTF synthesisalgorithms wasdeveloped by Liu et al.[70]. The method
starts with range-map estimation using modi�ed shape-from-shading algorithm based
on [66]. The range-map is enlarged to the required size by means of acceleratednon-
parametric sampling [25]. This enlargedrange-mapis usedto generatesynthetic template
image for the given view/illumination direction to be subsequently covered using albedo
map.

For each illumination and view direction the nearest original BTF image is taken as
a referenceimage. The �nal stageof BTF synthesis consistsof copying imageblocks from
referenceimage that are similar to those in synthesised template image. Better results
can be obtained by employing additional referenceimagesobtained by meansof weighted
BTF imageaveraging. The authors tested the method performanceon CUReT BTF data
[16, 96]. Two main drawbacks have shown up; the synthesis is too slow and the method
doesnot guarantee any reasonabledata compression.

Later Liu et al. [71] developed another BTF model similar to [82]. This method
works with B TFAB RD F data arrangement. The BTF synthesis on arbitrary surfacesis
basedon the smallest texture elements in BTF, so called 3D textons intro duced in [68].
To capture surface appearanceat di�eren t illumination and viewing conditions the 3D
textons are constructed using K-means clustering of appearancevectors, i.e., the vectors
containing responsesto a set of orientation and spatial-frequency selective linear �lters
applied at certain planar position in BTF. Thus only selectedappearancevectors, those
corresponding to textons in cluster centers, are stored. This leads to considerabledata
reduction.

In the following step a matrix is created so that its rows correspond to ABRDFs of
previously selectedtextons. The matrix is then decomposedby meansof SVD to obtain
2D geometry map � i (:) together with a set (nc = 5 � 40) of eigen-ABRDFs E i . BTF
reconstruction from theseeigen-ABRDFs is then described by the following equation

B TF (r 1; r2; i; v) �
ncX

k=1

� k (r1; r2)Ek (i; v) : (2.24)

During BTF rendering a surface is covered by ABRDFs restored from PCA components
according to previously computed texton vocabulary assigning a texton label to each



2.7: Alternative BTF Modellingand Classi�cationMethods 25

pixel-ABRDF. The authors implemented this method in graphics hardware for fast BTF
rendering on arbitrary surfaceswith maximal BTF compressionratio about 1

100.
Very similar BTF synthesis approach basedon the 3D texton analysis was published

in [111]. The paper describes3D texton search algorithm in more detail and suggestsBTF
rendering basedon surfacesynthesis from individual textons.

Another copy and paste BTF synthesis method was published by Neubeck et al. in
[85]. The authors extend standard smart copy and paste smooth texture synthesis (e.g.,
[25, 24]) to BTF synthesis. The authors introduce their own BTF measurement setup
and discussthe impact of projection plane position during recti�cation of BTF imageson
BTF smoothnessand suggestasoptimal the plain alignment that correspondsto maximal
height of material. This considerably increasesBTF smoothnessduring varying illumina-
tion and view conditions. The described BTF synthesis method does not copy all BTF
pixel values,but only the valuescorresponding to individual viewing position which pro-
ducesnovel synthetic BTF pixel re
ectance values. For this purposethe authors match
the original input frontal view with synthesisedsupport view using multiscale dynamic
weighting schemeto obtain correct BTF pixel values. The method starts with singleview
synthesis and continues with sequential synthesis of other views. Although this method
produceshigh quality BTF synthesis, it doesnot solve the issueof BTF compressionand
it is relatively slow with problematic hardware implementation.

2.7 Alternativ e BTF Mo delling and Classi�cation Metho ds

2.7.1 BTF Classi�cation Based on Image Descriptiv e Histograms

Cula and Dana [14, 15] present a method for BTF representation and classi�cation (CUReT
[96]). The authors modify the method presented in [68], sothat instead of computing �lter
bank responsesfor BTF pixel during varying view and illumination directions K-means
clustering of �lter bank responsesfor individual BTF imagesis performed separately to
obtain so-calledimage texton library. This representation is favourable since it doesnot
require spatial registration of individual BTF images. The distributions of texton library
labels over individual images are subsequently approximated by the texton histograms
which forms BTF dataset representation. PCA is employed to reducethe dimensionality
of these texton histograms. The resulting representation in the eigen-spaceis the refer-
encemanifold indexedby illumination and view positions. When novel BTF measurement
(material) is to be classi�ed, its image texton histogram is projected onto the universal
eigen-spaceand the closestmanifold is found corresponding to BTF which is the classof
the query.

2.7.2 BTF Compression Based on Image Histograms

Exploiting of individual BTF image (CUReT [96]) histograms for purposeof estimation
of material parameters, veri�cation of texture models, BTF classi�cation, geometry esti-
mation and texture rendering is introduced by van Ginneken in [113]. According to this
method BTF imagescorresponding to the sameview position are generatedby meansof
a histogram matching technique [31] using only one original BTF image, its histogram
and histograms corresponding to other BTF imagestaken from the sameview position.
This technique enablesrelatively high BTF compressionsince only one image and sev-
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eral histograms have to be stored for satisfactory approximation of remaining BTFs for
many kinds of real-world materials. The authors found this method signi�cantly better in
comparisonwith simple image brightnessadjustment according to BRDF data.

2.7.3 Prediction of Lam bertian Rough Texture Illumination Character-
istics

Directional characteristics of rough textures was also studied by Chantler in [8] with
conclusion that illumination during image capture can act as a directional texture �lter
and that directional characteristics of such a texture are not just a function of surface
relief but are also a�ected by the illumination angles. The author presents a simple
texture model based on a linearised version of Lambertian law, applied to a frequency
domain representation of the surface texture, which successfullypredicts the directional
�ltering e�ect for closelyLambertian materials.

2.7.4 Image Based Religh ting

Another alternative approach of rough texture modelling basedon Lambertian re
ectance
function was presented by Dong and Chantler in [21]. The proposedmethod - Image-
Based Relighting (IBR) usesa speci�c linear combination of BTF imagesto generatenew
one with di�eren t illumination conditions. If Lambertian re
ectance law is assumed,the
following re
ectance function is valid

I (� i ;� i ) (x; y) = ��
� pcos� i sin � i � qsin � i cos� i + cos� ip

p2 + q2 + 1
(2.25)

where I is the intensity of image pixel at position (x; y), � is the incident intensity to
the surface, � is the albedo value of the Lambertian re
ection, (� i ; � i ) are elevation and
azimuthal illumination anglesand (p;q) are the partial derivativesof the surfacein x and
y direction.

According to these assumptions the interpolating formula is a linear sum of three
imagescaptured in three di�eren t illumination directions (� i = 0o; 90o; 180o when � i =
60o):

I (� i ;� i ) (x; y) =
�

cos� i sin� i

2sin60o �
sin � i sin� i

2sin60o +
cos� i

2cos60o

�
� I (0o ;60o )(x; y)

+
sin � i sin � i

sin60o � I (90o ;60o )(x; y)

+
�

cos� i

2cos60o �
cos� i sin � i

2sin60o �
sin � i sin � i

2sin60o

�
� I (180o ;60o ) (x; y) (2.26)

Fig. 2.7 shows the three original captured images as well as two interpolated images
obtained by applying the formula to each pixel. The described method is useful for gener-
ation of new views not included in a sparesampledBTF dataset, while assumingthat the
material more or lessful�ls the Lambertian law. Nevertheless,this interpolation method
doesnot solve BTF modelling or compressionproblems. To compressone re
ectance �eld
this method requiresto store relatively high number of BTF images. Moreover, it doesnot
solve the BTF enlargement problem so someadditional image tiling method is necessary.
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a) b)

Figure 2.7: Original BTF imageswith illumination elevation angle� i = 60o and azimuthal angles
� i = 0o, � i = 90o, � i = 180o during constant viewing position (a), generated imagesbased on
IBR formula with illumination elevation angle � i = 60o and azimuthal angles� i = 45o, � i = 135o

during constant viewing position.



Chapter 3

BTF Databases

Representation of real-world materials by meansof BTF is relatively new approach, how-
ever, its importance constantly increases.Due to a complex measurement procedure in-
volving accuratedata acquisition setupand long acquisition and post-processingtime there
are only several BTF databasesavailable comprising tens of di�eren t materials. Various
attributes of three main publicly available BTF databasesare subject of this chapter.

3.1 Colum bia-Utrec ht Re
ectance and Texture Database

Dana et al. [16] acquired one of the �rst real BTF measurements for 61 di�eren t natural
and man-madematerials - Columbia-Utrecht Re
ectance and Texture Database- CUReT.
This databasecontains materials asfabric, leather, plaster, paper, pebbles,velvet, feather,
leaf, human skin and several others. On image Fig. 3.1-a is illustrated measurement
setup of CUReT BTF database. During measurement the material sample position is
adjusted by robot arm and the 3-CCD colour cameramoves around the material sample
in seven di�eren t positions (seeFig. 3.1-b) while the light position is �xed. Vertices on
hemispherein Fig. 3.1-b correspond to possibleorientations of material sample surface
normalsand imagesareacquiredfor the subsetof sampleorientations which arevisible and
illuminated. As a result each datasetscomprisesof 205BTF imagesfor isotropic material
samplesand 410 BTF imagesfor anisotropic material sampleswhere extra measurements
are obtained by sample rotation by 45o or 90o. For �xed camera position there is from
1 to 13 di�eren t BTF images,i.e., from 2 to 26 for anisotropic samples.Sizeof raw BTF
imagesis 640� 480 pixels with 24bits per pixel. However, exploitable size of such BTF
imagesis not more than 500� 400 pixels and usedvideo camerahad low dynamic range
and, moreover, produced visible discontinuit y, interlace and moire artifacts. The major
drawback of CUReT BTF data is absenceof any points of correspondenceso performing
of correct pixel-wise recti�cation according to image contents is impossible. Nevertheless
CUReT BTF samplescan be useful for testing purposeswhere denseanglesquantisation
and imagesregistration is not necessaryand this BTF data are available via project web
site [96].

28
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a) b)

c)

Figure 3.1: (a) BTF CUReT measurement setup, (b) Camera positions according to material
sampleand illumination position, (c) Examples of CUReT BTF imagesof fabric.

3.2 Yale Univ ersit y BTF Database

The Yale university BTF database have been created by Koudelka et al. [59]. This
databasecontains BTFs of more than ten di�eren t rough materials: carpet, fur, gravel,
lichen, moss,sponge, velvet and even lego brick. BTF imageswere acquired by a static
digital video camera (CANON XL-1) while the illumination (LED array) was moving in
a robot arm with two degreesof freedomover hemisphereabove the surfaceof texture sam-
ple. The texture samplewas mounted on pan/tilt head providing two degreesof freedom
in viewpoint as well. Overall measurement setup is depicted in Fig. 3.2 Each such a BTF
contains 90 possibleview positions and 120 possibleillumination positions which results
in 10 000 BTF images per sample. Individual BTF images (Fig. 3.3) can be recti�ed
using marks on sample support. Obtainable resolution of recti�ed BTF measurement is
192� 192pixels. The resolution of the BTF measurements is unsatisfactory for statistical
models training, mainly for materials with slightly non-homogeneousappearancecontain-
ing lower spatial frequencies. On the other hand, an advantage of this dataset is high
angular resolution in both view and illumination angles. Due to useof video camerawith
relatively low resolution the measurement time is about 10 hours. The Yale University
BTF databaseis available for research purposesupon request to author [18].

3.3 Bonn Univ ersit y BTF Database

An extension of the CUReT BTF measurement setup have been constructed on Bonn
university [98] and is illustrated in Fig. 3.4. This measurement deviceconsistsof a robot
for material sample setting, a light source, a digital camera mounted on a rail leading
around the robot and a computer for robot arm, rail and camera control. The light
sourcewith a HMI (Hydrargyrum Media Arc Length Iodide) bulb (Broncolor HMI F575)
is equipped with the Fresnel lens to generate parallel light rays and should guarantee
homogeneousillumination of the sample and constant emissionover whole measurement
period. The six-megapixelsdigital cameraKodak DCS Pro 14N is fully remote controlled.
This measurement setup enable to measureevery combination of view and illumination
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Figure 3.2: BTF measurement setup of Yale University. Figure 3.3: Acquired BTF
images of Yale University
(material: moss).

direction over the material sample. This is useful mainly for sampleswith anisotropic
re
ectance properties. Acquired raw imagesare of size4300� 3000pixels in 12-bit RGB
format. The measurement time for one material using described setup is about 14 hours
and most of it takesdata transfer from the camerato the computer.

Sampleholder contains featuresfor easyraw imagerecti�cation (Fig. 3.6-a). The rec-
ti�cation procedureconsistsof two steps. The �rst is detection of sampleholder cornersas
intersectionsof four main outlines (Fig. 3.6-b) in Hough spaceillustrated in Fig. 3.6-c. In
secondstep is computed a homomorpic projection matrix from four points corresponding
to outlines intersection of four points corresponding to corners positions of recti�ed im-
age. By meansof this matrix the raw BTF image is transformed into a recti�ed head-on
position (� v = 0o; � v = 00) as it is shown in Fig. 3.6-d. Recti�cation error is less than
�v e pixels. The size of material sample is 10 � 10 cm2 and corresponding recti�ed BTF
imageshave resolution of 256� 256 pixels. The Bonn university BTF datasets contains
6561imagesper texture samplewhich corresponds to all combinations of 81 view and 81
illumination directions. Each BTF dataset takesup about 1.2GB. A subsetof theseBTF
datasetsare publicly available via project web page[17].

In the framework of EU project IST-2001-34744RealRe
ect we were provided with
even more accurate Bonn University BTF measurements with a maximal resolution of
800� 800 pixels. Thanks to improved imagespost-processingand recti�cation algorithms
the recti�cation error of these measurements is less than three pixels, while all other
parametersand the measurement setup remains unchanged.

At this point we have to mention that for all experiments with BTF data in this thesis
the extendedBonn university BTF datasetswereusedof size800� 800pixels intro ducing
81 di�eren t view and illumination directions.

To improve correspondenceof the individual BTF imagesas well as a speedup whole
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Figure 3.4: BTF measurement setup of Bonn University. Figure 3.5: Acquired BTF im-
agesof Bonn University (material:
corduroy).

a) b) c) q

r

d)

Figure 3.6: BTF imagerecti�cation: (a) measuredimage, (b) binary imagefor Hough transform,
(c) Hough transform accumulator with four main lines corresponding to sampleholder edges,(d)
�nal recti�ed image.

the BTF measurement procedureBonn University proposes[83] a new BTF measurement
device basedon array of 151 digital still camerasmounted on the hemispherical chassis
above the material sample. As light sourceswill be usedthe built-in 
ashes in thesecam-
eras. Angular resolution of this planned measurement setup dependsonly on a number of
cameras.The biggestadvantageof this systemis that it doesnot involve any moving parts,
so the acquired imagescan be �nally recti�ed at sub-pixel precision. System will enable
fast measurement as individual camerascan take imagessubsequently and do not need
to wait on a previous image data transfer. The time consuming post-processingshould
be much faster and more accurateas the individual imagesare recti�ed and correctedac-
cording to exactly known parametersand positions of the individual cameras.The spatial
resolution of this setup would be up to 280DPI resulting to recti�ed BTF textures of size
1024� 1024pixels. The measurement time is expected to be lessthan one hour.



32 Chapter3. BTF Databases

3.4 Comparison of BTF Databases' Parameters

The following table summarisesproperties of individual BTF databases.

BTF database
parameter CUReT Yale Bonn Bonn ext.

Number of materials 61 � 17 5 � 12
Raw BTF imagesresolution [pixels] 640� 480 480� 360 3032� 2008 3032� 2008
Recti�ed BTF images resolution [pix-
els]

500� 400 192� 192 256� 256 800� 800

Number of view positions 7 90 81 81
Number of illumination positions max. 50 120 81 81
Number of BTF images/ material 205 10 000 6561 6561
Material samplesize [cm] 10� 12 < 102 10� 10 10� 10
Averagesizeof recti�ed BTF dataset in
PNG format

� 100MB � 700MB � 700MB � 5GB

Recti�cation accuracy [pixels] { ? � 5 � 2
Camera type [V ideo / Still] V V S S
Movement of [Sample / Camera /
L ight] during measurement

S,C S,L S,C S,C

Raw data publicly available yes yes no no
Recti�ed data publicly available no yes yes no



Chapter 4

BTF Rendering

The BTF is relatively new approach for material re
ectance properties description which
is only currently possibledue to recent progressin computer technology. However, even
the most sophisticated graphics hardware have limited capability of fast raw BTF data
rendering thereforeemploying of BTF modelling methods is inevitable. Additionally there
are neither any standards for BTF rendering and modelling nor BTF rendering support
available implemented in widely used3D rendering software packages. This is causedbe
both huge dimensionality of BTF data and the principal dissimilarit y of individual BTF
modelling methods so the BTF rendering is usually inevitably tailored to a needsof these
individual methods. Therefore in the scope of this thesis we have implemented a BTF
rendering scheme, for proposedBTF modelling methods, basedon the OpenGL library
for one point-ligh t source.

During implementation several technical problems occurred and this section describes
the most important of them as well as their proposed solution: the BTF mapping on
a 3D object surface,the BTF interpolation for given view and illumination directions and
surfaceheight simulation techniques.

4.1 BTF Mapping on a 3D Ob ject

A texture mapping lays the texture onto an object in a VR scene.During this processan
image is applied to a polygon (or someother surfacefacet) of an object shape surfaceby
assigningtexture coordinates to the polygon's vertices. Thesecoordinates index a texture
image, and are interpolated across the polygon to determine, at each of the polygon's
pixels, a texture image value. The result is that some portion of the texture image is
mapped onto the polygon when the polygon is viewed on the screen.

Additionally to geometrical mapping in the caseof BTF (assuminghomogeneousillu-
mination for each polygon) we have to compute the two pairs of polar angles(� i ; � i ) and
(� v ; � v) for each polygon in texture coordinate systemaccordingto actual illumination and
cameradirection as is illustrated in Fig. 4.1. Theseanglesare necessaryfor identi�cation
which BTF image from the whole BTF dataset should be synthesisedand subsequently
mapped on the polygon. For this the 3D world coordinates of polygon vertices v 1; v2; v3

are known as well as their corresponding 2D texture coordinates t 1; t 2; t 3.

33
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Figure 4.1: The local coordinate systemof object surfacepolygon speci�ed by angles� i ; � i ; � v ; � v .

As a �rst step the polygon normal vector is computed using equation (4.1).

n =
(v1 � v2) � (v3 � v2)

knk
: (4.1)

The center of the polygon (triangle) is

fc =
v1 + v2 + v3

3
: (4.2)

Vectors pointing from the polygon center fc to the illumination and camera positions in
world coordinates iw ; vw are

i =
iw � fc

kik
v =

vw � fc

kvk
: (4.3)

The elevation angles� v and � i are then

� i = arccos
n i

knk kik
� v = arccos

n v
knk kvk

: (4.4)

To determineazimuthal angles� i and � v weneedto compute the projection of illumination
and view vectors i ; v to a polygon plane (4.5):

ip = n � (n � i ) vp = n � (n � v ) (4.5)

and to obtain vector x giving x-axis of a local texture coordinate system. Vector x is
projection of a 2D vector (1; 0) to 3D space.Our task is to compute the 3 � 3 projection
matrix M having set of three 2D texture coordinates (t u1; tv1); (tu2; tv2); (tu3; tv3) and cor-
responding 3D vertices coordinates (vx1; vy1; vz1); (vx2; vy2; vz2); (vx3; vy3; vz3) for a given
polygon according to
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Parameters of the matrix M can be determined as the Gausselimination [94] of matrix
equation:

AM T = B , i.e.,
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where M is the wanted solution. In the case that we need only projection of vector
x2D = (1; 0) { it meansonly di�erence of 3D coordinates of points A(0,0), B(1,0) using
the equation (4.6) with the result
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Thus we seethat only three parametershave to be computed, which can be done analyt-
ically with the following result

xx = a1 = vx 3 (tv 2 � tv 1)� vx 2 (tv 3 � tv 1 )� vx 1 (tv 2 � tv 3 )
tu 3 (tv 2 � tv 1 )� tu 1 (tv 3 � tv 1 )� tu 1 (tv 2 � tv 3 )

xy = a3 = vy 3(tv 2 � tv 1 )� vy 2 (tv 3 � tv 1 )� vy 1 (tv 2 � tv 3 )
tu 3 (tv 2 � tv 1 )� tu 1 (tv 3 � tv 1 )� tu 1 (tv 2 � tv 3 )

xz = a5 = vz 3(tv 2 � tv 1 )� vz 2 (tv 3 � tv 1 )� vz 1 (tv 2 � tv 3 )
tu 3(tv 2 � tv 1 )� tu 1 (tv 3 � tv 1 )� tu 1 (tv 2 � tv 3) :

(4.9)

The azimuthal anglesare then computed as anglesbetween the vector x and projections
ip; vp of illumination and view vectors onto the polygon. To obtain information of com-
puted anglesgreater then 180o we need to introduce auxiliary vector y = jn � x j. The
azimuthal angles� i and � v are computed as follows

� i =

8
><

>:

2� � arccos i p x
ki p k kx k if arccos i p y

ki p k ky k > �
2

arccos i p x
ki p k kx k else

� v =

(
2� � arccos v p x

kv p k kx k if arccos v p y
kv p k ky k > �

2

arccos v p x
kv p k kx k else

: (4.10)

All this computation can be done in advance and stored in a cube-map texture where
a vector to illumination/camera is usedas an index in the 4-dimensional imagescovering
cube sidesstoring the already precomputedvalues. This enablesto considerablyspeedup
the whole processof BTF mapping. For more details see[101].

4.1.1 Additional Texture Mapping Tasks

Constrained Texture Size

The texture is normally stored asa sampledarray of constrainedsize,soa large continuous
image must �rst be reconstructed from the samples/tiles. The repeatable tiles published
in [103] were computed from the original (see Section 8.3.1) BTF image using the fast
and adjustable sub-optimal path search algorithm for �nding the minimum error bound-
aries betweenthe overlapping images. Another image tiling approachesare mentioned in
[24, 11, 62]. Alternativ e solution of BTF enlargement using probabilistic texture models
approximating real measurements is proposedin Chapter 7. The presented probabilistic
models enable to produce the BTF imagesof an arbitrary size. The tiling approach was
usedto obtain textured objects for comparisonwith methods developed in the thesis.

Aliasing

The texture imagemust be warped to match any distortion (caused,perhaps,by perspec-
tiv e) in the projected object being displayed. Then this warped imageis �ltered to remove
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high-frequency components that would lead to aliasing in the �nal step. This problem is
usually solved using mip mapping approach [119, 101] which storespyramid of imagesof
the same texture with subsequently decreasingresolution. During the texture mapping
a certain texture image from the pyramid is taken according to distance of observer from
the object polygon being mapped. This suppressaliasing artifacts and save computation
time too becausethere is not necessaryto have the samelevel of detail mapped on both
closedand distant polygonsof the object.

Due to time and memory complexity of BTF synthesis and mapping we do not deal
with mip mapping in the scope of this thesis at all. Thus all the polygons of rendered
objects are covered with BTF with the samelevel of details.

However, all of the mathematical texture models presented in Chapter 7 uses the
Gaussian-Laplacianpyramid whoseindividual image levels can be stored and usedas mip
map images.

4.2 BTF In terp olation

For purposeof the BTF correct visualisation on objects in VR scene,there is necessary
to perform interpolation betweenindividual view and illumination directions with respect
to original quantisation step of the measuredBTF. In the casethat only the closestBTF
image is chosen for texture mapping on actual polygon there becamevisible seamsof
di�eren t colour / brightness on object surface. These artifacts can be suppressedusing
interpolation between three or more view / illumination position from BTF database
which are closest to actual polygon's view and illumination directions. Next problem is
computation of optimal weights of theseclosestview/illumination directions. In computer
graphics are for this aim commonly used barycentric coordinates which were derived by
M•obius in 1827[13, 26]. Using this technique the weights of three closesttriangle vertices
(v1; v2; v3) (view/illumination positions) corresponding to point p are computed as ratio
of massesof particular sub-triangle and whole triangle. The relative magnitude of the
coordinates (weights) corresponds to area ratios in triangle depicted in Fig. 4.2.

Figure 4.2: The barycentric coordinates in triangle.

Then barycentric weights are then computed as

w1 =
4 (p; v2; v3)
4 (v1; v2; v3)

w2 =
4 (p; v1; v3)
4 (v1; v2; v3)

w3 =
4 (p; v1; v2)
4 (v1; v2; v3)

(4.11)

where 4 (a;b;c) means area of triangle a;b;c. The point p is interpolated from closest
three points using equation

p = w1v1 + w2v2 + w3v3 (4.12)
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while following condition is ful�lled

w1 + w2 + w3 = 1 : (4.13)

From this is obvious that following scheme can be simply utilised for BTF interpolation
if the three closest measurements are known. These measurements can be obtained as
three closest vectors to actual camera/light positions. Now having these three closest
view/illumination positions the barycentric weights (wi ; wv) are computed for the closest
view and illumination directions. To determine the BTF image corresponding to these
directions there is necessaryto specify both view and illumination directions at a time.
By permutation of three closestview and illumination positions we obtain nine pairs of
view and illumination position when each of them specify one of BTF measurement. The
texture �nally mapped on each polygon is then linear combination of these nine BTF
imageswhile the �nal weight factors for each such a image are obtained using

wi;v = wi wv : (4.14)

Implementation of barycentric coordinates is quite straightforward whenassumingthat
each triangle in 3D can be represented using two vectors and the area of this triangle is
proportional to vector norm of a cross-product of these two vectors. So the barycentric
weights from equation (4.11) are �nally computed as

w1 =
k(v2 � p) � (v3 � v2)k
k(v2 � v1) � (v3 � v2)k

w2 =
k(v3 � p) � (v1 � v3)k
k(v2 � v1) � (v3 � v2)k

w3 =
k(v1 � p) � (v2 � v1)k
k(v2 � v1) � (v3 � v2)k

: (4.15)

The barycentric coordinates have the following interesting properties:

� If w1; w2 and w3 are all greater than zero, p is strictly inside the triangle.
� If wi = 0 and the other two coordinates are positive, p lies on the edgeopposite v i .
� If wi = 0 and wj = 0, p lies on v k .
� If wi < 0, p lies outside the edgeopposite v i .

There is a lot of research work, mainly in computer graphics, concerningbarycentric
coordinates. The article [80] describes generalisation of barycentric coordinates to any
irregular polygon (not only triangle).

The sameinterpolation scheme can be exploited also for cluster interpolation within
BTF model introduced in Chapter 7. In this casethere are not usedoriginal BTF images
for interpolation but synthesisedsubspaceimagesinstead of them speci�ed by meansof
a cluster index �le.

4.3 Surface Heigh t Simulation

Rough material surfacescan be in certain conditions e�cien tly approximated by means
of methods exploiting surfaceheight information. Two main approachesof rough surface
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representation based on height information were developed in computer graphics. The
�rst one is relative computationally cheap method proposedby Blinn in [7] called bump
mapping. The secondone, displacement mapping is more computationally demanding
method modelling texture surfaceby meansof direct move of surfaceverticesaccordingto
the range-map. Both of thesemethods are supported by contemporary graphicshardware
and thus their fast implementations and di�eren t modi�cations are available [122, 118, 56,
90, 92].

4.3.1 Bump Mapping

Bump mapping [7] is a normal-perturbation rendering technique for simulating lighting
e�ects causedby patterned irregularities on otherwise locally smooth surfaces.This tech-
nique adds more realism to synthetic images without adding a lot of geometry. Bump
mapping adds per-pixel surfacerelief shading and increasing the apparent complexity of
the surface,however its real geometry remainsunchangedas is illustrated in Fig. 4.3 [77].

Figure 4.3: Principle of bump mapping.

The colour of a surface is determined by the angle between the normal vector N of
that surface and the light vector L . On a 
at surface the normal vector N is the same
everywhere on that surface, so the colour of that surface will be the same everywhere,
however, if the normal vector is perturb ed at various points on that surface,it would yield
areasthat are darker or lighter, thereby creating the perception that parts of the surface
are raised or lowered.

The information about normals perturbation can be stored in a texture map so called
range-map or bump-map which is an array of values that represent an object's height
variations. The material range-mapcan be measuredand estimated by meansof variety
methods and most common of them are described in Chapter 5.

The normals perturbation can be performed by means of the �rst derivative of the
range-mapvalueswhich can be e�cien tly found by the following process(see1D example
in Fig. 4.4):

1. Render the range-mapimage as a texture (A).
2. Shift the texture coordinates at the vertices towards the light (B).
3. Re-render the range-mapas a texture, subtracting from the �rst image (A-B).

In order to perform accuratetexture shift, the light sourcedirection L must be rotated
into a tangent space. The tangent spacehas three perpendicular axes,T , B and N . T ,
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Figure 4.4: Subtraction of bump shifted
towards light sourcefrom original bump pro-
ducesvisual perception of lit bump.

Figure 4.5: The tangent spacede�ned on polyg-
onal 3D surface.

the tangent vector, is parallel to the direction of increasing texture coordinates s or t on
a parametric surface (seeFig. 4.5). N , the normal vector, is perpendicular to the local
surface. B , the bi-normal, is perpendicular to both N and T , and like T , also lies on
the surface. They can be thought of as forming a coordinate system that is attached to
the surface,keeping the T and B vectors pointing along the tangent of the surface,and
pointing away. If the surface is curved, the tangent spaceorientation changesat every
point on the surface.

In order to createa tangent spacefor a surface,it must bemapped parametrically. But
since this technique requires applying a 2D texture map to the surface, the object must
already be parametrically mapped in texture coordinates s and t. The only requirement
for well working bump mapping is consistent parametric mapping on the polygon.

A vector pointing to the light sourcemust be rotated into tangent spaceat each vertex
of the polygon. To �nd the tangent spacevectors at a vertex, use the vertex normal for
N , �nd the tangent axis by �nding the vector direction of increasing s in the object's
coordinate system. Find B by computing the cross-product of N and T . The normalised
valuesof thesevectors can be usedto create a rotation matrix:

R =

2

6
6
6
4

Tx Ty Tz 0
Bx By Bz 0
Nx Ny Nz 0
0 0 0 1

3

7
7
7
5

(4.16)

The matrix (4.16) rotates the T vector, de�ned in object space,into the x axis of tangent
space,the B vector into the y axis, and the normal vector N into the z axis. It rotates
a vector from object spaceinto tangent space. For all non-planar surfaces,this matrix
will di�er at each vertex of the polygon.

Now we can apply this matrix to the light direction vector L , transforming it into
tangent spaceat each vertex. Then the transformed x and y components of the light
vector are used to shift the texture coordinates at the vertex. The overall description of
three passbump mapping algorithm is given in Alg. 1.

Example of bump mapping for leather02 smooth texture on sphere with additional
di�use lighting is depicted in Fig. 4.6-left.

Although this technique approximates the surfacee�cien tly, there are following limi-
tations to its accuracy [77]:
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Algorithm 1: Bump mapping algorithm

1. Render the polygon with the range-maptextured on it (pass 1).

2. Find N , T and B at each vertex according to Fig. 4.5.

3. Use thesevectors to create a rotation matrix R (4.16).

4. Use the matrix R to rotate the light vector into tangent space(L 0 = RL ).

5. Usethe rotated L 0
x and L 0

y components of L 0 to shift the s and t texture coordinates
at each polygon vertex in direction of the light.

6. Re-render the textured polygon with the range-mapusing the shifted texture coor-
dinates (pass 2). See1D example in Fig. 4.4.

7. Subtract the secondimage (pass 2) from the �rst (pass 1).

8. Render the polygon with original colour texture (i.e., smooth texture or BTF syn-
thesisedand interpolated according to illumination and view position) and add it to
previously \bump ed" polygon (pass 3).

� Bump Map Sampling - the range-map is not continuous, but is sampled into
the texture. The resolution of the texture a�ects how faithfully the bump map is
represented. Increasingthe sizeof the bump map texture can improve the sampling
of the high frequencyheight components.

� Texture Resolution - the shifting and subtraction steps produce the directional
derivative. Since this is a forward di�erencing technique, the highest frequency
component of the bump map increasesas the shift is made smaller. As the shift is
madesmaller, moredemandsaremadeon the texture coordinate precision. The shift
can becomesmaller than the texture �ltering implementation can handle, leading to
noiseand aliasing e�ects.

� Surface Curv ature - the tangent coordinate axes are di�eren t at each point on
a curved surface. This technique approximates this by �nding the tangent space
transformation at each vertex. Texture mapping interpolates the di�eren t shift val-
ues from each vertex acrossthe polygon. For polygons with very di�eren t vertex
normals, this approximation can break down. A solution would be to subdivide the
polygonsuntil their vertex normals are parallel to within someerror limit.

� Maxim um Bump Map Slop e - the range-mapnormals usedin this technique are
good approximations if the bump map slope is small. If there are steep tangents
in the range-map,the assumption that the perturb ed normal is length one becomes
inaccurate, and the highlights appear too bright. This can be corrected by creating
a fourth pass,using a modulating texture derived from the original bump-map.
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Many of theseproblems are avoided when using displacement mapping approach instead.

Due to its simplicit y we have usedvariant of bump mapping called parallax mapping
[118] to introduce regular macro-structure to proposedprobabilistic BTF model in Chap-
ter 7. This approach approximates correct appearanceof uneven surfacesby modifying
the texture coordinate for each pixel and thus does not require to draw any additional
polygonsand can be implemented directly in graphics hardware.

Figure 4.6: Bump Mapping (left) vs. Displacement Mapping (right) for leather02 material
(smooth texture with di�use lighting).

4.3.2 Displacemen t Mapping

Displacement mapping [115] is a powerful technique that allows the range-map to ma-
nipulate the position of renderedobject faces. Unlike bump mapping, where the normals
are perturb ed to give the perception of a bump, this createsreal surfacerelief. They cast
shadows, occludeother objects, and do everything real geometrycando. The displacement
mapping is in comparisonwith bump mapping signi�cantly morecomputationally demand-
ing sinceit requires to tessellateoriginal polygon meshinto even �ner one. Displacement
mapping works for all 3D object types. However, becauseof need for �ne render-faces,
not all objects are equally well suited for displacement mapping. Fig. 4.6-right shows
exampleof displacement mapping for leather02 material on spherewith additional di�use
lighting comparedwith corresponding bump mapping result. Note the di�erence mainly
near an object's silhouette, where the bump mapping fails to perform realistic occlusions.
The main advantage of this method is no limitation on bump height so it can by usedfor
approximation of variety of real-world materials, e.g., fur as shown in [54].

To sum up, the displacement mapping technique providesbetter results than the bump
mapping alternative especially at contours of textured objects, where the bump mapped
textures remains 
at while displacement mapping preserve material relief correctly (see
Fig. 4.6). On the other hand the displacement bump mapping is not so computationally
expensive since this method doesn't require further tessellation of each polygon of the
textured object.
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Range Data Acquisition

For the sake of rough textures modelling as is often the caseof BTF, the original ma-
terial structure should be preserved as reliably as possible. One way of material surface
representation is surface height �eld so called range-map. In this thesis we have found
the range-mapuseful for enhancingthe quality of probabilistic BTF model introduced in
Chapter 7. Stochastic nature of the proposedmodels has di�culties with modelling of
textures consisting of regular patterns. So the regularity is introduced into thesemodels
by meansof surfaceheight information stored in the range-map. Therefore this chapter
summarisesand discussesdi�eren t approachesfor material surfaceheight acquisition and
their suitabilit y for BTF height acquisition.

The range-map is usually stored in a form of monospectral image whoseintensity in
individual pixels correspondsto relative height of observed surface. In our casethe lighter
the pixel is, the closerthe corresponding surfaceis to the camera. The range-mapenables
us to produce3D representation of rough texture from singletexture imageusingrendering
techniques which are widely supported by today's graphics hardware.

There are several options how to obtain the range-map. The easiestbut costly is
direct measurement using a range-scanner. Much cheaper but computationally more de-
manding alternative is using of analytical methods for range-mapestimation. There are
numerous methods for range-map estimation and their modi�cations. The range-map
can be estimated by meansof shape from stereo[58], shape from shading (SFS) methods
[44, 66, 126, 29], speci�c caseof SFS - photometric stereo [121, 104] or other alternative
methods [69]. For purposesof this thesis we have implemented and tested the two of the
most know and widely usedapproaches:

� Shape from shading

� Photometric stereo

{ using local integration of surfacenormals

{ using global integration of surfacenormals

5.1 Range-Map Measuremen t

Range-scannersare widely usedfor obtaining depth information of environment for robot
navigation, shape reconstruction or other image processingtasks and can be basically

42



5.1: Range-MapMeasurement 43

a) b) c) d)

Figure 5.1: Range-map estimation results of corduroy material (a). The following �gures il-
lustrate: (b) direct measurement using FM beat sensor, (c) shape from shading estimate, (d)
photometric stereoestimate.

divided into following two main categories.

5.1.1 Structured Ligh t Range Sensors

The �rst category is based on a structured light scanner which usestwo optical paths,
one for a CCD sensorand one for the structured light projected on measuredobject and
computesdepth via triangulation. Light sourcecan be laser beamor light pattern. Using
multiple camerascan improve measurement accuracy and exploit two dimensional light
pattern to speedup measurement. The main drawback of this triangulation technique is
low acquisition speedand missing data at parts of the scenevisible to the camerabut not
visible to light projector. Moreover, for relatively 
at and smoothly structured objects
such as rough textures for instance, the method is not accurate enough. An additional
di�culties appear also due to specularity of measuredmaterial.

5.1.2 Time of Fligh t Range Sensors

The secondgroup of rangesensorsinvolvesa signal transmitter, a receiver and electronics
for measuring the time of 
igh t of the signal during its round trip from the range sensor
to the surfaceof interest. There are three main classesof time of 
igh t sensors:

� Pulse time delay sensor emits intensepulsesof light or ultrasound and the distance
measurement is obtained as the amount of time the pulse takes to reach the target
and return to the sensor.

� AM phaseshift sensor measuresthe phasedi�erence betweenthe beam emitted by
an amplitude-modulated laser and the re
ected beam, a quantit y proportional to
the time of the 
igh t. This sensorsu�ers from inherent ambiguities since depth
di�erences corresponding to phaseshifts that are multiples of 2� cannot be resolved.

� FM beat sensormeasuresthe frequencyshift (or beat frequency)betweena frequency-
modulated laserbeamand its re
ection which is proportional to the round trip 
igh t
time. The range-map of corduroy rough material (Fig. 5.1-a) obtained using FM
beat sensoris shown in Fig. 5.1-b.

All thesesensorshave problems when imaging specular surfacesand can be relatively
slow due to long integration time at the receiver. Compared to structured light based
systems,time of 
igh t sensorso�er greateroperating rangeduring variable light conditions.
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5.2 Range-Map Estimation

Direct range-mapmeasurement devicecould not bealways available or such a measurement
could not be in principle possible. In such a situation the analytical range-mapestimation
methods described in this section can be convenient.

5.2.1 Shape from Stereo

Surfaceheight canbe restoredfrom at least two imagestaken from di�eren t positions. The
problem reducesmainly to densecorrespondencematching. Approachesto the correspon-
denceproblem can be broadly classi�ed into two categories: the intensity-basedmatching
and the feature-basedmatching techniques. In the �rst category, the matching processis
applied directly to the intensity pro�les of the two images,while in the second,features
are �rst extracted from the imagesand the matching processis applied to the features.

In tensit y-Based Stereo Matc hing

The intensity-basedstereomatching employs epipolar geometry which reducesthe search
for correspondencesfrom two-dimensions(the entire image) to one-dimension. This is
possible if we assumethat an epipolar lines coincide with the horizontal scanlinesif the
camerasare parallel so the corresponding points in both imagesmust therefore lie on the
samehorizontal scanline. From the corresponding row of the image pair reveals that the
two intensity pro�les di�er only by a horizontal shift and a local foreshortening. The
advantage of this intensity pro�le matching is that as an output is a densedisparity map
and, consequently a denserange-map. Unfortunately, like all constrained optimisation
problems, whether the system would converge to the global minimum is still an open
problem. An alternative approach in intensity-basedstereomatching, commonly known as
the window-basedmethod, only matchesthoseregionsin the imagesthat are \in teresting"
[58].

Feature-Based Stereo Matc hing

In the feature-basedapproach, the imagepair is �rst preprocessedby an operator soas to
extract the features that are stable under the changeof viewpoint, the matching process
is then applied to the attributes associated with the detected features. Edge elements,
corners,line segments, and curve segments are featuresthat are robust against the change
of perspective, and they have beenwidely usedin stereovision. Edgeelements and corners
are easyto detect, but may su�er from occlusion; line and curve segments require extra
computation time, but are more robust against occlusion.

Stereomatching processis a very di�cult search procedure. In order to minimum false
matches, somematching constraints must be imposed. Several matching constrains were
used in the past as for instance similarit y, uniqueness,continuit y, ordering and epipolar
constrain [73].

When the matching is �nished the essential matrix of both camerascan be computed
basedon correspondencebetweentwo images.From this essential matrix it can be derived
the translation and rotation between the both camerapositions. Finally according these
information about mutual cameraposition and orientation the range-mapreconstruction
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can be performed up to a scalefactor. Note that the camera is assumedto be calibrated
so that its intrinsic parametersare known. For more see[104].

5.2.2 Shape from Shading

Shape-from-shading(SFS) is problem of determining the shape of a smooth surfacegiven
a single image of that surfaceilluminated from know direction. The pioneer work in this
�eld has been done by Horn [44]. The SFS task can be regarded as calculating the set
of partial derivatives (~zx ; ~zy) corresponding to surfacez(x; y) assumingas a input single
intensity image illuminated under light direction � . The problem reducesto solving the
image irradiance equation

E(x; y) = �R (zx ; zy ; ! i ) (5.1)

whereE is the intensity value of the pixel at position x; y, � is albedoof the object surface
and R is Lambertian re
ectance map (5.2) that maps surfacegradients zx = @z(x;y )

@x and

zy = @z(x;y )
@y to an intensity value as follows

R(zx ; zy ; � ) =
uxzx + uyzy + uzq

u2
x + u2

y + u2
z

q
1 + z2

x + z2
y

; (5.2)

where ! i = (ux ; uy ; uz) is vector to illumination source in sample coordinate system.
The values (zx ; zy ; � 1) represents normal vector of surface in observed object location.
Unfortunately the equation (5.1) is underconstrained. To overcomethis underconstrained
nature of Lambertian SFS several constraints were proposed(see SFS survey in [126]).
One of them has been introduced by Frankot and Chellappa in [29]. This integrabilit y
constrain transforms estimated slopes (ẑx ; ẑy) to nearest integrable slopes (~zx ; ~zy) where
following integrabilit y equation is valid

@
@y

~zx =
@

@x
~zy : (5.3)

A possibly non-integrable estimate of surfaceslopes is represented by a �nite set of basis
functions and integrabilit y is enforcedby computing the orthogonal projection onto a vec-
tor subspacespanningthe set of integrable slopes. This projection mapsclosedconvex sets
into convex sets in each iteration step of SFS algorithm (Alg. 2) while following distance
measureis minimised

df (~zx ; ẑx ); (~zy ; ẑy )g =
Z Z

j~zx � ẑx j2 + j~zy � ẑy j2dxdy : (5.4)

At the beginning of each passof the algorithm the previous slopes are smoothed by
approximation of Laplacian with the center pixel left out according to

^̂zx (x; y) =
1
5

[~zx (x; y + 1) + ~zx (x; y � 1) + ~zx (x + 1; y) + ~zx (x � 1; y)] + (5.5)

+
1
20

[~zx (x � 1; y � 1) + ~zx (x � 1; y + 1) + ~zx (x + 1; y + 1) + ~zx (x + 1; y � 1)]

and similarly for ^̂zy .
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The following step represents �nite di�erence approximation which generatesa new
set of raw slope estimatesduring each iteration

"
ẑx (x; y)
ẑy(x; y)

#

=

"
^̂zx (x; y)
^̂zy(x; y)

#

+
1
�

(I (x; y) � R(^̂zx ; ^̂zy))

"
Rx (^̂zx ; ^̂zy)
Ry(^̂zx ; ^̂zy)

#

; (5.6)

where Rx = @R
@̂̂zx

and Ry = @R
@̂̂zy

are partial derivations of re
ectance function in (5.2) and

I (x; y) is intensity in image at location (x; y) and � is regularisation parameter which
in
uences convergencespeedof the whole iterativ e algorithm.

Surfaceslopesare represented using integrable basis functions in Fourier domain

Ĉx (u; v) =
1

2�

Z + 1

�1

Z + 1

�1
ẑx (x; y)) � ej (ux + vy)dxdy ; (5.7)

Ĉy(u; v) =
1

2�

Z + 1

�1

Z + 1

�1
ẑy(x; y)) � ej (ux + vy) dxdy :

And �nally in the last step the raw slopesestimates are projected onto the nearest inte-
grable solution using surfaceslopesrepresentation in Fourier domain as follows:

~C(u; v) =
� j
2�

u
N Ĉx (u; v) + v

N Ĉy(u; v)
u
N

2 + v
N

2 ; (5.8)

~Cx (u; v) =
u
N

~C(u; v) ;

~Cy(u; v) =
v
N

~C(u; v) ;

where Ĉ is Fourier spectrum corresponding to surfaceheight ẑ,
u is frequencycorresponding to width of the image 1: : : N ,
v is frequencycorresponding to height of the image 1: : : N .

The raw slope estimates which ful�l integrabilit y condition are obtained as the inverse
Fourier transformation of slopesrepresented in Fourier domain:

~zx (x; y) =
1

2�

Z + 1

�1

Z + 1

�1

~Cx (u; v) � e� j (ux + vx)dudv ; (5.9)

~zy(x; y) =
1

2�

Z + 1

�1

Z + 1

�1

~Cy(u; v) � e� j (ux + vx)dudv :

The surfaceheight is obtained as a byproduct of integrating surfaceslope estimates

z(x; y) =
1

2�

Z + 1

�1

Z + 1

�1
C(u; v) � e� j (ux + vy)dudv : (5.10)

Result of this algorithm applied on texture with complex surfaceilluminated by light
source with tilt � = 0o and slant � = 60o is illustrated in Fig. 5.2-b and Fig. 5.1-c.
Another example of shape from shading algorithm performanceis given in Fig. 5.3. The
range-mapsof three leather materials (right resp.) were estimated from single texture
images(left resp.) for roughly estimated position of illumination source.
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Algorithm 2: Shap e from Shading Algorithm (F rank ot,Chellappa) [29]

1. FOR all (x; y) 2 I N � N set slopes ~zx ; ~zy to zero

2. WHILE (df (~zx ; ẑx ); (~zy ; ẑy)g < thr eshold)

(a) FOR all (x; y) 2 I N � N compute smoothing by (5.5)

(b) FOR all (x; y) 2 I N � N compute new slopes(5.6)

(c) FOR all (x; y) 2 I N � N represent slopes using integrable basis functions in
Fourier domain, i.e. zx (x; y) ! Cx (u; v) and zy(x; y) ! Cy(u; v) (5.7)

(d) FOR all (x; y) 2 I N � N project the raw slope estimates onto the nearest inte-
grable solution using (5.8) in Fourier coe�cien ts space

(e) FOR all (x; y) 2 I N � N convert slopes from Fourier domain into raw form, i.e.
Cx (u; v) ! zx (x; y) and Cy(u; v) ! zy(x; y) (5.9)

3. FOR all (x; y) 2 I N � N compute height data z(x; y) from last Fourier coe�cien ts
C(u; v) (5.10) by inverseDFT .

4. FOR all (x; y) 2 I N � N normalise height data

a) b)

Figure 5.2: Result of SFS algorithm [29]: (a) original image (b) its range-map (� = 500, 28
iterations)

5.2.3 Photometric Stereo

The idea of photometric stereois basedon a changeillumination position betweensucces-
sive views, while holding the viewing direction constant. Woodham in [121] demonstrated
that these intensity measurements from multiple imagesprovide su�cien t constraint to
determine surfaceorientation locally. Thus assumptionsof photometric stereoare known
re
ectance function of observed material and existenceof three or more imagesobtained
from the sameviewing position during known illumination position change. This method
enables to compute normal vector in each image pixel [104]. The desired height data
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Figure 5.3: Range maps (left resp.) estimated from one image (right resp.) using shape from
shading technique for white leather, cushion leather and snakeleather from DaimlerChrysler and
UTIA texture database.

(range-map) are obtained from the estimated normal-map using integration techniques.
All surfacesare assumedLambertian and light sourcesare assumedas point light

sourcesin in�nit y.
I (x; y) = �R (zx ; zy ; ! i ) (5.11)

where I (x; y) is image intensity at location (x; y), � is albedo - the surface re
ectivit y
coe�cien t, R(zx ; zy) is re
ectance map which determine re
ected intensity dependently
on surfaceslopes(zx ; zy) (for examplesee(5.2)) and ! i is illumination position.

All directions to light sourcesare ordered into a matrix L and corresponding intensity
of the samepixel for di�eren t illumination directions are ordered to in matrix form I (x; y)
as follows

L =

2

6
4

L 1
...

L n

3

7
5 ; I (x; y) =

2

6
4

I 1(x; y)
...

I n (x; y)

3

7
5 : (5.12)

Then surfaceslopesn = [zx ; zy ; 1] for each pixel are computed by

n(x; y) =
L � 1I (x; y)

jjL � 1I (x; y)jj
(5.13)

Equation (5.13) holds if only three imagesare used (n = 3), otherwise it is necessaryto
usepseudo-inversionL + of matrix L whereL + = (L T L )� 1L T instead of L � 1. The optimal
placement of the illumination for three-imagephotometric stereowhen usedfor capturing
3D surface texture is derived and veri�ed experimentally in [107]. The gradient images
can be obtained even from imageswhere the illumination positions are unknown. This
problem is called uncalibrated photometric stereoand is discussedin papers [23, 106].

As was already mentioned photometric stereo computes normal n for every pixel in
imagelattice. Basedon thesenormals, the height data are obtained using either local inte-
gration techniques introduced,e.g., in [57] or global integration techniquesas for example
one-passof shape from shading algorithm, e.g., [126, 29].

Lo cal in tegration techniques

Local techniques perform local calculation of height increments by curve integral. These
methods di�er in specifying an integration path, i.e., scanlines and a local neighbourhood
for local approximation of height increments. Basic idea is multi-pass surfaceintegration in
de�ned neighbourhood starting from di�eren t parts of gradient imagecontaining pixel-wise
normals orientation. The resulted range-map is normalised average image of individual
passes. These techniques are easy to implement and very fast, however, the locality of
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the calculations causeshigh data dependencyand the propagation of height increments
propagate the errors as well. These techniques doesn't have imposeany restrictions on
surfaceintegrabilit y.

Oneof such methodsis describedin [57, 97]. The method require four scansthrough the
gradient image according to Fig. 5.4 During the scanthe height information is computed

Figure 5.4: Directions of scanning in four di�eren t scans through array of normals and used
contextual neighbourhood.

for each pixel by following process.Let n = [zx ; zy ; � 1] be the normal vector at position
(x; y) (seecontextual neighbourhood in Fig. 5.4). This vector is normalisedand reordered
according to

n0 =
[zx ; zy ; � 1]

q
z2

x + z2
y + 1

; �n0 = [�n0
x ; �n0

y ; �
q

1 � �n02
x � �n02

y ] (5.14)

then the normals are averagedwithin contextual neighbourhood

�nx
0 =

n0
a;x + n0

b;x + n0
c;x + n0

d;x

4
; �ny

0 =
n0

a;y + n0
b;y + n0

c;y + n0
d;y

4
: (5.15)

Applying of following formula for each slope position give as range-mapfrom one scan.

z(d) =
z(b) + z(c)

2
+

� �n0
x

�n0
z

+
�n0
y

�n0
z

2
(5.16)

To obtain �nal range-mapit is necessaryto perform all four scansas it is depicted in Fig.
5.4 and averagetheir valuesfor each slope position.

Result of photometric stereo with local integration of slopes applied on texture with
a rough surfaceilluminated by light sourcewith tilt � = 0o and slant � = 60o is illustrated
in Fig. 5.5-b. In the image we can seethe slanted artifacts causedby the incremental
error during contextual neighbourhood movement along image grid from all four scans.
The solution avoiding thesepossibleartifacts is usingglobal surfaceintegration techniques.
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a) b) c)

Figure 5.5: Result of photometric stereonormals integration : (a) the original image, the normals
integration (b) using local techniques, (c) using shape from shading integration.

Global in tegration techniques

Global integration techniques treat surfaceintegration as optimisation problem where the
goal is to minimise certain function. The global techniques are more robust against noise
in comparisonto local integration techniquesbecausethe surfacegradient data have global
impact on solution process.One exampleof thesetechniquesis oneiteration of shape from
shadingalgorithm Alg. 2 presented in [29]. Resultsof this integration approach is depicted
in Fig. 5.5-b and Fig. 5.1-d. Fig. 5.6 shows examplesof estimated normal and range
maps for six di�eren t materials from University of Bonn BTF databaseand one material
from UTIA rough textures database. Normal maps (secondrow) wereobtained by means
of photometric stereo using three di�eren t BTF imageswith �xed viewing position and
corresponding range-maps(third row) were reconstructed using mentioned shape from
shading global integration technique.

Figure 5.6: Normal and rangemaps(secondand secondrow) estimated using photometric stereo
and global integration technique for six materials from University Bonn BTF database(fabric01,
fabric02, foil01, foil02, leather02 and knitted wool) together with cushion fabric from UTIA rough
texture database.
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5.3 Range-Map Techniques Overview

The following table describesmain advantagesand disadvantagesof individual range-map
measurement and estimation methods.

method � 	
Structured Light Sensors easy reconstruction of complex

shapes
slow, missingdata in someareas,
problem with specularity, accu-
rate calibration required

Time of Flight Sensors accurate, wide operation range relatively slow, costly device,
problem with specularity

Shape from Stereo wide operation range slow, for deep scenesonly, only
approximate results

Shape from Shading only one image with known illu-
mination position necessary

relatively slow iterativ e method,
only approximate results

Photometric Stereo fast, accurate three registered images required
(with known lights position), ad-
ditional normals integration re-
quired

5.4 Range-Map Synthesis

The range-mapis usually obtained as somekind of material image processingwhen both:
size of the observed material and an acquisition device resolution are limited. However,
this constrained size of a range-map is inconvenient for surface approximation of large
objects in VR. Thus the estimated range-mapcan be enlargedto required sizeby means
of imagetiling as shown, e.g., in Section8.3.1. Another possibility is employing of a prob-
abilistic smooth texture synthesismodel introducedin Chapter 7. Apart from imagetiling
methods this option is most suitable for range-mapmodelling of irregular materials, e.g.,
plaster, leather, etc. Another range-mapsynthesis method with real-time performanceis
described in [51]. Although the method enablefast range-mapssynthesison arbitrary level
of details according to given normal density function the possiblerange-map representa-
tions obtained using this model are limited to bumpy surfaceswithout any low frequency
details.
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Segmentation of BTF Data

6.1 BTF segmentation

BTF datasetscontain thousandsof imagestaken for varying illumination and view direc-
tions. This overall number of imagescorresponds to angular resolution of BTF measure-
ment setup. In the caseof used Bonn university databasewith 81 di�eren t view and 81
di�eren t illumination position we obtain 6561BTF images.

Due to a limited computational capability of contemporary hardware, the both analysis
and real-time synthesis of all BTF images by means of probabilistic MRF-based BTF
modelspresented in Chapter 7 would be to costly and alsosuper
uous soa data reduction
method is inevitable.

This reduction can beperformeddue to the fact that an individual BTF measurements
have similar colour and brightnessproperties with nearby illumination and viewing angles.
Imagesimilarit y dependsmainly on individual material re
ectiv e properties and it is quite
probable mainly for closespatial positions of light and camera. Thesefacts lead us to idea
of BTF segmentation into a �nite set of BTF clusters.

During segmentation the BTF data space,spanning all view and illumination direc-
tions, is divided into set of clusters. Each such a cluster is represented by the BTF image
closest to cluster center according to similarit y function. Such an ideal similarit y func-
tion should favour the overall brightnessand colour hue similarit y regardlessof texture or
shadow information presented in comparedBTF data.

6.1.1 Data Represen tation

Oneof suitable data arrangements for BTF segmentation is B TFT E X containing individual
imagestaken for di�eren t illumination and view positions (seeSection 2.3.2). Thus the
resulting data spacecontains 81� 81 data features. An appropriate form of thesefeatures
considerablyin
uence performanceand speedof segmentation algorithm. Natural solution
would be using directly pixel valuesof BTF imageordered into a feature vector. However,
this solution have several shortcomings. The �rst of them is length of thesefeature vectors.
Even for relatively small data window containing the largest structure elements involved in
simple materials cannot be smaller than 20� 20. This window in three spectral channels,
results into feature vector of size3 � 20� 20 = 1200. Such long image featurescausevery
time demanding segmentations. Moreover, the pixel-wise registration of individual BTF
imagesis far from beingperfect (accuracymax � 3 pixels) sothe Euclideandistanceof such

52
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featurescan lead to relatively high distance even in caseswhen both imagesare the same
but shifted for a few pixels. The secondproblem is causedby a nature of BTF including
imageswith masked and shadowed areas. The pixels in two BTF imageswhen one was
taken from head-on position and the other for high grazing angle does not necessarily
correspond to the samelocation on the measuredmaterial sampledue to masking e�ect
causedby rough surfacestructure (seeFig. 2.6). Additionally , when the view anglesare
�xed the changing illumination producesshadows occurring in di�eren t portions of the
BTF image so again the simple Euclidean distance betweentwo such data features fails.

6.1.2 Histogram similarit y

The simple image statistics present in image histogram is handful for the purpose of
accurate BTF segmentation. As a similarit y measure can be used di�erence between
corresponding histogram bins. However, the di�erence of two histograms do not pay
attention on mutual positions of histogram bins in both imagesso using the cumulativ e
histograms �m instead is convenient.

For a colour BTF images a corresponding histograms in individual colour channels
are used. So each BTF image is represented by data features containing subsequently
three cumulativ e histogramscorresponding to individual colour channels. The sizeof such
feature vectors is 3 � 256= 768. The histogram similarit y for one colour channel r 3 is

�dH (k; i; v; r 3) =
n lX

i =1

( �mck � �m i;v )2 ; (6.1)

where the n l is a number of image quantisation levels (i.e., in our casen l = 256), ck

represents BTF image corresponding to k-th cluster center and r 3 = 1: : : d is spectral
channel. The �nal distance for all three colour channels is

� dH (k; i; v) = � dH (k; i; v; 1) + � dH (k; i; v; 2) + � dH (k; i; v; 3) : (6.2)

6.1.3 Colour-Space Transformation

The treatment of colour data according to human visual system is an important aspect
of usedcumulativ e histogram similarit y measure. To avoid weighting of individual RGB
valuesaccording to subjective human eye sensitivity we transformed all BTF imagesinto
perceptually uniform CIE Lab (D65) colour-space[123, 28]. In CIE Lab the samecolour
shift in terms of Euclidean distanceresults into the samedi�erence of visual perception of
resulted coloursand due to this reasonthe Euclidean distance becomeappropriate metric
for BTF histograms clustering.

6.1.4 K-Means Clustering

We haveusedcommoniterativ e K-meansclustering algorithm [105, 20] for the sake of BTF
histograms clustering. This technique exploits �rst order statistics of the data and �nds
a predeterminednumber of clusters in data space,by minimising the sum of squarederrors
criterion. The exploitation of clustering algorithm for aim of BTF data segmentation into
D clusters forming set K is introduced in Alg. 3.
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Algorithm 3: K-means Algorithm for BTF segmentation

1. Give random position to 8k 2 K centres of all clusters, i.e., [i = 0: : : 81; j = 0: : : 81]

2. WHILE ((inner class variance J > threshold) OR (number of iterations < max.
iterations) OR (no further data shifts betweenclusters))

(a) FOR each feature vector (BTF image with view position v and illumination
position i compute distance d(k; i; v) to every cluster centre k and assignthis
vector to cluster with the closestdistance (Step 1):

k� = argmin
k2 K

d(k; i; v) :

(b) FOR each cluster k 2 K recompute its centre according to all assignedvectors.
(Step 2)

3. Corresponding representativ e of cluster k 2 K is a BTF image having the closest
distance d() to the center of the cluster k.

The segmentation quality criterion of correct data distribution into individual clusters
is the inner classvariance de�ned by

J =
DX

k=1

X

j 2 Sk

jx j � � k j ; (6.3)

where Sk is a set of data features belonging to classk, x j vector representing j -th data
point and � k is a mean vector of data in classk, i.e., � k = 1

jSk j

P
j 2 Sk

x j .
The whole iterativ e processis stopped when J drops under prede�ned threshold or

there is no any further shift of data features between individual classeswhich indicates
optimal distribution of data features into the clusters.

Finally for each cluster is chosenone representativ e which is the closestBTF image
to cluster centre in senseof mentioned Euclidean metric between multisp ectral CIE Lab
histograms.

6.2 Optimal Num ber of Clusters

The estimate of optimal number of BTF clusters is very important step, when using K-
meansclustering method. We will denote this number a BTF dimensionality D. There
are several methods basedusually on BTF linear analysisusing the PCA performedon all
6561 BTF imagesor on their spatial correlations. Here have to be noted that �nding of
principal components for whole BTF spaceis tremendouscomputational task which even
for relatively small part of original BTF imagestakesmany hours of computations.

An alternative solution avoiding these problems consist in starting with prede�ned
minimal number of clusters. The number of clusters is then iterativ ely increasedby split-
ting the cluster of the biggest inner-variance J (6.3). The cluster adding iterations are
repeated till the number of data features (corresponding BTF images) in each cluster or
the inner variance in all individual clusters is smaller than prede�ned threshold.
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6.2.1 PCA on Raw Data

One way to obtain optimal BTF dimensionality D is employing the image statistical
methods. One of them is PCA of whole BTF data space. All pixels from window of size
M � N cut from individual BTF imagesare ordered into vectors X and centered using
meanBTF imagevector �X . All thesevectorsform matrix A of size3M N � n i nv asfollows

A = [X 1 � X̂ ; X 2 � X̂ ; : : : ; X n i �nv � X̂ ] (6.4)

In the following step the symmetric matrix M = A T A is computed. Note than even this
symmetrisation step is quite long since the size of matrix A, even if taking into account
only BTF imagearea20� 20, is 1200� 6561. Sofor material with large structure elements
the matrix can be considerably larger which causesvery long computational times.

When having the symmetric matrix M the SVD is performed resulting into the fol-
lowing decomposition

M = UD V T (6.5)

where U ; V T contain orthonormal columns, rows respectively and D is non-negative di-
agonal matrix containing sorted eigen-values.

The individual eigen-values from diagonal matrix D weight the importance of eigen-
vectors contained in matrices U and V T for matrix M reconstruction. The number of
preserved eigen-numbersapproximately correspondsto the BTF dimensionality D accord-
ing to the equation P D

i=1 � 2
iP n i nv

i =1 � 2
i

� F : (6.6)

where � 2
i are squaredeigen-values sorted downwardly on diagonal of matrix D and F is

a fraction closeto 1 which enablespreservation of the most important BTF features. In
our experiments on several BTFs we supposeF = 0:9 as satisfactory approximation.

From this follows that only D eigen-valuesand corresponding eigen-vectors (i.e., eigen-
BTF images)have to bestored for BTF dataset reconstruction holding most of the original
BTF information.

Plotting of the �rst thirt y eigen-values and corresponding logarithmic eigen-values,
illustrated in Fig. 6.1, shows that only about 10 to 30 BTF imagescovers most of the
information in BTF of tested materials. Fig. 6.1 shows that most of the materials can be
satisfactory approximated by meansof linear combination of relatively low number D of
eigen-BTFimages.

6.2.2 PCA on Raw Data Correlations

The BTF dimensionality D should correspond to number of texture images, which are
necessaryfor correct reconstruction of wholeBTF dataset. Another possibleway to obtain
D was presented in paper of Suenand Healey [109].

The method determines texture dimensionality using correlation functions computed
in small area of each BTF image. If we assumethat all BTF imagesare already recti�ed
(rotated to head-on position, i.e., the texture normal is identical to camera axis), the
correlation betweenspectra i and j is computed in following way

Rij (m) =
1

j�( m)j

X

x 2 � ;(x + m )2 �

[I i (x) � �I i ][I j (x + m) � �I j ] ; (6.7)
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wherex = [r 1; r2]T are planar coordinates in BTF image,m = [m; n] are correlation shifts,

�I i =
1

j� j

X

x 2 �

I i (x)

and similarly for �I j , � is the region in the image which the sample occupies, j�( m)j is
number of locations where x 2 � and (x + m) 2 �.

If three spectral bands in BTF imagesare assumed(RGB), we have namely following
nine correlations per each image pixel RRR ; RRG ; RRB ; RGR ; RGG ; RGB ; RB R ; RB G ; RB B .
The values of m; n can vary in intervals 0 � m � mmax and � nmax � n � nmax . Thus
�nally 9(mmax + 1)(2nmax + 1) correlationsfor every imageareobtained and their valuesare
orderedinto a column vector of this length. Such a vector is obtained for every BTF image
of all n i nv BTF images.Finally the matrix R (6.7) with size9(mmax + 1)(2nmax + 1)� n i nv

is built.
On matrix R is performed SVD which �nds diagonal matrix D with eigen-valuesand

matrices U , V with corresponding eigen-vectors.

R = UD V T (6.8)

Figure 6.1: The thirt y highest eigen-values plotting for eight distinct BTFs. The �rst image
depicts standard eigen-values plotting while the second image shows corresponding logarithmic
values.
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The eigen-valuesare sorted according to their sizedownwardly so � 1 � � 2 � : : : � � n i nv .
The BTF dimensionality D is obtained from the formula (6.6)

6.3 Clustered BTF Represen tation

The �nal BTF reconstruction is based on cluster index �le which stores indices of the
individual cluster representativ e imagesbeing usedfor certain light and camerapositions
i and v. The example of cluster index for D = 15 together with corresponding cluster
representativ e imagesfor material leather01 is shown in Fig. 6.2.

Figure 6.2: Cluster subspaceindex for the leather01 BTF containing 15 clusters (left). The BTF
imageswithdra wn according to clustering results (right). Each image represents the closestBTF
image to center of each cluster with respect to colours in cluster index (left).

Only theseimagesso-calledBTF subspaces(Fig. 6.2-right) are synthesisedusing MRF
models presented in Chapter 7 and their parameters are stored along with cluster index
table (Fig. 6.2-left). According to these data the BTF texture image with mesostruc-
ture and microstructure corresponding to required illumination and view direction are
synthesised.

From cluster index in Fig. 6.2-left and Fig. 6.3 it is apparent that the change of
illumination direction, in comparisonwith the changeof view direction, results in higher
cluster di�erence as was mentioned already in [59]. Seehorizontal strip es of di�eren t
\background" clusters which corresponds to changeof illumination elevation angle.
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Figure 6.3: Subspaceindex imagesfor four di�eren t materials: leather02 (12 clusters), fabric02
(13 clusters), wool (15 clusters) and wood02 (15 clusters).



Chapter 7

Probabilistic BTF Mo delling

The main requirements on ideal BTF model are preservation of visual quality, compact
size of parametric set and low computational demands. All the BTF compressionand
modelling methods mentioned in Chapter 2 are based on repetition of stored BTF im-
agesor on some kind of their pixel-wise parametric representation. These approaches
enablerelatively low BTF data compressionand require additional, usually sample-based,
methods for enlargement of synthesisedBTF images.

This chapter introducesseveral novel BTF modelswhich remedy mentioned disadvan-
tages of contemporary BTF models at the price of compromisevisual quality for some
materials. Proposedmodels are generative so they do not needto store any form of origi-
nal BTF measurements but only very restricted model statistics. This approach allows to
reach huge compressionratio of the original BTF measurements, while the fast BTF data
synthesis and rendering is guaranteed.

The proposedprobabilistic BTF model is basedon two main parts: BTF segmentation
into subspacesand subspacemodelling as depicted in a block schemeon Fig. 7.1.

Figure 7.1: The overall schemeof proposedprobabilistic BTF model.

The BTF segmentation method is in detail described in the previous chapter while the
subspacemodelling is subject of this chapter. The proposedBTF modelling approach per-
forms well on smooth BTFs with stochastic structure, e.g., wood, plaster, etc. However,
due to its inherent principle it hasdi�culties to reproduceregular low frequencystructures
often present for instance in BTFs of textiles. To overcomethis drawback we introduce
modi�ed BTF model with additional rough surfacestructure processingpipeline basedon
height data estimation and modelling as it is illustrated in Fig. 7.2. The additional pro-
cessingconsist in range and normal maps estimation and their subsequent enlargement.
The �nal BTF image is obtained as combination of original interpolated subspacesyn-

59
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thesis and height data in displacement or bump mapping �lter. Such an approximation
is generally possibleonly for materials ful�lling Lambertian re
ectance law, however, it
gives satisfactory results also for materials where this assumption does not hold. This

Figure 7.2: The overall scheme of proposed probabilistic BTF model with additional rough
information processingpipeline.

approach simpli�es the underlying probabilistic MRF models structure as well as their
corresponding robust parameters estimation problem and allow shading and scattering
approximation by meansof GPU.

7.1 BTF Segmentation in to Subspaces

All three proposedBTF models (Fig. 7.1 and Fig. 7.2) starts with the BTF image space
segmentation into several subspaces.This is doneusing the K-meansalgorithm in the fea-
ture spacethat consistsof all view and illumination combinations using colour cumulativ e
histogram data as data features. Currently the best available BTFs are represented by
81 view � 81 illumination directions (for University of Bonn data [98]). To obtain more
accurate segmentation results the cumulativ e histograms are computed in perceptually
uniform CIE Lab colour-space. Described segmentation divides BTF spaceinto a set of
subspacesand each of them is represented by the nearestBTF image that corresponds to
cluster center in senseof Euclidean distance betweentwo cumulativ e histograms.

An important issue is the optimal number of subspaces. The eigen-value analysis
(PCA) of whole BTF data spaceleadsus to the conclusion that the intrinsic BTF space
dimensionality for most BTF texture samplesis between ten and thirt y. Hencethe �rst
largest 10 to 30 eigen-values contain often 90% of the whole information. Several exam-
ples of BTF spacesegmentations for di�eren t materials are depicted in Fig. 6.3. We
restricted the maximal number of subspaceimagesin our implementations to twenty with
respect to limited GPU memory, computational demands as well as satisfactory visual
BTF reconstruction. More details on BTF segmentation are given in Chapter 6.

7.2 Surface Heigh t Data Estimation and Enlargemen t

The BTF models exploit range and normal map estimated from the original BTF mea-
surements for representation of rough material macrostructure. This can be performed by
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meansof several method as it is discussedin Chapter 5. We have used a simple photo-
metric stereowhich is preferable for BTF data having tens of ideally mutually registered
imageswith known light positions. The photometric stereoenablesto acquire the normal
and albedo �elds from intensity imageswhen the Lambertian opaquesurface is assumed
(for details see[121]).

This method provide relatively accurateapproximation of material macrostructure. We
obtained satisfactory results for many real-world materials such as for instance plaster,
leather, etc. Range data enlargement to required resolution was accomplishedby means
of image tiling method presented in [103] (seeSection 8.3.1) or using the MRF modelling
approach.

7.3 Multiscale Multisp ectral Subspace Mo dels

In this section we propose the three di�eren t Markov Random Field (MRF) subspace
modelswhich are responsible for material modelling on mesostructureand microstructure
level. Individual cluster representativ e subspaceimagesobtained using BTF segmentation
are subsequently analysed by means of one of these probabilistic MRF models. The
simultaneous modelling of such multisp ectral subspaceimages generally requires three
dimensionalmodels. If a 3D data spacecan be factorised then thesedata can be modelled
using a set of less-dimensional2D random �eld models, otherwise it is necessaryto use
some3D random �eld model. Although, full 3D modelsallow unrestricted spatial-spectral
correlation modelling its main drawback is the large number of parameters that have to
be estimated and consequently more time demanding analysis as well as synthesis.

7.3.1 3D Mo dels

The modelling of general multi-sp ectral textures requires three dimensional model that
allow unrestricted spatial-spectral correlation representation. Three dimensional models
can be divided into two major categorieswith respect to the type of model's contextual
neighbourhood (CN): causal and non-causal. The non-causal models do not have any
particular restriction on the shape of CN, however, their computation is very slow since
in most MRF models it requires an iterativ e Monte Carlo methods. On the other hand,
the causal models restrict the CN shape to be either causal or unilateral, i.e., during
computation the CN take into account during computation only the known or already
computed image pixels (see example in Fig. 7.6). This enablesuse some exceptional
models for fast analytical parameter estimation methods as well as to perform fast model
synthesis.

The basic block scheme of 3D multiscale multisp ectral model is depicted in Fig. 7.3
The whole subspaceimages modelling processcan be split into two major parts. The
�rst one is a simultaneous analysis of all subspaceimagesby meansof 3D MRF model.
The secondpart is a fast subspaceimagessynthesisof arbitrary resolution basedon MRF
model parameterscomputed in the previous analytical step.

In comparison with the o�ine analysis the synthesis has to be fast enough to enable
real-time rendering of synthesisedBTFs in VR systems.
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Figure 7.3: The schemeof 3D MRF multiscale multispectral subspacemodel.

Analysis

Individual subspaceimagesaredecomposedinto a multi-resolution grid and each resolution
data are independently modelled by their dedicated MRF model. This enable e�cien t
modelling of all visual features of subspaceimages. The multi-resolution grid is created
by meansof a Gaussian-Laplacianpyramid as is described in full details in Section 7.3.4.

The results of the analytical part are several MRF models with di�eren t parameters
corresponding to di�eren t synthetic results. Since there is not any suitable similarit y
measureto comparevisual quality of colour textures available sofar, wechoosethe optimal
model structure according to subjective visual observation as is discussedin Chapter 9.

The analysis of 3D MRF models generally leads to the computationally demanding
Monte Carlo iterativ e techniques. However, after several restrictions, asmentioned above,
we can avoid this iterativ e parameter estimation and use the fast analytical estimation
techniques.

Generally the MRF model is generative so it doesnot require to store any samplesof
original subspacetextures. The number of the 3D model parametersdependsonly on the
number of input data spectral channelsand on sizeof model's contextual neighbourhood.
Thus the 3D MRF model enableunbeatable compressionof subspaceimages. The BTF
model parametersfor onematerial in form of the 
oating point numbers take up typically
about 100KB in average for contextual neighbourhood including six support pixels and
three pyramid layers.

Syn thesis

The synthesis of 3D model is processcomplementary to the analysis,however, in compar-
ison with analytical part of proposedanalytical 3D MRF model, its synthesis is very fast
and consist of individual multi-resolution pyramid planessynthesis and their subsequent
interpolation during spatial defactorisation step (inversion processto (7.4),(7.6)). Based
on the parametersof 3D MRF model the subspaceimagesof arbitrary resolution can be
synthesised.

7.3.2 Appro ximation using 2D Mo del

The factorisation alternative of 3D data modelsis attractiv e becauseit allows usingsimpler
2D data models with less parameters and consequently also easier implementation. In
our casethe spectral factorisation was employed to decompose individual multisp ectral
subspaceimages into monospectral factors which are modelled independently by their
dedicated 2D models. The block scheme of general2D multiscale multisp ectral model is
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Figure 7.4: The schemeof 2D MRF multiscale multispectral subspacemodel.

illustrated in Fig. 7.4.
The whole subspaceimagesmodelling processcan be again split into two major parts.

The �rst one is subsequent analysis of subspaceimagesby meansof a 2D MRF model.
The secondpart is fast subspaceimagessynthesis of arbitrary resolution basedon MRF
model parameterscomputed in the previous analytical step.

Analysis

Apart from 3D model the 2D model starts with a spectral factorisation step which results
into a set of monospectral subspacefactors. The spectral factorisation is accomplished
by the Karhunen-Loeve transformation of input multisp ectral data (seeSection 7.3.3 for
details). Each monospectral decorrelatedplane is subsequently spatially factorised using
a Gaussian-Laplacianmulti-resolution pyramid and each monospectral subband image is
analysed by means of a 2D MRF model resulting into a texture representation by the
model parameters. So each monospectral subspacefactor have dedicated multi-resolution
pyramid and each pyramid resolution layer is analysedby dedicated 2D MRF model.

As a result of multisp ectral data analysisa matrix of inverseKarhunen-Loeve transfor-
mation is stored together with 2D MRF model parametersfor individual subspaceimages.
The number of the 2D MRF model parameters depends again on the number of input
data spectral channelsof individual subspaceimagesand on the sizeof model's contextual
neighbourhood. Thus the 2D MRF model enable even higher compressionof subspace
images than 3D model. The BTF model parameters for one material take up typically
about 60KB in average for contextual neighbourhood with six support pixels and three
pyramid layers.

Syn thesis

The synthesisof monospectral subspacefactors requiresreconstruction of individual planes
of the multi-resolution pyramid. Each monospectral �ne-resolution component is obtained
from the pyramid collapse procedure (inversion processto (7.4),(7.6)). Finally the re-
sulting synthesisedmultisp ectral subspaceimage is obtained from the set of synthesised
monospectral imagesusing the inverseKarhunen-Loeve transformation. Basedon the pa-
rameters of 2D MRF model and the inverseKarhunen-Loeve transformation matrix the
proposed2D model enablesynthesis of subspaceimagesin arbitrary resolution. Despite
the essential computation of the inverseKarhunen-Loeve transformation the synthesis of
the proposed2D model is very fast. Moreover, the 2D multiscale multisp ectral model can
be appropriate candidate for fast hardware acceleratedimplementation sincethe synthesis
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consistsof relatively simple operations. The idea of such an implementation is described
in Section 7.5.1.

7.3.3 Spectral Factorisation

A real data spacecan be decorrelatedonly approximately, hencethe independent spectral
component modelling approach su�ers from somelossof image information, however, this
loss of spectral information is only visible in textures with many substantially di�eren t
colours. Spectral factorisation using the Karhunen-Loeve expansiontransforms the orig-
inal centered data space ~Y de�ned on the rectangular M � N �nite lattice I into a new
data spacewith K-L coordinate axes �Y . This new basisconsistsof the eigenvectors of the
second-orderstatistical moments matrix (7.1)

� = Ef ~Yr ~Y T
r g (7.1)

where the multiindex r has two components r = f r 1; r2g, the �rst component is row and
the secondone column index, respectively. The projection of random vector ~Yr onto the
K-L coordinate systemusesthe transformation matrix

T = [uT
1 ; uT

2 ; : : : ; uT
d ]T (7.2)

which has rows uj that are eigenvectors of the matrix �. The number d of eigenvec-
tors depends on the number of spectral bands in the original multisp ectral data ~Yr (for
applications in RGB colourspacethe d = 3). Components of the transformed vector

�Yr = T ~Yr (7.3)

are mutually uncorrelated and if we assumethat they are also Gaussian then they are
independent thus each transformed monospectral factor can be modelled independently of
the remaining spectral factors.

7.3.4 Spatial Factorisation

The spatial factorisation is technique that enablesseparatemodelling of individual fre-
quency components of input image data. So these multi-sp ectral image data are decom-
posedinto a multi-resolution grid and each resolution data are independently modelled by
dedicated MRF model. Each grid resolution represents a single spatial frequencyband of
the texture which corresponds to one layer of Gaussian-Laplacianpyramid.

The input multi-sp ectral image is decomposed into a multi-resolution grid and all
resolution data factors represents the Gaussian pyramid •Y (k)

r of level k. The Gaussian
pyramid •Y (k)

r is a sequenceof k images in which each one is a low-pass downsampled
version of its predecessor.Gaussian�lter is approximated by the weighting function (FIR
generating kernel) w which is chosento comply:

separability ws = ŵs1 ŵs2

normalisation
P

i ŵi = 1
symmetry ŵi = ŵ� i

equal contribution ŵ0 = 2ŵ1 (l = 1)
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where l represents sizeof kernel function and s = f s1; s2g in row and column index in the
kernel.

The equal contribution constraint requires that all nodesat the given level contribute
the sametotal weight to the nodesat the next higher level. The solution of aboveconstrains
for the reduction factor 3 (2l + 1) is ŵ0 = 0:5, ŵ1 = 0:25, for reduction factor 5 it is
ŵ0 = �; ŵ1 = 0:25� 0:5� where usual choice is � = 0:4.

Figure 7.5: Multiscale texture decomposition into the Gaussian-Laplacianpyramid. The Gaus-
sian, Laplacian and Gaussian-Laplacianpyramids respectively.

The Gaussianpyramid for a reduction factor n (for n = 2 the N � N image is down-
sampledto N

2 � N
2 ) is

•Y (k)
r ;i = #n ( •Y (k� 1)

� ;i 
 w) k = 1; 2; : : : ; (7.4)

where •Y (0)
� ;i = �Y� ;i ; #n denotesdown-sampling with reduction factor n and 
 is the

convolution operation. Convolution can be substituted using

•Y (k)
r =

lX

i;j = � l

ŵi ŵj •Y (k� 1)
2r +( i;j ) : (7.5)

An analysedtexture is decomposedinto multiple resolutionsfactorsusingthe Laplacian
pyramid and the intermediary Gaussian pyramid •Y (k)

� ;i which is a sequenceof images
in which each one is a low-pass down-sampled version of its predecessor. Each level
of Laplacian pyramid generatesa single spatial frequency band of the texture and is
independently modelled by its dedicated 2D subspacemodel (see sections 7.3.7, 7.3.6
and 7.3.5). Such a Laplacian pyramid _Y (k)

r ;i contains band-passcomponents and provides
a good approximation to the Laplacian of the Gaussiankernel. It can be constructed by
di�erencing single Gaussianpyramid layers:

_Y (k)
r ;i = •Y (k)

r ;i � " n ( •Y (k+1)
� ;i ) k = 0; 1; : : : ; (7.6)

where " n is the up-sampling with an expanding factor n. The example of resulted
Gaussian-Laplacianpyramid is illustrated in Fig. 7.5.
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There areseveral alternativespatial factorisation approachesto the Gaussian-Laplacian
pyramid available such as a steerablepyramid introduced in [43, 93]. However, this tech-
nique is much slower than the approach proposedabove so we did not useit in this thesis.

7.3.5 3D Causal Auto-Regressiv e Subspace Mo del

Multi-sp ectral subspaceimagesare decomposedinto a multi-resolution grid and each res-
olution data is modelled independently by independent Gaussian noise driven 3D CAR
MRF model that enablesimultaneous modelling of all subspaceimages.

Let the digitised colour texture Y is indexedon a �nite rectangular three-dimensional
N � M � d underlying lattice I , where N � M is the image sizeand d is the number of
spectral bands(i.e., d = 3 for usual colour textures). Let us denotea simpli�ed multiindex
r to having two components r = f r 1; r2; r3g. The �rst component is a row index, the
secondone is a column index and the third is a spectral index, respectively.

I r speci�es shape of the contextual neighbourhood (CN) around the actual index
r = f r 1; r2; r3g. Causality is ful�lled when all data obtained from CN are known (not
missing pixels). The example of 2D causal and non-causalCN is depicted in Fig. 7.6.

Figure 7.6: The example of 2D causal(a) and non-causal(b) contextual neighbourhood.

From this causalcontextual neighbourhood the known data are arranged into a vector:

X r = [Y T
r � s : 8f sg 2 I c

r ]T : (7.7)

The (CAR) random �eld is a family of random variableswith a joint probabilit y density
on the set of all possiblerealisationsY of the M � N � d lattice I , subject to the following
condition:

p(Y j � ; � � 1) = (2� ) � d( M N � 1)
2 j� � 1j

( M N � 1)
2 (7.8)

exp

(

�
1
2

tr

(

� � 1
�

� I
� T

� T
~VM N � 1

�
� I
� T

� ))

;

where I is identit y matrix, � is parameter matrix, � is covariance matrix of Gaussian
white noiseand

~Vr � 1 =

 ~VY Y (r � 1)
~V T

X Y (r � 1)
~VX Y (r � 1)

~VX X (r � 1)

!

: (7.9)

The usednotion is:

~VX X (r � 1) =
r � 1X

k=1

X kX T
k ;
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~VX Y (r � 1) =
r � 1X

k=1

X kY T
k ;

~VY Y (r � 1) =
r � 1X

k=1

YkY T
k : (7.10)

Simpli�ed notation r; r � 1; : : : denotesthe multisp ectral processposition in I , i.e.,
r = f r 1; r2; r3g, r � 1 is the location immediately preceding f r 1; r2; r3g, etc. A direction
of movement on the underlying image sub-lattice is common rows scanning. r � 1 =
(r1 � 4 1; r2 � 4 2; r3); r � 2 = (r 1 � 24 1; r2 � 24 2; r3); : : :. The data from model history
obtained during adaptation are denoted as Y (r � 1) .

For the sake of proper model adaptation the standard exponential forgetting factor
technique in parameter learning part of the algorithm [35] can be used. This approach
enableto suppressan in
uence of distant data in model history during parameter estima-
tion step. The exponential forgetting factor is stated by parameter  and afterwards the
equations (7.10) become

~VX X (r � 1) =  
r � 2X

k=1

X kX T
k + X r � 1X T

r � 1 ;

~VX Y (r � 1) =  
r � 2X

k=1

X kY T
k + X r � 1Y T

r � 1 ;

~VY Y (r � 1) =  
r � 2X

k=1

YkY T
k + Yr � 1Y T

r � 1 : (7.11)

The 3D CAR model can be expressedas a stationary causaluncorrelated noisedriven
3D autoregressive process:

Yr = � X r + er ; (7.12)

where � is the d � d� parameter matrix

� = [A1; : : : ; A � ] ; (7.13)

and

A i =

0

B
B
@

ai
1;1 : : : ai

1;d
...

. . .
...

ai
d;1 : : : ai

d;d

1

C
C
A 8i 2 f 1: : : � g ; (7.14)

� = card(I c
r ) ; I c

r is a causal CN, er is a Gaussianwhite noise vector with zero
mean and a constant but unknown covariance matrix �.

Optimal Supp ort Set Estimation

The selectionof an appropriate CAR model support is important to obtain good modelling
results. Too small contextual neighbourhood can not capture all details while inclusion
of surplus neighbours add the computational burden and can potentially degrade the
performanceof the model as an additional sourceof noise. The optimal neighbourhood
can be found using the Bayesian decision rule for minimising the averageprobabilit y of
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decision error. Let us assumea set of CAR models (7.12) M 1; M 2; : : : which can di�er
either in the contextual neighbourhood I r 1 ;r 2 ;r 4 or / and in their exponential forgetting
factor  (7.11). The optimal decision rule for minimising the average probabilit y of
decision error choosesthe maximum a posterior probabilit y model, i.e., a model whose
conditional probabilit y given the past data is the highest one. The presented algorithm
can be therefore completed [41] as:

~Y i
r = ~� i;T

r � 1X i;r + ei;r if p(M i jY (r � 1)) > p(M j jY (r � 1)) 8j 6= i (7.15)

where X i;r aredata vectorscorresponding to I i
r 1 ;r 2 ;r 4

. The Following Bayesianframework
used in our paper, chooseuniform a priori model in the absenceof contrary information,
p(M i jY (t � 1)) � p(Y (t � 1) jM i ); and assumeconditional pixel independence.

Thus the most probable CAR model given past data, the normal-Wishart parameter
prior and the uniform model prior is the model which maximise the statistics [41] is then

p(M j jY (r � 1)) = k expf D j g ; (7.16)

where

D j = �
d
2

ln jVX X (r � 1) j �
� (r ) � d� + d + 1

2
ln j� (r � 1) j +

d2�
2

ln �

dX

i =1

�
ln �

�
� (r ) � d� + d + 2 � i

2

�
� ln �

�
� (0) � d� + d + 2 � i

2

��

where k is a common constant and �( n) is the Euler function. All statistics related to
a model M j ~VX Y (r � 1) , ~VX X (r � 1) , are computed from data in X j;r . The determinant
jVX X (r ) j as well as � r can be evaluated recursively see[40].

Parameter Estimation

There are two parameters�̂ r ; �̂ r to estimate / update in each step, i.e., CN shift on image
lattice. The �rst oneis parameter matrix �̂ r and the secondoneis noisecovariancematrix
�̂ r . Becauseof the model causality the parameter estimations (7.17),(7.18) of the CAR
model using the Bayesianmethod and the normal-Wishart parameter prior can be found
analytically [40]. The estimate of parameter matrix is

�̂ T
r � 1 = V � 1

X X (r � 1)VX Y (r � 1) ; (7.17)

while the estimate of process-history-datacovariance matrix is

�̂ r � 1 =
� (r � 1)

� (r )
; (7.18)

where
� (r ) = VY Y (r ) � V T

X Y (r )V
� 1

X X (r )VX Y (r ) ; (7.19)

VX X (r � 1) = ~VX X (r � 1) + VX X (0) ;

VX Y (r � 1) = ~VX Y (r � 1) + VX Y (0) ;

VY Y (r � 1) = ~VY Y (r � 1) + VY Y (0) (7.20)

(7.21)
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and matrices VX X (0) ; VX Y (0) ; VY Y (0) are the corresponding matrices from the normal-
Wishart parameter prior. The estimates(7.17),(7.18) can be also evaluated recursively if
necessary. Where the � (r ) represents number of model movements on image plane:

� (r ) = � (0) + r � 1 ; (7.22)

� (0) > 1 : (7.23)

Subspace Synthesis

The CAR model synthesis is very simple and the Markov random �eld can be directly
generatedfrom the model equation (7.12) with respect to CN data vector X r and param-
eter matrix �̂ r using a multiv ariate Gaussianwhite-noise generator. The �ne-resolution
synthetic texture is obtained from the pyramid collapseprocedure,which is inverseprocess
to the spatial factorisation (7.4),(7.6) described in Section 7.3.4.

7.3.6 2D Causal Auto-Regressiv e Subspace Mo del

Spectral factorisation (7.3) of multisp ectral subspaceimagesinto individual monospectral
factors allows to use simpler 2D CAR model [37]. These single orthogonal monospectral
factors of subspaceimage are further decomposedinto a multi-resolution grid and each
resolution data are independently modelled by their dedicatedindependent Gaussiannoise
driven autoregressive random �eld model (CAR) as follows.

The causal autoregressive random �eld (CAR) is a family of random variables with
a joint probabilit y density on the set of all possiblerealisations Y of the M � N lattice
I , subject to following condition:

p(Y j 
 ; � � 2) = (2� � 2)� ( M N � 1)
2 (7.24)

exp

(
� 1
2

tr

(

� � 2
�

� �

 T

� T
~VM N � 1

�
� �

 T

� ))

;

where � is a unit vector, 
 is parameter vector, � is variance of Gaussianwhite noiseand
the following notation is used

~Vr � 1 =

 ~VY Y (r � 1)
~V T

X Y (r � 1)
~VX Y (r � 1)

~VX X (r � 1)

!

;

where ~VX X (r � 1) ; ~VX Y (r � 1) ; ~VY Y (r � 1) are matrices de�ned in (7.10). Similarly to 3D CAR
model we can employ model adaptation by meansof exponential forgetting factor tech-
nique according to equation (7.11).

The 2D CAR model can be expressedas a stationary causaluncorrelated noisedriven
2D autoregressive process:

Yr = 
 X r + er ; (7.25)

where

 = [a1; : : : ; a� ] (7.26)

is the parameter vector, I c
r is a causalneighbourhood with � = card(I c

r ) and er is a white
Gaussiannoise with zero mean and a constant but unknown variance � 2 and X r is a
corresponding vector of Yr � s (see(7.7)).
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Parameters Estimation

Parameter estimation of a CAR model using the maximum likelihood, the least squareor
Bayesian methods can be found analytically. The Bayesian parameter estimations of the
causalAR model with the normal-gamma parameter prior which maximise the posterior
density are:


̂ T
r � 1 = V � 1

X X (r � 1)VX Y (r � 1) (7.27)

and

�̂ 2
r � 1 =

� (r � 1)

� (r )
; (7.28)

where
� (r � 1) = VY Y (r � 1) � V T

X Y (r � 1)V
� 1

X X (r � 1)VX Y (r � 1) ; (7.29)

VX X (r � 1) = ~VX X (r � 1) + VX X (0)

VX Y (r � 1) = ~VX Y (r � 1) + VX Y (0)

VY Y (r � 1) = ~VY Y (r � 1) + VY Y (0) ; (7.30)

� (r ) = � (0) + r � 1 (7.31)

and submatricesin VX X (0) ; VX Y (0) ; VY Y (0) are from normal-gammaparameter prior. The
estimates(7.27) can be also evaluated recursively if necessary.

Subspace Synthesis

The CAR model synthesis is very simple and a causalCAR random �eld can be directly
generatedfrom the model equation (7.25). SingleCAR modelssynthesisespatial frequency
bands of the texture. Each monospectral �ne-resolution component is obtained from
the pyramid collapse procedure (inversion processto (7.4),(7.6)). Finally the resulting
synthesised colour texture is obtained from the set of synthesised monospectral images
using the inverseK-L transformation (7.32).

~Yr ;� = T � 1 �Yr ;� (7.32)

If a single visualised scenesimultaneously contains BTF texture view and angle combi-
nations which are modelled by di�eren t probabilistic models (i.e., models supported by
di�eren t BTF subspaces)for the samematerial all such required subspaceimagesare eas-
ily synthesisedsimultaneously. Simultaneous synthesis allows to avoid di�cult subspace
imagesregistration problems.

7.3.7 2D Gaussian-Mark ov Random Field Subspace Mo del

Similarly to 2D CAR model the singleorthogonal monospectral factors of subspaceimage
are further decomposed into a multi-resolution grid and each resolution data are inde-
pendently modelled by their dedicated independent GaussianMarkov random �eld model
(GMRF).
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The Markov random �eld is a family of random variables with a joint probabilit y den-
sity on the set of all possiblerealisationsY of the lattice I , subject to following conditions:

p(Y� ;i ) > 0; 8Y ; (7.33)

and the Markov property:

p(Yr ;i j Ys;i : 8s 2 I n f r g) = p(Yr ;i jYs;i : 8s 2 I r ;i ) ; (7.34)

where I r ;i is a contextual support set (CN) of the i -th monospectral �eld.
If the local conditional density of the MRF model (7.35) is Gaussian,we obtain the

continuous GaussianMarkov random �eld model (GMRF):

p(Yr ;i j Ys;i 8s 2 I r ;i ) = (2� � 2
i )� 1

2 expf�
1
2

� � 2
i (Yr ;i � ~� r ;i )2g ; (7.35)

where the conditional mean value is

~� r ;i = Ef Yr ;i j Ys;i 8s 2 I r ;i g = � r ;i +
X

s2 I r ;i

as;i (Yr � s;i � � r � s;i ) ; (7.36)

where � r is a local mean value and � i ; as;i 8s 2 I r ;i are unknown parameters. The 2D
GMRF model can be expressedas a stationary non-causal correlated noise driven 2D
autoregressive process:

~Yr ;i =
X

s2 I r ;i

as;i ~Yr � s;i + er ;i (7.37)

where the noise er ;i is random variable with zero mean. The er ;i noise variables are
mutually correlated

Rei = Ef er ;i er � s;i g =

8
<

:

� 2
i if s = (0; 0),

� � 2
i as;i if s 2 I r ;i ,

0 otherwise.
(7.38)

Correlation functions have the symmetry property E f er ;i er + s;i g = Ef er ;i er � s;i g hence
the neighbourhood support set and their associated coe�cien ts have to be symmetric, i.e.
s 2 I r ;i ) � s 2 I r ;i and as;i = a� s;i :

Optimal Supp ort Set Selection

The selectionof an appropriate GMRF model support is important to obtain good results
in modelling of a given random �eld. If the contextual neighbourhood is too small it can
not capture all details of the random �eld. Inclusion of the unnecessaryneighbours on the
other hand add the computational burden and can potentially degradethe performanceof
the model asan additional sourceof noise. We usehierarchical neighbourhood systemI r ;i ,
e.g., the �rst-order neighbourhood is I r ;i = f r � (0; 1); r + (0; 1); r � (1; 0); r + (1; 0)g, etc.
thus the contextual neighbourhood is symmetric. An optimal neighbourhood is detected
using the correlation method [39] favouring neighbours locations corresponding to large
correlations over those with small correlations.
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Parameter Estimation

The GMRF model doesnot ful�l causality assumption and mutual dependenciesof pixels
in non-causalsymmetric contextual neighbourhood (7.38) leads to numerical non-linear
Monte Carlo parameters estimation methods. To avoid this slow iterativ e estimation
processthe individual pixel valuesin CN are assumedto be conditionally independent and
thus parametersestimation can be performed analytically by meansof pseudo-likelihood
or alternatively least-squaresestimators. The corresponding pseudo-likelihood estimate
for as parametershas the form


 i = [as;i : 8s 2 I r ;i ] = [
X

8r 2 I

X T
r ;i X r ;i ]� 1

X

8r 2 I

X T
r ;i Yr ;i ; (7.39)

where
X r ;i = [Yr � s;i : 8s 2 I r ;i ] (7.40)

and

� 2
i =

1
M N

M NX

r =1

(Yr ;i � 
 i X T
r ;i )

2 : (7.41)

Subspace Synthesis

The non-causalGMRF model generally requires a time consuming iterativ e Monte Carlo
methods for data synthesis. However, when the input image, i.e., underlying regular
rectangular random �eld index set, is de�ned on toroidal image lattice a simpler non-
iterativ e methods can be employed [33] for a �nite lattice GMRF synthesis. The most
e�ectiv e synthesis method usesthe discrete fast Fourier transformation, which somewhat
limits using of this model for fast GPU applications. According to [50] the GMRF can be
generatedfrom

Y� ;i = F � 1f Ŷ� ;i g + Ui ; (7.42)

where Ui the mean vector of the whole �led and Ŷ� ;i is generatedfrom the Gaussian
generatorN (0; N M SY (r; i )). SY (r; i ) is the associated power spectrum [34] and N � M is
the underlying generatedlattice size. Single GMRF models synthesisespatial frequency
bands of the texture. Each monospectral �ne-resolution component is obtained from
the pyramid collapse procedure (inversion processto (7.4),(7.6)). Finally the resulting
synthesised multisp ectral texture is obtained from the set of synthesised monospectral
images using the inverse K-L transformation (7.32) in the same way as in previous 2D
CAR model.

7.4 Results

The results of the proposedprobabilistic BTF modelsare presented in two di�eren t ways.
The �rst one is an approximation of spare set of the original BTF measurements which
are visually comparedwith their original counterparts. The secondone is BTF rendering
on 3D object. The object surface exhibits many di�eren t combination of view and illu-
mination directions and show overall behaviour of BTF model while it is comparedwith
original tiled BTF data.
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7.4.1 Synthesis of Individual BTF Images

The most straightforward way of veri�cation of the proposedBTF model results is a com-
parison of synthesisedimageswith original BTF measurements. In this initial experimen-
tal part we picked up three BTF measurements corresponding to �xed viewing position
(� v ; � v) while the illumination elevation angle � i and the illumination azimuthal angle � i

signi�cantly di�ers: � i = 45o; � i = 0o, � i = 60o; � i = 90o and � i = 75o; � i = 180o (see
Fig. 2.2).

We used three distinct BTF materials from the University of Bonn BTF database
[98] containing regular surface structure: fabric02, foil02 and knitted wool. Additional
test wasperformedon cushion fabric rough texture measurements from the UTIA texture
database. Figs. 7.7, 7.8, 7.9 and 7.10 shows results of our tests for all proposedprob-
abilistic BTF models: GMRF, 2D CAR and 3D CAR. The upper row in each of these
imagesillustrates three distinct cutouts from original BTF measurements accompaniedby
material range-mapestimated by photometric stereo(seeSection 5.2.3). The secondrow
shows corresponding underlying synthesisedimagesfor individual MRF models. The third
row shows combination of thesesynthesisedimageswith the range-mapaccording to light
position by meansof displacement mapping technique (seeSection 4.3.2). The depicted
synthesisedimagesare encouraging,however, our approach can not handle all e�ects oc-
curring when an arbitrary real-world material is lit from di�eren t directions. E.g., fabric
materials woven from distinct material threads being oriented to di�eren t directions. This
combination leadsto distinct re
ectance properties of the material dependently on a given
surface location. These material attributes can not be reproduced by meansof displace-
ment �lter and their correct modelling require substantially more complex physical model
of individual mesostructureelements, e.g.,woven knits, metal groovesetc. This e�ect can
be observed for fabric02 material in Fig. 7.7 and cushion fabric in Fig. 7.10. In the �rst
original image (upper left) for the both materials are visible light areaswhich were not
correctly reproduced by proposedprobabilistic BTF model.

A similar problem occurs for translucent materials. One example of such a material
where the Lambertian assumption does not hold is knitted wool in Fig. 7.9. Mainly the
synthesis of the secondimage does not correspond to the original and the synthesised
imageslooks like a rigid surface. In spite of theseshortcomingsthe proposedBTF model
is capableof reliable approximation of many real-world materials. The best model perfor-
mance was obtained for leather. For instance the synthesisedresults for foil02 material
in Fig. 7.8 are almost visually indistinguishable from their original patterns. However,
since the overall mesostructure appearanceis driven by underlying smooth MRF model
the selectionof suitable synthesis is very important. Generally we can say, that the more
structured texture is in the synthesisedimage the lessnoticeable is the in
uence of range
information on �nal BTF image synthesis. This is apparent in 2D CAR model synthesis
in Fig. 7.8 in comparisonwith GMRF model synthesis. Choosing the optimal model, i.e.,
the corresponding set of parameters, have signi�cant in
uence on MRF model stabilit y
during synthesis of subspaceimages. Additionally , in some casesthe MRF model pro-
ducessynthesisedimagescontaining artifacts causedby simplifying causality assumption
(seelast 3D CAR model synthesis in Fig. 7.8). This can be avoided by visual inspection
of all synthesisedsubspaceimagesand using the set of model parametersproducing stable
synthesis for all subspaceimages.
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Original fabric02 BTF measurements
 � i = 45o; � i = 0o # � i = 60o; � i = 90o ! � i = 75o; � i = 180o Range-map

GMRF model synthesis, combined with range data (next row)

2D CAR model synthesis, combined with range data (next row)

3D CAR model synthesis, combined with range data (next row)

Figure 7.7: Fabric02 synthesisedBTF imagesobtained using proposedprobabilistic BTF models:
GMRF, 2D CAR and 3D CAR respectively comparedwith corresponding raw BTF measurements
for three distinct illumination directions. Range data were intro duced into the models by means
of displacement mapping.
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Original foil02 BTF measurements
 � i = 45o; � i = 0o # � i = 60o; � i = 90o ! � i = 75o; � i = 180o Range-map

GMRF model synthesis, combined with range data (next row)

2D CAR model synthesis, combined with range data (next row)

3D CAR model synthesis, combined with range data (next row)

Figure 7.8: Foil02 synthesisedBTF imagesobtained using proposedprobabilistic BTF models:
GMRF, 2D CAR and 3D CAR respectively comparedwith corresponding raw BTF measurements
for three distinct illumination directions. Range data were intro duced into the models by means
of displacement mapping.
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Original knitted wool BTF measurements
 � i = 45o; � i = 0o # � i = 60o; � i = 90o ! � i = 75o; � i = 180o Range-map

GMRF model synthesis, combined with range data (next row)

2D CAR model synthesis, combined with range data (next row)

3D CAR model synthesis, combined with range data (next row)

Figure 7.9: Knitte d wool synthesised BTF images obtained using proposed probabilistic BTF
models: GMRF, 2D CAR and 3D CAR respectively comparedwith corresponding raw BTF mea-
surements for three distinct illumination directions. Range data were intro duced into the models
by meansof displacement mapping.
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Original cushion fabric BTF measurements
 � i = 60o; � i = 0o # � i = 60o; � i = 90o ! � i = 60o; � i = 180o Range-map

GMRF model synthesis, combined with range data (next row)

Figure 7.10: Cushion fabric synthesised BTF images obtained using proposed probabilistic
GMRF BTF model compared with corresponding raw BTF measurements for three distinct il-
lumination directions. Range data were intro duced into the model by means of displacement
mapping.

7.4.2 Rough Texture Mo del from Spare Set of Textures

The proposedrough texture model can be obtained from several or in extreme casefrom
one texture image/images as illustrated in this section. However, such a simpli�cation
strictly requires Lambertian surface so only a limited group of materials can be repre-
sented in this way otherwise the results will not correspond to real material re
ectance
properties. However, satisfactory rough textures synthesiscan be obtained alsofor slightly
non-Lambertian surfacesas shown in caseof three di�eren t kinds of leather from UTIA
texture database: white leather, snakeleather and cushion leather. Fig. 7.11 shows three
di�eren t synthesisedrough texture imagesfor di�eren t light azimuth comparedwith the
original texture for each material, its range-mapestimate and the 3D CAR model synthe-
sis.

Additionally , Fig. 7.12 depicts spherecovered with two mentioned material (cushion,
snake leather) to provide better demonstration of rough texturing. The rough mate-
rial regular structure was introduced into the model by meansof displacement mapping
technique. The ultimate advantage of this model is option of rough texture synthesis of
arbitrary resolution from a spareset of BTF imagesor in the extreme casefrom a single
texture image only. The range-mapof all three examplematerials illustrated in Fig. 7.11
wasestimated from one imageonly by meansof the shape from shadingmethod described
in Section5.2.2. The rangemap was further tiled to producerange imageof arbitrary size
so the �nal storage demandsof such a model are approximately 150KB including tiled
range-mapand MRF model parameters.
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measurement range-map 2D CAR smooth synthesis

 � i = 0o # � i = 90o ! � i = 180o

measurement range-map 3D CAR smooth synthesis

 � i = 0o # � i = 90o ! � i = 180o

measurement range-map 3D CAR smooth synthesis

 � i = 0o # � i = 90o ! � i = 180o

Figure 7.11: White, cushion and snake leather examples,corresponding estimated range-map,
smooth 3D CAR synthesis and their BTF synthetic results rendered for illumination elevation
angle � i = 60o and azimuth angles� i = 0o; 90o and 180o.
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Figure 7.12: Rough texture rendering example by meansof bump mapping technique. Sphere
covered by cushion leather (left) and snakeleather (right).

7.4.3 BTF on 3D Ob jects

We have tested the proposed probabilistic BTF models again on materials from BTF
texture database of the University of Bonn [98] such as corduroy, upholstery, carpet,
knit wear or leather textures and several UTIA BTF measurements. The resolution of
University of Bonn BTF images(800 � 800) is satisfactory for parameters estimation of
proposed MRF models. As a 3D object we used MercedesClass-C armrest (courtesy
of DaimlerChrysler). The resolution of synthesised texture mapped on this object was
set to 512� 512. To reproduce all visible structure details, the range and normal maps
were enlarged by means of image tiling method presented in [103]. This method cuts
range and normal tiles according to sub-optimal path search algorithm from raw range
and normal mapsestimates. Thesesurfaceheight data are estimated using a photometric
stereotechnique in resolution of original BTF measurements. Thereforeonly several small
image tiles together with the tile index �le are stored taking about 100KB in average
dependently on structure of the material. The 3D object is lit by single point-ligh t source
and textures on each polygon for given illumination and view direction are result of BTF
interpolation between the closestBTF measurements available as is described in Section
4.2. Detail description of illumination and view anglescomputation for arbitrary scene
polygon is given in Section4.1. Figures7.13,7.14,7.15and 7.16illustrate the results of the
proposedprobabilistic MRF models for the individual BTF materials from the University
of Bonn comparedwith the original tiled data mapped on a car armrest 3D model. One
can observe a slightly compromised visual quality of the proposed modelling approach
for translucent and strongly non-Lambertian materials (e.g., fabrics in Figures 7.14 and
7.16). The regular rough structure in Fig. 7.13 was introduced into the model by means
of the parallax bump-mapping (seeSection 4.3.1). The results of proposedprobabilistic
BTF modelling approach with underlying 2D CAR model mapped on car gearbox are
comparedwith original tiled BTF data and with results of proposedone-lobe re
ectance
model (PLM-C) in Figs. 9.2 and 9.3.

Note that the shown examplesof synthesised BTFs are brighter than their original
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Figure 7.13: Original BTF on car armrest for wood01 and wood02 materials (�rst rows) compared
with results of GMRF, 2D CAR and 3D CAR BTF models respectively. Regular surfacestructure
intro duced by meansof bump mapping.
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Figure 7.14: Original BTF on car armrest for fabric01 and fabric02 materials (�rst rows) com-
pared with results of GMRF, 2D CAR and 3D CAR BTF models respectively. Regular surface
structure intro duced by meansof bump mapping.
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Figure 7.15: Original BTF on car armrest for foil01 and foil02 materials (�rst rows) compared
with results of GMRF, 2D CAR and 3D CAR BTF models respectively. Regular surfacestructure
intro duced by meansof bump mapping.
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Figure 7.16: Original BTF on car armrest for leather02 and wool materials (�rst rows) compared
with results of GMRF, 2D CAR and 3D CAR BTF models respectively. Regular surfacestructure
intro duced by meansof bump mapping.
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counterpart (�rst row). This is causedby additional ambient lighting which wasnecessary
for bump mapping to work. The original tiled BTF data in the �rst row are interpolated
on individual polygons without any additional lighting which is, however, important to
produce shadows of objects in sceneetc.

The comparison of smooth texture, only enhancedby bump mapping, with results
of the proposed3D MRF BTF model for all eight tested materials is shown in Figures
A.1 and A.2. The �rst column shows combination of smooth albedo texture combined
with bump mapping only while the secondand third columnsrepresent the proposedBTF
synthesis mapped on a cylinder and lit from two distinct positions.

7.5 MRF BTF Mo del Fast Implemen tation Issues

The fast implementation of the synthesis part of the proposedBTF model basedon un-
derlying MRF model can be performed with hardware support of contemporary low-end
graphics card. This equipment enable to run user de�ned fragment and vertex programs
directly in GPU avoiding bandwidth problemscausedby hugedata transfer betweenGPU
and CPU and enabling signi�cant increaseof computational performance.

The most appropriate candidate for such an implementation from MRF BTF models
presented in this chapter is the BTF model with underlying 2D CAR texture model. This
approach enablesfactorisation of subspacesynthesisinto synthesisof individual monospec-
tral planes. The synthesisof remaining modelsrequireseither relatively slow FFT (GMRF
model) or involvessimultaneousevaluation of high number of modelsparameters(3D CAR
model).

A fast hardware implementation of chosen2D CAR BTF model requires three main
steps. The �rst one is synthesis of individual subspaceimages,the secondone is interpo-
lation of synthesisedimageswith respect to actual view and illumination direction while
the third step handlesthe bump-mapping of a rough material structure.

7.5.1 Synthesis of BTF Subspace Images

The synthesis of subspaceimages requires several operations to be performed for each
individual image plane. The �rst one is subsequent image generationaccording to the 2D
CAR model parameters with respect to a white-noise generator. In this way all layers
of multiresolution pyramid (at most 3) are generatedand �nally blended together. The
noise generator can be represented by meansof the 
oat-p oint texture for �xed image-
sizeapplications or it can be implemented in GPU as well. Finally, every vector of RGB
pixels of each subspaceimage is multiplied by the inverseKarhunen-Loeve 3 � 3 matrix
to preserve original colour correlations. According to the schema in Fig. 7.17, the input
of the fragment CG program for one subspaceimage reconstruction is a set of the CAR
model parametric vectors of the length 3 and the inverseK-L matrix of size 3 � 3. The
usual number of model parameter vectors np varies between6 and 18 depending on the
size of model's contextual neighbourhood. The output of the program is the synthetic
colour BTF image.

All thesecomputations can be e�cien tly performed using CG fragment programs and
rendering-to-texture technique taking advance of contemporary graphics hardware. The
CPU synthesis of all subspaceimagestakesat most several secondsin averageon Athlon
1.9GHz as shown in Tab. 7.1. Obviously any hardware implementation can considerably
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Table 7.1: The synthesis time of 15 BTF subspaceimages(512� 512) using proposedMRF BTF
models on Athlon 1.9GHz.

No. of G-L pyramid planes/ CN size 3D CAR 2D CAR GMRF
1 / 2 5.9 s 3.3 s 16.2 s
3 / 2 8.0 s 3.9 s 19.4 s

speed up this processto enable synthesis at interactive frame rates. Subspacesynthesis

Figure 7.17: Fast subspacesynthesis scheme.

is performed only once for the �rst time when the corresponding material appears on
the sceneso this part doesnot later require any additional computation during an online
rendering. Sothe numerical e�ciency of whole rendering dependsmainly on the e�ciency
of following two implementation stepsand on GPU attributes.

7.5.2 BTF In terp olation

Due to relatively sparsemeasurement of the original BTF data space, the replacement
of unmeasuredBTF data with the nearest available illumination and view directions of-
ten produces signi�cant seamsvisible on the surface of textured object. This problem
occurs when the BTF data are used either for raw data mapping or learning the BTF
texture synthesis model according to the cluster index. Theseartifacts were considerably
suppressedwhen an interpolation scheme basedon barycentric coordinates was applied
(seeSection 4.2). The three closestBTF measurements, in senseof vector Euclidean dis-
tance on hemisphere,containing individual measurements points are found for the given
view and illumination directions. The resulting barycentric weights are computed for both
three closestview and illumination directions. By multiplication of view and illumination
weights we obtain the nine weights corresponding to nine synthesised imageswhich are
picked up with respect to cluster index �le and combined by meansof multitexturing or
fragment programs.

7.5.3 Surface Heigh t Simulation

There are variety on bump-mapping GPU implementations presented so far. In our case
we have used the parallax bump mapping presented in [118]. This method enablesfast
bump-mapping e�ects by meansof simple vertex and fragment programs. It approximates
correct appearanceof rough surfacesby modifying the texture coordinate for each pixel
with no extra polygon requirements using only surfacerangea normal maps. Thesemaps
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are obtained from BTF measurements using the photometric stereo (see Section 5.2.3)
and arbitrarily enlargedby image-tiling technique computed in accordancewith [103] (see
Section 8.3.1). Thus only a few range/normal-map tiles have to be stored together with
the corresponding tile-index.



Chapter 8

BTF Mo delling Using Re
ectance
Mo dels

Re
ectance modelsare mostly introducedas parametric functions representing amount of
energyre
ected by a material dependently on illumination and view direction with respect
to a surfacenormal (seeFig. 2.2). If we are able to �t a parametersof such a model to all
characteristic features of the original material re
ectance and if they are �tted correctly,
then the model can produce re
ectance values which are indiscernible from those of the
original material.

The simplest re
ectance model is the Lambertian model, representing material with
constant re
ectance function for arbitrary view direction. Unfortunately such assumption
for most of the materials doesnot hold due to their variable re
ectance valuesfor di�eren t
view directions. Several re
ectance models have beenapplied in the computer graphics in
the past. Thesemodels are discussedin Chapter 2.

Most of BRDF models presented in Chapter 2 can be extended to BTF modelling
using dedicated pixel-wise BRDF (i.e., ABRDF) models for each planar BTF positions.
Thus in this casemodelling of the BTF image for a given illumination and view direction
consistsof pixel-wise computation of the corresponding re
ectance valuesfrom the model
parametersestimated in a precedingo�ine phase.

For the purposeof fast BRDF rendering in graphics hardware the Lafortune model
[63] becamepopular, becauseit enablesrelative easyand fast evaluation, compact BRDF
representation and physical plausibilit y.

8.1 Lafortune Mo del

Monospectral BRDF is a four-dimensional function depending on a local viewing (! v) and
illumination (! i ) direction where
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(8.1)
For multisp ectral modelling three di�eren t BRDFs are used for the individual spectral
channels. BRDF usually represented as a 4D table involves storing large amount of data
so someway of BRDF spaceparametrisation is inevitable.

87
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For parametrisation of BRDF in the scope of this thesis we have developed the gen-
eralisation of Lafortune re
ectance model becauseof its e�cien t and compact re
ectance
representation. Moreover, the simplicit y of this model enablesits application in real-time
rendering algorithms implemented directly in contemporary graphics hardware.

The Lafortune model [63] providesa physically correct BRDF approximation using set
of re
ectance lobes. The model is a generalisationof the original cosinemodel:

Yi;v = �K cosn � (8.2)

where � is the angle betweenthe view direction ! v and the mirror direction of the illumi-
nation direction ! i , denotedby ! m and K is the normalisation factor enforcing maximum
lobe albedo � into a value between0 and 1. The cosinepart of the model can be written
as a dot product

Yi;v = �K [! m ! v]n (8.3)

and the mirroring around the normal n can be written using a Householdermatrix

Yi;v = �K [! T
i (2nn T � I )! v]n : (8.4)

The model can be generalisedby replacing the Householder matrix and normalisation
factor K by a general3 � 3 matrix M according to

Yi;v = � [! T
i M ! v ]n : (8.5)

In order to obtain the reciprocal re
ectance function (the samere
ectance value if positions
of light and camera are swapped) the matrix has to be symmetrical M = M T . When
a singular value decomposition of matrix M is applied we obtain Q T DQ where Q is
transformation matrix into the new orthogonal coordinate system. In this new system
the matrix M simpli�es to the diagonal matrix D . In this situation the axesare aligned
to the normal and to the principal directions of anisotropy. The diagonal matrix can be
assumedto be composedof the weights of individual terms of the dot-product ! i � ! v as
it is shown in the following statement of the Lafortune re
ectance model:

Yi;v = � [! T
i D ! v ]n = � (Dxuxvx + Dyuyvy + Dzuzvz)n : (8.6)

The model can be extendedto n l re
ectance lobesto be able to �t the complex re
ectance
functions as follows

Yi;v =
n lX

k=1

� k [! T
i D k ! v ]n =

n lX

k=1

� k (Dx;k uxvx + Dy;k uyvy + Dz;kuzvz)nk : (8.7)

The representation using this model (8.7) is compact and relatively memory e�cien t since
each re
ectance lobe is determined by meansof only �v e parameters�; D x ; Dy ; Dz; n. The
model is able to handle noisy data and even in casewhen data are sparse the model
provides their correct interpolation. The obtained re
ectance functions are physically
plausible, inherently reciprocal and they satisfy the rule of energy-conservation. Moreover,
the individual spectral channelsof re
ectance data can be modelled separately.

Thesepropertiesand the simplicit y make this model suitable for the fast BTF rendering
algorithms implementable directly in graphics hardware. The following section explains
the way of employing of the described Lafortune model for this task.
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8.2 Sample-Size Lafortune BTF Mo del

Monospectral BTF is a six-dimensional function whosecorrect modelling involves either
very complex and computationally demanding model or somekind of data factorisation
into lower-dimensional data spaceswhere simpler models can be used. Actually , the
six-dimensional BTF can be considereda spatially varying four-dimensional \apparent"
BRDF (ABRDF). This fact enablesthe modelling of theseper-pixel ABRDFs by dedicated
Lafortune models as proved in [75], [19] and [78]. If all measuredre
ectance values are
usedasinput data for a BRDF model (see[75] and [59]) then the results are unsatisfactory
especially in the caseof rough textures. The reason for this is a self-occlusion e�ect in
BTF imagesof a rough materials wheresomeparts of the material are occludedespecially
for high grazing anglesand asa result individual pixels in the recti�ed BTF imagesdo not
correspond to the unique planar position on the material surface. Therefore the only way
to obtain a real pixel-wiseregistration of BRDFs is to model only the individual re
ectance
�eld R, i.e., n i imagestaken for a �xed view and varying illumination direction. So for
each of nv re
ectance �elds R v the parametersof the Lafortune model are computed for
every BTF planar position. This procedureis doneseparatelyfor all RGB colour channels.
As the parameter computation is independent of the view direction ! v (which is �xed for
a given re
ectance �eld) the model equation becomes

Yi;v (r ) =
n lX

k=1

� v;k (r )[! T
i D v;k (r )]nv ;k (r ) = (8.8)

=
n lX

k=1

� v;k (r )(Dv;x;k (r )ux + Dv;y;k (r )uy + Dv;z;k (r )uz)nv ;k (r ) ; (8.9)

(8.10)

where ! i (� i ; � i ) = [ux ; uy ; uz ]T is a unit vector pointing to light and parametrised by
the illumination elevation and azimuthal angles [� i ; � i ] respectively (see Fig. 2.2). As
a re
ectance data the set of pixels R v(r1; r2; r3; ! i ) is considered,where i = 1; :::; n i is the
illumination position index and v is the actual view position index ranging from 1 to n v.
A multiindex r = f r 1; r2; r3g represents the planar horizontal, vertical and spectral index
in the BTF image respectively.

The individual colour re
ectance �elds R v are represented by meansof n l setsof �v e

oating point parametric imagescorresponding to the model parameters �; D x ; Dy ; Dz ; n
respectively. This is still relative large amount of data in comparisonwith the 81 original
imagesparticularly whenmore than onere
ectance lobe is used. In addition the parameter
�tting for several lobes is underconstrained, time consuming problem and as a result
the estimation is often numerically unstable. For these reasonswe decided to use only
simpli�ed one-lobe variant of the Lafortune re
ectance model (LM):

Yi;v (r ) = � v(r )[! T
i D v(r )]n(r ) = � v(r )(Dv;x (r )ux + Dv;y (r )uy + Dv;z(r )uz)n(r ) (8.11)

The representation of BTF by means of one-lobe LM with �v e parameters involves
storing of 5 � nv = 405 
oating point colour parametric imagesinstead of 81� 81 = 6561
original BTF images.
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8.2.1 Non-Linear Estimation of Mo del Parameters

For every planar position (r 1; r2) in the estimated BTF image one model is used, so for
each view direction from the BTF databasewe have to estimate N � N models for each
spectral channel. The model parameters are estimated using Levenberg-Marquardt non-
linear estimation technique as described in [94]. The Levenberg-Marquardt method is
a \single-shot" method which attempts to �nd the local �t-statistic minimum nearest
to the initialising point. Its principal advantage is that it uses information about the
�rst and secondderivatives of the �t-statistic as a function of the estimated parameter
valuesto guessthe location of the �t-statistic minimum. It will not work reasonablywell
with complex statistic surfaces. Apart from that there is no guarantee to �nd the global
�t-statistic minimum.

In practical experiments including estimation of model parametersfor every view direc-
tion contained in the BTF database,it turned out that the �tting quality of the optimised
model parameters strongly depends on their initial value. When the initial values were
manually tuned and �xed for all computed models then in the estimated BTF images
appearedisolated dots with completely di�eren t spectral valuesthan thoseexpected from
the original. This situation is illustrated in Fig. 8.1-b in comparisonwith the original BTF
image Fig. 8.1-a. To overcomethis problem the parameter estimation processwas split
in two separatesteps. In the �rst step the parametersof the model are �tted to manually
tuned initial values. The correct initial values for the following secondestimation step
are �nally obtained as median of parameter valuesover all models in R v . Results of such
a correct parameter initialisation is depicted in Fig. 8.1-c.

a) b) c) a) b) c)

Figure 8.1: Example how the improper initial valuesof model parameters in
uence the restored
BTF image quality for two di�eren t materials. The �rst image is an original (a), the secondone
is a result basedon the estimated model parameters with wrong initial values (b) and the third
image illustrates the result with the correctly set initial values(c).

8.2.2 Prop osed Polynomial Extension of the Lafortune Mo del

The one-lobe Lafortune model needsto store considerably lower number of parameters
than the n l -lobes model. However, one can assumethat the performanceof such a sim-
pli�ed model on re
ectance data would not be satisfactory. In our experiments testing it
becameobvious that the re
ectance function approximation by one-lobe LM is erroneous
especially in casesof complex BRDF when the re
ectance valuesstrongly depend on the
illumination direction. This situation is most apparent at higher grazing angleswhen the
light shines from direction opposite to camera which causessigni�cant specular re
ec-
tions. The problem of one-lobe LM �tting to original data is illustrated in Fig. 8.2. We
computed BRDF for BTF imagesof knitted wool material from R v � � v = 60o; � v = 54o

as an averageRGB value in a window of size 20 � 20 (solid line) and compared it with
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BRDF obtained in the sameway from estimated BTF imagescorresponding to the same
R v (dashed line). From the results we concludethat the usedone-lobe model is not able
to follow such steepchangesof re
ectance function, which are present in almost all natural
materials. The signi�cance of this one-lobe model error considerably depends on prop-
erties of individual material sample and on the actual viewing direction. Generalisation

Figure 8.2: Comparison of the original BRDF (solid line) and BRDF approximated by one-lobe
Lafortune model (LM) (blue,dashedline) for knitted wool material for R v � � v = 60o; � v = 54o.

of the Lafortune model with additional re
ectance lobes improves its performance,how-
ever, such a model still fails at grazing angleswhere the considerabledi�erence between
original and estimated re
ectance valuespersists. In addition the n l lobesmodel implies
undesirableincreaseof n l -times more parametersto be stored. Moreover, the lobes-�tting
procedureis then more complex and time consuming. Even the generalLafortune model
with all the parameters in the parameter matrix M (not only the diagonal or symmetric
ones)did not signi�cantly suppressthe undesirableartifacts.

Figure 8.3: Procedureof polynomial coe�cien ts computation.

In order to improve the low �tting accuracy of the described one-lobe model we in-
troduced its polynomial extension [27]. This method is basedon a histogram matching
technique [31] adopted and extended for BTF data and polynomial �tting as illustrated
on the schemein Fig. 8.3. At the beginning the image histograms in all spectral channels
are computed for both the original and the one-lobe LM approximation of every BTF
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image. From thesehistograms we compute the cumulativ e histograms. Thesehistograms
represent the inputs of the algorithm Alg. 4 which computesthe coe�cien ts for the poly-
nomial mapping of grayscale levels of the LM estimated image to the original one. The
algorithm is basedon histogram matching of both imagessothat the histogram of the LM
estimated image is �tted with respect to the original BTF image. The resulting mapping
between both cumulativ e histograms is approximated by polynomial using least squares
�tting scheme.

The resulting polynomial coe�cien ts ar 3 ;v;i;j are stored for individual colour channels
of every BTF image. The proposedpolynomial extensionof the one-lobe Lafortune model
(PLM) using coe�cien ts ar 3 ;v;i;j can be described by following equation

~Yi;v (r ) = M r 3 ;v;i (Yi;v (r )) =
npX

j =0

ar 3 ;v;i;j Yi;v (r ) j (8.12)

which results in a novel model expressedby the following formula:

~Yi;v (r ) =
npX

j =0

ar 3 ;v;i;j [� v(r )( ! T
i D v(r ))nv (r ) ]j : (8.13)

Here ar 3 ;v;i;j are polynomial parametersspecifying the mapping function M r 3 ;v;i between
the histogram values of the image Yi;v (r ) (synthesisedfrom one-lobe model parameters)
and the original BTF image and (np � 1) is a rank of this polynomial. The parameters
ar 3 ;v;i;j are estimated by least squares�tting on the original 8 bits quantised mapping
function. We obtained satisfactory results already with np = 5.

Algorithm 4: Mapping function coe�cien ts computation

1. Input: Cumulativ e histograms of the original BTF image and its one-lobe LM
estimate

2. i = 0; j = 0

3. WHILE (j � 255)

(a) WHILE (histC umuLM [i ] � histC umuOr ig[j ])

i. M [i ] = j
ii. i = i + 1

(b) j = j + 1

4. Fit 5-order polynomial to M using Least Squaresmethod.

5. Output: Polynomial coe�cien ts aj ; j = 0: : : np representing mapping function M .

Finally for each BTF imagewehave to store �fteen additional 
oat polynomial parameters
(�v e 
oat numbers for each colour channel). The number of these parameters stored
within each BTF image is negligible in comparison to the number of one-lobe Lafortune
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model parametersstored for each image pixel. The extended model involves only several
additional linear operations which can bepossibly implemented in contemporary graphical
hardware. Moreover, the results of the proposedpolynomial extension of one-lobe model
are encouragingas it is shown, e.g., in the shape of re
ectance lobe which is compared
with original measuredBRDF lobe and lobe estimated by one-lobe model only in pixel
(r1 = 13; r 2 = 3) of knitted wool as illustrated in Fig. 8.4. More thorough comparisonof
model performanceis provided in the following sections.

a) b) c)

Figure 8.4: Re
ectance lobes in pixel (r 1 = 13; r2 = 3) of knitted wool and illumination angles
� i = 75o; � i = 54o. Original re
ectance lobe (a), approximated by the one-lobe LM (b) and by the
proposedPLM (c).

8.2.3 Results of Sample-Size Re
ectance Mo dels

In order to verify the consideredre
ectance models we performed extensive experiments
using eight BTFs provided by University of Bonn [98]. The LM parametric imageswere
estimated for all 81 surface re
ectance �elds R v ; v = 1: : : nv as well as the polynomial
coe�cien ts corresponding to the histogram matching mapping functions M r 3 ;v;i . All BTF
images were synthesised by means of the estimated parameters. For all materials the
synthesisedBTF imagesbasedon the one-lobe LM werecomparedwith the BTF synthesis
using the proposedPLM.

For the sake of the BTF results comparison the standard mean averageerror (MAE)
betweenoriginal data (Y ) and estimated data (Ŷ ) was used(8.14).

The mean averageerror for one BTF image is given by

Ev(i ) =
1

255�

X

8r 1 ;r 2 ;r 32 Y

jY (r 1; r2; r3; v; i ) � Ŷ (r1; r2; r3; v; i )j; (8.14)

where r 1; r2; r3 represent the planar horizontal, vertical and spectral index respectively in
BTF the image with resolution � = Nx � Ny and i is the illumination position index in
R v . For computation of the averageerror for all estimated imagesfrom R v we used the
formula

Ev =
1
n i

n iX

i =1

Ev(i ) ; (8.15)

where n i is the number of imagesincluded in R v .
Graphs in Fig. 8.5 demonstrate the performancein terms of MAE for both methods

(LM depicted asblue curve and PLM depicted asred curve) on the whole BTF, i.e., for all
81 re
ectance �elds R v along x axis, for eight di�eren t materials from the Bonn University
BTF database. Individual re
ectance �elds are ordered according to camera position
circular movement from top to bottom of a hemisphereabove the observed material as
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Figure 8.5: The meanaverageerror (MAE) (according the equation (8.15)) of one-lobe lafortune
model (LM { blue line) and its polynomial extension (PLM { red line) for all 81 re
ectance �elds
of eight di�eren t BTFs: fabric01, fabric02, foil01, foil02, wool, leather02, wood01 and wood02
respectively.
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illustrated in Fig. 2.3. Similarly, the overall MAE errors computed as averagevalue of Ev

for all re
ectance �elds and spectral channelsof individual BTFs are �gured in Tab. 8.1.
From the �rst two columns of the table it is apparent that the proposed polynomial
extension of one-lobe Lafortune model (PLM) yields considerably lower MAE values in
comparison with one-lobe model. At the same time, the storage spacerequired by the
proposedmodel is maximally 5% higher in comparison with one-lobe Lafortune model.
This small increaseis causedby storing of �fteen additional polynomial coe�cien ts for
every BTF image.

Table 8.1: The MAE (according to the equation 8.15) of the synthesised BTFs for one-lobe
Lafortune model (LM), its polynomial extension(PLM) and clusteredpolynomial extension(PLM-
C) for di�eren t materials.

M ean A verageError
material LM PLM PLM-C

wool 0.058 0.037 0.038

proposte 0.054 0.052 -

fabric01 0.058 0.036 0.038

fabric02 0.053 0.032 0.033

foil01 0.067 0.021 0.023

foil02 0.048 0.020 0.023

leather02 0.032 0.018 0.021

wood01 0.047 0.030 0.031

wood02 0.058 0.035 0.038

Fig. 8.6 shows the results for several BTF imagesfrom two di�eren t re
ectance �elds
R v . The upper row represents the original BTF images,the middle row shows the corre-
sponding synthesisedimagesby meansof one-lobe LM while the bottom row represents
the results of the proposedPLM.

From theseimagesit is apparent that the proposedmethod o�ers both better approx-
imation of colour hues than one-lobe LM and increasedcontrast of the estimated BTF
images. This is due to stretching the histograms which results in the increasedcontrast,
i.e., the increaseddistance of individual colour levels. This makes possibleto recognise,
e.g., two neighbouring colour levels perceived as one colour hue in one-lobe LM. The next
application exampleof the proposedmodel is given in Fig. 8.7. The �gure shows how the
averagedBRDF computed by the proposedpolynomial extension (dash-dot line) follows
the original average BRDF (solid line) for re
ectance �eld R v � � v = 60o; � v = 54o of
the knitted wool material. From the �gure it is apparent that the original BRDF data
�tting based on the proposed method is much more accurate in comparison with the
unsatisfactory results of the one-lobe Lafortune model.

8.2.4 Compression of Lafortune Parametric Images

Using the polynomial extensionof Lafortune model describedabovewewereable to achieve
the maximal compressionratio of a real BTF data about 1

20 depending on the resolution
of parametric images. Unfortunately even this compressionimplies the necessity to store
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R v � � v = 60o ; � v = 54o R v � � v = 75o ; � v = 60o R v � � v = 60o ; � v = 54o R v � � v = 75o ; � v = 60o
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Figure 8.6: SynthesisedBTF examplesfor knitted wool and proposte materials respectively. The
�rst row describes mutual position of light (empty circle) and camera (�lled circle) above the
sample,the secondrow shows original raw BTF data. The third row shows results of one-lobe LM
on registeredBTF data and �nally the fourth row illustrates results of proposedPLM.

Figure 8.7: Comparison of the original BRDF (solid line), the BRDF approximated by one-
lobe Lafortune model (LM) (blue,dashedline) and �nally the BRDF approximated by proposed
polynomial extension (PLM) (red,dash-dot line) for knitted wool material for R v � � v = 60o; � v =
54o.

several hundreds megabytes of data per one material. The data resolution to be stored
depends mainly on the homogeneity of material, i.e., for materials with regular texture
pattern, as for example fabrics, the required size of parameter images is rather small in
comparisonwith the materials containing large, irregular patterns as for example leather,
wood, etc.

Using further extensionof the proposedBTF re
ectance model we can even reducethe
spacerequired for the storageof model parameterswhile the computational costsincrease
only slightly and the visual quality is almost the same. The extension consists in the
segmentation of the individual re
ectance �eld image data to obtain the corresponding
clusters in parametric images. Finally only a cluster index and model parameters cor-
responding to the individual clusters are saved for each RGB spectrum. The number of
clusters for each spectrum is set to 256 to enable reproduction of 256 di�eren t grayscale
levels. Thus the theoretical number of colour hueswithin this setup is 2563 = 16777216.
Actually the number of clusters can be increasedarbitrarily , while for BTF tiles segmen-
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tation purposesthe computationally reasonablenumber is lessthan 1000.
The whole LM parameter segmentation procedureworks as follows. At the beginning

the K-means segmentation algorithm (Alg. 3 in Section 6.1.4) is employed using pixels
from all 81 imagescorresponding to actual re
ectance �eld R v asdata features. Note that
the segmentation cannot be performed on the model parametric feature spacecontaining
directly model parameters as these individual parameters have strong non-linear impact
on the restored pixel value and any generalweights cannot be attached to them.

The K-means segmentation processis computationally very demanding and the seg-
mentation of relatively small parametric imagesof resolution 256� 256for all 81 re
ectance
�elds takesseveral hours. The segmentation can be signi�cantly speedup for exampleby
means of modi�ed K-means algorithm described in [61]. This method exploits random
sampling and enabletime complexity linear in the sizeof the input.

During model synthesis in a particular pixel the corresponding cluster with the model
parameters is obtained according to number at pixel coordinates in cluster index look-
up �le. Thesemodel parametersare found for each colour channel and the pixel value is
�gured out. Using this approach the storagesizeof model parametersreducesconsiderably
sinceonly one colour parametric look-up imageand several cluster parametershave to be
stored.

Cho osing the Re
ectance Field Subset

Unfortunately the sizeof pixel re
ectance data features(3� 81) is too big for segmentation
of largeparametric imageswhich results to many hours of computation for each re
ectance
�eld. To avoid this exhaustive computational demandsonly a constrained set of images
from those 81 in re
ectance �eld are included into a data feature vector. To choosean
appropriate subsetof imagesbearing the most information of whole set we usedan algo-
rithm basedon the Kullback-Leiber distance [60] of two di�eren t histogram distributions
P; Q

dK L (P; Q) =
256X

i =1

P(i ) log
P(i )
Q(i )

: (8.16)

However, the Kullback-Leiber divergenceis non-symmetric and it is sensitive to histogram
binning. For this reasonwe have usedits modi�cation called Je�rey divergence[95] which
is represented by the following equation

dJ (P; Q) =
256X

i =1

�
P(i ) log

P(i )
M (i )

+ Q(i ) log
Q(i )
M (i )

�
(8.17)

whereM (i ) = P (i )+ Q(i )
2 . This divergenceis numerically stable, symmetric and robust with

respect to noiseand the sizeof histograms bins in comparisonwith previous one.
The algorithm choosing a subsetof the most di�eren t images(nmax ) from re
ectance

�eld R v is described in Alg. 5. Basically a new image for the subset S is taken as an
image with the minimal distance dJ to all imagesalready included in S.

BTF Image Synthesis

When the segmentation is �nished we obtain cluster indicesI v(r1; r2; r3) for the individual
colour spectra r 3 of each re
ectance �eld R v . Cluster indices are stored in form of colour
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Algorithm 5: Cho osing a subset S of nmax images from the re
ectance �eld R v

1. Compute normalised histograms H i ; i = 1; : : : : ; 81 for all 81 images.

2. Add �rst image corresponding to (� i = 0o; � i = 0o) into S.

3. FOR n= 1 ! nmax

(a) Compute minimal Je�rey divergencefor all images in S to all 81 images in
re
ectance �eld R and choosesuch j � -th image histogram from R for which
the computed divergenceis maximal:

j � = argj

�
max

i =1 ;:::;n

�
min

j =1 ;:::;81
dJ (H i ; H j )

��

(b) Add j � -th image into S.

4. From nmax imagescontained in S are built up the data features for segmentation.

imagesof original parameter imagesresolution, i.e., in each colour channel we store the
corresponding cluster index. An important product of segmentation is the table containing
individual cluster centers K v(c) where c is the cluster index. For each cluster �v e LM
parametersare stored for individual colour channel. The number of theseclusters in our
implementation was �xed to 256 for all colour channels.

The �nal synthesis is straightforward. The parameters �; D X ; DY ; DY and n of the
original model (8.19) are computed as

� (r )v = K v;1(I v(r )) (8.18)

D(r )v;X = K v;2(I v(r ))

D (r )v;Y = K v;3(I v(r ))

D (r )v;Z = K v;4(I v(r ))

n(r )v = K v;5(I v(r )) :

When the parametersareknown the computation of the polynomial expansionof Lafortune
model is the sameaccording to the equation

Ŷi;v (r ) =
npX

j =0

ar 3 ;v;i;j [� v(r )( ! T
i D v (r ))nv (r ) ]j : (8.19)

We refer to this clustered polynomial extension of the Lafortune Re
ectance model as
PLM-C in the following text. The synthesis based on the described approach is quite
fast, requiring the look-up index tables only which can be implemented using standard
OpenGL features. Besides,the storagesizeof LM parametersis reducedconsiderablyasit



8.3: UnrestrictedResolutionBTF Re
ectanceModel 99

is �gured out in the �fth column of Tab. 8.2. Thus by meansof this method we are able to
achieve the averageBTF data compressionratio more than 1

100, while the computational
expensesare almost the same. Moreover, the graphical hardware can take advance of
this compact model size to reduce the amount of data loaded to GPU memory. This
advantage may becomemore apparent primarily for VR scenescontaining objects covered
with many di�eren t materials which appear and disappear during sceneobservation. The
averageMAE for all re
ectance �elds of PLM-C remains almost on the samelevel as for
non-clusteredvariant of PLM as it is apparent from the last column in Tab. 8.1.

8.2.5 BTF Data In terp olation

Chapter 4 describes the basic approaches concerning BTF rendering and interpolation.
As it was mentioned the correct raw BTF interpolation involvesat least nine BTF images
which correspond to permutation of three di�eren t view and three di�eren t illumination
positions. The proposedpolynomial extension of Lafortune re
ectance model have the
samerequirements since the polynomial �tting is performed according to angular resolu-
tion of the BTF data set. However, the nature of Lafortune model enablesto compute
the re
ectance smoothly for arbitrary illumination position. To take advantage of this
smooth property of the proposedmodel the mapping functions computed for given illumi-
nation and view angleshave to beproperly interpolated with respect to actual illumination
position. For the sake of this interpolation we utilised barycentric coordinates as interpo-
lation weights between the three closest illumination positions. The barycentric weights
are obtained proportionally to triangle areasusing the method described in Chapter 4.
Additionally , interpolation of the corresponding mapping functions enablesus to useonly
three di�eren t BTF images (corresponding to the three closest view positions) for �nal
interpolation so the whole BTF rendering speedsup three times. In Fig. 8.8 is shown an
example of rendering of wood02 material using all nine images(left) in contrast with the
three imagesinterpolation only (right). There is an obvious di�erence betweenthesetwo
imagesespecially for high elevation illumination angles(i.e., t i > 75o) where the texture
becomesdarker due to incorrect interpolation. The reasonfor theseproblems is interpo-
lation of those angleswhich do not correspond to the actual illumination position. Thus
the BTF extrapolation for higher elevation illumination angleswould be more appropri-
ate approach. An overview of results of view anglesinterpolation for all tested materials
comparedto original BTF data is given in Fig. B.1.

8.3 Unrestricted Resolution BTF Re
ectance Mo del

The sizeof the raw BTF measurement is always constrainedby the sizeof material sample
and by the resolution of the measurement device. However, to cover largeobjects in VR the
method for BTF enlargement is necessary. There are several methods on this topic avail-
able mainly in computer graphics. One of them is basedon intelligent sampling technique
[70], which producessynthesisedBTF imagesaccordingto speci�c samplesfrom sparseset
of original BTF measurements in combination with synthetic imageobtained by meansof
a range-map. The secondapproach combines texture-synthesis using mathematical mod-
els based either on Gaussian-Markov random �elds [36] or on multi-dimensional causal
auto-regressive model [38] of the original BTF image with estimated range-map. The
most often approachesto BTF enlargement are basedon di�eren t extensionsof intelligent
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Figure 8.8: BTF data interpolation using the proposedPML model of wood02 material. Full
9-imagesinterpolation of both view and illumination position (left) and 3-imagesinterpolation of
view position only (right).

sampling techniques [24, 25, 11, 62, 85]. Thesemethods produceset of image/parametric
tiles and the resulted image is obtained as a combination of thesetiles. In the context of
this thesis two approachesare suggested:

� Image tiling basedon generation of set of LM parametric tiles. The large image
is a simple combination of these tiles ful�lling certain constraints. This method
cannot producecolour valuesnot present in the original imageand cannot reproduce
texture elements with lower spatial frequenciesthan those corresponding to the tile
resolution.

� Image mo delling based on Markov random �eld (MRF) models. These models
may generate texture image of arbitrary size while only few parameters have to
be stored. On the other hand a quality of these models can be compromised in
comparisonwith imagetiling mainly for materials with regular pattern which cannot
be easily reproduced by meansof thesestochastic-basedmodels.

Both thesemethods can be extended to enable the enlargement of re
ectance model pa-
rameters instead of ordinary colour image as it is explained in Sections8.3.1 and 8.3.2.

8.3.1 Re
ectance Mo del Parametric-Plane Tiling

Someform of tiling the model parameter planes is inevitable when a large object is to
be covered by BTF. A simple seamlessone-tile repetition does not provide satisfactory
results mainly for non-regular textures where certain pattern occurs on the sameposition
subsequently. Thus to obtain more realistic results we needmore than onetile per texture
to support the visual variabilit y of generatedimages. There is a variety of image-based
texture synthesis methods published recently [24, 11]. In this thesis we use the image
tiling method basedon the image stitching introduced in [103]. The idea of stitching is
basedon the minimum error boundary cut, as used in the image quilting algorithm [24].
The stitching procedureis demonstrated in Fig. 8.9.

Let usassumethat each oriented stitch is createdbetweentwo equally sizedoverlapping
image regions: a sourceand a target. Creating such stitch can be imagined as attaching
a cropped part of sourceto target (Fig. 8.9). To make the transition betweentwo images
as invisible as possible the source (i.e., the tile surrounding) is cropped from along the
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Figure 8.9: Image stitching. The source image is cropped from
the right along the minimum error path and placed over the target
background image.

Figure 8.10: Simpli-
�ed path representation
model. Each row contains
one control point (black
dot) and complementary
points (crosseddots).

minimum error path before attaching to target (i.e., the tile content). The minimum
error path is constructed to lead through the error map (8.20) which represents the visual
di�erence betweensourceand target for each pixel of the overlapping region w � h.

E [i; j ] = d(I S[i; j ]; I T [i; j ]); i = 1; : : : ; w j = 1; : : : ; h (8.20)

where d(:; :) is the Euclidian distance of two pixel colour values. Each error path is
represented unambiguously by a sequenceof control points c, one for each row:

c = < c1; c2; :::; ch >; cj 2 1; :::; w : (8.21)

To obtain a continuous sequencethe additional points have to be added to actual path as
is illustrated in Fig. 8.10. From several possiblecomplete path de�nitions the one that
suits the oriented-stitch approach is adopted:

Pathc = f (i; j ) : j = 1; :::h; i = � j ; :::; cj g (8.22)

where � j = min (cj � 1 + 1; cj +1 + 1; cj ). For each path a criterion can be evaluated to asses
the expected visible transition inconsistency:

� (Pathc) =
X

(i;j )2 P ath c

E[i; j ] (8.23)

In [103] is de�ned a sub-optimal minimum path algorithm on error map E of sizew � h -
the oscillating search. The algorithm �rst evaluatessinglecontrol point shifts in each step
as long asthe criterion value can be decreased.This algorithm is usedasa fast alternative
to the slow optimal path search procedureslike the dynamical programming. The main
advantage is the computational speed. The oscillating search has polynomial complexity
while the optimal search is always exponential. This method is a step-wiseprocedurethat
sequentially improves some actual solution and thus it can be stopped at any moment
to yield a usable result. Di�erences between the optimal and suboptimal search occur
in the areasof evenly distributed error and thus they remain visually indistinguishable.
However, it is very important to assurethat the overlap image region itself is positioned
and sizednot to rule out the existenceof low error path.

The minimum path basedstitching often producesgood natural appearanceof image
transition areas. However, if no good path exists in the error map, visible artifacts can not
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Figure 8.11: Adaptiv e blending to improve
visual consistencyof stitched image areas.
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Figure 8.12: Patch creation. the stitching tech-
nique is used to create sides and corners of the
patch.

be avoided (as demonstrated in simple stitch in Fig. 8.11). Therefore the authors de�ned
the adaptive boundary blending (Fig. 8.11) to reduce the visibilit y of such unwanted
high-error artifacts. The idea is to interpolate between the overlapped source region to
the target with a locally adjusted intensity while utilising the minimum error path. The
adaptive blending processcan be visualised using the blend intensity and blend colour-
maps separately. The boundary can be made almost unnoticeable in this way, except of
caseswhen the transition is made betweenprincipally incompatible texture image areas.

The previously described image stitching method can be extended to transfer general
continuous image regionswhile keepingthe transition betweenthe old and new unnotice-
able. During tile generation the algorithm searches for such a rectangular region in the
source texture image, where the opposite border areas are the most visually consistent
in both the horizontal and vertical directions. As a criterion of visual consistency it is
used RGB Euclidean distance. New tiles can be obtained using the described patching
technique with respect to Fig. 8.12. New tiles can be created by making a copy of the
template tile and subsequently covering its inner area by patchestaken from di�eren t po-
sitions in the sourcetexture image. Example image synthesis of the described method is
shown in Fig. 8.13.

Figure 8.13: Example of tiling using the described method. Ten original tiles were used to
produce synthesisedimage of leather02 and wood02 materials.

However, BTF tiling is much more complex task as the stitch should appear consistent
in all BTF planes. To decreasethe computational complexity of such an extensive data



8.3: UnrestrictedResolutionBTF Re
ectanceModel 103

processingwe adopted a two-stagetiling process.In the �rst stagewe only determine the
stitching and other parameters to be used later for actual tile creation. For this purpose
only a few sampleparametric imagesare taken (prepared in full size,i.e., 800� 800pixels)
to represent di�eren t azimuthal and elevation view positions. The optimal stitching paths
are found in this subsetof parametric imagesby meansof the method described in [103].
In the secondstage the complete raw BTF data are processedusing the pre-computed
stitching parameters. Onceall tiles becomeavailable, the �nal parametersof the proposed
Lafortune model are computed basedon the BTF tiles. This proceduresavesconsiderable
computational demandsof Lafortune parameters estimation algorithm. For the sake of
the synthesisedBTF rendering quality the number of computed tiles usedis usually more
than one. In this thesis the maximal number of computed tiles is ten what we found
to be a reasonablecompromisebetweenthe computational complexity and quality of the
output.

The time complexity can be described as follows. Preparation (estimation) of sample
Lafortune parametric planesin original BTF resolution to be usedin the �rst tiling stage
takes about 1 hour. The �rst tile creation stage (stitching parameters learning) takes
usually less than 1 hour. The secondstage, i.e., cutting the complete raw BTF data
to obtain raw data tiles basedon the �rst-stage-parameters takes 3-5 hours, mainly due
to lots of slow data accessoperations involving thousands of �les. The �nal non-linear
estimation of one-lobe Lafortune model parametersfor ten di�eren t BTF imagetiles of size
64� 64 for all 81 re
ectance �elds comprised in the BTF databasetakes about 10 hours.
Note that if more re
ectance lobeswereusedthe time required for parameter �tting would
considerably increasea thus the storagespacefor theseparameterswould be much more
larger.

The time complexity mentioned above strongly depends on the BTF image size and
computational power involved. We used the BTF dataset from Bonn University of size
800� 800 pixels and computer PC Athlon 1.9GHz.

Results

Fig. 8.14shows the error curves(MAE) for individual test materials. For each material the
MAE is computed for all 81 view positions R v (depicted on x axis) of clustered one-lobe
Lafortune model (LM-C, blue solid line) and its clustered polynomial extension(PLM-C,
red solid line) are compared with the corresponding non-clustered variants of LM and
PLM (both depicted as dash-dot line). The overall MAE values of all tested materials
were computed as averagedMAE of all re
ectance �elds and are are shown in Tab. 8.1
in contrast to the corresponding values of non-clustered PLM. The MAE for PLM-C is
slightly higher in comparisonwith PLM but this higher error is well counterbalanced by
the model size. The number of parametersto be stored have beenreducedusing proposed
parameterclustering at least ten times in contrast to the non-clusteredPLM asit is evident
from the last column of Tab. 8.2. The tile resolutions for individual materials are listed in
this table as well. Generally, the lesshomogeneousis the material appearancethe larger
image tiles are required for proper reproduction of the material characteristics.

Finally for subjective visual comparison of results we used the same 3D object as
previously. This car armrest is covered by di�eren t BTFs generatedusing the proposed
clustered PLM-C and it is comparedwith the non-clusteredPLM as well as with the raw
tiled BTF as it is illustrated in Fig. 8.15. The �rst column shows the object covered by
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Figure 8.14: The mean averageerror (MAE) (according the equation (8.15)) of clustered one-
lobe lafortune model (LM-C { blue line) and its clustered polynomial extension (PLM-C { red
line) compared with non-clustered variants LM and PLM (dash-dot lines) for all 81 re
ectance
�elds of eight di�eren t BTFs: fabric01, fabric02, foil01, foil02, wool, leather02, wood01 and wood02
respectively.
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Table 8.2: Storage size of the proposedPLM and PLM-C in comparison with size of the raw
BTF data and their tiled representation.

storagesize in MB
material raw BTF 10 BTF tiles PLM PLM-C tile size [pixels]

wool 733.3 103.4 33.5 4.3 25� 25

fabric01 6766 87.1 24.9 2.9 21� 23

fabric02 5863 77.5 24.1 4.0 19� 23

foil01 5190 728.1 406.8 19.2 86� 96

foil02 5065 527.5 296.7 13.8 74� 79

leather02 5074 659.7 381.0 18.6 86� 87

wood01 5330 1333.2 771.8 31.8 122� 125

wood02 5083 2405.0 973.4 29.1 137� 142

the raw BTF tiles, the secondcolumn shows results of PLM while the last column shows
the results of PLM-C. From theseimagesit is apparent that the visual di�erence between
PLM-C and PLM results is almost indiscernible.

To sum up this section, we recall that the compressionratio of PLM-C ( 1
100) is ap-

proximately ten times higher and computational expensesare much the same.

Parametric BTF Tiles Rendering on 3D Ob ject

Till this point the performanceof the proposedmethod was expressedmainly in terms
of mean averageerror. In this section the synthesisedBTF data are mapped on 3D tri-
angulated object to enable subjective visual comparison of the obtained results. In the
scope of this thesis we have used 3D model of MercedesClass-C interior by courtesy of
Daimler-Chrysler and Bonn University. The car armrest in Fig. 8.15 is covered by eight
tested BTFs approximated by meansof the proposedmodel. The �rst column represents
armrest covered by the original tiled BTF measurements, while the secondcolumn repre-
sents BTF data approximated using the one-lobe LM and �nally the third column depicts
the armrest covered by the BTF data obtained using the proposedpolynomial extension
of one-lobe Lafortune model (PLM). According to graphs in Fig. 8.5 the images in the
secondcolumn were dim and lesscontrast loosing information in dark parts as it is ap-
parent for example for foil01 material in comparison with the original BTF data in the
�rst column. On the other hand, observation of the third column show clear improvement
of the previous drawbacks and the imagesare more or lessvisually indiscernible from the
original in the �rst column.

Fig. 8.17shows part of car gearbox coveredwith four BTFs approximated by meansof
all proposedre
ectance models. The �rst row shows original BTF tiling, the secondrow
shows result of one-lobe LM, the third row shows results of proposedPLM, the fourth row
showsclusteredvariant PLM-C and the last row showsPLM-C result for view interpolation
only. The result of PLM-C variant on car gearbox for di�eren t illumination anglesis shown
in Fig. 1.1. Fig. 8.4 depicts two di�eren t examplesof car interior coveredwith seven BTFs
approximated again using PLM-C. The results of proposedPLM-C model are compared
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with the results of probabilistic 2D CAR BTF model in Figs. 9.2 and 9.3.
Note that in the presented examplesit is not usedany shading method and the visual

appearanceis produced by a combination of the BTF images,corresponding to the light
and cameraposition, on each object polygon.

8.3.2 Mo delling of the Re
ectance Mo del Parameters

An alternative solution to parameter tiling is their synthesisby meansof probabilistic im-
agesynthesisalgorithm. Chapter 7 describesthe following three di�eren t Markov random
�eld based probabilistic texture models: 3D Causal Auto-Regressive model, 2D Causal
Auto-Regressive model and Gaussian-Markov Random Field model. These stochastic
models enablesynthesis preserving important statistical properties of the original texture
image.

The estimated Lafortune parametric imagescan be consideredas texture imagesand
thus they can be synthesisedby meansof thesestochastic models. The main motivation of
this parametric imagesmodelling is a huge compressionratio of the probabilistic models
and parametric image synthesis of unrestricted size.

There are �v eLafortune parametric imagescorresponding to parameters�; D x ; Dy ; Dz ; n
for each colour channel resulting in �fteen parametric planes in total. For the correct
synthesis all these planes have to be synthesisedsimultaneously to guarantee the corre-
spondenceof the individual structural features. We synthesised the parametric images
of one-lobe Lafortune model for two di�eren t materials foil02 and wood02 by meansof
all three probabilistic models introduced in Chapter 7. The obtained examplesof BTF
imagescomputed from the synthesisedparametric images(corresponding to the individual
probabilistic texture modelsGMRF, 3DCAR, 2DCAR respectively) areshown in Fig. 8.16.

Although this approach seemsto be a promising way of compressionand modelling of
the Lafortune parametric imagesthere are several practical problemswhich are not solved
yet. One of them is the synthesis time so the only way to use this modelling approach
is using hardware implementation. The next problem is preserving of the structure ele-
ments correspondencein parametric imagessynthesisedin the individual synthesis passes
for di�eren t view positions. Unlike the re
ectance BTF model the probabilistic models
are driven by a Gaussianwhite noisegenerator so that the individual synthesisedimages
can di�er considerably. The most straightforward solution can be using the samenoise
valuesfor each R v 's parameter synthesis. Moreover, the probabilistic models cannot pre-
serve regular structure of the original pattern su�cien tly so they are suitable mainly for
materials with irregular structure as , e.g., wood, leather, etc. as it is shown in Fig. 8.16.

8.4 Summary of the Re
ectance Mo dels for BTF Mo delling

Application of the re
ectance models to BTF modelling is one of the most common ap-
proaches which can yield very realistic results. One can compare results of the proposed
PLM model with the original BTF tiles as applied on a part of car gearbox in Fig. 8.17.
The �gure comparesoriginal BTF measurement mapped on car gearbox with results of
all re
ectance models discussedin this chapter. Thesekind of BTF models can take ad-
vantage of steadily increasing power of graphics hardware enabling to perform relatively
complex processingof individual verticesand fragments of the textured object surface. So
the pixel-wise re
ectance models can be easily implemented in such a way, however their
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Figure 8.15: Part of a car armrest coveredusing BTF when only view angle interpolation is used.
The �gure includes the tiled original BTF data (�rst column), the results of one-lobe LM (second
column), the result of the proposed one-lobe PLM (third column) and results of the proposed
one-lobe PLM-C (fourth column) for eight di�eren t materials: fabric01, fabric02, foil01, foil02,
knitted wool, leather02 wood01, wood02.
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Figure 8.16: BTF imagesfrom the Lafortune parametric imagesobtained by probabilistic syn-
thesis. The �gure shows the Lafortune parametric imagesestimated from the original BTF images
(�rst row), the original BTF images(secondrow), the BTF imagesobtained from the Lafortune
parametric imagessynthesisedusing GMRF model (third row), 2DCAR model (fourth row) and
3DCAR model (�fth row), respectively, for materials: foil02 and wood02.
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Figure 8.17: A part of MercedesC-classgearbox covered using four BTFs: foil01, wood01 and
foil02, wood02. The �rst row illustrates using of original tiled BTF data, the secondrow depicts
approximation using one-lobe LM, the third row is result of proposedone-lobe PLM model, the
fourth row shows result of proposedclustered PLM-C model and the last row shows result of fast
PLM-C with view anglespixel-wise interpolation only.
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performance is tightly related to their complexity and kind of mathematical functions
involved. Nowadays, the pixel-wise BTF re
ectance models can be rendered in real-time
frame-ratesbut an additional problemsoccur when the rendering of complex VR scenesis
required containing large number of distinct materials. This is quite commonrequirement
for example in computer aided design or safety simulation systems where preservation
of a real material appearanceis essential. Fig. 8.4 depicts two distinct examplesof car
interior covered by seven di�eren t BTFs. The total memory requirements for the storage
of all these materials are 119MB so they can be e�cien tly stored in GPU for fast BTF
rendering of simpler VR scenes.However, the rendering of more complex VR scenescon-
taining tens of di�eren t materials becomestime consumingdue to two main reasons.The
�rst is non-zerotime of the pixel-wise re
ectance model computation with necessaryBTF
interpolation and the secondlies in loading-time of the re
ectance model parameters into
graphics hardware memory. Thus the number of model parametersand their representa-
tion is a crucial problem of all pixel-wise BTF re
ectance models. However, a reduction
of model parameter number leadsto compromisedvisual quality of obtained results. For
instance the BTF data compressionratio of the most advancedBTF models is about 1

100
with the resulting sizeof 10MB in averageper material. The following main drawback of
the re
ectance models is their inabilit y to synthesiseBTF image of arbitrary sizewithout
additional image synthesis methods as for instance image tiling presented in this thesis.
Sothe resolution of the synthesisedBTF imagesis limited by the resolution of the original
BTF measurements.
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Figure 8.18: Two partial examples of car interior modelling (Mercedes-ClassC). Images il-
lustrate seven di�eren t materials: wood01, wood02, foil01, foil02, fabric01, fabric02, leather02
approximated by meansof proposedPLM-C BTF model.



Chapter 9

Results Veri�cation and Testing

9.1 Probabilistic BTF Mo dels Veri�cation

Probabilistic BTF model results veri�cation is a di�cult problem. All probabilistic BTF
models presented in this thesis are basedon somekind of MRF model - GMRF, 2DCAR,
3DCAR. However, theseMRF models are stochastic models which do not produce exact
copy of an original texture but its accurate approximation. The original texture is sub-
stituted by the analytically synthesisedtexture preservingthe major statistical properties
of the original. The quality of this representation dependson chosenmodel type and its
initial parameters as is the support set shape and size, direction of movement on image
grid, etc.. For this reasonany di�eren tial metric basedon pixel-wise image comparison
between original and estimated texture image does not make sense. Unfortunately, no
robust method is available yet for computation of this similarit y. Thus the only known
way is to comparethe overall visual similarit y of two textures by an independent viewer.
There wereseveral attempts of texture similarit y metrics de�nition in the past as,e.g., the
work of Julezs [46] which suggestedsimilarit y measurebasedon the secondorder statis-
tical moments. However, this promising method was questionedlater by the sameauthor
in [48, 47] sincemany counter-examplesof proposedsimilarit y measurefailure have been
shown. Another method basedon the sameassumption but using third order statistics
was introduced in [125]. Although, this method seemsto be robust, it can only decide
whether two texture imagesare identical or not, thus the method does not provide any
similarit y measure. So it is clear that till today there is no algorithm available providing
acceptabletexture similarit y measure. The only possibleway of comparing two texture
imagesis basedon subjective visual observation. To provide reliable similarit y results by
meansof visual observation we build up a relatively large group of voting observers. How-
ever, this is beyond the scope of this thesis. Moreover, these tests should be performed
for all processedBTF materials comprehendinghundreds of distinct synthesisedresults.
Thus we compared all results in this thesis according to subjective visual observation of
a small group of the department colleagues.Despite the dependenceon personalobserver's
preferencesthis method providessatisfactory results ascan beseenon examplesin Fig. 9.2
and Fig. 9.3.

In the caseof BTF synthesis all synthesised subspaceimages had to be compared
with the corresponding set of original cluster representativ es, i.e. 15-25couplesof colour
images. The ranking priorit y was set to emhasisepreservation of colour hues as well as
the mesostructureof the material.

112
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9.2 Re
ectance BTF Mo dels Veri�cation

Unlike MRF BTF models the veri�cation of the proposedre
ectance BTF models is much
easier, since the overall structure of the material together with its original localisation
is preserved. Therefore we can employ di�eren tial measurebetween individual pixels of
original and approximated texture image. We used a mean average error (MAE - see
(8.14)) computed for individual BTF images. Fig. 9.1 illustrates the MAE course for
knitted wool re
ectance �eld R v � � v = 60o; � v = 54o. Each point on the curvesrepresents
one illumination position for �xed view position. The MAE is computed in each point
with respect to (8.14) between original BTF image and its approximation using the LM
and PLM.

Figure 9.1: Mean AverageError for knitted wool re
ectance �eld R v � � v = 60o; � v = 54o.

The �nal BTF data veri�cation is performed when original BTF data and their approx-
imation by proposedBTF model are mapped onto the sametest 3D object and visually
compared for the sameview and light positions as is depicted in Fig. 9.2, Fig. 9.3 and
Fig. 1.1.

During our experiments it becameclear that no ideal BTF model exists. MRF probabilistic
BTF models yield utmost data compressionwhile producing compromisedvisual quality
results for some materials. Whereas the models based on re
ectance models or BTF
factorisation haveexcellent visual quality almost indiscernible from originals, their memory
requirements are still too high for complex scenerendering. Moreover, in contrast to
proposedMRF models the re
ectance models can only reproduce original BTF, thus one
has to deal with BTF enlargement by meansof someadditional modeling method.

For thesereasonsthe type of optimal BTF model should be chosencarefully according
to application purposedepending on bandwidth of usedgraphics hardware, speedof BTF
rendering, quality requirements, data compression,etc.. For example, in gameindustry's
VR systemsthere is no need to have so accurate material re
ectance approximation as
in VR systems aimed to car or architectural interior design or for safety simulation in
automotive or airspace industry. Moreover, the BTF rendering speed is a crucial factor
for real-time simulations, where di�eren t BTF models than are suitable for instance for
high quality rendering applications and so on.
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Figure 9.2: Comparison of measuredBTF with two proposedBTF models. First image shows
tiled original BTF measurements of foil01 and wood01 materials mapped on part of car gearbox.
Following images show results of proposed polynomial extension of Lafortune re
ectance model
(PLM) (second)and probabilistic BTF model basedon 2D CAR subspaceMRF modelling (third).
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Figure 9.3: Comparison of measuredBTF with two proposedBTF models. First image shows
tiled original BTF measurements of foil02 and wood02 materials mapped on part of car gearbox.
Following imagesshow results of proposed polynomial extension of Lafortune re
ectance model
(PLM) (second)and probabilistic BTF model basedon 2D CAR subspaceMRF modelling (third).



Chapter 10

Conclusions and Future Work

The main objective of this thesiswasdevelopment of novel Bidir ectional Texture Function
(BTF) modelsenablinghigh BTF data compressionand their fast renderingbeingsuitable
for direct hardware implementation, while the major visual characteristicsof approximated
BTF are preserved.

10.1 Con tributions of the Thesis

In this thesiswepresent an overview of BTF compressionand modelling methodspublished
up to now and proposetwo novel BTF modelling approaches with several corresponding
BTF models:

� Probabilistic BTF models based on a set of the following underlying texture
models:

{ 2D causalautoregressive model
{ 3D causalautoregressive model
{ Gaussian-Markov random �eld model

� Polynomial extensionof pixel-wise re
ectance BTF model

During development of these BTF models a variety of image processing,statistical and
computer graphics methods were employed to develop two di�eren t BTF data processing
pipelinesconsisting of BTF analysis, compressionand modelling, synthesis and visualisa-
tion of synthesisedBTF results on 3D objects.

We should emphasisethat no ideal BTF model can be claimed the best. Each BTF
model has its advantagesand disadvantagesand is tailored for di�eren t application and /
or kind of approximated material. In the following text we shortly describe and compare
the both BTF modelling approaches proposedin this thesis, discusstheir pros and cons
and proper application areas.

In the �rst proposedBTF modelling approach we actually published the �rst genera-
tiv e BTF models. This approach is basedon statistical analysis of BTF subspaceimages
by meansof several Markov random �eld multi-scale models. BTF subspaceimagesare
obtained using BTF segmentation. Based on to these MRF parameters the novel sub-
spaceimagesare synthesisedwith corresponding spectral and spatial information. These
subspaceimagesare �nally interpolated with respect to actual view and illumination di-
rection and for rough materials also combined with surfaceheight information by means
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of bump/displacement mapping �lter. Surfaceheight information is enlargedusing image
quilting method and the underlying MRF model enablessynthesis of subspaceimagesin
arbitrary resolution so the resolution of synthetic BTF is actually limited only by hard-
ware limits. Due to the model's inherited stochastic character these methods can not
exactly reproduce BTF spatial patterns locations as it is common for re
ectance mod-
els. For regular materials the regularity has to be introduced into the model by means
of surfaceheight information. Our test results prove extreme BTF data compressionra-
tio of the proposedBTF model simultaneously with very realistic visual quality. Some
synthetic BTF textures reproduce given measuredimagesso that both the natural and
synthetic textures are visually almost indiscernible and even the worst results can be used
for preliminary BTF texturing applications at the least. Thesemodels enablehuge BTF
compressionratio unattainable by any other BTF compressionmethod (� 1

105 ). Similarly
to the secondproposedre
ectance BTF model, this kind of models enablesalso very fast
BTF synthesis and rendering implemented in graphics hardware.

Adv antages:
� extreme compressionratio � 1

105 ,
� synthesis of BTF of arbitrary size,
� fast BTF synthesis implementable in GPU (2D CAR model),
� mip mapping for free due to a multi-scale nature of the model,
� possibility of BTF approximation from spareset of BTF images.
Disadv antages:
� compromisedvisual quality for highly non-Lambertian or translucent materials,
Application �eld:
� computer games industry or other VR applications running on low-end hard-

ware o�ering satisfactory BTF approximation capturing its most apparent visual
features.

The secondproposedBTF modelling approach is based on polynomial extension of
pixel-wise Lafortune re
ectance model computed for individual spectral channel of ev-
ery pixel. The advantage of this model consists in using only one re
ectance lobe while
the remaining �tting is done by means of polynomial extension of one-lobe Lafortune
model. Using of one-lobe model considerably reducesthe number of model parameters
which have to be stored. Moreover, the memory requirements of introduced polynomial
coe�cien ts are negligible in comparison to Lafortune parameters. Proposedre
ectance
model has similar computational requirements as pixel-wise Lafortune model while us-
ing only few additional linear operations so it can be easily implemented in graphics
hardware. To increasethe model's BTF compressionratio even more we introducea clus-
tering variant which enablesratios � 1

2�102 whereasthe computational requirements re-
main similar. Due to the fact that the original Lafortune model itself can not enlarge
BTF to arbitrary size our generalisation applies a simple image quilting of Lafortune
parametric images. The results of this model show its excellent performance for all
eight tested BTFs even for materials with complicated underlying structure producing
strong subsurfacescattering e�ects, e.g., in the caseof two kinds of lacquered woods.
Adv antages:
� excellent visual quality for all tested materials,
� fast BTF synthesis implementable in GPU,
� moderate compressionratio � 1

2�102 .
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Disadv antages:
� includes additional method for enlargement of synthesisedBTF images,
� time consumingo�ine parametersestimation and clustering.
Application �eld:
� professional VR systems (CAD) with high requirements on visual quality and

accuracy.

An overall visual comparisonof both proposedmodelling methods to original BTF is
given in form of a VR sceneshowing a part of car gearbox (see Fig. 9.2 and Fig. 9.3).
The imagesdemonstrate high visual quality of both proposedBTF approachesas well as
principal di�erences betweenprobabilistic and pixel-wise re
ectance BTF models, which
is apparent mainly in part of the object covered by BTF of smooth lacquered wood.
Attributes of the individual BTF modelling approaches implemented in the scope of this
thesis are comparedin Tab. 10.1.

Table 10.1: A comparisonof the proposedBTF modeling methods attributes.

Tiling PLM-C GMRF 3D CAR 2D CAR
compressionratio 1

3
1

10 2
1

10 5
1

10 5
1

10 5

seamlessenlargement Y Y Y Y Y
anal./synt. separated Y Y Y Y Y
block-wise processing Y Y N Y Y
GPU implementation Y Y N Y- Y
parallel synthesis N Y Y Y Y
unseendata N Y- Y Y Y

10.2 Future Research

Even though both proposedBTF modelling methods enablefast and visually correct BTF
modelling, several problems remain to be solved in this research �led to enablewider use
of BTFs.

� BTF in terp olation for arbitrary view/illumination direction is necessaryfor
producing of BTF renderingswithout visible seams. However, this is costly opera-
tion which can take the sametime as enumeration of BTF model and consequently
considerablyprolongs the rendering pipeline.

� Accuracy of BTF data is limited in contemporary BTF databases.This is caused
by limited accuracy of robotic sample holder and the recti�cation procedure itself.
However, new methods of BTF measurement should solve this problem in near fu-
ture.

� BTF standards are not suggestedor developed yet, becausethere is no standard-
ised BTF compressionor modelling method agreedupon. This may be due to the
relative novelty of BTF and its complexity, which allows so far only development
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of methods precisely tailored to required application and hardware/software plat-
form. Owing to this reasonthere is not common commercial or public domain BTF
renderer available yet.

� Obviously there is vast spaceof other possiblestatistical models (not only MRFs)
which can be investigated for BTF modelling purposes.

Although the Bidirectional Texture Function is a novel research area and BTF is not
used yet as a standard material description in computer graphics its potential is very
high as it enablesrelatively fast photo-realistic modelling of simpler virtual reality scenes.
With continually developing BTF measurement systemsand graphics techniques as well
as increasingcomputational power it is obvious that the number of possibleBTF applica-
tions will increaseconsiderably in near future and BTF modelling will add a new level of
perfection to contemporary virtual reality systems.
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App endix A

Prop osed Probabilistic Mo dels' Results

BTF material: fabric01

BTF material: fabric02

BTF material: wool

Figure A.1: Bump-mapping (left) in comparison with proposed 2D CAR probabilistic
BTF model on part of cylinder lighted from left and right respectively.
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BTF material: foil01

BTF material: foil02

BTF material: leather02

Figure A.2: Bump-mapping (left) in comparison with proposed 2D CAR probabilistic
BTF model on part of cylinder lighted from left and right respectively.



App endix B

Prop osed Re
ectance Mo dels' Results

Seeother page.
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ectanceModel Results

Figure B.1: Part of a car armrest coveredwith BTF when only view angle interpolation is used.
Tiled original BTF data (�rst column), results of one-lobe PLM (second column) and one-lobe
PLM-C (third column) for eight di�eren t materials: fabric01, fabric02, foil01, foil02, knitted wool,
leather02 wood01, wood02.



App endix C

Conten ts of the Enclosed CD

With this thesis is encloseda CD comprising:

� HTML presentation of proposedBTF model's results. This document is also avail-
able on html://www.utia.cas.cz/ RO/demos/dt _jf/ dt_ jf.h tml .

� Animations of car interior parts covered with results of the proposedBTF models
for varying view and illumination directions.

� Electronic version of this document in PDF format.
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