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1 In tro duction

Surfacelight ¯elds and surfacere°ectance¯elds are image-basedrepresen-
tations of lighting which are parameterizedover geometry. Constructing
these representations is a time-consumingand tedious process. The data
sizesare quite large, often requiring multiple gigabytes to represent complex
re°ectanceproperties. The result can only be viewed after a lengthy post-
processis complete, so it can be di±cult to determine when the light ¯eld
is su±ciently sampled. Often, uncertainty about the sampling density leads
users to capture many more imagesthan necessaryin order to guarantee
adequatecoverage.

The goal of this work is a \casual capture" systemwhich allows the user
to interactively capture and view surfacelight ¯elds and surfacere°ectance
¯elds. \Casual capture" refersto two elements of our approach; no specially-
constructedcapture rigs or tracking devices,and a \h uman-in-the-loop" in-
teractive feedback system. As each imageis captured, it is incorporated into
the representation in a streaming fashion and displayed to the user. In this
way, the userreceivesdirect feedback about the capture process,and canuse
this feedback to improve the sampling.

2 Thesis

The incremental construction of surface light ¯elds and surface re°ectance
¯elds provides bene¯ts such as accelerated capture, interactive previewing,
and data-driven \human-in-the-loop" feedback.

3 Exp ected Con tributions

In defenseof this thesis statement, I intend to o®erthe following contribu-
tions:

Incremen tal capture and displa y of surface ligh t ¯elds A systemfor
incrementally capturing, constructing,andrenderingdirectionally-varying
illumination by building a low rank linear approximation to the surface
light ¯eld. This systemis described in Coombe et al. [CHGL05].

Religh ting A systemfor incrementally capturing, constructing and render-
ing 6D surfacere°ectance¯elds.
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In teractiv e Previewing The surfacelight ¯eld andsurfacere°ectance¯elds
can be viewed interactively using graphics hardware as the model is
being constructed. This was demonstrated for surface light ¯elds in
Coombe et al. [CHGL05].

User feedback A data-driven heuristic that highlights undersampledareas
of the surfacelight ¯eld and directs the user towards e®ective camera
views. This was demonstrated for surface light ¯elds in Coombe et
al. [CHGL05].

4 Background

A good overviewof the state of the art in material modelling by imageacqui-
sition, and potentially inverserendering, is provided by the recent Siggraph
courseon Material Modelling [RM02], and the EurographicsState of the Art
Report on Acquisition, Synthesis and Rendering of Bidirectional Texture
Functions [MMS+ 04]. Our systemcapturesthe exitant radianceof an object
from images,and is basedon BRDF capture systems[DvGNK99, LFTG97,
MWL + 99] and view dependent texture maps[LYS01].

Representation of this captured data is crucial for interactive render-
ing. Lensch [LKG+ 01] usethe Lafortune [LFTG97] representation and clus-
tered BRDFs from acquireddata in order to createspatially-varying BRDFs.
McAllister [MLH02] describes a device for scanning 6D spatially varying
BRDFs andmethodsfor ¯tting the data to a Lafortune representation. Gard-
ner [GTHD03] describea BRDF capturedevicethat usesa linear light source
(as opposedto a point source),which can alsoestimatesurfacenormalsand
a height ¯eld.

A data-driven approach to surfacelight ¯elds can be divided into para-
metric and non-parametric approaches. The parametric approach assumes
a particular model for the lighting (such as the Lafortune [LFTG97] model
usedby McAllister [MLH02]. Thesemodelsare incapableof representing the
wide variety of objects that occur in real scenes,as observed in Hawkins et
al [?].

The non-parametricapproach usesthe captured data to estimatethe un-
derlying function, and makes no assumptionsabout the re°ectance. Thus
non-parametric models are capable of representing a much larger class of
surfaces,which accounts for their recent popularity in image-basedmod-
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elling [CBCG02, ?, ?]. Our approach usesnon-parametric models to repre-
sent surfacelight ¯elds and surfacere°ectance¯elds.

Our work hasa strong machine learningcomponent and dependson some
of the recent algorithms developed in the context of data mining [Bra03,
Row97].

4.1 Surface Ligh t Fields

Surfacelight ¯elds [MRP98] parameterizethe exitant radiance directly on
the surface of the model. This results in a compact representation that
enablesthe capture and display of complex view-dependent illumination of
real-world objects. This category of approaches includes view-dependent
texture mapping [DTM96, DYB98, ?], which can be implemented with very
sparseand scattered samples,as well as regular parameterizationsof radi-
ance[LH96, GGSC96].Wood et al. [WAA + 00] usea generalizationof Vector
Quantization and Principal Component Analysis to compresssurfacelight
¯elds, and introducea 2-passrendering algorithm that displays compressed
light ¯elds at interactive rates.

Surfacelight ¯elds can be represented as the function f (s; t; µv; Áv). The
variabless and t represented surfacelocation on the mesh,and µv and Áv rep-
resent view directions. This function can be discretizedover surfacepatches
and solid anglesand represented as a matrix. The columns of this matrix
are the cameraviews,and the rows are the surfacelocations. Thesematrices
describe the exitant radiance at every point on the surfacefrom every di-
rection. Sincestoring thesefull data matrices would be impractical, several
techniques have been developed to compressthe data. Factorization ap-
proachesrepresent the 4D surfacelight ¯eld f (s; t; µ; Á) asa sum of products
of lower-dimensionalfunctions

f (s; t; µ; Á) ¼
r ankX

r =1

g(s; t)h(µ; Á)

The number of terms r is the rank of the approximation. This factoriza-
tion attempts to decouplethe variation in surfacetexture from the variation
in lighting. Thesefunctions can be constructed by using Principal Compo-
nent Analysis [CBCG02, NSI01] or non-linear optimization [HMG03]. The
function parameterscan be stored in texture maps and rendered in real-
time [CBCG02].
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4.2 Surface Re°ectance Fields

Surface Re°ectance Fields [DHT + 00] are a generalization of surface light
¯elds. The surfacelight ¯eld canberepresented asa 4D function L(s; t; µv; Áv)
that represents directionally-varying exitant radiancefor a ¯xed illumination.
The surfacere°ectance¯eld removes the restriction of ¯xed lighting by ad-
ditionally representing the incident lighting directions L(s; t; µv; Áv; µl ; Ál ).

Thereareseveralapproachesto capturing andrenderingsurfacere°ectance
¯elds. Debevec[?] acquireradiancesamplesof a human faceusinga custom-
built light stage, and compute a re°ectance function that can be used to
generateimagesfrom novel locations,and under novel lighting conditions. A
similar systemwasusedto capture re°ectance¯elds of cultural artifacts [?].
Malzbender [MGW01] ¯t acquireddata to a bi-quadratic polynomial to es-
timate a re°ectance¯eld.

4.3 Online Metho ds

Most of the research in image-basedmodelling hasfocusedonbatch-processing
systems. Thesesystemsprocessthe set of imagesover multiple passes,and
consequently require that the entire set of imagesbe available. For detailed
capture of light ¯elds, this requiressigni¯cant storage(around 106 data sam-
ples[HMG03]). In addition, incorporating additional imagesinto thesemod-
elsrequiresrecomputing the model from the beginning. Formulating surface
light ¯eld construction as an online processingapproach avoids theseprob-
lemsby incrementally constructingthe model asthe imagesbecomeavailable.
Matusik [MLP04] usedthis approach with a kd-tree basissystemto progres-
sively re¯ne a radiancemodel from a ¯xed viewpoint. Schirmacher [SHS99]
adaptively meshedthe uv and st planesof a light ¯eld, and usedan error
metric along the triangle edgesto determine the locations of new camera
positions. Hillesland [HMG03] updated a non-linear solution in an online
fashion,but required multiple passesover the data.

5 Plan of Action

5.1 Online LFM pap er

Paper completed Spring 2005, Presented Summer 2005

5



Figure 1: A heart ¯gurine, a marble pestle, and a copper pitcher captured
and rendered with our online system.

Our 4D surfacelight ¯eld system[CHGL05] is an online systemfor incre-
mentally capturing, constructing, and renderingdirectionally-varying illumi-
nation. It is basedupon the technique of Light Field Mapping [CBCG02],
which usesthe Singular Value Decomposition to represent and render sur-
face light ¯elds in real-time. LFM enablesa high level of compressionand
makes no assumptionsabout the underlying physical light model. Thus it
can be used to capture a wide variety of surfaces. However, the SVD is a
batch-processingapproach, which meansall of the data must be available at
once.

Our systembuilds an incremental low rank linear approximation to the
surface light ¯eld using a technique known as Online SVD [Bra03]. Each
image is incorporated into the lighting model as it is captured, providing
the userwith real-time feedback. This feedback enablesthe user to preview
the surfacelight ¯eld and direct the imageacquisition towardsundersampled
regions. We also introducea novel data-driven quality heuristic to highlight
theseareas.Examplesof several modelsare shown in Figure 1.

In the paper we presented a structured method for dealing with incom-
plete data. Due to occlusion,many surfacepatchesare only partially visible.
Rather than discarding thesedata, we usethe current linear approximation
to \impute" theseholes.
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5.2 Weighted Least Squares Ligh t Fields

Paper Submission Date: Fall 2005
The Online LFM work raisedseveral important questions.One question

was the representation of scattereddata. Sincethe coreof the Online LFM
work was an incremental SVD of the data, this required us to have a fully-
resampledset of data. This wassometimesdi±cult due to missingdata from
occlusion and meshing errors. We presented a solution to automatically
\impute" the missingdata, but this had somedrawbacks of its own.

To avoid theseproblemswith resamplingand missing data, we are try-
ing a di®erent approach and treating the problem as one of scattered data
approximation. This meansthat we store the surface light ¯elds as a 2D
function L(µ; Á) at each surfacepoint (s; t), and usescattereddata approxi-
mation techniquessuch asWeighted Least Squaresto interpolate. Scattered
data approximation is usedto construct compressedrepresentations of data
valuesat arbitrary locations (such as cameralocations on a hemisphereor
surfacelocations on a model). A more detailed description of the Weighted
Least Squaresmethod is presented in Section7.

In Figures 2, 3, and 4, we show results from preliminary experiments
that wehavegeneratedwith a prototypeMatlab implementation of Weighted
LeastSquares.The ¯rst two arefrom DaveMcAllister's GiftW rap128dataset,
and the third is from the buddhadatasetprovided by Intel. Theserenderings
werecomputedusing 169node points for each texel. At each node, a 4-term
polynomial was ¯t to the data of the form

F = a1 + a2x + a3y + a4xy

This meanseach color channel of the 64x64 image is 4x169, which is
1107558bytes per channel using 32-bit °oats (total RGB storage about
3.3MB). The uncompressedversion of these pictures is 64x64x164x3x4=
8.3MB, which is approximately compressionration of 2.5x. Obviously, the
real modelsthat weusewill havesigni¯cantly moretexels,which will increase
the compression.

This research doesnot require rebuilding the light capture stagefrom the
earlier paper, as we can reusesomeof the captured datasets. We also have
several datasetsprovided by Intel.
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Figure 2: GiftWr ap128SBRDF dataset. The reference version is on the left,
and the Weighted Least Squares reconstruction is on the right.

Figure 3: Another view of the GiftWr ap128SBRDF dataset. As above, the
reference versionis on the left, and the Weighted Least Squaresreconstruction
is on the right.

Figure 4: A view of a single triangle from the buddhadataset. As above, the
reference versionis on the left, and the Weighted Least Squaresreconstruction
is on the right.
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5.3 Weighted Least Squares Re°ectance Fields

Paper Submission Date: Spring 2006
Surfacere°ectance¯elds remove the restriction of ¯xed lighting, which

increasesthe dimensionality of the problem from 4D to 6D. The real advan-
tage of the scattereddata approximation representation will becomeevident
when the scope of the problem is expandedto include surface re°ectance
¯elds. Our attempts to use the Higher-Order (or Tensor) Singular Value
Decomposition to represent surfacere°ectance ¯elds were uniformly nega-
tiv e. Not only are the data sizesprohibitiv e, but the sampling requirements
are even more stringent. We were also unable to develop an incremental
approach to construct Higher-Order SVDs.

Extending the scattereddata approximation techniqueto multiple dimen-
sionsis simply a matter of changingthe dimensionality of the basisfunctions.
This will allow us to reusemuch of the structure that will be developed in
the Weighted Least SquaresLight Field paper. We will then be able to focus
on what we view as the most seriousdrawback to re°ectance¯elds, which is
the capture process.Most surfacere°ectancecapture algorithms require the
construction of a lighting/camera rig to track both the light positions and
the camerapositions. This requiresa fair amount of money as well as me-
chanical abilit y. We would like to simplify this processby using light probes
to capture the incident lighting. A light probe can be thought of as a 2D
plane in the 4D surfacere°ectance ¯eld. We may be able to use this 2D
plane directly in the scattered data approximation, or we may importance
samplethe plane and usethesepoints as weighted samples.Either way, by
capturing a light probe imageand then a seriesof cameraimages,we should
be able to dramatically reducethe amount of e®ort required.

Thereareseveral6D datasetsavailable, including DaveMcAllister's SBRDF
datasetsand a coupleof real and synthetic datasetsfrom Intel. We will most
likely rebuild the light ¯eld stagethat we built for the EGSR paper, so that
we can capture surfacere°ectance¯elds.

5.4 Departmen t Requiremen ts

Teaching: Fall 2005
Orals: Spring 2006
Defense: Late Summer 2006
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Figure 5: My proposed schedule.

6 Prop osed Oral Examination Topics

Surface Ligh t ¯elds, Surface Mo deling [CBCG02, HMG03, ?, ?, MLH02,
LKG+ 01]

Image-based Mo deling [DTM96, GGSC96]

Programming Graphics Hardw are [?, ?]

Data Mining, Dimensionalit y Reduction [?, Bra03]

7 Details about Metho ds

Least Squaresmethods are linear approximation techniques for scattered
data. Given a set of N scalar samplesf i 2 R at points x i 2 Rd, we want a
globally-de¯ned function f (x) that best approximates the f i samples. The
goal is to generatethis function f (x) such that the distance between the
scalar data valuesf i and the function evaluated at the data points f (x i ) is
as small as possible.This is written as:

min f
X

i

kf (x i ) ¡ f i kg

(Note: this discussionfollows the notation of Nealen[?]). The coe±cients
of the polynomial are determinedby minimizing this sum. Typically, f (x) is
a polynomial of degreem in d spatial dimensions.Thus f (x) can be written
as

f (x) = b(x)T c
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where b(x) = [b1(x):::bk(x)]T is the polynomial basis vector and c =
[c1:::ck ] is the unknown coe±cient vector. The set of basis functions b(t)
is chosenthat best approximates the properties of the data. In our case,we
chosethe 2D quadratic basisset

b(t) = [1 x y x2 xy y2]

To determinethe coe±cient vector c, the minimization problem is solved
by taking partial derivatives,setting them to zero,and solving the resulting
systemof linear equations. After rearrangingthe terms, the solution is:

c = [
X

i

b(x i )b(x i )T ]¡ 1
X

i

b(x i )f i

This can be solved using any commonmatrix inversion packagesuch as
BLAS [?] or TGT [?]. The sizeof the matrix to be inverted dependsupon
the dimensionality d of the data and the degreek of the polynomial.

The function is reconstructedby applying the coe±cients to the basisset

f (x) = b(x)T c

7.1 Weighted Least Squares

One of the problemswith Least-Squares̄tting is that every point in the so-
lution in°uencesevery other point. This global complexity makesit di±cult
for large point sets. We would prefer a local method which constructs an
approximation that considerspoints nearby as more important than points
far away. This can be accomplishedby adding a distance-weighting term
µ(d) to the Least Squaresminimization. We are now trying to minimize the
function

min f
X

i

µ(kx ¡ x i k)kf (x i ) ¡ f i kg

Now, instead of evaluating a single global approximation for all of the
data points, wepick a setof nodepoints ¹x and evaluate the distance-weighted
contribution of each data point x i to thesenode points. This meansthat the
coe±cients are now a function of ¹x, and only de¯ned locally around this
point. A set of piecewisequadratic local approximations are computed at
each of thesenode points.
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c(¹x) = [
X

i

µ(k¹x ¡ x i k)b(x i )b(x i )T ]¡ 1
X

i

µ(k¹x ¡ x i k)b(x i )f i

To reconstruct a global approximation from this set of local approxima-
tions, we ¯rst determinethe m nearby local approximations that overlap this
point. Unfortunately, we cannot just simply weight thesefunctions by dis-
tance and add them together, sincetheseweights may not sum to 1. To get
the proper weighting of the local approximations, we usea technique known
as Partition of Unity [?], which allows us to extend the local approxima-
tions to cover the entire domain. A new set of weights Áj are computed by
consideringall of the m local approximations that overlap this point

Áj (x) =
µj (x)

P m
k=1 µk(x)

The global approximation of this function is computed by summing the
weighted local approximations.

f (x) =
mX

j =1

Áj (x)b(x)T c(¹x j )

This representation allows us to place the node points ¹x at the most
e®ective locations. This mapswell to a GPU-rendering framework sincethe
points can be regularly-spacedacrossthe domain. In general, the GPU is
most e±cient when the node points are regularly-spaced,as this minimizes
special casesand maximizes parallelism. The data structure and camera
capture are managedon the CPU and function reconstructionand rendering
is handledby the GPU.

7.1.1 Distance Function

Commonchoicesfor µ(d) are the Wendland function [Wen95]

µ(d) = (1 ¡ d=h)4(4d=h+ 1)

and the interpolation function

µ(d) = 1 + 2(d=h)3 ¡ 3(d=h)2

Note that both of thesefunctions include a term h, which modi¯es the sup-
port of the distancefunction. Thesefunctions are illustrated in Figure 6.
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Figure 6: Two possibledistance-weightingfunctions, with a variablesupport.
Both functions are 1 at the center, and taper o® to zero as the distance
increases.While they are well-behaved within the support interval, they must
be clamped outside this interval to avoid spuriousweighting.
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Figure 7: The staggered grid givesus a higher resolution.

7.1.2 Staggered Grids

We can also use this approximation to minimize discontinuities between
patches on the surfaceby incorporating data points from adjacent surface
patches. This requiresadjusting the distance-weighting function to incorpo-
rate thesevalues. We can also go one step further and use this framework
to get a higher-resolution approximation by staggeringthe node locations
at adjacent patches. This increasesthe e®ective resolution of the surface
patcheswithout increasingthe storagecosts.

This is illustrated in Figure 7.
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