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Abstract.  Di erent materials re ect light in di erent ways, sore ect  ance
is a useful surface descriptor. Existing systems for measuing re ectance
are cumbersome, however, and although the process can be sgamlined
using cameras, projectors and clever catadioptrics, it generally requires
complex infrastructure. In this paper we propose a simpler m ethod for
inferring re ectance from images, one that eliminates the n eed for active
lighting and exploits natural illumination instead. The me thod's distin-
guishing property is its ability to handle a broad class of is otropic re-
ectance functions, including those that are neither radia Ily-symmetric
nor well-represented by low-parameter re ectance models. The key to
the approach is a bi-variate representation of isotropic re ectance that
enables a tractable inference algorithm while maintaining generality. The
resulting method requires only a camera, a light probe, and as little as
one HDR image of a known, curved, homogeneous surface.

1 Introduction

Di erent surfaces modulate light in dierent ways, and this leads to distinc-
tive lightness, gloss, sheen, haze and so on. Thus, like sha@nd color, surface
re ectance can play a signi cant role in characterizing objects.

Computationally, surface re ectance is represented by thebi-directional re-
ectance distribution function, or BRDF; and the task of inf erring the re ectance
of a surface is formulated as that of inferring a BRDF from radometric mea-
surements. According to conventional methods, measuring wsface re ectance
requires the use of controlled, active lighting to sample tle double-hemisphere of
input and output directions that constitute the BRDF domain . These approaches
demand complex infrastructure, including mechanical rotdion and translation
stages, digital cameras and projectors, and custom catadfirics.

Perceptual studies suggest that humans can also infer re gance information
from image data, but that they do so in a very di erent manner. While the
vast majority of machine measurement systems rely on illunmation by a single
moving point source, humans rely on images captured under coplex, natural
lighting [1]. The human approach has clear practical advanages: it is a passive
technique that eliminates the need for controlled lighting, and it substantially
reduces the measurement burden.

In this paper we present a passive system for inferring bi-adiectional surface
re ectance that also exploits natural lighting. The approach is general in that,



Fig.1. Re ectometry using only a camera and a light probe ( bottom left). Using a
bivariate representation of re ectance, the constraints i nduced by a single HDR image
(top left) of a known shape are su cient to recover a non-parametric BR DF (mid-
dle). The recovered BRDF summarizes the object's re ectance pr operties and is an
important material descriptor. Here, its accuracy is demon strated through its use in
rendering a synthetic image of a novel shape ¢ight).

besides assuming isotropy, it can handle a rather unrestried class of materials.
It eliminates the need for active illumination and requires only a camera, a light
probe, and as little as one HDR image of a known curved shape {§. 1).

The success of the approach hinges on its representation afrface re ectance.
We avoid the restrictions of low-parameter BRDF models (Lanbertian, Lafor-
tune, Ward, Cook-Torrance, etc.) by using general bivariate functions. This ap-
proach is motivated by recent empirical studies [2, 3], and ar evaluations show
that when used appropriately, this new representation provdes a ne balance
between tractability and generality. It enables re ectance to be reliably inferred
from as little as one image, and at the same time, it is able to apture impor-
tant phenomena such as specular and o -specular re ectionretro-re ection, and
Fresnel e ects. In particular, it is not constrained by any | ow-parameter analytic
BRDF model; and unlike approaches based on de-convolutiont is not limited
to radially-symmetric (i.e., one-dimensional) BRDFs.

1.1 Background and Related Work

The BRDF describes the manner in which incident radiant ux i s modulated by a
uniform surface patch. It is a positive function of four anguar dimensions and can
be written f (u;v), where u and v are unit vectors on the hemisphere centered
about the patch normal. These are the directions of incidentand re ected ux,
respectively, and they are often expressed in spherical codinates: ( ; ) and
(vi )

One can measure the BRDF of a planar material by sampling the duble
hemisphere of input and output directions with a goniore ectometer. Since this
is extremely slow, and since a slight loss of accuracy is ofteacceptable, a number
of camera-based alternatives have been proposed. When a cama is used with
a curved mirror [4] or a curved material sample [5], one imag@rovides a dense
sampling of a 2D slice of the BRDF. To recover the complete BRIFF domain,
these can be combined with a moving light source (e.g., [5])roa projector [6].



These camera-based systems signi cantly reduce measurentetime, but they
also require special-purpose hardware and precise lightincontrol.

Passive methods for re ectometry that require only natural lighting provide
an attractive alternative. In the computer graphics community, the inference of
re ectance from natural images has been studied under the baner of “inverse
rendering'. Ramamoorthi et al. [7] derive an elegant framewrk for inverse ren-
dering by interpreting the rendering equation as a convoluton. This yields an
important theoretical tool that, among other things, enabl es the recovery of re-
ectance through de-convolution. Unfortunately, this approach can only yield
general isotropic BRDFs when the full 4D output light eld is observed. More
typically, one has access to a small number of images; and whehis is the case,
de-convolution can only yield radially-symmetric BRDFs?!, which are incapable
of representing o -specular peaks and important grazing-agle e ects [2, 3].

Inverse rendering can also be formulated, as it is here, dialy in the angular
domain. Many approaches exist, and almost all of them rely onow-parameter
BRDF models (Phong, Cook-Torrance, etc.) to make the problen tractable.
Low-parameter BRDF models impose strong constraints on reectance, and as
a result, one can exploit them to recover more than just re edance information
from a set of input images. For example, there are methods fohandling global
illumination e ects and anisotropic re ectance [8, 9], spatial re ectance varia-
tion, and the simultaneous recovery of illumination and/or shape (e.g., [10, 11]).
(Patow et al. [12] provide a review.) Every parametric appraach su ers from
limited accuracy, however, because the expressiveness cliisting low-parameter
BRDF models is quite restricted [2, 3]. This situation is unlikely to improve in
the short term. Given the diversity of the world's materials, designing “general
purpose' low-parameter models that are simultaneously aagrate, exible and
amenable to tractable analysis has proven to be a very di cult problem.

Unlike these existing approaches, our goal is to recovegeneral re ectance
information without the restrictions of radial symmetry or low-parameter mod-
els. By avoiding these restrictions, we can handle a broadeclass of materials.
To maintain this generality, we nd it necessary to assume itropic re ectance,
ignore global illumination e ects, and require that shape and illumination be
known a priori . While the tools we develop can likely be applied to other inerse
rendering problems (see discussion in Sect. 5), we leave shfor future work.

2 A Bivariate BRDF for Re ectometry

Passive re ectometry is not well-posed without some constaints on the BRDF.
Indeed, a BRDF is a function of four (angular) dimensions, whle an input image
is a function of two. What we require is a way to constrain the BRDF without
surrendering our ability to represent important phenomena Here, we present an
approach based on a bivariate representation for isotropicsurface re ectance.

1 A radially-symmetric BRDF is one that, like the Phong model, is radially symmetric
about the re ection vector. It's angular domain has dimensi on one.



Fig. 2. Domain reduction for reciprocal, isotropic, bilaterally- symmetric, and bivari-
ate BRDFs. Isotropic BRDFs are unchanged by rotations about the surface normal
(i.e., changes in 1), while reciprocity and bilateral symmetry impose periodi city for
rotations about the halfway vector (i.e., changes in 4). Here we consider bivariate
BRDFs, which are constant functions of 4.

For many materials, the dimension of the BRDF domain can be reluced with-
out incurring a signi cant loss of detail. The domain can be folded in half, for
example, because reciprocity ensures that BRDFs are symmet about the di-
rections of incidence and re ection:f (u;v) = f (v; u). In many cases, the domain
(u; u; v; v)can be further “projected' onto the 3D domain ( y; v; u v)
and then folded onto ( y; v;j u vj)- The projection is acceptable whenever
a BRDF exhibits little change for rotations of the input and o utput directions
(as a xed pair) about the surface normal; and additional folding is acceptable
whenever there is little change when re ecting the output direction about the
incident plane. Materials that satisfy these two criteria] for some de nition of
“little change'|are said to satisfy isotropy and bilateral symmetry, respectively.
(It is also common to use the termisotropy to mean both.)

It is convenient to parameterize the BRDF domain in terms of halfway and
di erence angles [13]. Accordingly, the complete 4D domains written in terms
of the spherical coordinates of the halfway vectorh = (u + v)5ju vjj and
those of the input direction with respect to the halfway vector: ( n; n; d; d)-
See Fig. 2. In this parameterization, the folding due to regprocity corresponds
to 4! g+ ,andthe projection due to isotropy (without bilateral symm etry)
isone onto (h; 4; d)[13]. While undocumented in the literature, it is straight -
forward to show that bilateral symmetry enables the additional folding 4 !

4+ =2 which gives the 3D domain (n; ¢; 4) [0; =2F.

Here, we consider an additional projection of the BRDF domai, one that re-
duces it from three dimensions down to two. In particular, weproject ( n; 4; d)
[0; =2 to ( n; ¢) 2 [0; =2%. A physical interpretation is depicted in Fig. 2,
from which it is clear that the projection is acceptable wherever a BRDF exhibits
little change for rotations of the input and output directio ns (as a xed pair)
about the halfway vector. This is a direct generalization of isotropy, bilateral
symmetry and reciprocity, which already restrict the BRDF t o be 5-periodic for
the same rotations. We refer to materials that satisfy this requirement (again, for
some de nition of 'little change’) as being bivariate. The accuracy of bivariate
representations of the materials in the MERL BRDF database [L4] is shown in
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Fig.3. Accuracy of bivariate representations of materials in the M ERL BRDF
database. Materials are in order of increasing accuracy, ard representative renderings
are shown for comparison. Most materials in the database are well-represented by a
bivariate function. (Images embedded at high resolution; p lease zoom in.)

Fig. 3, where it is sorted by relative RMS BRDF error:
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Here, ( n; q) is the set of valid 4 values given xed values of ;, and g.
The gure also shows synthetic images of materials that are rore and less well-
represented by a bivariate BRDF. Overall, our tests suggesthat the overwhelm-
ing majority of the materials in the database are reasonablywell-represented by
bivariate functions. We even nd that the bivariate reducti on has positive e ects
in some cases. For example, the original green-acrylic BRDias lens are ar-
tifacts embedded in its measurement$, and these are removed by the bivariate
reduction (see Fig. 3).

Motivation for a bivariate representation is provided by th e work of Stark et
al. [2] who show empirically that a carefully-selected 2D dmain is often su cient
for capturing (o -)specular re ections, retro-re ection s, and important Fresnel
e ects. The 2D domain ( p; 4) that is introduced above is homeomorphic to

2 W. Matusik, personal communication.



that of Stark et al., which is why it posesses these same propges. Stark et
al. propose the * -parameterization' for two-dimensional BRDFs, and this is
related to ( n; 4) by

. 1 .
=sin? 4, = §(1+cosz a)sin? p:

For this reason, Figs. 2 and 3 can be seen as providing a new gpretation
and validation for their model. (The original paper examined Cornell BRDF
data [15], which is arguably more accurate but also quite spese.)

One important advantage of our ( ,; 4) parameterization is that it provides
an intuitive means for controlling how the 2D domain is sampked. This is explored
next, where we use it for re ectometry.

3 Passive Re ectometry

We assume that we are given one or more images of a known curvesdirface,
and that these images are acquired under known distant lighihg, such as that
measured by an illumination probe. In this case, each pixeln the images pro-
vides a linear constraint on the BRDF, and our goal is to infer the re ectance
function from these constraints. While the constraints from a single image are
not su cient to recover a general 3D isotropic BRDF [7], we show that they
often are su cient to recover plausible bivariate re ectance.

To e ciently represent specular highlights, retro-re ect ions and Fresnel ef-
fects, we can benet from a non-uniform sampling of the 2D donain. While
‘good' sampling patterns can be learned from training data 16], this approach
may limit our ability to generalize to new materials. Instead, we choose to man-
ually design a sampling scheme that is informed by common olesvations of
re ectance phenomena. This is implemented by de ning contnuous functions
s( n; pd) and t( n; ¢) and sampling uniformly in (s;t). Here we uses =2 4=,
t = 2 px= which increases the sampling density near specular re eatins
( n 0). With this in mind, we write the rendering equation as

z
I(vin)=  L(R,u)f (s(u;RnV);t(u;Rav))cos ydu; )

wherev is the view direction, n is the surface normal corresponding to a given
pixel, and R, is the rotation that sends the surface normal to thez-axis and the
view direction to the xz-plane. We use overloaded notation fors and t, which
depend on the incident and re ected directions indirectly through ( ; «)-

At each pixel, this integral is computed over the visible hemsphere of light
directions . Our use of a bivariate BRDF induces a “folding' of this hemigphere
because light directionsu and u® that are symmetric about the view/normal
plane correspond to the same point in our 2D BRDF domain. Whenthe lighting
and surface shape are known, we obtain a constraint from eachixel, and each
constraint can be interpreted as an inner product between tle unknown BRDF
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Fig. 4. Constraints on bivariate re ectance from natural lighting . Each pixel of an input
image (middle) captured under distant illumination ( left) gives a linear constraint that
can be interpreted as an inner product of the 2D BRDF ( right, rst argument) and
a visible hemisphere of lighting that is weighted, warped an d folded across the local
view/normal plane ( right, second argument).

and a hemisphere of illumination that is weighted by cos ,, folded across the
local view/normal plane, and warped onto the st-plane. See Fig. 4.

To infer the BRDF from these constraints, we create a uniformgrid S =
f(si;ti)g in the BRDF domain and approximate the rendering equation by a
sum over a discrete set 4 of lighting directions on the hemisphere:

0 1
X X
I(v;n) 2— @ K LR, Mui)f (sisty)A cos y,; (3)
dl Ug2 ¢ Si;tj 2Nk

where N is the set of the four BRDF grid points that are closest to s(ug; RnV),
t(uk;RnVv), and :‘] is the coe cient of the bilinear interpolation associated
with these coordinates ands;;t;. (We nd a piecewise linear approximation of

the BRDF to be adequate.) This equation can be rewritten as

2 X X . N
I(v;n) — f(si;ty) ij L(Ry "uk)cos y,; 4)
dl (sitj)2s Uy 2 binj

to emphasize its interpretation as an inner product.
Observations of distinct normalsn; :::ny obtained from one or more images
provide constraints that are combined into a system of equaibns

| = Lf )

given by the non-BRDF terms in Eq. 4. The goal is then to nd f such that
these constraints are satis ed. While this may work well in the noiseless case,
in practice we require regularization to handle noise causk by the sensor, the
bivariate approximation, the discretization of the rendering equation, and errors
in the assumed surface shape.

As with general 4D BRDFs, bivariate BRDFs vary slowly over much of their
domain. Regularization can therefore be implemented in theform of a smooth-
ness constraint in the st-plane. There are many choices here, and we have found



spatially-varying Tikhonov-like regularization to be especially e ective. Accord-
ing to this design choice, the optimization becomes

argminkl  Lf K2+ B D (6)
f

subjectto f  0;

where Dg and D are jSj |jSj derivative matrices, and is a tunable scalar
regularization parameter. The matrices s and  are diagonaljSj jSj matrices
that a ect non-uniform regularization in the bivariate BRD F domain. Their
diagonal entries are learned from the MERL database by settig each to the
variance of the partial derivative at the corresponding st domain point, where
the variance is computed across all materials in the databas Probabilistically,
this approach can be interpreted as seeking the MAP estimatavith independent,
zero-mean Gaussian priors on the bivariate BRDF's partial cerivatives.

There are many possible alternatives for regularization. Br example, one
could learn a joint distribution over the entire bivariate d omain, perhaps by
characterizing this distribution in terms of a small number of modes of variation.
However, we have found that the simple approach in Eq. 6 proes reasonable
results, does not severely “over- t' the MERL database, andis computationally
quite e cient (it is a constrained linear least squares problem).

3.1 Adequate lllumination

There is a question of when an environment is adequate for reectometry to
be well-posed and well-conditioned. An algebraic conditia is readily available;
we simply require the rank of the illumination matrix L to be su ciently large
(i.e., to approach jSj). More intuitively, we require su cient observations of al |
portions of the BRDF domain, with regions corresponding to gecular re ec-
tions (n 0), retro-re ections ( ¢ 0), and grazing angles (g =2) being
particularly important. In particular, we do not expect goo d results from simple
environments composed of a small number of isolated point soces. This is in
agreement with perceptual studies showing that humans are lao unable to infer
re ectance under such simple and “unrealistic' conditions[1].

It is interesting to compare our approach to the convolution framework of
Ramamoorthi et al. [7]. That approach enables a frequency dmain analysis and
provides very clear conditions for adequacy. For radiallysymmetric BRDFs, for
example, we know that an environment is adequate only if its land-limit exceeds
that of the BRDF [7]. A frequency domain analysis is dicult t o apply in the
present case, however, because Eq. 5 does not represent aaation. While an
analysis of the conditions for adequate illumination in the bivariate case may
be for worthwhile direction of future work, we focus instead on an empirical
investigation here. We show that while the quality of the result depends on the
environment, accurate re ectometry is achievable in many @ases.
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Fig.5. Visual evaluation with MERL BRDF data. A bivariate BRDF is es timated

from a single input image (top), and this estimate is used to render a new image under
novel lighting ( second row). Ground truth images for the novel environments are shown

for comparison, along with di erence images scaled by 100. Few noticeable di erences
exist. Far right : Environment maps used in the paper, top to bottom: St. Peter 's
Basilica, Grace Cathedral, U zi Gallery, Cafe and Corner O ce.

4 Evaluation and Results

We begin with an evaluation that uses images synthesized wit tabulated BRDF
data from the MERL database [14], measured illuminatior?, and a physically
based renderet. Using these tools, we can render images for input to our al-
gorithm as well as images with the recovered BRDFs for directtcomparison to
ground truth. In all cases, we use complete 3D isotropic BRDFdata to create
the images for input and ground-truth comparison, since ths is closest to a real-
world setting. Also, we focus our attention on the minimal case of a single input
image; with additional images, the performance can only impove. It is worth
emphasizing that this data is not free of noise. Sources of sor include the fact
that the input image is rendered with a 3D BRDF as opposed to a livariate one,

% Light probe image gallery: http://www.debevec.org/Probe s/
4 PBRT: http://www.pbrt.org/
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that normals are computed from a mesh and are stored at singl@recision, and
that a discrete approximation to the rendering equation is used.

Given a rendered input image of a de ned shape (we use a sphefer sim-
plicity), we harvest observations from 8,000 normals unifomly sampled on the
visible hemisphere to create an observation vector of length 8,000. We discard
normals that are at an angle of more than 80 from the viewing direction, since
the signal to noise ratio is very low at these points. The bivaiate BRDF domain
is represented using a regular 32 32 grid on the st-plane, and our observation
matrix L is thereforeM 1024, whereM is the number of useable normals. The
entries in L are computed using Eq. 4 with 32,000 points uniformly distrbuted
on the illumination hemisphere. With | and L determined, we can solve for the
unknown BRDF as described in the previous sections.

We nd it bene cial to use a small variant of the optimization in Eq. 6: we
solve the problem twice using two separate pairs of diagonalveight matrices
( s; t)- One pair gives preference to di use re ectance, while theother gives
preference to gloss. This provides two solutions, and we clise the one with low-
est residual. Using this procedure, we were able to use the s weight matrices
and regularization parameter ( ) for all results in this paper. In every case, the
optimizations were initialized with a Lambertian BRDF.

Results are shown in Fig. 5. The two left columns show resultsising a single
input image synthesized with the Grace Cathedral environmeat. The recovered
bivariate BRDFs are compared to the (3D) ground truth by synt hesizing images
in another setting (St. Peter's Basilica). Close inspectiom reveals very little no-
ticeable di erence between the two images, and the recoveteBRDF is visually
quite accurate. There are numerical di erences, however, ad these have been
scaled by 100 for visualization. Note that some of this erroiis simply due to the
bivariate approximation (see Fig. 6). The next two columns smilarly show the
recovery of the yellow-matte-plastic and green-acrylic méerials, this time using
the Cafe environment and the St. Peter's Basilica environmaet (alternately) for
input and comparison to ground truth.

In addition to these visual comparisons, we can also evaluatthe recovered
BRDFs quantitatively using scatter plots and RMS errors. The top of Fig. 6
shows incident-plane scatter plots for the red channels ofttree recovered BRDFs
from Fig. 5, as well as the recovered colonial-maple BRDF frm Fig. 1. While
the scatter plots reveal clear deviations from ground truth, they suggest that the
approach provides reasonable approximations for a varietyof materials. This is
true even though just a single image is used as inputjmany fewer than the 300
images that were used to collect the original data [14].

The bottom of the gure displays relative RMS errors for these four recov-
ered BRDFs along with corresponding results for all materids in the BRDF
database. Shown is the accuracy (Eq. 1) of the bivariate BRDFfor each ma-
terial as estimated from one input image. This is done twice| once each using
the Grace Cathedral and St. Peter's environments|and the cu rves are superim-
posed on the graph from Fig. 3, which shows the accuracy of theground truth’
bivariate reduction. (Note that the materials have been re-sorted for display pur-
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Fig. 6. Quantitative evaluation with MERL BRDF data.  Top: Incident plane scatter-
plots for the four materials in Fig. 5, each showing: origina | 3D BRDF ( blue); “ground
truth' bivariate BRDF ( green); and BRDF recovered from one input image ( red). Bot-
tom: Relative RMS BRDF errors for all materials in the MERL datab ase when each is
recovered using a single image under the Grace Cathedral or $. Peter's environments.
Vertical red lines match the scatterplots above.

poses). The discrepancy between the results for the two di eent environments
is expected in light of the discussion from Sect. 3.1. To fuher emphasize this
environment-dependence, Fig. 7 compares estimates of yell-matte-plastic us-
ing two di erent input images. The U zi Gallery environment (top left) does

not provide strong observations of grazing angle e ects, sdhis portion of the

BRDF is not accurately estimated. This leads to noticeable atifacts near grazing
angles when the recovered BRDF is used for rendering, and ifsiclearly visible
in a scatter plot. When the Cafe environment is used as input,however, more
accurate behavior near grazing angles is obtained.

4.1 Captured Data

The procedure outlined above was applied without change to aptured data.
Figure 8 shows the results for a number of materials. As befa, each BRDF is
recovered from a single input image (left), and the recoveré BRDFs are used to
render synthetic images of the same object from a novel viewgint. The synthetic
images are directly compared to real images captured in thessne novel positions.
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Fig. 7. Dependence on environment used for capture. An input image under the U zi
Gallery environment ( top left) does not contain strong observations of grazing angle
e ects, and as a result, the recovered BRDF is inaccurate. This is visible in a scatter
plot ( bottom right, black curves) and causes noticeable artifacts when used torender in
a novel setting. If a di erent environment is used as input ( bottom left) these artifacts
are largely avoided.

Captured data contains at least three signi cant sources ofnoise in addi-
tion to what exists in the rendered data above: 1) errors in the assumed surface
geometry; 2) surface mesostructure (e.g., the green sphereand 3) spatial re-
ectance variations (e.g., the grey sphere). Presently, stface shape is computed
by assuming the camera to be orthographic and estimating theenter and radius
of the sphere in the camera's coordinate system. Errors in tis process, coupled
with errors in the alignment with the illumination probe, le ad to structured
measurement noise. Despite this, our results suggest thatlpusible BRDFs can
be recovered for a diversity of materials.

5 Discussion

This paper presents a technique for “light-weight' re ectometry that eliminates
the need for active illumination and requires minimal infrastructure for acqui-
sition. This is enabled by reducing the domain of isotropic k-directional re-
ectance functions from three dimensions to two. We providean empirical eval-
uation of this reduced representation that compliments reent work [2].

The proposed approach has clear advantages over existingvarse rendering
techniques that recover re ectance from 2D images using deonvolution or low-
parameter BRDF models. These existing methods recover re etance functions
that are one-dimensional (radially-symmetric) or zero-dimensional (parametric),
respectively. In contrast, the method presented here recars a two-dimensional
re ectance function, and thereby matches the dimension of he output with that
of the input. For this reason, it can be applied to a much broacer class of surfaces.

One of the important things we give up in exchange for generdty is the
intuition provided by the convolution framework. It becomes di cult to char-
acterize the necessary conditions for adequate illuminatin, and this suggests a
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Fig. 8. Results using captured data. A BRDF is estimated from a singl e input image
(top) under a known environment. This recovered BRDF is used to re nder a synthetic
image for novel view within the same environment ( middle). An actual image for the
same novel position is shown for comparison (ottom). Despite the existence of non-
idealities such as surface mesostructure and spatial inhonogeneity, plausible BRDFs
are recovered.

direction for future work. In particular, it may be possible to clarify the role that
“environment foldings' (Fig. 4) play in reducing redundangy in L and “enhancing
the adequacy' of an environment.

There are a number of additional directions for future work. We presented one
of many possible regularization schemes, and it is possibkbat others are more
suitable. In exploring this possibility, one must be wary of “over tting' existing
BRDF databases, since these may provide descriptions of opla fraction of the
world's interesting materials. We have largely avoided ths in our approach, but
even so, we expect our method to be less successful for highigtro-re ective
surfaces, which are not well represented in the MERL databas.

Our focus in this work is the recovery ofgeneral re ectance functions, mean-
ing those that are not necessarily well-represented by lovparameter models and
those that are not radially-symmetric. For this reason, we ©nsidered the case
in which the surface is homogeneous, its shape is known, andhé illumination
environment is also known. Relaxing these conditions is pdraps the most inter-
esting direction for future work, and it is quite likely that the tools presented
here will prove useful elsewhere (see [17] for a reconstrich application).

In this vein, the proposed framework provides an opportuniy to explore the
joint recovery of re ectance and illumination (f and L in Eqg. 6), or at least
the recovery of re ectance when lighting is unknown. Using air framework, this
essentially becomes a blind de-convolution problem. It is pssible that this line of
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research may eventually yield computational systems that en match the human
ability to infer re ectance in uncontrolled conditions [1] .
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