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Abstract

Inverse rendering problems usually represent extremely complex and costly processes, but their importance in
many research areas is well known. In particular, they are of extreme importance in lighting engineering, where
potentially costly mistakes usually make it unfeasible to test design decisions on a model. In this survey we present
the main ideas behind these kinds of problems, characterize them, and summarize work developed in the area,
revealing problems that remain unsolved and possible areas of further research.
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1. Introduction

Inverse problems are usually of an extreme complexity
and are emerging as an important research topic for the
graphics community due to their interest in a wide range
of fields including lighting engineering and lighting design.
Although progress in rendering to date has mainly focused
on improving the accuracy of the physical simulation
of light transport and developing algorithms with better
performance, some attention has been paid to the problems
related to inverse analysis, leading recently to interesting
results.

In computer graphics this sort of problem is not
completely new: the problem of inverse kinematics has been
widely applied for animation [61], and an excellent survey
on inverse placement of cameras, curves and objects for
animation can be found in [27] with references therein.

We can say that inverse problems infer parameters of
a system from observed or desired data which define
their behavior, in contrast to direct problems which, given
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all the parameters, simulate the effects. Traditional direct
problems in lighting involve the computation of the radiance
distribution in an a priori, completely known environment
(geometry and materials). These problems can be proven to
be well posed [23]. The inverse rendering problems lack at
least one of the Hadamard [19] criteria for being well posed:
the solution does not depend continuously on the data, which
means that small errors in measurements may cause large
errors in the solution (see [23]).

Inverse lighting problems refer to all the problems where,
as opposed to what happens with traditional direct lighting
problems, several aspects of the scene are unknown. One
common characteristic of this kind of problem is that,
in general, we know in advance the desired illumination
at some surfaces of the scene (their final appearance).
Therefore, the algorithm has to work backwards to establish
the missing parameters. Such a tool is of extreme importance
in lighting engineering, and animators and lighting experts
for the film industry would also benefit highly from it.
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Inverse illumination problems are intimately related to the
computer vision field. The specific problems investigated
include shape from shading [20], direction of the luminary
from images and identifying surface characteristics from an
image or a sequence of images. Fortunately, in a computer
graphics system the viewing parameters and the exact scene
geometry (or at least part of it) are known and therefore
many problems become easier to solve. Our situation also
differs from the one in computer vision in that we want
the user to control the illumination on a surface. As such,
we expect the user to provide options and feedback into the
system and thus solve ambiguities when they arise. Thus, the
aim of this paper is leaning towards the Computer Graphics
field, but the interested reader is referred elsewhere [20] for
related developments in the Computer Vision field.

The paper is organized as follows: in Section 2 the
theoretical background is given and a classification based on
the rendering equation is presented. Next, in Section 3 the
approaches developed for each possible problem, according
to the previous classification, are explained, characterized
and analyzed. In Section 6 the conclusions and open lines
of research are presented.

2. Theoretical Background

Global illumination is related to transport theory and can
be viewed as a special case of it [8, 56]. The behavior of
transported light is characterized by the properties of the
particles (photons) when traversing the environment. Global
illumination’s most fundamental magnitude is radiance
L(r, w) which is defined as the power radiated at a given
point r in a given direction w per unit of projected area
perpendicular to that direction per unit solid angle for a given
frequency (Watt m~2 s,

The boundary conditions of the integral form of the
transport equation are expressed as

L(r,w) = Le(r, ) +/ fr(r, o, w;)L(r, w;) cos Odw;
S;
(D

for points r in surfaces, being f; the bidirectional reflection
(and/or transmission) distribution function (BRDF), 6 the
angle between the surface normal at r and o, S; the
hemisphere of incoming directions with respect to r and w;
an incoming direction.

This classical governing equation can be concisely ex-
pressed as a linear operator equation [1, 2]. First, define the
local reflection operator K by

(Rh)(r,w) = /S k(r; 0 — w)h(r, o )du(w)

which accounts for the scattering of incident radiant energy.
Here £ is a field radiance function, corresponding to all

incident light. The K operator maps the incident light
distribution onto the corresponding exiting light distribution
that results from one local reflection.

Next, we can define the field radiance operator G, that
transforms an exiting light distribution into the incident
light distribution that results from surfaces illuminating one
another:

_ | h(p(r; —»), w) when v(r, w) < 00

Gh r,w) =
(Gh)( ) 0 otherwise

where v(r,w) is the visible surface function and is
defined [2] as v(r,w) = inf{x > 0 r + xw €
Surfaces in the environment}.

Defining these operators we can factor out the implicit
function r(r, ) from the integral equation 1 and we may
write:

L=L.+KGL. )

Following the outlines in Stephen Marschner’s Ph.D.
thesis introduction [36], we can classify the different papers
on inverse lighting problems according to which of the
quantities of the above equation is unknown:

Direct problems are those which, given known values
for L, K and G, solve for L. But, if we have some
knowledge of L, we can pose different kinds of inverse
lighting problems.

If L, is unknown, and K R G and L or part of it, are known,
we have a problem of inverse lighting: given a photograph or
any other information that covers part of L, and a complete
model of the scene (12 and é), find the emittances (L) of
the luminaries illuminating the scene.

If K is unknown, and é, L, and part of L are known,
we must solve for information about K. This problem can,
in general, be called inverse reflectometry, and a particular
case is the one called image-based reflectometry in [36],
where images are used as input to the information about L.
As described there, since K includes information about the
variance of the reflectance both spatially and directionally,
this can be a very difficult problem since it can be a very
complex function. Depending on the constraints imposed on
the problem, we can subdivide it into the inverse texture
measurement (constraints on the directional variation), or the
inverse BRDF measurement (spatial uniformity is assumed).
In Table 1 we present the different papers surveyed in our
work classified according to this scheme.

Finally, if G is unknown, we have an inverse geometry
problem. For an in-depth survey on those problems, refer to
[46].

Equation (1) can be regarded in a signal processing
framework [51] under the restrictions of distant illumination,
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Table 1: Papers reviewed in this work, classified according to
equation 2.

[52], [37], [361. [71, [55], [35]
[23],[14], [12], [32], [15], [38] [40],
[511, [59].[581.[57] [42],[47],[18]

Inyerse Reflectometry  [9], [3], [14], [12], [62], [32], [31],
(K) [26], [28], [44], [41], [13], [34],
[45, 43], [36, 391, [54], [60], [10], [63],
[36], [51]

[29], [51], [58], [59]

Inverse Lighting (L)

Combined Problems
(Le and K)

no inter-reflections, isotropic BRDFs and known geometry
and camera parameters. So, the reflected light field integral is
regarded as the convolution of two signals: the bidirectional
reflectance function and the incident lighting; i.e. by filtering
the illumination using the BRDF. Inverse rendering can
simply be viewed as a deconvolution of the two signals.
This framework [51] let the authors conclude that BRDF
recovery is well conditioned (in a mathematical sense) when
lighting contains high frequencies (e.g., directional sources)
and is ill-conditioned for soft lighting. Alternatively, inverse
lighting is well conditioned for BRDFs with high-frequency
components (specular peaks) and ill-conditioned for diffuse
surfaces.

Another factor to take into account is whether the different
papers treat the full global illumination equation, Equation
(2), or a simpler local-illumination version based on a
simplification of the illuminating equation, considering only
point light sources and without considering inter-reflections.
It is also important to mention the treatment of visibility
in the different approaches reviewed: when computing the
radiance with the above equations, the visibility problem
consists of detecting if there are any blockers between the
source and the surface being illuminated, and not adding
their contribution in that case. The same is true for the
paths from the surface to the eye or the region where
the final radiance computations are needed. Most of the
reviewed papers omit this treatment, arriving at solutions not
applicable in real-life situations.

Other kinds of methods are based on a treatment of
the problem in its global form, considering the inter-
reflections of light on the whole scene, that is, in the
context of global illumination. Most of them work with some
kind of projection space where they project the solution,
transforming the integro-differential problem of computing
the illumination into a matricial one.

Radiosity
Distribution

Q>

Figure 1: Diagram of Inverse Lighting Problems, where
the problem is to characterize the illumination (Le) on a
scene, either by finding the emissivities of already positioned
sources, or by finding their locations in the scene

Table 2: Classification of inverse lighting problems according to
whether they compute surface emittances or light source position-
ing. Also, the different works can be organized with respect to the
treatment they give to Equation (1): general, radiosity, Monte Carlo
and local.

Emittances Positioning
General [521,1371, [36] [71, [55], [35]
Radiosity [23], [14], [12], [32], [15], [38]
Monte Carlo  [40]
Local [51], [591, [58], [57] [42],[47], [18]

3. Inverse Lighting Problems (ILP)

The inverse lighting problems are those problems where the
unknown is the lighting of the scene (see figure 1 where a
very simple scene is depicted with an unknown light source).
These problems can be further classified into problems of
inverse emittances and inverse light positioning. In the for-
mer the unknowns are the emittances of a given subset of
surfaces of the scene. In the second the problem is to find
the locations of the light sources (or luminaries) in order
to achieve a desired illumination. Another possible classi-
fication of ILP problems naturally arises when considering
the treatment each one gives to Equation (1), where the dif-
ferent approaches could be posed in a way such that any
lighting algorithm would fit it. These are the classical F.E.
radiosity setting (with BRDFs and radiance constant all over
each patch surface), an inverse Monte Carlo framework or
even by posing them as local illumination problems. Table 2
presents a classification of inverse lighting problems papers
according to these two criteria.
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3.1. Emittance Problem (EP)

As stated above, these problems deal with obtaining the
emittance of a subset of the patches, the light sources. The
different works dealing with this type of problem can be
grouped according to the restrictions they introduce to solve
to Equation (1) in the following classes:

e General formulations. We consider n distinct light
sources illuminating a scene, each of them being
characterized by a function ®;, which represents the
isolated contribution of the i-th light source, with unit
intensity, on the environment. Thus, we could describe
the illumination in a scene by a linear combination
of the form: & = % u;®;, where u; is the non-
negative weight of the i-th light on the environment. By
assuming a linear relationship )% with some measured
intensity values « j in the scene or in a screen, we arrive
at an expression of the form

n
o) =RNP) = Zuim(cbi) 3)
1

which can be regarded as a typical least squares
problem. As we can see, the problem formulated this
way is rendering independent, since any approximation
for Equation (1) can be used without changing the
formulation.

e Radiosity-based formulations. Here the general prob-
lem is reduced to a radiosity setting by making the fol-
lowing approximation to Equation (1): a purely diffuse
BRDF for the surfaces (patches), that is constant all over
each one. In this case, Equation (1) is reduced to the
form:

Bi =Le;+pi y_ FijB, “
J

where B; is the i-th patch radiosity, Le; its emittance, p;
its reflectivity (diffuse BRDF) and Fj; is the form factor
from element i to element j. From there, re-writing
it in the form of Equation (3) is trivial, as shown in
Section 3.1.2. In general, in those problems the patches
can be grouped according to whether their radiosities B;
and their emittances E; are known or not, resulting in
a system of equations with some E; and some B; as
unknowns.

e Monte Carlo formulations. An Inverse Monte Carlo
method is proposed and proceeds by firing a set of rays
from the surfaces with known properties towards points
on surfaces with unknown properties, and gathering
illumination information from surfaces of the first type
to the surfaces of the second type.

e Local Illumination formulations. A simple local
illumination model is used instead of a global one. So,
Equation (1) is actually not used.

Marschner and Greenberg [37,36] studied the ill-
conditioning of the inverse lighting problem in the case
of diffuse surfaces, and later Ramamoorthi and Hanrahan
[51] presented a signal-processing framework for inverse
rendering, showing that inverse lighting is well conditioned
only when the BFDR has high-frequency components
(sharp specularities), and is ill-conditioned for diffuse
surfaces. They show that, for the special case of a mirror
BRDF, the lighting coefficients of a spherical harmonics
decomposition of the Lighting correspond in a very direct
way to the reflected light field, thus being a well conditioned
inverse problem. Instead, for Lambertian objects the
lighting recovery is ill-conditioned for frequencies above
the second order in a spherical harmonics decomposition
(low frequencies). For Phong BRDFs, it is shown that
inverse lighting calculations are well conditioned only up
to order of the square root of the shininess, while for the
Torrance—Sparrow micro-facet model it is well conditioned
only for frequencies up to order of the inverse of the
roughness.

3.1.1. General EP

One of the first approaches to the emittance problem
was by Chris Schoeneman et al. [52], where the user
defines the light features by “spraying” color onto surfaces.
Later, Stephen Marschner and Donald Greenberg [37, 36]
presented their re-lighting system, which, from a photograph
and a 3D surface model of the object pictured (and a
model of the camera used to take the picture), estimates
the directional distribution of the incident light. In the first
case, a modified Gauss-Seidel iteration was implemented to
solve Equation (3), in a way such that, at each iteration, the
negative values for the weights (light intensities) are clipped
to zero. In this technique, the “sprayed” colors are the «;. As
mentioned above, the system is ill-conditioned if the BRDF
used is too diffuse, so the authors decided to add a first order
linear regularization, and to use a generalized singular value
decomposition (SVD) to allow the regularization parameter
to be adjusted interactively. Here, the «; are the observed
pixel values on the photographs.

In the case of Schoeneman efal., interactivity was
achieved by accounting only for direct illumination in their
final implementation, but the method is independent of the
illumination algorithm used. Marschner and Greenberg’s
approach has the advantage of using a photograph as
objective, rather than manually user-defined objectives, and
of using a generic, scene-independent set of basis light
sources. Unfortunately, this leads to a system which is
more ill-conditioned than the system that comes from a
set of focused light sources, thus requiring a regularization
procedure.

© The Eurographics Association and Blackwell Publishing Ltd 2003
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3.1.2. Radiosity-based EP

The formulations presented in this subsection are closely
based on the radiosity approximations of Equation (1):
assuming a purely diffuse BRDF for the surfaces (patches),
and assuming it is constant all over them. In this case,
Equation (1) reduces to the known

Bi = Lei +,OiZFiij
J

where B; is the i-th patch radiosity, E; its emittance, p;
its reflectivity (diffuse BRDF) and Fj; is the form factor
from element i to element j. Re-writing this equation in
the form of Equation (3) can be done trivially by defining
a matrix M;; = &;; — p; Fjj which allows us to write

—1
B; = Zj LejMij .

A remarkable work with these sorts of inverse problems
was developed by Harutunian et al. [23], done in the context
of radiative heat transfer. The authors observed that the
resulting set of equations for the inverse problem is ill-
conditioned, and thus the need to resort to the Modified
Truncated SVD [25] (MTSVD) matrix inversion method to
compute Le;. Working with the same approach (linearizing
the system to solve it and MTSVD or TSVD to invert it due
to its ill-conditioning), Franca et al. [15] and Morales et al.
[38] solved the inverse problem of source emissivities, this
time in the presence of participating media. In the latter two
cases, the problem requires the introduction of a system of
equations resulting from the discretization of the medium
into volume elements in order to solve the corresponding
partial differential equations (PDE).

Computer Augmented Reality enables users to mix real
and virtual worlds. As such, it requires the precise char-
acterization of the geometry, source-emittances and surface
reflectances of the real scene through a given set of pho-
tographs. To compute these emittances, Fournier, Gunawan
and Romanzin [14] also base their formulation on the ra-
diosity approximation, directly fitting the element emissions
to the observed values («;). Drettakis, Robert and Boug-
noux [12] improved the work of Fournier et al. by setting up
a hierarchical radiosity system. Loscos et al. [32] approxi-
mately reconstructed real scene geometry from photographs
taken from several different viewpoints. There, indirect illu-
mination is computed with a hierarchical radiosity system as
before, while the direct component is calculated separately
using ray-casting on a per pixel basis.

3.1.3. Inverse Monte Carlo EP

As is well known, radiative heat transfer problems are equiv-
alent to lighting problems. We summarize here an interesting
work on inverse radiative heat transfer, finding the tempera-
tures of emitting surfaces, carried out by Masahito Oguma
and John Howell [40]. The authors developed an Inverse

Monte Carlo method. In this paper, surfaces are perfect lam-
bertian reflectors, although the generalization to more gen-
eral BRDFs seems straightforward. The method starts by
letting users choose a set of points (calculation points) on
the surfaces where they are interested in finding the tem-
perature (light) distribution. Then, it randomly chooses a set
of points at the surfaces with completely known properties,
and for each of those points casts a given number N; of rays.
Although never stated explicitly in the paper, the points seem
to be chosen following a uniform distribution, and the rays
are fired by subdividing the hemisphere of directions above
each surface point in Ny equal intervals, and firing one ray
for each interval. These rays fly to points at the surfaces
with unknown temperature (emittance). For each ray, the
algorithm finds the expected energy it should carry. When
enough rays have arrived, each calculation point on an “un-
known” surface is assigned a temperature that is a weighted-
sum of the temperatures of the rays. The weights are a set of
position-related coefficients, because the exiting point of the
incident intensity is often not a calculation point. Finally,
the whole process is iterated until the radiance distribution
on “known” surfaces led by the calculated temperature dis-
tribution of “unknown” surfaces satisfies the required heat
flux distribution of “known” surfaces within a user-provided
threshold.

3.1.4. Local Illumination EP

Based on the features presented in the introduction of
Section 3.1, Ramamoorthi and Hanrahan [51] proposed an
algorithm that only recovers frequencies below a cutoff
of the order of the inverse of the roughness. Thus, two
possible ways are shown: solving a linear least-squares
system for the lighting coefficients like Equation (3), or
subtracting the diffuse component and using the resulting
mirror-like object to recover a high-resolution angular-space
version of the illumination. In the second case, a two-step
process is presented, where the first phase estimates the
diffuse components of the reflected field from the estimated
illumination frequency parameters, and the second phase
does it the other way round to achieve sharper results.

Sato et al. [59] use the radiance information inside
shadows to estimate the illumination distribution of a scene
as a collection of imaginary point light sources uniformly
distributed over the scene. To do this, it is necessary for the
BRDF to be Lambertian, and to solve a system like Equation
(3). This work was later improved by the authors [58], see
section 5, but the introduction of regularization using user-
weighted penalty terms was required in both works, and
the computational complexity limited the formulations to
a coarse discretization of the sphere. Instead, the method
proposed by Ramamoorthi and Hanrahan [51] required
no explicit regularization and yielded results with better
sharpness and overall quality than the approaches of Sato
et al. On the other hand, the methods proposed by Sato et al.
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are easier to extend to concave surfaces. Finally, Sato ef al.
[57] proposed the use of two omni-directional stereo images
to construct a geometric model of the scene: extracting
common feature points, generating a triangular mesh and
finally mapping the radiance over the mesh. The radiance of
the whole scene was constructed from a sequence of omni-
directional high dynamic range radiance images [11] and
mapped onto the constructed geometric model.

3.2. Light Source Positioning Problem (LSPP)

In this subsection we review the papers which perform com-
putations on the position and orientation of light sources. As
mentioned above, these works can also be classified accord-
ing to the treatment they give to Equation (1).

e General formulations. These methods try to find lu-
minary locations and/or orientations without relying on
any particular illumination algorithm. In general, the lu-
minary position/orientation is chosen as an optimizable
variable of a certain objective function, which, in turn,
is optimized with a problem-independent optimization
algorithm like Stimulated Annealing [49, 48].

e Radiosity-based formulations. Problems which try
to locate light sources in the context of the classic
radiosity approximation have not been presented yet,
but we believe this is possible. Unfortunately, this
case corresponds to purely diffuse BRDFs, which show
themselves as producers of a severe ill-conditioning
in lighting-characterization problems [50]. The overall
method would assume small polygonal emitters and
use the knowledge of the illumination they produce to
compute their form factors (£;; in Equation (4)). From
this knowledge we should find the desired vertices as
degrees of freedom of an optimization problem.

e Monte Carlo formulations. Although, to the best of
our knowledge there are no works using this kind of
formulation, we believe that this is a feasible approach,
too. By firing rays from the illumination-constrained
areas of the scene, it is possible to gather information
and qualify areas in the scene space which may contain
the sources, and by further refinement, either automatic
or interactive, finding their exact location within a
certain threshold.

e Local illumination formulations. These formulations
are based on the simplification of Equation (1) to take
into account only local illumination, and using the
observation of this local illumination (highlights and
shadows) to position the corresponding light sources.
Thus, instead of Equation (1), we could introduce the
expression for a point light source [8],

L(r,w) = Le(r, w)—i—ﬁf,(r, w, wy) cos Oydw;
— Iy

7T |r

where 6; is the angle between the normal and the light
source direction. When using shadow information for
positioning the light sources, points on the shadow
boundary must be determined and joined to their
corresponding blocking silhouette in order to get a
reliable direction. When enough pairs are defined, a
least squares procedure can be performed. On the other
hand, when using highlights for source locations, points
on the desired highlight maximum and its boundary
(defined to be the line where the highlight falls below a
given threshold) must be given. This procedure strongly
depends on the BRDF chosen, in general a simple
Phong [5] formula.

3.2.1. General LSPP Formulations

Costa et al. [7] implemented an automatic method to
search for the best placement of luminaries, as well as their
relative intensities. The method implements a preprocessing
step where the user-defined requirements (called inverse
luminaries, IL) are considered as sources of unit importance,
which propagate through the environment as the dual of
radiance [17]. This allows using any global illumination
engine to run the simulation backwards, from the Inverse
Luminaries to a user-defined set of surfaces where the
importance distribution is computed. Basically, what is
presented is a validating preprocess step which tries to
find incompatibilities between design goals and already
placed design elements (light sources), followed by a
calculation step which attempts to find the best placement
and orientation for the light sources by optimizing a
user-defined objective function. The minimization of
the objective function is performed with the Simulated
Annealing algorithm [49, 48]. The objective function
is given to the system by means of a script language
specially developed, which allows the specialized user
to define the lighting goals to achieve (positive ILs),
the illumination constraints to avoid (negative ILs, like
having too much glare into a virtual character’s face), and
the geometric constraints the user might impose on the
location or direction of the sources. Although this method
of scripting the design goals seems very promising, a higher
abstraction level should be achieved in order to allow the
non-programming-skilled designers to be able to use the
presented tools.

Instead, Shacked and Lichinski [55] presented an
approach to lighting design based on the optimization of
an objective function which is a perception-based image
quality function. This function was designed to yield
compressible images of 3D scenes, trying to effectively
communicate information about shapes, materials and
spatial relationships. Their current implementation was
based in an OpenGL rendering engine and a local steepest
descent optimization scheme, although the authors stated
that local minima were found to be quite satisfactory if

© The Eurographics Association and Blackwell Publishing Ltd 2003



G. Patow and X. Pueyo / Inverse Rendering Problems 669

initial values were chosen wisely [53]. The main difference
with [7] is the choice of the perception-based optimization
function, as well as the use of a local optimization method
vs. the global algorithm used before.

An entirely different approach for exploring the space of
lighting designs was presented by Marks et al. [35]. In a
framework named Design Galleries, they try to optimally
disperse the space of solution images in terms of perceptual
quality, and allow the user to browse and combine them to
achieve a desired solution.This is clearly not an automatic
process, since user input is required.

3.2.2. Local Illumination LSPP Formulations

One of the first works on inverse problems in the context of
local illumination was done by Poulin and Fournier, [42].
They proposed using the highlights and shadows on the
scene’s objects in the modeling of the light sources. In
the case of highlights, the authors considered the specular
term of Phong [5] shading as expressed by Blinn [4]. By
letting the user manually point at the desired maximum
intensity of this highlight, they were able to analytically
optimize this expression and determine the light direction.
By determining another point on the surface, the user
specifies where the specular term reaches a fixed threshold,
and thus the roughness exponent can be computed. The use
of further restrictions, like the light being on a given plane,
is suggested for other cases. Observe that this method gives
only directional light sources, that is, point light sources
at infinity. For a general point light source, the shadow
volume [16] generated by it must be used [45]. In order
to specify the direction of a directional light one simply
chooses two arbitrary distinct points in the scene, the second
being along the shadow cast by the first one. For extended
linear or polygonal (planar) light sources, new point light
sources that define the vertices of the light source are needed.
For general extended light sources a divide and conquer
strategy was presented: if both the light and the object being
shaded are divided into convex elements, the whole shadow
is the union in 3D of all the shadow convex hulls.

Poulin, Ratib, and Jacques [47] find the position of point
light sources by sketches of shadows or highlights, and
extended light sources are positioned by sketches of umbra
or penumbra. The user introduces the sketches as continuous
strokes of points that are immediately transformed to 3D
[22], where the sketched points are considered to be all
enclosed by the real shadow of the object, and similarly
for a highlight. The method starts by considering each point
forming the sketch of the shadow and defining for it the cone
of possible positions for the light (Figure 2). The volume
where the light can be is the intersection of all these cones:
if the volume is infinite, a directional light is computed;
otherwise a point light is used. The problem is presented
as a constrained optimization problem by defining as an
objective function the distance between the sketched points

Valid positiong
for light sourcg

Sketched poin

Figure 2: Elements for the computation of the position of a
light source from a sketch of a shadow.

and the light source, and maximizing it. The constraints
defined are that the point light source must lie inside all
cones, that the light must stay on the same side as the normal
vector at the sketched point, and that the light position is
on the right side of the half-cone for this sketched point,
oriented along the axis that joins this point and the center
of the occluder. The initial position for the solver is chosen
as a small distance above the occluder surface aligned with
the center of mass of the sketched points. For extended light
sources, the user sketches the umbra or penumbra, relaxing
the inclusion condition to force all points to lie within
all cones simultaneously in the case of umbras, and for
penumbras the condition is that at least one point of the light
must belong to each cone (a test that the intersection of the
cone and the light is not null must be made). When sketching
highlights, a point on a surface is considered within a
highlight if the evaluation of Phong specular function at this
point is higher than a certain threshold t. It could be that
the cones do not intersect at all, due to the curvature of
the surface. Then, the roughness coefficient n (the exponent
in Phong specular term) is lowered, broadening the cone,
until an intersection is possible. The main difference with the
previously mentioned research [42] is that the input method,
sketching shadows and highlights, is far superior in terms
of user interaction and greatly improves upon the design of
simple illumination in a computer graphics scene.

A different approach was taken by Guillou [18], who de-
veloped a local illumination-based method to determine the
position of n light sources. His method starts by comput-
ing m directional light sources from user-defined regions
of a known, purely diffuse scene. Then, these m directional
sources are grouped into sets and each set is used to estimate
the position of a point light source by trying to optimize
an intersection point from the directions of the distant light
sources. Finally, the light position and photometric parame-
ters are found by minimizing (Levenberg—Marquardt numer-
ical minimization method) a least squares error, using the
previous estimations as a starting point. As can be seen, this
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method is strongly local-illumination-based, since it relies
on an estimation step that closely follows this assumption.
Also, this distant light estimation step can only serve as a
reference as long as the user-defined regions are cleverly
chosen, since it does not take into account the superposition
of illumination from the different sources at the points where
the estimations are computed. With respect to the previous
works mentioned, it has the clear advantage of working si-
multaneously with n point light sources in a diffuse environ-
ment.

3.3. Conclusions on ILP

Analyzing the problems concerning EP (Subsection 3.1) we
see that:

e Most of the papers deal with perfectly diffuse BRDFs.
The more relevant exceptions to this rule are [52], [37],
[36] and [51], that deal with linear combinations of
photographs and present algorithms that are independent
of the BRDF used because they only depend on the
obtained image, not on the method to compute it.
([51] assumes a local illumination model to deconvolute
illumination from the known BRDF.)

e The assumption that the BRDF is constant on the
patch surface is found in most of the papers, too. The
exceptions to this rule are [40] and [52], [37], [36],
mainly because the first paper presents an algorithm that
samples on the surfaces pointwise and the others are
BRDF independent.

e Only Franca et al. [15] and Morales et al. [38] solved the
inverse problem of source emissivities in the presence
of participating media. The rest of the reviewed works
only deal with non-participating media. It is important
to note the added cost: in this case, the problem requires
the introduction of a system of equations resulting from
the discretization into volume elements of the medium
in order to solve the corresponding PDE.

e Among the reviewed papers, only [52], [37], [36]
and [29] present viewing-dependent goals, especially
the first three because they deal with input given by
photographs, while the last one can also be used with
view-independent goals.

e It is also important to point out that, although the
method proposed by Schoeneman et al. [52] achieved
interactivity by accounting only for direct illumination
in their final implementation, it is independent of
the illumination algorithm used. The same happens
with Marschner and Greenberg’s approach [37, 36],
which has the advantage of using a photograph as
objective, rather than manually user-defined objectives
as before, and of using a generic scene-independent
set of basis light sources. Unfortunately, this leads to a
more ill-conditioned system than the system that comes

from a set of focused light sources, thus requiring a
regularization procedure.

e Sato er al. [59,58] required the introduction of
regularization using user-weighted penalty terms, and
the computational complexity limited their formulations
to a coarse discretization of the sphere. Instead, the
method proposed by Ramamoorthi and Hanrahan
[51] required no explicit regularization and yielded
results with better sharpness and overall quality than
the approaches of Sato et al. On the other hand, the
methods proposed by Sato ef al. are easier to extend to
concave surfaces.

With respect to LSPP (Subsection 3.2), it is very evident
that two ways of attacking this problem, that is radiosity-
based formulations and Monte Carlo formulations, have
not been studied in the literature. Nevertheless, in our
opinion, these ways are feasible in spite of the possible
ill-conditioning they might present (which would surely
be alleviated by the use of some sort of regularization
procedure).

In the reviewed articles we can also notice that:

e It is remarkable that [7], [55] and [35] are the only
global illumination-based approaches among all the
reviewed papers for this kind of problem. Contrary to
what happens in inverse reflectometry problems, all
studied approaches rely on some sort of optimization
procedure to achieve their results. This is so because of
the high complexity of the problem faced, since finding
absolute locations of light sources or types (and other
characteristics) of luminaries involves using indirectly
measured information. The choice of the optimization
method is, to our knowledge, quite arbitrary and the
papers present several different approaches to this point.
It is clear that the best optimization method to use is still
an open research area.

e Although the method by Costa et al. [7] for scripting
the design of goals seems very promising, a higher
abstraction level should be achieved in order to allow
the non-programming-skilled designers to be able to use
the presented tools.

e On the other hand, the main difference between Shacked
and Lichinski [55] and Costa et al. [7] is the choice in the
first case of the perception-based optimization function,
as well as the usage of a local optimization method vs.
the global algorithm used before.

e  With respect to the work done by Marks er al. [35], it
can be clearly seen that this process does not involve an
automatic optimization at all, the user being responsible
for all the decisions towards the final result.

e The main difference of the work done by Poulin, Ratib
and Jacques [47] with the work by Pouin and Fournier
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Table 3: Classification of inverse reflectometry problems organized
with respect the treatment they give to Equation (1): general,
radiosity, Monte Carlo and local.

General [9], [3]

Radiosity [14], [12], [62], [32], [31]
Texture-based [26], [28], [44], [41], [13], [34]

Local Angular-based [45, 43], [36, 39], [54], [60], [10]
General [63], [36], [51]

[42] is that the input method, sketching shadows and
highlights, is far superior in terms of user interaction and
greatly improves upon the design of simple illumination
in a computer graphics scene.

e Finally, for Guillou [18] we can say that it has the
clear advantage of working simultaneously with n point
light sources in a diffuse environment, whilst the other
methods presented in the same subsection do not.

4. Inverse Reflectometry Problems (IRP)

Inverse reflectometry problems are those where K in equa-
tion 2 is unknown, and G, L, and part of L are known (Fig-
ure 3). Thus, we must solve for information about K. The
methods studied in this section can be classified according to
the illumination approach used. As above, this can be either
local-based, general global illumination, Monte Carlo-based
or radiosity-based, see Table 3.

e General formulations. These methods try to find
reflectance properties without relying on any particular
illumination algorithm.

e Radiosity-based formulations. As stated in section 3.1,
here the general problem is reduced to a radiosity setting
by making the following approximation to Equation (1):
a purely diffuse BRDF for the surfaces (patches), that is
constant all over each one. In this case, Equation (1) is
reduced to the form:

Bi =L€i + pi ZFiij
J

where B; is the i-th patch radiosity, Le; its emittance, p;
its reflectivity (diffuse BRDF) and Fj; is the form factor
from element i to element j. If we know B; and Le; for
every surface, and with form factors F;; known if the
geometry is known, finding the reflectances is reduced
to:

pi = (Bi — Lep)/ Y FijBj.
J

Figure 3: Diagram for inverse reflectometry problems.

The most common way of knowing B; and Le; is by
using an image of each surface taken by a camera, and
retrieving the information from there. But if we work
without an image for each surface, some heuristics must
be used. The most common approach is to start from
an initial estimate of the average reflectivity p* and
estimating the surface reflectance as
BF

* l *

p,':B—:Xp

where B;" is the average intensity of the pixels recovered
from the camera observation and B;“ is the ambient
radiosity defined as

> vy Px y

* Xy

B AT N p*

where the sum is performed over the x x y = N pixels of
the image with intensities pyy. The procedure is iterated
until some satisfactory threshold is achieved.

Monte Carlo formulations. To the best of our
knowledge, there is no research using this kind of
formulation, but we strongly believe that this is a
feasible and sensible approach: Simply fire rays from
the camera or the surfaces with known properties and
continue its path until hitting a surface with unknown
BRDF. Then, using the gathered information we
could estimate the reflectance parameters. Also, a
bidirectional approach could be used, given known
lighting conditions. In any case, it is clear that BRDF
recovery is feasible, but certainly will have to deal with
the inherent variance problems Monte Carlo methods
present, which can only get worse for an inverse
problem of this kind.

Local Illumination formulations. These formulations
are based on the simplification of Equation (1) to take
into account only local illumination, and using the
observation of this local illumination to obtain values
for the f, (BRDF) coefficients.
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Ramamoorthi and Hanrahan [51] have studied the inverse
reflectometry problem under a signal processing framework
and arrived at the conclusion that BRDF recovery is feasible
(well conditioned in the mathematical sense) when the
known lighting contains high frequencies like directional
sources, and is ill-conditioned for soft lighting.

4.1. General Global Illumination based IRP

Paul Debevec, in [9], introduces the concept of a light-based
model, a representation of a scene that consists of radiance
information, possibly with specific reference to light leaving
the surfaces, but not necessarily containing BRDF informa-
tion. He presents a method that uses the measured scene’s
radiances and global illumination in order to add new ob-
jects to light-based models with correct lighting. The light-
based model is constructed from an approximate geometric
model of the scene and by using a light probe to measure
the incident illumination at the location of the synthetic ob-
jects. To do that he divides the scene into three main re-
gions: the distant scene, represented with an environment
map; the local (or near) scene which is going to photomet-
rically interact with the synthetic objects and whose geom-
etry must be well known; and synthetic objects. To estimate
the local scene BRDF, he assumes a reflectance model (e.g.
diffuse, specular, ...) with approximate initial values, and
iteratively computes the global illumination solution for the
local scene with the current parameters with respect to the
observed lighting configurations. By comparing the appear-
ance of the rendered local scene to the actual appearance, he
decides whether to continue iterating with adjusted parame-
ters, or not. In the case of purely diffuse reflectors, the next
estimate of the reflectances is the ratio from the resulting
radiance to the observed value. Any other case is left as
future work, manually estimating the specular coefficients
for the non-diffuse objects in his test scenes.

Boivin and Gagalowicz developed [3] a reflectance re-
covery algorithm that starts with a pure Lambertian model
and successively tries more complex BRDF models until a
fit between the original image and its synthetic reproduc-
tion is achieved. For the simpler models (diffuse, perfect
and almost-perfect specular), an iterative correction is ap-
plied based on the object image to synthetic image ratio of
the previous iteration, while in more sophisticated models a
Simplex method is used. If the whole hierarchy of models
fails to provide a good fit, the method proceeds to a plain
texture extraction, using methods from any of the examples
in section 4.2. This method has the clear advantage over the
previous one of being able to work with non-diffuse BRDFs
without requiring a manual user intervention.

4.2. Radiosity-based IRP

Computer augmented reality also requires the computation
of reflectances from images. All research works have a

preprocess stage were the scene geometry is approximately
reconstructed with photogrammetric techniques. The
work from Fournier er al. [14], assumes reflectance is
constant across each patch and uses a heuristic method
that assigns each patch a reflectance that is an average
reflectivity multiplied by the ratio between the element
radiosity (computed as the average of all the visible pixels
it contains) and an average radiosity. Average values are
computed directly from the images, weighting the obtained
values with the respective areas of the patches. In [12],
textures of arbitrary resolution are extracted by de-warping
(extracting the textures from the images by reversing the
perspective-introduced distortion) the original image and
bringing it back to the plane of the previously built polygon.
Unfortunately, their method sacrifices the usage of dynamic
cameras and real scenes to gain speed, and the quality of the
obtained images is slightly degradated due to the use of a
polygon-projection method instead of ray tracing.

Yu et al. [62] have presented an inverse radiosity
method to account for mutual illumination in estimating
spatially varying diffuse and piecewise constant specular
properties within a room from a sparse set of photographs.
Their technique is based on the usage of a low-parameter
reflectance model (metals and plastics treated differently,
see below) allowing the diffuse component to vary freely
over surfaces while assuming non-diffuse characteristics
remain constant across particular regions. As input the
method receives a geometric model of the scene and a set
of calibrated, high dynamic range photographs [11] taken
with known direct illumination. The algorithm proceeds
by hierarchically partitioning the scene into a polygonal
mesh and, by using image-based rendering techniques, it
computes an estimate of both the radiance and irradiance
of each patch. Using the known geometry and light source
positions, it computes the estimate placement of the specular
highlights falling inside the radiance images, and runs
an iterative optimization procedure to recover the diffuse
and specular reflectance parameters of each region. These
results are used to update the hierarchical system. Then,
the estimation-update procedure for the BRDF parameters
is repeated. The iteration is performed several times to
obtain the final solution of the BRDFs for all surfaces.
Two different formulas are used for isotropic or anisotropic
BRDFs (Ward’s model), and it is suggested that metals be
treated differently from plastics: for plastics, they consider
the specular coefficient constant and the diffuse one variable,
while for metals they do the opposite. The selection between
both models was performed through a simple test: a metallic
surface has its specular reflectance larger than the estimated
diffuse component.

In [32] Loscos et al. a different approach for reflectance
recovery is presented: a set of images from a fixed viewpoint
but with controlled, varying illumination (no shadows) is
combined with confidence weight factors that represent the
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visibility with respect to the light source for each pixel in
the images. The resulting textures are de-warped as before.
Later, this was extended [31] and an algorithm for interac-
tive re-lighting was introduced, based on a preprocessing
step that reconstructs geometry and creates un-occluded il-
lumination textures (thus taking into account the effect of
shadows). Unfortunately, only diffuse surfaces can be con-
sidered. The creation of these un-occluded textures has two
steps: firstly they add the light that was blocked in a hier-
archical radiosity solution, and then a heuristic correction
is applied. This correction is computed by finding an ap-
propriate un-occluded reference patch which will give an
indication of the desired color, and computing a modulation
factor consisting of the ratio of form-factors of each patch to
the light source. In [30] this method was improved by adding
a low-cost photometric calibration method which improves
the reflectance estimate of real scenes. This was achieved
by adapting a high-dynamic range image creation to a low-
cost camera, and an iterative approach to correct reflectance
estimation using a radiosity algorithm for indirect light cal-
culation. Unlike previous work, it allows for a restricted set
of BRDFs (purely diffuse) to be recovered, but works with
the simplest capture process since it does not need user-
controlled specific lighting. Most important, this last piece
of research does not attempt to perform a reflectance estima-
tion, since it uses a simple texture modulation for display.
Also, when compared with the work by Yu ef al. [62], we
see that the last one is far from interactive, due basically to
the generality of the algorithm used for the light propagation
(despite the fact that their method is specifically tailored to
the radiosity setting), but has the advantage of handling any
viewpoint in the environment.

4.3. Local Illumination Based IRP

Although a BRDF is a function f;(r, w, w;) where r is a
point on a surface and @ and w; the outgoing and incoming
directions, for classification purposes it is convenient to
subdivide the different methods that attempt to recover f-
as texture-based, angular-based and general BRDF-based.
Texture-based are those that only consider spatial variations
in r disregarding angular variations and assuming a constant
angular behavior, generally purely Lambertian. Instead,
Angular-based methods consider the BRDF as a function of
w and w; only, disregarding spatial variations.

4.3.1. Texture-based BRDF Recovery

In 1991, Ikeuchi and Sato [26], using one intensity and
one range map (z-buffer), and assuming constant material
regions over an object, were able to obtain estimates of
diffuse and specular parameters for a specifically tailored
version of the Torrance—Sparrow BRDF (by means of an
iterative least-squares fitting algorithm). Later, Kay and
Caelli [28] extended this approach without requiring BRDF
to be constant over object regions, estimating the parameters

at each point on the object. They applied a photometric
stereo method to a range map and a number of intensity
maps, and inverted the illumination model at each point
on the object. (For non-highlighted regions, they used a
linear least-squares method while for highlight regions a
nonlinear separable least-squares method with regularization
was used.) They were able to recover highly textured
surfaces by using enough intensity maps to recover diffuse
and specular parameters at each point. If enough intensity
maps were not available, they showed how to recover the
BRDF when the specular component is assumed to vary
smoothly over the material.

Poulin et al. [44] describe an interactive system to
reconstruct 3D geometry and extract textures from a set
of photographs. The authors describe a three step process:
A least-squares problem is first solved for the camera
parameters, and then for the 3D geometry. Once a satisfying
3D model is recovered, its color textures are extracted
by sampling the re-projected texels in the corresponding
images. All the textures associated with a polygon are fitted
to each other, and the corresponding colors are combined
according to a set of custom criteria in order to form a unique
texture. For each texel, the size in pixels of its projection
in the images is used as an indication of the quality of the
extracted color.

Ofek et al. [41] present a method which deals with
the problem of recovering and blending textures from
different images, but also discusses the problem of removing
highlights and reflections. Multi-resolution textures are
stored in a quad-tree data structure, which is filled by a
recursive level-of-detail projection algorithm of the image
to the texture space, followed by a push—pull procedure
to propagate information all along the tree. The algorithm
thus calculates an approximation of the view-independent
color for each texel, and calculates the average of the
projected texture area for every texture pixel that is near the
mentioned estimation. The main advantage of this algorithm
is its ability to account for the different sampling rates that
result from different views of the surface. Unfortunately,
they do not attempt to model the surface reflectance, but
use texture maps to record the diffuse component of the
radiance reflected under the lighting conditions at the time
the photographs were taken.

Dana et al. [13] applied reflectometry techniques to the
domain of textured objects by using a spectrophotometer
to carefully measure spectral BRDFs without separating
diffuse or specular components. Of course, this becomes
impractical for complex BRDFs due to the high storage
costs, and requires the lighting to be totally known for the
images.

Lensch et al. [34] presented an image-based measuring
method that robustly detects the different materials of
objects, organizes them in clusters of similar materials
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and fits an average BRDF to each of them (Levenberg—
Marquardt method initialized by an average BRDF).
Although their method is BRDF-independent, they used
a Lafortune [33] model as target BRDF. In order to
model local changes, they projected the measured data for
each surface point into a basis formed by the recovered
BRDFs, leading to a spatially varying representation.
To do this they introduced the concept of a lumitexel, a
data structure that stores all geometric and photometric
information for a surface point. The general idea behind
the BRDF classification algorithm is to start with a cluster
containing all the samples and recursively subdivide it,
classifying the lumitexels according to the error they have
with respect to each cluster-computed BRDF. This method
has the advantage of not requiring a specific BRDF or a
homogeneous material, as most of the previously mentioned
approaches, but requires full knowledge of the object
geometry, lights and camera.

4.3.2. Angular-based BRDF Recovery

Poulin and Forunier [45,43] deal with the problem of
determining the characteristics of surface materials (some
parameters of their BRDF) by using a painting paradigm
where the user simply paints color points on a surface.
The system attempts to find the best values for the surface
characteristics such that the points will retain their assigned
color in the final rendering. Depending on the number of
constraints (color points) given by the user, the problem
can either be a non-linear constrained optimization one
(when there are less color points than variables to find out)
or a weighted least-squares fitting problem with penalty
functions to constrain the values of surface parameters
(otherwise). For the former, each color point is considered
as a volume in the 3D color space of acceptable colors,
introducing two inequality constraints in each direction
(and no value can be negative). For the non-linear, least-
squares fitting problem, the authors use penalty functions
to introduce the constraints. Also, the system is modified
to assign different weights depending on the location of the
color points, e.g. at the dark side of an object the ambient
term dominates.

Another inverse reflectometry problem posed by
Marschner [36,39] was called image-based BRDF
measurement, which presents a system that measures
reflectance quickly without special equipment. The
method works by taking a series of photographs of a
curved object, each image capturing light reflected by
differently oriented parts of the surface. The photographs
are analyzed to determine the BRDF by using a curved
test sample with known shape, an imaging detector and
automated photogrammetry to measure the camera position,
light source location and sample placement. At first, the
geometric calibration stage uses machine-readable targets
with embedded identification codes placed near the sample

to allow photogrammetric techniques [36] to be able to
locate those samples. The information derived in this stage is
the position of the light source, the camera location for each
measurement and the location of the sample. The next step,
radiometric calibration, obtains the relationship between
the radiance reflected to the camera and the irradiance
due to the source. An important assumption done in those
measurements is the approximation of the source as a single
point, which is correct when the source is small compared to
the distance to the sample. To get the absolute magnitude of
the BRDF correctly, they measured the intensity of the light
source relative to the camera sensitivity by photographing
a diffuse white reference sample in a known position. The
last step, data processing, is performed by the de-renderer,
which uses standard rendering techniques [39] to find
the intersection point of each pixel’s viewing ray with
the sample surface and to compute the radiance from the
source. To obtain the desired BRDF value, the de-renderer
divides the pixel’s measured radiance by the irradiance.
The de-renderer’s output is a list of BRDF samples, each
including the incident direction, the exitant direction and
the value for that configuration.

Debevec et al. [10] recovered a two-parameter BRDF
model for the human skin with color space analysis
techniques from a set of photographs with varying
illumination. To do that, they assumed that the specular
component was the same color as the incident light,
while the diffuse one was obtained in a two-step manner:
first, by fitting a Lambertian lobe to obtain the surface
normal, and then finding the parameters in their model by
fitting them to the observed chromaticities in the original
un-separated reflectance function. Previously, Sato et al.
[60] had presented a similar algorithm to retrieve the shape
and the BRDF of convex objects by using a turntable and
a single point source. The main difference between these
algorithms for BRDF recovery is that, in the second step in
Sato et al. , the diffuse lobe is fitted to the diffuse term in a
modified Torrance—Sparrow model. Their method required
120 color images and 12 range maps to compute the BRDF
parameters. This work is an extension of a method [54]
that recovered a simplified Torrance—Sparrow reflection
model for an isolated object from a sequence of range
images and a reconstructed 3D model, constraining the
camera parameters and light source position. (They used the
Levenberg—Marquardt numerical minimization method.)
This way, they were able to separate the diffuse and
specular components and recover the uniform reflectance
of the surface. Unlike Marschner et al. [36, 39], Sato et
al. sacrificed the generality of measuring a full BRDF
at each surface point and instead used a single-formula
model of specular and diffuse reflectance to extrapolate the
appearance at novel viewpoints.
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4.3.3. General BRDF Recovery

Yu and Malik [63] presented an approach to produce photo-
realistic computer renderings of real outdoor architectural
scenes (building facades) under novel lighting conditions.
Their system uses a small set of photographs as input,
along with a geometric model of the scene generated with
photogrammetric techniques. The input photographs are
taken with a hand-held CCD camera and converted into
radiance images [11]. They defined two pseudo-BRDFs,
one corresponding to the spectral distribution of the sun
(modeled as a parallel light source) and one corresponding
to the integrated light from sky (they fit a sky model
to a set of calibrated photographs) and the environment
(modeled through a low-resolution spherical environment
map). The incident radiance is obtained from the sun, sky
and environment, while the outgoing diffuse radiance is
taken from the photographs in directions away from specular
reflection. Each face of a building must appear in at least two
photographs, one with direct illumination from the sun and
the other without it. Each polygon in the original geometric
model is first triangulated and a dense grid is set up on
each triangle in order to capture the spatial variations in
the pseudo-BRDEF. The specular lobes are recovered with
an empirical model [33]. The sky and environment are
divided into small pieces and the vector flux is plugged
from each piece into the specular model, thus resulting in a
least-square minimization problem. The authors assume that
each visibility-blocking surface in the model has the same
specular lobe (except for windows which are left for further
investigation).

Together with the re-lighting system [37] described in sec-
tion 3, Marschner’s thesis presents two inverse reflectometry
problems, the first one being Photographic Texture Measure-
ment [36]. Its purpose is to construct a representation of
the spatially varying parameters of the BRDF in equation
2, based on samples provided by a set of photographs of
the object (each with known lighting and camera position).
For that reason, a BRDF with a small number of parame-
ters is chosen. In particular, for many of the examples, they
choose a pure lambertian BRDF. The algorithm first gath-
ers all the observations of radiance reflected from a partic-
ular surface point by sampling all the user-provided pho-
tographs in which the surface point is visible and illumi-
nated. From these measurements, and using the known ge-
ometry of the surface, the incident and exitant directions
and the reflectance value are computed for each observation.
These samples are used at that point to estimate parameters
of the BRDF model. To obtain an estimate of the Lambertian
component of surface reflection, for example, it requires a
least-squares fitting of the values, with weights that depend
on the incident and exitant directions, i.e. values with view
or illumination directions near the surface normal are more
reliable than samples that are near-grazing, and samples that
include significant contribution from specular reflection are

less reliable than those that do not. The specular part of the
BRDF is handled by combining measurements from differ-
ent points, based on the supposition that some parameters
of the BRDF are spatially constant while others may vary.
Sample points are chosen at the vertices of an optimized
triangulation of the object’s surface, performing a linear in-
terpolation for the points in between.

Ramamoorthi and Hanrahan [51] estimate low-parameter
BRDFs using a three-component model of the reflected
light field: a diffuse component, specularities from the
slowly varying lighting and specular highlights from the
fast-varying lighting component (obtained from a spherical
harmonics decomposition). It is shown that two loops
estimate the parameters of a simplified Torrance—Sparrow
BRDF: the outer one, through a simplex algorithm adjusts
the non-linear parameters, while the inner loop performs
a linear optimization of the diffuse and specular weights
of the formula. For spatially varying BRDFs, a loop over
the different surface points is added and the mentioned
algorithm is repeated for each location. The main difference
with previous work, and especially the ones able to work
with outdoor scenes, is that it does not assume a simple
parametric model for skylight like Yu and Malik [63],
nor does it requires highly controlled lighting conditions
(generally by careful active positioning of a single
source) like Marschner et al. [37]. Also, Ramamoorthi
and Hanrahan were the first to solve the IRP for general
illumination (irradiance), without requiring simple BRDFs
or low-resolution textures, as in the previously mentioned
work.

4.4. Conclusions on IRP

The first important thing to notice is that, to the best of our
knowledge, there are no efforts to solve these problems with
Monte Carlo-based methods, although they could be well
suited for this kind of problem.

In general, we can make a few observations:

e In the category of General Inverse Reflectometry Prob-
lems, we can observe that the method used by Boivin
and Gagalowicz [3] presents the clear advantage over
other image-based methods (like Debevec et al. [9], Yu
et al. [62], Loscos et al. [32], Fournier et al. [14] and
Drettakis et al. [12]) in that it uses the area covered by
the projection of an object in the real image or images
to determine its reflectance, and thus avoids producing
large errors for small objects, since this method uses
a feedback through the comparison between real and
synthetic images (significatively reducing bias). Also, it
does not need a specular highlight for each surface to
appear in at least one image, as Yu et al. [62] do. On
the other hand, observe that the method by Yu er al.
[62] and the one by Boivin and Gagalowicz [3] work on
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full scenes, while Debevec [9] only estimated material
properties on a part of the scene.

With respect to radiosity-based approaches, it is
important to note that in [12] textures of arbitrary
resolution are extracted, but unfortunately, their method
sacrifices the usage of dynamic cameras and real
scenes to gain speed, and the quality of the obtained
images is slightly de-gradated due to the use of a
polygon-projection method instead of ray tracing.
Unlike other previous research, Loscos et al. [32] allow
for a restricted set of BRDFs (purely diffuse) to be
recovered, but work with the simplest capture process
since user-controlled specific lighting is not needed.
Most important, this last work does not attempt to
perform a reflectance estimation, since it uses a simple
texture modulation for display. Also, in comparison, the
work by Yu et al. [62] is far from interactive, basically
because of the generality of the algorithm used for the
light propagation (RADIANCE) despite the fact that the
method is specifically tailored to the radiosity setting.
However, it has instead the clear advantage of handling
any viewpoint in the environment.

In the Local-based approaches subsection, we observe
that the method by Poulin er al. [44] and the one
by Poulin and Fournier [42] are the only interactive
methods that allow some sort of texture recovery.
Instead, Ofek er al. [41] do not attempt to do real-time
processing, but to compute high quality multi-resolution
textures from image sequences.

The work by Dana et al. [13] has the problem of
becoming impractical for complex BRDFs due to its
high storage costs, and requires the lighting to be
totally known for the images. On the other hand, the
method by Lensch et al. [34] has the advantage of not
requiring a particular BRDF or a homogeneous material,
like most of the previously mentioned approaches, but
requires full knowledge of the object geometry, lights
and camera.

The main difference between the works by Debevec et
al. [10] and Sato et al. [60] for BRDF recovery is that, in
the second step in the Sato et al. [60] work, the diffuse
part is fitted to the diffuse term in a modified Torrance—
Sparrow model. Unlike Marschner er al. [36, 39], Sato
et al. sacrificed the generality of measuring a full BRDF
at each surface point and used a model of specular
and diffuse reflectance to extrapolate the appearance of
novel viewpoints.

Finally, the main advantage over previous methods of
the work by Ramamoorthi and Hanrahan [51] is that it
does not assume a simple parametric model for skylight,
nor does it require highly controlled lighting conditions.
Also, Ramamoorthi and Hanrahan were the first to solve
the IRP for general illumination (irradiance), without
requiring simple BRDFs or low resolution textures, as
in the previously mentioned work. Thus, we see that

Table 4: Inverse reflectometry papers that use images from different
points of view (PoV) as input.

Several PoV Single PoV
Local [54], [60], [41], [28],  [26], [43], [45], [36],
[63], [13], [10], [34] [39], [44], [51]
General [91 (3]
Radiosity  [62], [32], [31] [12], [14]

they presented a general solution based on a convolution
principle that enables a reasonably easy method for
BRDF, texture and/or lighting recovery.

Also, we can make some further comparisons on methods
on different sections by noticing that:

e  We can see that [9] [3] [62] [14] [12] [3] [32] [30] [31]
are papers that use the full global illumination equations,
while the rest of the reviewed papers in this section use
only the simplified local versions.

e We also see that [44, 10, 60] and the works on computer
augmented reality present an approach that does not rely
on any optimization procedure, taking the measurements
directly from the user’s input.

e The same happens with [36,39], which take
the information directly from the user-provided
photographs, without needing an intermediate
optimization process to get the results.

e Instead, [62] uses a hybrid approach, measuring the
diffuse component of the BRDF and resorting to another
approach for the other parameters in the BRDF used.

e One of the most important things to notice is that most
of the papers are based on small-parameter BRDFs, in
general of two main types:

— The scene can be decomposed in regions with
arbitrary variation of the diffuse reflectance.

— The scene must be decomposed in regions without
spatial variation of the reflectance, but with the
possibility of using a BRDF function with higher
dimensionality (more complex glossi behaviour).

e The papers that solve this sort of problems and use
images as input can be further classified [3] according
to whether they used multiple points of view or a single
point of view for the images in their computations. This
classification can be found in Table 4.
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5. Combined Inverse Lighting and Inverse
Reflectometry Problems (CILRP)

Combined problems are those where K and L, are unknown
in equation 2, but G and part of L are known. The methods
studied in this section also can be further classified according
to the illumination approach used: As in Sections 3 and 4,
this can be either local-based, general global illumination,
Monte Carlo-based or radiosity-based.

e General formulations. These methods try to find
reflectance properties and lighting conditions without
relying on any particular illumination algorithm. There
are no works using this sort of approach, probably
due to the high complexity of the optimization of both
problems at the same time.

e Radiosity-based formulations. Here the general prob-
lem is reduced to a radiosity setting by making the same
approximations to Equation (1) as the ones described
in Section 3: a purely diffuse BRDF for the surfaces
(patches), that is constant all over each one.

e Monte Carlo formulations. Once again and to the
best of our knowledge, there are no works using this
kind of formulation, but the solution would be to
simply fire rays from the camera or the surfaces with
known properties and continue its path until hitting a
surface with unknown BRDF or emittance, and using
the gathered information to estimate the parameters.
Also, a bidirectional approach could be thought of,
too, where rays are fired as before and from the light
sources with unknown emittance, and using the gathered
information to recover the missing information. In any
case, it is clear that simultaneous recovery of both
BRDF and lighting conditions is feasible, but certainly
the inherent variance problems presented by the Monte
Carlo methods will have to be dealt with.

e Local Illumination formulations. These formulations
are based on a local illumination formulation to obtain
values for the lighting parameters and the BRDF coeffi-
cients.

In the work by Ramamoorthi and Hanrahan [51], the
combined problem was studied: inverse lighting and inverse
reflectometry problem in a signal processing framework, and
it was concluded that, up to a global scale, the reflected
light field can be separated into the lighting and the BRDEF,
provided that the appropriate coefficients of the reflected
light field, in a spherical harmonics representation, do not
vanish. It is important to notice that this factorization can be
done up to a global scaling factor.

5.1. Radiosity-based CILRP

John Kawai, James Painter and Michael Cohen [29] use
the radiosity to minimize the global energy of the scene,

instead of the mean-squared difference between the desired
radiosity values and current values at the patches as before.
This global energy is given by the area-weighted sum of
the element radiosities, plus a user-defined weighted sum
of physical terms and human perception based terms. The
physical terms include:

e radiosities;
e emissions;
e directionality and distribution of the light sources;

e patch reflectances;

while the human perception based terms are a quantification
of the subjective impression of clearness, pleasantness or
privacy based on the scene’s brightness. Constraints are
imposed by the user to the objective function as explicit
weighted penalty terms. The resulting unconstrained
problem is solved by the Broyden—Fletcher—Goldfarb—
Shanno (BFGS) method. In order to speed up computations,
a hierarchical radiosity (HR) solution was used [24] to
compute the initial baseline rendering and they reuse
the computed links to propagate the increments used
by a finite difference scheme to find an approximation
to the derivatives of the radiosities with respect to the
unknowns. This is possible since these derivatives obey the
same equation as the ordinary radiosity problem. In the
mentioned user-defined weighted sum of physical terms,
they were able to include a variable element reflectivity
term (constant over the patch surface), thus allowing the
combined optimization of both emissivities and reflectivities
in the same process. The partial derivative of the radiosities
with respect to the reflectivities was computed by “shooting”
the un-shot radiosity Ap due to the change in reflectivity,
B; Ap.

5.2. Local Illumination-based CILRP

Sato et al. [59] use the radiance information inside shadows
to derive the illumination distribution of a real scene when
the BRDF is Lambertian, recovering the diffuse coefficient
up to a scaling factor, which is obtained from the camera
calibration (see Section 4). This work was later improved
[58] by using a non-uniform, adaptive discretization of
the directions of illumination. Also, the need to know the
reflectance properties of the shaded surface was not longer
required, but the limitations of using only distant lighting, no
intereflections, uniform reflectance and known camera and
object shape remain unchanged. The algorithm proceeds by
two nested loops, the outer one estimating radiance values
of imaginary directional light sources (a linearized set of
equations of the influences of the light sources vs. the pixels
of the shadow surface) and the inner one estimating the
reflectance parameters of the surface in shadows (Powell’s
method on the RMS difference of the actual pixel value and
the estimated, local-illumination only value).
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Ramamoorthi and Hanrahan [51] presented a remarkable
work from the perspective of signal processing, requiring
a single manually specified directional source to recover
the roughness of the surface. Absolute reflectance cannot
be found from this method, so an ad-hoc relationship
between the diffuse and specular weights is established. The
algorithm consists of two nested loops, the outer one being
an inverse BRDF-problem (see above, section 4) while the
inner one is an estimation of the lighting with known BRDF
parameters (see section 3). This work can be considered
an extension of the previous one [58], since it does not
require shadow information and presents improved methods
for estimating the illumination. It also addresses a more
general setting, being able to work with spatially varying
materials.

5.3. Conclusions on CILRP

One of the most important things to notice in this section
is that there are only a few approaches that deal with both
problems, illumination and BRDF recovery at the same time.
In particular, radiosity-based solutions only include the work
by John Kawai, James Painter and Michael Cohen [29], but
it is important to notice that their work presents a fairly
efficient solution given the diffuse-surface and constant-
patch-radiosity approximations involved.

On the other hand, local illumination-based CILRP is
included in two works, with the one by Ramamoorthi and
Hanrahan [51] being able to be considered as an extension of
Sato et al. [59, 58] because it does not require a classification
of the scene into shadow regions and it works in a more
general setting, and is even able to deal with spatially
varying materials.

Finally, it is important to note that no General CILRP
and no Monte Carlo-based CILRP were presented, mostly
because of the inherent high complexity involved, of special
importance in the former. However, we think that Monte
Carlo-based solutions are a sensible way of trying to solve
these combined problems, despite the high variance inherent
in the application of those methods to inverse problems.

6. Conclusions and Open Problems

Here we will summarize the conclusions of the surveyed
work, to show common problems, characterize approaches
to solutions and suggest open issues. We can organize the
studied methods depending on the type of illumination
model (general, radiosity, Monte Carlo and local) they use
and according to the sort of problem they solve (Tables 2
and 3).

In Tables 5 and 6 we summarize the papers on Inverse
emittance and inverse reflectance respectively. We then show
the main features of each method: type of approach used

to solve it (direct or indirect) and numerical methods to
implement it. These mathematical aspects are summarized
in the Appendix.

As we can see in the tables, there are three kinds of
approaches used to solve the different problems faced:

e Indirect-solving approaches, or optimization-based ap-
proaches, where the solution is obtained by finding the
minimum (or maximum) of an adequately defined objec-
tive function. These methods generally require solving
the direct problem at least once per iteration [52], [29],
[37, 36], [43], [36], [62].

e Direct-solving approaches, where the goal is to find
methods to invert the equation without solving the direct
problem at any time. Among those, we can mention
the matrix-based approaches, where the goal is to invert
a highly ill-conditioned algebraic system of equations
resulting from a finite element approximation of the
underlying equations [23, 15, 38]. Another approach
[40] implements an Inverse Monte Carlo method to find
the emissivities for a set of surfaces.

e Mixed, that use a combination of the two above-
mentioned approaches. The only examples reviewed
with this kind of approach are [54], [60] and [63].

Analyzing the inverse emittance problems, with the aid
of Table 5, we see that most of the papers that work on
global illumination formulations deal with purely lambertian
BRDFs, with only a few exceptions. ([37], [36] and [51],
that deal with combinations of photographs and present
algorithms that are independent of the BRDF used). Only
two works pay any attention to the problem of Participating
Media, [23] and [38].

With respect to the inverse reflectometry problems, we
see in Table 3 that [9] and [3] are papers that present an
illumination-independent formulation, while the rest of the
reviewed papers in this section use only radiosity or the
simplified local version. We also see that [44] presents a
direct approach, and together with [36], [39], [14], [12], [32],
[41] and [13] are the purely direct approaches among those
surveyed. On the other hand, [62], [54] and [60] use hybrid
approaches, using a direct measurement for one of the BRDF
components (generally the diffuse component of the BRDF)
and resorting to an indirect approach for the other parameters
in the BRDF used. This assumes that the BRDF is separable
into different parts. The most important thing to notice is that
all papers are based on BRDFs of two main types:

e The scene can be decomposed into regions with arbi-
trary variation of the diffuse reflectance (directional re-
flectance properties remain constant on each area).

e The scene must be decomposed into regions without

spatial variation of the reflectance while using a BRDF
function with higher dimensionality.
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In general, we see that indirect methods use some sort of
least squares for the optimization process, with the exception
being [62] that uses the Nelder-Mead with Simulated An-
nealing for this part. From the reviewed results, it seems that
the Levenberg—Marquardt numerical minimization method
is one of the best suited for non-linear BRDF fitting.

© The Eurographics Association and Blackwell Publishing Ltd 2003



G. Patow and X. Pueyo / Inverse Rendering Problems

680

g rernoads
woly Sunnsal wnjl paseq-Ie[n3ue I9A001 pue J(I g JO

dwod Jy1p 10605qNg (T “UONEZLIBNTAI JJOIND (IM ST Teaur T (] (renoads + gyIp) JAAE PRYIdWIS “wn[t [220] 30211 PUT IO1IPU] IST [1¢]
JprenbreN—310quoAd] SOOULJOIPAI ISNIIIP PUB ANOWOIT UMOUS] 10011puU] [811]
UOTO9[S JOSN [ENUBW PUB UOISIAASIP SUONI9[9S QUON J0011puU] [sel
JuIsap 1sada9)g (wmnfqr (o0 se payuawdduir ySnoyi[e) UoN Joa1IpuU] [ss]
WO93 UMOUY 29 BISWED ‘90UL}IIPAI WIoJIun
S1D ‘suorjoapaIIaIur ou ‘Ired 0919)S UT SAINJEJ UOWIO)) hllifq| [LS]
WOo93 UMOUY 29 BIOWED
ST1D ‘90URIOAPAI WLIOJTUN ‘SUOTIOSPALIUL ON ‘SIIINOS JUBISI(J 10211 [66] ‘[86]
(do3s yoreas [eoof Teuy o[qissod ym) S quou J001Ipu] [L]
OJIN suou Joa.1puL [L¥]
uoneziundQ [eonieuy ‘[OpOoW UonRUIWN{[L S UUI[g 10011pu] [zr]
‘suoneyndwod dn poads 0) waysAs "ANQW0as umouy Yim sayojeq [¥1]
Kyrsorper TeoryoreIdry e prnq [g¢] pue [g1] "serenbg 1seo] Summuyg umouy "AJISOIPeI JULISUOD Y)IM SIOBLING 9SNJFI(] J001Ipuy ‘el ‘Izl
UOBIS[AIOR I0] (JAS POZI[RIOUID) ‘son[ea oSew 0) Surddew oy pue s921n0s YII| (921n0s 31| Yora 10}
)M poylaw sarenbg jsea| pazure[ngal JopIo IS| Ieaur| usomiaq diysuoneyar seaur "A[uo $90Inos yS1[ JuelsI(q sSurropuar payndwoosard) joaxpuy [o¢] “[L€]
“erpowr o1donost
pue soJBJINS UenIdqUR] + SAYdjed Uuo JuLISUOd AJISOIpey eIpowt
AASLIN ‘uonjewrxo1ddy soruowel] [eoueyds [J “SIUOWA[ UL I0J POYIOUW QWINJOA SIUL] + 102II(] [8¢]
‘eipawt o1donost
pue sodejIns uenioquie] + sayojed
UO JUL)SU0d AJISOIPEY + BIPIW
aASL ‘son[eA Je[n3uls JO UOTJEOUNI], “UOTIRZI)AIOSI(] I0J POYIOUW QWINJOA UL + 1011 [s1]
‘son[eaA Je[n3uls Jo uonesuniy,
AASLIN 'sayojed uo JuLISUOD AJISOIPEY + SOJBRINS URTIIOqUIL T fhllifq| [e2]
O[Ie)) QJUOIA] ISISAU] "AIpqns Je[n3ue pue [ereds WIOJIU() "SOOBLINS URTIOqUIET 11 [ov]
ST1D ‘wn([r [edo] :[dwl [eur ‘s9oBLINS UBIIqUIET Jo01Ipu] [zs]
pasn poyIdA suonewrxoxddy yoeoidde jo od£J, NI0M

(§7 pauipaisuod = §7) ‘Sauvnbs-jspaj
= §7 uonyisoduiodap anppa upnSuls paipoundi paripou = JASLW uUouvznundo paurpasuod apoul-uou = OIN) "Sunysy asioaul :spoyjaus SuLIapual 2siaaul Jo uouvIYissv]) S IqeL

© The Eurographics Association and Blackwell Publishing Ltd 2003



681

G. Patow and X. Pueyo / Inverse Rendering Problems

I1918n]o sardures yoea

© The Eurographics Association and Blackwell Publishing Ltd 2003

10} poyiouwi JpaenbreN—S10quaad] pug ‘uonedyisse[d oidwes Qg 151 w093 192[qo 29 e1owed ‘s)y31T Jo a3pajmouy| [[ng Jo211pu] [¥€]
133owojoydonsedg Aq sjuawAINSBIA Suny3i umouy A[rero], 11 [e1]
Mmo11edg—o0urIIO], PONY PUY ‘PINSEOU IS| swrered J(Ig porejodiou] ‘s3109[qQ X0AUOD) "WIN[[T [BO0] POXIA [09]
JprenbrejN—S1oquoAd
Kq moiredg—ooue11o], Jo Sumy pue dads 29 JIp jo uoneredog syred repnoads 2p asnyyip djqeredog POXIN [¥6]
(39
s S 9rqeredas ySiysy (ST Ay3iysmyou) uorsiout oidwes Jqyg sydei3ojoyd [e1oaag saxmbay 10211pu| [8z]
Sumy 1 eAneId)| (4@ g molredg—aouelIo], Pa)oLI)Sal) SUOISAI JOAO J( Y JurISUOD) Jo211pUy [oz]
‘POWPIN
xo[dwg :xo[dwoy) J011 paseq-aFewl (M SUONRIA] S[OPOJA S[durs sfopowr J@Yd Xo[dwods o3 arduurs 1593 A[[eoIyoIeIoAH 10011pu| [€]
1591 10§ Sumy Jeaur| 2y sweied resurfuou 10j poylow xo[dwig soLes wiey Yds ur swiog, 1sI1] Jo01Ipu| [16]
swered J@Y g JO A09a1 10211 “s)ed 9ads 29 Jjip jo uoneredag ‘winy[I ‘pur ut sagueyd oN 10[0d JYII| = J0[0d dads sawnssy 10211pu] [09] ‘[01]
uonodfoidar 2A1sINdAI £q $2INIX) UOHIN[OSAINNIA sa3ewr jsow ut sIYSIYIIY ON 11 [1%]
‘yojed "jo1 uo
“WIN[[I UO PIseq "110d ONSLINAY + ‘[0S ‘Pel WO WS payoo[q + [Z]] SV Jams asnjyig Jo01Ipu| [1€]
*$JYSTOM 90UIPYUOD ‘ST JOAO SIAL ST “ga1Ing ‘[¢]] SV SO0BJINS WIOIJ QOUBIIIWD JOBX UMOUY SOWNSSy helifq| [z€l
Aysorper o3eIoae 0) [euonitodoid soueyoopyoy ‘SMOPEBYS PUEB INOJOD U22M)q YSINSUNSIP JOU $90(] "SAJBJING ISNJIQ Qg [z1]1 ‘[¥1]
VS /M PeaIA-I9P[AN :2qO[ s3a1 agxe[ uo Jsuod adeospue| 29 As woiy aqof d0adg “(dejy “Aug)
9ads ung *S7 :0qo[ dads adeospuey 29 AYS oInseaur 30a1p :dwod Jiq adeospueT pue (pany) LS ‘(1o[1ered) ung :s901n0s ¢ "SHAYG-0pnasd 10011puU| [€9]
's3uwr *dsa1109 ay) ur sjoxa) ‘foxdax oy Surdwes :10[0) 'sQoRJINS uBnIdqUIET A[oIng jhelifg] [#+1]
Sumy Jayg 2AneId[ *SUOITAI [BOO] 29 JeJ Ul PIPIAIPQNS QUG Jo01Ipu| (6]
'sdoxd
*sdo1s STIN :Sumy JA g 2AneIa] *PoI [RUOTIOAIIP "ISU0D /M “s3aI Ul "dwoodp Juads 29 A g wered mo] POXIIN [29]
‘sydesSojoyd w0y JuswaInseaN '$901n0s W31 Jutod (! ‘@) 4f = (‘o ‘o ‘x)4Yf jhelifg] [6¢€] ‘[o€]
‘(sydei3oroyd woiy) Sumy QY9 S'1 ‘[dwreg 9ja10s1( “swered Sunerea Ajfeneds may /m JqQY9 Jo211pu] [9¢]
STOIN 10 ODIN suou 10011pu] [ev]
pasn poyIoIN suonewrxoxddy yoeoidde jo odAJ, NI0M

*S24DNBS-1sDa] ADUI]-UOU = STTN ‘SaADNDS-]SD2] PIUIDIISUOD
AD2UL-UOU = ST IN “SUPIUUD SIS = VS *SaAnbs-1spa] = §7 uoupznundo pauinsuod 4paulj-uou = QY IN €11a10123)2] 2S424u1 SPOYIIU SULIIPUIL 2S.124Ul J0 UOIDILISSD]) 19 IR,



G. Patow and X. Pueyo / Inverse Rendering Problems

682

SOUQDs oYI[-Xog [[ouIo)) d[durrg

$100[qQ xordwo)

souads xo[dwo)

$100[q0 [eOLINWO09S Xo[dwod Paje[osT
$OUAIS [BAI I00PINO 29 J0OPU]

1o1221qe) uo eipaykjod opduirs

‘Kouepunpal 2 SALIEPUNOq MOpeYs ‘are[d
onpar ;203 *(fq0 0SS0 1) FOYJO (T “wn[r PaILsap
SNOQUASOWOY Y)IM J[QE) 29 SLIBUIN] ‘WOOI (]

“Jutod paya1ays/29s G100

'SQUOD [ A\ 9STe] ST 20In0s
uaym Jutod paydIaS/o9s 1('( :SeAnTWILId [LI0AdS

‘paads aAnoRINUI
- jutod payoI§/29s €000 :seAntwLid [e19AS

Y31y re3uern Jopun duod: §+o soanmud odwig

'SQUAOS 0PIA [B1 paImby
-ojoyd
UQAIS & AJIpowr 0) [opowt (J€ + So10yd :Sunysiey

‘UMOUYUN JB3Y 29 XN YIIM JINS SUO YJIM ‘BIPAU
‘woy o1donosT YIIM PI[[Y AU (I Je[nSuedooy

“UMOUNUN JEAY 29 XN YIIM JINS QUO [IIM “BIPOW
‘woy 91donost YPIM pa[[Y ‘Aud g JenSueloay

‘uMOUUN ey
29 XN YIIM JINS QU0 (IM "AUD (Jg Te[nSueiooy

‘uMOUYUN Jeay
29 XN YIIM JINS QU0 (IM "AUD (g Te[nSuejooy

'$921M08 WS ($1) TT
pue 1A 000LZ ‘SA10d 00061 UM “Aud x9[dwo)

‘pel paInseaw dy) pue
SQOURIPEI 90LJINS A} UM JOLID sarenbs-1sea]
wnj[r doeds-renue sa1-ysiy

19A0921 (7' PoY PoI woj dwod Jip 10ensqns
(1°7 "S33000 sotuouLey [eouayds 103 S(]

uoneziundo 19sn [enueiy

(OJuT QUAOS UONELITUNTIOD

U1 jud)xa) dLowr Ajrfenb oSewr peseq-uondaorog
oSew se Sururewar dejy ‘ore[o1100

pue aSewI-1WUo Yors Ul SaInjea JYSLq pury
syder3ojoyd

ur sox1d 'sA $201nos :sby jo wd)sAS Tedur]

1duos e Aq papraoid-1osy

‘uonjenba auood yorjdurt
) UIYIIM JYSIT U0 JO dN[EA :DZIWITUIN

syurod payoldys A1oAd

woxy oueIsip = . ('d — 1d) " :ozmuxey

s

*1d uonisod Y31y 03 'd syurod payoreys K10a0
WOIJ OUBISIP = NA.i — 1d)7 :ozmurxejy
‘uonisod [euy I0J sowNjoA

MOPRUS 9S() "U SSAUISSO[S pue T JIp 10J * ,(H - N)

Iomod $901n0s ay) Jo Sumig
‘yder3ojoyd uoard

® yojewr 0} soSew SIseq JO UOHBUIQUIOD JEQUT|

"JASLIA Buisn
K[uo saoeLINs 10J WISAS d1eIqagd[e Sun[nsal J1oAu]
‘poyIow Wn[oA NuL] Aq FJ SWN[OA IA[OS

*(PAZNRIdSIP SIOBLINS PUE BIPOUI
10q) waysKs orerqad[e Sunnsar 10y GAS.LIN

*AASLIA Suisn wa)sAs o1e1qage 11Au]

(sordures
Jo oquinu ySry saxmbax) poyiowr DN ISI9AU]

*901n0s WS -1 oY) JO 19JJ0
Y st P arym || 44,8 — ol VX || soziummury

SQOBJINS ASNIFIP WOIF
*2Te9 SIYST] [BUOTIIIP Ul JO SUOTIIISIANU]

anea Kuy

Sunysi| [enur pouyap-1as(y

[€G] onex sanIsuaur pamalA

0] PAIISIP 9FRIOAR = SINISUAU] "SIOBLINS
PIMIIA JO S[RWLIOU JO PIONUID = SIIP 1Y3I]

anfep Auy

90BJINS MOpRYS JOJ WIS "JO0O UBTIAqUILT

papraoad-1asn

anfea Auy

19}u30 g 0) sjurod payolays
) JO JOYUD SSEW WOIJ “IIp SUOTe IPN[II0
uo paroyuad g prosdif[o ue aAoqe Jsnp

“10)ud prosdifjo 03 syurod payIAYs ayy Jo
SSBUI JO JOJUAD WO} UONdIIp Suofe I snipex
PUE IOPN[O0 UO PAIRIUAD Prosdif[o 9A0qY

anfea Auy

soSew WoIy saNIsoIpey

anfea Auy

‘wpLod[e JASLIN
apin3 0 uonN[os JAS 2s() "SUONIPUOd
Arepunoq J[em p[od,, (IIM BIPAW JO HA

‘unuos[e aping o) uonnjos (JAS [eNIUI s
‘wyjLog3[e opIng 0) uonnjos A S [BNIUT asn)
‘sumouyun

103 pasodoid uonnqrIsIp SOUENIWR [enTu]

onfea Auy

SUOISI OPISUT SAOINOS

QUON

QUON

Juou
QUON.

'$JO00 QANISOJ

(uonouny 2A199[qo

oy ur soneuad se pappe) pauyop-pasn

*SIXE QUOD [ M QUOD-J[ey JO opIs JySLI-
“Jutod payd)aYs JB [BULIOU JO PIS duIes-
“Jutod payo)ays yora AQ pouyap SUOD UTYIIM-
dS 9U0d 3 AT dS E ‘AT A 'BIQUINUS-

dS 2U00 3 AT “(dS)
IO PAYIINS (AT) XOMOA WSIT A ‘eIquIn)-

STXE QUOD [ M QUO-J[eY JO OpIs JYSLI-
jurod Je [BUWLIOU JO OPIS dues-

Jutod yoeo Aq pauyap 2uod ur-

QUON

K)ISUQIUT [B10) WIS S) SOIUBNIWD

*SJUSIONJO0D QANISOJ

QUON
KVIAISTWIO pUe XNJj UMOUY )M

“WOLO “JINS JO # = UMOWUN YISUIS dINOS
PpuUE SONIAISIWR Y10q YIIM "W ‘[OA JO #

‘UMOUNUN [JOq /M SIIBJINS

# = umouy %ﬁ STW pue XN /M SIOBJINS #

QUON

"0 < SWSPM [V

[81]

[16]
[s¢l

[ss]
[LS]

[6S ‘8]

[L]

SISy -

eiqunuad
/eIquun-

yo1oys peys-
wolj sIySry

(ODIND [L¥]

[cv]
[rel et w1l

[9¢ *L€]

[8¢]

[s1]

[ez]

[ov]

(ST1D) [zs]

POULIOJI] $ISAT,

POYIOW UOTSIIAUT JQIIP / () Uonouny aandelqQ

xoxdde 1enuy 7 sson3 [eniug

pasodur sjurensuo))

‘uonpnba puyuaaffip pyivd = Fqd 0]4v) AUOW = DN
‘AAS paoundy paifipour = qASL Uou1soduioddp anppa appnduls = qAS Sunydiy asioaul :pajuasaid sayovosddp Sunydy asiaaur ayl fo s10adsp oupwayipuw 2yl fo Lipwung :f dqel,

© The Eurographics Association and Blackwell Publishing Ltd 2003



o
0
=]

G. Patow and X. Pueyo / Inverse Rendering Problems

$192[qo xo[dwod WoIj AI9A0J1 2INX)

S[eLIo)eW JO 9SEqRIB(

s300[qo xo[dwo)

saroyds parmxay,

$102[qQ orduurg

QUAIS YO

‘S[opoul PLIOM-[edY

“dnod 99j0)

“win{[t plIom-[ear
Suryorew 2p wnyyr qurodmara auey)

$190[qo parmyxa) apduuts 29 saryorg

QUu20s 93eW] 0JPIA [e2I parinby

Quods oFew 0opIA palnby

"JOMO) [eal ‘Sunsixo jo Sunysioy
‘sydeiSojoyd

[B91 WO} 300q 10§ SAUMXA) 0 X 0TE
's102[qo

onoyiuAs opdwirs /m soudds xo[dwod [eay
‘s103s0d paInojoo

pue S[[eq JI[[BIOUW ‘DINTUINJ /M WOOI :159)
[eY "WN[[T [ENINW /M WOOI :)$9) dNAYIUAS

(fouueyo/eduwes 00000€)
‘urys uewny "ysenbg ‘Ju10A 10} [0 Ke1ny

o0y "ysenbg
*qI[ed 103 SaINIXa) /M o1ayds onayiuIg

Hadd uung-suoyd
Ie[noads pig ‘osngiq
pug qualquy 3s] :Jq ¥4 uulg-suoyd

sanea pajorpaid 29 pardwes /q FSINY

Sunysiy 29 Suimora
30 'quiod “g1p i sapdures JAY JO JUWAINSLIA.

(dwod 1emoads jo 3y) payroads jou

san[eA g Ul Jo1I9 ST Jeaur]

(red
oads Jg)So] pue (dwod vads)3o (g ‘ropuy aSuex
WO} UOTBIUALIO Pue ssawySLiq paAIdsqo (1 :SINY

“oSewn paropual
100[qo 0) seouerper afew 392[qo Jo 9FeIdAL Jo oney

*9qo] Je[ndads SuikIea-1sey + sure) Surkrea-mors
+ osnyI = AQA :Seuds wuey ydg ur swidg, 11y

1y uentequer] -dods 103 1011

1y uenteque] -dads 103 10011

‘uonodafordar aarsinoan
£Q PaI1aA09a1 S2IM)Xa) dampenb uonnjosamnA

"Jo1 10]0d
10§ yoyed “Jo1 papn[oooun puy :091109 INSH :pIg ‘[0S
"pe WOy 1YSH PAYO0Iq PPV pug “[T1] 1 se [ead S|

Kyisorpex 01 [euontodoid 10opar S1ay

‘[617] A10A0001 wered Jsnqoi :0ads ung "per popIodAl 2
Aqag-opnesd yip S :0ads adeospuer] ‘aiseawr (JJiq

*Jx9) onbrun e WI0J 0} "JLID JO 198 T M PUIqUIOd
$10[09 *d$a1100 ‘Iayjoue dUO 0} pany sAINIx?) skjod [y

*sojoyd pue QuAds [BI0] PAISPUAT UM “II

*S[EIOW WOLJ JUIYIP SINSe[
'sased ordonostue pue ordonost JAYd WRIPIQ

(‘o *@)-4f urureyqo ‘'® ‘@ Jo JuowaInsLaw JOAII
‘sojdwres
paInseaw pue J¥g Uoom)dq Jowd parenbg payySiop

‘so[duwres papiaoid-1osn pue Jd U9MmIoq ddueISIq

I Y} Ul SULID) PAUyp-1s)

A@Id SAe woiy swered

Kuy

Kuy

Kuy

W31

JUAPIOUT [BULIOU YPIM sanfea [ox1d Aisudjuy
s g xerdwoo

Q10U UBY[, “ISIY Pasn SaoBLING Sy

anfeA Auy
‘molredg -eouelIO], 0) pany 29 pAjeredas
= 1009 JJI(] “IO[09 921IN0S = 10[0d dadg

*SJUOWIAINSEAUI gy URIPIWT

= J0]09 JJI(J "IO[0 2INOS = 10[0d dadg
anfep Auy

anfep Auy

anfea Auy

anfeA Auy

anfea Auy

(1osn) ssong [enruy

AQAd Jo srewnss y3nox
anfea Auy
anfeA Auy
anfeA Auy

“J1 JXaU J0J sson3
JIUL SB [0S AUOD (q *(u) SSauIssO[S [[ews /m (B

QUON.

QUON.
QUON.

QAIYMAIOA ssaUYSnox
‘p1 29 dads-uou 1940 Je[noads ‘suorgar
(PI)IULIOLJOP-03 UL UO YJOOWS JOOI ISNYI

SUOISAI JOA0 (T JULISU0D)

QUON

QUON

QUON

QUON.

QUON

QUON.

QUON
QUON
QUON

QUON

QuUON
QUON
QUON
‘uonnqLyuod jueloduwr

jsowr yyim syutod JyStop Q0 < senfep

() < Son[eA

[¥€l
[Tl

[¥¢]

[82]

[9z]

L]

[16]

[09]
[o1]

[1¥]

[1€]
[g1][v1]

[€9]
[¥]

[6]

[e9]

[6€ *9€]

[9¢]

syutod ¢ < uypim - [gy]

syutod > u g - [¢]

POWLIOYIa $ISAL,

POYIoW UOISISAUT JODIIP / (¢,) uonouny 9AnodfqQ

-xoxdde [enmuy 7 ssong [enuy

pasodur syurensuo))

Hom

‘uoyvnba uyua4affip (puivd = gqd ‘0v) AU = DI
‘AAS paioun.y paifipout = ASLIN “uonisodutodap anpa vmsuis = (JAS «€412ui0123)fa.4 as4aaul :pajuasaid sayovosddp Sunysiy asiaaur 2y Jo s10adsp [poypwyIpul 2yj o Livunung =8 dqeL,

© The Eurographics Association and Blackwell Publishing Ltd 2003



684 G. Patow and X. Pueyo / Inverse Rendering Problems

Of the reviewed papers that deal with inverse emittance
or combined problems, only [37, 36] and [29] present view-
dependent goals, especially the first one because it deals with
input given by photographs, while the second can also be
used with view-independent goals.

From our survey we may derive that several inverse
problems remain open:

e The application of Monte Carlo methods to inverse
rendering problems has remained a vastly untouched
topic with only one exception, and is an option that
should be thoroughly researched and exploited in the
future.

e The problem of inverse emittance in the presence of
participating media has only been superficially touched.
More research and development is needed.

e General, illumination-independent, inverse reflectome-
try approaches were also barely touched, both in the
single-image and in the multiple-image variants.

e Combined problems, especially those with non-local
illumination models, remain vastly untouched beyond
the initial efforts analyzed in section 5. This is especially
true for non-lambertian environments, since the seminal
work by Kawai, Painter and Cohen [29] covers the
radiosity problem in a quite satisfactory way. We can
also see that studying combined inverse reflectometry
and lighting problems in the context of the full-radiance
equation is a very promising and open line of research,
since local illumination entails a rough approximation.

e Combining lighting reconstruction for different points
[51] across a scene, and performing correlations of the
obtained information (a generalization of the work by
Sato et al. [59]) seems an efficient and unexplored way
to obtain the complete lighting of the scene, which
could be very efficiently stored in some sort of lighting
textures [21]. This would allow the absolute positioning
of light sources in the scene to be obtained.

e Choosing the luminaries’ shapes among a small set of
possible shapes is another option that is suggested by
the results of Costa et al. [6].

e Letting an algorithm automatically choose among sev-
eral possibilities the more suited material for a reflector
to get a given illumination at a given position in the
scene.
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A. Appendix

In this appendix we analyze, for each surveyed paper the
mathematical aspects of its solution method. Tables 7 and 8
explain, for inverse emittance and reflectometry respectively,
the constraints imposed either on the solution method (for
optimization approaches) or on the system of equations
for direct inversion based approaches. In the first case the
restrictions are incorporated into the optimization algorithm,
while in the second the constraints are used in the system’s
building process, generally in a manual way. The third
column presents the starting point used by the different
methods when the used technique requires it. The fourth
column presents either the objective function to optimize in
the case of optimization approaches, or the method used to
solve the direct problem presented.
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