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Sparse Lumigraph Relighting by lllumination and
Re ectance Estimation from Multi-View Images

Abstract

We present a novel relighting approach that does not asshatédllumination is known or controllable. Instead,
we estimate the illumination and texture from given mukiavimages captured under a single illumination set-
ting, given object shape. We rely on viewpoint-dependehcirface re ectance to resolve the usual texture-
illumination ambiguity. The task of obtaining illuminati@nd texture models is formulated as the decomposition
of the observed surface radiance tensor into the productlagta transport tensor, and illumination and texture
matrices. We estimate both illumination and texture at #iraestime by solving a system of bilinear equations. To
reduce estimation error due to imperfect input surface getoynwe also perform a multi-scale discrete search on
the specular surface normal. Our results on synthetic aatidata indicate that we can estimate both illumination
and the diffuse as well as specular components of the sutéabgere map (up to a global scaling ambiguity). Our
approach allows more exibility in rendering novel imagasich as view changing, and light and texture editing.

1. Introduction

The images of a scene under varying illuminations and from
different viewpoints are highly interrelated, which makes
possible to predict the object's appearance from new view-
points or under different illuminations. To achieve this;i
age based rendering and image based re-lighting techniques
(e.g. LH96,GGSC96WGT 05,DHT 00]) usually require a
dense sampling of viewpoints and/or illumination direntio
Image based modeling methods (e yJDMH99, LKG 03,
RHO1, NZI01, NZI05]), on the other hand, attempt to esti-
mate parametric models of the scene appearance. Though"_
these methods require less input data, simultaneous estima Figure 1: By analyzing multi-view images of the sh, and the
tion of illumination and texture maps from known geometry Van Gogh statue, captured under xed unknown illumination
and multi-view images is believed to be ambiguous, as noted (left), we are able to extract the diffuse/specular textoie

in [RHO1]. Two commonly adopted solutions to this problem these objects as well as the environmental illumination.map
are to assume that illumination is known or to control itsuit  These results help us perform advanced scene manipulations
ably [HS05 LKG 03, YDMH99]. In real applications, e.g. such as inserting the sh into the Van Gogh scene (right).

in outdoor scenes, neither solution is feasible.

T S ——

In this paper, we point out that the ambiguity in esti-
mating texture and illumination from multi-view images ex-
ists only for diffuse material. By exploiting the viewpoint ric specular re ectance model, we can automatically esti-
dependent portion of the object's surface re ectance, one mate the environment illumination, surface diffuse/specu
can achieve the effect of varying illumination by just vary- albedo map, and bump (surface normal) map from multi-
ing viewpoints. We show that by separating the specular view images taken under a single, unknown illumination set-
radiance from the object appearance and using a paramet-ting.
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The major contributions of our paper are:

1. We propose a tensor factorization framework where the
illumination and spatially varying textures can be solved
via bilinear factorization given the object shape and the
basis BRDFs.

2. We show that observations of the specular component

from multiple viewpoints suf ce to solve for both illumi-
nation and texture map (up to a global scaling ambiguity).

Therefore, we do not need to know, measure (e.g., using

a light probe) or manipulate the illumination.
3. We propose a normal map search method during the illu-
mination and texture estimation to handle the imperfect
geometric input.
We demonstrate the application of our results in differ-
ent rendering tasks such as view change, illumination and
texture editing.

This paper is organized as follows. S@aives a review
of some related work. Se8formulates the estimation prob-
lem as bilinear tensor factorization. Sd@resents our esti-
mation algorithm. Se gives experimental results on syn-
thetic and real datasets and the applications of the estmat
results in various rendering tasks. Sépresents the conclu-
sions and future work.

2. Previous Work

Image Based Rendering (IBR)/Re-Lighting (IBRL).
Light eld rendering (LFR)/lumigraphh [H96, GGSC96
have made IBR a great success in computer graph-
ics due to their simplicity of formulation and ability to
create photo-realistic images. Later improvements such
as Eigen-textureNSI99, Surface Light Field Compres-
sion WAA 00] and Light Field Mapping (LFM)CBCGO023

methods have been used for 6-Dimensional Bidirectional
Texture Function (BTF) modeling/[T04, WWS 05]. These
models serve as a compact representation of densely sam-
pled images for ef cient rendering. An image under novel
illumination and from a new viewpoint can be generated
directly by interpolation in the compact subspace. In these
methods, illumination is both known and controlled, and it
is very dif cult to modify the texture after the capturing.

Parametric Re ectance Modeling under Controlled Il-
lumination. Instead of massive data driven models, para-
metric models are also used for surface re ectance mod-
eling. One major method is based on the manipulation of
illumination. Lensch et al.JKG 03] extract the spatially
varying BRDF parameters of a surface with known geometry
and controlled illumination. The extracted BRDF paranwter
are then used to re ne the surface normals. Using a similar
setup, photometric stereo method$S05 Geo03 also try
to estimate the surface re ectance along with shape/normal
estimation. The effects of changing illumination can also b
achieved by rotating the object for xed lighting and view-
point [SWI197,ZCHSO03. By controlling the illumination set-
tings, the texture-illumination ambiguity can be removed
even for a purely diffuse object. However, compared to our
method, these methods are restricted to a highly controlled
environment, and they can only deal with static objects un-
less very special hardware is us&dGT 05].

Parametric Re ectance Modeling from Multiple
Views. Instead of varying illumination, one can also vary
the viewpoint to solve the same problem. The advantage
of using such a multi-view method is that it does not re-
quire the control of lighting. Yu et alYDMH99] estimate
the diffuse albedo map and a piecewise constant specular
map from known geometry and point light sources using an

use more accurate geometric information and more ef cient inverse global illumination model. Ramamoorthi and Han-
compression techniques. These methods can create imagesahan RHO1] propose a signal-processing framework and
from novel views. But unlike the method we present in this discuss the feasibility of solving various photometricaec
paper, it is not possible to modify the texture or illumiwati struction problems in a multi-view setup. They focus mainly
of the scene. Image based relightinyGT 05, DHT 00, on objects with homogeneous BRDFs. To overcome the
on the other hand, uses images captured under different il- illumination-texture ambiguity, they also assume knowled
luminations to synthesize images under novel lighting. But Of illumination when solving for spatially varying surface

the requirement of illumination control is restrictive amok

texture maps. Nishino et aNg101,NZI05] solve the illumi-

always possible. Furthermore, most of these methods usenation, a homogeneous specular BRDF and a diffuse texture

linear interpolation to generate novel images and theeefor
need very dense sampling of viewpoints and/or illumination
directions. By exploiting both texture and illumination-co
herency between different viewpoints, our work only need
sparse input images for synthesis, in contrast to the Lumi-
graph [GGSC96 where only texture coherency is consid-
ered.

Data Driven BRDF/BTF Modeling. Data driven models
have also been used in re ectance modeling of surface with
complex textures. Matusik et al. use densely acquired re-
ectance data to estimate the Bidirectional Re ectance-Dis
tribution Function (BRDF)MPBMO03]. Tensor factorization

map by using blind deconvolution on the specular compo-
nent. Although their method can also synthesize relighted
scene based on the images under a single illumination sett-
ting, they assumes homogeneous specular BRDF and restrict
light to be point sources. In contrast, our method focused
on resolving the illumination-texture ambiguity where asp
tially varying specular albedo map can be recovered togethe
with an arbitrary illumination map represented in frequenc
domain.

lllumination Estimation. Mirror sphere is the standard
tool to acquire illumination. Besides that, many methods us
an object with uniform or piecewise constant albedo. These
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include the methods that use diffuse and specular re ection  To simplify the problem, we assume the illumination is
to estimate multiple directional source&q02], and spheri- distant so that it can be represented as a 2D spherical func-
cal harmonic decomposition of the illuminatioRHO01]. In- tion. This function can be decomposed, for example, using
tensity variations due to shadows of a known shape on a uni- spherical harmonics or wavelet bases. We assume the object
form or known textured surface are also used to estimate illu is composed of a base material modulated by an albedo map
mination [SSIO3LLLSO03]. Our method, on the other hand, (texture), sAA is fully speci ed by the object geometry and
can work on objects with arbitrary, unknown texture, aslong a base material's BRDF. We model the surface texture as
as there are view-dependent surface radiance variations.  formed by the triangles in the object's mesh, each having a
Precomputed Radiance Transfer. PRT, which pre- constant albedo. The light transport tensor records the con

computes most of the non-linear light transport so that fast mbl:t'on of ea;]ch |Illgrr:;nat|onr§%mponent todgach SL:rface.tr
rendering is possible, is also closely related to our work angle. Note the albedo matrbecomes a diagonal matrix

[SKS02SLS05NRHO4. Our method uses a decomposition if we assume no inter-re ection between different triarsgle
of the surface radiance similar to the one used in PRT, but  We can enrich our model's expressiveness by using a lin-
our goal is the reverse process, namely to estimate the re-ear combination of basis materials. Each basis mateinis

ectance and illumination from the images. its own LTT A; and the corresponding diagonal albedo ma-
trix Bj. The radiance tensor can then be written as:
3. Problem Formulation: Bilinear Decomposition of R = é_ Ai 1Bi oH ®)

Surface Radiance Tensor i

In this section, we present the basic formulation of the prob  Again, the light transport tensé in (2) is known, given the
lem, and explain its relationship to the existing other meth  object geometry and the basis BRDFs. The unknowns are the
ods. The observed object appearance is the combined ef-multiple albedo mapB; and the illumination matrix.
fects of environment illumination, surface geometry, BRDF
and texture. Given the surface geometry, the radiance of the
object surface from different viewpoints and under differ-
ent illumination settings can be arranged into a 3D tensor
R2< P J L where the three dimensiorJ; L correspond
to the surface location, viewpoint and illumination segtin
We formulate the illumination and texture estimation prob- - > Y ; -
lem as the decomposition of the observed radiance into three Mulation and the spatially variations are introduced bgdin
components, corresponding to the illumination, light &an albe(_jo maps. This allows the illumination matrix and albedo
port (the joint effect of basis BRDFs and surface geometry), matrix to be factored out simultaneously. Lensch et al. use
and the texture albedo. more comp_lex ;urfgce re ec_tance_ models and rely on_clus—
tering and illumination manipulation to solve for multiple
materials.

In this paper, we use two basis materials, the diffuse and
specular materials. We also ignore any inter-re ections be
tween different object surfaces so thtis diagonal. The
differences between our approach and that of Lensch et al.
[LKG 03] in handling spatially varying materials are that
the basis material is shared by the entire surface in our for-

3.1. Radiance Tensor Formation Model

Among the rest of the paper, Se&3 discuss the con-
ditioning of solving both illumination and texture givéh
and the diffuse and specular LTTs. Sdcl discuss how to
numerically approximate these LTTs. Note that although the
diffuse BRDF has no parameters, the specular BRDF usually
has additional parameters that are unknown. These parame-
ters are estimated using another non-linear optimizatgoon a
described in Secl.3

Similar to the work on pre-computed radiance transfer
[SKS02SLS05NRHO04], we divide the transformation from
incident light to the surface radian&e into linear and non-
linear parts (Fig2). Linear components of the incident light
rst pass through different non-linear light transport pro
cesses. The results are linearly weighted by the surfaee tex
ture to obtain the surface radiance. Mathematic&lycan

be written as a product of three tensors:

R=A 1B 2H (l)
where is the albedo matrix, andl™ X is the illumi-
nation matrix, andA 2 < P 7 Kis the light transport tensor ~ As discussed previously, photometric methods (calibrated
(LTT) 2. uncalibrated) such a3 KG 03, HS05 Geo03 manipulate
the illumination so that different transported illumirats
are multiplied with the texture albedo in order to separage t
Y Each of these three dimensions actually has two degrees-of- two (Fig.3 (a)). The advantage of controlled illumination is
freedom. Therefore, the surface radiance tensor alsosemt®a  that jt can resolve texture-illumination ambiguity evem fo
6-D function that is similar to the Non-local Re ectance [Eitro- pure diffuse material. However, manipulating illuminatio

duced in PHT 00, , _ _ ~ requires a highly controlled environment.
Z For occluded surface point the corresponding entry in LTT is

zero, meaning no light is transported to that viewpoint. Given the Light Transport Tensor, We separate the texture

b p 3.2. Varying lllumination v.s. Varying Viewpoints
B
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with mixed diffuse and specular re ectance, one can in prin-
ciple solve for the diffuse and specular albedo, as well as
the illumination using the same iterative approach (we will
refer to this as the direct method). But in practice, because
of the sparse sampling of viewpoints, we will show that it is
D more stable to remove the under-constrained diffuse compo-

nent before solving the bilinear system. Diffuse textune ca
be solved for later after illumination has been estimated.

Figure 2: The radiance tensor formation model.

4. lllumination and Texture Estimation Algorithm

albedo and illumination by observing the object from differ Based on the above formulation, we propose a multi-
ent viewpoints. In order to obtain non-constant transjbrte view texture map and illumination estimation algorithm. A
illumination as in photometric methods, the LTT should Schematic of our algorithm is shown in Figg(a). Our input
have non-constant values in the viewpoint dimension. Be- is a set of calibrated images of the object and its 3D shape.
cause of this constraint, we cannot resolve lighting and tex We rst separate the diffuse and specular component of each
ture ambiguity for purely diffuse scenes the well-known surface triangle. The diffuse color is computed as the me-
texture-illumination ambiguityRHO1]. However, for specu- dian of its radiance observed from different viewpdintit

lar objects, we can decompose the observed surface radiances subtracted from the surface radiance tensor to obtain the
into texture albedo and illumination matrix from images of ~SPecular radiance tensor. Based on the object geometry and
a SINGLE UNKNOWN illumination setting. This method the basis BRDF, we are able to compute the specular LTT.
gives us greater exibility since the illumination no longe The illumination and specular albedo map are rst solved for

needs to be controlled or measured even for textured sur- in the specular component analysis. We also perform special
faces. non-linear optimization to adjust the specular bump map and

specular BRDF parametsr. The estimated illumination is
then used to solve for the diffuse albedo map.
3.3. Bilinear Factorization

Eq.(1) blends together the two sets of unknowns using the )

light transport tensoA , which, given the observed surface  4-1- Compute the Light Transport Tensor

radiance tensoR , results in an over-determined system of - Tne |ight transport tensor encodes all the non-linear facto
bilinear equations. There is no closed form solution to the  the light transport. Signi cant effort has been made to
least squares problem of such an over-determined bilinear 4 fast and accurate ways to compute the light transport
system, but the normal equations of this system can be de- jgn5or BKS02 SLS05NRHO04. We use spherical harmon-
rived and solved iterativelyqT97). This is equivalent to it jcs to decompose the environment illumination, which gives
erating between xing one set of parameters (illuminaion 5 4 compact band limited representation. The spherical il-
or texture albed®) and solving a linear least squares prob- | mination L(Q) can be written as a linear combination of
lem for the other. spherical harmonic basis:

The stability/convergence of the bilinear factorizatia d

N, m
pends on the structure of the light transport tensor. First, L(Q) = g a hmnYmn(Q) (3)
there is a global scaling ambiguity between the illuminatio m=0n= m

H and the texture albed®. This can be resolved by normal-

izing the DC component of the illumination ta“1 After the whereNy is the highest order of harmonic series we use,

N . . hmn are the spherical harmonic coef cients a¥igdn are the
normalization, since diffuse LTA 4 does not vary along the real basis functionafei]. To simplify notation we will iden-

viewpoint dimension . observauon_ from different viewing tify the basis functions using a single indxso L(Q) =
directions does not bring enough independent equations to , k heYi

constrain the unknowns and the estimation is ill-condgihn k=0
For purely specular material,s has linearly independent
entries along the viewpoint dimension. Observing a specula
objects from different directions does give us extra equati

to solve both texture albedo and illumination. For an object

{ The reason for choosing median value instead of minimunevalu
as the diffuse component is due to the geometric error ofehé r
dataset. When projected to the input images, a triangle tniigh
mapped to the radiances from different parts of the objedifin

X" Our paper handles each color channel separately, so thisahor ferent views. The minimum values of these radiances sorestim
ization sets the average color of estimated illuminatiowlie contains artifacts and are less robust than the median.value
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@

(b)

Figure 3: Comparison of (a) varying illumination (photometric) meds, and (b) our method (multi-view with unknown illu-
mination) in terms of surface radiance tensor decompasitited contours indicate unknowns.

(i1
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Figure 4: (a) Flow diagram of the illumination and re-
ectance estimation algorithm. (b) Details of the Specular
Comonent Analysis module. Dashed arraw represents the
initialization.

For diffuse material, the light transport is view indepen-
dent and can be computed using the lambertian law:

Aa(p: jiK) = % SQWQ)T AR (@)

whereGis the upper hemisphere about the surface normal of
point p, ands(Q) is the shadow function specifying whether
pis in shadow with respect to the light incident from direc-
tion Q.

For specular BRDF, we use a gaussian Itered mirror
model. The specular re ection is computed by rst ltering
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Figure 5: The viewing directiore, surface normah, light
directionT and the re ected viewing direction

the illumination function_(Q) with a circular gaussian lter
and then re ecting it:

1

4ps? ¢

Fir

As(p; j;K) = 252

exp Yi(Q)S(Q) dQy (5)
whereF |, is the angle between the light directiband the

re ected viewing directionrpj, as illustrated in Fig5. s

is similar to the roughness parameter in Torrance-Sparrow
model that controls the blurry effects of the BRDF to the il-
lumination. Note that this model does not handle the Fresnel
effects so the errors near the grazing viewing angle will be

larger.

The shadow functiors(Q) is completely determined by
the object geometry. We evaluate this function on a uniform
grid of directions placed on the unit sphere. We use discrete
integral approximation to compute the diffuse and specular
light transport tensor based on these sampling directions.

4.2. Specular Component Analysis

The Specular Component Analysis module implements the
bilinear factorization algorithm discussed in S8, where

two linear system solvers are alternated to solve both ilum
nation and specular albedo map. Since we use the specular
re ection to estimate the illumination, the re ection has t

be observable in the input images. Similarly, for a surface
point having non-zero specular albedo, specular re ection
has to be observed in at least one input images. These re-
quirement are easier to be met when the number of light
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Figure 7: Light probe data used for synthesis (left) and two
L of the 24 synthesized images of the earth data set.

used to dis-ambiguous the illumination and BRDF. But even
Figure 6: Discrete normal map search algorithm and the if the scene does not have any shadow and the estimation
hexagon normal search pattern (right). problem is not well-conditioned, golden section search wil

converge to some intermediate value and will not diverge.

sources and viewpoints increase. To handle the geometric er 4-3. Other Implementation Details
rors from the input shape (camera calibration error, shape t \we use OpenGL to compute the shadow function in 1164
camera registration error, and lack of geometric detafis) a  sampling directions. For each sample direction, we render
the unknowns parameter in the specular basis BRDF, we  the surface mesh orthographically onto a plane perpendicu-
add additional discrete normal map search ands1s2arch lar to that direction. The shadow function is set to 1 for all
into the algorithm (Figt (b)). the visible triangles in that direction, and set to O for thstr

To compensate for the geometric error, we perform a To repgesent iIIum!nation, we use spheri_cal harmonics up to
multi-scale greedy search in the neighborhood of the normal the 16" order , which result in an 121 1 illumination ma-
computed from the input shape to reduce the sum of squaredt”X H.
residue of the bilinear system in Eq.)(<. The search algo- The iterative algorithm in the specular component anal-
rithm is outlined in Fig.6. During the discrete normal map  ysis is initialized by a constant specular albedo for all the
search, both the albedo map and illumination are xed. The triangles and surface normal equal to the original normal
estimated surface normal can be used as a specular bumpfrom the input shape. The search rangesois set to be
map to compute the LTT for the subsequent albedo and illu- large enough to include the typical values used in our exper-
mination solver until a new bump map search is performed. iments. Due to the diagonal structure of the albedo matrix,
Each bump map search always starts from the same normalthe surface albedo, given the illumination, can be solved fo
computed from the input shape, which will prevent the nor- independently at each surface location. On the other hand, i
mal map from diverging far away from the original shape as lumination, given the surface albedo, needs to be solved for
the number of iterations increases. using equations from all surface points.

For the unknowrs parameter in the specular basis BRDF, We implement our algorithm in mixed matlab and c++
we perform a 1-D golden section search to nd an optimal program. To represent the texture and geometric detads, th
value. A sequence &f values are generated according to the input geometry is subdivided to have around 200 300K tri-
golden bisection rules and for easthe tensor factorization angles. For each value we perform 4 iterations in the spec-
residue is computed (after the normal map search and the il- ular component analysis. It takes about 12 hours for the
lumination and albedo estimation are nished). The one that program to search a ten valsesequence and estimate all
minimize the residue is selected as the optimal parameter. other unknowns (on a P4 2.8Ghz computer with 1 GB mem-
Note that previous researcRIH0]] indicates that estimating ~ ory). Given the pre-computed shadow function, the render-
s and illumination at the same time is not well-conditioned. ing takes about 1-2 minute/frame.

Nishino et al. NZ101, NZI05] rely on strong regularizations
to resolve this illumination-BRDF ambiguity, which rests

the light to be point sources and no shadowing effects. One ) ]
source of information that can be used to constraint the il- We perform experiments on one synthetic dataset and two

lumination is the sharp shadow. Our LTT incorporates the real datasets. We also demonstrate the application of eur es
self-shadow information from object geometry which can be timated results in various rendering tasks.

5. Experimental Results

K o . ) 5.1. Estimation Results
This does not solve all the problems though, since the geamet

errors also give inaccurate image correspondences whittotae We use a synthetic experiment to show that we can solve
compensated by adjusting the surface normal for both texture and illumination unknowns from only multi-
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(@) (b)

(© (d)

Figure 8: Estimated illumination (top, in longitudg; 2p]

- latitude [0; p] plot) and specular texture (bottom) for the
earth data set. (a) Estimated results . (b) Ground truth.
Ground truth illumination is Ited by the same phone BRDF
and DC is normalized to 1. The root mean square error
(RMSE) for estimated illumination is 0.0026 (DC normal-
ized to 1) and the RMSE for estimated specular texture is
0.032.

view specular radiance given the basis light transport. We
render 24 different images of the sphere with a pure specu-
lar BRDF modulated by a texture map of the earth using the
Phong model (Fig7). The Phong exponent used in render-
ing is 10 for the entire sphere and the illumination is a set of
40 directional sources obtained by clustering the lighbpro
data. These light sources are converted to white color dur-

Figure 9: Three of the 30 input images of the Fish data set.

‘w

Figure 10: Structured light scanned sh model (left) and the
estimated diffuse color.

In the second experiment, we use the sh data set captured
by Wood et al. WAA 00] with structured light scanned ge-
ometric shape”. We select 30 input images evenly dis-
tributed around the sh out of the original more than 600
images (Fig9) #.

We separate the diffuse and specular component by using
the median color method mentioned earlier. Fi§.shows
the sh shape we use and the separated diffuse color, where
specular highlights are correctly removed. Hig.compares
the estimation result of directly solving the bilinear syt

ing rendering because we cannot recover the global scaling for diffuse and specular albedo (the direct method) - solv-

factor between different color channel.

Since we have the perfect geometry and sphere doesn't

have any shadow, we don't perfors parameter or nor-
mal search on this data set and only use the perfect mirror
light transport model. The estimated illumination is there
fore the combined effect of the actual illumination and the
Phong BRDF. Fig8(a) and (b) show the texture map and
illumination along with the ground truth illumination (af-
ter it is Itered by the same Phong BRDF and normalized
to have unit DC component) and the ground truth specular
texture map. The estimated illumination closely matches th
Itered ground truth illumination, and the estimated albed
map correctly shows the texture variation with the exceptio
of some blur. This is mostly due to the truncation errors in
the spherical harmonic expansion of the illumination, and
the surface granularity we chose in the estimation. This ex-
periment shows that given the basis light transport, we can
extract the arbitrary specular texture map and illumimatio
up to a global scaling ambiguity.

http://www.debevec.org/Probes/.

submitted tdEurographics Symposium on Rendering (2006

ing for the specular albedo after specular texture sejperati

- and the specular texture separation algorithm with bump
map optimization. The direct method shows texture over t-
ting problem on the tail and the sh head area, where strong
specularities occur (Fidl2(a)). Specular texture separation
helps regularize the texture solution so the diffuse textur
becomes more uniform (Fidl2(b)). With specular bump
map optimization, those ne details not captured in the in-
put shape (e.g., the sh scales) can be modeled and the spec-
ular texture become more smooth (Fig(c)). Fig. 12 also
shows the synthesized images by different estimation algo-
rithms for one input view. The direct method shows artifacts
in some region. The diffuse-specular separation helps-to re
move these artifacts, and the bump map optimization helps
to tthe correct highlight region. Overall, the estimatiaf

YY  We perform addition camera-geometric shape registrasn r
nement based on the object silhouettes to improve the caroaF
ibration accuracy of the original dataset.

ZZ Due the low intensity of the original images, all the imagés o
the sh data set under original illumination are scaled bpetdr of
1.5 for display purpose.
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Figure 11: Original sh shape (left) compared with the es-
timated bump map (right); geometric details not modeled by
the input shape are estimated.

gorithm correctly decomposes the surface radiance into ill
mination and diffuse/specular albedo. The estimated iHum
nation map shows two strong clusters of light which corre-
spond to the two point light sources used for capturing. The
estimated specular map also shows correct spatial variatio
of the texture, e.g. the golden lines on the sh. Note that
due to this light con guration, part of the sh is under com-

plete shadow and we cannot recover any texture information
from those parts. The synthesized images appears to be a lit-

tle blur than the original image, which is largely due to the
calibration and geometric registration error. Since ogpal
rithm estimate the surface albedo by combining information
from different viewpoints, any mis-correspondence betwee
different input images can result in blurriness. In Fig(c),

we can nd some bright yellow specular region on the sh
body near the tail. That's the estimation error due to therint
re ection from the tail. In our algorithm it is mistaken as a
very bright specular albedo. Fitjl compares the estimated

synthesized result in all the 30 input images and 22 novel
images.

5.2. Applications in Rendering

Due to the limit amount of data available (only images under
a single illumination setting), our goal is not to recoveygh
ically accurate surface re ectance properties, but a nreani

ful decomposition of all the input data (the surface radé&anc
tensor) guided by some simple light transport models. This
decomposition can be used to generate plausible new images
in many rendering tasks, such as novel views of the object,
relighting the object in a new environment, or changing the
material of the object. For example, Fit4 (a) shows the
synthesized image for the sh data set from a novel view-
point. Fig. 14(b) shows the result of modifying the diffuse
material in a part of the sh. In Figl4 (c) we render the

sh model after rotating the illumination, and under a new
illumination captured by light probe.

Fig. 14 (d) shows the rendered Van Gogh model in a novel
view compared with the ground truth image. Fidl (e, f)
demonstrate the effect of light editing. We can modify in-
dividual light sources in the illumination map to different
colors. Note that only part of the highlight area changes
color. Fig. 14 (g) shows synthesized images under illumi-
nation from the Fish data set and under a new illumination
captured by light probe.

6. Conclusions and Future Work

In this paper, we have considered the problem of simulta-
neously estimating the illumination, diffuse/speculattiee

specular bump map compared with the original shape. Geo- map and bump map from multi-view images under xed il-
metric details not modeled in the input shape are recovered. |, mination. We show that view dependent light transport can
We also measure the Root-Mean-Squared-Error (RMSE) of e ;seq to resolve the texture-illumination ambiguity. The
synthesized images compared with the 30 inputimages. The jjjymination and the texture albedos are estimated by-itera
average RMSE is 0.0465 on a scale of [0, 1]. tively solving a bilinear system of equations. Our algarith
We also apply our algorithm to the Van Gogh data set &lso performs a non-linear optimization of specular bump
[CBCGO3. Fig. 13 (a) shows two of the 30 input imag&s map. Experimental results show that our algorithm can be
Fig. 13 (b) shows the estimated illumination, diffuse and Used to estimate both the texture map and illumination, and
specular albedo map, and bump map. The estimated illumi- @lso re nes the surface geometry. The estimated result can
nation shows four light spots in the upper hemisphere (left be used to render the object for novel views, novel illumina-
part in the gure), and the white re ection from the white ~ tion and after texture change.
desktop. Strictly speaking, the re ections are not distéunt

Following are some possible directions for further work.
mination to the object, so estimates in that region are @oisi

The estimated bump map can be integrated back into the
The inter-re ection on the statue makes the diffuse esémat geometric model to recover more consistent shape details.
appears brighter especially in the shadowed regions @4.s  More complex light transport model than the current diffuse
face areas facing downwards). Ideally, the specular albedo specular model can be used, but this should be done without
map Should be Uniform, but the aCtUaI estimated I’esults are making the estimation ill-conditioned. Inter-re ectioreb
quite noisy, which suggests they are used to compensate theyyeen object parts can be modeled if the albedo matrix has
various errors in the calibration, geometric registratonl non-zero off-diagonal entries.

light transport models. Fig3 (d) plots the RMSE for the
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