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Abstract—We present a non-stationary stochastic filtering
framework for the task of albedo estimation from a single
image. There are several approaches in the literature for d&dedo
estimation, but few include the errors in estimates of surfae nor-
mals and light source direction to improve the albedo estimge.
The proposed approach effectively utilizes the error stastics of
surface normals and illumination direction for robust estimation
of albedo, for images illuminated by single and multiple lidnt
sources.

The albedo estimate obtained is subsequently used to gentza
albedo-free normalized images for recovering the shape ofma
object. Traditional Shape-from-Shading (SFS) approachesften
assume constant/piece-wise constant albedo and known ligh
source direction to recover the underlying shape. Using the
estimated albedo, the general problem of estimating the sipa of
an object with varying albedo map and unknown illumination
source is reduced to one that can be handled by traditional S&
approaches.

Experimental results are provided to show the effectivenesof
the approach and its application to illumination-invariant match-
ing and shape recovery. The estimated albedo maps are comeat
with the ground truth. The maps are used as illumination-
invariant signatures for the task of face recognition acros
illumination variations. The recognition results obtained compare
well with the current state-of-the-art approaches. Impresive
shape recovery results are obtained using images downloatle
from the web with little control over imaging conditions. The
recovered shapes are also used to synthesize novel views end
novel illumination conditions.

Index Terms— Albedo estimation, shape recovery, image esti-
mation, illumination-invariant matching

I. INTRODUCTION

A real world object is characterized by its underlying shape
surface properties. These characteristics define the veagliject
is perceived, irrespective of the view or illumination. el
image intensity, these characteristics of an object arariant to
changes in illumination conditions which makes them usédul
illumination-invariant matching of objects. Realisticdge based
Rendering (IBR) is another application where accurataeregés

of shape and albedo (texture) play a very important role.sThu
estimating the shape and albedo of an object from an in;ensliﬁ
image has been a very important area of research in the fieldaﬁ%
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Computer Vision and Graphics. Though research on this togc
been underway for over two decades, the difficulty in obtejni
accurate estimates and the wide range of applicationsnuanto
interest researchers.

A. Albedo Estimation

Albedo is the fraction of light that a surface point reflectsan
it is illuminated. It is an intrinsic property that depends the
material properties of the surface. In existing literatuatbedo
estimation has often been coupled with shape estimativenGin
input image, most methods follow the two-step approach ef fir
recovering the shape of the object and then estimating ttiecgu
albedo [1]. A few others simultaneously estimate the shaypk a
albedo of an object [2] [3]. There are also albedo estimation
methods whose main goal is shape estimation and albedo is
finally incorporated to account for the image reconstrucgaors
using the estimated shape [4]. Thus, in most approachesdalb
recovery depends on the accuracy of the estimated shapéd-and i
lumination conditions. Errors in shape and illuminatiotiraates
lead to errors in albedo. In this paper, we show how stadiktic
characterization of the errors in estimates of normal agttli
source directions can be utilized to obtain robust albetimages.

The problem of albedo estimation is formulated as an image
estimation problem. Given an initial albedo map (obtained u
ing available domain-dependent average shape informatios
obtain a robust albedo estimate by modeling the true unknown
albedo as a non-stationary mean and non-stationary varfeid.
Unlike a stationary model, this model can account for theddb
variations present in most real objects. The initial albedp can
be expressed as a sum of the true unknown albedo and a signal-
dependent non-stationary noise. The noise term incomg®riiie
errors in surface normal and illumination information. lagsthis
as an image estimation problem, the albedo is estimatedeas th
Linear Minimum Mean Square Error (LMMSE) estimate of the
true albedo.

The theoretical formulation is extended to deal with images
minated by multiple unknown light sources. We propose a
orithm for estimating the illumination conditions inckusce-
narios. The algorithm is based on an approximation to tresalin
subspace property of Lambertian surfaces [5] [6]. The edtoh
illumination information is used along with a domain-degent
average shape to obtain an initial albedo map. Similar to the
single source framework, a robust albedo estimate is daafain
by formulating it as an image estimation problem.
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Fig. 1. Schematic diagram of the proposed approach for strequovery.

B. Shape Recovery initial illuminant direction, one can use any standard SFS

Like albedo, shape is another intrinsic property of an dbjec ~ @PProach to estimate the shape of the object. Using the

which is invariant to changes in pose and illumination ctinds. estimated shape and albedo information, the illuminant
The importance of estimating the shape of an object has blpba direction can also be refined.

been the guiding force behind the vast amount of work th&t schematic of the proposed approach is shown in Fig. 1. The
has been done to recover shape (shape-from-X) from imagessegluence of steps can be repeated with the new estimates as
videos. An example in this category is the work done on tHAe initial values for the shape, albedo and illuminant atice
problem of Shape from Shading [7] [8]. The goal of SFS redearéor further refinement. A preliminary version of this work sha

is to recover the 3D shape of an object from a single imag@ppeared in [9].

Dealing with an inherently ill-posed problem, SFS apprasch

typically make simplifying assumptions like constant oeqs- C. Organization of the Paper

wise constant albedo and/or known single distant light c@ur The paper is organized as follows. Section Il discusses the

Such assumptions though useful to make the problem mMQig,oq \works in the literature. The proposed albedo etitima
tractable, often limit the applicability of the approactfes real  f,mework is detailed in Section Ill. This section descsitia

world objects. detail the image estimation framework and the derivatiorthef

We focus on the g.enerall SFS problem of estimating the Sha}‘é%uired variances. Section 1V details the steps involveshiape
and albedo of an object with varying albedo map and unkno"}‘gcovery using the estimated albedo. Experimental resuks

illuminant direction from a single image. To this end, weg®e |, esented in Section V. Section VI concludes the paper with a
an algorithm that transforms the general SFS problem to éne Q. summary.

estimating the shape of an object with unit albedo and known

illuminant direction that can be addressed using a stan8&%9 Il. PREVIOUS WORK

approach. . ) ) .
Starting with initial values (e.g., domain-specific averpépr In this section, we discuss the reIaFed works for. recoyeth@
shape and illuminant direction, the algorithm proceedsolievis ~ Surface normals and albedo of an object from an intensitgéna
(Fig. 1) Since our approach uses image estimation formulation, se al

1) Albedo Estimation and Image Normalization Starting discuss the related works in image estimation literature.

with the initial shape and illumination information, the
albedo is computed using the image irradiance relatiof: Related Work on Recovering Surface Normal and Albedo
Naturally, inaccuracies in these initial values lead t@exr  Recovery of surface normals and albedo of an object has been
in the albedo value. We refine the computed albedo usisgudied in the computer vision community for a long time. The
the error statistics of the shape and illumination infoiorat approaches in the literature can broadly be classified $#8-
in an image estimation framework. The estimated albedobssed approacheand Model-based approaches
then used to normalize the input image to obtairabmedo- SFS-based ApproachSFS research [7] [8] aims at recovering
free normalized image. This normalization step reduces thiee 3D shape of an object from a given image. Estimating the
original problem of estimating the shape of an object witburface normals, albedo and illuminant direction given raglsi
varying albedo to one of recovering the shape of an objeictensity image is inherently ill-posed. In order to makee th
with unit albedo. problem more tractable, SFS approaches often make simplify
2) Image Transformation: Traditional SFS approaches usuing assumptions like constant or piecewise constant allzedb
ally assume known illuminant direction in addition to conknown illuminant direction for recovering the shape. Butlsu
stant albedo assumption. In this work, the normalized imagessumptions often limit the applicability of the approafa real
is further transformed to a new image of the same objeatorld objects. Over the years, considerable advances hese b
illuminated by the initial estimate of illuminant directio made [10] [11] [12] [4] for dealing with objects with varying
The transformation is formulated as another estimatiabedo. Much of the research has been directed towards the
problem that utilizes the error statistics of the illumihanuse of domain specific constraints to reduce the intradtyaluf
direction. This reduces the problem to one of finding théhe problem for the analysis and estimation of general albed
shape of an object with unit albedo and known illuminamnaps. Often the use of such constraints bridges the gap &etwe
direction. pure SFS approaches and the statistical model-based ahpsa
3) Shape Estimation: Given the transformed image and thdeaving no clear demarcation between the two categories.
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Zhao and Chellappa [10] propose an SFS approach rwdifications to the standard stationary image model haveesi
recover shape and albedo for the class of bilaterally symienetbeen proposed. Hurdt al. [19] [20] proposed a non-stationary
Lambertian objects with a piecewise constant albedo fieh&irT mean Gaussian image model in which an image is modeled as
approach combines the self-ratio image irradiance equatistationary fluctuations about a non-stationary ensemblanme
with the standard image irradiance equation to solve for thesbedev and Mirkin [21] suggested a composite image mode! th
unknowns. Aticket al. [11] reduce the SFS problem to thatassumes that an image is composed of many different stafiona
of parameter estimation in a low-dimensional space usig tbomponents, each having a distinct stationary correlagtonc-
Principal Component Analysis (PCA) over several hundredre. Anderson and Netravali [22] used a subjective erriberoon
laser-scanned 3D heads. Dovgaed al. [12] combine the based on human visual system models. The derived non-rezurs
symmetric SFS formulation [10] with the statistical approdo filter makes a trade-off between the loss of resolution arideno
facial shape reconstruction [11] to recover the 3D faciapgh smoothing such that the same amount of subjective noise is
from a single image. Smith and Hancock [4] embed a statlsticguppressed throughout the image. Abramatic and Silver23j [
model of facial shape in an SFS formulation. Albedo estiamati generalized this procedure and related it to the classidgah&y
follows shape estimation to account for the differencesvben filter. Naderi and Sawchuk [24] derived a non-stationarcdite
predicted and observed image brightness. Wiener filter for a signal-dependent film-grain noise modblak

can adapt itself to the local signal statistics given theddamal

Model-Based Approach Blanz and Vetter [2] propose a 3D noise statistics. Kuagt al. [25] proposed a non-stationary mean,
morphable model based approach to recognize faces acress pmn-stationary variance image model. A local linear minimu
and illumination variations. They represent each face daemal mean square error filter for images degraded by blur and a clas
combination of 3D basis exemplars. Recovery of shape amdialb of signal-dependent, uncorrelated noise is derived baseth®
parameters is formulated as an optimization problem thas &b proposed image model.
minimize the difference between the input and the recootsdu
image. Romdhaniet al. [3] provide an efficient and robust [1l. ALBEDO ESTIMATION

algorithm for fitting a 3D morphable model using shape and For Lambertian objects, the diffused component of the sarfa

texture error functions. Their algorithm uses linear equest to  reflection is modeled using tHeambert's Cosine Lavgiven by
recover the shape and texture parameters irrespectives gidke

and lighting conditions of the face image. Zhang and Sanfatas = pmax(n’'s,0) (1)

combine spherical harmonics illumination representafin6]  \here 1 is the pixel intensity,s is the light source direction,
with 3D morphable models [2] to recover person-specific 9asj s the surface albedo and is the surface normal of the
images. Feature-point based shape recovery is followed lfgr  ¢oresponding surface point. The expression implicitiguases
ative estimation of albedo and illumination coefficientantaras 5 single dominant light source placed at infinity. It is wevtfile
and Metaxas [13] incorporate non-linear holonomic comssan 15 note that the Lambert's law in its pure form is non-lineaed
a deformable model to estimate shape and illuminant daBCti g the max function which accounts for the formation of attached
Under the assumption of constant albedo, the light soun@e-di ghadows. Shadow points do not reveal any information atbeir t

tion and shape are estimated in an iterative manner by fixieg Geflectivity and thus their albedo cannot be estimated from t
unknown and estimating the other until there is no more cbamg jmage.

the illuminant estimate. Zhoet al. [14] impose a rank constraint | ot ,,(0) 20450 pe the initial values of the surface normal and
on shape and albedo for the face class to separate the two figinarit direction. The initial surface normal can be themain
illumination using a factorization approach. Integrapitnd face dependent average value or any estimate available or ebtain

symmetry constraints are employed to fully recover the selasyom any other method. The Lambertian assumption imposes th
specific albedos and surface normals. “ateal. [15] use pose- following constraint on the initial albedp(®) obtained

encoded spherical harmonic representation for face réwmgn
and synthesis from a single image. Lee and Moghaddam [16] p(,o,) = _ Ly 2)
propose a scheme for albedo estimation and relighting ofamum w ngg? - s(0)

faces using a generic 3D face shape. First the average Sﬁap\%ﬂere

used to determine the dominant light source direction wiigch
then used to obtain an estimate of surface albedo for Lamhbert
objects. The problem of albedo estimation has also beermrssiell
by lightness algorithms that recover an approximation tdase
reflectance in independent wavelength channels [17].

is the standard dot product operator. We suppress the
explicit max operator by considering only the pixels with positive
intensity values. Clearly, more accurate the denominatd?) -

5(0)) is, the closer is the obtained initial albedo to its true galu
p. For most applications, accurate initial estimates of radsrand
light source direction are not available leading to errarsag®).

Fig. 2 illustrates the nature of errors in the obtained atbed
B. Related Work on Image Estimation Methods p©) for a synthetically generated face image using a frontal
In this paper, albedo estimation is formulated as an imagdjght source i.e.s = [0,0,—1]. True surface normal information
estimation problem. Image estimation being a very matuea aris used for estimating the albedo in this example. One may

in the field of image processing [18], we provide pointersyonlexpect the errors to be larger if inaccurate estimates aragee
to a few related papers. The standard Wiener filter is knowmlue of surface normals are used. The light source dimctio
to be optimal for second order stationary processes [18f Inis estimated using the method in [26] and the resultfy is
stationary model, the statistical properties of the imagegiob- [0.1499, —0.0577, —0.9870]. Interestingly, not only isp(®) quite
ally characterized which makes the stationary Wiener edion far from the true value for quite a few points, but even the
algorithm blur the abrupt changes in the input image. Séverxror varies appreciably across pixels. The proposed astm
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| HereC, o, is the cross-covariance matrix pfandp(®. E(p'”))

4 4 and C,o) are the ensemble mean and covariance matrix of
i i p9) respectively. The LMMSE filter requires the second order
i o 1) statistics of the signal and noise.

5 - J " The expression for the signal-dependent naisean be rewrit-
@ ten as follows

—

(nij — nl(-,oj)) s+ nl(-,oj) (s —s) B ®)
2 50 Pis
i,7

)

wij =

Albedo value

Assuming the initial values of surface normal?) and light
source directions(”) to be unbiased, bottE(w) and E(w|p)
are zero. Since noise is zero med(p?)) = E(p). SoC

, 0p(©
o o 0 e B T B0 5 55 1 can be written as
0 0\ T
Coppr = Ellp—E@)(p” = E(p)T]
Fig. 2. lllustration of the nature of errors in the initiababo p(9). (a) Input _ _ T
Image, (b) True Albedo, (c) Obtained Albedo, (d) Differericeage, (Bottom) = Gt Ellp — E(p))w"] ©)
Pixel-wise error variation in the initial albedo mag®). Similarly, if C., is the covariance of the noise terfil,, can be
written as
framework duly accounts for these variations to obtain aisob Coo = El(p” —E(p)(p” — E(p)7]
albedo estimate. = Cp+ Cu+ El(p— E(p)w”)
T
+ E[w(p—E(p))"] (10)

A. Image Estimation Framework ) -
_ o Recalling thatE(w) and E(w|p) are zero,E((p — E(p))w" ) =
Here we present the image estimation framework to obt%n This simplifies (9) and (10) as follows

a robust albedo estimate using the initial albedo map whsch |
erroneous due to inaccuracies in surface normal and lighteo C
estimates. The expression in (2) can be rewritten as follows

pp0) = Cp and Cp(o) = Cp + Cw (11)

In conventional image estimation problems, the originghal

o__TLij _ - mij-s ®) is assumed to be a wide-sense stationary random field. For
Pij n'0 . 50 Pij nl® . 50 albedo of real world objects, stationarity may be an ovepéified
i i assumption. Fig. 3(a) shows the albedo of a face. It is evitem

where p, n and s are the true unknown albedo, normal anghe histogram (Fig. 3(b)) which is not Gaussian that the ddbe
illuminant direction respectivelyp(®’) can further be expressedis not a stationary random field.

as follows Here we assume a Non-stationary Mean Non-stationary Vari-
© nij-s —"1(-03-) . (0 ance (NMNV) model [2_5]_ for t_he trt_Je albedp. _Unlike the
P =P+ © ’(0) Pi; 4) stat!onary model, the onglnal S|gn_al is characterized byoa-

"8 stationary meanFE(p) which describes the gross structure of

y (0), 40 the signal. Under this model, the residual componépt—

Substitutingw; ; = "1’]:(;)";(’3)'8 pi ;, (4) simplifies to E(p)) which describes the signal variations is assumed to be
i a non-stationary white process, i.e. it is statisticallycame-
pz(g) = pij +wi (5) lated and characterized by its non-stationary variange(p).

Fig. 3(c) shows the normalized unit variance residual image
This can be identified with the standard image estimatioméer The normalized image seems to have Gaussian-like histogram
lation [18]. Herep is the original signal (true albedo), the initial(Fig. 3(d)) which justifies the NMNV model for the true unknow
estimatep(”) is the degraded signal anal is the signal dependent albedo [25].

additive noise.

B. LMMSE Estimate of Albedo

The Minimum Mean Square Error (MMSE) estimate of the
albedo mapp given noisy observed map® is the conditional
mean

. 0
p = E(plp"”) ()
Fig. 3. Non-stationary mean and non-stationary variancdeinfor the true
In general, the MMSE estimate is non-linear and depends akhedo. (a) True albedo, (b) Histogram of (a), (c) Normalizait variance

the probability density functions gf and w and is difficult to residual image, (d) Histogram of (c).

estimate. Imposing linear constraint on the estimatorcsire, ) ) ]
the LMMSE estimate is given by [27] Under the NMNV assumptior(;, is a (hon-constant) diagonal

matrix. As C, is diagonal, C,,o, is diagonal. SinceC, is
p=Ep)+C, 0 C;(})) (' — E(p)) (7)  diagonal,C., and thusC o, are also diagonal. Therefore, the
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LMMSE filtered output (7) simplifies to the following scalar =
(point) processor of the form ‘ "

Pij=E(p; ;) +aij (PEOJ) E(Pg?j)))

. (989 (scaled)

cos 6

2
2. _
where, a;; = % (12) B
05;(p) + i ;(w) FY
whereo? ;(p) ando? ;(w) are the non-stationary signal and noise T S
variances respectively. Recalling thatp(?)) = E(p), (12) can
. 2
be written as Fig. 4. Left: Pixel-wise albedo error vsn(o) s(9)", Right: Cosine
R (0) function explaining the error variation.
pij=(1—0aij)E(p; ) + Qi,5P; (13)

So the LMMSE albedo estimate is the weighted sum of thg, ; theticall i d f _ W that th
ensemble meai(p) and the observatiop®), where the weight # 'O @ synthetically generate ace Image. e see that the

depends on the ratio of signal variance to the noise varidfme ferror actually varies mvershely W'tgh s )) Wheg\ all thzuotti::r
low signal to noise ratio (SNR) regions, more weight is giten actors afrehconstant ?UC ano sekr]vanon can be att”h h
the a priori meanFE(p) as the observation is too noisy to makd'ature o t, € cosine unctlop as shown in Fig. 4 (right). W en
an accurate estimate of the original signal. On the othed han the angle is small, the cosine function changes slowly which

high SNR regions, more weight is given to the observation. implies that small errors in the angle estimat&zf will not
adversely affect the accuracy pf?, i.e. Ay; is small. On the

other hand, when the angle is large, even a small error in the
angle estimate can lead to large errorgif. The noise variance
From (8), the signal-dependent noiaeis expression used in the proposed estimation framework igbdap
() (0) ) of accounting for this variation and thus has good poteribal
_(mij—mnij)-stnij-(s—s) (14) obtain a fairly accurate estimate of albedo. The varioupsste
n(o) 5(0) the proposed algorithm to obtain the albedo estimate from an
" input intensity image are enumerated in Fig. 5.

C. Noise Variance

Pi j

We assume that the error in surface nornta) ; — n(oj)) is

uncorrelated inr, y andz directions and their variances are same

A similar assumption on the error in the light source dimati D- lllustration with synthetically generated data

(s—s(9)) leads to the following expression for the noise variance Fig. 6 shows the albedo maps obtained using the proposed

o (w) algorithm for a face image. To facilitate comparisons witbumnd

aﬁj(w) = aﬁj(wl) + aﬁj(wg) (15) truth, the input face image is generated using 3D facial {ta
Both correct and average facial surface normals are used®as

where to show the efficacy of our approach for a wide range of errors
o2 9 Sz + 8y° + 8,2 B(02 16 in surface normals. The other contextual information respli
J(w1) = oi;(n) ©) . (02 (ki) (8) 1 optain the LMMSE estimate of the albedo is determined as
(ngj %) follows
and
0 0 0)42
o2 (ws) = 02(s) ("Ss )) (”1(4 )) + (ni )) E(p?,) « Input: 2D intensity imagd and average surface norma”).
©J (n(_o_) .8(0))2 ” « Get initial estimate of source®) in a least squares manner
“J 17) assuming unit albedo.
i ; At initi i 0) i 0 0
Hereo?;(n) ando?(s) are the error variances in each direction ¢ Get initial raw estimate of albedp'” usingn® and s
of the surface normal and light source direction respeigtive o L
{sz,8y,s-} and {ngo)méo)’ngo)} are the three components of Pig = n0 . 50
the illuminant direction and initial surface normal resiesy. J

[sz, 8y, sz] and[ngﬁo),né N )] being unit vectors, the expressior] « Estimate the non-stationary noise variamrfg (w) using
for the noise variance can further be simplified as follows 9 9
2 0;.;(n) +0°(s)

0-2 ; o2 (s 9ij (w) = —QE(pZ%j)
Uzj(w) = (((J))——l—(o)()E(p?’j) (18) (ngoj) ~s(0))
(n ™) o Calculate the LMMSE estimate of the true unknown albedo
Appropriately, the noise variance is proportional to theoer by linearly combining the signal ensemble average) and
variances of normal and light source estimates and thenaia the initial raw albedg(®) as follows
of the original signal. Interestingly, the noise varianséniversely R (0)
proportional to(n (]) s(©)) which is the cosine of the angle be- pij == 0aij)E(p; ;) + o, JPij
tween the estimates of surface normal and light sourcetairec a'in(p)

We investigate the correctness of such a relation usingLa
synthetically generated image. Fig. 4 (left) shows thereimo Fig. 5. Algorithm for finding the LMMSE estimate of albedo
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o The illuminant directions(”) is estimated using [26}2(s)

The improvement in the albedo maps can be explained using

is estimated by generating a large number of images undbe plot in Fig. 6. Though both the ensemble average and the
randomly selected lighting conditions and estimating rtheinitial albedop'?) are quite far from the true albedo, their linear

illumination directions.

combination follows the true value closely. Thus the apphoa

o o2(n) is estimated from 3D face data [2]. The data consistibes well in choosing appropriate combining coefficients;

of surface normal information for00 laser-scanned faces.

« Initial albedop(®) is obtained using (2).

in (13), so that the variation in the accuracy @f at different
points is duly accounted for. The improvement obtained @&t

« E(p), o*(p) and E(p?) are estimated from facial albedois significant and is consistent across images of differaogs in

data [2]. Fig. 7 shows maps df(p), o*(p) ando?(n).

(b) p(o) (true n) (c) p(o) (average n)

(d) True albedo  (e) Estimated albedo (f) Estimated albedo
(true n) (average n)

110
= = = True albedop

100} e p(O)
Ensemble average

sor Final estimated albedo | |

80

Albedo value

930 935 940 945 950 955 960 965
Pixel

Fig. 6. Estimated albedo maps. Average per-pixel errorsirarihe ratio
(b):(e):(c):(f) :: 17:9:26:12. The plot shows the final albeestimate as
compared to the true albedo, initial albegé®) and the ensemble average.

The estimated albedo maps (Fig. 6) seem to be freshaflowy

several different challenging illumination conditionshénh tried

on 1000 images, the average reduction in per-pixel albedo error
is observed to be ove¥3%. We observe that the improvement in
albedo estimates is consistent and is not overly sensitivile
used statistics.

IV. SHAPE RECOVERY

In this section, we focus on the general SFS problem of
estimating the shape of an object with varying albedo map
from a single image. This is an ill-posed problem with too
many unknowns and just one constraint per pixel. Traditlgna
assumptions like constant/piece-wise constant albeddaodn
illuminant direction are made to make the problem somewhat
tractable. Though important to address the ever-elusiobl@m
of shape recovery from a single image, these assumptions mak
the SFS approaches ineffective for real objects with varyin
albedo. In our approach, we transform the original probldm o
estimating shape of an object with varying albedo map and
unknown illumination, to one of estimating the shape of ajectb
with constant albedo and known light source direction that c
be addressed using traditional SFS approaches.

We describe in detail each step of the proposed algorithmgusi
a face image as an example. We use 3D information of an average
face model as the initial estimate. Using the average shape,
obtain an initial estimate of illuminant direction by forfating
it as a linear Least Squares problem [26]

—1
T
s<o>:(zngg>ngg>) S1n® o
4,7

0,J
where n(?) is the average facial surface normal. Starting with

these initial normal and illuminant estimates, the aldrnitpro-
ceeds as follows.

A. Albedo Estimation and Image Normalization

Given an image, a robust albedo estimate is determined using
the image estimation approach described in the preceduigpse

effects present in the input image and are quite close tortiee i The .albedo estimatg is used to normalize the input image to
albedo map. As zero intensity pixels do not provide any albe@Ptain analbedo-freeimage G as follows

information, a few black regions can be seen in the estimated

albedo maps.

1N

@ E@) (b) o*(p) (© o’(n)

Fig. 7. Mean and variance maps used. (a) Ensemble mean afoalkig)
Ensemble variance of albedo, (c) Error variance of the sarfeormal.

Gij= {w
Pij

The normalized images is an image of an object with the
same shape as that of the original one but with unit albeda map
Fig. 8 shows an example of the normalized image obtained &rom
synthetic face image. The normalized image appears quitecl
to the true normalized image obtained directly from the shape
information. Also, both the images are quite different froine
input image highlighting the importance of such a normaidara
step before shape estimation.

For a Lambertian object; ; represents the cosine of the
angle between the true unknown surface normgal and the true

(20)
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i

(a) Input Image (b) True G (c) G (using estimated p) ©H

est

Fig. 9. The transformed image (c) obtained using the prap@stimation
framework. For comparison, the normalized image and the true H
(generated from the 3D data) are also shown. Average pet-gixors in
G and H are in the ratio of 3:1.

unknown illuminant directions as illustrated in Fig. 10 (right).

So usings?) to recover the shape may introduce errors in th~.
output depending on the errors in the source estimate. Thou . -
the normalized image can potentially be used to estimate t :..
surface normal and refine the illuminant direction estimaiag a
suitable iterative optimization scheme (e.g., [26]), ntcsditional

Fig. 8. Normalized image obtained using the albedo estimate

ge error in G and H,

03

SFS approaches assume known light source direction beca; cos'(H)

of possible stability issues in such iterative optimizasoHere,

we propose an estimation framework to transfago another

albedo-freeimage illuminated by a known light source. T et o ey ©

B. Image Transformation Fig. 10. Left: The variation of error iG' and H with an increase in the

) . angular difference between the estimated and true illumimirection for
In this step, we transforn@; ; to another imageH; ; that different values ofr2(s), Right: Image transformation.

represents the cosine of the angle between the true unknown

surface normak; ; and the known light source estimas”

(Fig. 10 (right)). An image estimation framework that utéls the Fig. 9 shows the transformed image obtained using this ap-

statistics of error in the source estimate is used for thik.thhe proach. The true source direction in this case is [0, 0, -1lijavh

normalized image= can be written as 59 is taken to be [-0.86, 0, -0.52]. Clearly, the advantage aghin

T using this image transformation step depends on the errgfin
G=n's (21) We perform an experiment to observe the deviatiokimnd H

Now for each pixel, writing the true illuminant directiom in from H with the increase in error in the estimated illuminant

terms of the initial estimate(®) and the difference between thedirection. As shown in Fig. 10 (left), botl¥' and H are close

two, we obtain to H when the error ins¥ is small. The differenceH — G|

_ ) 0) increases almost linearly witr] an increase in the sourcer.err
Gij=mnij s +n;-(s—s") (22)  On the other hand, the error # saturates quickly, highlighting

Identifying that H; ; represents the cosine of the angle betwedhe advantage of the proposed estimation framework to latai

the true normakn; ; and the initial estimate of the illuminant reliable estimate ofi. The experiment is repeated with different

direction s(?), (22) simplifies to values for the source error variance. The valuefs) indicates
the confidence in the estimated illuminant direction ands tthe
Gij=Hij+vi; (23) weight given to the normalized imag@ in comparison to the

[Ensemble average (H).

To evaluate the usefulness of the proposed transformation
| from G to H, we estimate the typical errors in light source
estimate using 1000 synthetic images and estimating iflerti
direction using (19). The average error in the source doect
estimate is around6° indicating approximatelys0% reduction
(0.145 to 0.07) in average per-pixel error fron@ to H for

wherev; ; = n; ;- (s —s(?)). As before, this can be viewed as a
image estimation problem to obtain an estimate of the toamsfd
image H. Here the normalized imag€' is the degraded signa
andv is the observation noise.

Similar to the albedo estimation case, imposing linear co
straint on the estimator structure, the LMMSE estimate vermi

by [27
y (271 A o2(s) = 0.01, the value used in our experiments. The different
H;;=(1-8;;,)E(H;;)+8,,;Gi; contextual information required to obtain the transfornmdge
a2j(H) is determined from the 3D facial surface normal data [2]. The
Where, i = Y B 24 . . . . 2 (0) )
Bi,; Uﬁj(H) T f’i?j(’/) (24)  estimated illuminant directios®) is used for generating a large

number of tranformed images which are then used for estigati
Here o2(v) and o?(H) are the non-stationary noise and signahe ensemble meaf (H) and variances2(H). Fig. 10 (right)
variance respectively. The derivation for the expressiontfie visually demonstrates the image transformation procedure
LMMSE estimate ofH in (24) follows in the same fashion as Fig. 11 shows the albedo maps and transformed images ob-
for albedo and hence omitted for brevity. As before, assgmitained using the proposed approach on real images from tlee Ya
that the error in the illuminant directio(n;—s(o)) is uncorrelated Face Database B [28]. As desired, the transformed images see
in the z, y and z directions with the same varianﬁ(s), we to be less affected due to variations in albedo than the raigi
have input images. Note thall is the LMMSE estimate of the image

07 i) = (na” +ny? +n2*)o’(s) = o°(s) (25) of an object with same shape as the original object but with un
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Input Image

Transformed Image Albedo estimate

Fig. 11. The estimated albedo mapsand transformed imageBl obtained for a few subjects from Yale dataset [28].

albedo map and illuminated by the light sour¢®’). Thus one V. EXPERIMENTS
can use a suitable SFS algorithm to solve for the unknowneshap We provide details of the experiments performed to evaluate

C. Shape Estimation the robustness and usefulness of the albedo and shapetestima
tained using the proposed image estimation framework. We

. : . 0
Shlnhouzrglmtp;:erentanon,l_we use the _SFSt_apprc]c)at(;]h by ﬂTSi' a a)vide examples of albedo estimates obtained on real isnage
ah [29] that uses a linear approximation of the reflectan e albedo estimates are also used to relight images under

]::L:)r:gtl?er;iolr;'elii)rwfar%fg:g:naSl?r?:(f:e()svil;:/ele\rléflc;fcggc;ng?ngg fO1lrrontal illumination condition. The illumination-inseitigity of
has thhe foll.owin form ' the albedo estimates is highlighted by using them to reeegni
9 faces across illumination variations. The face recogmitap-

s- [pm,qiml]T plication requires albedo estimates from images illungédaby

R(p; ;,9;;) = \/W (26) multiple illumination sources. Therefore, the proposeiihestion
Pig T framework is extended to deal with realistic multiple saurc
wherep, ; andg, ; are the surface gradients. Employing discretscenarios.
approximations fop andgq using finite differences, we get Other than the image estimation framework to estimate albed

the main contribution of the work is in transforming the ibpu
. image to an albedo-free image taken in the presence of known
= Hij-R(Zij—-Zi1jZij—Zij1) (27) light source which can be used for shape recovery usingimgist
where Z; ; denotes the depth values. For a given transformégchniques. Therefore, we perform a recognition experinten
image H, a linear approximation of the functionabout a given evaluate the efficacy of the transformed image before usity i
depth mapz™~! leads to a linear system of equations that caigcover 3D shape. The recovered shapes are compared with the
be solved using the Jacobi iterative scheme as follows available 3D information. The effectiveness of the apphnoac
B B d B further highlighted by using the shapes recovered from &sag
0=f(Zi;) = f(Z};)+ (Zi; - 27 1)Wf(zzj ') (28) downloaded from the web to generate novel views taken under
I novel illumination.

Now for Z; ; = Z}';, the depth map at-th iteration can be

0 = f(H;j,Zij,Zi—1j,Zij-1)

solved using
f(zn1 A. lllumination-Insensitivity of Estimated Albedo
Zi; = Z;l,j_l + dilz’jn_l (29) Fig. 13 shows the albedo maps obtained from several images
dZi,jf( i) of a subject from the PIE dataset [30] taken under different

In our experiments, we use the domain-specific average shépemination conditions. Average facial surface normate ased

as the initial depth map. Fig. 12 shows the various steps @ n(?). The illuminant directions(®) is estimated using (19).
the proposed albedo estimation and shape recovery algoritiThe final albedo estimates obtained using the proposed agpro
Depending on the application, one can potentially repeat thppear much better than the initial erroneous ones and do not
sequence of steps with the updated estimates to furtheerfen seem to have thehadowyeffects present in the input images.
albedo, shape and illuminant direction. In our experimemits  In addition, as desired the estimated albedo maps appetr qui
face images, we do not see much improvement in the estimas@wilar to each other.

after first (or first few) iteration(s). Therefore, all thesudts We also perform a relighting experiment using the estimated
shown in the paper are generated using a single parse throatffedo maps to generate images under frontal illuminafitme

the proposed steps. The whole process takes around 2-3dsecoelighting is performed by combining the estimated albedps
using an unoptimized MATLAB code on a regular desktop.  with average facial shape information. Fig. 14 (second row)
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Objective: Given an input image, estimate the shape and albedo of the imaged object.

Albedo Estimation: Compute albedo using the initial shape and illuminant information as follows

o _ _ Lij
P nEUJ) .50

Input Image Expressing this albedo value in terms of the true unknown albedo

pi%) _p11+w11

Compute the LMMSE estimate of the true albedo using an image estimation formulation

Image Normalization: Using the improved albedo estimate, normalize the input Image as follows
I,
Gi,j _ Au_}

Pi;
Albedo Estimat )
| cdo =Stimate I The normalized image is an image of the original object under the same illumination but with unit albedo.

b f", Image Transformation: Expressing (G in terms of another normalized image H of the same object
taken under the initial illuminant estimate (different from true illuminant direction)

k o J G,j=H;;+v;;
, -

Compute the LMMSE estimate of the transformed image H using another image estimation formulation.

| Normalized Image |
D The transformed image is the image of an object with same shape as that of the original object

. but unit albedo map, illuminated in the presence of known light source.

Shape Estimation:.Using the transformed image, one can use any suitable SFS technique to estimate

L 1 the shape of the object.

Transformed Image |

Shape Estimate Texture-Mapped Shape Estimate

Fig. 12. Visual demonstration of the proposed algorithm.

shows the relighted images and the corresponding inputémadraining data consisting &f66 face images is used to generate the
(first row) taken under challenging illumination conditioriThe (albedo) PCA space. Recognition is performed across itlation
relighted images seem quite similar to the actual frontidlliyni-  with images from one illumination condition forming the Igay
nated images of the same subjects from the dataset showe inwtile images from another illumination condition forminpet
third row. probe set. In this experiment setting, each gallery and eps#i
contains just one image per subject. Table | shows the rank-
1 recognition results obtained. Each entry in the table show
the rank-1 performance obtained for one choice of galley an
We now evaluate the usefulness of the estimated albedo m&pabe set. The albedo maps perform quite well as illumimatio
as an illumination-insensitive signature. We perform geition  insensitive signatures with an overall average recognitiocu-
experiments on the PIE dataset that contains face imagesr@gy of 94%.
68 subjects taken under several different illumination ctiods. As shown in the table, the performance compares favorably
Given the estimated albedo maps, the similarity betweegésiés with those of [14] and [32] which follow similar experimehta
measured using Principal Component Analysis (PCA). FRAC [3setting. The performance is also comparable to the one tegpor

B. Face Recognition
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Input Images

Noisy Albedo

Estimated Albedo

Fig. 13. Albedo estimates obtained from several images afbgest from the PIE dataset [30].

Images

Frontally iluminated Relighted
images from PIE

Fig. 14. Relighting results on a few images from the PIE dit§30].

by Romdhaniet al. [3] and Zhang and Samaras [1]. Using anote that the proposed estimation framework is able to take c
3D morphable model based algorithm, Romdhahial. obtain of such large errors leading to good recognition perforreanc

an average recognition rate 98% (same as ours withfis . .

as gallery) using the frontally illuminated images (flagh) There are quite a few differences between [1], [3], [14].][32
as gallery. An average recognition rate @§% (with fi» as and the p_roposed apprqach thf_:lt yvarrant some clarificatiorst,
gallery) is reported by Zhang and Samaras using their Smﬂeriour_experlmental setup is r_e;trlctlve vy|th face images mwl_Jto
harmonics based approach. In addition, there are appmacﬂ‘é in frontal pose (though it is potentially ex_tenS|bIe t@ldeith
that use/require multiple reference images per identiat tave nON-frontal poses). However, there are quite a few advastag
reported recognition results on the PIE dataset. Usingipteit that the proposed approach offers as compared to otheinexist
reference images including frontally illuminated imagBayvides @PProaches. The proposed algorithm does not involve artjycos
et al. [33] report nearly perfect recognition performance. YangPlimization step and is easily and efficiently implemefgain

et al. [34] obtain an average recognition score9df78% using addition, albedo estimation requires I|r_n|ted domain krmige_ in
three reference images. In comparison, we obtain an averd form of ensemble means and variances. In fact, as desguss
recognition score of8% and 99% with f1» and fi3 as gallery in Sectlor_1 VF one ca}n replace thg ensembl_e information by
respectively. Initial albedo maps® perform poorly in this local statlstlcs_ to obtain albedo estlmate§ using the Eego
experiment with an overall average rank-1 performance7éf. Tamework. This makes the approach relatively easier terekt
This may be due to the fact that average facial normals are f8rgeneral objects where the domain-dependent statistic®t

from the true normals leading to large errors. It is wortHevhio available. _Moreover, _the prop(_)sgd albedo (_estimation @mpro
does not impose a linear statistical constraint on the umkno
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TABLE |
RECOGNITION RESULTS ON THEP|E DATASET [30] USING THE ESTIMATED ALBEDO. WE INCLUDE AVERAGES FROM[14] AND [32] FOR COMPARISON
fi DENOTES IMAGES WITH?*" FLASH ON AS LABELED IN PIE. EACH (4, 7)*" ENTRY IS THE RANK-1 RECOGNITION RATE OBTAINED WITH THE IMAGES
FROM f; AS GALLERY AND f; AS PROBES

Probe | fos foo fu1 fiz fi3 fuu fis  fie fir  fao  for  fee | Avg Avg [14] Avg [32]
Gallery
fos - 100 100 99 93 91 79 72 44 100 96 8b 87 89 92
foo 100 - 100 100 99 97 91 90 75 100 99 93 95 93 97
f11 100 100 - 100 100 97 88 78 57 100 100 9392 92 95
fi2 99 99 100 - 100 100 96 96 87 100 100 97 98 96 98
fi3 99 99 100 100 - 100 99 99 90 99 100 10099 98 100
f14 97 99 100 100 100 - 99 97 90 100 100 10098 99 99
fis 84 94 88 100 100 100 - 100 99 93 100 10096 96 97
fie 76 97 79 99 100 99 99 - 100 75 99 10093 91 94
fi7 53 82 56 90 96 94 94 100 - 54 96 9y 83 80 87
f20 100 100 100 100 100 100 94 78 57 - 100 9993 91 95
f21 99 99 100 100 100 100 93 94 85 100 - 97 97 96 99
f22 90 99 97 100 100 100 100 97 91 97 100 97 98 98
Avg 91 97 93 99 99 98 94 91 80 93 99 96 94 - -
Avg [14] 88 94 93 97 99 99 96 89 75 93 98 98 - 93 -
Avg [32] 90 97 94 99 99 99 98 93 87 95 99 9 - - 96

albedo and is easily extensible to realistic multiple illoation
scenarios (Section V-C).

C. Albedo Estimation in Multi-source Scenario

Our analysis so far assumes that the image is illuminated by

The coefficientsy can be used to obtain an initial value of the
albedo for each pixel as follows

) _ I;,5
Pij =

(33)
Sy Ap max(nl”) - s;,0)

a single light source. However, the assumption does not imoldRobust albedo estimate is obtained by formulating an image
many realistic scenarios. One of the main challenges inlmnd estimation problem as follows

multiple light sources is the absenceaopriori knowledge of the

number and placement of the sources. To handle this, we ase th

(0)

Pij =PijtWwij (34)

result established by Lest al.[35] that an image of an arbitrarily where the signal dependent noige ; is given by

illuminated object can be approximated by a linear comimnat
of the images of the same object in the same pose, illuminated

by nine different light sources placed at pre-selected tiposi.
Using this approximation, the image formation equationobees
9

I= Z’yka where I, = pmax(n - s,0) (30)

k=1
{s1, s2,...,89} are the pre-specified illumination directions. Th
following nine illumination directions [35] are used

¢ = {0,49,—68,73,77, —84, —84,82, —50}°

0 = {0,17,0,—18,37,47, —47, —56, —84}° (31)

Since the source directions are pre-specified, the only awkn
to estimate the illumination conditions 4s Given an imagd of
an object and domain-dependent average surface nomfalsy

is estimated in a least squares sense as follows
y=wir (32)

where I is the N dimensional vectorized image al y o iS
given by

max(ngo) -81,0) max(ngo) - 89,0)
max(néo) - 81,0) max(néo) - 89,0)

max(ng\?) -81,0) max(ng\(])) - 89,0)

Yot [V = A)n s + A5 (n —n() - 5]
9 - P
St k@ - sy
Subscripts(i, j)'s and explicitmax operator have been dropped

in the above expression for clarity. Similar to the analyeisthe
single light source case, the NMNV model for the true albedo

wij =

deads to the following LMMSE albedo estimate

. 0
pij = (1 —aij)E(p; ;) + ai,jpg,j)
. UZ]‘(P)

where a; j = —4——29 "2
! Uij(l)) ‘1"71'2,]'('“))

(35)
Assuming that the errors in estimation-gf’s are uncorrelated
and have same variane€ (v), the noise variance for each pixel

is given by

2y — b=t [PVl 50)°] + 0 ()AF] o
) (Ch 45n® - 5p)2 )
where, E[(n-s;)?] = 0 - s;)% + 0% (v)o%(n)

Fig. 15 shows the albedo maps obtained using the proposed
approach for a face image illuminated by three light sources
Average facial surface normals are usedrd® in this exper-
iment. The proposed multi-source approach provides thé bes
result and has lesshadowyeffects than the others. The single
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Single Source Algm Mult. Source Algm_ estimated by the single source framework with that of midtip
source framework. Error bars reflect the variations in re@an
performance for the different trials. As expected, the iradurce
framework significantly outperforms the single-source .0As
before, the initial albedo maps®) for both single and multiple
source frameworks perform poorly in this experiment.

100 T T g @

Recognition rate

(d) True Albedo (e) Estimated Albedo (f) Estimated Albedo % ...0.. Recognition using single
source framework
: Recognition using multiple
N : . . . 85F - = source framework .
Fig. 15. Comparison between albedo maps obtained usinglesing :
and multi-source frameworks. Average per-pixel errors arethe ratio
(b):(e):(c):(f)::30:19:22:12. The input image is illuraited by three light -
sources. adP 1
TABLE Il 10 20 20 20 50 60
ACCURACY OF ALBEDO ESTIMATES USING SINGLE AND MULTIPLE Rank
SOURCE FRAMEWORKSENTRIES SHOW AVERAGE PERPIXEL ALBEDO
ERRORS ) " AP
Fig. 16. Recognition performance onultiply-illuminated PIE dataset.
Single Multiple Error
source source reduction
framework | framework
p© 35 22 37% E. Shape Recovery
F) 23 14 3% .
Error As far as the problem of shape recovery is concerned, the
reduction |  34% 36% 60% main contribution of this work is in generating ttadbedo-free

transformed image with known illuminant direction. Thenme,
we first evaluate the robustness of the transformed images ge

source estimation framework also improves the correspgndi€rated using the proposed approach. Unlike albedo essmate
initial albedo p(o)’ but the result is not as good as the onthe transformed images are not illumination-invariant fdat, a
obtained using the multiple source algorithm. Table 1l cares transformed image represents the cosine of the angle_ betwee
the accuracy of various albedo estimates obtained from emadh€ true unknown surface normal and the known estimate of
iluminated by multiple light sources. As shown, the sintight  1ight source direction, which depends on the illumination i
source assumption results in larger errors. Overall imgmoent the input image (Fig. 10 (right)). Therefore, unlike albedae

in the albedo estimate obtained by the multiple light framey Cannot directly perform a recognition experiment to evaliae

as compared to the initial albedo map obtained under thd&in%ccuracy of the transformed images. Instead, we make use of

light source assumption is abai(i%. One thousand images werelhe statistical facial shape information to derive illuation-
used to generate the statistics. insensitive signatures from transformed images. In essene

force a rank constraint on the unknown shape by writing the

D. Face Recognition : Multiple Light Sources :;altlr;j\l;cs)rmed image in terms of the basis surface normals as

In this section, we evaluate the usefulness of the proposed K
multi-source framework over the single source one when the,, (0 _ k 0
images are illuminated by several light sources. In the mtse 7 (ni - s©,0) = D axmax (ni 5%,0) (36)
of a controlled multi-light source dataset, we generatetidlight
source scenarios using the PIE dataset by combining neiltiptheren” is the k' basis surface normal ang, is the corre-
images for each subject. Randomly chosen two, three or fagponding combining coefficient. The coefficient vectoibeing
images under different illumination conditions are coneirnto independent ok(?), can be used to perform recognition across
form twelve different multi-light source scenarios. Foe ttecog- illumination variations.
nition experiment, one image per subject is randomly setect Table 11l shows the recognition results obtained on the PIE
from the twelve illumination conditions for gallery and d@her dataset using the coefficient vectassobtained from the cor-
one for the probe set. The experiment is repeat&itimes for responding transformed images. The basis normal vect@s ar
different random combinations of gallery and probe setg. E6 derived from the 3D facial data [2] and the coefficient vestor
shows Cumulative Match Characteristic (CMC) curves coingar are computed using a closed-form linear least square agproa
the recognition performance obtained using the albedo mapse overall average recognition rate achieved in this eyt

k=1
k
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TABLE Il
RECOGNITION RESULTS ON THEP|E DATASET [30] USING THE TRANSFORMED IMAGES f; DENOTES IMAGES WITHi*" FLASH ON AS LABELED IN PIE.
EACH (i,j)th ENTRY IS THE RANK-1 RECOGNITION RATE OBTAINED WITH THE IMAGES FROMf; AS GALLERY AND fj AS PROBES

Probe | fos foo fii  fi2 fis fuiu fis  fie fir fao  fa1 foo | Avg
Gallery

fos - 99 99 94 88 74 53 47 26 97 85 5Y 74
foo 94 - 94 99 99 94 71 66 46 93 99 79 85
f11 99 99 - 100 99 96 74 57 46 100 100 8 87
fi2 91 99 100 - 100 100 96 87 71 100 100 9995
fi3 87 93 97 100 - 100 99 94 90 96 99 10096
f1a 71 96 97 100 100 - 100 99 94 100 100 10096
fis 60 76 75 96 100 100 - 100 100 82 97 10090
fie 41 69 54 90 96 100 100 - 100 62 93 10082
fi7 28 44 47 84 93 97 100 100 - 59 88 9P 76
f20 94 96 100 100 97 96 85 60 57 - 100 91 89
f21 85 99 100 100 100 100 97 93 79 100 - 99 96
f22 59 84 85 99 100 100 100 100 100 96 99 F 93

Avg 74 87 86 97 97 96 89 82 74 90 96 op 88

NI
o [“: EEF 5
crler R T

Fig. 17. Comparison with the ground truth. (a) Input imagB@e dataset), (b) Estimated albedo, (c) Recovered shap&ryd shape.

is 88%. This signifies the efficacy of the proposed approach imom the web with little control over the illumination andhetr

generating robust transformed images. imaging conditions. Fig. 18 shows the albedo and shape &stfm
We now demonstrate the usefulness of the transformed imagésained along with a few novel views synthesized under nove

for the task of shape recovery. Fig. 17 shows a comparison iimination conditions.

the recovered shapes with the 3D shapes of the corresponding

subjects from the FRGC dataset [31]. The proposed approal.l:hApplication to general objects

seems to recover various person-specific facial featuresndr

lips, eyes, etc. Note that the 3D shapes available in thebda¢ga  All the experiments in this paper are conducted on faces but

are captured on a different day than the input intensity isag the approach is applicable to any domain in general where the

leading to slightly different facial expressions in theimsited required error statistics are available. In the absenceeérable

and true shapes. information, the required means and variances can posbibly
We perform another experiment to quantitatively evaluate tapproximated by local spatial statistics. Under such arrcpp

shape estimates obtained using the transformed images. Wation, the LMMSE albedo estimate is given by [25]

compare the shape estimates with the ones obtained using the

- (0) (0)
approach in [29] that directly uses intensity images astingoo Pij = Pij+ Qi (p; J pw)
synthetically generated images (using Vetter’'s 3D face)date wWhere o Ui2,j (p) 37)
' ]

used to determine the angular error in the estimated norrapkm v?i(p) +af j(w)

for comparison. We observe an improvement of oV&F using

our approach. wherep; ; andp( ) are the local spatial means pf ; andp( )
We also test the efficacy of the approach on images downloadedpectively, and; ;.;(p) is the local spatial variance gf; ;. The
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Fig. 18. Novel view synthesis in the presence of novel illwation conditions. (a) Input image, (b) Estimated albedpRecovered shape, (d)-(j) Synthesized

views under novel illumination conditions.

Fig. 19. Top: Images from the Amsterdam Library of Object ¢r@s [36];
Middle: Estimated albedo; Bottom: Shadow maps (albede-fneages of the
corresponding input images).

way for a few images (top row) from the Amsterdam Library of
Object Images [36]. As desired, the illumination effectsgant in

the input images are less visible in the albedo maps. Thigtisdr
highlighted in the shadow maps shown in Fig. 19 (bottom rdm).
these examples, the surface normals required to obtaimitie i
albedo map are assigned manually. For example, the cydaldri
shape is used for the mug and the coke can while the cuboidal
shape is used for the boxes shown in the figure. Fig. 20 shows
some more examples of the albedo estimates obtained aldhg wi
a few zoomed-in regions to signify the usefulness of the gy

for general objects.

VI. SUMMARY

We proposed an image estimation formulation for the task of
albedo estimation from a single image. Errors in illumiaatand
surface normal information lead to erroneous albedo maps. T
proposed estimation framework effectively utilizes tratistics of

local statistics o, ; can be calculated from that of the degradedror in illumination and normal information for robust iesation

signal using the following relations

Pij = l_)(o) (38)

.3

2
> V350 = (A1) Aiy
vii(p) = T4,

01'273’ (n) 4+ o%(s)

2
(”z(-?j) - 5(0)

I

where  A;; = (39)

of albedo. The framework is extended to multiple illuminant
scenarios to be applicable to images illuminated by an rarlit
number of unknown light sources. Comparisons with trueddbe
maps are shown to highlight the effectiveness of the algorit
Extensive experiments are performed to show the usefulokss
the estimated albedo maps as illumination-insensitivaaiges.
The albedo maps are also used to obtiredo-freeimages for
shape recovery. Another estimation framework is develojged
reduce the general problem of recovering shape of an objitict w
varying unknown albedo and unknown illuminant directiorthie

Though not too accurate, these approximations are probablye that can be addressed by the traditional SFS approaies.
the best one can do in the absence of any ensemble informati@tovered shapes and albedo maps are used to synthesize nove
Fig. 19 (middle row) shows the albedo estimates obtainesl thilews under novel illumination conditions.
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Fig. 20. Top row: Original images of a few objects; Bottom rdwstimated
albedo maps obtained using local statistics. The zoomeegioms are shown

to highlight the difference between the input images andcireesponding

albedo estimates.
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