Robust Shadow and lllumination Estimation Using a Mixture Model

Alexandros PanagopoufgDimitris Samarasand Nikos Paragids

liImage Analysis Lab, Computer Science Dept., Stony Brook Usitie NY, USA
2Laboratoire MAS, Ecole Centrale Paris, Chatenay-Malabinée
3Equipe GALEN, INRIA Saclay - lle-de-France, Orsay, France

fapanagop,samaras g@cs.sunysb.edu, nikos.paragios@ecp.fr

Abstract and the relative position of objects, as well as the charac-
teristics of the light sources. The detection of shadows can

Illuminant estimation from shadows typically relies on . = oy .
. aid important computer vision tasks such as segmentation
accurate segmentation of the shadows and knowledge of ex-

act 3D geometry, while shadow estimation is dif cult in the and.objlect fjetect|on. Ir_1 the eld of computer graphics, il-
) [lumination information is necessary for Augmented Real-
presence of texture. These can be onerous requirements

; . ) : ity ([1]) applications, where virtual objects are insergedl
in this paper we propose a graphical model to estimate . . o

X o . seamlessly integrated into a real scene. The distribution o
the illumination environment and detect the shadows of a

. : : the real light sources is necessary in order to render the vir
scene with textured surfaces from a single image and only . . L
. . : N tual objects in a way that matches the existing image, and
coarse 3D information. We represent the illumination en-

) . . . o have them cast convincing shadows on the real scene.
vironment as a mixture of von Mises-Fisher distributions.

Then, each shadow pixel becomes the combination of sam- N the computer vision community, there has been much
ples generated from this illumination environment. We-inte '€S€arch in extracting illumination from shading, specula
grate a number of low-level, illumination-invariant 2D aue '€ €ction or shadows of objects. In [22] a method was pro-
in a graphical model to detect and estimate cast shadows onP0Sed for detecting a small number of light source direc-
textured surfaces. Both 2D cues and approximate 3D rea- IONS using critical points, and [21] extended it to an image
soning are combined to infer a set of labels that identify the ©f @n arbitrary object with known shape, combining infor-
shadows in the image and estimate the positions, shapegnation both from shading and cast shadows. Sato et al.
and intensities of the light sources. Our results demonstra ([?0]_) pr_oposed a method for estimating the |Ilgm|nat|on
that the probabilistic combination of multiple cues, uslik ~distribution of a real scene from shadows. Their assump-
prior approaches, manages to differentiate both hard and 10N iS that an object of known shape is illuminated by dis-
soft shadows from the underlying surface texture even wherf@nt light sources, casting its shadows onto a planar lamber
we can only coarsely anticipate the effect of 3D geometry. tian surface. In [9], the distant illumination assumptisn i
We also experimentally demonstrate how correct estimation'®Moved and simultaneous illumination and re ectance es-

of the sharpness and shape of the light sources improves thdimation is performed. Recently, Zhou et al.([24]) propbse
Augmented Reality results. a uni ed framework to estimate both distant and point light

sources. These approaches require precise geometry and
assume that the surface is not textured.

There are signi cantly fewer illumination estimation re-

The image formation process is a function of three com- Sults using shadows cast on textured surfaces. In [20], an
ponents: the 3D geometry of the scene, the re ectance oféxtra image is necessary to deal with texture. In [15] a
the different surfaces in it, and the distribution of lights method is proposed that integrates multiple cues from shad-
around it. Much work has been done in estimating one or ing, shadow, and specular re ections for estimating a small
two of these components, assuming that the rest are knowrﬂumber of directional illuminants in textured environnment
([22], [21], [15], [18]). In illumination estimation, a com  However, the method does not seem to be applicable to
mon and important assumption has been that the geomecomplex light sources such as area lights. Another approach
try of the scene is known and well-de ned, combined with Proposed in [14] uses regularization by correlation to-esti
strong assumptions about re ectance. In this work, basedmate illumination from shadows when texture is present.
on the information provided by cast shadows, we attempt to Their method, however, requires some extra user-speci ed
relax these assumptions. information, while also assuming that surface re ectarge i

Shadows in an image provide useful information about lambertian and the objects are of known shape.
the represented scene: they provide cues about the shapes A lot of work has been done in the related area of shadow

1. Introduction



detection, without estimating illumination or knowledge o  algorithm outputs a set of shadow labels and the parameters
3D geometry. [19] uses invariant color features to segmentthat de ne the light source distribution.

cast shadows in still or moving images. In [5], [6], a new This combination of multiple cues enables more reliable
set of illumination invariant features is proposed to detec shadow detection in our approach. At the same time, the
and remove shadows from a single image with very good more compact formulation of the illumination estimation
results. This method, however, is better suited to imagesproblem enables the selection of parameters by accumulat-
with relatively sharp shadows and makes several assumping a large amount of global evidence, impervious to out-
tions about the lights and the camera. Other papers have foliers. Another reason why the proposed mixture model is
cused on shadow detection in video ([16], [13], [12], [17], well-suited to the problem is that it enables important pa-
[23]). llumination invariant features have proven verygus rameters such as shape and intensity of each light distribu-
ful in segmenting shadows. They have, however, limita- tion to be directly estimated from the image.

tions separating shadow from texture, while they also do  Summarizing, the contributions of the paper are:

not guarantee that the shadows identi ed will have global

g ) S - we associate a mixture of von Mises-Fisher distribu-
consistency and/or any relationship with the scene geome-

tions with the generation of cast shadows in an image

try.

_ As already mentioned, illumination estimation algo-  _ the above leads to a compact representation of the illu-
rithms typically require precise knowledge of geometry. In mination which allows for robust estimation, relatively
many cases, however, only very coarse geometry may be  insensitive to inaccuracies in 3D geometry and shadow
available, either from user input or from a generic model of estimation.

a detected object class (e.g. car, human etc). In this paper
we propose a method which combines 2D cues, such as il-
lumination invariant features, with 3D reasoning to idBnti
shadows and estimate the illumination environment. Our

method is based on modeling illumination as a mixture of ) o
We validate our method by applying it to a dataset fea-

von Mises-Fisher distributions ([2]), which can intuitiye N t simple obi i back ds th .
be thought as Gaussian distributions on a sphere, and usturing images of simple objects in backgrounds that contain

ing a graphical model to do the shadow segmentation. |t§igni cant texture, under known anq controlled illumina-
requires only coarse knowledge of the 3D geometry for il- 10N s well as to a more challenging set of photographs
lumination estimation: meanwhile, the knowledge of geom- pf outdoor scenes involving geometrically compllcated. ob-
etry assists in detecting shadows, enforcing global consis J6CtS. We demonstrate that even when (_:omplex objects,
tency. Graphical models such as the one we will describeSUCh as atree or a human, are modeled with simple bound-

have been used successfully in many computer vision prob-!ng boxes, in natural SCenes invplving texture_, our mthod
lems ([3], [11], [4]). Mixtures of von Mises-Fisher distri- is able to get a close approximation to the original illumina

butions have been used in modeling illumination estimated 10"

from specular highlights ([10]) and Itering normal maps The paper is qrganizepl as follows: Sec.2 gives neces-
([8]). A step by step overview of our method follows: sary background information; Sec.3 presents our model and
' ' the EM algorithm to perform inference with it; in Sec.4,

~We describe illumination as a mixture of von Mises- shadow detection from illumination invariant features and
Fisher distributions. Our goal is to estimate the pararseter ineir integration to our model is discussed:; in Sec.5, the es
of the distributions in this mixture. Given a single inputim  mation of the parameters of the light source distribuion
age and a coarse model of the geometry of the scene, we 1Sy, the mixture model is presented; results demonstratieg th

extfact a set of iIIumination invariant_ features. Thenrﬂiu performance of our approach are presented in Sec.6, and in
nation parameters are estimated using the EM algorithm. Inge¢ 7 conclusions and future extensions are discussed.
the E-step, we segment shadows, given the 2D cues (inten-

sity variation_s and iII_umination_invariant featL!res), and 2. Background
put from the interaction of the light sources with the geom-
etry. This segmentation is performed using belief propaga- The inputs to our algorithm are the imalgand a coarse
tion in a graphical model which integrates the above infor- 3D model of the geometrs. We assume light sources are
mation. Afterwards, we update the expectations of the hid- distant. Therefore, illumination can be approximated as a
den variables that relate shadow pixels to the light sources mixture of light distributions on a unit sphere of light di-
our model. Given these expectations, in the M-step we es-rections. For each pixel a setR; of N random 3D unit
timate the mean direction of the light source distributions vectors expressing directions in 3D space is used to produce
We also estimate the intensities and shapes of these distriN samples of the illumination environment. We model the
butions, using information directly from the image. The light source distributions as von Mises-Fisher distribns.

- we integrate low-level cues obtained from illumina-
tion invariant features with 3D reasoning in a graphical
model to enable shadow inference for textured surfaces



2.1. The von Mises-Fisher distribution

A 3-dimensional unit random vectar(i.e.,x 2 Rz and
kxk = 1) is said to have &-variate von Mises-Fisher (re-
ferred to as vVMF henceforth) distribution [2] if its probkbi
ity density function has the form:

Tx

f(xj; )= (1)

4 sinhk©
where is the mean direction, is the concentration pa-
rameterk k =1 and 0. The concentration parame-
ter de nes how strongly samples drawn from the distri-
bution are concentrated around the mean directioiThe
von Mises-Fisher distribution is the equivalent of a Gaus-
sian distribution on a sphere, and it is used widely in direc-
tional statistics.

3. Model description

In this section, we formulate the generation of cast shad-

ows as a mixture of vMF distributions on the unit sphere,
and present the general EM framework to estimate the pa
rameters of this mixture model.

We assume that light sources are distant.ills a pixel

of the original image. We sample the incoming radiance at

this pixel alongN randomly chosen directions. The radi-
ancel (i) arriving at pixeli can be discreetly approximated
by the sum of the incoming radiance along each direction
MNg. W
L(i) =

k=1
A light source contributes to the radiance along direction
only if the ray from the 3D position of pixelalong direc-
tionri does not intersect the geometry of the scénéiNe
de ne the occlusion factot; (r) for rayry from pixeli as:

L(rk) &)

0;
1

if ray fromi alongry intersectss
otherwise

ci(ry) = ®)

The incoming radiance at pixekan then be expressed as:
0 1

X b4
L(i) = @Ci(rk)_ I (r)A;

k=1 j=1

(4)

whereM is the number of distributions used to approxi-
mate the illumination, ang| (ri) is the value of light dis-
tribution j along directionry. We model each light dis-
tribution j as a von Mises-Fisher distribution, with mean
direction j, coBcentration parametey and intensity ;.

We assume that o, ; = 1. Therefore, we can describe
the illumination environment using the set of parameters
=f 1 1 m 9, which we need to es-

timate.

Mi M

3.1. The Generalized EM algorithm

The problem of estimating the illumination from cast
shadows, given the above model, can be regarded as the
problem of estimating the mixture of vMF distributions de-
ned in eq.4. For this estimation problem we use the EM
algorithm, which has been used widely to estimate the pa-
rameters of mixture models due to its simplicity and numer-
ical stability. We will adopt and modify the soft-assignmen
scheme described by Banerjee et al. ([2]) to estimate the
parameters of a mixture of vMF distributions.

LetX = fxq;:::; Xp g the set of pixels in the image and
L = fLy;:::; Lw gthe set of light source distributions. For
each pixel, a set dil sample directions is used. Therefore,
the data points for our mixture model are the random sample
directionsR = frq;:::;rpn g used. Our algorithm chooses
randomlyM points as the cluster means for each light
source distribution, and then repeats the following steps:

3.1.1 E-step
At each iteration, in the E-step we detect shadow pixels, cal
culating the probability? (s;jl; ) that pixelx; is in shadow,
_given the current estimate of the parameterand then we
estimate the new values of the parameters for only one dis-
tributionj in each iteration. _

To estimate the expected shadow valugsiue to light
distributionj , we sample the corresponding vMF distribu-
tion using the accept-reject algorithm to generate a set of
incoming light directiondD = dy;:::;;dg for each pixeli.

The normalized sum of raydk that do not intersect the ge-
ometry is used to estimate the expected shadow V4l(ig.

The probability that pixel is in shadow cast due to light
distributionj , given our current estimate of the parameters

, iIs modeled as the probability that pixetas been labeled
as shadow, and that the expected shadow intensity by all
distributions other thaj does nt explain pixat 9
<
P(sijl; ) max  Ts(xi)

1§; 0, ;

k=1 k6| !
) (5)
wherel s(x;) is the shadow intensity value, as estimated
in Sec.5. For the rst EM iteration, when there is no such
estimate) s(x;) = 1 if pixel i is labeled as shadow, and 0
otherwise.

We update the expectation for each hidden variable
associated to sample directiog for pixel i, using the fol-
lowing rule:

g (xijl; )

ving rul 1 c(rg)
pj(hl;kjlv ) q(X'JI’ )Pmék(l Q(rm))
fred 5 ) 6
i :Ll f(rej n; n) ©
3.1.2 M-step

In the M-step, we update the parametefsr each k=1...M.
The mean directions; are estimated based on the point



estimator for the mean of a vMF distribution:

ER

LR R

!

P (hix 15 )r (7)
k2 R;

The concentration parameters and the intensities; are
estimated directly from the image, as described in Sec.5.

3.2. Shadow detection in the E-step

In the E-step of the EM algorithm described above, we
used the probability that a pixebelongs to a cast shadow.
Estimating these probabilities is a labeling problem, wher
we want to assign a set of labefs = fs;ji 2 Pgto all Figure 1. lllumination invariant images: a) original image, b) nor-
image pixels, identifying shadows: malized rgb, ckic2cs, d) the 1d illumination invariant image ob-

tained using the approach in [6]. Notice that in all three illumina-
) +1; if pixel i is in shadow tion invariant images, the shadow is much less visible than in the
s(i) = 1. (8) original.

otherwise

As we mentioned, we use a number of 2D cues coming fromHaving such a representation, we can compare gradients
illumination invariant representations of the image (3.1 in the original image with gradients in the illumination-
combined with information from 3D reasoning to estimate invariant representation to attribute the gradient toegith
the shadow labels. The probability of the shadow lalels  shadows/shading or texture. Having identi ed shadow bor-
is modeled as: ders this way, we can produce a set of labels identifying
v 0 v 1 shadows in the original image.
oy . L Illumination-invariant image cues are not suf cient in
P(Sjl; )= | @p(sij ) _ PsiginDA — (9) the general case, however, and more complicated reason-
! ing is necessary for more accurate shadow detection. An
example of this can be seen in gure 1, which shows the il-
¢ lumination invariant features we use for an example image.
Edges due to illumination, although dimmer, are still noti-
cable, while some texture edges are not visible. Enforcing
consistency between the shadow and the scene geometry re-
moves many falsely detected shadow edges ( g.2).

The termP(s;j ) models the probability that pixélis in
shadow given the current estimate of the illumination, an
enforces geometrically meaningful srlgadows, It is approxi-
mated using the expected shadow valueil\fl}1 15, spatially
smoothed. The terrR (s;;s;jl) represents the probability
that pixeli is in shadow, given a set of features for pikel
and a neighboring pixe|,. These features de ne potential T .
shadow borders in the image, separating image gradientsfl'l' lllumination-invariant cues
due to shadow from the ones related to texture. The compu- Photometric color invariants are functions which de-
tation of shadow borders is discussed in section 4. scribe each image point, while disregarding shading and
Our mixture model along with equation 9 de ne a fac- shadows. These functions are demonstrated to be invari-
tor graph, containing one node for each pixel in the im- ant to a change in the imaging conditions, such as view-
age. Each probability in eq.9 becomes a factor, resultinging direction, object's surface orientation and illumiiat
in a graph formed as a 2D lattice with hidden variables. In- conditions. Some examples of photometric invariant color
ference to nd the labels; at each step is performed using features are normalized RGB, hue, saturatiam,c; and

loopy belief propagation. l11513 [7]. A more complicated illumination invariant rep-
resentation speci cally targeted to shadows is described i
4. Detecting shadows [6]. In this work, three illumination-invariant represant

tions are integrated into our model: normalized rgjft,c;

Separating shadows from texture is a dif cult prob- 4.4 the representation proposed in [6] (displayed in gure
lem. In our case, we want to reason about gradients ing),

the original image and attribute them to either changes in Thec,c,cs invariant color features are de ned as:
shadow or to texture variations. For this purpose, we use
three illumination-invariant image representations.altje

an illumination-invariant representation of the origimat

age will not contain any information related to shadows.

k(X Y)

X;y) = arctan
G (x;y) max( k+1 mod3(X;y); k+2mod3(x;2/1)%




where (x;y) is thek-th RGB color component for pixel
x:y).
We only use thdd illumination invariant representation
proposed in [6]. For this representation, a vector of illu-
minant variatiore is estimated. The illumination invariant
features are de ned as the projection of the log-chromtgtici  Figure 2. Shadow borders: a) original image, b) estimate using
vectorx? of the pixel color with respect to color channel  only 2D cues, c) re ned estimate after rst iteration
to a vectore’ orthogonal tce:

where Ii(n'f,)ar is the result of a step lter oriented along the
19= xTe’ (11) image gradient and applied to illumination invariant image
X]_o — 7k; k2123k6 p;j=1;2 (12) k,k =1;2;3. The parameterg;:::; 3 are learned directly
p from data, as the values that best separate shadow borders
from edges not related to shadows in the training set. We
and g represents the k-th RGB component. prefer this method over directly comparing with edges in

These illumination invariant features assume narrow- the jllumination invariant image (as in [6] for example) in
band camera sensors, Planckian illuminants and a knowrorder to deal with very soft shadows and edge localization
sensor response, which requires calibration. We circum-differences in the original and the invariant image.
vent the known sensor response requirement by using the Because the illumination invariant features often either
entropy-minimization procedure proposed in [5] to calcu- contain some illumination information, or omit some infor-
late the illuminant variation directioa Futhermore, ithas  mation that is not related to illumination, the shadow bor-
been shown that the features extracted this way are suf - ders detected using the above method generally include bor-
ciently illumination-invariant, even if the other two assp- ders that are not related to shadows ( gure 2.b). To alleviat
tions above are not met ([6]). this problem, we take advantage of the current estimate of

Figure 1 shows the resulting illumination invariant im- the illumination to remove unreasonable shadow borders,
ages. Itis easy to notice that some texture edges do not appy de ning the nal shadow edges as:
pear in the illumination invariant images in any of the repre
sentations, especially in the case of edges between texture Es(xiy) = es(x;y)kr Isk (14)
patches with large intensity differences and similar color herel « is the shad ted f  esti-
This leads to erroneously classifying some edges as shadow'¢'€' s IS (€ shadow map expected from our current esti

borders. These false positives will be removed later in our mate of the |Ilum|na_t|on param_etersand the rough geom-
. o . etry G, smoothed with a gaussian lIter. The re ned shadow
algorithm, utilizing the3d reasoning about shadows.

borders after the rstiteration are shown in gure 2.c.

4.2. Identifying shadow borders 4.3. Integrating shadow borders to our graphical
A border which appears in the original image but not model

in the illumination invariant images is a border which can Shadow borders are integrated in our graphical model by
be attr'ibuted to illumination effects. Therefore, t'o idgnt _thetermP(s;; s;jl) in eq.9, which de nes the probability of
potential shadow borders, edges are detected in the origiyhe pair of labels for pixels andj given the corresponding
nal image and each edge is checked against the |IIum|nat|or]mage features. If pixelsandj do not belong to an image

invariant images. Calculating edges as simple nite differ ,51der, then this term enforces uniformity of labels, so it
ence approximations to gradients leads to a lot of noise, deocomes:

tecting edges that are not important. To solve this, we apply _
a smoothing lter to the original image, and then use the Puntorm (Si:sijl) = 1 4 ifs= Si (15)
Canny edge detector to detect edges. ) 1 otherwise

We do not calculate similar edge maps from the illumi- If one ofi andj belongs to a shadow edge, this term en-

nation invariant images. Instead, for each pixel that lies o forces a transition in the labels froo j . The probability

an edge in the original image, we compare the diﬁerenceof the pair of labels of andj becomes:

of the average values of the illumination invariants along 8
the direction of the gradient in the original image. Thus the < 1 5 s =+1,klik<kljk
shadow border map is de ned as: Poorder (Si;Sjjl)=. 1 2 s =+1,kljk< kljk
o otherwise
e(xy)= L ifkrlk> oand] 19 i<« _ N )
0; otherwise In the above equations; = +1 if pixel i is in shadow

(13) and the constants; and , are learned from the training



data. We do not assume tHa{s;; s; j| ) has a distribution o convergence

dependent on the difference of the intensitie$ ahdj in —— mean direction error, image 6.a
. . . ——— mean direction error, image 6.b

order to make possible the detection of dim shadows. Often sl —— mean direction error, image 6.c
% ——— mean direction error, image 5.a

the intensity changes over falsely detected shadow edges ar
much larger than the ones over real shadow borders.

N
=}
T

.
o
T

5. Estimating and intensity

angular error (degrees)

Estimating the concentration parametefor a mixture
of VMF distributions requires signi cant approximations
([2]). In our model, it becomes even more dif cult because 5
the values of the samples are not individually observed; in-
stead, only their per-pixel sums are known. It is easy to o
observe, though, that there is a clear connection between

the shadow edge gradients, as they appear in the Im"’lgell'-igure 3. Convergence: the plot shows the mean error (in degrees)

and the concentration parameter of the light source distri- petyeen the estimated light source directions for each iteration and
butions. We exploit this connection to derive an estimator the nal parameter values from our algorithm

for )

Let T'S be the image of the shadow intensities attributed
to light source distributioni. Assuming that the shadow
intensities are known, the relation connecting the gradien

of Tis and the parameter;, using a linear approximation
for e, is:

i(xy)

=
o
T

" .
20 25

iteration

i P P
kr Ts (G y)k 2R 91 g, O1)
r2r, O(NF i 2R, 00 i
17)
whereR; andR; are the samples &t;y) and(x+ Xx;y+
y) respectively.

To estimate the true shadow image gradieﬁ'g relevant
to light source distribution, for each shadow edge pixel
(x;y), we project the image gradient along the direction of
the expected shadow gradient| §, given the current illu-

mination estimate: Figure 4. Comparison of real and synthesized shadows: a,b) pho-
i r |is(x; y)r 1(x;y) tographs under same illumination, c) estimated illumination from
kr Is(xy)k = kr |iS(X. y)k (18) (a), d) a picture of the background with the object removed, €) a

3D model of the original object rendered with the estimated illu-
where ; is the current estimate of the intensity of light mination, and superimposed on the background image of (d). The
sourcei. | ¢ has been smoothed using a gaussian lter. shadows in this image are rendered with the estimated illumination
To estimate , we compute the estimate from eq.17 for and cast on the background image.
all pixels located around the identi ed shadow borders. The

estimate of ; is selected to be the maximum of all per-pixel i is settothe mean of all | (x;y), for slbadow edge pixels
estimates from eq.17. In practice, we discard the top 1% of(x;y). Intensities are normalized so that ; =1.
values as outliers and select the maximum of the remaining
values as the value of. 6. Results
Intensity estimation is also based on shadow borders.
For each pixe(x; y) that lies on an identi ed shadow edge, For all of our experiments, 200 random samples of the

r Ts(x;y) de nes a direction perpendicular to the shadow 'lumination sphere per pixel were used. A maximum of

] i 40 EM iterations and 1500 iterations for the belief propaga-
edge. We select two i?mplp§ = (xy) + tur Is(xy) tion in the factor graph were performed. The average run-
andp, = (xy) + tar I5(x;y). We increment; andt, ning time of the algorithm was 3-5 minutes per image (For
until we nd a minimum ofr T'S(pl) andr T'S(pz). Then performance reasons, several EM iterations were performed
p; lies in the shadow umbra am® is outside the shadow. before successive applications of belief propagation é th
The intensity difference 1 (x;y) = 1(p2) 1(p1) is an E-step). On average, our algorithm needed 15 to 20 EM it-
estimate of the shadow intensity. The light source intgnsit erations per light source distribution to converge (see3Fig



Figure 5. Results for different textures with our dataset: the original@®age in the rst row, the shadows as rendered from the coarse 3D
model (used for the estimation) and the estimated illumination, using the samgoint as the original image, are in the second row, and
the third row shows the illumination sphere as viewed from the top of the stleages a, ¢ and d have been captured using the same lights
setup. The mean difference of light source directions from these 3eisnaigd 2 more with the same original illumination and different
background (not shown here) was 4.92 degrees. Images e aré taptured using 3 light sources.

Figure 6. Results with our dataset: For each of 4 input images, clockiseyiginal image, the labeling before the rst iteration (using
only 2D cues), the nal labeling, and the coarse 3D model renderedthtlestimated illumination are displayed. Notice that even in a
dif cult case, such as image d, where the initial shadow labeling is veoy,mur algorithm is able to discover the shadows and estimate
the illumination.

The 3D models we used to approximate the geometry con-for directions estimated under the same illumination, fier t
sisted of 8 to 15 polygons each for all results presented heresame object but with 5 textured backgrounds (3 of the 5 are
A dataset of 58 pictures captured in a controlled envi- in Fig.6 a, ¢ and d) was 4.92 degrees. The estimation of the
ronment, using various background textures, was used toconcentration parameteris often inaccurate, especially in
evaluate the algorithm. The geometry of the objects and thethe presence of texture. A better separation of texture and
illumination environment were both known in these cases. 5shadow is required for better estimation of
of the images were used to learn the parameters for shadow The number of distributions used in the mixture model
border detection and the rest were used for testing. Resultgloes not affect the results substantially. If the number of
in some representative examples of images are displayed irdistributions used is larger than necessary, the distabut
Fig.5 and 6. In Fig.4 we show the augmentation of a real means tend to cluster together in clusters that correspond
scene with a synthetic object, compared to the image of theto the actual lights. When the number of distributions is
actual object in the scene. less than that of the major light sources, our model tends to
The algorithm was also tested against 3 images of naturalselect some of the shadows, leaving others unexplained.
scenes. The parameters used were the same ones used with
our colk_acted dataset. Thesn_'-z images were taken outdoorsy_ Conclusions
so they involved only one major light source, the sun. How-
ever, they also involved texture, complex backgrounds and In this paper we described a new method to identify
very complicated geometry, which we approximated with cast shadows and model their generation using a mixture
simple box-like models. The results are shown in Fig.7. of VMF distributions. Our model requires a single input
The mean direction of the light source distributions is es- image and a coarse 3D model to describe the scene geom-
timated accurately under varying textures. The mean erroretry, and is robust to poor geometry information and poor
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