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Abstract

In this paper we address the problem of segmenting fore-
ground regions corresponding to a group of people given
models of their appearance that were initialized before oc-
clusion. We present a general framework that uses maxi-
mum likelihood estimation to estimate the best arrangement
for peoplein terms of 2D trandlation that yields a segmen-
tation for the foreground region. Given the segmentation
result we conduct occlusion reasoning to recover relative
depth information and we show how to utilize this depth
information in the same segmentation framework. We also
present a more practical solution for the segmentation prob-
lem that is online to avoid searching an exponential space
of hypothesis. The person model is based on segmenting the
body into regionsin order to spatially localize the color fea-
tures corresponding to the way people are dressed. Model-
ing these regionsinvolves modeling their appearance (color
distributions) as well as their spatial distribution with re-
spect to the body. We use a non-parametric approach based
on kernel density estimation to represent the color distri-
bution of each region and therefore we do not restrict the
clothing to be of uniform color. Instead, it can be any mix-
ture of colors and/or patterns. We also present a method to
automatically initialize these models and |earn them before
the occlusion.

1 Introduction

It is desirable for visual surveillance systems to know
what people are doing while interacting with each other.
Visual surveillance systems are required to keep track of
targets as they move through the scene even when they are
occluded by or interacting with other people in the scene. It
is highly undesirable to lose track of the targets when they
are in a group. It is even more important to track the targets
when they are interacting than when they are isolated.

The problem that we address in this paper is how to
build a representation for people when they are isolated that
enables their segmentation when they are interacting as a

group, as well as reasoning about the occlusion. This prob-
lem is important not only for visual surveillance, but also
for other video analysis application such as video indexing,
video archival and retrieval system.

The assumption we make about the scenario is that tar-
gets are visually isolated before occlusion so that we can
initialize their models. Our approach is based on model-
ing the major color regions of the body such as head, torso,
bottom part (legs) which corresponds basically to different
pieces of clothing that a person is wearing. Modeling these
regions involves modeling their appearance (color distribu-
tions) as well as their spatial distribution with respect to the
body. We use a non-parametric approach based on kernel
density estimation to represent the color distribution of each
region and therefore we do not restrict clothing to be of uni-
form color. Instead, it can be any mixture of colors and/or
patterns. Building these models is performed while targets
are isolated by segmenting the body into blobs correspond-
ing to their clothes; this segmentation is initialized based on
training data.

Given a foreground region corresponding to a group of
people we search for the arrangement that maximizes the
likelihood of the appearance of this region given the models
that we have built for the individuals. As a result, we ob-
tain a segmentation of the region. The segmentation result
is then used to determine the relative depth of each indi-
vidual by evaluating different hypothesis about the people’s
arrangement. This allows us to construct a model for occlu-
sion that can be used in the same probabilistic framework to
segment foreground regions in subsequent frames.

The problem of tracking groups of people has been ad-
dressed recently in the literature. The Hydra [2] systems
tracks people in groups by tracking their heads based on the
silhouette of the foreground regions corresponding to the
group. The Hydra system is able to count the number of
people in the groups as long as their heads appear as part
of the outer silhouette of the group; it would fail otherwise.
The Hydra system was not intended to accurately segment
the group into individuals nor does it recover depth informa-
tion. McKenna et al. [6] segment groups of people based on



the individuals color distribution. They represent the color
distribution of the whole person by a histogram and use this
to segment the group. The color features are represented
globally and are not spatially localized; therefore their ap-
proach loses the spatial information about the color distri-
butions which is essential discriminant information. The
notion of blobs has been used to model humans as a way to
spatially localize the color information [10] in the context of
tracking individuals. We will briefly mention related work
that addressed problems such as representing color regions
and occlusion reasoning throughout the paper.

The outline of the paper is as follow: Section 2.1 in-
troduces the color model. Section 2.2 explains how to use
these models to segment a foreground region corresponding
to a group of people. Section 3 shows how we do occlusion
reasoning, construct a model for that occlusion and utilize
that model for the segmentation. Sections 4, 5 explain how
we automatically initialize the target model.

2 Segmentation under Occlusion
2.1 Representation

People can be dressed in many different ways, but gener-
ally the way people are dressed leads to a set of major color
regions aligned vertically (shirt, T-shirt, jacket etc., on the
top and pants, shorts, skirts etc., on the bottom) for people
in upright pose. Our approach is based on representing a
person as a set of blobs representing the major parts of the
body as the torso, bottom and head. Each blob is repre-
sented by its color distribution as well as its spatial location
with respect to the whole body. Generally, a person in an
upright pose is modeled as a set of vertically aligned blobs
M = {A;} where a blob A; models a major color region
along the vertical axis of the person. We have two basic as-
sumptions about the blob structure: First, each blob has the
same color distribution everywhere inside the blob, i.e., the
color of a pixel h 4(c) within blob A is independent of the
location of that pixel within that blob. This can be expressed
as:

Hale|z,y) = ha(e)

where H 4 is the conditional probability that a pixel has a
color ¢ given its 2D image location z, y. This color-spatial
independence assumption is applicable to the majority of
clothing people wear and has been used previously in [10].
Notice that the restriction that each blob has a single color
distribution does not imply that the blob is uniformaly col-
ored.

The second assumption is that the vertical location of a
blob with respect to the person is independent of its hori-
zontal location. This can be expressed as :

Ga(y|z) =gal(y)

where G 4 is the conditional density for the vertical location
of blob A given the horizontal location.

From the previous assumptions it follows that a blob can
be represented by three independent density functions:

e Color density function i 4(c)

e Vertical density function g 4 (y) representing the verti-
cal location of the blob within the body.

e Horizontal density f4(z)

where the spatial density functions g 4 (v), fa(x) are de-
fined relative to some origin. The joint distribution of pixel
(z,y,c) (the probability of observing color ¢ at location
(z,y) given blob A) is

Pa(z,y,¢) = fa(x)ga(y)ha(c)

Furthermore, since our blobs are aligned vertically, we can
assume that all the blobs share the same horizontal density
function f(x). Therefore, given a person model M = {A;}
i = 1 : n the probability of (x,y, ¢) is:

Playe M) = L0 Y o @ha( @

where C'is a normalization factor C(y) = ", ga; (v).

A pixel X = (z,y,c) can be classified to one of the n
blobs using maximum likelihood classification assuming all
blobs have the same prior probabilities

X eApst k= arg, maxP(X | Ax)
= arg, maxga,(y)ha,(c) )

since P(z,y, c|Ag) < ga, (y)ha, (c) where k = 1..n.

This formalization gives us a way to segment foreground
regions corresponding to a person into blobs as well as ob-
taining a probability estimate for a given pixel being part
of that person. The following subsection will discuss how
to use such estimates to segment foreground regions corre-
sponding to groups of people. Section 5 discusses how to
automatically initialize this blob model and how to obtain
estimates for the density functions while tracking isolated
people. One drawback of this representation is its inability
to model highly articulated parts such as hands; but since
our main objective is to segment people under occlusion,
we are principally concerned with the mass of the body.
Correctly locating the major blobs of the body will enforce
constraints on the location of the hands which could then be
used to locate and segment them.

2.2 Likelihood Maximization

For simplicity and without loss of generality we will
focus on the the two people case. Given a person model



M = {A;} where i = 1 : n, the probability of observing
color ¢ at location z, y is:

Playe | 3) = L5 S an ka0

where x, y and the spatial densities g 4, (y), f (z) are defined
relative to an origin o. If the origin moves to z,, y, we can
shift the previous probability to be:

flz —=z,

Pla,yse | M) = =3 Y 01, (5=00)ha, (0

This defines the conditional density as a function of the
model origin (z,,¥,), i.e., (z,,y,) IS & parameter for the
density and it is the only degrees of freedom allowed.

Given two people in occlusion with models M (z1,y1)
and MQ(ZL'Q,yQ) ,h = ($1,y1,$2,y2) is a 4 dimensional
hypothesis for the models’ origins. We will call & an
arrangement hypothesis. For a foreground region X =
(X1,...,X,) representing those two people, each fore-
ground pixel X; = (z;,y;, c;) can be classified to one of the
two classes using maximum likelihood classification (as-
suming the same prior probability for each person). This de-
fines a segmentation wp, (X) = (wp(X1), ...wn (X)) that
minimizes Bayes error where

w(X;) = kst k = arg, max P(X; | My(zg,yr)) k=1,2

Notice that the segmentation wy, (X)) is a function of the ori-
gin hypothesis h for the two models. i.e., each choice for
the targets’ origins defined a different segmentation of the
foreground region. The best choice for the targets’ origins
is the one that maximizes the likelihood of the data over the
entire foreground region. Therefore, the optimal choice for
h can be defined in terms of a log-likelihood function

hopt = arg, max » _log P(X; | My (h))

i=1

For each new frame at time ¢, searching for the optimal
(1,1, %2, y2): Solves both the foreground segmentation as
well as person tracking problems simultaneously. This for-
malization extends in a straightforward way to the case of
N people in a group. In this case, we have N differerent
classes and an arrangement hypothesis is a 2V dimensional
vector h = (z1,y1, ", TN, YN)-

2.3 Origin Detection Solution

Finding the optimal hypothesis for N people is a search
problem in 2N dimension space and exhaustive search
for this solution would require O(w?"), where w is 1-
Dimensional window for each parameter (i.e., the diameter

of the search region in pixel). So, finding the optimal solu-
tion this way is exponential in the number of people in the
group, which is non-practical. Instead, since we are track-
ing the targets throughout the occlussion and targets are not
expected to move much between consecutive frames, we
can develop a more practical solution based on direct detec-
tion of an approximate solution ht at frame ¢ given the solu-
tion h!—! at frame ¢ — 1. Let us choose a model origin that is
expected to be visible throughout the occlusion and can be
detected in a robust way. For example, if we assume that the
tops of the heads are visible throughout the occlusion, we
can use them as origins for the spatial densities. Moreover
the top of the head is a shape feature that can be detected
robustly given our segmentation. Given the model origin
location ht=! = (z;, ;)" at frame ¢t — 1, we can use this
origin to classify each foreground pixel X at frame ¢ using
the maximum likelihood of P(X | M(x;,y:)¢—1). Since
the targets are not expected to have significant translations
between frames, we expect that the segmentation based on
(24, yi)t—1 would be good in frame ¢ except possibly at the
boundaries. Using this segmentation we can detect new ori-
gin locations (top of the head) i.e., (x;,y;):. We can sum-
marize this in the following steps:

1 hg — i}’t—l = (xlayla"'axNayN)t_l
2. Segmentation: Classify each foreground pixel X based
on P(X | M (wk,yk))

3. Detection: Detect new origins (top of heads) — ht

Conducting repetitive segmentation-detection might lead to
a better solution in the sense of maximizing the likelihood
of the data, i.e, we can write an iterative version of this al-
gorithm where at each segmentation step the new solution is
evaluated based on the likelihood function and another iter-
ation is performed as long as we improve the likelihood. In
practice, we found that one step is enough to reach a good
segmentation as will be shown in section 6.

3 Modeling Occlusion

Figure 1. a- Original image. b- Foreground re-
gion. c-Segmentation result. d,e-Occlusion
model hypothese.s



By occlusion modeling we mean assigning a relative
depth to each person in the group based on the segmentation
result. Several approaches have been suggested in the liter-
ature to solve this problem. In [3] a ground plane constraint
was used to reason about occlusion between cars. The as-
sumption that object motion is constrained to the ground
plane is valid for people and cars but would fail if the con-
tact point on the ground plane is not visible because of par-
tial occlusion by other objects, or because contact points
are out of the field of view (for example, see figure 1).
McKenna et al [6] define the visibility index to be the ratio
between the number of pixel visible of each person during
occlusion to the expected number of pixels for that person
when isolated. They use this visibility index to measure the
depth (higher visibility index indicates that the person is in
front). While this can be used to identify the person in front,
we can easily construct examples to show that the visibility
index does not correspond to depth for more than two peo-
ple. The solution we present here does not use the ground
plane constraint and generalizes to the case of N people in
a group.

3.1 Occlusion Reasoning

Given a hypothesis h about the 3D arrangement of peo-
ple along with their projected locations in the image plane
and a model of their shape, we can construct an occlusion
model Oy, (x) that mappes each pixel z to one of the tracked
targets or the scene background. Let us consider the case
of two targets as shown in figure 1. The foreground region
is segmented as was shown in section 2.2, which yields a
labeling w(x) for each pixel (figure 1-c) as well as the best
location for the model origins. There are two possible hy-
potheses about the depth arrangement of these two people
and the corresponding occlusion models are shown in parts
d and e of the figure assuming an ellipse as a shape model
for the targets. We can evaluate these two hypotheses (or
generally N hypotheses) by minimizing the error in the la-
beling between Oy, (z) and w(x) over the foreground pixels.
i.e,error(h) =3 cpq(l—06(0n(z),w(x))) forall fore-
ground pixels'. We use an ellipse with major and minor
axes set to the expected height and width of each person es-
timated before the occlusion. Figures 5,6 show some exam-
ples of the constructed occlusion model for some occlusion
situations.

3.2 Utilizing depth information

Consider the situation where two targets are being
tracked through an occlusion and we are able to determine
the depth index for each target, and therefore we have an

LIn the two person case an efficient implementation for this error for-
mula can be achieved by considering only the intersection region and find-
ing the target which appears most in this region; that corresponds to the
one in front

Figure 2. Occlusion model example.

occlusion model similar totheoneinfigure2where Ry, R
represents targets 1,2 respectively and R, represents the
scene background. Clearly, pixelsin region R, are more
likely to be part of the first target. In the following we dis-
cuss how to utilize thisinformation in the segmentation pro-
Ccess.

Generdly, if we have m targets, we would have m + 1
regions (layers) similar to those in figure 2 whereregion R ;
represents the visible parts of target i. Let the layer proba-
bility 7 (z) = (7°(z),...,#™(z)) be an m + 1 probability
vector where 7 (z) is the probability that pixel = belongs
tolayeriand 3" mi(x) = 1 In other words, 7% (z) isthe
probability that the ray from pixel 2 through the optical cen-
ter will hit target 7 first. Any target arrangement hypothesis
h would define different layer probabilities so we will use
the notation 7, () to denote the layer probability defined
by such hypothesis. The likelihood probability of a pixel
given target ¢ would be

Py(a | target,) = P(x | Mi(h)) - ()

Therefore we can use the same framework asin section 2.2
to find the hypothesis that maximizes the likelihood of the
foreground region. This way we extend the notion of ar-
rangement hypothesisto include both target 2D location and
relative depth.

The question is how we can obtain an estimate for 7,.
Here we present a heuristic method to obtain such estimates
for each new frame ¢ based on the previous frame, ¢t — 1.
Let w'~!(z) be the segmentation result and let O~ (z)
be the occlusion model for framet — 1. Let A:~1(i, j) be
the probability of observing object ¢ in region R; where
> A4, 5) = 1. We can calculate these probabilities
from the segmentation result and the occlusion model of
framet — 1 as

N1(G, ) = N. of pixels_label_edz’ inR;
’ N. of pixelsin R;

Given this estimate we can assign the layer probabilitiesfor



hypothesish at framet as
. i 6%
mh(2) = (1= ) X1 (i, Op()) + )

where Oy, () is the occlusion model defined by hypothesis
h and « is a parameter representing the uncertainty in the
process resulting from using inaccurate shape models. Note
that if o isset to 1 all the layer will be equiprobable.

4 Blob Modeling

The framework presented in section 2 for segmentation
is applicable to any method to estimate the color density
function and the spatial density function(s) for each blob.
A variety of parametric and non-parametric statistical tech-
niques have been used to model the color and the spatial
properties of colored regions. In [10] the color properties of
ablob were modeled using asingle Gaussian in the three di-
mension YUV space. The spatial properties of ablob were
modeled using pixel support maps. Fitting a mixture of
Gaussian using the EM algorithm provides a way to model
blobs with a mixture of colors. This technique was used
in [7, 8] for color based tracking of a single blob and was
applied to tracking faces. Mixture of Gaussian techniques
face the problem of choosing the right humber of Gaus-
sian for the model. Non-parametric techniques using his-
tograms have also been used in [6]. In this work they used
3-dimensional adaptive histogramsin RGB space to model
the color of the whole person and therefore no color-spatial
localization was used in their model. Color histograms have
also beenused in [5] for tracking hands. The major draw-
back with color histogram is the lack of convergenceto the
right density function if the data set is small.

4.1 Blob Color Mode

Our approach is to model the color density of ablob us-
ing non-parametric kernel density estimation. Given a sam-
pleS = {z;} wherei = 1...N and z; is ad-dimensional
vector, kernel density estimation [9] can be used to estimate
the probability that a ssmple y = (y1,...yq) is from the
samedistribution as .S

N d
A — T
P(y) = NUI r Zjl;[ e B )

where the same kernel function is used in each dimension
with different bandwidth o ;.

We represent the color of each pixel as a 3-dimensional
vector X = (r,g,s) wherer = =8 g = =% are
two chromaticity variablesand s = (R + G + B)/3 isa
lightness variable. Given asample of pixelsS4 = {X; =
(ri, i, s:)} from blob A, an estimate 7.4(-) for the color

density h 4 (-)can be calculated as

=t

h 7' 9,8 ag (g gz)Kth (S - SZ)

where K, (t) = 1/0 K (t/0). We use Gaussian kernels, i.e.,
Ksigma(t) = —A—e™"/2%)" with different bandwidith in
each dimension.

Theoretically, kernel density estimators can converge to
any density shape with enough samples [9]. Unlike his-
tograms, even with small number of samples, kernel density
estimation leads to a smooth continuous density estimate. If
the underlying distribution is a mixture of Gaussians, ker-
nel density estimation converges to the right density with
a small number of samples. Unlike parametric fitting of a
mixture of Gaussians, kernel density estimation is a more
general approach that does not require the selection of the
right number of Gaussian to fit. One other important advan-
tage of using kernel density estimationisthat the adaptation
of the model is trivial by adding new samples. The major
draw back of non-parametric kernel density estimator isit’s
computational cost, which becomes less of a problem with
the available computational power and efficient computa-
tional methods that have been devel oped recently [4]

The separation of chromaticity from lightnessin the rgs
space allows the use of amuch wider kernel with the s vari-
able to cope with the variablity in this variable due to shad-
ing effects as well as small changes in lighting condition
due to target motion. On the other hand, the chromaticity
variables r, g are invariant to shading effects and therefore
much narrower kernels can be used in these dimensions,
which enables more powerful chromaticity discrimination.
We cannot discard the lightness information since it is es-
sential for discriminating non colored objects (objects on
the gray line)

The estimation of appropriate bandwidthsis done offline
by considering batches of single colored regionstaken from
images of people’s clothing and estimating the variance in
each color dimension. Theoretically, for the Gaussian case
the bandwidth can be estimated as h ~ 1.066n~'/> [9]
where ¢ is the estimated standard deviation and n is the
samplesize.

4.2 Blob Spatial Model

Estimates for the blob vertical density g 4(y) and hor-
izontal density f(z) are learned while tracking the tar-
get before occlusion. Each blob vertical density g 4(y) is
represented non-parametrically by a histogram as will be
shown in section 5. The horizontal density is assumed to
be a Gaussian whose parameters are determined by fitting a
Gaussian to the vertical projection of target pixels centered
at the median.

5 Blob Extraction

The blob extraction process is performed when people
are isolated before occlusion. Generally, the way people
dress leads to three or four color regions along the vertical
axis for upright pose. We consider here the case where the
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Figure 3. a- Blob separator histogram from
training data. b- Confidence bands. c¢ - Blob
segmentation. d- Detected blob separators

person model consists of three blobs corresponding to a per-
son’s head, torso and bottom. We denote the horizontal line
that roughly separates two consecutive blobs as “ blob sep-
arator ”. A set of training data? is used to learn the location
of blob separators (head-torso, torso-bottom) with respect
to the body for a set of people in upright pose. Figure 3-a
shows a histogram of the locations of head-torso (left peak)
and torso-bottom (right peak) in the training data. Based
on these separator location estimates, we can determine re-
gions proportional to the height (confidence bands) where
we are confident that they belong to head, torso and bottom.

The initialization is done automatically by taking three
samples S = {Sy, Sy, Sp} of pixels from the three con-
fidence bands corresponding to head, torso and bottom.
Given a set of samples S = {S4,} corresponding to each
blob and initial estimates for the position of each blob y 4,,
each pixel is classified to one of the three blobs based
on maximum likelihood classification (equation 2) where
94;(y) = N(ya,,oa;) ad hy,(c) is estimated using ker-
nel density estimator as described in section 4.1 .

The actual blob separators are then detected by finding
the horizontal line that minimizesthe error in classification.
Let A and B betwo blobswhere A isabove B. Let L(X;) :
X; — {A, B} be the classification result of pixel X;. A
horizontal separator y 4p between the two blobs is defined
by

yap = arg,min Y _ 1 —6(L(X,), My(X;))

(3

A X, abovey

B X bdowy and §(a,b) =

where M, (X;) = {

1 a=0b
{ 0 otherwise

Given the detected blob separators, the color model is
recaptured be sampling pixels from each blob. Blob seg-
mentation is performed and blob separators are detected at
each new frame aslong as the target is isolated and tracked.

2The training data consists of 90 samples of different people from both
genders dressed in top-bottom manner in different orientations in upright
pose

A histogram of vertical location of detected blob pixels
H', (y) is used to update the blob vertical density g4, (y)
at each new framet for each blob A ; by

9. (9) = (1 = a)gly, (9) + aH ), (y)

where each vertical location y is aigned and scaled to
g = |yt0:’;iio‘:-_”;;:;"d_m‘ - h using the detected blob sep-
arators Yiop_vottoms Yhead-top- BlOD Separators are robust
featuresthat areinvariant to partial occlusion aslong asthey
arevisible.

Figure 4. Example results for blob segmenta-
tion

Figure 3-b shows initial bands used for initialization
where the segmentation result is shown in 3-c and the de-
tected separators are shown in 3-d. Figure 4 illustrates
some blob segmentation examples for various people. No-
tice that the segmentation and separator detection is robust
even under partial occlusion of thetarget asin the rightmost
result. Also in some of these examples the clothes are not
of auniform color.

6 Experimental Results

The input to the algorithm are foreground regions corre-
sponding to the moving objects which were extracted from
the scene background. Background subtraction is used to
extract these regions as a preprocessing step that we do not
discussin this paper, details can be foundin [1].

Figure 5 shows some results for segmenting two people
in different occlusion situations. The foreground segmenta-
tion between the two people is shown as well as blob seg-
mentation. Pixels with low likelihood probabilities are not
labeled. In most of the cases, hands and feet are not la
beled or are miss-classified because they are not part of the
blob representation. The constructed occlusion model for
each case is also shown. Notice that in the third and forth
examples, the two people are dressed in similarly colored
pants. Therefore, only the torso blobs are discriminating



Figure 5. Example results: Top left: Original
image. Top right: people segmentation. Bot-
tom left: blob segmentation. Bottom right:
Constructed occlusion model

in color. This was sufficient to locate each person’s spa-
tial model parameters and therefore similarly colored blobs
(head and bottom) were segmented correctly based mainly
on their spatial densities. Still, some miss-classification can
be noticed around the boundaries between the two pants
which is very hard even for human to segment accurately °.

Figure 6 illustrates several frames from a sequence
for two targets being tracked throughout occlusion. The
blob segmentation results are shown as well as the con-
structed occlusion model. This result is obtained using the
segmentation-detection solution (section 2.3) with the top
of the head used as a reference point for the spatial densi-
ties.

SFull video clips showing these results and others can be downloaded
from ftp://www.umiacs.umd.edu/users/pub/el gammal/video/occlusion

Figure 6. Example results: Top: Original im-

age. Middle: Blob segmentation. Bottom:

Occlusion model

In order to evaluate the algorithms we compared the seg-
mentation results with ground truth data that we obtained
by manual segmentation at certain key frames. We measure
the cross classification error which is defined for each class
as number of incorrectly classified pixel / number of fore-
ground pixels for that class. The first result, shown in fig-
ure 7, is a comparison between the two methods described
insections2.2and 2.3, i.e., asearchfor the optimal hypoth-
esisthat maximizethelikelihood versus origin detection so-
lution. For the first method an exhaustive search for the
optimal target model parameter hypothesis was performed
at each new frame with a window of size 9 pixels in each
dimension around the previous frame solution. For the sec-
ond method the solution was obtained at each new frame
by detecting the top of the head based on segmentation us-
ing previous frame solution as a hypothesis for the spatial
model parameters. The error rates for each target as well
as the overall miss-classification rate are shown in figure 7
which also shows (top plot) the ground truth visibility ratio
of the occluded person as a measure for the occlusion. As
can be seen, the origin detection solution gives similar re-
sults to the search solution in most of the evaluation frames
except frames 162,164. Thisis because the heads of the two
people were against each other and that caused significant
confusion between them. Therefore the tops of the heads
were not detected accurately. The segmentation result us-
ing the origin detection solution is shown in figure 6.

Figure 8 shows the effect of utilizing the recovered depth
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Figure 7. Evaluation: Exhaustive search vs.
direct solution. From top to bottom: Visibil-
ity ratio of occluded target as a measure for
occlusion, Error in occluding target, Error in
occluded target, Overall cross classification.

information (layer probability) in the segmentation as was
described in section 3.2. We compared the error rates that
we obtained by utilizing the layer probability in segmen-
tation to the error rates obtained using color-spatial infor-
mation only(section 2.2). In both cases we search for the
optimal target origin hypothesis. The results show that a
dlight improvement can be achieved by utilizing layer prob-
abilities with a simple shape model. Further improvement
is expected by utilizing a more accurate shape model.

O0.1r

—+— w/o layer pr.
x- - w layer pr. )

0.08
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o) . . .
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Figure 8. Evaluation: Error rates for segmen-
tation without layer probabilities vs. segmen-
tation with layer probabilities

7 Conclusion

We can summarize our contribution as follows: We in-
troduced a representation of people that spatially localizes
color propertiesin a meaningful way. We presented a gen-
era probabilistic framework that uses maximum likelihood
estimation to estimate the best arrangement for people in
a group in order to segment the foreground regions corre-
sponding to this group. The framework can be used with
any density estimation method for color density and spatial
densities for each blob. We presented a method to reason
about occlusion so we can construct a model of that occlu-
sion and showed how we can utilize such model in the same
segmentation framework.

Currently, the automatic initialization of a person’s
model isrestricted to peopledressed in atop-bottom manner
which yields three color blobs. Immediate future extension
is to be able to do automatic initialization in a general way
based on pre-trained cloth model specially that our frame
work is not restricted to a certain cloth model.

Future work includes al so segmenting groups of peoples
without pre-captured models of their appearance, i.e., build
these models simultaneously while solving the occlusion
segmentation program.
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