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Abstract

The main focus of this work is the integration of feature
grouping and model based segmentation into one consis-
tent framework. The algorithm is based on partitioning a
given set of image features using a likelihood function that
is parameterized on the shape and location of potential indi-
viduals in the scene. Using a variant of the EM formulation,
maximum likelihood estimates of both the model parameters
and the grouping are obtained simultaneously. The result-
ing algorithm performs global optimization and generates
accurate results even when decisions can not be made us-
ing local context alone. An important feature of the algo-
rithm is that the number of people in the scene is not mod-
eled explicitly. As a result no prior knowledge or assumed
distributions are required. The approach is shown to be
robust with respect to partial occlusion, shadows, clutter,
and can operate over a large range of challenging view an-
gles including those that are parallel to the ground plane.
Comparisons with existing crowd segmentation systems are
made and the utility of coupling crowd segmentation with a
temporal tracking system is demonstrated.

1. Introduction

The focus of this work is the segmentation of groups of peo-
ple into individuals. Although sophisticated person detec-
tors such as [4] have been developed, they usually assume
that people are well separated. Others such as [5, 13] have
used mechanisms such as head detectors to segment crowds.
However, failure modes occur when these features cannot
be directly observed. Alternatively one can extract a large
set of image features and partition these into individuals us-
ing explicit feature grouping or a form of model based seg-
mentation.

Two examples of the feature grouping approach are Song
et. al. [9] and Mikolajczyk et. al. [6]. These systems de-
fine a likelihood function that can determine whether or not
a given set of features should be grouped together. Seg-
mentation is achieved through a greedy search where the
most likely grouping is first identified and then removed.
This process is repeated until all image features have been
explained. Since these likelihood functions do not con-

sider all image features simultaneously, difficulties can oc-
cur when there is high ambiguity associated with the local
context. This can occur in regions such as the center of
dense crowds. For this reason a global optimization may be
desirable.

Parameter driven generative models, as used in model
based segmentation, can completely describe a scene. The
parameters may include the number of people, their location
and their shape. For a given set of parameters, the group-
ing of all features can be directly inferred and subsequently
evaluated. Hence global optimization can be achieved by
searching for maximum likelihood estimates for the model
parameters. The main issues are that the parameter space
can be very complex. Optimization then requires good ini-
tial estimates and expensive search techniques. Elgammal
et. al. [2] assumed prior knowledge regarding the number
of people and their appearance. Optimization was achieved
by exhaustive local search. Zhao et. al. [13] make no as-
sumptions about the number of people in the scene and use
Markov Chain Monte Carlo (MCMC) to perform their opti-
mization.

A new approach that combines the power of the genera-
tive models with the simplicity associated with the feature
grouping methods is needed. We propose a system that per-
forms global optimization, makes no assumptions about the
number of people in the scene, needs only trivial initializa-
tion, and does not require random search. The approach
is based on an Expectation Maximization (EM) formulation
which has shape parameters for all potential individuals and
treats feature assignments, similar to Tu and Yuille [12], as
hidden variables. A relaxation scheme starts with a uniform
distribution for the hidden variables and through an anneal-
ing process ultimately arrives at a maximum likelihood esti-
mate for both the shape parameters and feature assignments.

In the following section a formal definition of the hid-
den variable approach will be given. Implementation de-
tails will be discussed in section 3. The important question
of how the algorithm can effectively be used within a visual
tracking framework is addressed in section 6.
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Figure 1: Crowd Segmentation Problem. Differences in view-
ing angle, appearance, and partial occlusion makes crowd seg-
mentation a very challenging problem.

Image Features Z Clique Set C Segmentation X∗

Figure 2: Image Features, Cliques, and Shape Parameters.
The feature extraction, the computation of the set of cliques C and
segmentation results are shown for one example image. Note that
a standard probabilistic background model was used to segment
the image foreground. The set of image features Z illustrates that
each feature zi is labeled as being at the top side or bottom of
a person. The set of cliques C illustrates that the algorithm gen-
erates a large number of cliques. The segmentation on the right
shows a segmentation for the MAP estimate X∗ and one sample
of V . Relevant details are described in section 4.

2. Problem Formulation

The set of N observations Z = {zi} consists of image fea-
tures which can include corner points, edges, image regions
or the output of application specific detector schemes. A
geometric shape model is used to identify which subsets
C ⊂ Z can be associated with a single person. In a pre-
processing step a set of K possible groups of features, also
referred to as cliques [11], are identified. The set of all
cliques is defined as

C := {C1, . . . , CK} . (1)

An assignment vector V = {vi} of length N with vi ∈
[1, . . . , K] is used to associate each feature zi with a partic-
ular clique Ck. The association of features to cliques is di-
rectly coupled with questions regarding the assumed shape
of people. This is why cliques Ck are associated with pa-
rameters xk that encode the location and shape of people.
The collection of shape parameters is denoted as

X = [x1, . . . , xK ]T . (2)

The focus of our approach is to model the joint probabil-
ity of an assignment vector V and a feature set Z, i.e.
p(V,Z; X). Here X denotes the parameters of the distri-
bution. The reader should note that the range of the random
variable V , V is defined by the set of cliques C. The par-
ticular challenge here is that the assignments of features zi

to cliques Ck cannot be observed directly. This is why V is
treated as a hidden variable. Given a set of image features
Z the task is to find the maximum likelihood estimate of
X and a distribution for V which can be sampled to gener-
ate likely assignments. We address this estimation problem
using EM.

One possibility for modeling the joint probability
p(V,Z; X) is to define a merit function for a particular fea-
ture assignment V , given a set of image features Z. Mea-
suring the affinity of a particular subset of image features
(zi, . . . , zj) to a particular clique is one way of doing this.
Here we limit our analysis to modeling the affinity of sin-
gle feature assignments as well as pairwise assignments to
a given clique Ck with shape parameters xk. The cor-
responding affinity functions are denoted as g(zi, xk) and
g(zi, zj , xk). We formulate the log likelihood of a feature
assignment given a set of image features Z as

L(V |Z; X) ∝γ1

K∑
k=1

N∑
i=1

g(zi, xk) δ|Ck
(vi)+

γ2

K∑
k=1

N∑
i,j=1

i �=j

g(zi, zj , xk) δ|Ck
(vi, vj) ,

(3)

where δ|Ck
(·) is an indicator function which is one in case

vi = k and set to zero otherwise. In this particular case it is
not necessary to compute the normalization constant which
depends on V since the set of cliques C does not change.
Since the value of p(Z) remains constant throughout the
formulation, we have

p(V,Z;X) = p(V |Z; X) p(Z) ∝ exp(L(V |Z; X)) . (4)

The EM algorithm estimates the parameters of the model
and the distribution of V iteratively starting from some ini-
tial guess. Neal and Hinton [7] present a variant of EM in
which both the E and the M steps are seen as maximizing, or
at least increasing the function F (P̃ ,X), which is defined
as

F (P̃ ,X) = EP̃ [log P (V,Z; X)] + H(P̃ ), (5)

where P̃ is the probability density function of V . The en-
tropy of this distribution is denoted by H . The function is
related to the ’free energy’ used in statistical physics. This
version of EM justifies incremental versions of the algo-
rithm, which in effect employ a partial E step, as well as
sparse versions, in which most iterations update only parts
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of the distribution P̃ . An iteration of the standard EM algo-
rithm can be expressed in terms of F (P̃ ,X) as follows:

E-Step: Set P̃ to the P̃ that maximizes F (P̃ ,X)

M-Step: Set X∗ to the X that maximizes F (P̃ ,X) .
(6)

In analogy to the classical mean-field theory we assume
that p̃ is independent with respect to the vi, i.e.

P̃ (V ) =
N∏

i=0

P̃ (vi) . (7)

This independence assumption simplifies the free energy
F (P̃ ,X) (5). Given a particular clique Ck this indepen-
dence assumption will not hold and the resulting limitations
of the algorithm need to be studied. A similar problem is
presented in [10]. One general remark that can be made
is that this independence assumption compromises the in-
fluence of the underlying shape model. Potentially, image
regions that are similar to partial people can generate strong
cliques even though the rest of the body is not explained.
In addition this assumption does not allow for any explicit
occlusion reasoning. In the following P̃ (V ) is represented
as a matrix M = {mik} where mik := P̃ (vi = k).

Based on the model specified in equations (4) and (3),
the function F (P̃ ,X) is of the form:

F (P̃ ,X) =
K∑

k=1

N∑
i=1

g(zi, xk)mik

+
K∑

k=1

N∑
i,j=1;i �=j

g(zi, zj , xk)mikmjk

−
K∑

k=1

N∑
i=1

mik log(mik) .

(8)

The assignment vector V that maximizes P (V,Z;X) for
a given set of image features Z and shape parameters X is
denoted as V ∗, i.e.

P (V ∗, Z;X) ≥ P (V,Z;X) ∀ V ∈ V .

It can be shown that

∀P̃ log P (V ∗, Z;X) ≥ EP̃ [log P (V,Z;X)].

Therefore the expectation term in equation 5 is maximal
when P̃ (V ) = δ(V ∗). The entropy term on the other
hand favors broader distributions which implicitly imposes
a lower bound on the variance of P̃ . In order to make this
optimization problem more tractable we introduce, similar
to [1], an explicit regularization parameter T , i.e.

FT (P̃ ,X) = EP̃ [log P (V,Z; X)] + TH(P̃ ). (9)

At a sufficiently high starting temperature P̃ will be uni-
form since the value of the functional is dominated by the
entropy term. Annealing will then be applied to determine
the solution by lowering the temperature using an appropri-
ate annealing schedule. The relevant details of this step will
be discussed in the following section.

EM Estimate of X
Initialization:
− Compute the set of cliques C, initial dis-

tribution P̃0, and X0. Set T = T0.
Until T = T∞:
− Iterate:

− E-Step: Set P̃s by updating the assign-
ment probabilities mik according to 10.
(see section 3.2)

− M-Step: Set Xs such that it optimizes

FT (P̃s, X). (see section 3.3)
− while FT (P̃s, Xs) − FT (P̃s−1, Xs−1) ≥

ε.
− Update T with T = αT .

Figure 3: Algorithm Overview.

3. Algorithm Overview
As opposed to the traditional EM algorithm we adopt a vari-
ant of EM that maximizes a joint function FT (P̃ ,X) of the
parameters, X, and the distribution for the unobserved vari-
ables P̃ (V ). The implementation of the E-step and M-step
will be presented in sections 3.2 and 3.3 respectively.

Any EM parameter estimation critically depends on the
initialization method. The entropy term H in FT (P̃ ,X)
imposes an implicit lower bound on the variance of P̃ . At
sufficiently high temperatures this entropy term H domi-
nates the value of the function FT (P̃ ,X). In consequence
the initialization problem becomes trivial since P̃0 can be
set to a uniform distribution over the range of V , V . As
part of the initialization process, presented in section 3.1, V
is computed by applying a geometric shape model to ana-
lyze which image features zi can be part of the same clique
Ck. As part of this initialization, an initial estimate of X is
computed directly. An overview of the algorithm is given
in figure 3. Section 3.4 contains a brief discussion of the
annealing schedule.

3.1. Initialization
The decision on which image features can be grouped to-
gether depends on the shape model. In this implementation,
knowledge of the ground plane is used. The shape of a per-
son varies as a function of its position on the ground plane.
Other information such as statistical background models or
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object specific image features can be used to derive sophis-
ticated clique nomination schemes - see section 4.3. As a
result of this process we obtain a set of cliques C and an
initial estimate of X . The set of cliques C automatically de-
fines the range of the random variable V . This is why we
can compute P̃0, represented by M0 as follows:

M0 = {mik} with mik =
δ|Ck

(zi)∑
l δ|Cl

(zi)
.

Note that no knowledge of the number of people present in
the scene is required. The initial choice of P̃ ensures no
bias is given to any particular V ∈ V .

3.2. E-Step
The objective of the E-step is to maximize FT (P̃ ,X) with
respect to P̃ , which is specified using the matrix M (see
equation 7). The interpretation of EM [7] adopted here jus-
tifies a partial optimization. One possibility is to gradually
increase, like in traditional soft assign [1], those assignment
probabilities mik which increase the value of FT (P̃ ,X).
In our case the matrix M is not a doubly stochastic matrix,
since multiple vertices can be assigned to a single clique Ck.
For every i ∈ [1, . . . , N ] and k ∈ [1, . . . , K] the assignment
probability mik is updated as [11]

m′
ik = exp

(
1
T

∂mik
EP̃ s [log P (V,Z; Xs)]

)
. (10)

The partial derivative ∂mik
EP̃ s [log P (V,Z; Xs)] has the

form

g(zi, xk) + 2
N∑

j=1;i �=j

g(zi, zj , xk)mjk

Based on the independence assumption made for P̃ the fol-
lowing normalization is sufficient:

ms+1
ik =

m′
ik∑

l m
′
il

. (11)

Depending on T this update gradually increases the assign-
ment probabilities which increase FT (P̃ ,X). The benefit
of this approach is that it is robust and computationally ef-
ficient.

3.3. M-Step
The model parameter X encodes the shape of each clique
Ck. The set of image features that can be associated with a
given clique Ck does not change during this process, which
implies that the range of V is fixed. In turn this imposes
limits on the rate of change of X . The weaker a particular
assignment probability P (vi = k) gets, the less it influ-
ences the shape parameter xk. In this work, the dimension

of the shape space is small. It should be noted that this op-
timization is independent of the entropy term H and does
therefore not depend on the temperature T.

Since the affinity functions g(·) depends on Ck this op-
timization problem is non-linear and the parameters are
strongly coupled. For a given clique Ck, the shape parame-
ter xk can only vary within limits. Consequently an exhaus-
tive search is performed for every xk independently.

3.4. Annealing
The annealing schedule controls the update process. Start-
ing at T0 the temperature is gradually reduced according to a
linear annealing schedule (see figure 3). The initial temper-
ature, T0, is determined by calculating the maximal partial
derivative

m = max
i,k

∂mik
EP̃ s [log P (V,Z; Xs)] .

In order to insure that the annealing process is slow enough
but still sufficient, T0 is set such that exp(m/T0) = 1. The
lower the final temperature the less the influence of the en-
tropy term H in FT (P̃ ,X).

At T∞, the M matrix becomes binary this implies that
P̃ (V ∗) = 1 for some value of V ∗. It can be shown that for
the given values of Z and X , log(P (V,Z; X)) is locally
maximal at V ∗.

4. Implementation
In order to implement the formulation defined in the pre-
vious section, the following mechanisms and parameteriza-
tions must be defined:

• a feature extraction process that provides the observa-
tions Z,

• a shape space parameterized on xi which defines the
apparent contour of clique Ci,

• a clique nomination scheme that generates C,
• the feature to object affinity function g(zi, xk) which

defines the cost of assigning zi to clique Ckwith shape
parameters xk,

• the pairwise affinity g(zi, zj , xk) which defines pair-
wise affinity of zi and zj to the clique Ck with shape
parameters xk.

4.1. Feature Extraction
There are numerous approaches to extracting informative
features from images. A common approach for selecting
features which are indicative of a person is to make use of
the bounding contour of the silhouette associated with the
foreground (e.g. [14]) as shown in figure 2. It is often as-
sumed that silhouette information is available, but the ex-
traction of such features is challenging since the bounding
contours can be corrupted by image noise.
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label di rk σk

top vi vk + hk αh ∗ hk

bottom vi vk αh ∗ hk

left ui uk − 0.5wk αw ∗ wk

right ui uk + 0.5wk αw ∗ wk

Ω(uk,vk)

top

left

right

bottom

Table 1: Feature Labels. This table is used to define the values
in equation (12). The values (ui, vi) are the coordinates of zi. The
values (uk, vk) are the current values of xk. The values of hk and
wk are the width and height of the rectangle Ω(uk, vk) The figure
on the right illustrates features and their associated labels.

As opposed to using the entire bounding contour a num-
ber of segments sn are taken and feature points zi are sam-
pled from these segments. Based on local contour infor-
mation each segment is labeled as being on the top(t), bot-
tom(b), left(l) or right(r) of a person. A point on a given
line segment can have multiple labels. Given the label of
the segment and the shape space information (see section
4.2), the potential width w and height h of an individual in
the region of the line segment sn can be computed. This es-
timate is then used to dynamically adjust the sampling rate
of feature points zi. Hence the feature extraction process
is robust to a change of scale. This process is illustrated in
figure 2.

4.2. Shape Space

A rectangular shape space is used to approximate the shape
of a person in the image. The shape space is parameterized
by x = (u, v, w, h) where (u, v) are the coordinates of the
center of the base of the rectangle Ω(u, v) which should be
coincident with the feet of the person. It is assumed that
people are standing vertically on a flat horizontal surface
and that they are of uniform height. Thus there is a foot
plane and a head plane. The 2D location of a person’s feet
in the foot plane is assumed identical to the 2D location of
the person’s head in the head plane. There is a homography
Hf that maps the image plane to the foot plane and a ho-
mography Hh that maps the head plane back to the image
plane. Under these imaging conditions there is a homogra-
phy Hfh = Hh ∗ Hf that maps foot pixels to head pixels
[11]. The height h of Ω(u, v) is then |H(u, v) − (u, v)|.
Assuming a constant aspect ratio r the initial width w of
Ω(u, v) is set to r ∗ h. The standard deviation of the dif-
ference in height and width of the person in the image is
modeled as αw ∗ w and αh ∗ h. The coefficients of H are
obtained in a calibration phase. The remaining parameters
are kept site independent.

4.3. Clique Nomination
Given the foreground image and Z, a set of cliques C must
be nominated. The clique nomination process is intended
to generate all likely groupings of image features. For a
clique to be valid, every pair of its features must satisfy
the constraint that they could both have been generated by
a single individual. There are many possible criteria for
this constraint. In this application we use geometric con-
straints based on the shape model. For any given rectangle
Ω(u, v) all features that are contained in a slightly dilated
versions of Ω(u, v) can form a valid clique. An exhaus-
tive approach would be to consider all possible values of
(u, v) and then prune based on redundancy. Since the com-
plexity of the algorithm is directly affected by the number
of nominated cliques, measures should be taken to restrict
the nomination process. For a given foreground patch, all
bounding pixels are identified. All rectangles Ω(u, v) such
that (u, v) or Hfh(u, v) is a bounding pixel are initially con-
sidered. All candidates with less than fifty percent overlap
with the foreground patch are rejected. A chamfer map is
constructed based on the bounding pixels and the chamfer
distance for each of the remianing candidates is calculated.
Non-maximal suppression in used to nominate the final set
of cliques.

4.4. Assignment Affinity Functions
The merit of assigning zi to a clique with shape parameters
xk is defined as

g(zi, xk) = 1 − (di − rk)2/(σk), (12)

where the values for di, rk and σk depend on the label as-
sociated with zi and are defined in table 1. If g(zi, xk) falls
below zero, it is set to zero.

The pairwise affinity g(zi, zj , xk) is set to the number
of foreground pixels on the line segment lij divided by the
length of lij . The end points of lij are the coordinates of
zi and zj . It should be noted that in this implementation,
g(zi, zj , xk) is independent of xk.

5. Results
In order to provide a comprehensive analysis of the algo-
rithm we compare our results with alternative approaches
and analyze the effectiveness of our optimization method.
Our final segmentations are based on hypothesized cliques
with significant numbers of assigned features. As discussed
in section 1 work by Zhao and Nevatia [13] is the most rel-
evant to our approach.

One direct comparison is shown in figure 4. The strength
of their approach is a more detailed parametric shape model.
Based on a set of interest points found using a head detec-
tor they use MCMC estimation to identify the most likely
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Figure 4: Method Comparison. A direct comparison with Zhao and Nevatia’s method [13] is presented. The result obtained by our
method is shown in the left image, their result in the second from the left. The binary foreground image illustrates that this is a very
challenging example. As our method uses the entire set of image features (shown in figure 2) it is capable of segmenting this group of
people. A comparison of a basic iterative method described in section 5 (shown in the middle) and the proposed optimization scheme
(shown on second image from the right) is presented. Incorrect detections are highlighted in red. Note that the proposed algorithm resolves
the ambiguity at the center the foreground patch. The right image shows the average probability of feature assignment for each clique at
each iteration of the relaxation algorithm. Note that it takes many iterations before all the feature assignments are resolved. (Data and
results for the second image from the left courtesy of T. Zhao and R. Nevatia)

model parameters. Identifying all the head positions is of-
ten challenging (see figure 4). Since our algorithm accounts
for all feature points it manages to segment this foreground
region correctly. Fifteen similar examples taken from the
same video sequence are presented in the accompanying
supplementary material. All in all there were 54 possible
detections. Our approach missed 4 and the algorithm de-
scribed in [13] missed 6. There were no false detections for
either algorithm.

The merit of performing simultaneous estimation via
global optimization given the initial pre-processing steps is
now demonstrated. In order to test whether or not a valid
segmentation can be computed in a single pass as opposed
to a sequence of iterative updates a simple feature grouping
approach was implemented. In a single pass it iteratively
removes the clique Ci which maximizes the log likelihood
(3) assuming that all associated features are assigned to it.
Those features are then removed from the set of image fea-
tures Z. This process is repeated until there are no remain-
ing features. A comparison of the results shown in figure
4 demonstrates that the simultaneous estimation of the seg-
mentation and shape parameters using EM effectively prop-
agates certainty from regions of low to high ambiguity. The
ambiguities at the center of the crowd cannot be resolved
based on local context information alone. In a separate set
of experiments an additional degree of freedom was added
to the shape space which allows for much greater variation
in height. The results shown in figure 5 demonstrate that the
M-step was able to adapt to both children and adults. The
distribution of possible head positions in the image varies
depending on the camera viewing angle. In figure 4, for
example, knowledge of the head location in the image pro-
vides a strong estimate for the size of a person. However
as the angle between the principle ray and the ground plane
decreases, the ambiguity regarding the location of the feet
given the location of the head increases dramatically. For

Figure 5: Shape Estimation. In a set of experiments one degree
of freedom was added to the shape space so that children as well as
adults can be segmented correctly. The initial shape of the clique
is shown in green and final estimated size in red. Note that the
algorithm accurately segments people of different heights.

Figure 6: Viewing Angle. Note almost all head locations in these
image are close to the horizon. However there is a large variance
in size. By taking all image features Z into account accurate seg-
mentation is achieved. See text for further discussion.
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Figure 7: Challenges. Varying scale, clutter, shadows, as well as
partial occlusion make these examples particularly challenging.
Note that the algorithm generates plausible results.

algorithms reliant on a strong shape model based on out-
puts of such mechanisms as head detectors this becomes
problematic. Since our algorithm does not rely on any one
type of feature and the hypothesis nomination scheme can
produce a wide range of possible interpretations, robust per-
formance can be achieved under these challenging viewing
conditions. Figure 6 shows several results where all head lo-
cations are found near the horizon, the apparent body sizes
do however vary significantly.

In figure 7 we show a successful segmentation for a com-
plex scene where there is partial occlusion and like in the
previous examples, the viewing angle is almost horizontal.
The second image demonstrates the robustness of the algo-
rithm to shadows and foreground clutter. When individu-
als walk behind one another, an elevated viewing angle is
required. The third image demonstrates the ability of the
algorithm to function under these viewing conditions.

6. Visual Tracking
The quality of the EM estimate depends of course on the
extraction of image features Z and in particular on the qual-
ity of the foreground/background estimation process. An-
other factor are inherent ambiguities. For example, fully
occluded individuals can not be detected but challenges are
also posed by destractors such as backpacks or other items
that may have the appearance of partially occluded people.

To address the above problems we show in this section
how the proposed crowd segmentation algorithm can be in-
tegrated into the context of a larger tracking system (see
Figure 8). The system consists of three main components:
A standard low-level foreground estimation algorithm, a
template-based tracker as well as the crowd segmentation,
as presented in this work. All three components are com-
bined into a tightly coupled framework. In the following,
the tracker and the integrated crowd segmentation compo-
nents are described in more detail.

6.1. Tracker
The tracker uses an adaptive appearance based approach
similar to [8, 14]. The tracker is adaptive and can track

Figure 8: System overview. There are three components: fore-
ground detector, probabilistic tracker, and the crowd segmentation
algorithm. See text for details.

people and other targets such as vehicles alike. Various al-
gorithms are in place for initiating, merging, splitting and
deleting tracks. Each track is modeled by a color signa-
ture, an appearance template as well as a probabilistic tar-
get mask that is an autoregressive estimate of the foreground
information as obtained in the previous stage. The tracker
handles short term occlusions between isolated tracks, but
groups closely spaced targets together into group tracks.
Only foreground regions which are large enough to con-
tain a number of people and image regions that contain
closely spaced tracks are forwarded to the crowd segmen-
tation algorithm for further analysis. In addition, an im-
proved foreground region image is composed based on the
information maintained by the tracker and also supplied
to the crowd segmentation algorithm. The motivation for
this is the following: The properties of the target masks
compare favorably to the direct estimate of the foreground.
First, the autoregressive process used to maintain the tar-
get masks suppresses high frequency variations and noise
in the foreground image. Second, since the target masks are
estimated from the foreground image relative to the mov-
ing tracks, foreground region information is effectively in-
tegrated across multiple images along the motion paths of
targets, hence resulting in more accurate overall estimates.

6.2 Crowd Segmentation Component

The crowd segmentation algorithm processes all regions in
the image that the tracking component has judged to con-
tain groups of people. The resulting segmentation obser-
vation Ŝt at frame t contains information about the de-
tected number of people and their location in the image
Ŝt = {n̂t, (x̂t

i, ŷ
t
i), i = 0, . . . , n̂t}. As discussed above,

noise in the feature extraction process as well as inherent
ambiguities will inevitably lead for the estimate Ŝt to devi-
ate from the true state St. To reduce the error in the result-
ing segmentation, the estimated values are processed by a
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Figure 9: Crowd Tracking. The yellow bounding boxes visualize
the most likely hypotheses maintained by the crowd segmentation
tracker.

simplified multiple hypothesis tracker. Within each group
individual tracks are smoothed using a constant velocity
Kalman filter. Two frames taken from a tracking experiment
are shown in figure 9. Please note that the corresponding
video sequence has been submitted as supplementary mate-
rial.

7. Summary and Future Work
This paper presents an EM formulation for crowd segmenta-
tion which can be viewed as a combination of feature group-
ing and analysis by synthesis. The main strength of the ap-
proach is that global optimization is achieved without re-
liance on random search and strong initialisation. The num-
ber of individuals present in the scene need not be known in
advance and the algorithm is robust with respect to clutter,
shadows and partial occlusion. The algorithm has been suc-
cessful over a variety of scales and challenging camera an-
gles. An integrated approach that fuses tracking and crowd
segmentation was proposed and demonstrated.

Although the shape space and features used in this im-
plementation are relatively simple, more expressive mod-
els and informative features can be incorporated into this
framework. As part of our future work we will develop
shape models similar to those proposed by Felzenszwalb
[3] and extend the existing M-Step such that it will fit the
appropriate shape model to the image features. The set of
images features will be extended to include the outputs of
part specific detectors. This will overcome the limitations
of reliance the silhouette information alone. The segmenta-
tion itself will be improved by using temporal priors when
available. Complicated scenes such as brawls and dense re-
tail environments, which are confounded with foreground
clutter, are still beyond the scope of current systems. The
approach presented in this paper could be a step towards
solving these challenging problems.
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