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Abstract
Problem of segmenting individual humans in crowded sit-
uations from stationary video camera sequences is exacer-
bated by object inter-occlusion. We pose this problem as a
“model-based segmentation” problem in which human shape
models are used to interpret the foreground in a Bayesian
framework. The solution is obtained by using an efficient
Markov chain Monte Carlo (MCMC) method which uses do-
main knowledge as proposal probabilities. Knowledge of var-
ious aspects including human shape, human height, camera
model, and image cues including human head candidates,
foreground/background separation are integrated in one the-
oretically sound framework. We show promising results and
evaluations on some challenging data.

1 Introduction and Motivation
Segmentation and tracking of humans in video sequences

are important for a number of tasks such as video surveillance
and event inference as humans are the principal actors in daily
activities of interest. In the situation of stationary cameras,
background subtraction is a widely used technique to extract
the moving pixels (foreground). If objects are sparse in the
scene, each connected component of the foreground (blob)
usually corresponds to an object, though the blobs may be
fragmented due to low contrast or partial occlusion by scene
objects or may contain non-human pixels caused by shadow.
When the density of the objects increases (such as in the exam-
ple shown in Fig.1), it is common that several objects form one
big blob. Therefore the blobs do not directly provide the ob-
ject level description that is needed for human event inference.
Our goal in this paper is to segment the foreground (a binary
mask) into individual human objects which may overlap with
each other.

1.1 Previous work
Some work has been done to segment or track multiple

overlapping humans. In [5], peaks in the vertical histogram
of the blob are used to help locate the positions of the heads.
In [16] and [11], vertical peaks on the foreground boundary
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(a) (b)
Figure 1: A sample input frame (a) and its foreground from
standard background subtraction (b).

are used to locate the positions of the heads. [16] also em-
ploys an iterative processing to handle the case when the heads
are not on the foreground boundary, assuming that the occlu-
sion from each other is slight. In [3], humans are assumed
to be isolated as they enter the scene so that a human spe-
cific color model can be initialized for segmentation when oc-
clusion occurs. [16] and [11] also use the initialized human
specific model to help in tracking through occlusion. All of
the above techniques either are based on some heuristics for
segmentation or rely on initialized human models before oc-
clusion occurs. They are not likely to be effective in crowded
situations.

In [10], the segmentation problem is solved using region-
based stereo with input from multiple (up to 16) cameras.
However it is limited to applications of small spatial areas.

[12] and [8] propose work to track multiple humans us-
ing particle filters. Due to the possible inter-occlusions, joint
states (the parameters of all the humans in the scene) are used
in the tracking. Performance of particle filters is limited by the
dimentionality of the state space, therefore, extending these
approaches to track a large number of humans may be diffi-
cult.

Color segmentation is not likely to segment individual hu-
mans. Motion segmentation also may not give satisfactory re-
sult due to the non-rigid human motion and the similarity of
the motion of individuals in a group. Face detection may not
be effective when the humans don’t face the camera or when
the image size of the human is small. Direct human detection
(e.g., [9]) has been limited to restricted viewpoints (frontal or
back).



1.2 Our approach
We take a 3D model-based approach and use human shape

models to interpret the foreground. The problem is defined as a
model-based segmentationproblem in a Bayesian framework.
The solution is defined to be the number of human objects and
their associated parameters maximizing the posterior proba-
bility. The posterior probability reflects how well the solution
reconstructs the foreground by the image likelihood while pre-
ferring small number of objects by the prior.

We use MCMC with jump and diffusion dynamics to pur-
sue the best solution by traversing the solution space. Markov
chain Monte Carlo (MCMC) is a tool to sample a probabilistic
distribution. Recently DDMCMC (data-driven MCMC) has
been proposed to solve computer vision problems. It improves
the efficiency of traditional MCMC by incorporating domain
knowledge to compute proposal probabilities of the Markov
chain especially when the state is defined on a complex space.
Promising results have been shown on object recognition [18],
image segmentation [14] and range image segmentation [7].

Domain knowledge including head candidates computed
from foreground boundaries, head candidates computed from
intensity edges and analysis of foreground residue map direct
the creation of new human hypotheses which improves the ef-
ficiency of the MCMC significantly.

The described work builds on our earlier work reported in
[17], The differences include more expressive human models
to capture the human shape variations in mid-range data (i.e.
where major limb articulations can be seen, stochastic diffu-
sion which both improves the speed and the accuracy of local-
ization and other refinements that result in more robust perfor-
mance.

We have performed experiments on datasets of different ob-
ject densities and under different imaging conditions. The pro-
posed approach gives good results with affordable computa-
tion time as described later in the paper.

2 A Bayesian Formulation of the Problem
We formulate the segmentation problem as computing the

maximum a posteriori (MAP) estimation �� such that

�� � ���������� ����� (1)

where � is the number of human objects and their parameters
and � is the foreground mask. Following Bayes rule, the pos-
terior probability is decomposed into a likelihood term and a
prior term:

� ����� � � �� ���� ��� (2)

The human shape model, the prior and the likelihood model
are described in this section.

2.1 3D human shape model
Human body shape is highly articulated. To model it pre-

cisely, a kinematics model with over 20 DOF and a mass dis-
tribution model are needed. However, in our application the

Figure 2: A number of 3D human models are used to capture
the gross shape of standing and walking humans. First row:
standing models (with orientation �� and ���); second/third
row: walking models with left/right leg forward (with orienta-
tion ��, ����, ���� and ���). NOTE: they are 2D projection
of 3D models under the camera model of Seq.2 in the result
section.

human motion is mostly limited to standing or walking and
we do not attempt to capture the detailed parameters of the
human body. We can thus use a number of low dimensional
models to capture the gross shape of human bodies at different
pose/viewpoint combinations.

We model human shape by four ellipsoids corresponding to
head, torso and two legs. An ellipsoid fits human body parts
well and has the property that its projection is an ellipse with
a convenient form [6]. Each ellipsoid is controlled by two pa-
rameters called lengthand fatness. The length parameter also
determines the width by using a fixed ratio; fatness parameter
defines depth besides the proportional change. We consider
only three articulations: both legs together, left leg forward
and right leg forward. These models are sufficient to capture
the gross shape variations of most humans in the scene for
mid-resolution images.

We assume that the humans move on a ground plane, there-
fore, besides heightand fatness, the parameters of the model
also include positionon the ground plane and orientation. The
orientations of the models are quantized for computation ef-
ficiency as follows: the standing model has two orientations
(��, frontal and ���, from side) and each of the two walking
models has six orientations (��, ����, ���� and ���). Since
both the model type and the orientation are discrete, we com-
bine them into one parameter model/orientation labelin one
of the 14 combinations (Fig.2). Therefore, the parameters of
each human object 	 are 
� � ���� ��� �� ��� ��� which are
model/orientation label, position, height and fatnessrespec-
tively.

We assume that the camera model and the ground plane are
known as in [16]. The camera model and the 3D shape model
automatically take care of the change in 2D size and shape due
to the change in position and viewpoint. This is advantageous
to 2D shape models such as in [4].



2.2 The solution space
The solution to the model-based segmentation problem in-

cludes the number of objects in the scene and their asso-
ciated parameters. It can be written in the form of � �
��� �
��
�� ����
��� � �.

� � ���������� � ��	����

where �� is the subspace of exactly � objects, � is the enu-
merated space of the model/orientation (��� � 	
) and � � is
the space for position and shape parameters (� �).

Since we don’t know in advance how many objects are
present in a given scene, the solution space � contains sub-
spaces of varying dimensions.

2.3 Prior distributions
We assume the prior probability of the state is the product of

the prior probabilities of all the objects. The prior probability
of an object 	 is made up of the prior probability on its image
size (��) and the prior probability on its parameters (
 �).

� ��� � ��
���� ����� �
�� (3)

� ���� � �������	
 �������

The first term penalizes large total object sizes which avoids
unnecessary overlapping. The second term penalizes objects
with small image sizes since they are more likely to be due
to image noise (������ is the distribution of the noise blob
size). �� is a coefficient which controls the maximum overlap
allowed in the final segmentation and �� is related to the noise
level of the images. We also experimented with prior proba-
bilities of the number of objects (� ��� � ���

�

�
�) but found it

to be not effective in scenes which contain human objects with
large image size variations.

� �
�� � � ����� ���� ��� ����� ����

We set � ���� so that � ����	
� � ���� ������� to penalize the
complexity (more ellipsoid) of the walking models. � �� �� ��
is a uniform distribution in the image. � ���� is a Gaussian
distribution ����� �

�
�� (�� � 	��, �� � ���) truncated

in the range of �	���� 	���� and � ���� is Gaussian distribu-
tion ���� � �

�
� � (�� � 	, �� � ���) truncated in the range of

����� 	���. Therefore:
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2.4 Multi-object joint likelihood
Since multiple humans may occlude each other, the image

likelihood cannot be decomposed into the product of image
likelihoods individual human hypotheses. Given a state, we
compute joint likelihood based on the formation of the fore-
ground as follows.

(a) (b) (c)
Figure 3: The likelihood based on the number of wrongly clas-
sified pixels. (a) the foreground � ; (b) the region of the solu-
tion �; (c) four kinds of pixels. NOTE: ellipse model is used
for illustration.

We assume that the foreground is formed by human objects
in the scene. Denote � as the image foreground and � as the
union of image regions of all human objects in a solution � (see
Fig.3 for � , � and their relationship). ��� is the probability
that a pixel in an human object results in a foreground pixel,
��� is the probability that a pixel in an human object does not
result in a foreground pixel, ��� is the probability that a pixel
outside human objects results in a foreground pixel, � �� is the
probability that a pixel outside human objects does not create
a foreground pixel. ���� ��� � 	� ��� � ��� and ���� ��� �
	� ��� � ���. Assuming the pixels are independent, we have
the following likelihood:

� �� ��� � ����� �	��� �
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where  is a constant which absorbs the terms independent of
�, ���� ��� are two coefficients depending on ��� and ��� and �
is the intersection of two regions. The likelihood only depends
on ��� and ���, which are the difference of the foreground
� and the solution region �. The parameters ��� and ��� are
estimated by examples.

By combining the prior (Equ.3) and the above likelihood,
the posterior probability (Equ.2) becomes:
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3 Efficient MAP Computation

We want to find the segmentation that maximizes the pos-
terior probability defined in the previous section. However,
as stated in Sec.2.2, the solution space contains subspaces of
varying dimensions and may contain many local minimums.
Markov chain Monte Carlo (MCMC) methods combined with
jump-diffusion dynamics provides a way to sample the poste-
rior probability in such a complex solution space to search for
the maximum.

The basic idea of MCMC is as follows. A Markov chain
can be designed to sample a probability distribution !��� (we
use !��� � � ����� for clarity). At each iteration ", we sample
a candidate state �� according to ���� from a proposal distri-
bution#��������� (in simple words, what new state should the
Markov chain go to from the previous state.). The candidate
state �� is accepted with the following probability:

� � �	��	�
!����#���������

!������#���������
�

If the candidate state �� is accepted, �� � ��, otherwise,
�� � ����. This is the well-known Metropolis-Hasting algo-
rithm. It can be proven that the Markov chain constructed this
way has its stationary distribution equal to!��, independent of
the choice of the proposal probability #�� and the initial state
�� [13]. However, the choice of the proposal probability #��
can affect the efficiency of the MCMC significantly. A ran-
dom proposal probability will lead to very slow convergence
rate while a proposal probability designed with domain knowl-
edge ([18] [14] [7]) will make the Markov chain traverse the
solution space more efficiently. If the proposal probability is
informative enough so that each sample can be thought of as a
hypothesis, then the MCMC approach can be thought of as a
stochastic version of the hypothesize and testapproach ([18]).
Sampling the proposal probability results in certain dynam-
ics of the Markov chain. Jump means that the structure (e.g.
dimension) of the state is change while diffusion means that
the structure does not change but the values of the parameters
change.

The crucial point in this problem is where to add a human
object. We incorporate three types of domain knowledge in
proposing the positions of new human objects.

3.1 Hypothesizing human objects
3.1.1 Head candidates from foreground boundary

This method detects the heads which are on the boundary of
the foreground [16]. The basic idea is to find the local vertical
peaks of the boundary. The peaks are further filtered by check-
ing if there are enough foreground pixels below it according
to the human height range and the camera model. This de-
tector has a high detection rate and is also effective when the
human is small and image edges are not reliable; however, it
cannot detect the heads in the interior of the foreground blobs.
Fig.4.(a) shows the $%������� on the example frame.

(a) (b)

(c) (d)
Figure 4: Head detectors. (a) Head candidates (crosses) from
foreground boundaries ($%�������); (b) Distance trans-
formation on Canny edge detection result; (c) The head-
shoulder (�) model: dark contour-head and shoulder, light
line-normals; (d) Head candidates (crosses) from intensity
edges ($%���). Read Sec.3.1 for detail.

3.1.2 Head candidates from intensity

we also use a head detector based on image intensity edges
which is also effective for the heads in the interior of the blobs
[17]. First, a Canny edge detector [2] is applied to the dilated
foreground region of the input image. A distance transforma-
tion [1] is then computed on the edge map. Fig.4.(b) shows
the exponential edge map where &��� � � ����
�'��� ��
('��� � is the distance to the closest edge point and � is a
factor to control the response field and set to ����.). Besides,
the coordinates of the closest pixel point are also recorded as
(%��� �. The unit image gradient vector ()��� � is only com-
puted at edge pixels.

The “�” shape of head and shoulder contour (Fig.4.(c))
is easily derived from our human model. The head-shoulder
contour is generated from the projected ellipses by taking the
whole head and the upper quarter torso as the shoulder. The
normals of the contour points are also computed. The size of
the human model is determined by the camera calibration as-
suming a known height (1.6, 1.7, 1.8 meters are used and the
maximum response is recorded).

Denote �(��� ���� (�
� and �(*�� ���� (*
� as the positions and
the unit normals of the model points respectively when head
top is at ��� �. The model is matched with the image in the
following way.

���� � � �	�+��

����

���������(*� � ()�(%�(�����

A head candidate map is constructed by evaluating ���� �
on every pixel in the dilated foreground region. After smooth-
ing it, we find all the peaks above a threshold selected to give
a very high detection rate but may also result in a high false



alarm rate. An example is shown in Fig.4.(d). The false alarms
tend to happen in the areas of rich texture where there are abun-
dant edges of various orientations.

3.1.3 Residue analysis
We denote the foreground map with the already formed hy-

potheses removed as the foreground residue map. The fore-
ground may initially contain some blobs of almost separated
human objects. After some human objects are hypothesized
and removed from the foreground, the residue map may show
more separated objects. Morphological openoperation can
help isolate the objects that are only connected by thin bridges
and remove small/thin residues. We generate human candi-
dates from the foreground residue map as follows.

Given foreground � and the region � corresponding to the
current solution �, compute the foreground residue map � �
� � �. Perform openoperation with a vertically elongated
structural element and compute connected components. From
each connected component ,, three human candidates can be
generated assuming: 1) the centroid of the , is aligned with the
center of human body; 2) the top center point of , is aligned
with the human head; and 3) the bottom center point of , is
aligned with the human feet.

3.2 Markov chain dynamics
Denote the state at iteration " 
 	 as ���� �

��� �
�� ����
���. The following Markov chain dynamics
are applied to ���� which results in ��. The dynamics corre-
spond to sampling the proposal probability #�� �������:

1. Human hypothesis addition: Randomly select a method
from the three techniques described in Sec.3.1 to gener-
ate a new hypothesis. Assume that the hypothesized po-
sition is at ���� ��, sample position ��� � �� in a Gaus-
sian density ������ ��� -	����

�
�� �

�
���. Rest of the pa-

rameters (��� ��� ��) are sampled from their respective
prior distributions. A new human hypothesis is assem-
bled as 
�
� � ���� ��� �� ��� ���. �� � �� �
	� �
�� ����
��
�
���.

2. Human hypothesis removal: Randomly select an ex-
isting human hypothesis � � �	� �� to remove. � � �
��
 	� �
�� ���
�� 
 �
���.

3. Model/orientation switch: switch the model/orientation
label of a human hypothesis. Randomly select an exist-
ing human hypothesis � � �	� �� and randomly switch
the model/orientation label �� to another one. All other
parameters are inherited.

4. Stochastic diffusion of model parameters: update the
parameters of a human hypothesis in the direction of their
gradients plus random noise. Randomly select an existing
human hypothesis � � �	� ��, update �� according to:

�� � �� � + �
��

� .

where & � �/�� �����, + is a step coefficient and .
is a Gaussian noise. The noise helps avoid local maxi-

mums. The parameters are also bound to their minimum
and maximum allowed values.

5. Head position switch: switch the head position of a hu-
man hypothesis. Randomly select an existing human hy-
pothesis � � �	� �� and randomly switch the head position
��� � to some other head candidate around the original
position. It is equivalent to first removing this human and
then adding the new one. However, removing � may re-
sult in a big decrease of the posterior probability so that it
has small chance to be accepted. This is similar to build-
ing a bridge on a valley in the search space.

The first two are referred to as jumpdynamics and the rest
are referred to as diffusiondynamics. It is guaranteed that the
Markov chain designed this way is ergodic (i.e., any state is
reachable from any other state within finite number of itera-
tions) and aperiodic (i.e., the Markov chain does not oscil-
late in a fixed pattern) since all of moves are stochastic [14].
Furthermore, redundant dynamics (e.g., head position switch)
is added for ease of traversal in the solution space. Multiple
ways of adding human hypotheses increase the robustness of
the system.

3.3 Incremental computation
In one iteration our algorithm only changes one object.

Thus the new likelihood can be computed more efficiently by
incrementally computing it only within the neighborhood of
the area associated with this object and those overlapping with
it. Furthermore, with the help of storing number of object
layers at each pixel (��	�), the incremental likelihood com-
putation is only needed within the region of the object being
changed.

When a human hypothesis is added, for each pixel 	 in the
region of the added object,

if ���� � � AND � ��� � �
��� � ��� � �;

if ���� � � AND � ��� � �
��� � ��� � �;

����� ���� � �;

When a human hypothesis is removed, for each pixel 	 in the
region of the removed object,

����� ����� �;
if ���� � � AND � ��� � �

��� � ��� � �;
if ���� � � AND � ��� � �

��� � ��� � �;

In case of diffusion, ��� and ��� can be simply computed
by a removal followed by an addition. The foreground residue
map also gets updated incrementally at the same time.

Although a joint state and joint likelihood are used, the
computation of each iteration is reduced to the region of an
object (in a general case, to the region of an object’s neighbor-
hood) through the incremental computation. This is in contrast
to particle filters where the evaluation of each particle (joint
state) needs the computation of the full joint likelihood.



4 Experiments and Evaluations

We have tested the approach described above on a number
of data sets and the results are very stable. Due to the space
limit, we will mainly show the results and the performance
evaluation on two sequences and mention the results of some
other scenarios 1.

We perform background subtraction using a standard tech-
nique ([15]) and feed the foreground into the segmentation al-
gorithm after morphology closeoperation. In our experiments,
the parameters are fixed as the following: �� � ���	,�� �
�����,��� � ���, and ��� � 	��. Besides, we apply a hard
constraint (25 pixels) on the minimum image height of human
object. The Markov chain starts from a null state �� � ��� �
and we assume #��������� � #���������. The results are
shown in input and output pairs. The outputs are the human
models overlaid on the original images. Due to the small im-
age size, we have explicitly marked the errors on the images
when they occur: false alarms in black arrows and missed de-
tections in white arrows.

Seq.1 is a 605-frame sequence captured from a camera on
second floor with the camera tilt angle around ���. A group
of 22 humans walked through the scene. The image sizes of
human objects in the scene have a large variation (more than
10 times in area). The dense edges of the tree branch shadows
at the far side result in high false positives for head candidates.
There are 50 to 100 head candidates per frame. Result on the
example frame in Fig.1 is given in Fig.5.

We compare our proposed approach with a random (uni-
form over the image) proposal probability for adding new hu-
man hypotheses in 5000-interation runs on the same frame.
The log posterior probability histories of the two cases are
shown in Fig.5.(b). The log posterior probability of our ap-
proach climbs quickly and then stays close to maximum value
for fine adjustments while the log posterior probability of the
random proposal probability improves significantly slower.

Our proposed approach is not sensitive to the initial state.
We show the log posterior probability histories of 1000-
iteration runs from a null initial state and an initial state con-
taining 20 random humans on the foreground in Fig.5.(c). Al-
though showing some difference at the beginning, they show
little difference after 400 iterations.

Results on some more frames of Seq.1 are shown in Fig.7.
The results were obtained by 2000-iteration runs.

Seq.2 is a 900-frame sequence captured from a camera
above a building gate with the camera tilt angle � 
��. A
large tilt angle results in significant perspective effect on hu-
man shape in images. 33 humans passed by the scene with
23 going out of and 10 going in the building. Results on a
few frames are shown in Fig.8. They were obtained by 1000-
iteration runs.

To evaluate the accuracy of the method, we compare the

1The results of all frames are available in video format at
http://iris.usc.edu/˜taozhao/papers/CVPR03/CVPR03.html.

(a)

(b) (c)
Figure 5: Experiment result of the image in Fig.1. (a) The
result. False alarms are marked with dark arrows and miss de-
tections are marked with white arrows (same for the following
figures); (b) Compare convergence (�/�� �����) with uniform
proposal probability for adding human hypotheses; (c) Com-
pare convergence from different initial states. Read text for
detail.

result of each frame with ground truth derived from hand an-
notation. If a human object in the solution has an over 50%
overlap with a human object in the ground truth, a match is
declared. One-to-one mapping of the objects is enforced. The
unmatched objects in the solution are declared as false alarms
and the unmatched objects in the ground truth are declared as
miss-detections. The humans whose bodies are partially out-
side the scene are not counted as mathches or errors (i.e., they
are “don’t cares”.). The results of the evaluation are summa-
rized in Tab.1.

To make the evaluation results more meaningful, we char-
acterize the complexity of the dataset for human segmen-
tation by the number of human objects per blob. Usu-
ally more humans per blob implies greater challenge to the
segmentation algorithm. Fig.6 shows the histogram of the
occurrence that a human object is in a blob of � (� �
�	�maximum number of objects in one blob�) human objects.
In Seq.1, 50% of the humans appear in a blob containing 5
or more humans and 30% of the humans appear in a blob con-
taining 9 or more humans. In Seq.2, about 30% of the humans
appear in a blob containing 5 or more humans. The two se-
quences have similar detection rate. Seq.1 has a higher false
alarm rate due to the foreground introduced by the morphol-
ogy closeoperation when the humans are small (at the far side)
and close to each other.

Besides the errors marked on the output, we show some
other errors in Fig.9. Most of the missed detections are due to
the failure of the background subtraction algorithm when the



(a) (b)
Figure 6: The histogram of the number of human objects per
blob in Seq.1 (a) and Seq.2 (b).

Table 1: Results of performance evaluations on Seq.1 and
Seq.2.

Seq.1 Seq.2
valid humans 8466 6726
correct detections 7881 6243
missed-detections 585 483
false alarms 291 12
detection rate 93.09% 92.82%
false alarm rate 3.43% 0.18%

human’s clothing has color similar to the background or the
overlapping humans form ambiguous shape or a combination
of the two. The false alarms are mainly due to the inclusion
of large (relative to a human’s size) non-human regions in the
foreground. These errors can be reduced by utilizing other im-
age cues or temporal cues (e.g.tracking). Some of the selected
model/orientations are not accurate. They are mainly due to
the error of the foreground around the feet.

From the experiments we performed (not all shown here),
we found that our proposed method is insensitive to blob frag-
mentation in cases with a significant amount of foreground in-
dicating the presence of a human/humans. It also works ro-
bustly when there are significant amount of noises in the fore-
ground.

The computation is affected by the complexity of the scene.
More iterations are needed for a scene containing more hu-
mans and more occlusion. As an example, a 1000-iteration
run on the above reported dataset requires about 0.5 seconds
of CPU time on a Pentium IV 2.7G Hz PC, with un-optimized
C++ code. If there are a small number of people in the scene,
the system runs in real-time.

5 Conclusion and Future Work

We have presented an approach to segmenting individual
humans in a crowded scene acquired from a static camera. The
problem is formulated as a Bayesian MAP estimation problem
and the solution is pursued using an efficient Markov chain
Monte Carlo approach. The quality of the results is depen-
dent on the definition of posterior probability according to im-
age formation. Efficiency is obtained by incorporating do-
main knowledge as the proposal probability of the Markov

Figure 7: More results on the Seq.1. Left column: input; right
column: output.

chain. Experiments and evaluations on challenging real-life
data show promising results. We feel that due to the Bayesian
formulation, the described approach is more robust and effec-
tive in a wider range of scenarios (e.g. crowded situations as
reported here) compared to earlier work (e.g.[16]).

The work described here could be improved or extended in
several ways. Currently the likelihood is based only on a bi-
nary foreground mask, other image cues such as edge or color
could be used to reduce some ambiguities but at an increase
in computation cost. Non-human objects (e.g.cars) should be
added to the model set for more versatility but this too will
increase computation and possibly result in more misclassifi-
cations. Finally, the work should be extended to include track-
ing: tracking information will provide important temporal pri-
ors which will both resolve some ambiguities of single frame
analysis and reduce the computation. Tracking is also needed
as an input for event inference algorithms.
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Figure 8: Selected frames of Seq.2. Left column: input; right
column: output.

Figure 9: Some errors produced by the system.


