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Abstract

Segmenting individual humans in a high-density scene (e.g.,
a crowd) acquired from a static camera is challenging mainly
dueto objectinter-occlusion (Fig.1). We definethis problemas
a"“ model-based segmentation” problemand the solutionis ob-
tained using a Markov chain Monte Carlo (MCMC) approach.
Knowledge of various aspects including human shape, human
height, camera model, and image cues including human head
candidates, foreground/background separation are integrated
in a Bayesian framework. We show promising results on some
challenging data.

1 Introduction and Motivation

Segmentation and tracking of humans in video sequences
is important for a number of tasks such as video surveillance
and event inference as humans are the principal actorsin daily
activities of interest. We consider scenarios where the camera
is fixed; in this case, moving pixels (foreground) can be de-
tected fairly reliably by comparing the incoming frames with
a background model.

However, the problem of obtaining object level descriptions
from moving pixels begins to gain more attention. The diffi-
culty of this problem increases with the density of the objects
in the scene. We would like to categorize the characteristics of
the problem according to the object density as follows:

e Low density: The moving objects are sparse and seldom
overlapped. In this case, connected components of the
foreground (called blob) correspond well to individua
objects.

e Moderate density: Moving objects have simple interac-
tions such as passing-by or small groups of people. In
this case, using the knowledge of human head position
and unexplained foreground ([11] [7]) or vertical projec-
tion of the blob ([4]) is able to solve the segmentation
problem satisfactorily in most cases. Besides, a human
specific model initialized before occlusion can also help
solve the problem ([3] [11]).
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Figure 1: A sample input frame (a) and its foreground from
standard background subtraction (b).

e High density: Blobs consist of large groups of people.
Peoplein the scene occlude each other either dueto their
spatial proximity or due to camera projection (an exam-
ple frame and its foreground are shown in Fig.1). In this
case, many of the heads are not on the foreground bound-
ary and the vertical projection of the big blob is aso not
informative enough to perform segmentation.

Previous research on segmenting and tracking of multiple
humans ([8] [4] [6] [3] [11] [7], etc) has been focused mainly
on the first two classes. The high density case is interesting
because such scenes usually contain rich human behaviors of
interests. However the challenge is also obvious. Color seg-
mentation is not likely to segment the individual humans; mo-
tion segmentation also won't give satisfactory result dueto the
similarity of the motion of individualsin a group and the non-
rigid motion of human. Face detection may not be effective
due to the arbitrary viewpoint (consider viewed from back)
and the low image resolution.

1.1 Problem definition

Our goal is to segment overlapping humans from the fore-
ground. We define the problem as a model -based segmentation
problem. The difference from general image (region) segmen-
tation is that we use object shape model to constrain the seg-
mentation instead of enforcing some homogeneity (e.g., color,
texture, etc) within the segments. The difference from object
detection methods is that we know in advance that the image
region of interest is made up of only the objects of known
classes (or largely so) but the objects may occlude each other



(severdly).
Assume we have an object model M and animageregion I
(foreground) is made up of an unknown number (V) of such
objectswith parameters M, M, ..., M x, where M; may con-
tain position, size and other shape parameters. A solution 6 is
intheformof {N, {M, ..., My }}. Such ajoint state has to be
used due to their possible overlapping. Obviously, the solution
space ¥ is of unknown dimensions. The problem isto find a
solution 6* which maximize a posteriori probability (MAP):
0* = argmazgcx P(0)1°%) (1)
where I°% is various features that we can extract from the
image. In other words, we need to find the number of humans
and the location, size and other parameters for each human
which maximize the posterior probability.
The posterior probability P(8|1°%) is further decomposed
into alikelihood term and a prior term according to Bayesrule;
P(9|IObs)

— aP(I""|9)P(6) @)

where « is anormalization factor independent to 6.
1.2 Outline of our approach

Optimization in such a complex solution space is generally
difficult. The Markov chain Monte Carlo (MCMC) providesa
sampling method to traverse the complex solution space with
aMarkov chain and the optima can be found during the traver-
sal. Recently, DDMCMC (data-driven MCMC) has been pro-
posed in [12] and [10] for object recognition and image seg-
mentation which emphasi zesincorporating domain knowledge
(heuristics) to design the proposal probability of the Markov
chain to make the traversal more efficient compared to the tra-
ditional more random proposal probability. Our work is aso
motivated by thisidea.

A block diagram of our system is shown in Fig.2. The
foreground is computed by subtracting the background from
the input image frames. The foreground is to be segmented
into different overlapping human objects by the MCMC ap-
proach. We use a human model consisting of three parts to
capture the gross shape of standing and walking humans. A
prior based on the number of humans makes the segmenta-
tion concise (Sec.3.1). A joint likelihood based on the fore-
ground/background separation is defined to minimize the dif-
ference of the real foreground and the foreground correspond-
ing to the solution 6* (Sec.3.4). Observing the head might
be the only feature in the presence of severe inter-occlusion,
we describe two techniques to detect heads based on the fore-
ground boundary and intensity edges respectively (Sec.3.2).
Thisis used as domain knowledge to direct the Markov chain
on where to create new human hypotheses. Together with re-
moval and diffusion processes, a well-balanced Markov chain
dynamics is designed (Sec.3.3). We show promising experi-
mental results on both outdoor and indoor sequences (Sec.4).
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Figure 2: The block diagram of the system. Shaded box: pro-
gram module; plane box: model; thick arrow: data flow; thin
arrow: model association.

2 The MCMC Framework for MAP Estima-
tion

Suppose we want to compute the maximum a posteriori
value from a probability distribution Q(6) (we use Q(0) =
P(8|I°%*) for clarity), this is done by sampling from Q(#)
and finding the maximum value. To sample from Q(6), a
Markov chain can be designed. A widely used algorithmisthe
Metropolis-Hasting algorithm . At each iteration ¢, we sample
acandidate state ' from aproposal distribution ¢(6¢|6:—1) (in
simple words, what new state should the Markov chain go to
fromthe current state.). The candidate state ' is accepted with
the following probability:

Q(6")q(6:6")
Q(et)Q(a'Wt)

If the candidate state 0’ is accepted, 8; = 6', otherwise,
0; = ;1. It can be proven that the Markov chain constructed
this way always has its stationary distribution equa to Q(),
independent of the choice of the proposal probahility ¢() and
theinitial state 8, [9]. The advantage of the MCMC approach
over other optimization methods is that with jump and diffu-
sion dynamics it can work in complex solution space such as
the one here with varying number of dimensions.

However, the choice of the proposal probahility ¢() can
affect the efficiency of the MCMC significantly. A random
proposal probability will lead to very slow convergence rate
while aproposal probability designed with domain knowledge
([12] [10]) will make the Markov chain traverse the solution
space more efficiently. If the proposal probability is informa-
tive enough so that each sample can be thought of as a hypoth-
esis, then the MCMC approach can be thought of as a stochas-
tic version of the widely used hypothesis and testing approach
([12)).

In our problem, head candidates which are detected from
both the foreground boundaries and the intensity edges serve
as domain knowledge on where to generate human hypotheses.

p = min(1,

)



Figure 3: 3-ellipsoid human model. (a) The model is com-
posed of 3 parts: head, torso and legs; (b) The 2D heights
computed by camera model from a fixed head-top assuming
the 3D heightsare 1.6, 1.7 and 1.8 meters respectively.

The components of the MCMC framework are described in
detail in the next section.

3 Human Segmentation from Foreground Us
ingMCMC

3.1 Human model and human count prior

Human body is highly articulated. To model it precisely, a
complicated kinematics model with over 20 DOF is needed.
However, in our application the human image is generaly
small and human motion is mostly limited to standing or walk-
ing. We can thus use a low dimensiona model which is a
composition of 3 fixed ellipsoids: onefor the head, onefor the
torso and one for the legs (Fig.3.(a)). An dlipsoid fits these
forms well and has a nice property that its projection is an el-
lipse with a convenient form [5]. The parameters of the human
model include position, height and fatness (M = {x,y, h, f}).
The height parameter a so affectsthe width of the human shape
proportionally and the fatness parameter capturesthe extrafat-
ness besides the proportional change. We assume that human
height has a uniform distribution in the range of [1.5m, 1.9m)
and thefatnessisin therange of [0.7, 1.3] times of the average
one.

We aso assume that the camera model and the ground
plane are known. The camera model along with the height
range can add constraints to the image height of a human.
Fig.3.(b) shows the projected human model computed by the
camera model with the 2D head position fixed assuming the
3D heightsare 1.6, 1.7 and 1.8 meters respectively.

A prior on the number of humansin the sceneis applied as
P(6) in Equ.2 to make the segmentation concise by penalizing
redundant human hypotheses which do not contribute enough
to the joint likelihood.

P(§) = P(N) = e M¥ ©)
where )\; is a coefficient whose value is only meaningful rel-
ative to the coefficient in the likelihood measurement. There-
fore, weset \; = 1.

3.2 Head candidate detection

We observe that the head is almost the only reliably visible
feature for ahuman in highly occluded environments observed
from above. Therefore, we developed two techniques to de-
tect head from image frames based on foreground boundary
and the intensity edges respectively. The head candidates set
HC = choundary U Hoedge-

3.21 Head candidates from foreground boundary
(HCboundary)

This method detects the heads which are on the boundary
of theforeground[11]. The basic ideaisto find the local peaks
of the boundary. The peaks are further filtered by checking if
its corresponding human is higher than a minimum interested
height and if there are enough foreground pixels below it ac-
cording to a human height range and the camera model. This
detector has a high detection rate and is al so effectivewhen the
human is small and image edges are not reliable; however, it
cannot detect the heads in the interior of the foreground blob.
Fig.4.(a) showsthe H Cyoundary ON the example frame.

3.2.2 Head candidatesfrom intensity edges (H Ccqge)

Here we describe a head detector based on image intensity
edgeswhich is also effective for the headsin theinterior of the
blab.

First Canny edge detection [2] is applied to the dilated fore-
ground region of the input image. A distance transformation
[1] is computed on the edge map. Fig.4.(b) shows the expo-
nential edge map where E(z,y) = exp(—AD(z,y)) (D(z,y)
is the distance to the closest edge point and A is a factor to
control the response field and set to 0.25.). Besides, the coor-
dinates of the closest pixel point are also recorded as € (z, ).
The unit image gradient vector 6(3:, y) is only computed at
edge pixels.

The “Q)" shape of head and shoulder contour (Fig.4.(c)) is
easily derived from the 3-ellipsoid human model. The head-
shoulder contour is generated from the projected ellipses by
taking the whole head and the upper quarter torso as the shoul-
der. The normals of the contour points are also computed. The
size of the human model is determined by the camera calibra-
tion assuming a known height (1.6, 1.7, 1.8 meters are used
and the maximum response is recorded).

Denote {11, ...,my } and {v1, ..., 0 } as the positions and
the unit normals of the model points respectively when head
topisat (z,y). The model is matched with the image in the
following way.

S(a,y) = (1/K)SE, e P (5, - O(C(11:))

A head candidate map is constructed by evaluating S(z, v)
on every pixel in the dilated foreground region. The detection
scoreisalso filtered in the same way asdescribed in Sec.3.2.1.
After smoothing it, we find all the peaks above a threshold
which ensures an almost 100% detection rate but results in a
high false dlarm rate. An exampleisshownin Fig.4.(d). The



Figure 4. Head detectors.
tion boundaries (H Choundary); () Distance transformation on
Canny edge detection result; (c) The head-shoulder (£2) model:
red-head part, blue-shoulder part, green-normals; (d) Head de-
tection from intensity edges (HC.q4¢). See Sec.3.2 for detail.

(8 Head detection from mo-

false alarms tend to happen in the area of rich texture where
there are abundant edges of various orientations.

3.3 Dynamicsof the Markov chain

Denote the state at iteration ¢ — 1 as 6;—; =
{N,{M, ..., Mn}}. The following Markov chain dynam-
ics are designed which corresponds to sampling the proposal
probability q(0'|6:—1):

e Add a new human hypothesis. Randomly select a head
candidate he € HC which is not too close to any
current heads. A new human hypothesis is assem-
bled as M, = {hc.,hcy, hen, hep} where height hey
and fatness hc; are randomly assigned. 6’ = {N +
1,{M,..., My, M,}}.

e Remove an existing human hypothesis. Randomly se-
lect an existing human r to remove. 6' = {N —
1,{M,,..Mn} — {M,}}.

e Change the parameters of a human hypothesis. Ran-
domly select an existing human r and add a random
noise to its parameters. M, = M, + {d;,dy,dp,ds},
0" ={N,{M;,..M],..Mn}}.

Thefirst two are referred to as jump dynamics and the last
oneisreferred to as diffusion dynamics. In each iteration, one
of theseis chosen randomly according to predefined probabili-
tiespaddr Premove and Pchange (Padd + Premove + Pchange =
1) respectively. The above dynamics guarantee the Markov
chain designed this way is irreducible (any state is reachable
from any other state within finite number of iterations) and
aperiodic (the Markov chain does not oscillate in a fixed pat-
tern) since al of them are stochastic.

Figure 5: The likelihood based on the number of wrongly
classified pixels. False positives: in white; true negatives: in
shade. NOTE: single-ellipsoid model instead of 3-ellipsoid
model is used for illustration.

3.4 Multi-human joint likelihood

3.4.1 Image likelihood by foreground/background sepa-

ration

Since multiple humans may occlude each other, the image
likelihood cannot be decomposed into image likelihood asso-
ciated with each individual human. Herewe use asimplejoint
likelihood based on foreground and background separation.

P(Isobsw) — e~ 22Nerror — o= 22(Nyp+Nin) (4

Basicaly, the likelihood reflects the number of wrongly
classified pixels (Fig.5; Equ.4) according to the current state
and the foreground/background of the image frame. The
wrongly classified pixels (NVeqor) include false positives
(N¢p, as marked in Fig.5 in white region) and true negatives
(Ntyn, asmarked in Fig.5 in shaded region). False positivesre-
fer to pixelsthat do not belong to the foreground but are within
an hypothesized object; true negatives refer to pixels that be-
long to foreground but are not within any hypothesized object.
Oneimportant feature of thislikelihood isthat it isinvariant to
depth ordering.

By combining Equ.3 and Equ.4, Equ.2 becomes:

P(9|I0bs) — aefAlNefAZ(pr+Ntn)

©)

Ao isacoefficient which controls the number of correctly clas-
sified pixels a human hypothesis has to contribute (excluding
those contributed by others) to increase the posterior probabil -
ity. It is mainly decided by the size of human that the applica-
tionisinterested in.

3.4.2 Incremental computation of joint likelihood

In one MCMC iteration only one object may change, so
the computation of the likelihood can be carried out more ef-
ficiently by incrementally computing it only within the area
associated with this object and those overlapping with it.

We show here how this incremental computation is done
when creating a new human hypothesis; situation of removing
ahuman or changing the parameter of ahumanis similar. Fol-
lowing the notation in Sec.3.3, ¥ ,. isthe neighborhood set of a
new humanr. Itisobviousthat N;, > Ny, and Ny, < Nip.



P9 = e 22 Nirror — o= A2(Np+N;,)

— ef)\z(pr+5pr+Ntn*5Nm)
— P(I:bs|9t—1) *e—AQ((Spr—(SNm)

where § Ny, is the number of pixels which satisfy: 1) it isin
human r; 2) it belongsto foreground; 3) it is not in any human
€ WU,.. 6Ny, isthe number of pixels which satisfy: 1) itisin
human r; 2) it belongsto background; 3) it isnot in any human
€V,.

4 Experiment Results

We have tested the approach described above on severa
data sets and show the results on one outdoor sequence (as
the example shown in Fig.1) and one indoor sequence. We set
Paga = 0.2, Premove = 0.2, ad Pepange = 0.6. In both
cases, the Markov chain starts from a null state 8 = {0,0}
and we assume ¢q(6;—1]60") = q(6'|0:—1). The results are
shown in pairs of inputs and outputs. The inputs are the fore-
ground blobs and the head candidates; the outputs are the hu-
mans overlaid on the original images with semi-transparent
randomly colored masks. Due to the small image size, we
have explicitly marked the errors: false alarmsin black arrows
and miss detectionsin white arrows.

The outdoor sequenceis captured from a camera on second
floor. At the far end the humans are very small and the dense
edges result in high false alarm rate of head candidates. There
are 50 to 100 head candidates per frame. We set Ao = 0.02
and 5000 iterations are used. Result on the example frame
in Fig.1 is given in Fig.6. Fig.6.(c) shows the log posterior
probability of all the iterations. We can see that the posterior
climbs very fast and then stays close to optimal solution for
fine adjustment. Fig.7 showsthe results for more framesin the
same sequence. The errors usually happen at the far end and
some of them are also difficult for a human observer.

The indoor sequence has a lower viewpoint (camera
mounted on a tripod on the ground) and the inter-occlusion is
more severe. The average number of head candidatesisaround
100. We set A» = 0.004 and 5000 iterations are used. Fig.8
shows the results on some of the frames. The people in the
scene cause significant illumination changes both on the car-
pet and on the pillars which causes our background subtrac-
tion method to give erroneous foreground blobs. We manually
removed those false foreground detections to isolate the dif-
ficulty of human segmentation. However, the head candidates
were obtained from the real foreground. The missed detections
either havetoo few pixelsor are almost completely overlapped
with other humans.

The computationis affected by the complexity of the scene.
More iterations are needed for a scene containing more hu-
mans and more occlusion. The computation required for each
iteration is also proportional to the size of the foreground re-
gion and the number of human objects in the state. As an
example, a 5000-iteration run on the above reported dataset
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Figure 6: Experiment result of the image in Fig.1. (a) The
input; (b) The result. False alarms are marked with dark ar-
rows and miss detections are marked with white arrows (same
for the following figures); (c) log1oP(8|1°°%) (solid line) and
Log1oP(#*|I°%) (dotted line) over iterations.

requires about 15 seconds on a Pentium 4 1.5G Hz PC, with
un-optimized C++ code. However, we have observed in both
seguences, 1000 iterations are sufficient for the human objects
of larger size to be segmented correctly (as can be seen in

Fig.6.(0)).

5 Conclusion and Future Work

We have presented an approach to segment individual hu-
mans in a high-density scene (e.g., a crowed) acquired from a
static camera. This problem is made difficult by objects be-
ing inter-occluded. We define the problem as a model-based
segmentation problem where a human shape model isused. A
posterior probability is defined based on a human count prior
and a foreground/background separation likelihood function.
The MAP solution is found using an MCMC framework. Hu-
man head candidates are computed from both the foreground
boundaries and the intensity image edges to direct the human
hypothesizing process of the Markov chain dynamics. Experi-
mental results have shown that this approach is highly promis-
ing.

In this work, knowledge of various aspects including hu-
man shape, human height, camera model, and image cues in-
cluding human head candidates, foreground/background sepa-
ration are integrated in a Bayesian framework. Same method
can also be used in other similar problems.

5.1 Futurework

Thework described here can beimprovedin various aspects
easily since the MCMC is an open framework. We just list a
few important ones here:



Figure 7: More results on the outdoor sequence. Left column:
input; right column: output.

e Some widely used techniques can be implemented in the
Markov chain dynamics such as having more jump steps
in the early stage and having more diffusion steps in the
later stage; deciding which object to remove according to
afitness value, etc.

e Currently we only use foreground/background separation
as likelihood measurement. It will not be effective if
many people are entirely in the interior of the foreground.
Other likelihood cues (e.g. edge, color and motion) may
be helpful.

e Currently we don’t use any temporal information except
for background subtraction. The framework should be
extended to make temporal estimation.

e Human model can be enhanced to handle closer range
cases where the articulation of the limbs cannot be well
captured by our current model. However, the low dimen-
sionality of the model has to be ensured.
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