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Abstract

In this chapter, a multi-view people counting system is presented. This system
uses as the input data the video sequences acquired by a camcorder. The
camcorder can be mounted anywhere (e.g., below a ceiling, on a side wall, or
at a corner) with any viewing direction. In order to manage various appear-
ances of people, a multi-view representation of pedestrian is introduced. This
representation is characterized by a unit sphere, called the viewsphere. The
viewsphere is composed of a number of nested spherical layers all centered at
the core of the viewsphere. Each layer forms a 2D manifold of viewing direc-
tions (viewpoints), which are uniformly distributed over the layer. Pedestrian
views generated according to the viewpoints of the viewsphere are clustered
into so-called aspects. The pedestrian views within an aspect possess the same
characteristics of silhouette.
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1.1 Introduction

People counting system play an important role in a variety of applications
regarding security, management and commerce. Considering a skyscaper, it
is important for the security division of the building to know both the total
number of people in the building and the number of people on each floor
of the building. Such information becomes vital once an emergency, such as
fire, explosion, and toxic gas, occurs in the building. Strategies for effectively
evacuating and rescuing people from the spot of emergency heavily rely on
the information of people count. Likewise, for the places, such as the public
areas of transportation stations, stadiums, museums, and malls as well as the
restricted areas of government buildingsm military camps, and construction
sites, where the control of people count is essential, automatic people coun-
ters provide a reliable and persistent tool for governing the number of people
in the regions.

People counters have also been considered to count the passengers getting
in and out of transit carriages, such as buses and tains. The data provided
by the counters can be used to schedule proper times and time intervals of
carriage dispatch. Furthermore, the boarding and alighting behaviors at each
station can be investigated based on the information of passenger count col-
lected at the station. Accordingly, adequate utilities as well as facilities can
be suggested for different stations.

Typically, three stages are involved in a people counter: (a) people de-
tection, (b) people tracking, and (c) counting. The factors that can influence
the implementation technique of a people counter include: (a) the scene to
be considered, (b) the position and orientation of the camera, and (c) the
goal of the application. The difficulties include occlusion, overlapping, and
merge-split and shadow effect.

In detecting step, many detection methods, such as model matching [2],
temporal differencing [8], and background subtraction [9], have been de-
veloped. After obtaining the foreground, we have to separate that if some
human figures are connected with each other. Using a contour (ellipse or
rectangular) to represent a pedestrian figure is a common idea [12], but it
is too rough to detect while they are occluded. Level set [16] and snake
model [3] can be applied to model a human’s silhouette dynamically [20], but
they are too precise to tolerate the imperfect observation. Detecting each part
of a human body and combing them according to a predefined architecture
can solve the above problems [11, 15], but there are many constrain required
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to define the human architecture and the combinations may require many
computation time to prove.

In the tracking step, we want to obtain the moving trajectory of each
pedestrian. This can be done by matching the pedestrian silhouette between
sequential frames [18], or changing the model’s state to achieve the current
state [20]. Because the detecting step may not be reliable, some prediction
or filtering models are applied here to compensate that. Kalman filter [13] is
a common filtering while the target has a stable moving. Since a pedestrian
often moves at will, this method would have some problem in tracking people.
Some updating versions of Kalman filter [4] have been proposed to solve
the nonlinear system that could be approximated by a Gaussian distribution.
Particle filter [7], unlike Kalman filter, is a non-parametric filtering model
without predefining the distribution of the prior and posterior knowledge.
Recently, some researches have shown that it is robust to track people [12].

After detecting and tracking, the people number can be obtained by count-
ing the trajectory number. This counting can be applied in two kinds of area.
In the first one, the area is closed and we want to count the people number
in it. Such area often has an entrance that we can monitor that and it often
requires to define a cross line for counting [1]. In an open area, since we can-
not define inside or outside part, only the passing number can be counted. The
passing number means the number of the people that have been detected [13],
which will be the same as the trajectory number in the scene.

1.2 Multi-view Representation of Pedestrian

A multi-view representation of pedestrian is characterized by a unit sphere,
which is called the viewsphere. The viewsphere is composed of a number of
nested spherical layers all centered at the core of the viewsphere (Figure 1.1).
Each layer forms a 2D manifold of viewing directions (viewpoints), which
are uniformly distributed over the layer. A viewpoint located at longigudinal
degree ϕ, latitudinal degree θ on layer d is specified by (ϕ, θ , d).

Let us consider one camera on the layer d. If the width of the observa-
tion object is w, we will have an observation angle γ to cover that. Those
parameters would satisfy the following equation:

w = dγ, d = wγ.

While we move the camera to the other layer d ′ under the same ϕ and θ

angles, we may see the other object larger and behind the observation object.
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Figure 1.1 Viewsphere is composed of a number of nested spherical layers

Figure 1.2 Viewing ranges of the cameras with different distances to the monitoring objects

Take for example Figure 1.2, where the background object will be viewed in
the camera on the layer d ′ while the camera on the layer d cannot see that. If
we want a significant change in the scene, there will be significant difference,
�γ , between γ and γ ′. We have d ′/d = γ /(γ ′ −�γ ). Since the observation
object is small in the most case, �γ would be large comparing with γ in our
case. That means that we do not need to design too many layers in our model
(there is only one layer in our research to reduce the following processing).

The above parameters can be regarded as the external parameters of the
camera. In addition to those parameters, some local parameters, pan, tilt,
and rotation angles, at each viewing point should be considered as well.
Let we denote these angles as viewing angle. These parameters, however,
influence the object position and shape distortion in the image plane. Take
Figure 1.3, for example, where Image planes I1 and I2 have different viewing
angles, so that they may have the same object shapes except for the different
foreshortening result.

Suppose the reflecting light of the object project to the image plane at the
position pl with the distance l to the image center. We have the viewing angle
a defined as

α = tan−1 l

f
,
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Figure 1.3 Image planes I1 and I2 have different viewing angles. (a)–(b) The projecting result
on the image plane I1 and I2. (c)–(d) The relationship between the projecting results

where f is the focal length of the camera. Let dx be the projecting size on the
center of the image plane. The same content projecting on the image position
pl will have size dx/ cos α, since the focal length is f cos α. Due to the rotate
angle of the plane, the projecting result will be dx/ cos2 α.

Besides, model view may have different scale size, σ , and roataion angle,
τ , because of image resolution, pedestrian distance to the camera, and camera
setting. Finally, we have all parameters, (ϕ, θ , d, l, f , σ , τ ), in our model
view. In a static camera, θ , f , and τ are static. Considering the specific
position on the image plane, l also is static. If we could obtain the static
parameter values before the system operating, we can reduce the searching
space to the dynamic parameters, (ϕ, d, σ ).

Our system consists of three components, which are training step, running
step, and memory states. Image sequences with unoccluded pedestrians are
applied to measure the static parameter values. This process, called as train-
ing step, is applied to define the parameter values using global search. After
this process, the pedestrian views are clustered into so-called aspects. The
pedestrian views within an aspect possess the possible silhouette on a specific
image point. In the running step, the parameter space is much smaller than the
original design, and we solve the dynamic parameters using sequential Monte
Carlo (SMC) method. Finally, memory states are designed here to memory
the distribution of the pedestrian state in the secene. They will support the
information of the possible state of the pedestrian for detection and tracking
in the previous two steps.
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Figure 1.4 (a) Model shapes and (b) its binary image; (c) the process of detecting the line
segment and (d) the polygonization result

1.3 Measurement of the Static Parameters

In each viewing direction, we have a model view as shown in the Figure 1.4a.
Since a pedestrian shape has different contents while comparing with each
other, we use the boundary of the shape to measure their similarity with the
model shape. The model shape is extracted from the model view and rep-
resented using a binary image as shown in Figure 1.4b. After the foreground
shape being extracted, it is compared with all of the model shapes to obtain
the values of the parameters.

Comparing each boundary point between the foreground and the model
shape can help to measure their matching degree. However, this method is
too detail and may cause the comparing result too sensitive. Beside, we may
need to compare with various poses of the model, so the search space is really
large (ϕ, θ , d, l, f , σ , τ ). Most of the camera is perspective camera with little
viewing angle α. The distoration dx/ cos2 α would be too small to be ignored,
and l and f can be ignored from the parameters.

Even l and f are ignored; such searching space is still intractable. We
simplify the shape using a polygonization method. The boundary of the poly-
gonization consists of some line segments which are represented as a graph
using scale and rotation invariant feature values. This representation will re-
duce the searching space to fewer parameters space, (ϕ, θ , d). Assume the
camera have a significant distance to the pedestrian, d can be set as one to
reduce the searching space.

Our polygonization method is applied from the boundary point on the
top left of a shape. Along the boundary under clockwise, the orientation
from the start point to the current boundary point is calculated and recorded.
While the difference between the maximum and minimum orientation values
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is greater than a threshold, one line segment is assigned from the start point
to the current one, and set the current one as the start point of the next line.
Figure 1.4c shows the process. In this figure, s means start point, and we will
get the orientations along the boundary. When the maximum orientation, a,
and the minimum orientation, c, have a significant difference, we connect s to
c as one line segment of the polygonization. Figure 1.4d shows the example
of the polygonization result of a model shape.

Foreground objects are extracted using the method purposed in [19]. This
method has the advantage of the complete shape comparing with the tradi-
tional background subtraction method. In this step, non-occluded pedestrians
in the monitoring scene are used for training, where the training means that
we want to locate the static parameters in this step. After the foreground
object being extracted, the above polygonization method is applied and line
segments also are defined as mentioned before.

Line segments of a shape are represented as a full connected graph
G = (V ,E), where V is the set of the nodes showing the line segments,
and E is set of the edges showing the relation between line segments. After
representing line segments as graph, the matching process between the ped-
estrian model and foreground figures can be considered as graph matching
problem. Both graphs may have different node noumbers, so this matching is
an inexact matching. Our solution not only can apply to partial matching but
also give the maching degree value.

We represent a graph G as a set of matrices Ak, k = 1, 2, . . . , m, where m

is the number of kinds of features. The elements of matrix Ak are the feature
values calculated according for the k-th kind of feature for all nodes. For
unary features, we construct a diagonal matrix whose element (i, i) contains
the feature value of the i-th node. The binary feature values form a symmetric
matrix with element (i, j ) representing the binary feature between the i-th and
j -th nodes.

Line segments for the pedestrian figure can also be represented using
matrices A′

k. The correspondence between the feature points in different
images can be obtained by solving the following equation to obtain the
permutation matrix, P :

P = min
P

(
m∑

k=1

∥∥Ak − PA′
kP

T
∥∥)

,
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where P can be solved by the method proposed in [20], and || · || means
some norm and can be computed by the square root of the sum of square of
elements.

The above method, however, can be applied to Ak whose elements have
been normalized. Here we modify this method by applying new measurement
function to adapt to the variant types of feature values. P is solved using the
following two steps: weighted matrix construction and optimal assignment.
Each element W(i, j ) of the weighted matrix is computed by

W(i, j) =
∑m

k=1 max
s

[
min

t

∣∣Ak(i, s) − A′
k(j, t)

∣∣] + max
s

[
min

t

∣∣Ak(s, i) − A′
k(t, j)

∣∣]
max[Ak(i, .), A′(j, .), Ak(., i), A

′
k(., j)] ,

where Ak(.) and A′
k(.) mean the element in Ak and A′

k respectively. The
calculation result means the degree of the correspondence between node i

and node j .
The graph with fewer nodes is assigned some null nodes to equal their

node numbers. In the matrices, feature values of the null nodes and its cor-
responding edges are set as nulls. Null values are ignored in constructing the
weighted matrix. After constructing the weighted matrix, we assign the op-
timal value for each element of P . Some Hopfield model can be applied here,
for example, the Hopfield memory in the neural network. In this application,
we use Hungarian algorithm [10] because of its polynomial processing time.

Binary feature values are assigned in calculating for size and rotation
invariant. In this research, we use four feature values: difference of the orient-
ations, ratio of the segment lengths, relative distance between line segments,
and the angle from the center of the shape to the centers of the line segments.
After this computation, each node will match one of the nodes in the other
graph. The redundant nodes will match a null node or one redundant node of
the other graph.

Matching degree is than computed according to the minimized term,∑m
k=1 ‖Ak −PA′

kP
T ‖ in defining P . This term combines several value types

so that cannot show the real degree value. In our application, one of the
feature values, diference of the orientations, is assigned to compute. The
model views with higher degree values are extracted as the comparing results
(Figure 1.5). After obtaining the candidate model views, we compare their
boundary points with the foreground object under various scale sizes and
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Figure 1.5 The bottom row of (a) are the candidates of the model view and (b) is the best
comparing result; (c) is the corresponding model view

rotation angles:

pe(.) = 1

k

k∑
i=1

gi × G
(
D(vi, C(vi))

)
, (1.1)

where {v1, v2, . . . , vk} are the boundary points of the model, gi is the corres-
ponding weight, G(.) is a Gaussian function, D(.) is the distance two points,
and C(.) is the closet boundary point of the foreground object on the normal
vector of vi . The model view with the greatest pe(.) value (Figure 1.5b) is
the most likely model at this image position. In most case, the shape of the
human head is more reliable than the body, so we give the boundary points
of the model head greater gi values. This will help to locate the human shape
more precisely (Figure 1.5c).

After training some pedestrian shape on this monitoring range, the distri-
bution of the parameter values, (ϕ, θ , s, τ ), can be constructed. Among them,
(θ , τ ) are static parameters and their values are defined using the expected
value. In addition, their distribution will be updated in running step while the
human states have been detected. The values of (ϕ, s) will be computed in
running step, because they are dynamic parameters.

1.4 Sequential Monte Carlo Method

In our application, we want to know the human behavior (hidden states) ac-
cording to the monitoring image sequence (observations). Since the actual
human behavior can not be known, its distribution of the state given the
passing observations, z0:t = (z0, . . . , zt ), is defined as p(st | z0:t ), where
st is the human behavior shooting at time t . In this system, each image frame
is computed to the distribution of the human behavior p(st | z0:t ), and the
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behavior st with a highest probability is determined as the pedestrian detect-
ing result. The number of the behaviors along time, s0:t = (s0, . . . , st ), is
regarded as the detection result of one pedestrian.

Using the Bayesian rule, this prior probability can be updated to

p(st | z0:t ) = p(zt | z0:t−1st )p(st | z0:t−1)

p(zt | z0:t−1)
, (1.2)

where p(zt | z0:t−1) is the predictive distribution of zt given the past ob-
servation z0:t−1, and it is a normalizing term in most case. Assume that
p(zt | z0:t−1, st ) depends only on st through a predefined measurement model
p(zt | st ). Equation (1.2) can be rewritten as

p(st | z0:t ) = αp(zt | st )p(st | z0:t−1), (1.3)

where α is a constant.
Now, suppose st is Markovian, then its evolution can be described through

a transition model, p(st |st−1). Based on this model, p(st |z0:t−1) can be
calculated using the Chapman–Kolmogorov equation:

p(st | z0:t−1) =
∫

p(st | st−1)p(st−1 | z0:t−1)dst−1. (1.4)

Equations (1.3) and (1.4) show that we can obtain p(st | z0:t ) recursively if
we have the following requirements: the measurement model p(zt | st ), the
transition model p(st | st−1) and the initial distribution p(s0 | z0).

The main problem is how to represent the distribution of the transition
model p(st | st−1) and the unknown state given the observation p(s0 | z0).
This problem also induces the problem of the calculation of Equation (1.3).
Particle filter is a Monte Carlo method that uses m particles, s(i), i = 1 . . . m,
and their corresponding weights, w(i), to simulate the distribution p(st | z0:t ).
This simulation also can be applied to Equation (1.4):

p(st | z0:t−1) =
m∑

i=1

p(st | s
(i)

t−1)p(s
(i)

t−1 | z0:t−1). (1.5)

The distribution p(st | z0:t−1) also can be simulated using the these particles
if we have a new transition equation s

(i)
t = f (s

(i)

t−1, ut−1) matching the trans-
ition model p(st | st−1), where u is a noise sequence with zero mean. The
distribution of the propagating result

f (s
(i)
t−1, ut−1)p(s

(i)
t−1 | z0:t−1), i = 1, . . . , m, (1.6)
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Figure 1.6 The relationship between the scale and the object distance

will be the same as p(st | z0:t−1) if the particle number is infinite. For more
details on the particle filter, the reader is referred to [7].

For each pedestrian moving in the monitoring range, we detect his beha-
vior and denote the detecting result as s0:t . State st is calculated to the MAP
of p(st | z0:t ) using the mean shift method [6]. The distribution of p(st | z0:t )
can be obtained if we have the following requirements. The first requirement,
initial state s0, is defined according to the foreground object extracted using
the method proposed in [19]. The second requirement, measurement model, is
computed by comparing the current image with our predefined human model.
The final requirement, transition model, would be defined by some prior
knowledge, and updated according to the detecting result. People number is
then calculated to the number of the moving trajectory s0:t ).

1.5 Measurement of the Dynamic Parameters

At the beginning, a model view requires parameters (ϕ, θ , d, l, f , σ , τ ) to
locate the foreground pedestrians. After the training step, they are reduced
to (ϕ, σ ) in running step. Scale value, σ , has different range according to ϕ

value. Take Figure 1.6 for example. Let d be the distance from the camera
to the pedestrian and ϕ is the tilt angle. If we limit the viewing direction of
the model view in �ϕ angle, the distance from the pedestrian to the camera
will be value from d(1 − �ϕ · cot ϕ) to d(1 + �ϕ · cot ϕ). The range of the
scale value would be between σ (1 − �ϕ · cot ϕ) to σ (1 + �ϕ · cot ϕ), where
σ is the scale value trained in the training step. In most case, �ϕ · cot ϕ is
so small that we can ignore that, except that ϕ is very close to zero. Under
the previous assumptions and training, we just need to define ϕ and σ (if ϕ is
close to zero) values in system running.

Initial distribution p(s0|z0) is the base of the sequential Bayesian estima-
tion. Here we give particle set St using Markov Chain Monte Carlo (MCMC)
method [22]. MCMC method has been proved [21] that it is more efficient
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than the particle filter-based method when the dimensionality of the search
space is high [17]. The state of a particle is set as the following features:
shape, intensity histogram, and moving velocity. Among these features, the
shape should be designed to match a pedestrian’s silhouette. Here we use
the multi-view representation to model this shape. The second feature, color
histogram is constructed using the values of the pixels within the model view.
The velocity includes the moving direction and moving distance that can be
computed while we have two successive states.

Since people would be occlued with each other, their shape cannot be
complete most of the times. Assume that their head and shoulder always be
shown in the monitoring range. We use the models with head and shoulder
parts to measure the p(zt |st ) value, which will be given in a later section.
In an image, the region not covered by any state is denoted as R, and the
feature values of the first particle, s(1), is set on the boundary of R. The static
features of the model view are extracted at the corresponding position. Scale
σ and viewing angel ϕ are given as the expected value learned in the training
step.

We sample a candidate state s′ according to s(i−1) from the proposal
distribution q(s(i)|s(i−1)), and then set s(i−1) as s′ with the probability

p = min

{
1,

p(s′|zt )q(s(i−1)|s′)
p(s(i−1)|zt )q(s′|s(i−1))

}
;

otherwise, set s(i−1) as s(i). Our proposal distribution is combined with ran-
dom and data-driven proposal probability. Some feature values are proposed
randomly, such as longigudinal degree and scale value, while others are pro-
posed in data-driven, such as position value. In our application, q(s′|s) is
computed by q(s′|s) = Ke−(x ′−x)/2σ 2

, where x′ and x are the position of s′
and s respectively, and K is a normalized term. To let the sampling more
efficient, the positions of the samples are limited on the boundary of the
foreground figures extracted by the method proposed in [19].

While applying the Bayesian rule to p(s | zt ), we have p(s | zt ) ∝
p(zt | s)p(s). Assume p(s) is constant, we can computer p(zt | s) as
p(s | zt ). That also is the measurement model in sequential Monte Carlo
model discussed in previous section. Our measurement model consists of two
measurements, one is edge likelihood pe and the other is color likelihood pc.
That is

p(zt | s) = pe(zt | s) × pc(zt | s),

where pe is defined in Equation (1.1), and now we define pc as below.
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Human’s face and hair are considered as our color information. At first,
we detect the skin color [17] and hair color (black) to separate the input image
into two binary images, I s and I h. The pc is defined as

pc(zt | s) = pc(I s
t | s) × pc(I h

t | s),

where pc(I | s) is defined according to the pixel number. As the s is given,
we count the number of skin pixel falling on the face of the model, and denote
this number as Ns

d . The number of non-skin pixel is denoted as Ns
f , and

the number of hair pixel falling on the face of the model is denoted as Ns
n .

Similarly, we calculate Nh
d , Nh

f , and Nh
n for the hair part of the model. Then

we can define

pc(I
{s,h}
t | s) = N

{s,h}
d

(N
{s,h}
f + N

{s,h}
n )

. (1.7)

Unfortunately, Equation (1.7) will let the smaller model have larger measure-
ment value, so we must refer to the pedestrian size in the scene. According to
the position x and the scale σ values in the state s, we define a search region
to calculate the skin area Ns

r and and hair Nh
r . Finally, the pc(I | s) value is

defined as

pc(I
{s,h}
t | s) = N

{s,h}
d

(N
{s,h}
f + N

{s,h}
n )

× min

(
N {s,h}

s

N
{s,h}
r

,
N {s,h}

r

N
{s,h}
s

)
.

After sampling, the distribution of {s(i), i = 1 . . . N} can show the initial
distribution p(s0 | z0) (Figure 1.7a). However, there will be more than one
peak in this initial distribution if there are more than one pedestrian in the
foregound region. Mean shift with flat kernel [6] is applied here to locate the
peak values. The radius of the kernel is designed as the half of the model
length. After locating one cluster, we remove those samples closing to the
center for the cluster, and do the mean shift algorithm again to locate other
clusters.

For each cluster, we can compute an expected state, s̄, and its correspond-
ing measurement p(z | s̄). A cluster with high p(z | s̄) value is regarded as a
human head, or we will stop to locate the other cluster. Figure 1.7c shows the
detecting result. After we detect the human head, each human head is given a
set of particles according to the distribution of the sample states. This set of
particles model the distribution of p(s0 | z0).
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Figure 1.7 (a) The original foreground image, (b) the distribution constructed by MCMC
method, (c) using mean shift to locate the pedestrians

Figure 1.8 (a) The foreground object, (b) the corresponding model view

1.6 Experiments

We test our algorithm on the CAVIAR data set [5]. Each image is reduced to
the size 320×240. Because foreground object detection and model comparing
are time consumed, the processing to compute the static parameter values is
3.5 minutes on an Intel Core 2 Duo 2 GHz machine. Fortunately, it needs
to compute only once after setting the monitoring system, and we can do it
off-line. Figure 1.8 shows model view corresponding to the detection result.

The dynamic parameter values is computed on an Intel Core 2 Quad CPU
2.66 GHz machine. The size of the image is 320 × 240. The processing time
is 4 seconds. Figure 1.9 shows some initialization results. Our algorithm
can robust to many situations: (a) independent pedestrian, (b) connected
pedestrians, and (c) occluded pedestrians.

1.7 Conclusion

Counting people cannot avoid detecting and tracking people. In this paper,
we propose a people counting system based on the particle filter applied to
track people. When the particle filter is applied, the initial state, measure-
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Figure 1.9 The test result of (a) independent pedestrian, (b) connected pedestrians, and
(c) occlued pedestrians

ment model and transition model need to be defined before hand. We give a
processing method to define the initial state automatically and to construct
the prior knowledge for measurement and transition model. Among those
requirements, we define the initial state using our multi-view representation
of the pedestrian with MCMC algorithm. The final calculation result is the
probability of the human state; mean shift is applied here to locate the peak
value instead of the expectation value.

In the future works, particle filter will be applied to track the pedestrians
along time. The tracking results will show the human’s trajectories, and we
can obtain the people number by counting the trajectory number.
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