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Abstract

Tracking people is a big challenge because of the human’s
unpredictable shape and moving changes. To overcome such

problems, Bayesian estimation has been suggested in filtering.

Among the implementations of the Bayesian estimation,
particle filter has been proposed to solve the nonlinear
distribution. In this paper, we give a framework for people
detection and tracking using particle filter. Memory states are
introduced here as the prior knowledge for the measurement
and transition model in particle filter. This consideration
helps to track the individual person in crowded case.

1. Introduction

Since getting the people number is very useful, some
methods have been proposed: First, infrared sensors are set up
in the roadside, and used to detect the people passing while
that has been blocked. It is easy to construct, but may be fail to
count those people walking side by side. Second, setting a
gate in the passageway can help to count pedestrian more
accurately. However, the gates may be hard to set up and will
influence people’s walking. Third, we may dispatch some
persons to count people, which is not efficient and not
economical.

A vision-based counting system can be applied to count
people based on the monitoring system. Such system has more
advantages than the other methods addressed before. First,
cameras are easy to set up and easy to maintain. Second, it
would not influence the people's moving. Third, by applying
some appropriate image processing method, occluded
pedestrians can be separated and would be counted correctly.
At last, monitoring image could provide more information,
such as the directions or the human status, than the other
systems.

Since a vision-based counting system has so many
advantages, many researches have been proposed for counting
vehicle [1]. However, developing a people counting system
will face more challenges because of our unpredictable

behavior. Such unpredictable behavior includes of two phases:

In the first one, human shape is not fixed because of their
variable postures. Besides, one pedestrian may be connected
with others or carries some objects so that it will form many
kinds of shape. The second phase is the pedestrian's unstable
moving state. The moving state includes the moving trajectory
and the moving gait, which may be changed at will or by
accident. The above challenges need to be considered while
developing such system.

A vision-based counting system often consists of three
steps: detecting, tracking, and counting. In detecting step,
many detection methods, such as model matching [3],

temporal differencing [2], and background subtraction [6],
have been developed. 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 [13], but it is too rough to
detect while they are occluded. Level set [4] and snake model
[5] can be applied to model a human's silhouette dynamically
[15], 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 [18][14], but there are many
constrain required 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 [16], or
changing the model's state to achieve the current state [15].
Because the detecting step may not be reliable, some
prediction or filtering models are applied here to compensate
that. Kalman filter [10] 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 [11] 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 [13].

After detecting and tracking, the people number can be
obtained by counting 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 [12]. In an open
area, since we cannot 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 [10], which
will be the same as the trajectory number in the scene.

In this paper, we consider the people moving system is a
nonlinear dynamic system, that is, their states are assumed to
be generated by the nonlinear functions. Particle filter is
applied here to solve this problem. The remainder of this
paper is organized as follows: In Section 2, the nonlinear
dynamic system and particle filter are introduced. Four issues,
initial state, transition, measurement, and determination are
introduced in Section 3, 4, 5, and 6. In Section 7, the
experiments are performed on some real video sequence.
Finally, a conclusion and discussion are addressed in Section
8.



2. Sequential Monte Carlo Method

In our application, we want to know the human behavior
(hidden states) according to the monitoring image sequence
(observations). Since the actual human behavior can not be
known, its distribution of the state given the passing
observations, z,, =(2,,":*,2,), is defined as p(s,|zy.), where s,
is the human behavior shooting at time ¢. In this system, each
image frame is computed to the distribution of the human
behavior p(s;|zy.), and the behavior s, with a highest
probability is determined as the pedestrian detecting result.
The number of the behaviors along time, Sy, = (S5,"**,5,), is
regarded as the detection result of one pedestrian.

Using Bayesian rule, this prior probability can be updated
to
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where p(z; | zy.;) 1s the predictive distribution of z, given the
past observation z.. |, and it is a normalizing term in most case.
Assume that p(z, | zp..;, s, depends only on s, through a
predefined measurement model p(z,s,). Equation (1) can be
rewritten as
p(S, |ZO:1) = (Zp(Zl |S[)p(Sl |ZO:1—1)3
where « is a constant.

Now, suppose s, is Markovian, then its evolution can be
described through a transition model, p(s,|s..;). Based on this

p(st | ZO:t

@)

model, p(s/|zp..;) can be calculated wusing the
Chapman-Kolmogorov equation:
PGS, 1200 = | 2GS, 15005, 120,04 . 3)

Equations (2) and (3) show that we can obtain p(s/|z,.)
recursively if we have the following requirements: the
measurement model p(z,s,), the transition model p(s,|s,.;) and
the initial distribution p(so|z).

The main problem is how to represent the distribution of
the transition model p(s,|s,.;) and the unknown state given the
observation p(sy|z,). This problem also induces the problem of
the calculation of the Equation (3). In Hidden Markov Model,
these models are discrete, and all calculations can be
combined into matrices form. In Kalman filter, Gaussian
distribution is assumed, and then the parameters (mean and
standard deviation) of p(s,|zy...;) can be calculated.

Particle filter is a Monte Carlo method that uses m particles,
s%,i=1...m, and their corresponding weights, w, to simulate
the distribution p(s,|zy.,) . This simulation also can be applied
to Equation (3):

(s, 120,0) = 2 p(s, s p(s) (4)
i=1

The distribution p(s, | zy..;) also can be simulated using the
these particles if we have a new transition equation
5@ = f(s"”,u, ,) matching the transition model p(s,|s, ;), where
u is a noise sequence with zero mean. The distribution of the
propagating result
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will be the same as p(s,|z...;) if the particle number is infinite
[71.

After propagating particles, each particle’s weight is
rescaled with the Equation (3),
RO =, |5

(i) _ 90 (1)
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The distribution of the samples S, = {s'”,w!”}”  can show the
distribution of p(s,|zy.,). This is often our goal, and one may
calculate the expected value as the detection result as the
traditional particle filter method [11]:

E[S,]1= s"w. (7)
i=1

Expected value, however, is not a good solution, because the
solution may be located at the state value with lower
probability. The posterior distribution may have multiple
maxima, and the best solution would be not the expected value
in most case. To estimate the maximum a posteriori (MAP),
one may calculate the derivative of p(s,|z,.,) respect to s, as the
research in [8] or approximate the distribution as a mixture of
Gaussians [17]. In this paper, we apply mean shift method [19]
to locate the maxima, E’[S,], and this state is defined as our
detecting result.

Before the next round, particles are often resampled
according to p(s;|zo.) (i.e. the distributions of w'”), and their
weights are reset to 1/m (that is also the new value of
(s z,,)). In our practice, those particles with weight less
than 1/m are eliminated at first, and the remains with weight
value greater than ¢/m will be repeated c-1 particles, where ¢ is
an integer. After that, all of the particle weights are set as 1/m.
If the final particle number is not m, some particles will be
added or eliminated randomly to correct that.

For each pedestrian moving in the monitoring range, we
detect his behavior and denote the detecting result as s ... State
s; is calculated to the MAP of p(s,|z,.) using the mean shift
method. The distribution of p(s,|zy,) can be obtained if we
have the following requirements: The first requirement, initial
state s, is defined according to the foreground object
extracted using the method proposed in [9]. 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 sg...

(6)
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3. Initial Distribution

Initial distribution p(sy|zo) is the base of the sequential
Bayesian estimation. We can detect the appearing objects and
encode them as our initial states, since one pedestrian must
move into the monitoring range before the following tracking.
Foreground object detection can be applied here to detect the
appearing objects. After the foreground object detection,
those foreground objects that are not covered by any £°[S] are



called as the appearing objects. In fact, we do not require the
perfect foreground region in our application, so that we can
detect the inconsistent region instead of the foreground
objects to reduce the processing time.

In this step, we focus on giving a new particle set, S, to
model the distribution of the appearing object’s state. 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. However, a pedestrian’s silhouette can be modeled
complexly by parts [14][8] or simply just by one ellipse [13].
Because of the huge computation in particles, we use one
ellipse to model one pedestrian, and its axes (major and
minor), rotation angle and centroid are set as the shape
features. The second feature, color histogram is constructed
using the values of the pixels in the ellipse. The velocity
includes the moving direction and moving distance that can be
computed while we have two successive states.

In an image, we denote the region of an appearing object as
R, and set the features of each particle, centroid, axes, and
rotation angle, according to that. Suppose the centroid of R is
(%,y), we define the centroid (x., y.) of a particle as
x,=X+N(ly/2) and y, =y +N(l;/2), where I is the size of
R, and N(¢?) is a Gaussian noise with a standard deviation o°.
I 1s the width or the height of R depending on which one is
longer. All of the particles will be distributed in the range of R
by this definition. The axes, a and b, are defined as

a=b=1,+N(l,/4).

If b is greater than a, we swap them to ensure that the
major axis is greater then the minor one. Finally, the rotation
angle, 0, is defined as a random number between -m/2 to 7/2.

If we set the weight of each particle as 1/m, these particles
will give a normal distribution with the feature values of R as
the mean value. Normal distribution cannot represent the
actual state of the appearing objects, so we apply Equation (6)
to this original distribution to obtain a more suitable
distribution. After resampling, the new particle set will model
the initial distribution, and the color histogram of the pixels
enclosed by one particle are then computed.

4. Transition Model
The transition model s'” = (s}, u, ,) defines the transition
of one state from time #-1 to time ¢. It involves two kinds of
information, the memory states and the previous transition.
We will explain the memory states before the model

construction.
4.1 Memory States

In the beginning, the monitoring range is divided into
wx h blocks. For each block (i, /), we set a memory state m;
to record the detected states in this block. These states
{m; |i=1.w,j=1.h} are called as the memory states. To let
the recording data being correct, the memory state will be
updated until we have a reliable state. A detected state is

reliable while it has the following criteria: First, there is only
this state detected in the monitoring range. Second, this state
has high probability p(s;zy.,). Third, this state transits
smoothly. If the detected state achieves the above criteria, we
may suppose that there is only one pedestrian in the scene, and
this pedestrian has no occlusion and separating. This leads the
memory states to be constructed automatically.

All parameters in a memory state are represented as
random variables. As those features in one state, these
parameters include of shape and moving parameters. The
shape parameters include of a, b, and 0, corresponding to the
major axis, minor axis, and rotation angle; the moving
parameters are the moving vector V=(X,)) defined in the
image coordinates.

In computing the parameter values of m;, we can update
all values except v. Because the moving vector (X, 7) that we
can obtain at time ¢ would belong to the state at time ¢ -1, that
is, X, =%, —X., and Y., =Y., —Y.,.. We must update the
memory state my in the block (k, /) where the position
(x.,sYei) locates on. After all, each memory sate will
represent the distribution of the detected states in the block
along time.

After a period of time, the memory states will record the
historical trajectory in this scene. This information can be
applied to predict and to evaluate the pedestrian’s moving
path. In crowded case, one individual person would be
matched with the other one in the neighborhood. To make a
more precise tracking, we need a better transition rather than
the Gaussian transition as those developed in other researches
[13]. We will give more details of our transition model later.

4.2 Construction Using Historical Path

A pedestrian may have an expectable moving path in an
environment. This expectance is caused by the following two
characteristics: First, a pedestrian often have a sudden
velocity change because of inertia. Second, most of the
pedestrians will have some similar trajectories in the same
environment. Those trajectories are called as the historical
paths. A historical path can be constructed according to the
memory states, if we can start from any memory state and
connect to the next one on the expected moving vector E[v].
In our application, we use the probability of the historical
transition, v, to predict the next moving.

Assume (Ax,_,Ay, ) be the moving vector of the state, this
vector can be calculated using the following equations:
Ax,  =axR+(1-a)xAx,_,+N(max{a, b, ,Ax, ,}/2) 12)

Ay, =axi+(-a)xAy, ,+N(max{a,_.b_,Ay, ,}/2) (
where (¥,7) is a moving vector selected under v of the
memory state in the corresponding block, and a € [0,1] is a
weight value for adjusting the trust degree between the
memory state and the previous change (a will be 0 if there is
no value in the memory state in this block). This definition let
the transition not only refer to the previous state but also



consider the historical path. This consideration especially can
be applied to the crowded case.

The parameter values of the ellipse in the state s\” are then
defined using the moving vector (Ax'”,,Ay"") of particle i:

X =Xl Ayl = x A
a® = a% + N(a®,/4) , b = b + N(BY) 1 4).
0" =0") + N(x/4)

In these definitions, all of the particles will simulate the
distribution of Equation (3). We will have a good simulation
result if the particle number is infinite. However, the more
particles we have, the more computations we need. In our
practice, the particle number is 200, and the processing result
is good enough.

(13)

5. Measurement Model

Measurement model, p(z|s,), is calculated to the
probability of the observation, z,, given the unknown state, s,.
It can be considered as the degree of the state matching to the
given image. In our assumption, a pedestrian could be
represented as an ellipse, so the high degree means the more
confidence of the state. The matching degree of state s is
defined as
pzls)=d, () xd (s)* xd,(s)* xd,(s)", (14)
where the di(s) and g; are the matching degree and the
weighting value according to the feature i. Each measure, di(s),
is defined in the following contents.

d,(s) measure the similarity between the current and the
previous intensity histograms of the state s, which means that
this state represents a same object along time. We construct
the histogram by counting the number of pixels falling into an
intensity bin. If the bin size is ¢ and the range of the intensity
value is 0...255, there will be 256/c bins in one histogram. The
distance between the two histogram %, and /4, can be defined
based on the Bhattacharyya coefficient.

d(s) is defined as the ratio of the foreground region in the
region of s, which means that the state s cover more
foreground region will have larger d/(s) value. We design this
to require the whole particle set cover more foreground
regions. This will help the tracking model to pay more
attention on the moving objects. Besides, we define the
foreground region size be 1 at least, so that the state with small
size will be enhanced while there is noting that can be located.
This would be happened when the object moving to the
outside of the monitoring range.

d,(s) is designed to let the state s locate on the target. In our
application, the target is the pedestrian in the scene. We
assume that one pedestrian’s silhouette can be shaped as an
ellipse, and the shaping degree is decided by evaluating the
edge point along the boundary of the ellipse. In the image, the
boundary points (x, y) of the ellipse are those point satisfied
these equations:
x =x_+ axcos(g) xcos(d)—b xsin(g) x sin(H)
y=y,+axcos(p) xsin(d)+ b x sin(@) x cos(d)’ (16)

where ¢=[0,27] is the parameter along the ellipse boundary.
We may say that there is an edge point on the boundary while
this boundary point and its near point (x,, y,) have great

different intensity values. We calculate (x,, y,) by
x,=x,+ 1+ d)xaxcos(g)xcos(d)—(1+d)x b xsin(g) x sin(6)

v, =y.+(1£d)xaxcos(p)xsin(6)+ (1+ d) x b xsin(g) x cos(6) (17)
where d is the minimum distance from the changing point to
the boundary. Figure 5 shows the meaning of d. Suppose 9y,
#=[0,27] means all edge distances measured along the

boundary, d,(s) can be defined as
d.(s) =min{g(d,)}.¢ =[0.27], (18)

where g(.) is a decreasing function (ex. Gaussian with zero
mean). Under this definition, the ellipse that encloses the
human shape will have high shaping degree. Figure 3(b) and
(c) show the examples with high and low shaping degree

i o =,

(@ ® (9
Figure 3. (a) d means the distance between the ellipse boundary

point to the edge point. (b) shows the example with high shaping
degree, and (c) shows the example with low shaping degree.

The final measurement, d,,(s), is calculated based on the
memory states using the following equation
. .a, a
d,(s)=min{—,—"} (19)
aﬂl aS

where a, and a,, are the major axes in the state s and the
memory state corresponding to the location. Under this
definition, those detected object has similar size with the
memory state will have high degree.

6. Detection Result Determination

After we have the distribution of the state given
observation, p(s,]zy.,), we need to decide a state value to
represent the detecting result. As mentioned before, expected
value is calculated as the detecting result in particle filter, but
it is not the best value in some kind of distribution (ex.
multimodal distribution). In this framework, we use mean
shift to locate the peak state value. One may refer to [19] to
obtain the detail of the mean shift.

In mean shift, the main problems are the start point and the
Parzen window size. In our application, they are defined
according to the expected value calculated by Equation (7).
Given the expected state, we set its centroid as the start point
and its major axis length as the Parzen window size. Since the
transition model has a noise within the state size, these setting
will let the shift considering most of the states. The final
location is supposed to be better than the expectation.

Figure 4 shows the detection result defined as the expected
state and located using our mean shift method. In this figure,
the crosses mark the positions of the particles, and its size
means the particle weight. While there are more than two
pedestrians close to each other, the distribution of p(s,|z,.,) will



have more than one peak values. Expectation value (marked
as +) of such distribution cannot mean the good state value, so
we use mean shift method to locate that.

(c) (d)

(a)
Figure 4. (a) (b) The +’s mark the particles with their weights. (c) (d)
The centroids of the expectation state is denoted as “+”, and our
detection result is denoted as “X”.

(b)

7. Experiments

We test our method on an indoor monitoring system. In
this system, a fisheye camera is mounted on the ceiling over a
walk. The video sequence is saved and processed offline. If
we detect the inconsistent region instead of the foreground
region, our method can process 4 frames in one second using
the computer with Pentium 4 3.0GHz CPU. Figure 5 shows
the monitoring image. In this figure, detected result is marked
using an ellipse with two numbers, where the upper number is
a sequential number of this pedestrian, and the lower one is its
stay time.

Figure 5. In the monitoring image, the detected result is marked
using an ellipse with two numbers.

Our method is designed to handle the variances of the
human state. The variances include the moving and shape
change. Figure 6 shows the examples. In the upper sequence, a
pedestrian moved forward and stopped for a while. We can
locate his position well. In the lower sequence, the pedestrian
did not stop, but its shape is really different along time. We
can detect that without missing.

L 'y
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Figure 6. In the upper sequence, the pedestrian move and stop at will.
In the lower sequence, the shape of the pedestrian may be changed
along time.

In the second case (Figure 7), we show some people
passing interlaced. People may pass in the different ways or in
the same way. After the processing, they are labeled as the
same number after passing. Notice that the detecting result

still marked in the rough position even if they are occluded (ex.
the number 35 pedestrian in the lower sequence).
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Figure 7. The upper sequence shows two pedestrians passing in the

different ways. The lower sequence shows three pedestrians passing
in the same way.

The upper sequence of Figure 8 shows the pedestrian
moving to behind the door. Unlike those people move to
outside the monitoring range, its size is large and it may
disappear suddenly. The detection result would locate on the
position where this pedestrian disappears for a while. This
behavior like our expectation for a disappear object. Similarly,
a pedestrian may appear on any position. We can locate such
pedestrian without any problem, because our method did not
set the region of interest

) S
‘Q‘i’)

Figure 8. There is a pedestrian moving to behmd the door (the upper
sequence) and front the door (the lower sequence).

L&/\

Table 1 shows the counting numbers of two sequences. We
count the people number in a long sequence to show the

n
precision. The precision rate is defined as l—f, where n,, is

the actual number, 7, is the counting error number using our
method. Counting error includes miss counting and over
counting. Miss counting is often happened while a pedestrian
connected with the others in all time; over counting is
happened while a non-human object is detected.

Table 1: The counting results

Sequence 1 Sequence 2
Time length 5 min 10 min
Actual number 52 66
Counting number | 48 56
Miss counting 5 12
Over Counting 1 2
Precision rate 88.5% 79.8%

We count the people number in the video for 5 minutes.
The actual people number is 52, and the number counted using
our method is 48. There are 5 missing and 1 over counting, so
the precision rate is 88.5%. Figure 9 shows some examples of
the miss counting. More than two pedestrians may be
connected with each other by occlusion or shadow in all time,
so they are counted as one pedestrian. Over counting is
happened while non-human object is detected. This can be



solved if we could give a threshold value for p(E’[S/]|z.,), but
it is a dilemma of counting precision or tracking adaptation

K-
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Figure 9. Two pedestrians are connected with each other for some
reasons, such as (a) occlusion, (b) shadow, and (c) side by side.

The length of the second video is about ten minutes. In this
video, the walk is crowed and most of the people move in the
same way. The actual people number is 66 and the counting
number is 56. There are many missing, and the precision rate
is about 80%. Most error caused by the problem of the
occlusion and the error measurement in the crowded people.
While the observation given one particle p(z, |s'”) is
measured, each particle may have high probability to locate
some other pedestrian in the scene. Our memory states play an
important role right here. To avoid the particles to locate some
other pedestrian on the previous location, those particles will
be transited to a new location according to the memory states.
Figure 10 shows a sequence with crowed people and the
detection result.

e

Figure 10. Crowded people will cause more locating errors.

-

8. 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, measurement 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 according to the foreground object detection. The
measurement model combines the variance information of a
human, such as the color and shape, which helps to locate the
pedestrian more precisely. Since people may have the same
trajectory in an environment, we define the memory states to
express the historical moving path. The memory states will
give the prior knowledge of the human’s transition model.

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 used before. The detection
results along time will show the human’s trajectories, and we
can obtain the people number by counting the trajectory

number. The experiments show that our method can adapt to
the human’s unpredictable shape and moving changes.
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