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摘要: 首先介绍了带马尔科夫跳变非线性系统(JMNSs)的状态估计问题, 然后总结了JMNSs最优状态估计的难点
和具有交互作用的多目标跟踪问题. 在总结分析各类不同算法的基础上, 提出了一种协同关联粒子滤波算法来解决
目标数目在变化的交互多目标跟踪问题, 改进后的算法不需要观测与目标状态关联和目标数量已知的假设. 最后,
通过仿真实验验证了改进后的算法在跟踪效果上优于现有算法, 并能成功估计目标的数量.
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Abstract: We first introduce the state estimation of jump Markovian nonlinear systems (JMNSs), with a summary
of difficulties in this estimation; and then we review the problems of the interactive multi-target tracking. Based on the
analysis of various algorithms, a collaborative associated particle filter is proposed to solve the problem of interactive multitarget tracking with time-varying target numbers. The proposed algorithm neither needs the assumption of the association
of observations with target states, nor the knowledge of the target numbers. Simulation results show that the proposed
algorithm provides better tracking performances and more accurate estimation of the target numbers.
Key words: particle filter; collaborative theory; data association; multi-targets tracking

1 Introduction
In recent years, the state estimation problem for jump
Markov nonlinear systems has received great attention due
to its application backgrounds, such as targets tracking,
image processing, and fault detection. Traditional target
tracking usually inherently assumes that the target dynamic is linear or can be approximated by linearized models[1] . However, in real world, the target dynamics are typically non-linear and non-Gaussian. Most such systems are
jump Markov nonlinear systems (JMNSs). For example,
in multi-target tracking, every target’s motion equation is
non-linear and system noise can be modeled by Brownian motion. In addition, due to the uncertainty of target
number, the state probability space has property of jump
Markov. JMNSs modelled by continuous-time stochastic
processes are a very important class of models in dynamical phenomena[1–2] . Bayes state estimation of such sys-

tems is particularly difficult, mainly because the prediction equation satisfies Fokker-Planck-Kolmogorov equation (FPKE), and generally, it is extremely difficult to obtain an analytical solution to the FPKE. Comparing with
JMNSs, research on state estimate of jump Markov linear systems (JMLSs) have make great progress[3–4] . As
for JMNSs, Driessen and Boers[5] have researched the
problem, however they have not given a unified theoretical framework in the field of target tracking, especially in
video surveillance.
Particle filter and Kalman filter are commonly used to
achieve Bayes estimation, and obtain the numerical solution to Bayes estimation. Since its introduction as a sampling importance resampling filter[6] , the particle filter has
become very popular for finding optimal estimation in nonlinear and non-Gaussion situations in recent years[7] .
Compared with single target tracking, multi-target
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tracking faces two main difficulties that are association
between targets and state measurement, and model estimation problem of every moving target. There are many
multi-target tracking algorithms that have been proposed,
for example, nearest neighborhood filtering[8] , joint probabilistic data association[8–10] , multiple hypothesis tracking[11] , and multi-target filtering with random finite sets[12] .
But all of these methods just use the measurements which
are statistically closest to the predicted position of tracked
targets as candidate targets, and then use the candidate
measurements to update trajectories. However, in practice,
these methods usually can’t eliminate mis-tracking, lost
tracking, and other mistaken. Some of the algorithms assume that the target number is constant in the scene, which
does not meet the actual situation. Some need exponentially computation with the increase of the number of targets, which limits their applications in practice. Although
there are algorithms that combine randomly set theory and
Bayesian theory to solve the multi-target tracking problem,
but it is still difficult to obtain the analytical solution of optimal state. In addition, although particle filter can gain the
analytic optimal state solution set, it does not have data association module, the final targets state are described by a
set, and the association between state and target is unclear.
Further, the trajectory of every target can not be known.
Although simple combination of particle filter and joint
probabilistic data association can solve the problem, it is
difficult to associate the observation and target state, which
may eventually lead to the tracking performance degradation, due to the interaction movement between targets and
clutter interference. In addition, in conventional particle
filter and joint probabilistic data association, it did not consider the block’s impact of interactive targets. All of the
discussed problems are caused by the uncertain interaction
between multi-targets.
Collaborative theory originally developed by Haken in
1971. In 1977, Haken published ‘Synergetics: An Introduction’[13] , which systematically dissertated collaborative
theory. Collaborative theory describes that systems reach
an orderly state from disorderly or another orderly state by
the synergies of various internal elements. This principle
commonly exists in natural life and non-life complex systems. Collaborative theory can be a good description of
the interaction between multi-targets. So, in this paper, we
proposed a collaborative associated particle filter to solve
the problem of interactive multi-target tracking in video
surveillance.
The main contributions of this paper are: 1) We established collaborative associated matrix and collaborative
factor to describe the interactions of multi-target, and the
new established parameters were also used in collaborative
sample and collaborative association 2) What important is
that we applied the new established parameters and algorithm in multiple video targets tracking, which is relatively
rare in recent literatures.

2

Particle filter of JMNSs

Before going fruther, we firstly describe the particle
filter of JMNSs briefly. Let r(t), t > 1 be a right-
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continuous Markov chain on the probability space taking
values in a finite state space S = {1, 2, · · · , N }, with transition probabilities[14]
½
γ ∆ + o(∆), if i 6= j,
P{r(tk ) = j|r(tk−1 ) = i} = ij
1+γii ∆+o(∆), if i = j,
(1)
where ∆ = tk − tk−1 > 0. We assume that the Markov
chain r(·) is independent of the Brownian motion B(·).
Consider a video surveillance system modeled by the
Itô stochastic differential equation as follows[15] :
dx(t) = f (x(t), t, r(t))dt+g(x(t), t, r(t))dB(t), (2)
where, (x(t), r(t)) is targets state vector in which x(t) is a
vector including targets’ position and range. r(t) is timevarying number of targets. f (x(t), t, r(t)), g(x(t), t, r(t))
are nonlinear vector-valued functions of the state variables.
{B(t)} ∈ Rr is a vector of independent Brownian motion
process with E{dB(t)dB T (t)} = Q(t)d(t). The initial
state x0 is distributed according to a distribution p(x0 ).
And what should note is that the dimension, or nature of
x(t) might be a function of the sequence {rtk }, but it does
not need to make the dependence specific for notation simplicity. In most tracking systems, neither the x(t) nor r(t)
can be easily computed, instead we choose the observation
method[16] . In this way, the problem can be translated into
a hybrid (continuous-discrete) sequential state estimation
problem. At most time, people get them through observations which are taken at discrete-time instants tk according
to
ztk = h(xtk , rtk , tk ) + vtk , k = 0, 1, 2, · · · ,
(3)
ztk is the observation vector, xtk := x(tk ), h(xtk , rtk , tk )
is a nonlinear vector-valued function of the states of the
stochastic dynamical system. vtk is a zero-mean white
Gaussian noise process, and its covariance matrix is Rtk .
By using sequential important sampling resampling (SISR)
method[17] , after a series of deduction, we can get the following particles’ weight
(i)

(i)

(i)

(i)

ω(rtk ) ∝ ω(rtk−1 )p(ztk |Xtk , rtk ),
where p(ztk |(x(t), r(t))) can be evaluated from[15]
p(ztk |(x(t), r(t))) =
1
− 12 (ztk −h)T Rt−1 (ztk −h)
k
,
m
1 e
(2π) 2 |Rtk | 2

(4)

(5)

where h = h(xtk , rtk , tk ) is the simple expression, the
specific expression should be different in different situations.
So, the multi-target state estimation in minimum mean
square error (MMSE) can be gained by
n
P
(i) (i)
ωtk Xtk .
(6)
X̂tk =
i=1

After that, we need to fix the estimation of target number m. Once the posterior pdf p(Xtk , rtk |Ztk ) is known,
the probability pr (m) = p(rtk = m|Ztk ), so the target
number m at time step tk can be computed as the marginal
p(Xtk , rtk |Ztk )[18] , that is
pr (m) =
w
w
· · · p(Xtk , rtk = m|Ztk )dx1,k · · · dxm,k =
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w

···

p(x1,k , · · · , xm,k , rtk = m|Ztk )dx1,k · · · dxm,k .
(7)

The formulation (7) means that the probability of target
number m can be computed as the marginal of the posterior pdf p(Xtk , rtk |Ztk ). Specifically, the probability of
target number m can be computed as the integral of the
posterior pdf p(Xtk , rtk |Ztk ) at rt = m to the state variables of each target. So the maximum a posteriori (MAP)
estimation of target number at time step tk is then determined as
r̂tk = arg
max pr (m).
(8)
m=0,1,··· ,M

3

Collaborative theory in interaction of targets

3.1

Collaborative associated matrix and collaborative factor

Details of particle filter for JMNSs can be found in
[19]. In this section, we focus our attention on collaborative theory, which can take advantage of the interaction between targets. But this is not an easy work, as we all know,
it is not only because that literatures about collaborative
theory used in describing interaction between multi-target
are rare, but also this work itself is very difficult. Even
so we can still do something in this area. Given the target
number is time-varying, the occlusion can be viewed as a
situation that target number changes. So we can assume a
target number variable rtk , and also assume that the maximum number of each frame of the tracking targets is R,
the target number variable rtk is a discrete-valued random
variable, and rtk ∈ {0, 1, · · · , R} can be modeled by M state Markov chain, whose transitions are specified by a
(R + 1) × (R + 1) transitional probability matrix (TPM)
Π = (πij ). πij is the probability of a transition from i
target existing at time k − 1 to j target at time k, that is
πij = p(rtk = j|rtk−1 = i), i, j ∈ {0, 1, · · · , R}, (9)
where

M
P
j=1

πij = 1 of all elements in TPM for each i, j.

We assume that there is only one target entering and leaving the scene every moment. If there are more than one
target appearance or disappearance, it can be broken into
several steps of one target change to fix the problem[18] .
As for the interaction between targets, in order to use
the collaborative theory to describe the interaction between
targets, we assume that the occlusion occurs only between
two targets. If there are more than one target involved in
the occlusion, it can also be broken into several steps to
fix the problem. Assume that there are rtk targets in the
scene at time k, Φtk is the defined collaborative associated
matrix, which is a binary matrix with rtk × rtk -order. Φi,j
expresses occlusion situation between target i and j, where
Φi,j = 0, if i = j and Φi,j = 1 and i 6= j expresses that
target i blocks target j.
From the very beginning, after initialization, every target has its own initial state. From the state vector, we
can know the area of each target, and as the tracking progresses, the state vector is constantly updated, even so, we
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still can know the area of targets. If there is a moment
that one target’s area is less than half the size (in our experiments) of a previous moment, we can believe that this
target is blocked. If Φi,j = 1 and i 6= j expresses that target i blocks target j. As for the threshold, usually can be
defined as half of the target size.
Φi,j and Φj,i can not both be 1. If the Euclidean distance is less than a certain threshold, we would consider
that there exists block between targets. There is another
definition need to be explained, that is collaborative factor
sm ∈ {0, 1, 2}. sm ∈ {0, 1, 2} reflect whether the target is not block, block and be blocked, respectively, and
the depth information if block occurs. Obviously, state
variable S depends on Φ. If Φi,j = 1, then si = 1,
sj = 2, which means that target i blocks target j. And
if Φj,i = 1, then si = 2, sj = 1, which means that target
j blocks target i. If there is no block between two targets,
Φi,j = Φj,i = 0 and si = sj = 0.

3.2

Collaborative date associated probability

Once collaborative associated matrix and collaborative
factor established, we can use them to compute the collaborative date associated probability, which is very important
to associate states to corresponding targets. Given the interaction between targets, it can be seen as a part of targets’ state. So we assume that the collaborative associated
state of targets can be expressed as {Xtk , rtk , Φtk } at time
tk . This state vector not only presents the states of multitargets, but also presents the interaction between them.
So the next thing is how to use these parameters to gain
and associate the state of every target. In {Xtk , rtk , Φtk },
Xtk is the state vector of multi-targets. Since we focus
on multi-target scene in this paper, so Xtk is defined as
Xtk = (x1,k , · · · , xm,k , · · · ). And for a specific single target m, xm,k = (xm,0 , ym,0 , hm , lm , sm ) is the state vector
of the m-th target at time tk , (xm,0 , ym,0 ) is the center coordinates of m-th target, and hm , lm is the height and width
of m-th target’s bounding rectangle, respectively. From
Φtk , we can know whether the target is no block, block
and be blocked at time k, respectively, and the depth information if block occurs. We also introduce rtk into the state
vector to express the number of targets in the scene, and
the defined collaborative associated matrix Φtk describes
the block situation between targets.
After all of the elements having been defined, now, we
can compute the data associated probability through the
joint probabilistic data association algorithm, which is a
necessary step before computing the weight of particles.
Though there are some literatures we can refer to, for example[8–10] , it is still difficult for us to do so. This mainly
because that in these literatures, the authors did not face
parameters which we called collaborative associated matrix. But we still can do something following these methods. Assume that θ is set of collaborative association from
observation to target, and every θ can identify unique association from observation and target state. Θα,m expresses
all the effect joint collaborative association from observation α and target m. According to Φtk , if Φi,j = 1, which
means that target i blocks target j at time k, so association of target j can be ignored. Similarly, if Φj,i = 1,

1190

Control Theory & Applications

association of target i can be ignored. So the treatment of
collaborative associated matrix Φtk , set θ and Θα,m should
be smaller than that of other cases in the same multi-target
scenario. That mainly because we deleted some useless association according to Φtk . The treatment can also reduce
computing load in real targets association. The amount
of calculation would sharply increase with the increase of
target number, so the decrease bring by our treatment is
encouraging. Denote that θ̄¯ is the number of all the observations, and is the number of target observations, so the
number of clutter observations is W − θ̄¯. γ is probability of
¯
clutter observation, and γ Mk −θ̄ is probability of all clutter
observations in observation set Zk . So the probability of
joint collaborative data association can be computed by
P
Q
¯
βα,m =
Cγ W −θ̄
pα,m ,
(10)
θ∈Θα,m

(α,m)∈θ

where
pα,m

1
P
,
p(Zk |θi , X1:k )p(θi |X1:k )
i

Q is dimension of observation variable, θi is a single association event. As for d2α,m , d2α,m is the squared distance
based on the observation innovations. It can be computed
as
−1
d2α,m = vkT Sα,m
vk ,
where vk = Zk − Ẑk , and Sα,m is observation covariance.
| · | expresses determinant, and Sα,m is observation covariance.
So as for target t, according to the probability of
joint collaborative association βα,m , the weight of sample
(i)
Xtk ,m can be expressed as
(i)

4

W
P
α=1

(i)

βα,m p(Ztk ,α |Xtk ,m ).

Step 3
Step 4

Update collaborative associated matrix Otk .

Calculation of the probability of joint collaborative data association βα,m according to Eq. (10).

Step 5

Calculation of particle weight. Calculate
(i)
according to Eq. (11) and normalize to obtain ωtk .

Step 6 State estimation. Calculate the MMSE estimation of the target state at tk time step.
Step 7 Target number estimation. Estimate the target number according to Eqs.(7)−(8).
Re-sampling.
Go to Step 2.

5 Simulation results

and C is normalization constant that can be computed as

ωtk ,m =

from the initial probability density function p0 (xm,tk ) of
target;
If rtk−1 > rtk , randomly select rtk targets from rtk−1 ,
and sample from the corresponding p(xm,tk |xm,tk−1 ). The
targets that are not selected would be considered to disappearance;

Step 8
Step 9

−d2α,m
exp(
),
=
Q
1
2
(2π) 2 |Sα,m | 2
1
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Algorithm of collaborative associated particle filter

Based on the elements presented above, we propose
the generic collaborative associated particle filtering algorithm for interactive multi-target tracking as follows.

Step 1

Initialization. At t = 0, sample N samples
(i)
from x0 ∼ p(x0 ), establish initial particle set {X0 ,
1
(i)
(i)
ω0 }N
, and collaborative associated
i=1 , where ω0 =
N
matrix Φtk .

Step 2 Importance sampling according to collaborative associated matrix Φtk . For tk = 1, 2, · · · , N , extend
the trajectories with the transitional density of objects de(i) (i)
fined by object dynamic model to {X̃tk , r̃tk }N
i=1 .
If rtk−1 = rtk , sample directly from target’s state transition function p(xm,tk |xm,tk−1 ), and gain xm,tk ;
If rtk−1 < rtk , for continuous present target, sample directly from p(xm,tk |xm,tk−1 ); for new target, sample

Experiments are conducted on real world video
surveillance sequences. The sequences can be found
at http://homepages.inf.ed.ac.uk/rbf/CAVIARDATA1/. In
this scene, our aim is to track the passing persons. Before showing the simulation result of our proposed algorithm, we firstly show the general particle filter’s performance on tracking multi-target. Currently, there are two
main treatment of multi-target tracking based on particle
filter[20] . The first way is to decompose the multi-target
tracking into several single-target tracking, and establish a
corresponding tracking filter to every targets. The second
way is that all targets are tracked in a same particle filter.
Now we will verify the two ways respectively.
In the video clips we used, there are two moving blobs
that first appear in the video sequences, though actually
there are three persons. Because one person has all along
been blocked, we can consider that there are only two
targets appearing in the first frame. At the 11-th frame,
there appears the third person, and the new appearing target quickly passes through the scene. Before the third person passes though the scene, the first person will leave the
scene at frame 151. During the whole video sequences, the
second person first goes a while and then enters a shop to
select clothes. There are all 159 frames available in this
experiment.
The first method’s tracking results are shown in Fig.1.
In this situation, we assume that the observations directly
associate with corresponding target. From Fig.1, at the beginning, the general particle filter can track targets well,
but the good performance does not last long. Around frame
30, the tracking performance is serious deterioration. Especially, the second and third targets’ tracking is unsuccessful, even there is no block occur. This method can not
achieve successful tracking of unknown targets, and can
not cope with random number of targets. This method is
relatively simple, but when the targets are intensive or interaction between targets are relatively large, it is easy to
cause the track to be lost.
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both lost. The third observation is lost from frame 62. So
as for the second method, it difficult to associate the observations with targets, and it can not estimate the target
number.

Fig. 1 The selected representative tracking results of
general particle filter 1

The second method’s tracking results are shown in
Fig.2. In this situation, we assume that the target number is known. From Fig.2, similar with Fig.1, at first, the
algorithm can track targets well, but when the block occurs from frame 62, the first observation associate with the
wrong target, and then the first and second observations are

Fig. 2 The selected representative tracking results of
general particle filter 2

The tracking results of our proposed algorithm can be
found in Fig.3.
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mance, it is better than the previous two algorithms, which
can be found in Fig.3. Even this occur blocks, it still can
track the targets. And the responding speed is relatively
quick. So, our proposed algorithm can be considered as
better than the general particle filters on tracking performance.

6 Conclusions
In this paper, we summarized the difficulties of optimal estimation of JMNSs and interactive multi-target
tracking. Consider that the general particle filter for multitarget tracking has some disadvantages, we combine the
collaborative theory and associated particle filter, and proposed a new algorithm. The new algorithm can track the
multi-target well with time-varying target number, and
even there exist interaction between targets, it can still
track well. Even the proposed algorithm could reduce
computation and memory load compare to traditional
JPDA algorithms in same scenario, it still produce a large
amount of calculation with target number’s increment. In
addition, due to the uncertainty of targets’ interaction, such
as the sudden appearance or disappearance of a new target, the occlusion between targets and so on, all of these
are easily to cause that the establishment of collaborative
associated matrix and collaborative factor are undesirable,
and eventually lead to unsatisfactory tracking results, especially when the target number is more, the results may
be worse. So our next research will focus on how to reduce the computational load, at the same time increase the
effectiveness, and on how to establish more effective collaborative associated matrix and collaborative factor.
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