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In this paper, a new method, named interacting MCMC particle filter, is proposed to
track maneuvering target. The particles are sampled from the target posterior distribution
via direct interacting MCMC sampling method, which avoids sample impoverishment and
increases the robustness of the algorithm. Moreover, the interacting MCMC particle filter
algorithm accelerates the MCMC convergence rate via propagating each particle based on
both its history information and the information from other particles.
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1. Introduction

In the history of development of maneuvering target tracking techniques, single model based adaptive Kalman filtering
came into existence first [1–3]. Aidala [1] proposed the adaptive Kalman filtering method based on single motion model of
the moving target in 1973. In the proposed method, the target maneuvering is estimated by adjusting the Kalman gain.

Decision-based techniques, which detect the manoeuvre and then cope with it effectively, appeared next. Examples of
this approach include the input estimation (IE) techniques [4,5], the variable dimension (VD) filter [6], the two-stage Kalman
estimator [7], etc. In addition to basic filtering computation, these techniques require additional effort to detect the target
maneuvers.

The decision based techniques are followed by multiple-model algorithms, which describe the motion of a target using
multiple sub-filters. The generalized pseudo-Bayesian (GPB) method [8], the interacting multiple model (IMM) method [9,
10], and the adaptive interacting multiple model (AIMM) method [11] are included in this kind of approach. Using the
multiple model based methods which use more than one model to describe the motion of the target, performance is
enhanced. Among them, interact multiple model algorithm (IMM) is the most common one. The main feature of the IMM
algorithm is its ability to estimate the state of a dynamic system with several behavior modes which can “switch” from one
to another. In particular, the IMM estimator can be a self-adjusting variable-bandwidth filter, which makes it natural for
tracking maneuvering targets.

Remark. In the above methods, the data models are assumed Gaussian and weakly nonlinear, and the Kalman filter/extended
Kalman filter (KF/EKF) is used to perform target state estimation. More recently, nonlinear filtering techniques have been
gaining more attention. The most common one among them is the particle filter, a state estimate pdf sampling based
algorithm, which is more capable of dealing with nonlinear and non-Gaussian system estimation problems.

Particle filter, which uses sequential Monte Carlo methods for on-line learning within a Bayesian framework, can be
applied to any state-space models.
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The application of particle filter in maneuvering target tracking has been paid attention only in recent years. Several
approaches, which use multiple models to describe the changing maneuvering model, have been proposed in the particle
filter framework. One of the methods is based on the auxiliary particle filter. In [12], Karlsson used an auxiliary particle
filter to track a highly maneuvering target. In this method, each particle is split deterministically into a number of possible
maneuver hypotheses with each hypothesis corresponding to a specific model.

Other methods focus on how to switch between different motion models. In [13], Bayesian switching structure is chosen
as the principle which determines switching between different models. A set of models are utilized to cope with the
unknown maneuver. Moreover, to deal with non-Gaussian noise, Cauchy distribution is used as the system noise distribution.
In [14] and [15], the maneuvering target tracking system is treated as a jump Markov linear system. The MCMC process is
used as the selection scheme to choose the motion model from a set of candidate models at some specific time step.

However, in the above approaches, the possible motion models and transition probability matrices are assumed as known.
In practice, the dynamics are hard to break up into several different motion models and the model transition probabilities
are difficult to obtain. A general model is needed to cope with the wide variety of motions exhibited by the maneuvering
target.

For the single model based methods, Karlsson [16] and Ikoma [17] applied optimal recursive Bayesian filters directly
to the nonlinear target model. The algorithm may fail due to sample impoverishment when tracking wide variation in
maneuvering movements.

The target’s state variables, such as the position and velocity, vary quickly and are not restricted to a fixed dynamic
model when it performs maneuvering movements. New features of posterior distribution of the target state are encountered
during the tracking process. The standard particle filter can not cope with the new feature of the posterior distribution since
it provides no opportunity to generate new values for unknown quantities after their initial generation. Consequently, as the
posterior distribution drifts away from this initial values, the particle base may degenerate to contain few distinct values of
these variables. As a result, most of the particles are assigned with low weights and eliminated via the resampling process.
This leads to serious sample impoverishment and then the tracking process fails.

There have been some systematic techniques proposed recently to solve the problem of sample impoverishment. One
such technique is regularized particle filter [18], which resamples from a continues approximation of the posterior density
p(xk|z1:k), whereas the standard particle filter resamples from the discrete approximation of the posterior density. This
approach is frequently found to improve performance, despite a less rigorous derivation. An alternative solution to the
same problem is the resample-move algorithm [19]. This technique uses periodic MCMC steps to diversify particles in
an importance sampling-based particle filter. It does so in a rigorous manner that ensures the particles asymptotically
approximate samples from the posterior. However, the resample-move algorithm can not avoid sample impoverishment
due to the existence of resampling procedure at each time step. Moreover, the traditional MCMC sampling needs a lot of
iterations to converge to the target posterior distribution, which is very slow and not suitable for real-time tracking.

In this paper, a new method, named interacting MCMC particle filter, is proposed to handle the sample impoverishment
problem. The particles are sampled from the target posterior distribution via direct interacting MCMC sampling method,
which avoids sample impoverishment effectively.

The proposed algorithm also accelerates the MCMC convergence rate. In the standard MCMC based particle filter method,
each particle is propagated independently, however, neglecting the information from other particles. It should be easier and
faster to reach the high posterior density area if more information is incorporated. Inspired by the particle swarm algorithm,
which is to find optimal regions of complex search spaces through the interaction of individuals in a population of particles,
the proposed algorithm propagates each particle based on both its history information and the information from other
particles. The proposed algorithm is named interacting MCMC particle filter since it incorporates the interaction of the
particles in contrast with the traditional MCMC based particle filter.

Remark. It is well known that all numerical integration approaches perform better when correlation among the components
is low [27].

In particular, MCMC algorithm converges rapidly. In the interacting MCMC particle filter method, at each time step the
introduction of the interaction of particles reduces the correlation among one particle’s history states, which speeds up the
MCMC convergence rate.

The rest of the sections are organized as follows, firstly, the basic theory of particle filter and Markov chain Monte
Carlo are introduced in Section 2. The interacting MCMC particle filter is presented in Section 3. In Section 4 the proposed
algorithm is compared with the resample-move algorithm in two synthetic problems where one maneuvering target is
tracked. The paper is summarized in Section 5.

2. Problem formulation

To define the problem of tracking, consider a dynamic system represented by the state sequence {xk, k ∈ ℵ}, whose
temporal evolution is provided by the state equation:

xk = f (xk−1, vk−1), (1)
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where f is a nonlinear function and ℵ is the set of natural numbers. {vk−1, k ∈ ℵ} is the process noise sequence. The
objective of tracking is to recursively estimate xk from a sequence of measurements {zk, k ∈ ℵ},

zk = h(xk,nk), (2)

where h is a nonlinear function. {nk, k ∈ ℵ} is a sequence of observation noises. From the Bayesian perspective, the tracking
problem is to recursively calculate the posterior probability density function (pdf), p(xk|z1:k), where z1:k = {zt, t = 1, . . . ,k}.

2.1. Basic theory of particle filter

In this paper, particle filters are considered to solve the state estimation problem due to its ability in tackling nonlinear
and non-Gaussian problems. The posterior pdf, p(xk|z1:k), is approximated by a set of particles with associated weights. The
detailed particle filter algorithm is described in the following.

(i) Initialization. Sample initial particles {xi
0, i = 1, . . . ,NP} from the prior distribution p(x0) and set the weights wi

0 to 1
NP ,

i = 1, . . . ,NP. NP is the number of particles.

(ii) Prediction. Particles at time step k − 1, {xi
k−1, i = 1, . . . ,NP}, are passed through the system model (1) to obtain the

predicted particles at time step k, {x̂i
k, i = 1, . . . ,NP}:

x̂i
k = f

(
xi

k−1, vi
k−1

)
, (3)

where vi
k−1 is a sample drawn from the probability density function of the system noise pv(v).

(iii) Update. Once the observation data, zk , is measured, evaluate the importance weight of each predicted particle (4) and
obtain the normalized weight for each particle (5):

w̃i
k = p

(
zk|x̂i

k

)
, (4)

wi
k = w̃i

k∑NP
i=1 w̃i

k

. (5)

Thus define a discrete distribution {wi
k: i = 1, . . . ,NP} over {x̂i

k: i = 1, . . . ,NP}, with probability mass wi
k associated with

element x̂i
k at time step k. The approximate posterior distribution, p̂(xk|z1:k), can be estimated as

p̂(xk|z1:k) =
NP∑
i=1

wi
kδ

(
xk − x̂i

k

)
. (6)

(iv) Resample. Resample the discrete distribution {wi
k: i = 1, . . . ,NP} NP times to generate particles {x j

k: j = 1, . . . ,NP}, so

that for any j, Pr{x j
k = x̂i

k} = wi
k . Set the weights wi

k to 1
NP , i = 1, . . . ,NP, and move to stage (ii).

The resampling step reduces the effects of degeneracy [20], however, it introduces other practical problems. The particles
that have high weights are statistically selected many times. This leads to loss of diversity among the particles as the resul-
tant samples will contain many repeated points which results in sample impoverishment. Sample impoverishment leads to
failure in tracking since less diverse particles are used to represent the uncertain dynamics of the moving object. Especially,
when tracking a maneuvering target, whose position, velocity and acceleration vary quickly, serious sample impoverishment
occurs (all particles collapse to a single point within a few iterations) and the tracking algorithm fails. An effective method
is required to handle the sample impoverishment problem associated with maneuvering target tracking process.

2.2. Basic theory of Markov chain Monte Carlo process

Let M be a finite set and suppose that π(m) is a probability distribution on M from which we wish to draw samples.
The Metropolis–Hastings (MH) algorithm [21] is a widely used procedure for drawing approximate samples from π , which
works by finding a Markov chain on M with π as stationary distribution and using the well-known fact that after running
the chain for a long time it is approximately distributed as π . The pseudocode for the MH algorithm in this context is as
follows [22].

Metropolis–Hastings algorithm. Start with an arbitrary initial configuration m0, then iterate for τ = 0, . . . , B + J , where B
is the length of burn-in period and J is the number of MCMC iterations.

(1) Propose a new assignment m′ by sampling from the proposal density function Q (m′;mτ ).
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(2) Sample ρ ∼ U (0,1), where U (0,1) is a uniform distribution in the interval (0,1).

(3) Calculate the acceptance ratio,

a = π(m′)
π(mτ )

Q (mτ ;m′)
Q (m′;mτ )

. (7)

(4) If ρ � min{1,a}, then accept move:

mτ+1 = m′, (8)

else reject move:

mτ+1 = mτ . (9)

It is a standard practice to discard a number of initial “burn-in” samples, say B of them, to allow the MH algorithm to
converge to a stationary distribution. In the proposed algorithm, the target distribution π(m) is chosen as the approximate
posterior distribution p̂(xk|z1:k) and at each time step k, the MH algorithm is used to generate a set of samples from
p̂(xk|z1:k).

3. Interacting MCMC particle filter

The resample-move method [19] diversifies particles after resampling, which can reduce sample impoverishment but
could not avoid it absolutely. The introduction of MCMC to improve importance sampling suggests that MCMC alone could
be used to obtain a particle filter that can effectively handle the sample impoverishment problem.

For the traditional MCMC sampling method [19], it is very slow to converge to the target posterior distribution. During
the MCMC move iterations, each particle is propagated based on its previous states and the trajectory of each particle is de-
veloped independently, neglecting the information from other particles. It is reasonable that incorporating the neighborhood
particles’ information accelerates the convergence of the MCMC algorithm. For example, when several people search for a
piece of gold in a wide area concurrently, each person looks for the gold depending on not only his previous experience but
also the information from his partners (where the gold may appear most probably), and adjust the search strategy accord-
ingly. The particle swarm algorithm finds optimal regions of complex search spaces through the interaction of individuals in
a population of particles. In the proposed interacting MCMC sampling algorithm, during the MCMC iterations, each particle
is propagated based on not only the past information but the information from other particles as well. The proposed algo-
rithm is named as interacting MCMC particle filter since it incorporates the interaction of the particles in contrast with the
traditional MCMC based particle filter.

It is well known that all numerical integration approaches perform better when correlation among the components is
low. In particular, MCMC algorithm converges rapidly. In the interacting MCMC particle filter method, at each time step the
introduction of the interaction of particles reduces the correlation among one particle’s history states, which speeds up the
MCMC convergence rate.

The basic theory of particle swarm algorithm is introduced in Section 3.1, and the proposed interacting MCMC particle
filter algorithm is presented in Section 3.2.

3.1. Particle swarm algorithm

Particle swarm adaptation has been shown to successfully optimize a wide range of functions [23–25]. The algorithm,
which is based on a metaphor of social interaction, searches a space by adjusting the trajectories of individual vectors, called
“particles” as they are conceptualized as moving points in multidimensional space. Each particle is drawn stochastically
toward the position of its own previous best performance, pBi , and the position of the best previous performance of its
neighbors, g B , where i denotes the ith particle. The algorithm in pseudocode follows [26].

Particle swarm algorithm.

(1) Initialize population.

(2) Do,
for i = 1 to Population Size,

V i = V i + ϕ1(pBi − Si) + ϕ2(g B − Si), (10)

Si = Si + V i . (11)

Next i
Until termination criterion is met.
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Si represents the state vector of the ith particle, and V i denotes the velocity of Si . The variables ϕ1 and ϕ2 are random
positive numbers, drawn from a uniform distribution and defined by an upper limit ϕmax, which is a parameter of the
system.

3.2. Interacting MCMC particle filter algorithm

Here a different Monte Carlo approximation of the target posterior distribution, in terms of unweighted samples, is
proposed based on the interacting MCMC sampling method. In particular, the posterior distribution p(xk−1|z1:k−1) at time
k − 1 is represented as a set of NP unweighted samples p(xk−1|z1:k−1) ≈ {xi

k−1}NP
i=1. According to the Bayesian theory, the

posterior filtering distribution at time step k, p(xk|z1:k), can be represented as

p(xk|z1:k) ≈ c · p(zk|xk)

∫
p(xk|xk−1)p(xk−1|z1:k−1)dxk−1, (12)

where c is a constant. Instead of importance sampling, interacting MCMC is used to sample from (12) at each time step.
The sampling procedure results in an unweighted particle approximation for the posterior distribution p(xk|z1:k) ≈ {xi

k}NP
i=1.

In the proposed interacting MCMC particle filter algorithm, at each time step, the particles are propagated based on
the dynamic model to obtain the predicted particles. The predicted particles are then chosen as the starting points in the
following interacting MCMC sampling procedure. During the interacting MCMC iterations, the proposal function based on
the particle swarm algorithm is used to generate a set of samples from the target posterior distribution. The algorithm steps
are listed in the following.

Interacting MCMC particle filter algorithm.

(i) Initialization. Sample xi
0 from the prior distribution p(x0) and set the weights wi

0 to 1
NP , i = 1, . . . ,NP.

(ii) Prediction. Each particle is passed through the system model to obtain the predicted particles:

x̂i
k = f

(
xi

k−1, vi
k−1

)
, (13)

where vi
k−1 is a sample drawn from the probability density function of the system noise pv(v).

(iii) Update. Once the observation data, zk , is measured, evaluate the importance weight of each predicted particle in (14)

and obtain the normalized weight for each particle as in (15),

w̃i
k = wi

k−1 p
(
zk|x̂i

k

)
, (14)

wi
k = w̃i

k∑N
i=1 w̃i

k

. (15)

Thus define a discrete distribution {wi
k: i = 1, . . . ,NP} over {x̂i

k: i = 1, . . . ,NP}, with probability mass wi
k associated with

element x̂i
k at time step k. The approximate posterior distribution, p̂(xk|z1:k), can be estimated as

p̂(xk|z1:k) =
NP∑
i=1

wi
kδ

(
x − x̂i

k

)
. (16)

(iv) Interacting MCMC move. For each predicted particle x̂i
k, i = 1, . . . ,NP, repeat B + J times (B is the length of burn-in

period and J is the number of MCMC iterations):

(1) Initialization, set

τ = 0, (17)

χ i
k,0 = x̂i

k, (18)

V i
k,0 = 0, (19)

ξ i
k,0 = wi

k, (20)

where τ denotes the τ th MCMC iteration.
(2) Search among the weights {ξ i

k,τ , i = 1, . . . ,NP} to obtain the largest weight, and identify the particle corresponding

to the largest weight, g Bk,τ . For each specific particle χ i
k,τ , search among its history weights, {ξ i

k,λ
, λ = 0, . . . , τ } and

obtain the particle with the largest weight, pBi .
k,τ



566 L. Jing, P. Vadakkepat / Digital Signal Processing 20 (2010) 561–574
(3) For each particle χ i
k,τ , calculate its velocity V i

k,τ+1 (21), and then propagate it to the next position (22),

V i
k,τ+1 = V i

k,τ + ϕ1 × (
g Bk,τ − χ i

k,τ

) + ϕ1 × (
pBi

k,τ − χ i
k,τ

)
, (21)

χ̂ i
k,τ+1 = χ i

k,τ + V i
k,τ+1. (22)

(4) Sample ρ ∼ U (0,1), where U (0,1) is a uniform distribution in the interval (0,1).
(5) Calculate the acceptance ratio,

a = p̂(χ̂ i
k,τ+1|z1:k)

p̂(χ i
k,τ |z1:k)

Q (χ i
k,τ ; χ̂ i

k,τ+1)

Q (χ̂ i
k,τ+1;χ i

k,τ )
. (23)

(6) If ρ � min{1,a}, then accept move:

χ i
k,τ+1 = χ̂ i

k,τ+1, (24)

else reject move:

χ i
k,τ+1 = χ i

k,τ . (25)

(7) Calculate the weight of each particle:

ξ i
k,τ+1 = p

(
zk|χ i

k,τ+1

)
. (26)

(8) τ = τ + 1, then move to step (2).

Finally, obtain the resampled particles,

xi
k = χ i

k,B+M , i = 1, . . . ,NP, (27)

and set the weights wi
k to 1

NP , i = 1, . . . ,NP, then move to the prediction stage (ii).

4. Simulation results and analysis

The conventional MCMC based particle filter (resample-move algorithm) and interacting MCMC particle filter are com-
pared in the following two examples: a robot equipped with sonar tracks a maneuvering target and a radar tracks an aircraft
performing coordinated turn. In the first example, the dynamic model of the maneuvering target is represented as

Xk = Φ Xk−1 + Γ
[
ak−1 + mk−1(s, t)

]
, (28)

where Xk = [px,vx,py,vy]T
k is the state vector; px and vx are respectively the position and velocity of the moving object

along the Cartesian frame x axis; and, py, vy along the y axis. mk−1(s, t) is the maneuver-induced acceleration. s and t are
the start and end times of the maneuver. ak−1 accounts for the random acceleration of the target. The transition matrix Φ

represents the dynamic characteristics of the target. Γ is a unity matrix.
The robot installed with one sonar sensor is positioned at the origin of the plane. The measurement equation is as

follows:

Zk = h(Xk) + nk, (29)

where Zk = [z1, z2]k is the observation vector. z1 is the distance between the robot and moving object, and z2 is the bearing
angle. The measurement noise nk = [nz1 ,nz2 ]k is a zero mean Gaussian white noise process with variance R: E[nk n j] = Rδkj ,
where

R =
[

σ 2
z1

0
0 σ 2

z2

]
. (30)

Eq. (29) is expanded as follows:

z1,k =
√

(pxk − xR)2 + (pyk − yR)2 + nz1,k, (31)

z2,k = tan−1
(

pyk − yR

pxk − xR

)
+ nz2,k. (32)

Eq. (31) describes the changing distance between the robot and moving object. (xR , yR) is the position of the robot in
Cartesian coordinates and the robot is assumed to be at the origin of the plane. Eq. (32) describes the object’s changing
bearing angle.
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Table 1
Simulation parameters.

Simulation parameter Value

Number of particles 200
The variance matrix Q of process noise diag{1 1 1 1}4×4

The variance matrix R of observation noise diag{0.1 0.01}2×2

ϕmax (the upper limit of parameters ϕ1 and ϕ2 in particle swarm) 2

Fig. 1. MCMC based particle filter: tracking trajectory of ground target.

Fig. 2. Interacting MCMC particle filter: tracking trajectory of ground target.

Remark. In this example, the target considered executes a three-leg maneuvering sequence: constant velocity, left turn,
right turn, and constant velocity.

It is assumed that the dynamic model of the maneuvering target (28) is unknown and a simple motion model (33) is
adopted in the two algorithms that are being compared. The simulation parameters are listed in Table 1;
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Table 2
Performance comparison for robot tracking case.

MCMC iteration number RMSE (m) TLR (%) ET (s)

MCMC based PF 5 0.4243 52 0.15
Interacting MCMC PF 5 0.3318 0 0.2

Fig. 3. MCMC based particle filter for ground target tracking: RMSE at each time step.

Xk = Φ Xk−1 + vk−1. (33)

The tracking trajectory of one successful realization performed by the two algorithms respectively are shown in Figs. 1
and 2. One hundred Monte Carlo simulations are carried out. The simulation comparison between the two algorithms is
presented as Root Mean Square Error (RMSE) in position (Table 2). It can be seen that the interacting MCMC particle filter
gained superior tracking performance than the MCMC based particle filter at the same MCMC iteration number. Also the
RMSE for each time is presented in Figs. 3 and 4. The definition of RMSEs can be found in [12].

Remark. The performance of the methods is also compared via the tracking loss rate (TLR) and the executing time (ET),
which are listed in Table 2. The tracking loss rate (TLR) is defined as the ratio of the number of simulations, in which the
target is lost in track, to the total number of simulations carried out. The executing time (ET) is the CPU time needed to
execute one time step in MATLAB 7.1 on a 3 GHz (Mobile) Pentium IV operating under Windows 2000.

From Table 2, it can be seen that the interacting MCMC particle filter (with tracking loss rate 0%) is robust than the
MCMC based particle filter (with tracking loss rate 52%). This verifies that the interacting MCMC particle filter is capable
of avoiding sample impoverishment, which increases the robustness of the algorithm. Figs. 5–8 show the failure tracking
process performed by MCMC based particle filter algorithm. When sample impoverishment began at time step 50 (Fig. 8,
all the particles were assigned with zero weights), the x and y tracking trajectory started to diverge at time step 50 (Figs. 6
and 7). It can be concluded that the failure of the tracking is due to sample impoverishment.

The example above is basically designed for tracking systems in which the filters are uncoupled such that, for instance,
tracking in the x and y directions are independent. In reality, typical target maneuvers, such as an aircraft perform-
ing a coordinated turn, produce motion that is highly correlated across the tracking directions. In the second example,
a track-while-scan (TWS) radar tracking an aircraft performing coordinated turn is studied. A coordinated turn model
is:

pxk+1 = pxk + sinωT

ω
vxk − 1 − cosωT

ω
v yk, (34)

pyk+1 = pyk + 1 − cosωT
vxk + sinωT

v yk, (35)

ω ω
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Fig. 4. Interacting MCMC particle filter for ground target tracking: RMSE at each time step.

Fig. 5. MCMC based particle filter: failure tracking trajectory.

vxk+1 = vxk cosωT − v yk sinωT , (36)

v yk+1 = vxk sinωT + v yk cosωT , (37)

where ω denotes the turn rate in radians per second and T denotes the sampling interval.
The measurement equations of the TWS radar are similar to those used in the first example.
In this example, an aircraft executing a three leg maneuvering coordinated turn: constant velocity, 3 × g turn, −3 × g

turn, and finally at constant velocity, is considered. The initial velocity is 75 m/s. No models and transition probability
matrix are assumed.
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Fig. 6. MCMC based particle filter: failure tracking trajectory (position x).

Fig. 7. MCMC based particle filter: failure tracking trajectory (position y).

Table 3
Performance comparison for aircraft tracking case.

MCMC iteration number RMSE (m) TLR (%) ET (s)

MCMC based PF 5 34.5923 37 0.18
Interacting MCMC PF 5 18.0255 0 0.3

The tracking trajectory of the maneuvering aircraft performed by the two algorithms respectively are shown in Figs. 9
and 10. One hundred Monte Carlo simulations are carried out. The simulation comparison between the two algorithms is
presented in Table 3. Also the RMSE for each time step is presented in Figs. 11 and 12. From Table 3, it can be observed
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Fig. 8. MCMC based particle filter: failure tracking (weight).

Fig. 9. MCMC based particle filter: tracking trajectory of an aircraft.

that the interacting MCMC particle filter gained superior tracking performance than the MCMC based particle filter both in
accuracy and robustness.

5. Conclusions

Particle filter algorithm is used widely in the application of maneuvering target tracking. However, the standard particle
filter may fail due to sample impoverishment when tracking wide variation in maneuvering movements. In this paper, a new
method, named as interacting MCMC particle filter, is proposed to handle the sample impoverishment problem. The particles
are sampled from the target posterior distribution via direct interacting MCMC sampling method, which avoids sample
impoverishment and increases the robustness of the algorithm. Moreover, the interacting MCMC particle filter algorithm



572 L. Jing, P. Vadakkepat / Digital Signal Processing 20 (2010) 561–574
Fig. 10. Interacting MCMC particle filter: tracking trajectory of an aircraft.

Fig. 11. MCMC based particle filter for aircraft tracking: RMSE at each time step.

accelerates the MCMC convergence rate. Inspired by the particle swarm algorithm, the proposed algorithm propagates each
particle based on both its history information and the information from other particles. As a consequence, the particles are
herded to the area with high posterior distribution density much faster than the traditional MCMC move. The interacting
MCMC particle filter is compared with the conventional MCMC based particle filter in two synthetic examples: a robot
equipped with sonar tracks a maneuvering target and a radar tracks an aircraft performing coordinated turn. The simulation
results show that the interacting MCMC particle filter gains superior tracking performance than the conventional MCMC
based particle filter both in accuracy and robustness.
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Fig. 12. Interacting MCMC particle filter for aircraft tracking: RMSE at each time step.
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