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Abstract—A conventional dynamic target tracking algo-
rithm can be divided into two steps. A previous estimate is
propagated to current scan by using pre-designed dynamic
model in the prediction step and the predicted estimate is
corrected by using the current measurement in the update
step sequentially. To reduce the prediction errors, one has
to carefully choose the dynamic model carefully. However,
exact target dynamic model is rarely known a priori.
Multiple models filters which use several dynamic models
present a solution. Interacting Multiple Models (IMM)
filter calculates the state estimates and model probabilities
for each model. In the interacting step of the IMM filter,
the model estimates are mixed using the model transition
matrix and the model probabilities. The elements of the
model transition matrix are usually constant. This can
cause performance degradation for target tracking with
variable sampling periods or asynchronous multi sensor
systems. We propose an adaptive model transition matrix
which adjusts its elements based on variable time interval.

Keywords—Maneuvering target tracking, Model transi-
tion matrix, Variable sampling time

I. INTRODUCTION

Target tracking filters are used in important appli-
cations including unmanned vehicle control, air traffic
service, satellite localization and military surveillance.
To apply tracking filters to estimate dynamic targets,
dynamic propagation models are necessary. Unexpected
target maneuvers make this a nontrivial exercise.

Q-compensation methods and filter gain compensa-
tion algorithms were proposed for maneuvering target
tracking with input estimations and multiple model
filters. [1], [2] The Interacting Multiple Models Filter
(IMMF) contains the interacting/mixing step to ap-
proximate the effects of trajectory model switching at
sampling times. [3] To improve efficiency of the IMMF,
variable structure IMMF (VSIMMF) and activation only
VSIMMF (AO-VSIMMF) are proposed in [4] and [5]
separately. IMM is combined with the probabilistic data
association(IMMPDA) for maneuvering target tracking
in clutter [6], [7].
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In IMM based algorithms, a model transition matrix
specifies the probability of trajectory model change.
The elements of model transition matrix are usually
constants determined somewhat heuristically. In [3] [8],
they are calculated as a function of mean sojourn time.

Smart sensors (e.g. electronically steered antenna
radars) [9] dynamically prioritize track updates. As a
result, each track gets updatead at random intervals.

Multi-sensor data fusion techniques enhance tracking
accuracy. [6] For example, utilizing multiple passive
sensors which measure relative bearings only improves
observability of target localization. [10] In centralized
data fusion, a fusion center may operate tracking filter
by applying the measurements sequentially for asyn-
chronous multi-sensors. The sampling interval at the
fusion center and the period of prediction may not be
constant specially in the case of asynchronous sensors.
Thus, the fixed elements of the model transition matrix
can degrade the IMMF performance for variable sam-
pling time environments.

In this paper, we propose an adaptive model transition
matrix to improve the performance of IMM based algo-
rithms. Based on pre-designed model transition matrix
at a specific time interval, proposed method adjusts the
element of the model transition matrix as a function
of sampling period. We present the IMMF with three
models as a case study.

The problem statement is presented in Section II. The
role of the model transition matrix of the IMMF algo-
rithm is described in Section III. Section IV presents
adaptive model transition method. The proposed method
is evaluated using simulation studies in Section V
followed by concluding remarks in Section VI.

II. PROBLEM STATEMENT

We consider maneuvering target tracking using the
IMM based algorithms for variable sampling times.

A. State vector
For reason of clarity, we consider a state vector xk

that is composed of position and velocity vectors in
2-dimentional Cartesian coordinate system. This can



ii

be generalized easily. The target state vector is

xk = (xk yk ẋk ẏk)
T (1)

where superscript T denotes the matrix transpose
symbol. Index k is assigned to a continuous time
instant tk, and sampling time from tk−1 to tk is
denoted by Tk.

B. Dynamic / Measurement equation
A maneuvering target may follow one of r possible

target models, e.g. nearly constant velocity model for
non-maneuvering case and constant turn rate model
for maneuvering case. A general multiple models
dynamic equation is represented by a hybrid system
which consists continuous-valued trajectory state and a
discrete of the model index σ. The dynamic equation
at time k is

xk = f (xk−1, σk) + wk−1, (2)

where f (·) denotes the state propagation function
and the plant noise sequence wk is a zero mean
and white Gaussian sequence with covariance matrix
Qk(σk), and is not correlated with any measurement
noise sequence. indicates trajectory model during
sampling period (tk−1, tk) and it assume that a target
follows only one of possible models in that interval.

Measurement at time k can be modeled as a function
of state vector expressed as

zk = h(xk) + vk, (3)

where the measurement function is denoted by
h(·). The measurement noise vk is assumed to be
a zero mean and white Gaussian sequence with
covariance matrix Rk.

Resolution of the sensor is assumed to be infinite and
the existence of clutter measurements is not considered
in this paper.

C. Model probability and Model transition probability
µσk

k denotes the probability that target follows σk
model in time interval (tk−1, tk). As the target motion
matches exactly one model

∑
σk

µσk

k = 1. (4)

The target trajectory models propagate as a Markov
chain, with the model transition probability

πσk,σk+1
≡ P{σk+1|σk}, (5)

where πσk,σk+1
denotes model transition probability

that the dynamic model of target is propagated from
σk to σk+1 thus

∑
σk+1

πσk,σk+1
= 1,∀σk (6)

III. ROLE OF MODEL TRANSITION MATRIX IN
INTERACTING MULTIPLE MODELS FILTER

Target state estimation of each possible model among
the r filters of the IMMF is performed. Each model-
matched filter is designed to generate state estimate
vector, error covariance matrix and model probability.
The pdf of the estimator is approximated by a Gaussian
mixture of pdfs with the relative weights µσk

k of the r
filters.

The IMMF algorithm has four steps: interacting step,
prediction step, update step and model probability up-
date. The estimates of model-matched filters are mixed
by using a combination of all the previous model-
conditioned estimates in the interacting step. In the other
steps, the filters may operate in parallel.

To highlight the role of the model transition matrix,
the interacting step and model probability update step
are considered in this section. Detailed derivations and
equations for the other steps of the IMMF are described
in [3].

The model probability that the target follows
trajectory model σk at scan k using information l
is denoted by µσk

k|l. The model transition matrix is
composed of the model transition probabilities (5). The
model transition matrix is

Π =

π11 · · · π1r

...
. . .

...
πr1 · · · πrr

 (7)

In the interacting step, a predicted(prior) model
probability of σk model at k scan is calculated by

µσk

k|k−1 =
∑
σk−1

πσk−1σk
µ
σk−1

k−1|k−1 (8)
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where µ
σk−1

k−1|k−1 is the posterior model probability of
model σk−1 at k− 1 and the a priori model probability
of model σk at k is denoted by µσk

k|k−1. Mixing

probabilities are denoted by µσk|σk−1

k|k−1 and equal

µ
σk|σk−1

k|k−1 =
πσk−1σk

µ
σk−1

k−1|k−1

µσk

k|k−1

. (9)

The mixed state vector and the corresponding error
covariance matrix are calculated using the posterior
estimates at k−1 of the model-matched filters and their
mixing probabilities (9). The mixed state estimates at
k − 1 are presented in (10) and (12) respectively.

x̂
0σk−1

k−1|k−1 =
∑
σk−1

µ
σk|σk−1

k|k−1 x̂
σk−1

k−1|k−1 (10)

Aσk−1
= P

σk−1

k−1|k−1 +
(
x̂
σk−1

k−1|k−1

)(
x̂
σk−1

k−1|k−1

)T
(11)

P
0σk−1

k−1|k−1 =−
(
x̂

0σk−1

k−1|k−1

)(
x̂

0σk−1

k−1|k−1

)T
+
∑
σk−1

µ
σk|σk−1

k|k−1 Aσk−1

(12)

where x̂
0σk−1

k−1|k−1 and P
0σk−1

k−1|k−1 are mixed state
estimate vector and the mixed error covariance matrix
of model σk−1 at k − 1.

After the mixing step, each model matched filter
proceeds to the prediction step and the update step in
parallel. Updated model probabilities equal

µσk

k|k =
Λσk

k µσk

k|k−1∑
σ Λσkµ

σ
k|k−1

(13)

where Λσk

k is the measurement likelihood corresponding
to the σk model matched filter.

The accuracy of the prior model probabilities and
the measurement likelihood functions are important for
maneuvering target tracking.

IV. ADAPTIVE MODEL TRANSITION MATRIX

There are three conditions for improving the
prediction estimate accuracy in the interacting step:

• Target should follow one of designed models.
• Target should not follow more than one dynamic

model during sampling period (tk−1, tk).

• Model transition matrix is determined reasonably
for the target motion scenario.

Increasing dynamic model diversity of the IMMF
enough to cover all possible target motions can satisfy
the first condition. The number of models is chosen
carefully because overfull model selection can cause
computational overload and degraded performance by
unnecessary model competition. For the second condi-
tion, decreasing sampling time of the sensor is recom-
mended. It is hard to handle the third condition because
the trajectory of target is rarely known a priori. Hence,
the elements of the model transition matrix are generally
selected and fixed by experiments.

However, it can cause performance degradation for
variable sampling times because the time-independent
model transition matrix is not suitable for time-varying
situations. For example, if the time interval between
sequential measurements is too short, the probability
that target model is changed from one to another during
the period is very low: the model transition matrix
should approximate the identity matrix. On the other
hand, the model transition matrix should deviate from
the identity matrix when the period is not too short.

Fig. 1. Two asynchronous sensors with variable sampling times

Figure 1 presents a centralized fusion system with
two asynchronous sensors. Sensor A transmits its mea-
surement to the fusion center at {t1, t3, t5} ,and Sensor
B transmits its measurement to the fusion center at
{t2, t4, t6}. Although each sensor has a constant sam-
pling time, the measurement receiving periods of the
fusion center are variable denoted by Tshort and Tlong
in Figure 1. The model transition matrix should take
into account these variable sampling periods.

In [3], a mean sojourn time for each model is used.
For single sensor system with two dynamic models,
the model transition matrix using the sojourn time is
calculated by

Π =

(
p11 1− p11

1− p22 p22

)
where pii = 1−T

si
, i = 1, 2,

(14)

where s1 and s2 denote the mean sojourn time
of model 1 and model 2 respectively.
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In practice, one sensor can have a variable sam-
pling time due to sensor resource management. [9] The
measurements are received asynchronously in multiple-
sensor systems.

We propose a time dependent model transition
matrix for the IMM based algorithm with variable
measurement times. Proposed method utilizes ΠD

that denotes a pre-designed model transition matrix
designed for a specific time interval tD. If the IMM
based algorithm uses r models then

ΠD =

p11 · · · p1r

...
. . .

...
pr1 · · · prr

 , (15)

where pij denotes model transition probability
for time interval tD that the target dynamic model is
changed from i to j.

The adaptive model transition matrix is the function
of time interval between the current measurement
time and the previous measurement time. If the time
interval becomes zero, the model transition matrix
becomes identity matrix. Also the model transition
matrix becomes to equal to ΠD when the time interval
equal to tD

lim
t→0

Π(t) = Ir, (16)

Π(t)|t→tD = ΠD, (17)

where Π(t) denotes an adaptive model transition matrix
and Ir denotes the identity matrix with dimension r.
Using the above relations, the non-diagonal elements
of proposed adaptive model transition matrix Π(t)
which are denoted by qij are calculated by

qij =
t

tD
pij , i 6= j, (18)

Π(t) =

q11 · · · q1r

...
. . .

...
qr1 · · · qrr

 , (19)

where t is the variable time interval. (18) is based on
the assumption that the model transition probability is
linearly related with the time interval. The summation
of model transition probabilities in a row of the model

transition matrix equals to one. It can be divided into
two terms: a diagonal element and sum of the others
such that

r∑
i=1

qij = qii +

r∑
i=1i6=j

qij = 1. (20)

Using (20), the diagonal element of the adaptive
model transition matrix is derived as the function of
diagonal element in pre-designed model transition
matrix

qii = 1− t

tD

r∑
i=1,i6=j

pij ,

= 1− t

tD
(1− pij)) .

(21)

This is summarized by

qij =

{
1− t

tD
(1− pij)) , if i = j.

t
tD
pij , otherwise.

(22)

As the proposed method is compared with mean
sojourn time method, proposed method uses the model
transition matrix adapted to the specific time interval
whereas the method using (14) utilizes the mean
sojourn time. Since it is hard to know mean sojourn
time of target for overall time a priori, the proposed
algorithm provides a practical solution for determining
the model transition matrix. Possible sampling period
for (14) is from 0 to mean sojourn time and time
interval for the proposed method is bounded between 0
and tD

(1−pii) for satisfying that the probability is limited
between 0 and 1

0 ≤ t ≤ tD
(1− pii)

. (23)

In this paper, we describe the adaptive model tran-
sition matrix under the assumption that the model
transition probability is linearly dependent on the sam-
pling. However, our future work will be focused on
nonlinearly time dependent model using an exponential
form. Moreover, the proposed algorithm can be applied
on VSIMM as well as AO-VSIMM for improving com-
putational efficiency of maneuvering target tracking.
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V. SIMULATION

The simulation scenario is illustrated in Figure 2. We
consider a two dimensional surveillance situation. The
scenario lasts 1800s and the simulation statistics are
accumulated over 1000 simulation runs.

The dynamic equations for the scenario are assumed
to be linear. During the simulation period, target and
sensors may follow one of three dynamic models; a
nearly constant velocity (CV) model and two nearly
constant turn rate (CTR) models with different turn rate.
Initial target bearing and target to sensor 1 distance are
50◦ and 12km respectively.

State transition matrices at time k for CV model
and two CTR models are obtained by (25) and (26)
respectively. Ω

(i)
k is turn rate of model i .

f (xk−1, σk) = Φ(σk)xk−1 (24)

Φ(σk = 1) =

1 0 T 0
0 1 0 T
0 0 1 0
0 0 0 1

 (25)

Φ(σk = i) =


1 0

sin(Ω
(i)
k T )

Ω
(i)
k

0

0 1 0
−(1−cos(Ω

(i)
k T ))

Ω
(i)
k

0 0 cos(Ω
(i)
k T ) − sin(Ω

(i)
k T )

0 0 sin(Ω
(i)
k T ) cos(Ω

(i)
k T )


, i = 2, 3

(26)

Fig. 2. Target and observer trajectories for experiment

The target approaches the sensors until 1036s and
then moves away from the sensors. Table I shows the
target maneuver periods and corresponding turn rates.
The target moves with a constant speed of 7m/s in the
periods not specified in Table I.

The sensor system consists of two asynchronous
sensors that measure relative bearing information only.
The nonlinear measurement function from (3) is

TABLE I. TARGET MANEUVER

Index Maneuvering Maneuver type
Time [s] (|Ωk| = 0.2◦/s)

1 600 ∼ 750 Clockwise
2 900 ∼ 1050 Clockwise
3 1300 ∼ 1400 Counter Clockwise

TABLE II. SENSOR 1 MANEUVER

Index Maneuvering Maneuver type
Time [s] (|Ωk| = 0.9◦/s)

1 280 ∼ 380 Counter Clockwise
2 580 ∼ 680 Clockwise
3 980 ∼ 1080 Counter Clockwise
4 1280 ∼ 1380 Clockwise

h(xk) = tan−1(
xk − xsk
yk − ysk

) (27)

where xsk and ysk are position information of sensor s
at time k.

Due to the nature of bearing only tracking, the sensors
need to perform maneuver to ensure observability [11].
The distance between two sensors is 100m and sensor
2 follows the trajectory of sensor 1. Sensor 1 maneuver
periods and corresponding turn rates are depicted on
Table II. Sensor 1 moves uniformly in the period not
specified in Table II. In this case, the distance between
two sensors is too short to perform target localization
using triangulation. The sensors move with a constant
speed of 5m/s.

The sampling period of each sensor equals 10s and
the fusion center receives the measurements with the
variable sampling time described in Figure 1. The short
term is 0.5s and the long term is 9.5s. The standard
deviation of measurement noise is 0.1◦.

For target localization with bearing only tracking, an
initial estimate is important for sequential estimators.
In this simulation, we assume that initial target state
vector is approximately known. The initial estimation
of target state vector is set to the true target position
with additional random noise. The additional random
noise is normally distributed with zero-mean and the
standard deviations for position and velocity component
are 100m and 1m/s, respectively.

Three dynamic models are used for the IMM
estimator. The first model is a nearly constant velocity
model. The second and the third model are nearly
constant coordinate turn models with the turn rate of
0.2◦/s and −0.2◦/s respectively. We compare the
following:
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• Case 1: ΠLong denotes the model transition ma-
trix for the long term period case. To consider the
model changes, the probabilities of model change
are bigger than those of Case 2 defined below. The
elements of ΠLong are constant and

ΠLong =

πl11 πl12 πl13

πl21 πl22 πl23

πl31 πl32 πl33

 6= I3.

where πlij =

{
0.99, if i = j

0.005, otherwise

(28)

• Case 2: The model transition matrix for the short
term period case is denoted by ΠShort. The
probabilities that current model does not change
are high. The elements of ΠShort are constant and

ΠShort =

(
πs11 πs12 πs13
πs21 πs22 πs23
πs31 πs32 πs33

)
≈ I3.

where πsij =

{
0.99999, if i = j

5× 10−6, otherwise

(29)

• Case 3: The adaptive model transition matrix is
used, and is represented in (19). tD = 20s and
the elements of ΠD are

pij =

{
0.99, if i = j.

0.005 otherwise.
(30)

As the sampling time at the fusion center is
variable, the adaptive model transition matrix
can be obtained by (22).

The position and velocity root mean square errors
over time are presented in Figure 3 and Figure 4
respectively. The average estimated probability of true
dynamic model over time is presented in Figure 5.

Fig. 3. Position root mean square errors bound

Fig. 4. Velocity root mean square errors bound

Fig. 5. Avarage of estimated model probability for target dynamic

In this scenario, Case 1 has relatively bigger errors
than the others for non-maneuvering periods as shown
in Figure 3 and Figure 4. The transition matrix of Case
1 designed to be suitable for the long-term maneuvers
activates model transition even for the short-term non-
maneuvering periods so that it prevents settling down
of the model probabilities in these periods as shown in
Figure 5.

The estimation errors of Case 2 are smaller than
that of Case 1 in general. However, these errors appear
to have big peaks during the maneuvering periods as
shown in Figure 3 and Figure 4. This is due to the
fact that the model transition matrix for Case 2 is
designed to be suitable for short-term maneuvers thus
it generates lags the model change which results in
increased estimation errors.

In Figure 3 and Figure 4, the proposed method Case
3 performs similar to Case 1 during the maneuvering
periods and Case 2 for the non-maneuvering periods.
Also, Case 3 delivers the lowest error bound after 1000
s. In Figure 5, the average probability of model which
matches the true target model of Case 3 is higher than
that of Case 1 and the rise times that indicate how fast
it adjust to the model change are shorter than that of
Case 2.

VI. CONCLUSIONS

This paper presents an approach to determine
the adaptive model transition matrix for the IMM
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based estimator with variable sampling periods. From
simulation results, the proposed algorithm is shown to
have a better performance than the case of the fixed
model transition matrix.
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