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Abstract—For the purpose of tracking maneuverable targets
and estimating the maneuver mode, a multiple model filter
similar to the interacting multiple model (IMM) filter is used.
The dependency of the mode transition probabilities on the state
is taken into account. By the use of the information about the
mode that is contained in the target state, a faster convergence
of the mode estimate to the true value is achieved. The use of
sophisticated transition models is especially helpful when more
than two modes are concerned. For this case, new difference of
Gaussians transition functions are introduced. The approach is
applied to acceleration dependent mode transitions in a scenario
with a constant velocity mode and multiple coordinated turn
modes with different turn rates.

I. INTRODUCTION

The multiple model approach [1] assumes the existence
of a finite set of possible dynamic models for a target. The
dynamic model which is in effect is not directly observable.
Hence it is modeled as a random variable, which is called the
mode. It is often assumed that the mode random variable is a
time-homogeneous Markov chain. For a constant probability
Markov chain transition model, the IMM filter is an approxi-
mate solution to the multiple model problem [2], [3].
A good estimate of the mode is useful in multiple ways. The
estimation error in the target track is reduced by choosing
the optimal dynamic model among the models concerned.
In addition, the estimate of the mode has a role in higher
level information processing. For example, it may be used for
classification of targets in air traffic control. The observation
of a high acceleration maneuver may help to determine the
type of an aircraft [4].
Mode transition probabilities may be modeled as sojourn
time dependent [5]–[7]. This leads to semi-Markov models.
Without taking longer histories into account, mode transition
probabilities that depend on the state of the target are studied
in this contribution. Stochastic guard conditions may be used
to describe mode transitions for target positions close to
fixed points in space [8]. State dependent mode transition
probabilities have been used to track move-stop-move targets
with GMTI radar [9]. A transition model for more than two
modes and the application to acceleration dependent maneuver
detection have been developed by the authors [10]. In this

contribution, a different approach is taken for more than two
modes. A new transition function consisting of differences
of scaled Gaussian densities is introduced and shown to be
helpful in the detection of a maneuver of medium magnitude.
This task is especially difficult, because such a maneuver has
to be distinguished from both lower and higher magnitude
maneuvers.
The use of state dependent mode transition probabilities is an
approach that allows one to model the relationship between
the target state and the mode. Information contained in the
target state about the mode may thus be more effectively used
to estimate the mode. This is due to the feedback loop that is
effectively created.
Assumptions made in the modeling fit well into the Bayesian
framework. The task of choosing the transition functions for
a state dependent filter is more complex than that of choosing
constant transition probabilities for the standard IMM, but the
parameters are more clearly physically motivated. An applica-
tion to acceleration dependent mode transitions is presented.
The developed approach is compared to the IMM filter in a
simulated scenario.

II. PROBLEM FORMULATION

The kinematic state of the target is given by a vector xk

at time tk. A set of r dynamic models describe possible
evolutions of the target state over time. The mode random
variable denotes which dynamic model is in effect. The fact
that the mode has value i in the interval of time (tk−1, tk] is
denoted as ik. The mode conditioned target dynamic is given
by a linear Gauss-Markov model

p(xk|xk−1, ik,Zk−1) = N
(
xk; Fikxk−1, Qik

)
. (1)

Measurements zk of the target state are collected in a time
series Zk = (z1, · · · , zk). The measurement model is assumed
to be linear with additive Gaussian noise

p(zk|xk,Zk−1) = N
(
zk; Hkxk, Rk

)
. (2)

The mode transition probabilities p(ik|xk−1, jk−1,Zk−1) are
assumed to be given by a suitable linear combination of
Gaussian densities. The three models are assumed to be



independent of past measurement data Zk−1. In this paper, an
estimate of the target state is obtained in the form of a standard
Gaussian mixture density p(x) =

∑r
ik=1 pik N

(
x; x̂ik , Pik

)
.

Similar to the IMM filter, a complexity that is constant over
time is achieved at the cost of a suboptimal quality of the
estimate.
The goal in the design of mode transition probabilities is to
have a high probability that the mode changes correctly. For
this discussion, the notation xi

k−1 is used for target states that
correspond to the mode ik−1. The goal is divided in subcases:
1. Correct mode estimates are kept. The probability for the

mode to stay the same is high if the target is in the
corresponding mode p(ik|xi

k−1, ik−1) ≈ 1.
2. Incorrect mode estimates are changed to correct ones. After

a mode change with ik ̸= jk−1, the transition probability
for a corresponding target state after the mode change is
high p(ik|xi

k−1, jk−1) ≈ 1.

The approach of this paper introduces a lag of one time step in
the second case. The target is not in a state corresponding to
mode i at the (k−1)th time step. The change could be detected
if the probability was conditioned on xi

k. Thus, the condition
may only hold one time step later. Given that convergence
to the right mode estimate takes several time steps, this is
negligible.

III. STATE DEPENDENT MODE TRANSITION MODEL

The proposed state dependent mode transition probabilities
lead to state estimates that are given by generalized Gaussian
mixtures defined for arbitrary, possibly negative weights.

p(x) =
N∑
j=1

pj N
(
x; x̂j , Pj

)
(3)

In order to be a probability density function, the weights
need to be normalized (sum up to one) and the function is
required to be non-negative for all x. Moment matching can
be performed as usual, because the covariance matrix of any
random vector is positive semi-definite.
For the transition probabilities, a scaling factor which scales
normal densities to a maximum value of one (in order to obtain
probabilities) is combined with a weighting factor

w∗
jk−1ik

= wjk−1ik |2πDjk−1ik |
1
2 (4)

where 0 ≤ wjk−1ik ≤ 1 for all indices. In the application
presented in this paper wjk−1ik = 1. A short notation

S
(
bjk−1ik ; Cjk−1ikxk−1, Djk−1ik

)
(5)

:= w∗
jk−1ik

N
(
bjk−1ik ; Cjk−1ikxk−1, Djk−1ik

)
(6)

is introduced for scaled, weighted Gaussians. The mode tran-
sition probabilities are defined as a function of the state by

p(ik|xk−1, jk−1,Zk−1) := (7)
S
(
bjk−1ik ; Cjk−1ikxk−1, Djk−1ik

)
, ik = r

−S
(
bjk−1i+1k ; Cjk−1i+1kxk−1, Djk−1i+1k

)
+S

(
bjk−1ik ; Cjk−1ikxk−1, Djk−1ik

)
, 1 < ik < r

1− S
(
bjk−1i+1k ; Cjk−1i+1kxk−1, Djk−1i+1k

)
, ik = 1

for a number of modes r ≥ 3. For a given previous mode
jk−1, summation over all possible modes at the next time
step ik leads to a telescopic cancellation of terms. For ik < r
each positively weighted Gaussian component of the transition
function to mode ik cancels with a negatively weighted Gaus-
sian term of the transition to (i+1)k. Thus the normalization
condition

∑
ik

p(ik|xk−1, jk−1,Zk−1) = 1 holds for all xk−1.
As an illustrative example, consider the case r = 3:

p(3k|·) + p(2k|·) + p(1k|·) = (8)

S
(
b·3k ; C·3k ·, D·3k

)
− S

(
b·3k ; C·3k ·, D·3k

)
+ S

(
b·2k ; C·2k ·, D·2k

)
+ 1− S

(
b·2k ; C·2k ·, D·2k

)
= 1.

Furthermore, all transition probabilities are required to be non-
negative 0 ≤ p(ik|xk−1, jk−1,Zk−1) ≤ 1, which has to be
ensured by choosing appropriate parameters in the design of
transition functions.
The definition for the transition probability density to a mode
ik, where 1 < ik < r, adds to previous work [10] new
transition probabilities that are differences of scaled Gaussian
densities. This creates a volcano-like shape for mode transition
functions that is very helpful in the design of transition func-
tions to medium magnitude maneuver modes. Fig. 1 displays
such a volcano-like shaped transition functions that has its
mass concentrated on a ring around a given point, offering
additional flexibility in addition to the hill- and valley-like
shapes of transition functions to the rth and the first mode,
respectively.
It is important to note that the transition functions for ik < r
are Gaussian mixtures with negative components. The negative
components of the transition functions need to be seen together
with the accompanying positive components, which ensures
that the probabilities are non-negative.

A. Acceleration Dependent Mode Transition Probabilities

The mode transition model is discussed in an example
using accelerated motions of varying magnitude and a constant
velocity motion. If a target’s mode estimate corresponds to a
highly accelerated motion, with a state estimate indicating a
low acceleration, it may be assumed that the target already
left the accelerated mode. Thus a high transition probability
to a mode with lower acceleration should be used in the filter.
Depending on how low the actual state estimate is, a mode
corresponding to lower accelerations may be chosen, or even
the constant velocity mode for very low acceleration estimates.
Vice versa, if the acceleration estimate is high, it is unlikely
that the mode is left. For a target that previously performed
a maneuver of medium acceleration magnitude and thus is
estimated to be in a corresponding mode, a transition prob-
ability to a mode corresponding to high accelerations should
be chosen, if the state estimate indicates high accelerations.
On the other hand, if the state estimate indicates very low
accelerations, the transition probability to the constant velocity
mode should be high. Only if the estimated acceleration has



Fig. 1. Transition probabilities as a function of the acceleration from mode
2k−1 to 2k. Points with accelerations of one g to five g are marked.

the magnitude corresponding to the mode should the transition
probability to remain in the mode have a high value. A similar
reasoning may be performed for the constant velocity model.
The state of the target is modeled by its position, velocity
and acceleration x′

k := (xk
T , ẋT

k , ẍ
T
k )

T , which are assumed
to have dimension d. Weights wjk−1ik = 1 are used. The state
is projected to its acceleration by

Cjk−1ik =
(
0d×d 0d×d 1d×d

)
. (9)

In order to achieve rotational symmetry, it is defined that

bjk−1ik = 0d×1, Djk−1ik = σjk−1ik1d×d. (10)

The parameter σjk−1ik can be used to tune the transition
models to the target dynamic. It should be of the order
of the acceleration magnitude in the respective modes. It
is assumed that the modes are ordered in decreasing order
by the magnitudes of the corresponding accelerations. The
parameters σjk−1ik are the only parameters left for application
specific choice. These should be decreasing, too, for a given
jk−1. In this application, the use of constant values for b·· in
combination with the ordered parameters σjk−1ik guarantees
non-negative transition functions. The unit of σjk−1ik is m

s2 , it
may be compared to the acceleration.

IV. BAYESIAN FILTER

A. Prediction Step

Assume that the posterior density of the previous time step
is given by the Gaussian mixture

p(xk−1|Zk−1) =
∑
jk−1

pjk−1
N
(
xjk−1

; x̂jk−1
,Pjk−1

)
.

(11)

The goal of the prediction step is to obtain the prior density
p
(
xk|Zk−1

)
by marginalization

p
(
xk|Zk−1

)
(12)

=
∑

ik,jk−1

∫
dxk−1 p

(
xk, ik,xk−1, jk−1|Zk−1

)
.

By the assumptions it holds that

p
(
xk, ik,xk−1, jk−1|Zk−1

)
= (13)

p (xk|ik,xk−1) p (ik|xk−1, jk−1) p
(
xk−1, jk−1|Zk−1

)
.

The calculation is performed for the case of the new difference
of Gaussian transition functions for 1 < ik < r. For calcula-
tions in the other cases see [10]. With the given quantities

p
(
xk, ik,xk−1, jk−1|Zk−1

)
(14)

= pjk−1

(
S
(
bjk−1ik ; Cjk−1ikxk−1, Djk−1ik

)
− S

(
bjk−1i+1k ; Cjk−1i+1kxk−1, Djk−1i+1k

))
· N

(
xk; Fikxk−1, Qik

)
N
(
xk−1; x̂jk−1

, Pjk−1

)
.

An application of the product formula for conditional Gaussian
densities (A.5 [11]) on the first and the third density in both
summands in the multiplied out formula yields

p
(
xk, ik,xk−1, jk−1|Zk−1

)
= (15)

pjk−1
S
(
bjk−1ik ; Cjk−1ik x̂jk−1

, Ejk−1ik

)
· N

(
xk; Fikxk−1, Qik

)
N
(
xk−1; x̄jk−1ik , P̄jk−1ik

)
− pjk−1

S
(
bjk−1i+1k ; Cjk−1i+1k x̂jk−1

, Ejk−1i+1k

)
·

N
(
xk; Fikxk−1, Qik

)
N
(
xk−1; x̄jk−1i+1k , P̄jk−1i+1k

)
,

where

Ejk−1ik = Cjk−1ikPjk−1
Cjk−1ik

T +Djk−1ik (16)

Gjk−1ik = Pjk−1
Cjk−1ik

TEjk−1ik
−1 (17)

djk−1ik = bjk−1ik −Cjk−1ik x̂jk−1
(18)

x̄jk−1ik = x̂jk−1
+Gjk−1ikdjk−1ik (19)

P̄jk−1ik = Pjk−1
−Gjk−1ikEjk−1ikGjk−1ik

T . (20)

Subsequently, the product formula is applied to the second and
the third density in both summands to obtain

p
(
xk, ik,xk−1, jk−1|Zk−1

)
= (21)

pjk−1
S
(
bjk−1ik ; Cjk−1ik x̂jk−1

, Ejk−1ik

)
·

N
(
xk; x̂ik|jk−1

, Pik|jk−1

)
N
(
xk−1; ejk−1ik , Jjk−1ik

)
− pjk−1

S
(
bjk−1i+1k ; Cjk−1i+1k x̂jk−1

, Ejk−1i+1k

)
· N

(
xk; x̂i+1k|jk−1

, Pi+1k|jk−1

)
· N

(
xk−1; ejk−1i+1k , Jjk−1i+1k

)
,

with the definitions

x̂ik|jk−1
= Fik x̄jk−1ik (22)

Pik|jk−1
= FikP̄jk−1ikFik

T +Qik . (23)

The quantities ejk−1ik and Jjk−1ik are not needed in the
following, as the integration with respect to xk−1 shows. On



the right hand side, only the last factors of the subtrahend and
the minuend depend on the integration variable, thus all other
quantities may be factored out of the integral. By the fact that
the integration over a probability density function yields one,
it holds that∫

dxk−1 p
(
xk, ik,xk−1, jk−1|Zk−1

)
(24)

= pjk−1
S
(
bjk−1ik ; Cjk−1ik x̂jk−1

, Ejk−1ik

)
· N

(
xk; x̂ik|jk−1

, Pik|jk−1

)
− pjk−1

S
(
bjk−1i+1k ; Cjk−1i+1k x̂jk−1

, Ejk−1i+1k

)
· N

(
xk; x̂i+1k|jk−1

, Pi+1k|jk−1

)
.

With the definition of

µjk−1ik = pjk−1
S
(
bjk−1ik ; Cjk−1ik x̂jk−1

, Ejk−1ik

)
,
(25)

this transforms to∫
dxk−1 p

(
xk, ik,xk−1, jk−1|Zk−1

)
(26)

= µjk−1ik N
(
xk; x̂ik|jk−1

, Pik|jk−1

)
− µjk−1i+1k N

(
xk; x̂i+1k|jk−1

, Pi+1k|jk−1

)
.

B. Mixture Reduction

As in the mixture reduction step of the IMM filter [3], the
joint densities p

(
xk, ik|Zk−1

)
are approximated by Gaussian

densities. Assume that 1 < ik < r. In this case, it holds that

p
(
xk, ik|Zk−1

)
(27)

=
∑
jk−1

(
µjk−1ik N

(
xk; x̂ik|jk−1

, Pik|jk−1

)
− µjk−1i+1k N

(
xk; x̂i+1k|jk−1

, Pi+1k|jk−1

))
.

The normalization constant is defined as

µ∗
ik

:=

∫
dxk p

(
xk, ik|Zk−1

)
(28)

=
∑
jk−1

(
µjk−1ik − µjk−1i+1k

)
. (29)

It holds that µ∗
r ≥ 0, since the integrand is a probability density

function, which is non-negative. Moment matching [1] yields

p
(
xk, ik|Zk−1

)
≈ µ∗

ik
N
(
xk; x̂

∗
ik
, P∗

ik

)
. (30)

The results for the cases ik ∈ {1, r} are obtained analogously
[10]. Consequently, an approximation to the prior density by
a Gaussian mixture with r components is possible

p
(
xk|Zk−1

)
=

∑
ik

p
(
xk, ik|Zk−1

)
(31)

≈
∑
ik

µ∗
ik
N
(
xk; x̂

∗
ik
, P∗

ik

)
. (32)

As a result of the mixture reduction step, an approximation
to the exact prior density by a density with r components
is obtained. This is crucial for the practical applicability of
the algorithm in order to avoid exponential growth of the

computational load. The use of the approximation leads to
a sub-optimal solution, whose performance is evaluated both
in absolute terms and compared to the established IMM filter.

C. Update Step

The update step is performed by an application of Bayes’
theorem,

p
(
xk|Zk

)
=

p (zk|xk) p
(
xk|Zk−1

)∫
dxk p (zk|xk) p (xk|Zk−1)

(33)

∝ p (zk|xk) p
(
xk|Zk−1

)
(34)

= N
(
zk; Hkxk, Rk

)∑
ik

µ∗
ik
N
(
xk; x̂

∗
ik
, P∗

ik

)
, (35)

where the result of the mixture reduction step is inserted. The
product formula is used to obtain that

p
(
xk|Zk

)
=

∑
ik

pik N
(
xk; x̂ik , Pik

)
, (36)

which completes one cycle of the algorithm with

pik =
µ∗
ik
N
(
zk; Hkx̂

∗
ik
, Sik

)∑
ik
µ∗
ik
N
(
zk; Hkx̂∗

ik
, Sik

) (37)

x̂ik = x̂∗
ik
+Wikνik (38)

Pik = P∗
ik
−WikSikWik

T (39)

Wik = P∗
ik
Hk

TSik
−1 (40)

Sik = HkP
∗
ik
HT

k +Rk (41)
νik = zk −Hkx̂

∗
ik
. (42)

D. Output calculation

The estimate may be approximated by a Gaussian density
by moment matching for the purpose of visualization. Due
to further decreased accuracy, the result is not used in the
algorithm

p
(
xk|Zk

)
≈ N

(
xk; x̂k, Pk

)
. (43)

V. COMPARISON OF THE STANDARD IMM VS. THE
STATE DEPENDENT MODE TRANSITION FILTER

The computational complexity of the state dependent
mode transition filter is higher than that of the standard
IMM filter. Additional computations in the calculation of
p
(
xk, ik,xk−1, jk−1|Zk−1

)
, the joint probability density

function that characterizes the temporal evolution of both the
state and the mode are necessary that are equivalent to an
additional filtering step.
The choice of the transition functions for the state dependent
mode transition filter has a physical motivation. In the example
of the acceleration dependent mode transition, σjk−1ik com-
pares to the acceleration of the target. The transition functions
of the state dependent mode transition filter satisfy the first
condition of section II as well as the IMM filter does (see
Fig. 5). The performance of the state dependent filter with
respect to the second condition is not ideal, but surpasses that
of the IMM filter.
The IMM’s transition probabilities implicitly depend on the



sampling period. If for instance the transition probabilities
for a sampling rate of one second are given by a transition
matrix Π = (p(ik|jk−1))j,i , for a sampling rate of n seconds
the corresponding transition matrix is Πn. This means that
the probability to change the mode is higher for a larger
sampling period, which is a correct modeling assumption. In
the state dependent transition framework, such an adaption
of the transition probabilities to different sampling periods
may be unnecessary. If a mode change occurs during a larger
sampling period, the effect on the state of the target is more
pronounced, thus leading to a better recognition of the mode
change.
The convergence of the mode estimate of the IMM filter is
slow, if the distinction of the dynamic models is not very
clear. This may be seen in the example below for the tran-
sition from a maneuver mode to the constant velocity mode.
To overcome this problem, it is possible to choose higher
transition probabilities, which leads to a faster convergence
of the mode estimates, but results in bigger estimation errors.
At this point, a trade-off between the convergence rate and the
quality of the mode estimates has to be made. Within the state
dependent mode transition framework, transition probabilities
are automatically adapted according to the target state.
It has been found that the capability of the IMM to distinguish
different models increases, when the dynamic models differ
strongly and decreases for higher measurement noise [12]. In
cases where the IMM fails (such as the one discussed below),
the dynamic models may are more distinct, when coordinate
directions are considered separately. A 13 model IMM has
been developed to this end, where the 13 models cover three
different dynamic behaviours [12]. There are 169 transition
probabilities to be chosen between those 13 models. Since
coordinate directions are treated separately, there is not full
symmetry with respect to rotations of the coordinate system.
What is more, the computational load is increased by the use of
additional dynamic models. State dependent mode transitions
on the other hand may obtain satisfactory results with only
three dynamic models and ensure full rotational symmetry.

VI. SIMULATION RESULTS

A. Scenario

For aircraft, either by assuming that starting and landing
phases are excluded or by decoupling of the height information
from the other dimensions of the state, it is reasonable to
assume a movement in a horizontal plane. Thus the problem
of position estimation may be considered in two dimensions
[1]. The initial state is chosen as

X0 =
(
1000m 1000m 170 m

s 170 m
s 0 m

s2 0 m
s2
)T

(44)

A constant velocity segment is performed for 80 time steps.
This is followed by a medium coordinated turn [1], [13] to the
left, with turn rate ω = 2g

240 m
s
≈ 0.08 1

s , which is performed
for 57 time steps, resulting in a turn that covers approximately
three quarters of the arc of a circle. The magnitude of the
acceleration during the turn is 2g. Then follows a linear

Fig. 2. Trajectory of the target

segment similar to the first segment. A sharp coordinated turn
with turn rate ω = 4g

240 m
s
≈ 0.16 1

s is performed for 26 time
steps, resulting in a turn that covers approximately 11

16 of the
arc of a circle. The magnitude of the acceleration during the
turn is 4g. Then follows a linear segment similar to the first
segment. The trajectory is depicted in Fig. 2.

B. Performance Comparison

The tracking algorithms use three nearly constant accel-
eration dynamic models with different process noises. This
circumvents the non-linear problem of the estimation of turn
rates. In addition, the approach is thus not limited to co-
ordinated turn maneuvers, other accelerated maneuvers may
be tracked as well. The covariance of the dynamic model
is determined by σ1k = 6.4 m

s2 for the strong maneuver
mode and σ2k = 1.6 m

s2 for the medium maneuver mode.
This is in the order of the respective maximum magnitudes
of the acceleration increments and may thus be regarded
as a reasonable approximation to the maneuvers [1, p.274].
For the light maneuver mode, σ3k = 0.1 m

s2 results in a
small covariance as an approximation to a constant velocity
model. Smaller values for σ3k do not significantly increase the
performance. Caution is advised as very small values may lead
to numerical instabilities due to the mixture reduction step.
Cartesian measurements are assumed, with Gaussian white
noise given by σRk

= 50m. The results are collected over
104 Monte Carlo runs, which use different realizations of the
measurement noise. The mode probabilities are averaged using
the arithmetic mean. The estimation error of the position is
measured using the root mean squared error.



Fig. 3. Weights of the state dependent transition filter

Fig. 4. Weights of the standard IMM filter for p = 0.98

The transition probabilities of the IMM filter are chosen as

Π =

 p 1−p
2

1−p
2

1−p
2 p 1−p

2
1−p
2

1−p
2 p

 , (45)

where the parameters p ∈ {0.99, 0.98, 0.95, 0.85} are used.
Choosing the transition probabilities such that the expected
sojourn time in one mode matches the duration of the sim-
ulated maneuvers would yield the values p1k−11k ≈ 0.96,
p2k−12k ≈ 0.98 and p3k−13k ≈ 0.99.
The acceleration dependent mode transition probabilities are
given by the following parameters:

σ1k−12k = 14 m
s2 , σ1k−13k = 4 m

s2

σ2k−12k = 50 m
s2 , σ2k−13k = 4 m

s2

σ3k−12k = 16 m
s2 , σ3k−13k = 6 m

s2

(46)

The parameters are always primarily chosen with respect to
the first condition of section II, thus σ1k−12k is chosen to be
sufficiently lower than the acceleration in the first mode of
4g and σ3k−13k is higher than the acceleration of zero in the
third mode. A high probability to remain in the second mode
is reached by choosing σ2k−12k > 2g > σ2k−13k with wide
margins between the values.

The approach is robust, in terms of being not overly reliant
on parameter fitting. This is reflected in the shape of the
transition functions (Fig. 1). For a little change in acceleration,
the transition function stays qualitatively the same. This fact
makes the simultaneous design for roughly similar target
behaviors possible. This has been tested with similar target
trajectories with accelerations that were 10% higher or lower.
Also sensitivity to estimation errors in the acceleration (in
general the chosen linear function of the target state) is
decreased.
In this simulation, the IMM filter has no capability to recog-
nize the medium maneuver mode for the considered amount of
measurement noise considered. For lower measurement noise
of σRk

= 10m, all modes were detected properly for p = 0.98
and p = 0.95, in the sense that after a long convergence period,
the highest weight was assigned to the actual mode, although it
has to be noted that recognition of the medium maneuver mode
was very weak, with a maximal weight of 0.45. Convergence
of the mode estimates occurs too slowly if the probability that
the mode does not change is assumed to be high (p = 0.99),
such that the second mode will not be the mode with the
highest probability for the entire maneuver.
The results depicted in Fig. 3 and Fig. 6 show a slower



Fig. 5. Transition weights for the transition from 1k−1 to ik , from 2k−1 to ik and from 3k−1 to ik (from top down)

convergence of the mode estimates’ error in the case of
the constant velocity mode for the IMM filter compared
to the state dependent mode transition filter. This may be
ascribed to the fact that the turn models approximately fit
the constant velocity motion. Some time is needed for the
constant velocity model to gain an advantage over the turn
model due to the higher normalized innovation squared for
the constant velocity mode. Consequently, the state estimation
error converges more slowly in this case. The IMM filters that
assume low values for the probability of the mode to stay
the same have a faster convergence than those that assume
higher values. On the other hand, the latter have the advantage
of ultimately achieving lower estimation errors after some
time. Qualitatively, the same results hold for the RMSE of
the velocity and acceleration.
The state dependent mode transition filter has a faster con-
vergence rate in the case of the constant velocity mode.
The estimation error after the initial convergence phase is
comparable to that of the IMM filters that obtain the best
results. Spikes in the estimation error occur at the time of
mode changes. These occur due to the sudden mode changes
in the simulated scenario, which are more subtle in practical
applications. The state dependent mode transition filter obtains
good recognition even of the medium maneuver mode.

VII. CONCLUSION

The mode of a target is estimated using a model for
mode transition probabilities that takes the dependency on
the state into account. A new model including difference
of Gaussians transition functions is developed. A practicable
approximate solution is derived. The process of choosing ap-
propriate parameters is discussed in the case of modes that are
characterized by different magnitudes of acceleration. Using
this approach leads to a faster recognition of the constant
velocity mode, and to a satisfactory recognition of maneuvers
with medium magnitude, which may be only marginally or
not at all observed using the IMM filter with three dynamic
models. Thus the use of direction specific models for turns
may be avoided and a coherent treatment of turn motion with
other accelerated motion is possible.
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