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Abstract: In recent years, group target tracking (GTT) has received widespread attention. Due to limited radar resolution,
many existing approaches treat a target group as a whole and focus on the estimation of the kinematic state and shape of the
target group, without directly considering the individual properties of each target within the group. Most of these approaches
assume that the group shape is time-invariant or slowly time-varying. In practice, target groups influenced by task intentions
may exhibit behaviors such as expansion and contraction, and their shapes are time-varying. Accurate tracking of target groups
with time-varying shapes is challenging using these traditional approaches. To address this challenge, this paper proposes a
tracking approach for target groups with time-varying shapes. First, based on a Gaussian process model in which the target
group shape is represented by radial distances from the centroid to several boundary points, this paper incorporates radial
velocities into the dynamic model of the radial distances. Accordingly, a new shape dynamic model is proposed to characterize
the time-varying evolution of the target group shape using radial velocities, such as expansion and contraction. For different
shape dynamic models, the corresponding models adopt distinct sets of radial velocities. Based on these shape dynamic models,
the target group tracking approach is developed using interacting multiple model (IMM) framework to rapidly identify true
evolution modes and match suitable tracking models. Simulation results demonstrate the effectiveness of the proposed approach
in terms of tracking accuracy and shape estimation performance.
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1 Introduction characteristics of target groups. Due to limited sensor res-

olution, individual targets within a target group cannot be
With the rapid development of unmanned systems, swarm clearly resolved. Therefore, most existing approaches regard

intelligence, and cooperative sensing technologies, target group ¢} target group as a whole and jointly estimate its kine-

tracking has attracted increasing attention in situation aware- | tic state and shape from measurements (Mannari et al.,

2024; Granstrom et al., 2016). Different spatial distributions
of targets within a group may lead to different measurement

ness applications (Ricardo et al., 2023). In practical scenar-
ios, UAV formations, naval vessel groups, and ground vehicle
groups dynamically alter their layouts according to surround-  gjg¢ributions. Specifically, when targets are distributed along
ing conditions and movement demands (Yasin et al., 2020;
Shi et al., 2022; Zhang et al., 2024). Target groups can ex-

pand for broader sensing coverage, contract to traverse narrow

the group boundary, with no targets located in the interior,
measurements are generated from the target group contour.

In the other case, targets are distributed within the space
spaces, or modify their internal layout in the course of mo-

tion. These behaviors result in diverse time-varying shape

occupied by the group, and corresponding measurements are
uniformly distributed over the group shape. In addition, tar-

get group tracking also faces many other challenges, including
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clutter, missed detections, nonuniform interior measurement
density, and uncertain measurement-to-boundary association.
A foundation solving these problems lies in accurate target
group tracking under ideal conditions, with no clutter and uni-
formly distributed measurements. Following many other exist-

Received: Aug. 11, 2026; Revision accepted: Sept. 27, 2026 ing works (Koch, 2008; Baum and Hanebeck, 2014; Yang and
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Baum, 2019), we also focus on solving a fundamental problem
of tracking a target group in such conditions.
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In recent years, extensive research has focused on shape
modeling of extended targets and target groups. Early ap-
proaches mainly relied on geometric models, such as circular
and elliptical representations (Koch, 2008; Tuncer and Ozkan,
2021; Lan and Li, 2012; Tuncer et al., 2022). Random hyper-
surface models (RHM) further improved the flexibility of shape
representation by describing target contours using radial func-
tions (Baum and Hanebeck, 2009; Wang and Zhan, 2024). To
handle more complex irregular and nonconvex shapes, level-
set methods and Gaussian process(GP) approaches have been
developed, providing more flexible representations of target
contours (Zea et al., 2016; Wahlstrom and Ozkan, 2015;
Yang et al., 2023; Li and Song, 2020). Furthermore, spatio-
temporal Gaussian process (STGP) and extension deformation
approaches (EDA) have been proposed to model complex shape
variations using temporal deformation mechanisms or compact
shape parameterizations (Aftab et al., 2019; Cao et al., 2021,
2026). Although these studies have significantly improved the
capability of representing complex shapes in extended target
and target group tracking, they are typically developed for
time-invariant or slowly varying shapes.

Compared with shape representation, the dynamic mod-
eling of time-varying target group shapes remains relatively
less studied. Stochastic process modeling and online learn-
ing have been investigated to describe temporal evolution in
target tracking (Li et al., 2025). Existing studies on the dy-
namic modeling of extended and group targets mainly focus
on state estimation, including PMBM multi-sensor tracking
frameworks, graph group tracking methods, and irregular ex-
tended target tracking approaches under unknown measure-
ment noise covariance (Xue et al., 2024; Zhang et al., 2023; Xu
et al., 2024). However, most existing methods employ a single
shape dynamic model and rarely construct multiple shape dy-
namic models to describe different shape evolution modes. The
IMM framework has been widely used in maneuvering target
tracking by switching between different kinematic models (Yan
et al., 2024; Li et al., 2023), while its application to multiple
shape evolution modes of target groups remains limited. Mean-
while, change-detection and sliding-window methods have been
developed to handle abrupt shape variations (Lau et al., 2019;
Xie et al., 2021; Kang and Baek, 2021). Our previous work
addressed abrupt shape changes using Gaussian processes (Shi
et al., 2025), but it merely considers shape variations and fails
to build multiple shape dynamic models to describe the time-
varying evolution of target group shapes.

Motivated by this, this paper addresses the problem of
tracking target groups with time-varying shapes. Shape states
are represented using radial distance functions from the cen-
troid to boundary points and are modeled in a nonparametric
manner via Gaussian processes. To characterize the time-
varying evolution of target group shape, radial velocities are
incorporated into the dynamic model of the radial distances to
construct a shape dynamic model. For different shape evolu-
tion modes, multiple shape dynamic models with distinct sets
of radial velocities are constructed to describe different evo-
lution behaviors, such as expansion and contraction. Based
on these shape dynamic models, the target group tracking ap-
proach is developed using an interacting multiple model (IMM)
framework to rapidly identify the true evolution modes and

match suitable tracking models.
To sum up, this paper makes the primary contributions
in the following aspects:

e A new idea is proposed by introducing radial velocities
into the dynamic model of radial distances. It can char-
acterize the time-varying evolution of the target group
shape.

e Based on this idea, multiple shape dynamic models with
distinct sets of radial velocities are constructed. These
models can describe different shape evolution modes, such
as expansion and contraction.

e Based on these shape dynamic models, a tracking ap-
proach for target groups with time-varying shapes is de-
veloped by using IMM. This enables rapid identification
of the true evolution modes and matching of suitable
tracking models.

2 Background Knowledge
2.1 Gaussian Process

In this subsection, a Gaussian process (GP) model is uti-
lized to describe the radial function of a target group. Specifi-
cally, the angular direction 0 is taken as the GP input, while the
corresponding radial distance r = f(#) is regarded as the GP
output. Accordingly, the target group contour is represented
by a radial function over the interval 6 € [0, 27).

2.1.1 Mean Function

A GP defines a distribution over functions such that any
finite set of function values follows a multivariate Gaussian dis-
tribution. For a set of angular observations 8 = [41,...,0~]",
the corresponding radial distances are denoted by f =
[£(61),...,f(0n)]". In this paper, similar to (Wahlstrém and

Ozkan, 2015), the GP is assumed to have a constant mean

function:
n(0) =ro, 10 ~N(0, 03)- (1)
Accordingly, the radial distance function is modeled as
f(0) ~ GP(u(9), K(6,6')), (2)

where £1(0) denotes the mean function, and K(6,0’) denotes
the covariance function.

2.1.2 Covariance Function

To characterize the periodic property of the target group
contour, a periodic kernel function is adopted:

.2 (160-0'|
2sin (T)

K(0,0)) =ojexp | — pE

+ o2 (3)

where O'? denotes the signal variance, d is the length-scale pa-
rameter, and o2 represents the variance of the mean function.

It can be observed that when 0 ~ 0" or 6 ~ ' + 27, the
kernel value reaches its maximum, indicating strong correlation
between correlated angular directions. This property enables
a smooth representation of the target group contour.



2.2 Target Group Shape Dynamic Model

In the GP-based extended target tracking (ETT) frame-
work, the kinematic state and shape state of the target are
jointly estimated (Wahlstrém and Ozkan, 2015). In this pa-
per, the unresolved target group is represented as an extended
object, and its kinematic state and shape state are estimated
simultaneously. Therefore, the state transition equation of the
target group at time step k is given by:

Tit1 = Frxr + wi, (4)

T
where x, = [:EE (wfc)T] , denotes the state vector of the

target group. Here, T = [(mZ)T (mZ)T}T represents the cen-

troid kinematic state, which consists of the centroid position

xj, and kinematic parameters x; (e.g.velocity, acceleration),
T

[fk(ei’), fx(6%), .. .,fk(G?\,f )} is the radial shape

state. In this definition, 8° = [9?,03,...,95’Vf]T represents

and 2% =

Ny equidistant angular basis points over the interval [0, 27),
and each element of x? corresponds to the radial distance
from the centroid to the target group contour along the asso-
ciated angular direction. The state transition matrix is given
by F. = diag(Fg°, FP), where F? = ¢TI, with o denot-
ing the forgetting factor. The process noise wy ~ N(0, Qk)
is assumed to be zero-mean Gaussian noise with covariance

Qi = diag(Q7", QR), where Q} = (1 — e **T)K(6°,6°).
2.3 Measurement Model

This paper focuses on target group tracking with time-
varying shapes. Two spatial distributions of measurements are
considered: measurements generated from the target group
contour when targets are distributed along the boundary with
no targets located in the interior, and measurements uniformly
distributed over the target group shape when targets are dis-
tributed within the space occupied by the group. The corre-
sponding measurement models are presented next.

2.3.1 Model for contour measurement

When the measurements are generated from the contour
of the target group, the measurement model can be expressed
as

zk1 =@y +POr) f(Or1) + €x (5)

where xj, denotes the centroid position of the target group at
time step k, z,; represents the [-th measurement generated by
the target group at time step k, 0x,; denotes the corresponding
measurement direction, f(fx,) represents the radial distance
along the direction 6y, and éx,; ~ N (0, R) denotes the mea-
surement noise. The direction vector corresponding to 6y is

denoted by

Zk.1l —-wi
0 — R R
PO = o

(6)

2.3.2 Model for interior measurement

When the measurements are generated over the target
group shape, the contour measurement model can be extended
to the interior measurement model by introducing a scaling
factor:

zp1 = @ + SkeaP0k,0) f(Or,1) + €k 1, (7)
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where sp; € [0,1] denotes the scaling factor, when sx; = 1,
the model reduces to the target contour measurement model.
The radial function can be represented in the GP state-space
form as H®(0x,)x} + e, where H®(0,)x} denotes the mean
radial distance corresponding to the direction 6 ;, and eZ,l
denotes the Gaussian radial noise satisfying ez’l ~ N(0, R%l).
Therefore, the measurement equation can be further rewritten
as

#t = @+ pra(@h) [H (Brs(@i))al + e | + &

= @} + Hi(@})a} + pra(ah)el | + & ®)
hi (k) ep,l
= hg (k) + ex,, er,1 ~ N(0, R1).

where e ; ~ N(0, Ri;). According to (Wahlstrém and Ozkan,
2015), hi,(xx) denotes the measurement function, given by

hiea(@e) = @i, + Hi(a})zy, 9)
Hi(x}) = pr(ah) H" (Ora(x5)). (10)
The new measurement noise covariance is given by
Ry = pua R ph, + R, (11)
pra=pri(ai), R = R°(Oru(w7)). (12)

The above measurement model is only applicable when the
measurements are generated from the target group contour.
When the measurements are generated from the interior region
of the target group, the corresponding measurement model can
be obtained by scaling the contour model using the scaling

factor. Specifically, the scaling factor si,; follows a uniform

distribution:
siy ~ U0, 1]. (13)
The mean and variance of s ; are given by
s = E(sk) = % (14)
o2 = B(s2) — E(sii)? = %8 (15)

To satisfy the inference conditions of the Gaussian fil-
ter, the scaling factor is approximated by a Gaussian random
variable with the same first two moments,

sk~ N (ps, 02). (16)

Consequently, the measurement equation of the interior mea-
surement model can be further expressed as

zie1 =, + ps H(25) 2] + (s, — ps) Hi (252 + €

b1 (@) k.1 (17)
= hy () + éx.
ilkl(wk) =z + usﬁz(wi)w% (18)
Ryy = Ry + oo Hy ey (x) " H ), (19)
ch,l = IEIL(OEZ)y (20)

where €, ~ N (0, Rkl)
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3 Shape Dynamic Model for Target Groups
Using Radial Velocities

3.1 Motivation

Existing radial representations can flexibly characterize
complex target group shapes using radial distances from the
centroid to the group boundary. However, these represen-
tations are typically developed for time-invariant or slowly
varying shapes and do not explicitly describe the temporal
evolution of the target group shape. In practical tracking sce-
narios, the target group shape may vary continuously due to
formation adjustment, cooperative motion, task requirements,
For example, a UAV swarm
may expand to increase surveillance coverage, contract to pass

or environmental constraints.

through constrained regions, or deform differently along differ-
ent directions during formation reconfiguration. These behav-
iors indicate that the radial distances along different angular
directions may exhibit different temporal evolution character-
istics.

To characterize such time-varying shape evolution, ra-
dial velocities are introduced into the dynamic model of the
radial distances. Different from the radial distance, which de-
scribes the instantaneous distance from the centroid to the
group boundary, the radial velocity describes the variation
rate of this distance along the corresponding angular direc-
tion. A positive radial velocity indicates outward motion of
the boundary point along the radial direction, while a negative
radial velocity indicates inward motion. By introducing radial
velocities, the temporal evolution of the target group shape
can be explicitly characterized. This provides a basis for de-
scribing typical shape evolution behaviors, such as expansion,
contraction, and different variations along angular directions.

3.2 Shape Dynamic Model Using Radial Velocities

The angular basis directions are denoted by 6%, s =
1,..., Ny, and the corresponding radial distance at time step &k
is denoted by f(02). The radial velocity along this direction is
represented by vy (6%), which characterizes the variation rate of
the radial distance. In this work, the radial velocities are pre-
set as fixed model inputs to describe different shape evolution
behaviors. As illustrated in Fig. 1, the radial velocity describes
the dynamic variation of the target group shape between time
step k£ and k + 1 along each angular basis direction.

Group shape at k times

Group shape at k+1 times

Fig. 1 Schematic of target group shape variation between
time step k£ and k + 1 described by radial velocity

For a basis point corresponding to the sth angular basis

direction, the radial distance dynamic model can be formulated
as
Fera(02) = €T £ (62) + Tvn(62) + wi(67):

where T is the sampling interval, « is the forgetting factor, and

(21)

Wik (95) denotes the process noise. The corresponding process
noise variance along the sth angular basis direction is given by

Qu(6®) = (1 - e*M) K(6°,6%).

where K (-,-) is the GP kernel evaluated at the angular basis
direction.

(22)

This idea provides a simple and intuitive way to describe

the dynamic variation of target group shape. By introducing
radial velocities, the time-varying evolution of the target group
shape can be explicitly characterized.
Remark 1: By assigning radial velocities to different angular
directions, the proposed model can describe shape variations
with different evolution rates. Compared with conventional
models that rely only on radial distance evolution, the pro-
posed formulation provides a more flexible representation of
time-varying shape changes. This enables the model to de-
scribe practical target group behaviors, such as expansion,
contraction, and shape variations along different directions.
As a result, the proposed model enables better accommoda-
tion of shape variations and facilitates more accurate shape
estimation and better target group tracking performance.

3.3 Overall Dynamic Model

Based on the radial distance dynamic model described
above, radial velocities along all angular basis directions are
incorporated to characterize the overall evolution of the target
group shape. Accordingly, the state vector of the target group
at time step k is defined as:

z = [2], @) (23)

z = [@)" @]

where xj and xj denote the centroid position and velocity

(24)

of the target group, respectively. The radial shape state is

expressed as x5 = [fk(ﬁi’), fx(6%), ..., fk(e?\;f)]T

By incorporating the radial velocity terms into the state
transition model in (4), the state transition process of the
target group is reformulated as

@)1 = Frey, + BTop + wy,

zo ~ N (po, Po),

where F}, denotes the state transition matrix, and wy repre-

(25)
(26)

sents the process noise following a Gaussian distribution with
zero mean and covariance Qj, formulated as:

B F° 0 - 04><Nf
. /10 o 150 0
No—{o}, Po—[o Pé’]’ (28)
Ff=e Iy, Qu = diag (@, QF),  (29)
Q= (1-e>7) K (6"06"), (30)
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Fig. 2 Illustration of target group shape dynamic models

o = [ve(0), 0a(08), . we(08)]

where T denotes the sampling period and « represents the

(31)

forgetting factor. Together with the measurement model es-
tablished in Section 2.3, the proposed formulation enables dy-
namic modeling of target groups with time-varying shapes.

4 Multi-Model Tracking for Target Groups
with Time-Varying Shapes

4.1 Motivation

In practical target group tracking scenarios, target groups
may exhibit different shape evolution behaviors due to task
requirements, formation adjustments, or environmental con-
straints. For example, a target group may maintain its orig-
inal formation, undergo overall expansion or contraction, or
experience shape variations along different directions during
formation adjustments. These different evolution behaviors
lead to distinct shape variation modes over time.

When all boundary points evolve with the same radial
velocity, the target group undergoes uniform expansion or con-
traction while maintaining its overall shape. In more complex
scenarios, radial velocities may vary across angular directions,
resulting in different shape variations along different directions.
Since these shape evolution patterns have different dynamic
characteristics, a single fixed model may not be sufficient to
describe the various shape evolution behaviors of target groups.
Therefore, to improve the adaptability to different shape evolu-
tion behaviors, multiple shape dynamic models are constructed
within an interacting multiple model (IMM) framework in this
subsection.

4.2 Multiple Shape Dynamic Models

Based on the radial velocity-based shape dynamic model
established in Section 3, different shape evolution behaviors
can be characterized by assigning different radial velocity vec-
tors to the input v%. As illustrated in Fig. 2, the target group
shape at time k may evolve into different shapes at time k + 1
When all boundary
points have the same radial velocity, the target group under-

under different sets of radial velocities.

goes uniform expansion or contraction, with the radial dis-
tances along different angular directions changing at the same
rate. In more complex cases, the radial velocities vary across
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angular directions, resulting in direction-dependent shape vari-
ations. To characterize these representative shape evolution
behaviors, five shape dynamic models are constructed. These

models form the shape dynamic model set defined as

M = {M;, My, Ms, My, Ms} . (32)

Each model corresponds to a typical target group shape evo-
lution pattern and will be introduced in detail as follows.

Model 1 (Constant):

This model represents the case where the target group
shape remains unchanged. Therefore, the radial velocity of all
boundary points is set to zero:

vk (0%) = 0. (33)
Model 2 (Expansion):

A uniform expansion mode is considered by assigning the
same positive radial velocity to all angular directions. In this
case, all boundary points move outward at the same rate, and
the radial velocity is given by

o (02) = v1, (34)

where v1 > 0 denotes the expansion velocity magnitude. This
velocity magnitude and those introduced below can be designed
a priori.
Model 3 (Contraction):

The contraction mode is obtained by reversing the direc-
tion of the radial velocity in Model 2. Specifically, all boundary
points move inward with the same velocity magnitude:

vp (%) = —v2, (35)

where v2 > 0 denotes the contraction velocity magnitude.

Model 4 (Lateral Expansion with Vertical Contrac-
tion):

To describe shape variations along different directions, the
radial velocity is allowed to change with the angular direction.
In this mode, the target group expands laterally and contracts
vertically. The radial velocity is defined as

vk (0%) = v3 Ae, (36)

where v > 0 denotes the velocity magnitude and Ae =
cos(20%) is the modulation factor controlling the directional
variation of the radial velocity.

Model 5 (Lateral Contraction with Vertical Expan-
sion):
The opposite directional variation of Model 4 is repre-

sented by changing the sign of the modulation factor. The
resulting radial velocity is expressed as
vp(0°) = —v4Ae, (37)

where v4 > 0 denotes the velocity magnitude. This setting
causes inward motion in the lateral direction and outward
motion in the vertical direction.

These models are incorporated into the subsequent
multiple-model tracking framework.
Remark 2: Since the radial velocity pattern space is con-

tinuous, different radial velocity patterns can be selected to
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construct candidate shape evolution models. Each model cor-
responds to a specific radial velocity pattern and character-
izes a representative target group shape evolution behavior.
It is generally believed that a larger number of models in
M leads to more accurate estimation results in the tracking
framework. However, using too many sampled models may
instead degrade estimation performance (Li and Bar-Shalom,
1996). A possible solution to this problem is to adopt variable-
structure multiple-model (VSMM) approaches (Li and Bar-
Shalom, 1996; Rong Li and Jilkov, 2005; Lan et al., 2011).
Specifically, VSMM approaches, e.g., the best model augmen-
tation (BMA) approach which uses the Kullback-Leiber (KL)
criterion to adapt the model set online, can be utilized in our
approach for online model-set updating (Lan et al., 2011). For
our approach, by treating the radial-velocity magnitude as an
adjustable input parameter in the shape dynamic model, the
optimal model along with its magnitude can be obtained by
using the minimum-KL criterion in BMA, as in (Wei et al.,
2025). Then the obtained optimal model can be incorporated
into the basic models to construct the candidate shape-model
set. We will consider this in future work.

4.3 Filtering Estimation

A hybrid system framework is adopted to model target
groups with time-varying shapes. In a hybrid system, a math-
ematical model set M is used to match the actual shape evo-
lution modes for state estimation. Based on the models in
M, state estimates are obtained by the corresponding filters,
and the final state estimate is obtained by fusing the estimates
from different models. For the target group tracking prob-
lem with time-varying shapes, the following hybrid system is
constructed:

xh 1 = Fuxl, + BTo)' 4 wi. (38)

20 = hia(Th) + €l (39)

where i € {1,..., M} denotes the index of the shape evolution
model, x} is the state vector under model 3, 'vZ‘i represents
the radial velocity vector corresponding to the shape dynamic
model, wi is the process noise, hs,(-) denotes the nonlinear
measurement function for the I-th measurement. In the sequel,
m,(j) denotes model ¢ or the event that the target group evolves
according to model ¢ at time k.

The model set has been constructed in Section 4.2, which
contains five shape dynamic models. In practice, changes in
the overall shape of the target group may result in switch-
ing among different shape dynamic models. In this case, the
model sequence (m?) is usually assumed to be a first-order
homogeneous Markov chain with transition probabilities (Li
and Bar-Shalom, 1996; Rong Li and Jilkov, 2005).

my =P (md Im"), ij=1.., M (40)

One cycle of the proposed IMM filtering procedure con-
sists of the following steps.

1) Mixing probability computation. The probability that

Ef) was in effect at time &, given that model mgj_l is in

effect conditioned on Z*, is denoted by ,u,(:‘j)

model m

. It is calculated
using the transition probability m;; and the model probability

P{m,(j)\Zk}, according to (Rong Li and Jilkov, 2005), where
i,j=1,...,M. _ _
2) State reinitialization. Starting with :i:g:l)k, Pléll,)c, and

m ,(Co‘i) and covariance Pk(lolg ) are
computed for the filter matched to model m,(jll.
3) Model-conditioned filtering. The mixed initial state

klk and covariance Pk(‘olz ) are used as inputs to the EKF un-

der model mgﬁl, yielding the model-conditioned state estimate

~(3) : €]
Zy ke and covariance Pk+1|k+1.

responding radial velocity vector UZ is incorporated into the
shape dynamic model through the input term.

4) Model probability update. The model probability
ugj_,)_l = P{m,(izl\ZkH} is obtained from the likelihood func-

tion corresponding to the filter under model m,(fll:

fjm, the mixed initial state @

@(W)

For each model, the cor-
¥

A](i‘)q =P (Zk+1 | ml(iy)»h Zk) = N (Zk-'rl; ZAIEQHI@’ S[(921) )
(41)
()

where Z7) Ni1s

k+1]|
and S,(igl is the corresponding innovation covariance.

« is the predicted measurement under model m

5) Estimate fusion. The overall state estimate @j.q1|x+1
and covariance Pjyyijx4+1 are obtained from the model-
conditioned estimates :%,(cjil‘kﬂ and Pk(i)l‘kﬂ.

Through the above steps, the proposed IMM framework
identifies and probabilistically fuses different shape evolution
models based on radial velocities to track target groups with

time-varying shapes.

5 Experimental Results

To illustrate the effectiveness of the proposed approach,
two simulations are provided in this section.

5.1 Tracking Performance Evaluation for Contour
Measurement Scenarios

5.1.1 Scenario Setup

In Scenario 1 (S1), a target group consisting of 15 in-
dividual targets is considered. These targets are uniformly
distributed along the contour of an ellipse. The initial shape
of the group is an ellipse with a major axis of 7 m and a minor
axis of 5 m, as depicted in Fig. 3a. The center of the target
group starts from [0,0] m and moves according to a constant ve-
locity model with a velocity of [0.3,0.3] m/s, and its trajectory
is shown in Fig. 3b. During the 400 s simulation, the target
group evolves through a sequence of distinct shape modes. At
each discrete time step k, the elliptical group is characterized
by its major-axis length A and minor-axis length By, with
corresponding rates of change denoted by v and vp, respec-
tively. The complete mode sequence, along with the prescribed
values of v4 and vp, is detailed in Table 1.

In this scenario, the target group center follows a constant
velocity (CV) model, with the model and parameter values
given as follows:

Tr41 = Frx, + BT’U,EC7 + W, wg ~ N(O, Qk)

Fk = dla’g {FkCUaFkt;’} 7Qk¢ = dlag{Qz’Usz}

1 T

cv __ b __ _—aT
Fk = |:0 1:| ®I2, Fk =€ INf



Table 1 Evolution modes of the target group

Time (s) Mode wva (m/s) wvp (m/s)
0-100 M,y 0 0
100-130 Mo 0.20 0.20
130-160 M3 —-0.25 —-0.25
160-180 Mo 0.20 0.20
180-260 M, 0 0
260-300 Ms —0.10 0.10
300-340 My 0.15 —-0.15
340-400 M,y 0 0
B_ {04fo] Q= [q;z El ® {03 0}
INf % T 0 (o
Qh = (1—-e ") K(6°6%

where o, = 0.01 denotes the process noise standard devia-
tion (Wahlstrom and Ozkan, 2015). A sampling interval of
T = 1 s and a forgetting factor of a = 0.0001 are used.
The number of angular basis points for representing the target
group shape is set to Ny = 40. The radial velocity parameters
of the five shape dynamic models are designed a priori and
preset as fixed model inputs. Specifically, the radial velocity of
Model 1 is set to zero. The radial velocity parameters of Mod-
els 2 and 3 are set to v; = 0.10 m/s and v2 = 0.12 m/s. For
Models 4 and 5, the corresponding radial velocity parameters
are set to v3 = 0.08 m/s and v4 = 0.05 m/s, respectively.

Generally, the number of received measurements depends
on the size of the target group, the distance between the tar-
get group and the sensor, and the sensor resolution. In this
simulation, for the measurements zj;, all measurements are
generated from the target group contour, as shown in Fig. 3c.
The number of measurements at each time step follows a Gaus-
sian distribution with a mean of A = 12, and the sampled value
is rounded to an integer. The measurement model and related
parameters are given as follows:

2k = hi (k) + ek, eny ~ N(0, Ry 1),

The simulation is conducted under a measurement noise covari-
ance of Ry, = 0.12I,. The Gaussian process hyperparameters
of the proposed method are set to o, = 0.5, oy = 1.5, and
d = /6. For the sliding-window method, the window length
is chosen as H = 4, and the change-detection threshold is set to
7 = 0.8. The initial model probabilities are uniformly initial-
ized as po = [0.2,0.2,0.2,0.2,0.2]7. Following related IMM-
based studies (Eltoukhy et al., 2020; Qian et al., 2024; Han
et al., 2019), the self-transition probability is set to 0.96, and
the remaining probability is uniformly assigned to the other
models. Accordingly, the transition probability matrix is given
by

0.96 0.01 0.01 0.01 0.01
0.01 0.96 0.01 0.01 0.01
mi; = |0.01 0.01 0.96 0.01 0.01
0.01 0.01 0.01 0.96 0.01
0.01 0.01 0.01 0.01 0.96

5.1.2 Compared Algorithms

e GP-EKF : Gaussian process based extended target track-
ing approach proposed in (Wahlstrém and Ozkan, 2015).
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e GP-MMDS : The approach proposed in this paper.

e GP-SW : Following the approach in (Shi et al., 2025),
a shape abrupt change detection mechanism based on a
sliding window and the Hausdorff distance is adopted as a
comparison method. Once an abrupt change is detected,
the state vector and covariance matrix are reconstructed
from the measurements and then updated recursively us-
ing the extended Kalman filter.

¢ RHM-UKF The RHM-UKF approach (Baum and
Hanebeck, 2014).

e RM : The RM approach (Yang and Baum, 2019).

5.1.3 Evaluation Metrics

To evaluate both centroid tracking accuracy and group
shape estimation accuracy, two metrics are adopted: position
RMSE and intersection over union (IoU). The position RMSE
is used to quantify the centroid estimation error. Let xj, denote
the true group centroid at time k, and let &} ; denote the
estimated centroid in the ¢ Monte Carlo run. After N Monte
Carlo runs, the position RMSE at time k is defined as

z. (42)

5C _ mC
Ty — T

1 N
RMSE(k) = NZ
=1

IoU is used to evaluate the overlap between the estimated
and target group shapes. Let X and X denote the true and

estimated target group regions at time k, respectively. The
IoU is defined as
5 XN X
ToU(Xy, X5) = area(Xy N Xj) (43)

area(Xy U Xy)

where area(-) denotes the area operator. The IoU value lies
in the interval [0,1]. A larger IoU indicates better shape es-
timation accuracy. In particular, IoU = 1 means that the
estimated shape perfectly matches the true shape, whereas
IoU = 0 means that there is no overlap between them.

5.1.4 Simulation Results

The tracking results averaged over 100 Monte-Carlo sim-
ulations are shown in Fig. 3. Compared with GP-EKF, GP-
SW, RHM-UKF, and RM method, the proposed method GP-
MMDS achieves more accurate shape estimation results. Par-
ticularly when different shape evolution modes change, GP-
MMDS maintains higher contour estimation accuracy, demon-
strating that the constructed multiple shape dynamic models
can effectively characterize the time-varying shape evolution
of the target group.

The shape estimation results at selected time steps with
an interval of 25s are presented in Figs. 3d and 3e. Specifi-
cally, the results under Models M1-M3 are presented in Fig. 3d,
while those under Models M4 and M5 are presented in Fig. 3e.
The estimated contours obtained by GP-MMDS remain close
to the true target group shape during different shape evolution
processes, especially when the shape evolution mode varies.
To quantitatively evaluate the tracking performance, the po-
sition RMSE and IoU curves are presented in Figs. 3g and



8 | ENGINEERING Inform Technol Electron Eng 260255
£1rS ?;;’”g’t:hapel 120 b Group shape x *
: ) PY 105F| x Measurements x o
2 ° () 100 | x X x %
) 100 x
1 4 (] 80f X y
95 X x
g € £ % x
50 . 5% B x
[ J 90
-1 o 40 X
[ xx x
) . ° 20 B x
[ ] { ) x
3 0 / 80 s
-4 2 0 2 4 0 50 100 150 80 90 100 110
x/m
x/m
(b) ()
1 T l
45 105 0.95
0.9 -
40 100 . o -
0.85 0" 4
£ 35 \ e % 2 08 .
= S = R4
90 8075 . /v/v/‘,
30 Group shape Group shape 6'
——GP-EKF ——GP-EKF 0.7 e —0—GP-EKF
- ——GP-MMDS 85 ——GP-MMDS I —=—GP-MMDS
- - =GP-SW - - =GP-SW ’ - & -GP-SW
----- RHM-UKF 0.6 —4—RHM-UKF
20 . . ——RM 0.5 R CV_RM
20 30 40 50 4 s 6 7 8 9 10 11 12
x/m Averaged measurement number per scan
(d) (f)
25 . 1 .
- - -GP-EKF
" ——GP-MMDS
Wy e . 4
2 ", GP-SW wO.S
2
u =
et
=2 gos o
p 2 —M2
5 2 M3
S 0.4
3 g I
kS 0.6 ~ - —GP-EKF = M5
——GP-MMDS 0.2
0.5 - - -GP-sW ’
————— RHM-UKF l L
0 4 s 1 1 1 1 RM 0
50 100 150 200 250 300 350 o "0 50 100 150 200 250 300 350 400 0 50 100 150 200 250 300 350 400

Time/s

()

Time/s

(h)

Time/s

®

Fig. 3 Estimation results of the compared methods in S1 (averaged over 100 Monte Carlo runs): target group consisting
of 15 targets and its shape (a), trajectory of the target group (b), measurements (c), estimation results under M1-M3 (d),
estimation results under M/ and M5 (e), mean IoU for different average numbers of measurements per scan (f), position

RMSE (g), IoU (h), and model probabilities (i)

3h, respectively. GP-MMDS maintains a low and stable po-
sition RMSE throughout the tracking process while achieving
higher IoU values. In particular, when the target group ex-
hibits rapid shape variations, the proposed method maintains
This can be explained by the

model probabilities shown in Fig. 3i. The model probability

better tracking performance.

corresponding to the actual shape evolution mode tends to be
higher, allowing the IMM framework to assign larger weights
to more suitable shape dynamic models during the tracking
process.

Furthermore, the influence of the average number of mea-
surements per scan on shape estimation performance is evalu-
ated in Fig. 3f. Overall, the mean IoU rises with more measure-
ments, as extra observations supply more details of the target
groups contour. The proposed GP-MMDS always yields the
highest average loU, which verifies its stable performance un-
der different quantities of measurements.

5.2 Tracking Performance Evaluation for Interior
Measurement Scenarios

5.2.1 Scenario Setup

In Scenario 2 (S2), the effectiveness of the proposed ap-
proach is evaluated in the interior measurement scenario. The
same motion model and shape evolution process as those in
S1 are adopted, and the resulting target group trajectory is
presented in Fig. 4b. Different from S1, the initial shape of
the target group is set as a square with a side length of 6 m,
and the target group composition is shown in Fig. 4a. The
measurements are generated uniformly within the interior of
the target group shape, as shown in Fig. 4c. To define its
shape evolution consistently with S1, the horizontal and verti-
cal side lengths of the square are regarded as the counterparts
of the major-axis length A and the minor-axis length By of
the ellipse, respectively. The number of measurements at each
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Fig. 4 Estimation results of the compared methods in S2 (averaged over 100 Monte Carlo runs):target group consisting
of 16 targets and its shape (a), trajectory of the target group (b), measurements (c), estimation results under M1-M3 (d),
estimation results under M4 and M5 (e), mean IoU for different average numbers of measurements per scan (f), position

RMSE (g), IoU (h), and model probabilities (i)

time step follows a Gaussian distribution with a mean value
of A = 20, and the sampled value is rounded to an integer.
Except for the above-mentioned settings, all other parameters
are the same as those in S1.

5.2.2 Compared Algorithms

The compared algorithms are the same as those in S1.
5.2.3 Evaluation Metrics

The evaluation metrics are the same as those in S1.
5.2.4 Simulation Results

Figs. 4 and 4i show the simulation results. The shape

estimation results at selected time steps with an interval of 30s

are presented in Figs. 4d and 4e. Specifically, Fig. 4d shows the
estimation results under Models M1-M3, while Fig. 4e presents
the results under Models M4 and M5. It can be observed that
the contours estimated by GP-MMDS remain close to the true
target group shapes during different shape evolution processes.
Similar shape estimation performance is also maintained in the
interior measurement scenario.

From Fig. 4g, we can see that GP-MMDS maintains rela-
tively stable RMSE performance when the target group under-
goes shape changes. This shows that the proposed method can
effectively handle the influence of time-varying shape evolution
on the tracking process. The IoU results for shape estimation
are given in Fig. 4h. Under steady-state conditions, GP-EKF,
RHM-UKF, and GP-MMDS all achieve good IoU performance.
Although RM gives relatively stable tracking results, its IoU
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Table 2 Average runtime per scan of the compared methods
(averaged over 100 Monte Carlo runs)

Method
Scenario GP-MMDS GP-EKF GP-SW RHM-UKF RM
S1 (ms) 2.76 0.64 0.61 4.64 0.18
S2 (ms) 4.14 0.90 0.88 10.82 0.18

values are lower than those of the other methods, indicating
that its shape estimation accuracy is limited. GP-SW works
well when measurements are mainly distributed near the target
group contour, but its estimation accuracy drops in the interior
measurement case. Fig. 4i presents model probabilities dur-
ing shape evolution. The IMM framework quickly identifies
the true evolution mode to match suitable tracking models for
accurate shape estimation. Thus, GP-MMDS achieves higher
IoU when shapes change, showing its validity under interior
measurements.

Furthermore, the influence of varying average measure-
ment numbers per scan is investigated in Fig. 4f. It can be
observed that the mean IoU values of all methods increase
with the number of measurements. Meanwhile, GP-MMDS
consistently achieves the highest IoU values across different
measurement conditions, demonstrating its robustness to vari-
ations in measurement density.

We have added experiments in the interior measurement
scenario to evaluate the robustness of GP-MMDS, to varia-
tions in the preset radial-velocity magnitudes and the IMM
transition probability. The results are shown in Fig. 5. GP-
MMDS maintains stable shape estimation performance in both
cases, although model mismatch occurs in the former, demon-
strating the robustness of the proposed method to parameter
variations.

Table 2 shows that RHM-UKF has the longest average
runtime, and the average runtime of GP-MMDS is longer than
those of GP-EKF, GP-SW, and RM. This is mainly because
the proposed multiple-model approach executes five model-
conditioned filters in parallel at each scan.

6 Conclusion

For tracking target groups with time-varying shapes, this
paper proposes a Gaussian process-based shape dynamic model
by introducing radial velocities into the radial distance dynam-
ics. Based on this model, multiple shape dynamic models with
different sets of radial velocities are constructed to describe
different shape evolution modes. These models are further
combined with the IMM framework to identify the current
evolution mode and match suitable tracking models.

Simulation results under both contour and interior mea-
surement scenarios demonstrate the effectiveness of the pro-
posed modeling and tracking approach. Future work will
extend the proposed approach to more complex conditions
involving clutter, detection uncertainty, nonuniform measure-
ment density, and distributed multi-sensor tracking.
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