
Tracking Arbitrarily Shaped Extended Objects
Using Gaussian Processes

Murat Kumru
Vehicle Motion and Thermal Management

Volvo Group Trucks Technology
Gothenburg, Sweden

murat.kumru@volvo.com

Emre Özkan
Department of Electrical and Electronics Engineering

Middle East Technical University
Ankara, Turkey

emreo@metu.edu.tr

Abstract—In this paper, we consider the problem of track-
ing dynamic objects with unknown shapes using point cloud
measurements generated by sensors such as lidars and radars.
Specifically, our objective is to extend the Gaussian process-based
extended object tracking (GPEOT) framework to encompass a
broader class of objects. The derivation of the existing GPEOT
algorithms is based on the assumption that the object of interest is
star-convex. This assumption enables the modeling of the object’s
extent through a radial distance function, which is described by a
Gaussian process (GP). To enhance the flexibility of the resulting
trackers, we propose the utilization of a potential function to
indicate the unknown object extent. This approach enables the
representation of objects with arbitrary shapes, including those
that are non-convex and composed of disconnected components.
Closely following the original formulation of GPEOT, the po-
tential function is then modeled by a GP, which systematically
accounts for the intrinsic spatial correlation of the extent.
Furthermore, we develop a state-space model that incorporates
both kinematic variables and an approximate description of the
underlying GP model. The state vector can be estimated via
a standard Bayesian technique, leading to an EOT algorithm.
Through simulation experiments, we demonstrate the suggested
method can satisfactorily estimate the kinematic variables of the
objects while simultaneously learning their complex shapes.

Index Terms—Extended Object Tracking, Gaussian Processes

I. INTRODUCTION

Conventional object tracking is based on the point-source
model that assumes an object can generate at most one
measurement per scan, [1]. Recent improvements in sensor
technology have resulted in various applications in which
a single object can produce multiple measurements in each
scan. A well-established research area, known as extended
object tracking (EOT), systematically addresses this technical
problem. The resulting methods aim to estimate the object’s
extent along with the kinematic variables. Numerous suc-
cessful solutions have been developed, using a variety of
formulations, e.g., [2]–[13]. An extensive review of the current
is available in [14] and [15].

This paper focuses on the Gaussian process-based extended
object tracking (GPEOT) approach, where the unknown extent
is modeled by a Gaussian process (GP), and it is estimated si-
multaneously with the kinematics using sequentially available
measurements.

Following its introduction in [16], GPEOT and its variants
have been adopted in several studies; see, for example, [17]–
[26]. A critical shortcoming of the current GPEOT literature
is that the object of interest is assumed to be star-convex
which impedes the widespread use of the method in various
tracking applications. Drawing upon this observation, in this
paper, we propose an algorithm that simultaneously estimates
the kinematics and learns an arbitrarily shaped object’s extent
without imposing any convexity assumption.

Seeking a general extent description, we hereby suggest
modeling the unknown object extent by a scalar-valued poten-
tial function. The potential value of a point in space is used to
indicate whether the point is included by the object’s extent or
not. With this formulation, it is possible to represent arbitrar-
ily shaped objects, which might be non-convex and consist
of disconnected subparts. The rest of the derivation closely
follows the existing GPEOT models. In particular, we model
the latent potential function by a GP, which is approximated
at some inducing points. Subsequently, a unified state-space
model, which consists of both the kinematic variables and
the approximate description of the GP model, is constructed.
Regarding this state-space model, we implement an extended
Kalman filter (EKF) that efficiently estimates the state vector
by recursively processing point cloud measurements.

II. PROPOSED METHOD

A. Extent Representation

In this section, we will reveal the representation of the
object extent used in the derivation. While formulating the
description, our objective is to attain high representational
power, which will allow the resulting method to generalize
to a broad class of object shapes, and be sufficiently compact
for an online tracking application.

In this regard, we model the object ex-
tent by a scalar potential function, i.e.,
f(u) : Rd → R, where u ∈ Rd indicates a point in
the coordinate frame. More specifically, we follow the
conventional denotation and define the potential function as

f(u) =

{
+1, u ∈ S
−1, u /∈ S

, (1)



where S denotes the set of all points contained within the
object extent. f(u) can be interpreted as a descriptor function
whose level sets imply the latent object extent. A similar ap-
proach has been widely utilized to characterize the occupancy
information in the applications of environmental exploration
and mapping, see, for example, [27]–[29].

This extent model is of critical importance for the derivation
of a tracking algorithm that can learn the extent of the arbitrar-
ily shaped objects. The model does not impose any assumption
upon the shape of the object, such as star-convexity. Note that
the proposed model is able to express objects consisting of
multiple disconnected subparts.

In the upcoming sections, we will first introduce a proba-
bilistic model for the unknown potential function, which later
will be translated into a unified state-space model for joint
estimation of the kinematics and the extent of the object.

B. Gaussian Process Modeling of Object Extent

Being a non-parametric model, GP establishes a convenient
basis for probabilistic modeling of arbitrary potential functions
and hence the corresponding object extents. In this regard,
the potential function f(u) is assumed to have a GP prior,
i.e., f(u) ∼ GP(0, k(u,u′)), where k(u,u′) is the covariance
function, which indicates the covariance between the function
values evaluated at u and u′, i.e., k(u,u′) = E[f(u)f(u′)].

In a typical object tracking setting, the problem is to
estimate the latent variables by processing measurements that
are available in a sequential fashion. As the number of mea-
surements monotonically increases over time, a naive imple-
mentation of a GP model is infeasible due to the ever-growing
storage and computational requirements. Consequently, we
hereby employ a recursive approximation of the GP model,
which brings in favorable computational properties.

C. Recursive Gaussian Process Regression

We rely on an approximation of a GP that sum-
marizes the original model at a finite set of basis
points, i.e., f ≜ [f(uf1) . . . f(u

f
N f )]

⊤ evaluated at the inputs
uf ≜ [uf1 . . . ufN f ]

⊤. More specifically, assuming f provides
the sufficient statistics for the observations, we will be able
to compute the posterior distribution p(f |y1:N ) recursively. To
this end, we refer to the underlying GP model to offer the
measurement likelihood function and the prior density. The
joint distribution of an arbitrary function value fk = f(uk)
and the basis points f is revealed by the GP as[

fk
f

]
∼ N

(
0,

[
k(uk, uk) K(uk,u

f )
K(uf , uk) K(uf ,uf )

])
. (2)

Thereafter, following the standard GP regression equations, we
can write

p(fk|f) = N (fk;H
f
kf , R

f
k), (3a)

p(f) = N (0, P f
0 ), (3b)

where

Hf
k = Hf (uk) = K(uk,u

f )[K(uf ,uf )]−1, (3c)

Rf
k = Rf (uk) = k(uk, uk)−K(uk,u

f )

[K(uf ,uf )]−1K(uf , uk), (3d)

P f
0 = K(uf ,uf ). (3e)

Regarding (3), we can build the equivalent state-space
model, which will be used within a Kalman filter for recursive
inference, [16].

fk+1 = fk, (4a)

fk = Hf
k fk + efk, efk ∼ N (0, Rf

k), (4b)

f0 ∼ N (0, P f
0 ), (4c)

where fk is defined as the latent function values evaluated at
the predetermined inputs, i.e., fk ≜ f .

D. State-Space Model

We construct a state-space model considering both the kine-
matics and the extent of the object. The state vector is defined
as xk ≜

[
x̄⊤
k f⊤k

]⊤
, where x̄k denotes the kinematic variables

consisting of the object position ck, orientation ψk, and the

corresponding time derivatives, x∗
k, i.e., x̄k ≜

[
c⊤k ψk x∗

k
⊤
]⊤

;
fk indicates the parameterized description of the potential
function.

1) Measurement Model: In this section, we derive a mea-
surement model that reveals the relation between the state
variables and the observations.
Yk = {yk,l}nk

l=1 denotes the set of point measurements
collected at time k. In this study, we assume that a point
measurement yk,l encapsulates two types of information: (i)
the detection point in two-dimensional space pk,l ∈ R2, (ii)
the associated occupancy/free-space information ok,l. We des-
ignate ok,l as a binary-valued variable, i.e., ok,l ∈ {−1,+1},
in accordance with the definition of the potential function
in (1). In particular, ok,l takes the value of +1 for occu-
pancy measurements, or it is −1 for free-space measurements.
Consequently, a single measurement is specified by the tuple
yk,l = (pk,l, ok,l).

In practice, such measurements can be generated by various
sensor modalities, such as lidars, radars, and depth cameras.
In all these cases, the measurements provide some noisy
observations of the true source points that give rise to the
sensor readings. Accordingly, we relate ok,l to the underlying
potential function evaluated at pLk,l as in

ok,l = f(pLk,l(ck, ψk)) + ēk,l, ēk,l ∼ N (0, R) (5)

ēk,l is assumed to be zero-mean Gaussian measurement noise
with covariance R, and the expression for pLk,l is given as

pLk,l(ck, ψk) = R(ψk)(pk,l − ck). (6)



where pk,l is the corresponding point resolved in the global
coordinate frame, and R(ψk) is the rotation matrix between
the global and the local frames defined as

R(ψk) =

[
cos(ψk) sin(ψk)
− sin(ψk) cos(ψk)

]
. (7)

We illustrate the variables used in the measurement model in
Fig. 1.

By plugging in the GP representation of the potential
function, we can rewrite the measurement equation as

0 = −ok,l +Hf
(
pLk,l(ck, ψk)

)
fk︸ ︷︷ ︸

=hk,l(xk,yk,l)

+ efk,l + ēk,l︸ ︷︷ ︸
=ek,l

= hk,l(xk, yk,l) + ek,l, ek,l ∼ N (0, Rk,l). (8a)

where

Rk,l = Rf
k,l +R. (8b)

The model (8) is nonlinear and implicit, where the measure-
ment cannot be written explicitly as a function of the state
variables and the noise term. This type of model has been
commonly used in the literature to derive recursive Bayesian
filters, e.g., [20], [21]. Note that this approach, being an
example of greedy association models, can potentially lead
to biased estimates in high-noise scenarios, [14].

2) Process Model: To complete the definition of the state-
space model, we formulate the time evolution of the state
vector by the following process model.

xk+1 = Fxk +wk, wk ∼ N (0, Qk), (9)

where F is the system matrix, and wk is the process noise,
which is assumed to be Gaussian with zero mean and covari-
ance Qk. Suppose that the dynamics of the kinematic and the
extent variables do not interact with each other, then we can
partition the process model as

F =

[
F̄ 0
0 F f

]
, Qk =

[
Q̄ 0
0 Qf

k

]
. (10)
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Fig. 1: Illustration of the variables included in the measure-
ment model. The red circle indicates the point measurement.
The dashed curve denotes the object of interest.

The formulation does not put any restrictions on the se-
lection of the process model. We hereby employ the nearly
constant velocity model for the object kinematics, i.e.,

F̄ =

[
1 T
0 1

]
⊗ I3, Q̄ =

[
T
3

3 T
2

2

T
2

2
T

]
⊗

σ2
c 0 0
0 σ2

c 0
0 0 σ2

ψ

 ,
(11)

where σ2
c and σ2

ψ are the process noise variances for the
position and the orientation, respectively; T is the sampling
time; and ⊗ denotes the Kronecker product.

For the object extent, we utilize the following dynamic
model, which is known to attain the predicted distribution with
maximum entropy for unknown and slowly varying processes
[30, Therorem 1],

F f = I, Qf
k =

(
λ−1 − 1

)
P f
k|k, (12)

where I indicates the identity matrix, P f
k|k is the covariance

of the estimated extent. Notice that this model basically scales
up the prediction covariance as P f

k+1|k = λ−1P f
k|k for λ < 1,

while the mean of the prediction is the same with that of the
estimated density.

3) Inference: In this section, we present an effective infer-
ence method by relying on the state-space model developed
earlier. Particularly, the objective is to propose a method that
recursively computes the posterior distribution of the state
vector. To this end, we will utilize an extended Kalman
filter (EKF) considering the nonlinearities in the measurement
model.

To incorporate multiple measurements {yk,l}nk

l=1 available at
time k, we first form a measurement vector by concatenating
the individual measurements,

yk = [yk,1, . . . , yk,nk
]
⊤
. (13)

The corresponding measurement model can be written as

0 = h(xk,yk) + ek, ek ∼ N (0, Rk), (14)

where

h(xk,yk) = [h(xk, yk,1), . . . , h(xk, yk,nk
)]
⊤
, (15a)

yk =
[
y⊤k,1, . . . , y

⊤
k,nk

]⊤
, (15b)

ek =
[
e⊤k,1, . . . , e

⊤
k,nk

]⊤
, (15c)

Rk = blkdiag(Rk,1, . . . , Rk,nk
), (15d)

The given covariance matrix R is in block diagonal form,
which follows from the assumption that the measurement noise
terms are mutually independent.

In consequence, we obtain the following state-space model
by defining a Gaussian prior density for the state vector,

xk+1 = Fxk +wk, wk ∼ N (0, Qk),

0 = h(xk,yk) + ek, ek ∼ N (0, Rk), (16)
x0 ∼ N (µ0, P0).

The EKF regards this model to compute the posterior
distribution by processing the measurements collected at time
k.



E. Disclosing the Object Extent

The proposed model relies on the potential function rep-
resentation that inherently characterizes the underlying object
extent. Converting this description to an explicit definition of
the object’s extent might be of particular interest for various
applications. For example, a detailed extent estimate might
prove invaluable in path planning for an autonomous vehicle
aiming to avoid obstacles, or for efficient grasp planning of a
robot arm.

Let us define a binary class indicator c∗ for a query point
u∗ ∈ R2 such that c∗ = 1 denotes that u∗ is contained within
the object extent, i.e., u∗ ∈ S; while c∗ = 0 indicates that
u∗ is a free-space point. To compute the corresponding class
probabilities conditioned on the measurements collected up
to time k, we will basically regard the probability density
of the potential function at u∗ conditioned on the acquired
measurements, i.e., p(f∗|Y1:k) where f∗ ≜ f(u∗). To this
end, we can write

f∗ = Hf
∗fk + ef , ef ∼ N (0, Rf ) (17)

where Hf
∗ ≜ Hf (u∗), and using the posterior of the

potential function representation computed by the EKF,
p(fk|Y1:k) = N (µf

k|k, P
f
k|k), we obtain

p(f∗|Y1:k) = N (µ∗, σ
2
∗),

where µ∗ = Hf
∗µ

f
k|k, σ2

∗ = Hf
∗P

f
k|kH

f
∗
⊤
+Rf .

(18)

Subsequently, we follow the standard approach to obtain
the class probabilities by squashing the estimate through a
response function, [31, Ch. 3]. For the response function, we
utilize the following cumulative density function (cdf) of the
standard normal distribution, which in turn leads to a so-called
probabilistic least-squares classifier [31, Ch. 6.5.1].

p (c∗ = 1 | Y1:k) = Φ

(
αµ∗ + β√
1 + α2σ2

∗

)
(19)

Φ is the cdf of the standard normal distribution; and it
is used as a sigmoid function with parameters α and
β. Accordingly, we can calculate the other class’ prob-
ability as p (c∗ = 0 | Y1:k) = 1− p (c∗ = 1 | Y1:k). Finally,
after the class probabilities are computed, it is possi-
ble to recognize the query point as one of the classes
{extent, free-space, unknown} by simply specifying some
threshold values.

III. SIMULATION RESULTS

In this section, we demonstrate the performance of the
proposed method via simulation experiments. We investigate
three different scenarios with different motion patterns and
sensor characteristics.

In the first experiment, the object of interest is static
throughout the scenario. At each time instant, we uniformly
sample the test environment and collect 20 measurements
from the surface of the object and 50 measurements from
the surrounding free-space region. The detection points of the

Y
G

X
G

t = t
final

t = t
0

Fig. 2: Illustration of the second simulation experiment, where
the object moves in a straight line at a constant speed. The
measurements are simulated regarding a basic lidar model, tak-
ing into account how the sensor and the object are positioned
relative to each other.

measurements are corrupted by i.i.d. Gaussian noise with co-
variance 0.032I2 m

2. The sampling time is used as T = 0.1 s,
and the total duration of the experiment is 10 s. We examine
three different types of extents, i.e., a C-shape, a T-shape, and
another one containing disconnected subparts. The illustrative
results obtained at four time instants are shown in Fig. 4.

In the second experiment, we investigate an object moving
along a linear path at a constant speed of 1 m/s, which is
shown in Fig. 2. In this case, the observations are simulated
to be acquired by a two-dimensional laser range scanner. The
sampling time is used as T = 0.1 s, the total duration of the
experiment is 10 s. At each instant, the sensor emits 200 laser
beams and reports the detection points of the ones reflected
from the contour of the object. Additionally, for each laser
beam, we produce 3 free-space measurements by randomly
sampling the free section of the beam. All measurements are
perturbed by i.i.d. Gaussian noise with covariance 0.012I2 m

2.
The results are exhibited in Fig. 5.

In the third experiment, we consider an object performing
rotational motion as depicted in Fig. 3. The measurements are
simulated to be generated by a two-dimensional laser range
scanner, whose characteristics are identical to the one utilized
in the second experiment. The results are visualized in Fig. 6.

For all experiments, the tracker maintains the extent
representation over 1024 basis points, which are equidis-
tantly located on a grid over [−3, 3] m × [−3, 3] m. We
use a squared-exponential covariance function for the GP,

k (u,u′) = σ2
fe

− (u−u′)2

2l2 , where the prior variance, σ2
f , and the

length-scale, l, are set to be 1 and 0.2, respectively. The prior
mean of the kinematic variables are initialized at the ground
truth, while the prior covariance is set to be P̄0 = 1e−5I6. The
prior distribution of the extent variables are directly obtained
from the used GP model.

In all cases, the proposed method satisfactorily estimates



Y
G

X
G

t = t
0

(a)

Y
G

X
G

(b)

Y
G

X
G

t = t
final

(c)

Fig. 3: Illustration of the third simulation experiment, in which
the object rotates around a fixed point. The measurements are
simulated regarding a basic lidar model, considering how the
sensor and the object are positioned relative to each other.

the kinematic variables of the objects and learns the unknown
potential function. In the first experiment, the information
provided by the uniform measurements is successfully in-
corporated, hence at the end of the scenario, the uncertainty
over the complete region is appropriately reduced, and the
latent extent can easily be distinguished from the estimated
potential function values. In the second experiment, due to
the characteristics of the sensor, some sections of the object
are always self-occluded in accordance with the object-sensor
geometry. As the object moves along the trajectory, some of
the previously unseen parts are explored by the laser beams,
and the algorithm properly decreases the uncertainty on the
observed portion while a larger uncertainty is associated with
the unobserved regions. Notice that as the measurements are
exclusively generated by the object contour in this case, the
interior points of the extent remain mostly uncertain at the end
of the experiment. Furthermore, the third experiment shows
that the developed algorithm can successfully estimate the
varying orientation of the object. As the object rotates, the
method learns the underlying non-convex shape and appropri-
ately decreases the uncertainty of the observed regions. All
simulations are conducted in MATLAB 2021b on a standard
laptop with an Intel Core i7 2.50 GHz CPU using 32 GB of
RAM. The average computation time for a single time step of
the tracker is measured to be approximately 90 ms.

IV. CONCLUSION AND FUTURE WORK

Existing algorithms in the GPEOT framework assume that
the object of interest is star-convex. While this assumption
does not introduce a severe restriction and leads to sufficiently
flexible methods for many tracking applications, we hereby
focus on further extending the representation capabilities of the
existing approaches. In this pursuit, we suggest describing the
unknown extent by a potential function, which is modeled by a
GP. Then, a state-space model consisting of both the kinematic
variables and an approximate description of the underlying
GP model is developed. The resulting tracker enables tracking
arbitrarily shaped objects while learning their latent extent. We
illustrate the performance of the proposed algorithm through
simulation experiments.
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Fig. 4: Results obtained at some representative time instants k = {1, 3, 10, 100} during the first simulation experiment. The
true extent of the object is visualized by the solid curve. The estimated center and the orientation are indicated by the yellow
plus sign and the straight line, respectively. For the first instant, measurements originated from the extent and the free space
are shown by red and blue cross signs, respectively.
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Fig. 5: Results obtained at some representative time instants k = {1, 10, 25, 50, 75, 100} during the second simulation
experiment. The true extent of the object is visualized by the solid curve. The estimated center and the orientation are indicated
by the yellow plus sign and the straight line, respectively. For the first instant, measurements originated from the extent and
the free space are shown by red and blue cross signs, respectively.
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Fig. 6: Results obtained during the third simulation experiment. In Fig. (a) the outputs of the tracker are illustrated at some
representative time instants k = {1, 75, 150, 300}. The true extent of the object is visualized by the solid curve. The estimated
center and the orientation are indicated by the yellow plus sign and the straight line, respectively. For the first instant,
measurements originated from the extent and the free space are shown by red and blue cross signs, respectively. In Fig.
(b) the true and the estimated orientation are depicted.
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