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Abstract—As sensor resolution increases, estimators tracking
extended objects benefit from being able to closely model the
shape of the target. However, as more shape details are incor-
porated, this usually leads to increasingly complex estimators. A
more useful approach is to describe these shapes as a combination
of simpler shapes connected to each other. In this paper, we
propose a modular approach to estimate these combined targets
in function of their simpler components. This allows the char-
acteristics of each component to be encapsulated, and permits
the combination of multiple filtering techniques as required by
each component shape. This approach can be applied to track
combined objects in a large variety of environments, such as
excavators, robotic arms, wagon trains, and many others.

Keywords—Extended object tracking, connected shapes, shape
models, switching models.

I. INTRODUCTION

The classic approach to track an object is to assume that
measurements can only be generated from a single source.
However, the increasing resolution of modern sensors allows
the resolution of measurements that originate from different
points on the target’s boundary. In these cases, incorporating
information about the shape of the target yields more robust
and accurate results. This approach is denoted as extended
object tracking.

Several techniques have been developed in literature to track
simple objects based on noisy point measurements, in particular
conic approximations [1]–[5] and sticks [6], [7], ideal for cases
with very high noise. For conditions with better measurement
quality, more details of the target’s shape can be incorporated.
This leads to approaches using splines [8], star-convex [9], and
polygonal [10] approximations. However, as more information
about the shape is incorporated, the estimators tend to become
increasingly complex.

In this paper, we explore the approach of estimating complex
shapes as the combination of simple shapes. In this way,
a complex shape such as Fig. 1a can be subdivided into
different components, see Fig. 1b, which reuse the same state
parameters but interpret them individually. The estimated shape
is then obtained from the combination, or mixture, of the
individual component estimates. This gives the approach a
measure of modularity, where the characteristics of each shape
are encapsulated in their component, allowing for a combination
of different shape models and filtering techniques.

The proposed approach can be seen as the intersection of
two branches of object tracking. On the one hand, the use of

(a) Target being tracked. (b) Combined shape model.

Figure 1: Modeling a target as a combination of components.

multiple components makes the approach related to multiple
object tracking [11]–[13]. On the other hand, the fact that
the combined shape changes its behaviour depending on its
components makes the approach related to dynamic multiple
model estimation [14]–[16].

This paper is structured as follows. Sec. II presents the
problem formulation. Sec. III describes commonly used shape
models. Sec. IV explains the theoretical aspects of combined
shape models and Sec. V shows an implementation based on
nonlinear Kalman filters. Then, Sec. VI presents an evaluation
of the proposed approach. Finally, Sec. VII concludes the paper.

II. PROBLEM FORMULATION

This paper deals with shape estimation based on received
noisy point measurements. The parameters of the shape are
contained in the state x. In general, estimators treat the state
as a random vector x, where the probability density function
p(x) represents the uncertain knowledge of the parameters. The
received point measurements Y = {y

0
, · · · , y

l
} are described

in Cartesian coordinates.

Each measurement y ∈ Y is related to the state x through
the measurement model, which can be divided into the sensor
model and the shape model. The sensor model assumes that y
originates from a measurement source z̃ drawn from the target
shape Z(x), and then is disturbed during observation by an
additive noise term v, as determined by

y = z̃ + v , (1)

where v is drawn from the random variable v, which is Gaussian
distributed with zero-mean and covariance matrix Cv, i.e.,
v ∼ N (0,Cv). The shape model describes how z̃ is generated
in function of x, and depends on the characteristics of the



target shape, as described in Sec. III. Some shape models may
additionally require a shape noise parameter, denoted as s.

The measurement model can be described by the measure-
ment equation

h(x, y, v, s) = 0 , (2)

which implicitly describes the shape and sensor models. The
term h(·, ·, ·, ·) is denoted as the measurement function. The
relation between a given measurement y and the state x can be
described probabilistically using the likelihood p(y |x), which
is derived from (2). It is assumed that measurement sources
and the noise parameters are drawn independently from each
other and from the state.

The state may also evolve in time. Thus, the state at time
step k is denoted as xk. This evolution is determined by the
system model which can be described by the system function

xk+1 = a(xk,wk) , (3)

where wk is a random variable representing the process noise.
The time index k will be dropped unless needed.

III. MODELING AN EXTENDED SHAPE

This section provides a short overview of commonly used
models to describe extended shapes.

(a) Stick spatial distribution. (b) Circle GAM. (c) Disc RHM.

Figure 2: Common shape models.

A. Spatial Distribution

A spatial distribution [17] describes an extended object
in the form of a set of point sources, where each source is
assigned an explicit probability of generating a measurement.
Thus, the shape Z(x) is described as

Z(x) = { z̃(s,x) | s ∈ S } ,

where s ∈ S serves to index each measurement source.
In addition, each index s has a probability p(s) that its
corresponding source generates a measurement. Using this
concept, we can visualize the source indices as being drawn
from the random variable s.

This leads to the measurement equation

h(x, y, v, s) = z̃(s,x) + v − y = 0,

where the random variable s is treated as a shape noise
parameter.

As an example, Fig. 2a shows a line segment in light red,
where the scalar index s parameterizes the measurement sources,
and s assigns each source a uniform probability.

B. Greedy Association Models

In many tracking scenarios, only a set Z(x) of measurement
sources is given, but no assumption is made about the
probability of individual points to generate measurements.
Instead, only an implicit measurement equation is given, in the
form of

h(x, y, v) = 0 ,

where h(·, ·, ·) is related to the pseudo-measurement 0. The
measurement function h(·, ·, ·) is generally related to some
form of distance to a closest point, which is to be minimized.
For this reason, we denote these models as Greedy Association
Models (GAMs).

GAMs are generally employed for curve fitting [18]. Fig. 2b
shows an example of a circle shape, characterized by the
Euclidian distance to its center. On the one hand, this brings
the advantage that there is no need to know how sources are
distributed in Z(x), which is particularly useful in scenarios
with occlusion. On the other hand, GAMs usually require an
explicit consideration of the transformation of v, which may
lead to estimation bias [1], [2].

C. Random Hypersurface Models

A Random Hypersurface Model (RHM) [19] is an approach
that combines spatial distributions and greedy association
models. The idea is to describe the target shape based on
a shape family Zs(x), indexed with the parameter s ∈ S. In
addition, each index s is assigned a probability p(s), indicating
how likely it is that a measurement source is generated from
Zs(x). Using this concept, we can visualize the shape indices
as being drawn from the random variable s.

Each shape Zs(x) is described as a GAM with measurement
function hs(x, y, v). This leads to the measurement equation

h(x, y, v, s) = hs(x, y, v) ,

where s is treated as a shape noise parameter.

As an example, an RHM to describe a disc of radius r
can be represented as follows. First, each subshape Zs(x) is
modeled as a circle of radius s, as seen in Fig. 2b. Finally, we
assume that s is drawn from the interval [0, r], in a similar
way to Fig. 2a. It can be seen that both models together yield
a disc such as Fig. 2c.

IV. COMBINING SHAPE MODELS

The objective of this paper is to model a single extended
object, such as Fig. 1a, as a combination of multiple simple
shapes, as seen in Fig. 1b.

A combined shape model is a set of shape models M,
where each component model m ∈M has a probability p(m)
of generating a measurement source. Thus, the component
models can be seen as being drawn from the random variable
m. The generative model for measurement sources can be
described as, first, drawing a component m from m, and then
selecting a source from the corresponding component shape.
p(m) depends on several factors such as occlusion, sensor to
object geometry, artifacts, and others, which may be difficult
to model. Because of these issues, in many cases p(m) cannot
be known exactly.



The parameters of all components are contained in the
state vector x. Each component m has a known measurement
model (2), described by hm(x, y, v, sm), and a system model
(3), in the form of am(x,wm). All components use the same
parameter state x, but interpret it according to their individual
models.

Each measurement y is modeled as having been generated
by a unique component model. Thus, consecutive measurements
being generated by different components can be interpreted as
the result of component model switching. In addition, while
each received measurement y is assumed to originate from
M, it is unknown which particular component generated
it. However, backward inference and the incorporation of
measurements requires each measurement to be associated to a
given component. In consequence, a solution for estimating the
parameters of a combined model can be found by drawing from
the fields of multiple object tracking and dynamic multiple
model estimation.

A. Combined Measurement Model

The measurement model for the component m is charac-
terized by the likelihood p(y |m,x). As measurement sources
and noise parameters are assumed to be independent, given
a set of multiple measurements Y , the component can treat
multiple measurements separately as

p(Y |m,x) =
∏
y∈Y

p(y |m,x) . (4)

For the entire combined shape model, a measurement model
for a single measurement can be derived using the law of total
probability, in the form of

p(y |x) =
∑
m∈M

p(y |m,x) · p(m | y) , (5)

where p(m | y) determines the association model of y to m,
described in Sec. IV-C.

However, it may hold that the probability for drawing a
given m from m may be correlated with the components drawn
for other measurements. In this case, the measurement models
cannot be as easily separated as in (4), yielding instead

p(Y |x) =
∏
y∈Y

∑
M∈M|Y|

p(y |M ,x) · p(M | Y) , (6)

where M iterates over all possible component chains of length
|Y|. This raises a problem of hypothesis management, in
particular given that the number of measurements can grow in
time. One approach to solve this is the Multiple Hypothesis
Tracker (MHT) [14], where (6) is approximated by maintaining
a set of the N most likely component chains.

More tractable approaches can be derived from further
simplifications depending on the component switch models.

B. Component Switch Models

In this paper, we will focus on two component switch
models. For random switch models, the component probabilities
are considered as independent. This allows us to treat each

measurement independently, in a similar fashion to (4), in the
form

p(Y |x) =
∏
y∈Y

p(y |x) .

These models can be applied in case of high state uncertainty
and measurement noise.

For Markov switch models, the probability of a compo-
nent depends only on the last component that generated a
measurement. These models are governed by a fixed, known
transition matrix R, where each coefficient rm,n determines
how probable it is that component m generates a measurement
source right after component n did. As shown in (6), an exact
solution in this case is intractable, but several methods to
approximate a solution have been explored in literature [15],
[16]. An application for these models is in high resolution
sensors, where it is likely that a given component produces
multiple, consecutive measurements.

C. Association Models

Given a measurement y and a component m, there are
several approaches to describe the association model p(m | y).

(a) Simple. (b) Weighted. (c) Direct.

Figure 3: Association models.

The simplest association model, visualized in Fig. 3a, is to
assume

p(m | y) = p(m),

i.e., that the probability that a given component generates a
source is independent of the measurement. This approach is
analogous to that used by spatial distributions in Sec. III-A.
However, this form cannot appropriately deal with greedy
association models. In addition, it also requires p(m) to be
known exactly, which in many cases might not be possible.

A different approach which does not depend as strongly on
p(m), is by applying Bayes’ law, leading to

p(m | y) ∝ p(y |m) · p(m) , (7)

where p(y |m) denotes the likelihood that y was generated
by the component m. We denote this as weighted association,
visualized in Fig. 3b. This approach has the advantage that
an incorrect assumption of p(m) can still lead to good
estimation results, while also allowing for a consideration of all
components for each measurement, which is useful in scenarios
with high noise.

However, for cases of low measurement noise and state
uncertainty, usually only a single component has a high value
for p(y |m). In these cases, a simpler approach, which we
denote as the direct association (Fig. 3c), is to only use the



most likely component mL in function of y. Thus, we select
mL in the form of

mL := arg max
m∈M

p(y |m) · p(m) .

This leads to

p(m | y) =

{
1 if m = mL

0 otherwise.

The advantage is that mL, and not explicitly p(y |m), is needed,
allowing for less computationally expensive methods to be
used which can yield an appropriate approximation of mL. For
instance, mL can be chosen simply as the component containing
the point closest to y given a suitable metric. This approach of a
unique projection is commonly used in the literature, especially
in works based on articulations with ICP [20], such as [21]. A
combination of the last two approaches is also possible, i.e.,
by only considering a small subset of M around mL.

D. Modeling Constraints

The method proposed in this paper is comparable to
approaches for multiple object tracking, such as [11]–[13]. The
key difference is that, in this paper, components are assumed to
be connected, and thus, their parameters are highly correlated
and cannot be assumed to be independent. This connection also
imposes constraints between components shape parameters.

Figure 4: Constraints through parameter sharing.

In this paper, we model this connection in the parameter
space, i.e., on the level on the state x, instead of in the resulting
shapes. As mentioned before, all components use the same
parameters x, they simply interpret the parameters individually.
Thus, two components are assumed to be connected if they
share, or reuse, a given parameter in their measurement equa-
tions. The resulting shape can be interpreted as an articulation,
with the difference that two components could be modeled as
connected even if their shapes do not intersect at any point.
This approach is visualized in Fig. 4.

E. Estimator

The most widely used technique to estimate the parameters
of the target shape is using a maximum likelihood estimator
[22], [23]. Thus, using (4), the estimated xml in function of
the set of measurements Y is obtained as

xml = arg max
x

p(Y |x) .

Using Bayes’ law, we can utilize prior knowledge p(x) about
the target and incorporate the new information from Y , in the
form of

p(x | Y) ∝ p(Y |x) · p(x) . (8)

From this, a maximum a posteriori estimate [23] can be derived
as

xmap = arg max
x

p(x | Y) .

However, both of these techniques require that all used
measurements are known beforehand.

Of interest for this paper are recursive Bayesian estimators,
which estimate the state in successive time steps, incorporating
measurements as they arrive, while also allowing the state to
evolve in time. Thus, the state at the time step k is denoted
as xk, and the set of all incorporated measurements at that
moment is Y1:k.

A recursive Bayesian estimator consists of two steps.
First, using the system model characterized by the transition
probability p(xk |xk−1), we can predict the state at the time
step k from the state at time step k − 1 by

p(xk | Y1:k−1) =

∫
p(xk |xk−1) · p(xk−1 | Y1:k−1) dxk−1 .

Second, the state is updated with the received set of measure-
ments Yk using (8), by

p(xk | Y1:k) ∝ p(Yk |xk) · p(xk | Y1:k−1) . (9)

V. INTERACTING SHAPE MODELS

In this section, we implement the proposed ideas as a
recursive Bayesian estimator based on nonlinear Kalman filters.
The advantage of this approach is its simplicity, ease of
implementation and model prototyping, and high performance.

The method in this paper draws from related approaches
dealing with random and Markov switch models to approxi-
mate (6), such as Generalized Pseudo-Bayes (GPB) [15] or
Interacting Multiple Models (IMM) [16]. The idea is, first, to
execute the prediction and update steps for each component,
described in Sec. V-A, and then Sec. V-B will show how to
merge the results.

This procedure gives the approach a measure of modularity,
given that each component works independently and only the
end results are fused. This allows a combination of techniques
to be used depending on the needs of each component, ranging
from analytical solutions and sample-based approximations
[24], [25], to more general Gaussian filters not based on the
Kalman formulas [26]. For simplicity, it will be assumed that
only a single measurement is processed each time step, i.e.,
Yk = { y

k
}. Multiple measurements can be processed

sequentially, or be stacked together into a single, combined
measurement.

A. Component Filtering Step

The idea behind nonlinear Kalman filtering is to use the
framework provided by the Kalman formulas, and extend it to
nonlinear measurement equations to achieve an approximate
solution. Each component m maintains a state xmk , assumed
to be Gaussian distributed in the form of

p(xmk ) = N (x̂mk ,Cx,m
k ) . (10)

The prediction step is described by (3), in function of the last
state xmk−1, yielding the predicted state

xp,mk = am(xmk−1,wm
k ) . (11)



Figure 5: Filter for combined shape models using a random switch model.

with mean x̂p,mk and covariance matrix Cx,p,m
k , so that

xp,mk ∼ p(xk |m,Y1:k−1) = N (x̂p,mk ,Cx,p,m
k ) . (12)

The update step for y
k

is implemented according to (2), leading
to the random variable

yh,m
k

:= h(xp,mk , y
k
,vk, smk ) . (13)

From yh,m
k

, the mean ŷh,m
k

, covariance matrix Ch,m
k , and cross-

covariance matrix Cxh,m
k are obtained. Finally, the updated

state is obtained by using the Kalman formulas, relating the
pseudo-measurement yh,m

k
to 0. Thus, we obtain the gain

Km
k := Cxh,m

k · (Ch,m
k )−1 ,

which leads to the updated state

xmk ∼ p(xk |m,Y1:k) = N (x̂mk ,Cx,m
k ) , (14)

with mean
x̂mk = x̂p,mk|k−1 −Km

k · ŷ
h

k
,

and covariance matrix

Cx,m
k = Cx,p,m

k −Km
k ·C

h,m
k · (Km

k )T .

Note that, depending on the model, there might be no need
to do the prediction step in each individual filter as in (11). For
simple system models, a direct prediction step for the combined
model as in (3) is also possible.

B. Processing the Mixture

In order to merge the results from Sec. V-A, we still need
a proper association model, as shown in (5). A way to obtain
an association model for the component m, related to the
measurement y

k
, is by using (7), leading to

πmk := p(y
k
|m) · p(m) ,

where, using the terms derived from (13), we obtain

p(y
k
|m) ≈ N (0; ŷh,m

k
,Ch,m

k ) ,

which, after normalization, produces the weighted association
model

p(m | y
k
) =

πmk∑
m∗∈M

πm
∗

k

. (15)

For random switch models, merging is straightforward.
From (9), plugging in (5), we obtain the combined prediction
and update steps

p(xk | Y1:k) ∝
∑
m∈M

p(xk |m,Y1:k) · p(m | y
k
) ,

using the terms from (14) and (15). In other words, each
component filter is initialized with xmk−1 = xk−1, the state
is predicted and updated in parallel, and then the resulting
Gaussian distributions are mixed. This process is visualized in
Fig. 5. Finally, as required by (10), a Gaussian form for xk is
obtained from the mixture p(xk | Y1:k) by moment matching.

It can be seen that, for random switch models, the resulting
filter is similar to a GPB-1 estimator. For Markov switch models,
an extension is also straightforward using estimators based on
IMM or GPB-2, derived using the association model from (15).

C. Data Validation

The usual mechanisms for data validation are gating and
clutter models.

Gating makes a binary decision of whether to accept or
reject the measurement y

k
based on a user-defined parameter

εk ∈ [0, 1]. This can be easily implemented as part of the
update step in each component. First, for each component m,
(13) yields the mean ŷh,m

k
and the covariance matrix Ch,m

k .
The squared Mahalanobis distance to the component m is then
defined as

ηmk = (ŷh,m
k

)T · (Ch,m
k )−1 · ŷh,m

k
.



(a) List of components. (b) State parameters.

Figure 6: Combined shape object to be tracked.

ηmk assumed to be distributed according to χ2(H), where H
denotes the dimension of the vector ŷh,m

k
. Then, we say that

the component m validates the measurement y if

Pχ2(ηmk ) < εk ,

where Pχ2 represents the CDF of χ2(H). The validations of
each component can be combined for determining whether the
combined shape model accepts the measurement. For example,
the combined shape model may accept a measurement if at
least one component validates it.

A clutter model can also be easily implemented by creating a
dummy clutter component mC , with corresponding probability
p(mC | y) that the measurement is invalid. The prediction (12)
and update (14) steps for this component would be the identity.

VI. EVALUATION

The evaluation consisted of tracking the object shown in
Fig. 6 using synthetic measurements.

A. Tracked Target

The combined shape model is divided into five components,
as shown in Fig. 6a, and parameterized as described in Fig. 6b.
For the component m0, the shape is a circular disc, and for
every other component the shape is a line segment. The ground
truth lengths are lGa = lGb = 1 unit, while the ground truth
angles changed in time. The remaining values not shown in
Fig. 6b are fixed, and known to the filter. The radius of m0

is 0.3 units, and the lengths of the segments m3 and m4 are
0.75 units. The disc from m0 is centered on the origin.

The ground truth shape is moving as if flexing, or contract-
ing, with the angles changing sinusoidally, i.e., in the form of
sin(10−3 · k). The flex start is pictured in Fig. 7b, at around
time step 1600, and the end is in Fig. 7c, at around time step
4700. The motion is periodic and repeats itself after about 6300
steps. At the beginning of the evaluation, the target is in a
configuration similar to that shown in Fig. 6.

B. Estimator State

The parameters to be estimated are described in Fig. 6b.
More specifically, the state xk can be divided in three blocks,
in the form of

xk =
[
xa,k,xb,k,xc,k

]
,

with the first block, related to m1, having the form

xa,k = [ la,k,αa,k,ωa,k ] ,

the second block related to m2,

xb,k = [ lb,k,αb,k,ωb,k ] ,

and, finally, the third block related to m3 and m4,

xc,k = [ αc,k,ωc,k ] .

The component parameters represent the segment length, angle,
and angular velocity. This leads to a state xk with eight
parameters.

C. Component Measurement Functions

For the sake of completeness, this section describes the
measurement functions used by the components.

For m0, a circular RHM is used. This leads to the
measurement function for m0, derived from [3], as

hm0(xk, y
k
, vk, sc) = | y

k
− b | 2 − (r · sc)2 − v̄k ,

where b is the origin, r has a constant value of 0.3, and v̄k is a
bias correction term derived from vk. In particular, for isotropic
measurement noise in the form Cv = σ2 · I, [4] shows that it
holds that v̄k ∼ N (2σ2, 4σ4). The shape noise parameter sc
is drawn from sc, where s2c ∼ U(0, 1).

For the other components mi, for 1 ≤ i ≤ 4, a spatial
distribution is used to describe the segments. Each line segment
i can be described in function of a length li,k, a direction
βi,k, and a starting point p

i,k
. It can be interpreted as the

transformation of a base segment spanning from [0, 0]
T to

[li,k, 0]
T , which is then rotated by βi,k, and then translated by

p
i,k

. By applying the inverse of the last two transformations
on y

k
, we can derive a measurement function using the base

segment as

hmi(xk, y
k
, vk, s`) =

[
li,k · s`

0

]
−R(βi,k)−1(y

k
−vk−pi,k) ,

where R(βi,k) is a rotation matrix in the form of

R(βi,k) :=

[
cos(βi,k) − sin(βi,k)
sin(βi,k) cos(βi,k)

]
,

and s` is drawn from s` ∼ U(0, 1), which serves to index each
measurement source of the base segment. The terms βi,k, p

i,k
and li,k are derived from the state parameters by taking into
account Fig. 6b, and the data from Sec. VI-A.



D. Experiments

The evaluation is divided in two scenarios, Scenario A with
high measurement noise and Scenario B with low measurement
noise. The component distribution p(m) was assumed to be
uniform. In addition, the distribution of measurement sources
in each component shape was also assumed as uniform. Only
the weighted association model was considered, given that, for
the noise levels used, a direct association invariably caused the
estimator to diverge. For the component filters, an S2KF [25]
was used with a total of 32 samples.

(a) Initialization. (b) Flex start. (c) Flex end.

Figure 7: Used configurations.

The starting state is x0 ∼ N (x̂0,Cx
0). For both scenarios,

the state mean is initialized as shown in Fig. 7a, with the
lengths as l̂a,0 = l̂b,0 = 0.5 units. The starting angles are set
to π

2 , and the starting velocities are set to 0. The starting state
covariance matrix Cx

0 is 10−3 · I for Scenario A, and 10−4 · I
for Scenario B.

At each time step k, a component is drawn according to
p(m), and from the corresponding shape, a single measurement
source is drawn. This measurement source is then corrupted as
shown in (1), with Cv having a value of 10−2 · I for Scenario
A, and 10−3 · I for Scenario B. The system model consists on
a constant velocity model, leading to a direct linear prediction
step. As described before, this system model does not correctly
consider the sinusoidal velocities, which serves to further test
the capabilities of the estimator. Finally, an additive process
noise wk ∼ N (0,Cw) is assumed, with Cw having a value of
10−5 · I for Scenario A, and 10−6 · I for Scenario B.

Fig. 10 shows snapshots of the evaluation. Note that the
multiple example measurements are for visualization, for the
estimator only processes a single measurement per time step.
Fig. 8 and Fig. 9 show the results of the evaluation, averaged
for 100 runs. The generating components, measurement sources,
and noise parameters are drawn independently for each run.
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Figure 8: Estimated segment lengths. Ground truth length is 1.
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(b) Angle error for αc.

Figure 9: Error of estimated angles.

The effects of the sinusoidal movement are evident. It can be
seen that the errors increase at right after time steps 1600, 4700,
7800 and 11000, which is when the flexing motion changes
direction, requiring the constant velocity model to readjust. In
particular, the error around time steps 5000 and 11000 shows
that the estimators are still recovering from the high association
uncertainty described in Fig. 10a and Fig. 10d. Still, it is clear
that the tracker can follow the target object, even if each
component estimator only considers part of the whole shape.

VII. CONCLUSION

As sensor capabilities improve, estimators can incorporate
more information about complex shapes to improve estimation
results. In this paper, we presented an approach to model
complex shapes as the combination of simple shapes. In order
to achieve this, the approach drew from works in multiple
object tracking and dynamic multiple model estimation. The key
idea was to divide the target into components with individual
shape models, potentially with different filtering techniques
as necessary. Thus, the estimation procedure consisted of
incorporating measurements in each individual component,
and then combining the results, allowing for modularity and
encapsulation.

The approach was implemented using a combination of
nonlinear Kalman filters. Then, the estimator was evaluated
using an armature target object, which was subdivided into
simpler components. The results showed that the proposed
approach could handle high association uncertainty, and could
track the target even with high noise.
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