<]
TUDelft

Delft University of Technology

Document Version
Final published version

Licence
Dutch Copyright Act (Article 25fa)

Citation (APA)
Balci, A. E., & Rajan, R. T. (2026). Multiple Model Recursive Gaussian Process for Robust Target Tracking. IEEE Open
Journal of Signal Processing, 7, 23-31. https://doi.org/10.1109/0JSP.2025.3646127

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright

In case the licence states “Dutch Copyright Act (Article 25fa)”, this publication was made available Green Open
Access via the TU Delft Institutional Repository pursuant to Dutch Copyright Act (Article 25fa, the Taverne
amendment). This provision does not affect copyright ownership.

Unless copyright is transferred by contract or statute, it remains with the copyright holder.

Sharing and reuse

Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without
the consent of the author(s) and/or copyright holder(s), unless the work is under an open content license such as
Creative Commons.

Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.


https://doi.org/10.1109/OJSP.2025.3646127

IEEE (J IEEE Open Journal of

Signal
e

Signal Processing

ALl EMRE BALCI

Received 16 September 2025; revised 9 December 2025; accepted 11 December 2025. Date of publication 19 December 2025;
date of current version 16 January 2026. The review of this article was arranged by Associate Editor John Lipor.

Digital Object Identifier 10.1109/0JSP.2025.3646127

Multiple Model Recursive Gaussian Process

for Robust Target Tracking

(Graduate Student Member, IEEE) AND RAJ THILAK RAJAN
!'Signal Processing Systems, Faculty of EEMCS, Delft University of Technology, 2628CD Delft, The Netherlands
CORRESPONDING AUTHOR: ALI EMRE BALCI (email: a.e.balci@tudelft.nl).

This work was supported by Sensor Al Lab through the Al Labs Program of the Delft University of Technology, and the RVO (Missie gedreven Onderzoek,
Ontwikkeling en Innovatie (MOOI)) Aerial Quadcopter Units for Aquatic Flow Investigation and Nautical Data (AQUAFIND) Project

ABSTRACT Accurate tracking of targets is vital for safe and reliable operations, particularly in complex
and dynamic environments such as urban areas. Traditional tracking methods, including Kalman and particle
filters, often perform poorly in real world scenarios, due to inaccurate models and sparse or noisy measure-
ments. Gaussian process (GP) based methods offer a flexible and data driven alternative with uncertainty
quantification that does not depend on predefined dynamical equations. However, state of the art GP tracking
approaches require expensive hyperparameter optimization, which limits their practicality for real time
applications. In this work, we introduce a novel GP mixture based computationally efficient tracking method,
which is capable of modeling complex system behavior and adapt to changing dynamics. Our proposed
solution, named Multiple Model Recursive Gaussian Process (MM-RGP), adapts continuously to changing
dynamics, is capable of modeling complex behavior, and is robust against sparse observation. In addition,
the proposed method avoids hyperparameter optimization and adapts to incoming data. We demonstrate
the effectiveness of our solution using the example of uncrewed aerial vehicle (UAV) tracking, with both

(Senior Member, IEEE)

simulated and real datasets, and propose directions for extending our work.

INDEX TERMS Gaussian process, target tracking, online learning, adaptive filtering.

I. INTRODUCTION
Target tracking is a fundamental problem in a wide vari-
ety of autonomous systems, where accurate localization is
critical for safe and efficient operation [1], [2]. Tracking re-
mains a significant challenge, particularly for systems that
exhibit highly complex motion or when only sparse observa-
tions are available [3], [4], [5]. One of the prominent case
is that of UAVs, which are used in numerous application
areas including aerial surveillance, agriculture, disaster re-
sponse, and logistics [6], [7]. Various tracking solutions have
been developed employing a wide range of sensors such as
ADS-B [5], [8], radar [9], and GPS [10], contributing to bet-
ter airspace awareness, collision avoidance, and autonomous
flight. Nevertheless, the complex and dynamic behaviors of
UAVs, combined with sparse or intermittent observations
from real-world sensing systems, continue to pose significant
challenges for traditional tracking algorithms.

Conventional tracking techniques, such as Kalman fil-
ters (KF) and particle filters (PF), are widely used in

applications [11], which typically rely on accurate system
models to propagate state estimates. In practice, target dy-
namics are often influenced by unpredictable environmental
disturbances, such as wind gusts [12], which can cause model
mismatch and lead to poor tracking performance. This issue
is especially apparent in complex settings where system be-
havior deviates from expected models. Urban environments
introduce additional challenges for tracking [13], e.g., signal
occlusion, sensor limitations, and degraded GPS signal avail-
ability often result in sparse and noisy measurements. In such
conditions, model based approaches such as KF and PF may
fail to maintain reliable state estimates.

Data driven methods have recently gained traction in vari-
ous fields for inference and control primarily because of their
flexibility and robustness, especially with GPs emerging as a
promising tool for modeling complex system behavior [14].
GPs offer a nonparametric Bayesian framework that allows
for learning arbitrary functions without requiring an explicit
dynamical model, making them well suited for unpredictable
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FIGURE 1. Function estimations and the true function (top), and pointwise
errors for the corresponding estimated functions (bottom).

and nonlinear target motion [15], [16]. Recent works on GP
based learning and target tracking have shown reliable per-
formance across a variety of scenarios, including multi target
tracking [17], [18], [19], distributed architectures [20], [21]
and generalized non-Gaussian process models [22]. Although
valuable, these approaches often rely on manual or computa-
tionally expensive hyperparameter tuning, which limits their
scalability and use in real world settings. Recently emerged
sampling based GP methods [23], [24], [25] became popular
for improved tracking performance, however, they tend to
suffer from curse of dimensionality, a common problem for
sampling based solutions. In the existing literature there is a
growing need for improved methods that are not only reliable,
scalable, and suitable for onboard computing, but also adapt-
able to changes in system dynamics due to environmental
factors or external disturbances.

In this work, we present a GP mixture based tracking
method that addresses these limitations by eliminating the
need for hyperparameter tuning and enabling online adapta-
tion through incoming data. Rather than relying on known
transition models, we present a robust and computationally
efficient framework for estimating the trajectory under sparse
observation conditions. Our approach combines the flexibility
of GPs with improved computational efficiency, making it
well suited for real-time tracking in complex, dynamic, and
resource constrained environments. Compared to relatively
complex multiple model GP methods [26], [27], [28], [29],
our solution is simpler and more practical for real world target
tracking tasks. Our main contributions in this work are as
follows:

® We propose a flexible model with a GP based target

tracking approach that can capture irregular yet smooth
dynamic patterns.

® We introduce a scalable GP regression formulation that

is readily applicable to real-time target tracking applica-
tions for potential edge based implementation.
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® We adopt a data driven multiple model online kernel
learning approach for improved robustness and adapt-
ability.
® We conduct experiments to compare our solution with
the state of the art tracking approaches, i.e., [16]
and [30], and show the effectiveness of our approach.
Notation: Scalars are denoted by regular lowercase letters,
e.g., x, bold lowercase letters represent vectors, e.g., x, bold
uppercase letters, e.g., X denote matrices, and calligraphic
letters denote sets, e.g., X'. A tuple of variables is denoted
using parentheses, e.g., (x,y). A sequence of variables is
denoted with curly braces, e.g., X = {x,,}f:’=1 where n in-
dexes elements from 1 to N, and a subsequence is denoted
as . = {xn}fl:i for 1 <i < j < N.The ith entry of a vector
x is denoted by [x];, the (7, j)th entry of a matrix X is denoted
by [X];j. An N x N identity matrix is written as Iy, and
equivalence is denoted by 2. Probability density functions
are generally denoted by p(-). The multivariate normal dis-
tribution with mean g and covariance matrix X is written
as N(p, X), and its density evaluated at x is denoted by
N p, 2.

Il. PRELIMINARIES

In this section, we introduce the essential background on GP
regression, laying the groundwork for the methods employed
in our proposed approach. We begin with an overview of
standard GP regression, followed by recursive and multiple
model extensions of GP regression. These concepts will be
extensively utilized and built upon in the development of the
proposed approach.

A. GP REGRESSION

A GP defines a probability distribution over functions, i.e.,
f:S — R for a given domain S C RP, such that for any
finite set {xn}f;’:1 of N inputs, the joint distribution of
function values {f(x,) | x, € S}’,:'=1 follows a multivariate
Gaussian distribution [31]. This distribution can be fully
specified by a mean function p: S — R and a kernel « :
S xS — R, and thus we write f ~ GP(u,«) to denote
this overall distribution. Without loss of generality, through-
out this manuscript we assume that p(r) = 0. Consider a
dataset Dy.y = {(x,,, yn)}ﬁlvzl, where for a given set of inputs
XE2x,|x, €S }2]:1 we observe noisy realizations

Yn=fX) + e € ~N©O,02), (1)

where the unknown function, modeled as a GP, can be learned
by choosing an appropriate kernel. For illustration, consider
the widely used squared exponential (SE) kernel

llx; — x|
K(xi,x; | 0) =0} exp(—#), )

where the hyperparameters, i.e., signal variance 032 and length

scale ¢, determine the general behavior of the underlying func-
T
tion. The hyperparameters 0 £ [02 Z] can be tuned to

s

best fit the data [y]; £ y; by solving the following optimization
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A

0= argm;lx logp(y | X, 8),
_ s Tl
=arg m;n[y Iy + logdet(I)], 3)

where T £ Kxx + O'GZIN and [Kxx];j = Kk(x;,x;). Now,
given the dataset Dy.y and a trained kernel, the predictive dis-
tribution at some known test locations X'* = {xilxieS }51\,:1

can be defined by the joint posterior distribution fy = f |
Diny ~ N(fy, Zn) of the vector [, £ f(x¥), which can be
computed in closed form [32, Ch. 15] as

jN =K§*r_1yv
vy =K., — Kt . T7'Kxs,,

(4a)
(4b)

where [Kx.]ij = ke (x;, x%) and [K.uij = «(x}, x%).

B. RECURSIVE GP REGRESSION

Observe that the computation of both the GP hyperparame-
ter tuning (3) and the GP posterior distribution (4) involves
N dimensional matrix inversions, leading to computational
complexities of O(N?), which makes GP regression imprac-
tical for large datasets or real time applications. To address
this issue Huber [33] proposed a sequential, yet approximate,
algorithm called recursive GP (RGP) regression that pro-
cesses each observation (x,, y,) individually. Let f;_; £ [
Dig_1 ~ N(fk_l, Y1) be the function estimate obtained
after processing observations until time k, where 1 < k < N.
Then, to incorporate a new observation y; at x, we apply the
widely known Markov assumption [34], [35], [36] to approx-
1mate,

POR | Frets Ziet, %k, Dig—1) ~ pOo | Fre1s Zim1, Xp),

)
which is equivalent to the linear observation model [33]
i =hl fioi + e e ~NQO,07), (6a)
I 2 K e, (6b)
op & k(e xp) + 07 — kK K (6c)

where [k ]i = Kk (xf,x;). See Appendix A for a detailed
derivation. With this formulation, the posterior density f; ~
N (f, Zi) can be calculated using the update equations

Fr=Fio1 + &0k — 90, (7a)
T = T — g e, (7b)
where,
S SR fi. (82)
g & Tl !, (8b)
sk 2 hl S by + o} (8¢)

Here, 91, g, s, and h,{ can be interpreted as the predicted
observation, gain, innovation variance and observation vector,
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respectively. Note that with this approach we can eliminate
the computational complexity O(N?) by precomputing K ;*1
and only inverting the scalar sy.

C. MULTIPLE MODEL RECURSIVE GP REGRESSION
(MM-RGP)

Extending the classical GP regression in Section II-A to a
multiple model framework [26], [27], let K = {x™}M_, de-
note the set of candidate kernel functions, where each x ™ :
S x § — R represents a distinct behavior of the true func-
tion. In contrast to conventional GP, our goal is now to learn
the true function with elements of /C without tuning the kernel
hyperparameters. To this end the observation log-likelihood
in (3) can be modified into an integer programming problem

to find the most suitable kernel index m € M £ {1,2, ..., M}
rather than directly tuning the hyperparameters 6 as
m = arg max log p(y | X, m),
meM
— ; T pim)y—1 (m)
= arg min [y (r'"H~'y + logdet(T )], ©))
meM

where T 2 K" 4 62Iyy. Here the model index /i € M
represents the kernel function ) e K. Following (4), for
each «™ ¢ I, a distinct mean and covariance can be ob-
tained for the posterior distributions f | Dy.y, k™ £ fl(\r,") ~

N(fy () 25\’,")), whose moments are

Fa = KU (KU + 021y) 'y, (10a)
0 = KU — (KU (KW 4+ 621y) T 'KYY,  (10b)

where [K{1;; £ k™ (xf, x%), [KyD1i; 2 k™ (x;, x%5) and
[Kg(”)'() lij £ k™ (x;, x ;). We expect each kernel candidate « ™
to produce a different posterior distribution, depending on
the kernel type and the hyperparameters. Some kernels will
naturally perform better than others, and this difference can
be quantified to select the “best” kernel.

An alternative approach is to employ a weighted average of
the probability densities in (10), where the weights are deter-
mined based on the data [28], [29], [37], [38]. Consequently,
we consider a posterior density of the form

pF) =Y NG I B, an

where fy = f | Dy, K the weights satisfy Y ™ =1 to
ensure that the resulting posterior is a valid probability dis-
tribution. This weighted sum no longer describes a Gaussian
distribution, instead a Gaussian mixture, but the distribution
can be approximated as a Gaussian fy ~ N (fy, Zy) with a
mean and covariance [32, Ch. 11] as follows

fv=> o™fy", (12a)
Ev=Y o™ (z};") rw (f f}&”))) : (12b)
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where & : RY x RY — RV*VN denotes the outer product of a

vector with itself

w(v) 2 ool (13)

Furthermore, weights can be assigned by using observation
log-likelihoods, giving larger weights to kernels whose log-
likelihood is closer to zero, for instance

o — _(ogpy | X, ")~
2 (log ply | &, kD))~!"

which enables the framework to span a broader function space
in contrast to each individual kernel candidate in K.

To illustrate the idea, Fig. 1 shows the use of M = 2 models
equipped with SE kernels in (2) with different length scales.
As expected, the kernel with the larger length scale captures
low frequency components of the true function, whereas the
one with the smaller length scale adapts to higher frequencies.
According to (9), the model with the smaller length scale
fits the data best, even though it appears to be overfitted. In
contrast, the mixture estimate, weighted via (14), strikes a
balance between the two kernels and offsets the errors of one
by leaning more on the other.

(14)

1Il. MULTIPLE MODEL RECURSIVE GP (MM-RGP)

Multiple model GP regression enhances model capacity and
expressivity as compared to conventional GP approaches,
while RGP reduces computational complexity by dynamically
updating the moments of the posterior distribution for new ob-
servations. In this section, we seek to combine the strengths of
both frameworks and introduce the Multiple Model Recursive
Gaussian Process (MM-RGP) regression for online estimation
and adaptive multiple model learning. Inspired by the popular
Interacting Multiple Model (IMM) filter [39], MM-RGP seeks
to strike a balance between computational efficiency and im-
proved modeling flexibility.

A. MULTIPLE MODEL RECURSIVE GP REGRESSION

We begin by combining the observation model in (6) with a
random walk model and propose a state space model, for each
kernel function k) € KC, where i € M, i.e.,

foi ~ N, KD), (152)
F =10+, (15b)
et = DT FEL + vl (15¢)

where f 0/0 is the prior, nkl ~ N(0, Q,(:)) is the process noise
modeling possible variations in the true function over time
and "1521 ~ N0, (crk(fﬁl )2) is the observation noise associated
with the ith filter. Observe that, unlike conventional adaptive
filters, we do not depend on predefined dynamical models of
the target. Instead, we represent the state vector as a collection
of positions across multiple time instances and update the
trajectory estimate as a whole with incoming data, allowing
us to accommodate complex dynamics more readily.

26

Consider a discrete random variable my;, € M representing
the model index at time k, which allows the system to switch
between different models over time. We then aim to infer
and update its distribution at each time step. To this end we
maintain a probability mass function over all possible models,
where w,((l) £ p(my = i) denotes the probability that the model
indexed as i being active at time k. In the absence of data, the
model probabilities evolve over time according to a Markov
chain, i.e.,

Wit = E(x)k, (16)

where the vector w; = [w,(cl), a)l({z), a),({M)]T e RM con-

sists of model probabilities (or weights), and E is a fixed right
stochastic matrix [40] which obeys the constraint 1 = E1
where 1 represents a vector of ones of appropriate size. The
elements of the stochastic matrix then represent the proba-
bilities of transitions between models at each time step, i.e.,
[Eij £ plmyy =i | my = j).

Now, to obtain the state estimate within this framework, we
combine the outputs of the filters associated with each state
space model (15). Before each filter update the most recent
estimates are combined into Gaussian mixtures

b= > AINGE 7Y

j=1

). VieM,  (7)

where f ,ij‘,z and E,((jl 12 denote the posterior mean and covariance

of the filter j at time k respectively, and the mixture probabil-

ities y( 7 can be calculated as

(J)[ ]
S o2

The resulting distributlons are approximated as Gaussian dis-
tributions f,((l) ~ N(f} Fo , =), whose moments are

M
20 _ ij) ()
kl —Zl’k S

j=1

M
() (i) ) ()
Zk :Z L (Ekj‘k—i—lp(fklk
j=1

@ij) &

Vi (18)

(19a)

7). ao

and then transferred to the filters corresponding to their model
indices i as inputs. Each filter then updates its posterior mo-

ments as
(@)

Sivi = 7o, (20a)
20 =20+ 0 (20b)

(@) o(@)
fk+1|k+1 = fk+1|k +gk+1 (yk+1 ka) ; (20¢)

() (@) (i) (i) T ()
Tttt = Zirie — &t i) T e (20d)
where h,((’}rl, y,ﬁ’il and g,((lil can be calculated using (8). Inter-

mediate quantities computed during the filter update step as
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FIGURE 2. A graphical illustration of the proposed algorithm with M = 3 models processing the k + 1th observation. Internal variables are shown in
black, external inputs, e.g., observations are in red, and system outputs are in green. The system receives the latest filter estimates and model
probabilities from the previous update step k as internal inputs, while observations are acquired externally. The system outputs a combined estimate
which is not fed back into the system however individual filter outputs are reused in subsequent iterations.

defined in (8), are not only essential for updating the posterior
moments of each model but also directly serve in evaluating
the model likelihoods without requiring any additional com-
putation. These variables are fed directly into the likelihood
expression

POkt | Xprts misr = 1) = N 10,0580 ), (21a)
N (i)

yl(:il h(l)l) Fiiuge (21b)
() (@) T () (@) (i) \2

Sipr = (2p) Ekl-i-llkhl 1+ (o) (21c)

which are then used to update the model probabilities as

@) PO k1 Mgt = 1) Y0 w0 2]
k1 = :
S POkt s 1 M —1)2 ! o 2]
(22)

Finally, a weighted sum of the posterior densities associated
with each model is returned to the user as the output estimate

Fre1 ~ N(frs1, Tiyr) with

4 (i)
Srt1= Zwk+1fkl+1|k+1, (23a)
A (i)
_ : . .
Y1 = Zw,ﬁ’ll (E,(('l”kﬂ + W (i — fk+1)> .
(23b)

and the process repeats when the next observation is
received.

A visualization of the algorithm and its pseudocode for pro-
cessing the (k + 1)th observation (k € {0, ..., N}) are shown
in Fig. 2 and Algorithm 1, respectively. The algorithm be-
gins by constructing M GP mixtures using the most recent
filter estimates. The moments of these mixtures are then uti-
lized as priors. The algorithm proceeds by updating the state
estimates and the model probabilities with the new observa-
tion. The output of the algorithm consists of the moments of
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Algorithm 1: MM-RGP for the (k 4+ 1)th Observation.

- Input: {0}, { f/(<l|;<}l 1o l(clﬁc}
: Observatlon Vkt15 Xk+1)
:fori=1toM do >Construct Gaussian mixtures
Compute mixture probablhtles y(” ) using (18)
(l) Z(l)

Compute mixture moments
: end for
cfori=1toM do

() i
Compute updates fj 141 Zl(clil|k+

9:  Compute probabilities a)](:jrl using (22)
10: end for R
11: Compute moments of N(frs1> Zig1) using (23)
12: Output: fi i1, Tiy

using (19)

> Compute filter updates

® DU AL~

| using (20)

the GP mixture, derived from the latest state estimates and
model probabilities. This process is repeated each time a new
observation is received. It is important to note that, before
processing the first observation, each filter must be initialized
using the prior distributions as in (15a).

B. PREDICTIVE DISTRIBUTION FOR MULTIPLE MODEL GPS

In our setting, predictive distributions from GPs are especially
valuable because they quantify uncertainty about unseen re-
gions of the trajectory, which is essential for robust decision
making. In the context of multiple model GPs, predictive dis-
tribution can be considered as a mixture of Gaussians, similar
to (11), which can be potentially evaluated at a different set of
prediction points

M

> o N T T

i=1

p(f | D, K) = (24)

where [fl, £ f(z,) for test points Z £ {z, |z, €S }le
Note that Z are distinct from X'*,i.e., XY* N Z = @. Given the

27
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FIGURE 3. Comparison of IMM-CV [30] (a), RGP*MT [16] (b) and MM-RGP algorithm (c) on a set of observations of the trajectory in (26).
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FIGURE 4. Squared errors of IMM-CV [30], RGP*MT [16] and the proposed
MM-RGP algorithm over 500 MC runs. Shaded areas indicate 3-¢ error
bounds.

. () . ) e
posterior means f, and the covariances X x> the predictive

distributions f | Dy, kO ~ N (j’,(ci), fil(f)) can be calculated
for each component individually as

. , e (D)

FO = E&DTEDT Fi

50— K8, + 8 (K0 1) o,
(25b)

(25a)

where [K!)];; £ Kk (x%,z1) and (KU1 2 kD (z;,2;) repre-
sent the relationship between (X*, Z) and (Z, Z), respec-
tively. Together, these predictive components can be com-
bined, similar to (11), to express predictions with uncertainty
in unobserved areas of the true function.

IV. EXPERIMENTS

We now present the experimental evaluations of our proposed
algorithm, comparing and benchmarking it against two al-
gorithms namely the RGP*MT method introduced in [16]
and a conventional IMM filter composed of constant veloc-
ity models [30], i.e., IMM-CV. The RGP*MT method is a
recently proposed GP based tracking approach with online
kernel learning. In contrast, the IMM-CV tracker comprises

28

multiple Kalman filters, each equipped with different process
noise covariances.

Our evaluation consists of two datasets. The first dataset
examines a simulated 3D trajectory designed to highlight the
behavior of each method when applied to an infinitely dif-
ferentiable and complex motion pattern. The second uses a
real-world dataset, i.e., the Zurich urban micro aerial vehicle
dataset [41], which includes ground truth trajectories and on-
board GPS measurements from a micro aerial vehicle (MAV).
For both datasets, we uniformly sample a small subset of time
instances from the full set and use the corresponding noisy ob-
servations, which effectively sparsifies the data. We evaluate
performance by computing squared errors over time to assess
the accuracy of trajectory prediction. In addition, we report
average runtimes to compare the computational efficiency of
the algorithms. To evaluate the proposed algorithm we use
the predictive distribution, as presented in III-B, throughout
the whole trajectory, while RGP*MT and IMM-CV will rely
on their respective prediction schemes. The Python code for
all the experiments are available at https://github.com/asil-
lab/aeb_mm_rgp.

A. SIMULATED 3D TRAJECTORY

We begin with a toy example involving the estimation of a
simulated 3D trajectory from noisy point measurements. The
ground truth trajectory is defined as a function of time

fe(®) tcos(t + log(r + 1)/5)
foO =110 = t log(sin®(t) + 2) , (26)
1) 3Vt

for ¢t € [0, 15]. This trajectory is infinitely differentiable but
does not conform to standard motion models such as constant
velocity, acceleration, or jerk. As such, model based algo-
rithms are generally ill suited for this type of motion.

In this scenario, we choose to use five different SE kernels
for MM-RGP, as defined in (2), with length scale parameters
L e{l, 3,5, 7, 9} coupled with a stochastic matrix selected
as 0.9 for the diagonal elements and 0.025 for the off diagonal
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elements. The process noise covariance is selected as Q,({') =

ozZ,({il)k where @ = 107°. The RGP*MT algorithm uses an SE
kernel with an initial length scale of ¢ =5 and optimizes
the hyperparameters over time. For IMM-CV, we use five
process noise covariance matrices of the form Qy = gl4, with
ge{lx1072,5x 1072, 1 x 107, 1.5 x 1071, 2 x 1071}

Fig. 3 shows three figures with the true trajectory along
with the same set of noisy observations that are inputs to
the three algorithms under consideration. From left to right,
these plots are overlaid with the estimated trajectories pro-
duced by IMM-CV, RGP*MT, and the proposed algorithm
MM-RGHP. In this single trial, notice that the performance of
the tracking significantly improves as we move from left to
right. To further understand the performance, we conducted
500 Monte Carlo runs on the same trajectory, with random
sampling of observation times and noise. The mean squared
error versus time plots of the three algorithms are shown
in Fig. 4, along with their respective 3-0 error bounds. The
results clearly demonstrate that the superior performance of
our proposed MM-RGP significantly outperforms the state of
the art IMM-CV and RGP*MT methods.

The IMM-CV method [30] uses constant velocity motion
models, which are insufficient to capture the complexity of
the target’s movement in this scenario, leading to inaccu-
rate predictions. Classical IMM filters handle smooth motion
transitions, but tend to overshoot and recover slowly after
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abrupt motion behavior changes. In contrast our approach
avoids predefined motion models which is the key reason for
lower error means and variances, despite this complex mo-
tion scenario. The RGP*MT approach [16] appears to suffer
from overfitting, likely due to its reliance on hyperparameter
optimization. This overfitting diminishes its robustness, par-
ticularly in the presence of sparse data. Our adaptive kernel
learning approach embedded within the proposed MM-RGP
addresses these challenges by dynamically adjusting model
probabilities based on the incoming data, which helps avoid
overfitting and provides more accurate predictions.

B. ZURICH URBAN MAV DATASET

The Zurich Urban MAV Dataset [41] provides high quality
multimodal sensor data for drone navigation research. It in-
cludes synchronized recordings from event cameras, standard
RGB cameras, IMU, GPS, and a motion capture based ground
truth system, which enable detailed analysis of flight dynam-
ics and positioning. In our work, we used the 2D projection of
dataset’s ground truth data over 2650 time instances and the
2D projections of 140 randomly selected GPS measurements.

For this experiment MM-RGP is equipped with five
distinct Matérn kernels [31, Chapter 4], each with a
smoothness parameter of 3/2 and length scales ¢ €
{50, 150, 250, 350, 450}. The choice of a different kernel,
i.e., Matern, as compared to SE in the previous simulated
dataset, is to illustrate the expressivity of our proposed
approach. As the process noise covariance we choose
Qk’) = a):,(('ﬁ{ where o = 107°. The matrix E is selected as
0.9 along the diagonal, 0.025 for off diagonal elements. To
ensure a fair comparison, the Matérn kernel is also used for
the RGP*MT algorithm with the same smoothness param-
eter and an initial length scale of £ = 250. The IMM-CV
algorithm uses five process noise covariance matrices of the
form Q; = gl4, with g € {1, 2, 3, 4, 5}.

Fig. 5 shows the true trajectory along with the estimates
of all algorithms under consideration, using the same set of
observations. The IMM-CV algorithm is observed to overfit
to the measurements, which leads to noticeable deviations
from the true trajectory, especially during abrupt changes in
the MAV’s direction. In contrast, the RGP*MT algorithm
performs well overall, although its accuracy deteriorates in
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TABLE I. Average Runtime Comparison of IMM-CV, RGP*MT, and the
Proposed Algorithm MM-RGP

Algorithm  Configuration Avg. Runtime (us)
IMM-CV 4 states, 5 models 335
Proposed 50 states, 5 models, SE kernel 763
Proposed 50 states, 5 models, Matérn kernel 949
RGP*MT 50 states, SE kernel 2250
RGP*MT 50 states, Matérn kernel 8904

the presence of outlier observations. The proposed approach
demonstrates superior robustness, effectively handling out-
liers and avoiding model mismatch, which makes it the top
overall performer in real world scenarios. In Fig. 6, the box
plot shows that the outlier errors are much less spread for
our approach, indicating the robustness of the algorithm in
real world scenarios. It is also worth noting that the proposed
approach achieves this performance in a scenario where the
drone follows a trajectory with non-smooth and irregular mo-
tion patterns that are commonly observed in practical tracking
situations. Furthermore, the flexibility of the proposed ap-
proach enables it to maintain strong performance even under
the additional challenge of the sparse measurements present
in this experiment.

C. RUNTIME COMPARISON

All experiments were conducted on a MacBook Pro equipped
with an Apple M3 chip, using Python 3.11. Table 1 presents
the average runtimes to process a single observation within
the same experimental setup, with specified state vector sizes
and kernels used. Note that IMM-CV uses state vectors of
size 2, consisting of target position and velocity, for each
tracking dimension. In contrast, both RGP*MT and MM-RGP
use state vectors where the state vector sizes are equal to
the number of inducing points in each tracking dimension.
Hence, IMM-CV is significantly faster than both RGP*MT
and MM-RGP. However, MM-RGP is an order of magnitude
faster than RGP*MT, despite outperforming in both simulated
and real-world datasets. MM-RGP thus strikes a balance be-
tween model complexity and computational efficiency, while
delivering superior overall performance.

V. CONCLUSION

In this paper, we presented an adaptive GP mixture based
approach for tracking highly maneuverable targets such as
UAVs. Our method employs an ensemble of filters with an
online mixture weight update scheme inspired by the IMM
filter formulation [39]. Compared to previous ensemble GP
approaches [28], [29], our formulation is simpler yet effective
and readily extensible to a broader range of topologies with-
out relying on basis function representations [42], [43]. We
demonstrated the efficacy of our approach against RGP*MT,
a previously proposed GP based tracker [16], and IMM-CV, a
classical constant velocity IMM tracker [30], achieving lower
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tracking errors and smoother trajectory estimates. Addition-
ally, our method exhibits improved estimation and runtime
performance compared to RGP*MT, with performance gains
becoming more pronounced as the number of basis points
increases. For future work, we aim to extend our approach
to scenarios with sparse observations, such as ADS-B based
aircraft tracking in regions with limited ground station cov-
erage [5] and intermittently connected drone swarms, where
observations are typically sparse [44]. At the intersection
of machine learning [45], [46], [47], [48] and target track-
ing [49], [50] fields, our work aims to contribute a solution
that is not only effective in learning dynamics, but also
broadly applicable to related fields.

APPENDIX A
We begin with the observation that the distribution of fy
f | Dy can be factorized using the chain rule as follows

A

k
P I D) o [ [ G | %0 Diact) ).

(27
n=1
and subsequently using (5) we have
k
P 1 Dra) o< [ | pGn | £2%0) pUS), (28)
n=1

& p(yi | S xi) p(f | Drge—1), (29)

which results in the following recursions
p(f I Drg) < p(ye | . xi) p(f | Diege—1). (30)

We can then calculate the observation likelihood p(y; | f, xx)
by considering the joint distribution
>, (31)

(32)

K., Kk
T 2
Ky KX, Xp) + 0f

f |kaN<0,
Yk

and using Gaussian conditioning rules to obtain
Ve | foxi ~ N f, c(er, xi) + 02 — i Koshy),

where by £ (lcka *_*I)T which is equivalent to the linear ob-
servation model (6).

REFERENCES

[1] Y. Bar-Shalom and X.-R. Li, Multitarget-Multisensor Tracking: Princ.
Techn., vol. 19. Storrs, CT, USA: YBS Publishing 1995.

[2] Y. Bar-Shalom, X. R. Li, and T. Kirubarajan, Estimation With Appli-
cations to Tracking and Navigation: Theory Algorithms and Software.
Hoboken, NJ, USA: Wiley, 2001.

[3] C.Spring-Turner and R. T. Rajan, “Performance bounds for cooperative
localisation in the starlink network,” 2022, arXiv:2207.04691.

[4] T.Manteaux, D. Rodriguez-Martinez, and R. T. Rajan, “RAPF: Efficient
path planning for lunar microrovers,” in Proc. 2024 Int. Conf. Space
Robot., 2024, pp. 56-63.

[5] X. Yang, J. Sun, and R. T. Rajan, “Aircraft trajectory prediction using
ADS-B data,” in Proc. Symp. Inf. Theory Signal Process. Benelux, 2022,
pp. 113-122.

[6] H. Shakhatreh et al., “Unmanned aerial vehicles (UAVs): A survey on
civil applications and key research challenges,” IEEE Access, vol. 7,
pp. 48572-48634, 2019.

VOLUME 7, 2026



ISEEE i 2y IEEE Open Journal of
dcessing  Signal Processing

Processing
i

(71

(8]

(91

[10]

[11]

[12]

[13]

[14]

[15]

[16]

(7]

[18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

N. Mohd Noor, A. Abdullah, and M. Hashim, “Remote sensing
UAV/drones and its applications for urban areas: A review,” in
Proc. I0P Conf. Ser, Earth Environ. Sci., vol. 169, no. 1, 2018,
doi: 10.1088/1755-1315/169/1/012003.

Y. Zhu et al., “UAV trajectory tracking via RNN-enhanced IMM-KF
with ADS-B data,” in Proc. IEEE Wireless Commun. Netw. Conf., 2024,
pp. 1-6.

F. Hoffmann, M. Ritchie, F. Fioranelli, A. Charlish, and H. Griffiths,
“Micro-Doppler based detection and tracking of UAVs with multistatic
radar,” in Proc. IEEE Radar Conf., 2016, pp. 1-6.

R. Abdelfatah, A. Moawad, N. Alshaer, and T. Ismail, “UAV tracking
system using integrated sensor fusion with RTK-GPS,” in Proc. Int. Mo-
bile, Intell., Ubiquitous Comput. Conf., Cairo, Egypt, 2021, pp. 26-27.
X. Yan et al., “UAV detection and tracking in urban environments
using passive sensors: A survey,” Appl. Sci., vol. 13, no. 20, 2023,
Art. no. 11320.

J.R. S. Benevides, M. A. D. Paiva, P. V. G. Simplicio, R. S. Inoue, and
M. H. Terra, “Disturbance observer-based robust control of a quadrotor
subject to parametric uncertainties and wind disturbance,” IEEE Access,
vol. 10, pp. 7554-7565, 2022.

R. A. Zitar, A. Mohsen, A. E. Seghrouchni, F. Barbaresco, and N. A.
Al-Dmour, “Intensive review of drones detection and tracking: Linear
Kalman filter versus nonlinear regression, an analysis case,” Arch. Com-
put. Methods Eng., vol. 30, no. 5, pp. 2811-2830, 2023.

M. Liu, G. Chowdhary, B. C. da Silva, S.-Y. Liu, and J. P. How, “Gaus-
sian processes for learning and control: A tutorial with examples,” IEEE
Control Syst. Mag., vol. 38, no. 5, pp. 53-86, Oct. 2018.

W. Aftab and L. Mihaylova, “A Gaussian process regression approach
for point target tracking,” in Proc. 22th Int. Conf. Inf. Fusion, 2019,
pp. 1-8.

W. Aftab and L. Mihaylova, “A learning Gaussian process approach
for maneuvering target tracking and smoothing,” IEEE Trans. Aerosp.
Electron. Syst., vol. 57, no. 1, pp. 278-292, Feb. 2021.

F. Lydeard, B. I. Ahmad, and S. Godsill, “Integrated Gaussian processes
for robust and adaptive multi-object tracking,” 2025, arXiv:2507.04116.
F. Goodyer, B. I. Ahmad, and S. Godsill, “GaPP: Multi-target tracking
with Gaussian processes,” in Proc. IEEE Int. Conf. Acoust., Speech
Signal Process., 2023, pp. 1-5.

Q. Guo, L. Teng, T. Yin, Y. Guo, X. Wu, and W. Song, “Hybrid-
driven Gaussian process online learning for highly maneuvering multi-
target tracking,” Front. Inf. Technol. Electron. Eng., vol. 24, no. 11,
pp. 1647-1656, 2023.

X. Liu, C. Lyu, J. George, T. Pham, and L. Mihaylova, “A learning
distributed Gaussian process approach for target tracking over sensor
networks,” in Proc. 25th Int. Conf. Inf. Fusion, 2022, pp. 1-8.

P. Zhai and R. T. Rajan, “Distributed Gaussian process hyperparameter
optimization for multi-agent systems,” in Proc. IEEE Int. Conf. Acoust.,
Speech Signal Process., 2023, pp. 1-5.

Y. Kindap and S. Godsill, “Non-Gaussian process dynamical models,”
IEEE Open J. Signal Process., vol. 6, pp. 213-221, 2025.

Z.Hu and T. Li, “A particle Bernoulli filter based on Gaussian process
learning for maneuvering target tracking,” in Proc. 30th Eur. Signal
Process. Conf., 2022, pp. 777-781.

H. Zhang, X. Ye, and Q. Hu, “Spatiotemporal learning via mixture
importance Gaussian filtering with sparse regularization,” IEEE Signal
Process. Lett., vol. 30, pp. 279-283, 2023.

M. Sun, M. E. Davies, I. K. Proudler, and J. R. Hopgood, “A Gaus-
sian process regression based dynamical models learning algorithm for
target tracking,” 2022, arXiv:2211.14162.

V. Tresp, “Mixtures of Gaussian processes,” in Proc. Adv. Neural Inf.
Process. Syst., vol. 13,2000, pp. 633-639.

S. Seitz, “Mixtures of Gaussian processes for regression under multiple
prior distributions,” 2021, arXiv:2104.09185.

VOLUME 7, 2026

(28]

[29]

[30]

[31]
[32]
[33]
[34]
[35]
[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

Q. Lu, G. Karanikolas, Y. Shen, and G. B. Giannakis, “Ensemble
Gaussian processes with spectral features for online interactive learn-
ing with scalability,” in Proc. Int. Conf. Artif. Intell. Statist., 2020,
pp. 1910-1920.

Q. Lu, G. V. Karanikolas, and G. B. Giannakis, “Incremental ensemble
Gaussian processes,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 45,
no. 2, pp. 1876-1893, Feb. 2023.

T. Kirubarajan and Y. Bar-Shalom, “Kalman filter versus IMM estima-
tor: When do we need the latter?,” IEEE Trans. Aerosp. Electron. Syst.,
vol. 39, no. 4, pp. 1452-1457, Oct. 2003.

C. E. Rasmussen and C. K. I. Williams, Gaussian Processes for Ma-
chine Learning. Cambridge, MA, USA: MIT Press, 2005.

K. P. Murphy, Machine Learning: A Probabilistic Perspective. Cam-
bridge, MA, USA: MIT Press, 2012.

M. F. Huber, “Recursive Gaussian process regression,” in Proc. [EEE
Int. Conf. Acoust., Speech Signal Process., 2013, pp. 3362-3366.

R. Durrett, Probability: Theory and Examples, vol. 49. Cambridge,
U.K.: Cambridge Univ. Press, 2019.

S. N. Ethier and T. G. Kurtz, Markov Processes: Characterization and
Convergence. Hoboken, NJ, USA: Wiley, 2009.

W.-K. Ching and M. K. Ng, Markov Chains: Models, Algorithms and
Applications. Berlin, Germany: Springer, 2006.

C. Rasmussen and Z. Ghahramani, “Infinite mixtures of Gaussian pro-
cess experts,” in Proc. Adv. Neural Inf. Process. Syst., vol. 14, 2001,
pp. 881-888.

E. Meeds and S. Osindero, “An alternative infinite mixture of Gaussian
process experts,” in Proc. Adv. Neural Inf. Process. Syst., vol. 18, 2005,
pp- 883-890.

E. Mazor, A. Averbuch, Y. Bar-Shalom, and J. Dayan, “Interacting
multiple model methods in target tracking: A survey,” IEEE Trans.
Aerosp. Electron. Syst., vol. 34, no. 1, pp. 103—123, Jan. 1998.

P. Billingsley, “Statistical methods in Markov chains,” Ann. Math.
Statist., Inst. Math. Statist., vol. 32, no. 1, pp. 12-40, 1961.

A. L. Majdik, C. Till, and D. Scaramuzza, “The Zurich urban micro
aerial vehicle dataset,” Int. J. Robot. Res., vol. 36, no. 3, pp. 269-273,
2017.

T.-M. Nguyen et al., “A third-order Gaussian process trajectory repre-
sentation framework with closed-form kinematics for continuous-time
motion estimation,” 2024, arXiv:2410.22931.

Y. Sun and S. Yang, “Manifold-constrained gaussian process inference
for time-varying parameters in dynamic systems,” Statist. Comput.,
vol. 33, no. 6, 2023, Art. no. 142.

Y. Park and Y. Kim, “Circumnavigation of multiple drones under
intermittent observation: An integration of guidance, control, and es-
timation,” Int. J. Aeronautical Space Sci., vol. 23, no. 2, pp. 423-433,
2022.

X. Dong, Z. Yu, W. Cao, Y. Shi, and Q. Ma, “A survey on ensemble
learning,” Front. Comput. Sci., vol. 14, no. 2, pp. 241-258, 2020.

A. Jain, F. Smarra, and R. Mangharam, “Data predictive control using
regression trees and ensemble learning,” in Proc. IEEE 56th Annu. Conf.
Decis. Control, 2017, pp. 4446-4451.

B. Lakshminarayanan, A. Pritzel, and C. Blundell, “Simple and scalable
predictive uncertainty estimation using deep ensembles,” in Proc. Adv.
Neural Inf. Process. Syst., vol. 30, 2017, pp. 6405-6416.

L. V. Krannichfeldt, Y. Wang, and G. Hug, “Online ensemble learn-
ing for load forecasting,” IEEE Trans. Power Syst., vol. 36, no. 1,
pp. 545-548, Jan. 2021.

J. Lim, H.-S. Kim, and H.-M. Park, “Interactive-multiple-model algo-
rithm based on minimax particle filtering,” IEEE Signal Process. Lett.,
vol. 27, pp. 3640, 2020.

G. Wang, X. Wang, and Y. Zhang, “Variational Bayesian IMM-filter for
JMSS with unknown noise covariances,” IEEE Trans. Aerosp. Electron.
Syst., vol. 56, no. 2, pp. 1652-1661, Apr. 2020.

31


https://dx.doi.org/10.1088/1755-1315/169/1/012003


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


