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ABSTRACT

OUTLIER ROBUST FILTERS AND THEIR MULTIPLE MODEL
EXTENSIONS

Sahin Bozgan, lknur
M.S., Department of Electrical and Electronics Engineering

Supervisor: Assist. Prof. Dr. Emre Ozkan

September 2019, pages

Kalman filter (KF), which is an algorithm that is utilized to estimate unknown vari-
ables based on noisy measurements, has been successfully employed in many appli-
cations such as navigation, control, signal processing and target tracking. It is the
optimum Bayesian filter in terms of mean square error (MSE) for linear Gaussian
state-space models (SSMs). However, in many real world applications, the perfor-
mance of KF degrades due to the presence of outliers in noises. Motivated by this
problem, several algorithms have been proposed to provide robustness towards out-
liers. In this thesis, existing outlier robust filters are investigated regarding their the-
oretical derivations, validity of their assumptions, and performances. Furthermore,
multi-model extensions of the filters are derived and the merits of the algorithms are

illustrated in simulations.

Keywords: Kalman Filter, Student’s-t Filter, Variational Bayesian, Interacting Multi-

ple Model, Gaussian Distribution, Student’s-t Distribution, Heavy-Tailed Noise, Tar-



get Tracking, Inverse Wishart, Gamma-Gaussian, Outliers, Robustness
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0z

AYKIRI DEGER FiLTRELERi VE COKLU MODEL UZANTILARI

Sahin Bozgan, Tlknur
Yiiksek Lisans, Elektrik ve Elektronik Miihendisligi Bolimii
Tez Yoneticisi: Dr. Ogr. Uyesi. Emre Ozkan

Eyliil 2019, sayfa

Giiriiltiilii 6l¢ctimlere dayanarak bilinmeyen degiskenleri tahmin etmek icin kullanilan
bir algoritma olan Kalman filtresi (KF), navigasyon, kontrol, sinyal isleme ve hedef
takibi gibi bircok uygulamada kullanilmistir. Bu filtre, dogrusal ve Gauss giiriiltiilii
durum-uzay modelleri i¢in ortalama kare hatasi cinsinden en iyi Bayes filtresidir. An-
cak, bir¢ok gercek hayat uygulamasinda, Kalman filtresinin performansi, giiriiltiiler-
deki aykir1 degerlerin varligi nedeniyle bozulur. Bu problemden yola cikarak, aykir
degerlere kars1 dayaniklilik saglamak i¢in cesitli algoritmalar Onerilmistir. Bu tezde,
mevcut aykir1 deger filtrelerinin teorik ¢ikarimlari, varsayimlarinin gecerliligi ve per-
formanslar1 incelenmistir. Buna ek olarak, filtrelerin coklu model uzantilari tiiretilmis

ve algoritmalarin kabiliyetleri simiilasyonlarda gosterilmistir.

Anahtar Kelimeler: Kalman Filtresi, Student’s-t Filtresi, Varyasyonel Bayes, Etkile-
simli Coklu Model, Gauss Dagilimi, Student’s-t Dagilimi, Agir Kuyruklu Giiriiltii,
Hedef Takibi, Inverse Wishart, Gamma-Gauss, Aykir1 Degerler, Saglamlik
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CHAPTER 1

INTRODUCTION

Target tracking, which is the estimation of the present and prediction of future kine-
matic state of a moving target based on noisy measurements, is a research area that
has been developing for many years. It has wide spectrum of applications from mili-
tary to civilian such as tracking aircrafts, land vehicles, marine or submarine vehicles,
controlling air traffic, etc [13]]. The first step for carrying out tracking is to model the
system by a state-space model (SSM). SSMs include the dynamic equation of the
state and the equation that describes the relation between the state and the measure-
ment. In many cases, some of the state variables cannot be measured directly due to
noisy measurements. Thus, Bayesian filtering [9] is used to estimate the states given

the measurements.

Kalman filter (KF) [24], which provides the best linear unbiased estimate for linear
Gaussian state-space models [45]], is the closed form solution to the Bayesian filtering
equations. It is the optimum filter in terms of mean square error (MSE) [22]]. How-
ever, in many real world applications, process and measurement noises have outliers
so they cannot be modeled as Gaussian distribution and the performance of KF de-
grades in such cases. The outliers can stem from unreliable sensors, target maneuver,
model mismatch, etc. For such systems, it is more suitable to utilize heavy-tailed
noise assumption. A large number of studies have been carried out for the filtering of

linear systems with heavy-tailed noises [22].

Earlier efforts for robustification of KF were made in [1831-34,[50]. In [32], to
robustify the KF for linear SSMs that have non-Gaussian noise, which is identified
as heavy-tailed or Gaussian contaminated with outliers, an asymptotically efficient

stochastic approximation type estimator is proposed. In addition, the robust filter



proposed in [31]] is also based on stochastic approximation. In [33]], a robust KF that
belongs to the class of M-estimator is derived by introducing Huber cost function to
the linear SSM and the double exponential and Cauchy densities are used to define
heavy-tailed measurement noise. The outlier robust filter given in [50] is also based
on the M-estimation methodology and the Student’s-t distribution is referred to as
heavy-tailed noise. In addition, in [34]], a recursion based on KF recursions is derived

by using Student’s-t mixture model to obtain outlier robust KF.

The algorithms proposed in [34,4344,50] use the Student’s-t distribution to model the
noise distributions. Student’s-t distribution is similar to a Gaussian distribution that
can exhibit heavy-tails. The parameters of Student’s-t distribution are the mean, the
scale matrix and the degrees of freedom. The degrees of freedom parameter specifies
the heavy-tail property of the distribution. In [44], a Student’s-t filter is suggested to
estimate the states in linear SSMs with heavy-tailed process and measurement noise.
It is demonstrated that the suggested filter provides robustness towards outliers. Fur-
thermore, the suggested filter in [44] is also proposed in [43]] by explaining the details
that are not provided in [44]. In addition to [44], [43] provides a Student’s-t based

smoothing algorithm for heavy-tailed process and measurement noise.

In recent years, variational Bayesian (VB) inference has become one of the most
used inference techniques to estimate the states of linear SSMs with heavy-tailed,
non-Gaussian, inaccurate, time varying or unknown noise distributions. In [46], VB
approximations were used for inferring the joint posterior distribution and noise co-
variances for the first time [20]. The joint distribution of the state and the time varying
measurement noise covariance is represented as the product of Gaussian and indepen-
dent Inverse-Gamma distributions. In [4], an adaptive KF for tracking with unknown
sensor characteristics is developed by utilizing VB approximation to infer the state
and the measurement noise covariance jointly by choosing Inverse-Wishart prior for
the unknown covariance of the Gaussian measurement noise. Another adaptive KF
is proposed in [23]] for linear SSMs with inaccurate and slowly time varying process
and measurement noise covariance matrices. VB approximations are used to estimate
the state and noise covariances by choosing Inverse-Wishart priors for the one-step
predicted state covariance and measurement noise covariance matrices. As in [23],

an adaptive KF, which utilizes VB approximation, is proposed in [5]] for linear SSMs



with unknown process and measurement noise covariances. However, unlike [23],
the process noise covariance is inferred by choosing Inverse-Wishart prior in [5] in-
stead of the one-step predicted state covariance. Additionaly, in [30]], an adaptive KF
is proposed for linear SSMs with unknown process noise covariance. The state and
the measurement noise covariance is inferred using VB approximation by choosing

Inverse-Wishart prior for the process noise covariance matrix.

VB algorithms are utilized for not only estimating the unknown, inaccurate or time
varying noise covariances but also robustification of KF for the linear SSMs with
heavy-tailed noise distributions. In [22]], an outlier robust Student’s-t based KF is
developed using the VB algorithm. One-step predicted PDF and the likelihood PDF
are approximated as Student’s-t but posterior PDF is approximated as a Gaussian.
The Student’s-t PDFs can be expressed using Gamma-Gaussian approach. In this
approach, Student’s-t distribution is represented as an infinite mixture of Gaussians
by defining auxiliary variable that is Gamma distributed [42]. As in [22], [S1] de-
velops a VB algorithm using Gamma-Gaussian approach for linear systems that have
Student’s-t distributed measurement noise. Furthermore, in [35]], robust filtering and
smoothing algorithms, which use VB approximations of posterior distribution, are
proposed for linear SSMs with heavy-tailed and skewed measurement noise. The
heavv-tailed and skewed measurement noise is modeled as a product of independent
univariate skew-t distributions. To apply VB approximations, the likelihood PDF is
represented as the integration of the product of normal, truncated normal and Gamma

distributions.

In [[1], an outlier robust filter, which utilizes VB approximation, is derived for linear
SSM with heavy-tailed measurement noise. Unlike in [22,35,42,51]], the SSM is
defined as a linear Gaussian SSM with an unknown measurement noise covariance
matrix in [1]]. Then, the Inverse-Wishart distribution is selected as a conjugate prior
for the covariance matrix of the measurement noise as in adaptive KFs [4})5,23]. Tt
is shown in [1] that the VB approximation using Inverse-Wishart approach has the
ability to cope with outliers and heavy-tailed noises as well as unknown, inaccurate

or time varying noises.

Particle filters (PF) or Sequential Monte Carlo (SMC) [15] methods are generic and



also robust estimation methods that are based on particle representations of probabil-
ity distributions. They can be applied to any SSM [6]. However, they are not preferred
for the purpose of providing robustness towards outliers since they are not feasible in

high-dimensional problems because of the curse of dimensionality.

Apart from the outliers in the noises, model uncertainties, which affect the filtering
performance, may occur in many real world applications. For example, a maneu-
vering target may exhibit maneuvers such as turning, acceleration and deceleration.
Single linear SSM is not enough to model such behaviors. Thus, these problems re-
quire the use of hybrid systems to track the target accurately with changing motion
models [[17]. Such hybrid systems consist of multiple SSMs and a discrete mode vari-
able that specifies the active model at each time instant. A finite state Markov chain is
used to model the change of the discrete mode. In order to deal with such hybrid sys-
tems, several multiple-model algorithms such as autonomous multiple model (AMM),
generalized pseudo Bayesian of first order (GPB1), generalized pseudo Bayesian of
second order (GPB2) and interacting multiple model (IMM) algorithm [4 1] are devel-
oped. In this thesis, IMM framework [38]], which is a method for combining multiple
filter models to obtain a better estimation accuracy [17], is used for the multiple-

model extensions of the filters.

Earlier studies about IMM framework were carried out in [7,/12,[28]]. The IMM al-
gorithm for linear Gaussian systems is developed in [12]. However, the conventional
IMM approach under the linear Gaussian SSMs assumption is limited for many real
world applications because most systems are non-linear or non-Gaussian. In addi-
tion, the noise statistics may be unknown or varying with time. In [29], a recursive
multiple model approach for linear SSMs with unknown noise statistics is proposed.
It is illustrated that the approach in [29] is effective for time varying noises as well as
unknown stationary noises. In addition, an adaptive VB approach for multiple model
systems with unknown noise statistics is proposed in [27]. However, the proposed
methods in [29] and [27] are not robust towards the outliers in noises so they are not

applicable for multiple model systems with heavy-tailed noises.

In [47], an outlier robust VB-based IMM algorithm is proposed to cope with multi-

modality and outliers in the measurement noise. The state and the noise statistics for



each mode of the hybrid system are recursively estimated by using VB algorithm that
utilizes Gamma-Gaussian approach. An algorithm which is similar to that in [47] is
proposed in [[39] for solving the tracking problem of hypersonic vehicles with heavy-
tailed measurement noise. As in [47]], Gamma and Gaussian distributions are used as
the priors of the state and the latent variable in [39]]. It is shown that these VB-based
IMM algorithms provide robustness towards the outliers in the measurement in hy-
brid systems. Another VB-based IMM algorithm is presented in [49] by considering
the skewness property of measurement noise distribution towards the possibility of

asymmetric and heavy-tailed noise characteristics.

The focus of this study is to investigate the outlier robust filters and to derive their
multiple-model extensions. At the presence of outliers, the estimation performance of
the KF drastically degrades. In the literature, many algorithms have been proposed to
provide robustness towards outliers. We investigate only a sub-class of them. More-
over, we implement the multiple-model extensions of these algorithms for dealing

with both the multimodality and outliers in the noises.

First, a Student’s-t filter (STF) proposed in [44] is investigated and a multiple-model
extension of STF (IMM-STF) is derived based on IMM approach. It is demon-
strated that IMM-STF provides lower RMSE than the conventional IMM algorithm

for multiple-model systems with heavy-tailed process and measurement noise.

Second, we investigate two VB algorithms which utilize Gamma-Gaussian [22] and
Inverse-Wishart [23]] priors. We refer to VB algorithm which uses Gamma-Gaussian
prior as VB-GG [22]] and VB algorithm which uses Inverse-Wishart prior as VB-
IW [23]. In the literature, while VB-GG approach is generally utilized for linear
SSMs with heavy-tailed noises, VB-IW is generally proposed for inferring the state
and the unknown/inaccurate noise covariances. An outlier can also be interpreted as
an artifact which results from inaccurate noise covariance in the model. Therefore,
VB-IW approach can also be used for the purpose of outlier rejection. In this thesis,
we implement VB-GG [22] and VB-IW [23] algorithms for a linear SSM with heavy-
tailed measurement noise and the performances of the algorithms are compared in the
sense of outlier rejection. We show that VB-IW algorithm provides almost the same

robustness as VB-GG algorithm towards the outliers in the measurement noise. It can



also outperform VB-GG algorithm under certain conditions. Therefore, VB-IW can
be used for the purpose of outlier rejection in addition to the purpose of inferring the

unknown noise covariances.

Finally, multiple-model extensions of VB-GG (IMM-VB-GG) and VB-IW (IMM-
VB-1W) algorithms are derived based on IMM approach. In the literature, IMM-VB-
GG algorithm is proposed for multiple-model systems with heavy-tailed measure-
ment noise. However, the multiple-model extension of VB-IW algorithm based on
IMM approach (IMM-VB-IW) has never been derived. In this thesis, we implement
IMM-VB-GG and IMM-VB-IW algorithms for a multiple-model system with heavy-

tailed measurement noise and the performances of the algorithms are compared.

The rest of the thesis is organized as follows. In Chapter 2] a brief background in-
formation about the basic algorithms is given. Bayesian filtering and smoothing,
Kalman filter and smoother, interacting multiple model (IMM) algorithm and vari-
ational Bayesian (VB) approximation are explained briefly. In addition, simulation
examples of KF, KS and IMM algorithm are given. In Chapter [3] firstly, STF [44]
is summarized. Then, the multiple-model extension of the Student’s-t filter (IMM-
STF) is derived. The IMM-STF is compared with conventional IMM algorithm by
simulation. In Chapter[d] the derivations of VB-GG and VB-IW algorithms for linear
SSMs with heavy-tailed measurement noises are given. Algorithms are tested in a
simulation for different noise statistics and the results are compared. The derivations
of multiple-model extensions of VB-GG algorithm (IMM-VB-GG) and VB-IW algo-
rithm (IMM-VB-IW) are given in Chapter [5] The methods are tested on simulations
of a moving target that has multiple-model SSM and heavy-tailed measurement noise
and the obtained results are compared. Finally, the conclusion of this thesis is given

in Chapter [0



CHAPTER 2

BACKGROUND

In this chapter, some background information, which composes the basis of studies

carried out in this thesis, is explained briefly.

2.1 Bayesian Filtering and Smoothing

Bayesian theory was first discovered by Thomas Bayes in [9]. However, it did not
get much attention until its modern form was discovered by Laplace. Then, Bayesian
inference has been applied successfully in many areas such as statistical decision,
detection and estimation, pattern recognition, and machine learning [[14]. In addition,
it was started to be used for filtering purpose, i.e., Bayesian filtering. It is utilized
to infer the posterior density of the states given the measurements for general SSMs

which can be described as

zr = f(Tp_1, W_1), (2.1a)
Yk = 9(Tr, Uk), (2.1b)

where

x, € R" is the state of the system at time step £k,

yr € R™ is the measurement at time step k,
e f(.) is a known linear/nonlinear function of the systems dynamics,

e ¢(.) is a known linear/nonlinear function of the measurements,
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e wy_1 is the process noise,

e v, is the measurement noise.

The predicted distribution p(xy|y;.x—1) and the filtering distribution p(x|y;.x) are
computed recursively by the following Bayesian filtering equations that consist of

two steps [45]):

e Time Update:
p($k|y1;k—1) = /p(xk|xk—1>p<xk—1‘ylzk—1>dxk—1- (2.2)

e Measurement Update:
P(rlzr)p(x|yre—
P(nlyne) = (ke p(@r|yre—1)

= . 2.3
I p(yklzr)p(zly1.—1)day, @.3)

In filtering algorithms, the measurements obtained up to a time step are used to com-
pute the best possible estimate of the state at that time step. However, for some
applications, all measurements are used to estimate states at each time step. This pro-
cess 1s named as smoothing. It is obvious that the smoothing cannot be used in real

time applications.

Bayesian smoothing is used to compute the marginal posterior distribution of the state
xy, after obtaining measurements up to a time step 7', p(zx|y1.7), where T > k. For
computing smoothed distributions, first of all, the filtering posterior state distributions
are computed by filtering equations. After obtaining the filtering distributions, the
smoothed distributions are calculated by the following Bayesian smoothing equations

[45]:

(s |yre) = / P(Trpr|zr)p(Tr]yie) dog, (2.4a)
x X T .
p(@ilyir) = plarlyie) / Pt |2)p (@i fyrr) dzp 1. (2.4b)
p($k+1\y1;k)

In equation (2.4)), p(zx|y1.x) is the filtering distribution at time step k and p(xy41|y1.x)
is the predicted distribution at time step k£ + 1. In order to obtain the smoothing dis-
tribution, one needs to compute the filtering distributions up to time step 7. Starting

from p(x7|y1.7), a backward recursion is carried out to obtain smoothed distribu-

8



tions. Smoothing is not suitable for online tracking applications, it can be used only

for offline tracking.

2.2 Kalman Filter and Smoother

Kalman filter, discovered by Rudolf E. Kalman in [24]], is an algorithm that uses a
series of noisy measurements observed over time and estimates the unknown state
vector. It is the closed form solution of the Bayesian filtering equations for linear

Gaussian SSMs. The system dynamic and measurement equations are

Ty = ATy + W1, (2.5a)
yr = Cwp + vg, (2.5b)

where

e 1, € R" is the state,
e Y. € R™ is the measurement,
e w1 ~ N(0,Q) is the process noise,
e v, ~ N(0, R) is the measurement noise,
e Aisn X n state transition matrix,
e ('is n X m measurement model matrix.
In addition, the prior distribution is assumed as Gaussian zq ~ N(mg, ). It is

assumed that all basic random variables (¢, wg, w1, ..., vy, 1, ... ) are independent

and identically distributed (IID) and uncorrelated. The model can be expressed as

p(ap|rr—1) = N(2x; Arp_1, Q), (2.6a)
p(yklzr) = N(yr; Ca, R). (2.6b)

=



If we consider that the prior distribution is p(zx—1|y1:6—1) = N (zp—1; mp—1jk—1, Pec1jk—1)>
the predictive and posterior distributions, which are the result of the filtering equa-

tions, will be Gaussian as

p(xr|yie—1) = N(@p; M1, Prjp—1), (2.7a)
p(rlyre) = N (@r; Mg, Pejr)- (2.7b)

The parameters My i—1, Dyjr—1, M and Py, are computed by the following KF

equations:

e Time Update:

Mklk—1 = Amk71|k71a (2.8a)
Pyjp—1 = APk—1|k—1AT + Q. (2.8b)
e Measurement Update:
Sy = CPy1CT + R, (2.9a)
Ky = Py CT 9,7 (2.9b)
Myl = Migfi—1 + K (yp — Cmgpp—r), (2.9¢0)
Py = Pyp—1 — KpSp K- (2.9d)

The recursion is started from the prior mean m and covariance F,. The derivation of

these equations are given as follows.

Derivation of the Time Update Equations:

Milk—1 = Elzi|yin—1] = E[Arp_1 + wr—1|y1:-1]
= E[Azp_1|Y1—1] + Elwp_1|y1:6-1] (2.10)

= Amk—1|k—1-

10



Pyp—1 =E[(xx — mygp—1) (@ — mage—1)")|y1a-1]
=E[(Azp_1 + wp—1 — Amp_1jp—1)(Azp—1 + wi—1 — Amk71|k71)T’y1:k—l]
=E[(A(xr—1 — mp_1jk—1) + We—1) (A(Tr—1 — Mp—1j—1) + wkfl)T\yqu]
=E[(A(xr—1 — mp_1jk—1) + We—1) ((Tp—1 — mk—1|k—1)TAT + Wit ) Y1)
=E[A(xr—1 — Mi—1p-1)(Tr-1 — mk—nk—l)TAT + A(xp—1 — mk—1|k—1)w£,1
+ (-1 — mk—1|k—1)TAka—1 + Wi |Y1:h-1]

=E[A(zr—1 — mp—1jp-1) (@r—1 — Mi—1j4—1)" AT [y16-1] + Elwi_1|y1s-1]
:Apkfl\kflAT + Q.

(2.11)

At the end of equations (2.10) and (2.11)), the time update equations of KF are ob-

tained.
Derivation of the Measurement Update Equations:

Consider the measurement update equation of filtering equations (2.3). According to

this equation, it is known that

N(ﬂﬁk; Mk, Pk|k) Q N(yk; Cxy, R)N<5Uk; Mk|k—1, Pk\kfl)- (2.12)

Let 2 be a Gaussian random vector = ~ N (z;m, P). The probability density function

of this random vector is as follows,

fo(z) = |27TP|_1/26$p(—%(I —m)T P~z —m)). (2.13)

Therefore, by (2.12) and (2.13)), the probability density function of x;, given y;.;, is

1 .
!2ﬂpk|k\’1/26xp(—§($k — M) P~ (e — mage))

1
:|27TR|_1/26£Ep(—§(yk — C’xk)TR_l(yk — Cuxy))

_ 1 _
+ |27 Pyjte—1| 1/269629(—5(% — mpgp—1)" (Pep—1) (21 — mage—1))-

(2.14)

11



By taking logarithms of both sides, below equation is obtained:

(wr = )" Py (e = mpge) =(ye — Coe) " R~ (y — Cay)
+ (xp, — mk|k—1)T(Pk|k—1)71($k — Mkk—1)-

(2.15)

Then, we obtain

fokﬁxk — x{Pﬁémk‘k — mz‘kPkﬁxk + makpa;mk‘k
=yl Ry, —yf R'Cxp — (Cxp)" Ry + 2 CT R Cxy,
+ l{(PkUc—l)_lxk — WZ(Pkm—l)_lmk\k—l — (mk\k—l)T(Pmk—l)_lﬂﬁk

+ (mk|k71)T(PIf\k71)_1mk\k717

(2.16)

x;‘fpk’lgxk — Qx;;FPk’l,ika + makPk";ka
:y,fRflyk - 2x£CTR*1yk + :chTRflCa:k

+ 2f (Pyp—1) ' — 225 (Prjg—1) Mgt + (mage—1)" (Prje—1) " mgpe—1.

The components which include the term 7, )z}, in both sides of equation (2.17) are

chosen and below equation is obtained:

fo,;‘,ixk = l‘gCTRile + l’g(Pk“g_l)il{Kk. (218)

According to equation (2.18)), we have

Pl;|li = C"R™'C + (Py—1) ", (2.19a)
Py = (CTR™'C + (Pip—1) ™) (2.19b)

By using matrix inversion lemma [48]];

Py = Prjp—1 — Pk\k—lcT(R + CPk\k—1CT)710Pk|k—1
= Pyp-1 — KipSipK{L.

(2.20)

12



For deriving my,;,, the components which include the term xi of two sides of equation

(2.17) are used

2y, Py = 203 CT R4y + 20 (Pyjg—1) ™ Mg, (2.21a)
Py = CTR™ 'y + (Prji—1) ™ mige—r. (2.21b)

By multiplying both sides of equation (2.21) with Py, the following equation is

obtained:

M|k = (CTR_IO + (Pk‘k_l)_l)_l(CTR_lyk + (Pk‘k_l)_lmk“g_l). (2.22)

By matrix inversion lemma [48];

(CTRilC + (Pk|k—1>71)71 = Pk|k—1 — Pk|k_1CT<R + CPk|k_1CT)7lCPk|k_1
= Pyji—1 — Pijp—1C" (Sk) 7 C Pyjpr.
(2.23)

Substituting (2.23) in (2.22)) results

M =(Prjr—1 — Pk|k—1CT(Sk:)_ICPk|k71)(CTR_lyk + (Pk\kq)_lmk\kq)

:Pk|k710TR_1yk + Mplk—1 — Pk|k71CT<Sk)_1CPk|k710TR_1yk

— Pk|kflcT(Sk)7lcmk|k71
=Ppi—1CT (R = (S1) ' CPypm1CT R yk — Prpm1CT (Sk) ™ Crgges

+ Myglk—1
=P—1C" (Sk) 'y — Prr—1CT (Sk) ™ Cmgre—t + muggre—s
=mi—1 + Prp—1C" (Se) ™ (Y — Cmggpe_1)
=Mpjp—1 + Ki(yp — Cmigp—1).

(2.24)

Hence, KF equations are obtained.

Kalman smoother (Rauch-Tung-Striebel Smoother) is used to calculate the distribu-

tion p(zy|y1.7) = N (2k; myjr, Pryr) where T' > k for linear Gaussian SSMs (2.5)).

13



First, mean and covariance values of filtering and predicted distributions for all time
steps up to time step 7" are computed by KF equations (2.8) and (2.9). Mean and
covariance values of smoothed distributions, which are the state distributions condi-
tional on the whole measurement data, are calculated by the following equations for

all time steps:

Gy = Pk\kAT(PkH\k)_l, (2.25a)
myr = Mgk + Gr(Megar — Mrgar), (2.25b)
Pur = Pug + Ge(Peyayr — Prerae)Gh (2.25¢)

where my,;, and Py, are the mean and covariance values of filtering distribution at
the time step k and 1y, and Py, are the mean and covariance values of the
predicted distribution at the time step k£ + 1 computed by KF equations and
. The recursion is started from the time step 7', with mp 7 and Prjz.

Before starting the derivation of KS equations, the following lemmas should be given

[45].

Lemma 1 (Joint Distribution of Gaussian Variables) If random variables v € R"

and y € R™ have the Gaussian probability distributions

z ~ N(m, P), (2.26a)
ylz ~ N(Cx, R). (2.26b)

Then, the joint distribution of x, y and marginal distribution of y are given as

T m P Jelolk
~N : , (2.27a)
y Cm| |CP CPCT+R
y ~ N(Cm,CPCT + R). (2.27b)

Lemma 2 (Conditional Distribution of Gaussian Variables) If the random variables

14



x and y have the joint Gaussian probability distribution

x A C
~N (1Y
Y b ct B

the marginal and conditional distributions of © and y are given as follows,
z ~ N(a, A),

N(b, B),

zly ~N(a+CB ' (y—1b),A—CB'CT),

NO+CTA (z—a),B-CTATO).

Yyl ~

Derivation of Kalman Smoother Equations:

By LemmalI] the joint distribution of xj, and x4, given yy. is

P(Ik, Tk41 |y1:k) = p($k+1 |£Uk)p(Ik|y1;k)

Lk

=N -m/,P" |,
Tr41
where
M|k Pk\k Pk|kAT
m/ — s P/ = .
Ay, APy APgpA” +Q

Due to the Markov property, one can write

p($k|$k+1, ym) = p<xk|$k+17 y1;k).

Let

p(zr|Trss, yir) = N (z;m”, P").

15
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(2.29a)
(2.29b)
(2.29¢)
(2.29d)

(2.30)

(2.31)

(2.32)

(2.33)



By Lemma (2), m” and P” are computed as follows,

Gy = Py AT (AP AT + Q)71
m’ = M|k + Gk(l’k-i-l - Amk|k)7

P" = Py, — G(APy A" + Q)G

The joint distribution of x;, and x;; given all the data is

P($k+1, $k|y1:T) = p($k|$k+17 yl:T)p(l’kH |y1:T)

= N (zp;m", P")N (2415 M1y, Pogayr)

Lhk+1 o pi
=N :m” P ,
Ty

where

" Mpgt1T
b

Myl + Gr(Mpyar — Amg)

T
Prvyr PGy,

GiPisir  GrPyoirGy, + P”

P —

(2.34a)
(2.34b)
(2.34¢)

(2.35)

(2.36)

The marginal distribution of xj, given all measurement data up to time step 7" can be

written as

p(zi|yrr) = N(xr; mugr, Pur),

where the mean and covariance are given by,

My = Mgk + Gr(Megpyr — Ampg),

Pyr = Py + Gr(Pejar — AP A" — Q)GY.

16
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2.2.1 Simulation Example: Implementing KF and KS for 2-D Target Tracking

Problem

In this simulation, KF and KS are implemented for tracking a moving target in 2-D
space. The target moves according to a constant velocity (CV) model [8] and the
position of the target is measured. The motion of the target is modeled by a linear
Gaussian SSM where w1 ~ N (0, Q) and vy, ~ N (0, R). The state transition

matrix and observation matrix are given by

17T 0 0]

0100 1000
, C = , (2.39)

00 1T 0010

000 1

where 7' = 1. The process and measurement noise parameters are given by

_TS T2 -

— — 0 0

32

T2

— 0 0

Q= |2 s oge| X4 q=1, R=rxl, r=10 (2.40)

0o — —

0 0 —

L 2 J

The initial state is chosen as zo = [0 10 0 10]” and the simulation is carried out
for 20 time steps. Figure [2.1]illustrates the true trajectory of the target, the estimated
trajectories of the target by KF and KS and the measurements. The position errors
that are calculated for each time step are shown in Figure [2.2] The error for the time

step k is calculated by

Error = \/(p‘,ﬁ —pp)? + (v — py)?, (2.41)

where (py, py) and (py, p;) are the true and estimated positions of the target at time
step k. As it can be observed from the figures, KS estimates are closer to the true

position of the target than KF estimates.

17
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Figure 2.1: True and estimated trajectories of the target. True trajectory of the target is
shown by blue line, the estimated trajectory by KF is shown by orange dashed line and
the estimated trajectory by KS is shown by green dash-dot line. The measurements

are shown by black stars.
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Figure 2.2: Position errors of KF and KS. The error of KF is shown by orange line

and the error of KS is shown by green line.
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2.3 Interacting Multiple Model (IMM) Algorithm

The interacting multiple model (IMM) algorithm is a method for combining multiple
filter models to obtain better state estimate of the target with changing motion be-
haviors [17]. The filter models that are used in IMM algorithm should be selected to

cover several target behaviors.

We consider the hybrid system that has the following linear Gaussian SSM,

xp = A"z +wpk g, (2.42a)

yr = C™xy, + vk, (2.42b)

where

e 1, € R" is the state,

e 1. €{1,2,.., N} is the discrete mode variable,

e Y. € R™ is the measurement,

e w", ~ N(0,Q") is the process noise,

e u* ~ N (0, R") is the measurement noise,

o A"k is the state transition matrix for the mode 7y,

e ("* is the measurement model matrix for the mode 7.

The discrete mode variable 7, is modeled as a finite Markov chain with transition
probability matrix (TPM) II = [r;; £ P(ry = i|ry_; = j)] and the hybrid system
consists of NV -SSMs. The aim is to infer or approximate the posterior distribution
p(zk|y1.6). The optimal posterior distribution is a mixture of Gaussians with an ex-
ponentially growing number of components. Therefore, we need approximations and

the following approximation is made by IMM filter:

N
plaklyir) & Y N (2 miyy, Py, (2.43)

19



where

e = P(ry = ilyie), (2.44)

are the posterior mode probabilities. The overall posterior mean and covariance are

calculated as

N

Mk = D Mg (2.452)
=1
N

Py = Z 11y, [Py + (migp, — mgie) (miyy, — myg)' ] (2.45b)
i=1

The means, covariances and posterior mode probabilities {mj,;, Py, pi 3N are cal-
culated recursively using {m’ P’ 7YY statistics from the previous
k—1k—1° L k—1]k—1> Hk—15j=1

step. We know from the previous step that

p(r 1 |Yie—1, 71 = J) = N(zp_1; m{;_uk_lv P;f_l‘k_l)‘ (2.46)

Using equation (2.46), the following approximation is obtained:

p(ﬂfk—1|y1:k—1,7‘k = 2 Z“k 1|k— 1p Th— 1|y1:k—1,7“k;—1 = j),

. » (2.47)
_ZMk 1)k—1 xk—l;mi’—l\k—vplg—l\k—l)?

—~ o 0i 0i
~ N (Tp-1; My _1|k—15 Pk—1|k71)7

where the merged mean mgl_u #—1 and covariance Pk?ill w1 are calculated by moment

matching as

N

0i _ Ji J
Mp—1jk—1 = Z Fe—1jk—1 "1k -1 (2.43)
i=1
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N
0i _ ji
Bl = § :lu’k;—l\k;—l

j=1
J J 00 J . 0i T
X |:PI<:—1\I<;—1 + (M — M) (M — Mlaem)” | -

(2.49)

This merging step is named as "mixing" in the literature. uﬁl‘ 1 are mixing mode

probabilities calculated as

J
i i,
Bl gjpy = S (2.50)

I
Z T g _q
=1

Then, mean and covariance values of filtered distributions for each mode are calcu-

lated by using KF time and measurement update equations (2.8)) and (2.9) as in below,

e Time Update:

My =AMy, (2.51a)
Py = AP (ADT + Q" (2.51b)
e Measurement Update:
Sk =C"Py 1 (C) + R, (2.52a)
K = Py (CYT(S) (2.52b)
m};‘k = m;ﬂk—l + K (yx — Cim/i;\kq), (2.52¢)
Py = Py — KSi(K3)" (2.52d)

In addition, updated mode probabilities are computed according to the following

equation,

i =1
M = N d N -
lz:lN@k; Olmfmk—p S}) Z T,y

— iz

. N
N (yr; Cmigye_1s Sk) D Wikt
(2.53)

1

After all these steps, we have means and covariances for all modes and the mode

probabilities. At the end of the algorithm, the overall mean and covariance are calcu-
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lated by equation (2.42). The block diagram of a single step of IMM algorithm for
N-models is shown in Figure 2.3]

N(mk\k > B )

Output Estimate

J N
{/’lk—l }j:I L Calculation

3 Y

N(m/((nfukfppgw(fl) N (e Bl
—v{ KF-1 >
2 2
N(mkfl\k—l’Bﬁl\kf]) o N(min,”k,ppﬁ‘k,]) N(m/f\k’P/jk)
. | Mixing KF-2 >
L] L]
L]

N N
N(mlwl\k—l > Pl(—l\k—l)

L)
EE— N(mlgi\;\kfl ?Pk(?‘l\?k—l) N Omge B
\ J KF-N >

1 1
N(mkfl\k—l > Bc—l\k—l)
—

Figure 2.3: The block diagram of a single step of IMM algorithm for N-models.
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2.3.1 Simulation Example: Implementing KF and IMM Algorithm for Track-

ing Problem of a Maneuvering Target in 2-D Space

In this simulation, tracking of a maneuvering target in 2-D space is considered. The
target moves according to the constant velocity (CV) model [8]] and the coordinated
turn (CT) model with known turn rate [40]. The motion of the target is modeled by

two linear Gaussian SSMs that are given below.

e While the target is moving according to CV model,

oV
= A" Tp_1 + w1,

(2.54)
yr = Cxp + v
e While the target is moving according to CT model,
z, = A x4 wy,
(2.55)

yr = Cxy, + vg,

where wy,_; ~ N(0,Q) and v, ~ N(0, R). The state transition matrices and the

observation matrix are

- - [ sin(wT 1 — cos(wT) ]
w w
01 0 0 0 cos(wT 0 —sin(wT
ACV — ,ACT: ,_ ( ( ){T) » (( T)) ’ (256)
00 1T 0 cos(w 1 sin(w
w w
00 0 1] 0 sin(wT) 0 cos(wT)
1 000
C = , (2.57)
0 010
where " = 1 s and w = 7T/ 15 rad/s. The process and measurement noises are
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generated according to the parameters

TS T2 1
— = 0 0
= 0 0
Q=|2 s q2| X@ q=10, R=rxl, r=100. (258)
0 0 = —
3 2
T2
0 0 =
L 2 i

The transition probability matrix (TPM) is taken as

0.95 0.05
M= . (2.59)
0.05 0.95

The motion of the target is simulated according to

e the CV model (2.54) from k = 1 to k = 30,
e the CT model (2.55) from k£ = 31 to k = 60,

e the CV model (2.54) from k = 61 to k£ = 90.

In this simulation, the position and the velocity of the target are estimated by both
IMM algorithm (with two KF models) and a single KF (with CV model). The per-
formance of these filters are compared in terms of position and velocity errors. True
trajectory of the target, measurements and the estimated trajectories by IMM algo-
rithm and a single KF are given in Figure 2.4 In Figure 2.5 and Figure [2.6] the
position errors and the velocity errors of IMM algorithm and a single KF are shown,
respectively. The errors are computed by equation (2.41). As seen in these figures,
the error of KF is greater than the error of IMM algorithm between time steps £ = 31
and k£ = 60 seconds when the target makes circular motion, i.e., the target moves

according to CT model.

Despite the fact that the performance of the single KF degrades when the motion
behavior of the target changes, the performance of IMM algorithm does not change
by switching the other mode. Figure [2.7] illustrates the mode probabilities of CV
and CT models. In Figure the mode probability of CT model increases and the

24



1700 -

True
*  Measurement
— - |MM

1600 |- o

1500 -

1400 -

1300 -

>1200

1100

1000 [~

900

600 800 1000 1200 1400 1600 1800
x (m)

Figure 2.4: True and estimated trajectories of the target. True trajectory of the target
is shown by blue line, the estimated trajectory by IMM algorithm is shown by green
dash-dot line and the estimated trajectory by the single KF is shown by orange dashed

line. The measurements are shown by black stars.

mode probability of CV model decreases between time steps £ = 31 and k£ = 60
seconds which means that the algorithm switches CT model in that time interval.

This switching behavior provides the better estimation accuracy to IMM algorithm.

Also, the averaged position errors are calculated as 18 m and 8 m by the single KF and
IMM algorithm, respectively. In addition, the averaged velocity errors are calculated
as 16 m/s (by the single KF) and 5.5 m/s (by IMM algorithm). The averaged error is
computed by

K
1 — -
Averaged Error = e kgl \/(pi —p%)% + (p — pY)?, (2.60)

where (py, p}) and (py, py) are respectively true and estimated positions or velocities

and K 1is the total time step. By examining all these results, it is observed that the
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Figure 2.5: Position errors of IMM algorithm and a single KF (with CV model) for
all time steps. The error of IMM algorithm is shown by green line and the error of

KF is shown by orange line.

filter performance degrades if single filter model is used for tracking a target with

changing motion behavior.
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Figure 2.6: Velocity errors of IMM algorithm and a single KF (with CV model) for
all time steps. The error of IMM algorithm is shown by green line and the error of

KF is shown by orange line.

2.4 Variational Bayesian Methods

Variational Bayesian (VB) methods are the methods that approximate the posterior

distribution over a set of variables given the data, i.e., p(©]Y"), as ¢(©);

p(BY) = ¢(©), (2.61)

where © = {0;,0,,....0;, ...,0x }. We assume that ¢(©) is factorized as

() = q(61,05, ..., 0;, ....05) = [ a(6:). (2.62)

Among all PDFs {q<9i)}N

;1> an optimal one can be calculated by minimizing the

Kullback-Leibler divergence between the approximate posterior PDF ¢(O) and true
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Figure 2.7: Mode Probabilities of CV and CT models. The mode probability of CV
model is shown by blue line and the mode probability of CT model is shown by red

line.

posterior PDF p(0|Y) as

{q"(0;)};L, = argmin KLD(q(O)||p(0Y)), (2.63)
where
_ q(©)
KLD(¢(©)||p(0]Y)) = / 0(©)log ATd0. (2.64)

Minimizing the the Kullback-Leibler divergence between ¢(©) and p(©|Y") corre-
sponds to maximizing the lower bound £(¢(©)) that is given as

p(©,Y)

de. 2.65
q(©) (2:69)

£(q(©)) = / 4(©)log
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The optimal solution of equation (2.63)) is obtained by the following equation [21]],

log ¢*(6;) = Eg-o,;[log p(©,Y)] + ¢y, (2.66)

where © % is the set of all elements of © except for 6;, E[.] is the expectation opera-
tion and ¢y, is the constant. For solving equation (2.66), fixed-point iterations should
be carried out by updating only one parameter in © while keeping other parameters

fixed [|22]].
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CHAPTER 3

MULTIPLE-MODEL EXTENSION OF STUDENT’S T FILTER (IMM-STF)

Kalman filter (KF) is one of the most commonly used algorithms for state estimation
in linear systems. This is because of its ease of application and optimality in terms
of mean square error [3]]. However, many real world applications have outliers in
process and measurement noises that cannot be modeled by Gaussians. Therefore, the
performance of KF degrades for such systems. In this situation, it is more suitable to
define heavy-tailed measurement and process noises. Student’s-t distribution exhibits
such heavy-tail property. A Student’s-t distributed random vector zz € R? is described
by a mean vector m € R?, a scale matrix ¥ and the degrees of freedom parameter v
as St(xz;m, 3, v) where d is the dimension of the random vector. The scale matrix is
the scaled version of the covariance matrix. The PDF of t-distributed random vector

x 1s expressed as [26]

() 1 Lo e, o3\ 7
fo(z) = NORESEN D) (1—1-]/(:6 m)' X (x m)> . (3D

The covariance P of this t random variable is calculated as

P = by

— =, (3.2)

for v > 2 [26]. The Student’s-t distribution converges to Gaussian distribution as
v goes to infinity [44]]. Figure [3.1] shows the PDFs of Student’s t distributions with
different degrees of freedom values and a Gaussian distribution. As seen in the figure,

the Student’s-t distributions have heavier tails than the Gaussian distribution.

Several methods have been developed to deal with the tracking problem of the systems
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Figure 3.1: PDFs of Student’s-t distributions with different degrees of freedom values

and a Gaussian distribution.

that have outliers in process and measurement noises since KF cannot be used in
such cases. In [44]], a Student’s-t filter (STF) is proposed for linear SSMs that have
heavy-tailed process and measurement noises. It is illustrated that the proposed filter
provides better estimation accuracy than KF in the presence of outliers in noises [44]].
In this chapter, a multiple-model extension of STF based on IMM approach
(IMM-STF) is derived to overcome the degrading effects of outliers and to track the
changing dynamics of the target. The rest of the chapter is organized as follows:
First, the filter derived in is explained briefly. Then, the derivation of IMM-STF
is explained in detail. Finally, the performance of IMM-STF and IMM algorithm for
a maneuvering target, which have outliers in process and measurement, is tested in

simulations and the results are compared.
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3.1 Student’s t Filter

In this section, the Student’s t filter derived in [44] is explained briefly. We consider
the linear SSM

T = AJkal + Wg_1, (333)
yr = Oy + v, (3.3b)

where

x, € R" is the state at the time step &,

yr € R™ is the measurement at the time step k,
wg_1 ~ St(0,Q, ) is the process noise,

v ~ St(0, R, §) is the measurement noise,

The initial state is assumed as zg ~ St(mg, Xo,70)-

Under these assumptions, the predicted PDF p(z|yi.x—1) and the filtered PDF p(x|y:.x)

are t-distributed [44]]. The algorithm consists of two steps which are time update and

measurement update as in KF.

Time Update:

Assume we have prior distribution p(zj—1|y1:k—1) ~ St(mg_15—1, Zk—1k—1, Me—1)
and the state and the process noise are jointly t-distributed, i.e., 7,1 = . The

joint distribution of the state and the process noise is

Th—1 MEk—1|k—1 Yk—1lk—1 O
P(Th—1, Wg—1|Yy1—1) = St ; | ) | s k-1
Wr—1 0 0 Q
(3.4)

The mean and the scale matrix of predicted PDF p(xy|y;.x_1) are computed by
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Mkjk—1 = Amkfl\kfla (3.52)
Dklk—1 = AZk—Hk—lAT + Q. (3.5b)

The degrees of freedom parameter 7);,_; is retained.

e Measurement Update:

Assume that the predicted state and the measurement noise are jointly t-distributed,

i.e., x_1 = 0, and the joint PDF is

Te| | Meg-1| | Zkk-1 0
Pk, Vk|yrr—1) = St ; | i =1 |- (3.6)
Vi 0 0 R
Then, the joint density of the state and the measurement noise is obtained by a

linear transformation as

Ty Mgk—1 Seo1 SkraCT
P(Th, Yr|yrk—1) = St ; | ; | | =1 |
Yk ka|k—1 Ozk|k—1 Sk
3.7
where
Sy = CZjp—1CT + R. (3.8)

The parameters of filtered PDF are calculated by the equations given below:

Mk = Migp—1 + Skp—1CT (Sk) " (g — Crgpi—1), (3.9a)
1+ A? B
Yk = Dt T2 (Zhpe1 — Sap1CT(Sk) ' OZppimn) (3.9b)
Nk—1 +m
M = Nk—1 + M, (3.9¢)
where
A% = (yr — Cmgpe—1)" (Sk) ™ (i — Cggpe—r ). (3.10)

Since the degrees of freedom parameter 7, is increased in each measurement update

step, the distributions converges to Gaussians and the heavy tail properties are lost
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after few steps later [43]]. Therefore, the filter converges to KF. In order to avoid
this drawback, in [43]], it is proposed 7 to be decreased to the previous value 71
with updating the scale matrix of the filtered PDF by moment matching or the mini-
mization of Kullback-Leibler divergence. Before reducing 7y, according to moment

matching, the scale matrix is updated as Zﬁc‘ i by

=2
S = ( Tk )(77’“ ) G.11)
ik e — 2 M1

Then, 7 is reduced. For the next time update step, Eﬁﬂ . becomes the scale matrix of

the prior distribution.

The assumed noise conditions at the time update and the measurement update steps
are met with low possibility in real world applications [44]. In [44]], a method is sug-
gested for this situation. In the time update step, if 7,1 # -, the common degrees
of freedom parameter is selected as 1),_, = min(n;_1,7) to preserve the heaviest
tail. Then, the scale matrices of the prior state and the process noise are updated by
the minimization of Kullback-Leibler divergence. Time update equations are carried
out by the updated paramaters. In the measurement update step, again the common
degrees of freedom parameter is selected as 1, _; = min(n,_;,0). Then, the scale
matrices of the predicted state and the measurement noise are updated by the mini-
mization of Kullback-Leibler divergence. Hence, the measurement update equations

are carried out by the updated parameters.

3.1.1 Simulation Example: Comparison of STF and KF

In this simulation, the performances of STF and KF are compared on a target tracking
example for three different cases. We assume that the target moves according to a CV

model [8] so consider the linear SSM (3.3)) with the state-space matrices

0
0 1000

: C = , (3.12)
T 0010
1

S = O O

o o o =
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where 7' = 0.5 s. The nominal process and measurement noise parameters are

_T3 T2 -—
— — 0 0
— T 0 0
Q=12 s 2| X6 q=1, R=rxl, r=100. (3.13)
0 0 — —=
0 0 — T
L 2 .

The simulation is run for 1000 time steps and 500 Monte Carlo (MC) run. We con-

sider three different cases for noise generation. These cases are given below.
Case A:

The process and measurement noises are generated according to

N0, p. 0.95

N(0,1000Q)  w.p. 0.05

N0, R p. 0.9
Vg ~ (0. 8) WP (3.15)

N(0,100R) w.p. 0.1
Case B:

The process noise is generated as wy ~ N (0, Q) and the measurement noise is gen-

erated according to (3.15)), i.e., only measurement noise have outliers.
Case C:

The process noise is generated as wy, ~ N (0, Q)) and the measurement noise is gener-

ated as vy ~ N(0, R), i.e., both process and measurement noises don’t have outliers.

The position and the velocity of the target are estimated by both KF and STF [44].
KF is not aware of the true noise covariances that’s why it is implemented by the
nominal noise covariance matrices () and R. STF is also aware of the nominal noise
covariances but it assumes that the noises are t-distributed with degrees of freedom

parameter 3. Thence, the scale matrices of the noises are adjusted as 0.92 x () and
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0.92 x R to preserve the 80% probability region. Root mean square error (RMSE)
and averaged root mean square error (ARMSE) [22] given in equations (3.16) and

(3.T7) are used as performance metrics.

1 & ) )
RMSE = |+ D ((ape — 7o) + (ype — g)*), (3.16)
mec=1
1 K M
ARMSE = \| 7= > > (o = a7 + (upe = 37)’), (3.17)
k=1 mc=1

smce ymce

where (2", y;) and (2", y;'“) are the true and estimated positions or velocities at

mec th MC run and K is the simulation time.

Figure [3.2]illustrates the position errors of STF and KF for a specific time interval of

single run for Case 1. The errors are calculated by equation (2.4T).

T T T T T T T T T
60 - .
KF Error
STF Error
50 - .
40 .
~ \
S
|
c 30
s ‘
k%)
o
o
20 ,
JIA| /
1of / /
{
1 | 1 1 1 1 1 1
560 580 600 620 640 660 680 700 720

Time (s)

Figure 3.2: Poisition errors by STF and KF for Case A. Only a specific time interval
is shown. The error of KF is shown by orange line and the error of STF is shown by

green line.

The spikes, seen in Figure [3.2] occur when the target is exposed to the measurement

outliers or it maneuvers. It can be seen in Figure [3.2] that once the target is exposed
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to an outlier, KF error decreases in a longer time than STF error. Figures [3.3]and[3.4]
show the RMSEs of position and velocity for Case A. The ARMSE:s calculated by
equation (3.17) for Case A are given in Table[3.1]

50 T T T T T T T T T
KF
40 Student-t
E
» 30
g
%)
s 20
o
10
O | | 1 1 1 1 1 1 1 1 1
0 100 200 300 400 500 600 700 800 900 1000
Time (s)

Figure 3.3: RMSE:s of the position for 500 Monte Carlo run for Case A. RMSEs of
the position by KF is shown by orange line and RMSEs of the position by STF is

shown by green line.

30 T T T T T T T T T

KF
25 F Student-t| ]

0 1 1 1 1 1 1 1 1 1
0 100 200 300 400 500 600 700 800 900 1000
Time (s)
Figure 3.4: RMSEs of the velocity for 500 Monte Carlo run for Case A. RMSEs of
the velocity by KF is shown by orange line and RMSEs of the velocity by STF is

shown by green line.
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Table 3.1: ARMSEs of KF and STF for Case A

ARMSE of the position (m) | ARMSE of the velocity (m/s)

KF 36.60 17.80

STF 25.80 16.19

Figure 3.5 and shows the RMSEs of position for KF and STFs with different degrees
of freedom parameters for 1000 MC run for Case A. The ARMSEs of KF and STFs
with different degrees of freedom parameters for Case A are given in Table[3.2] The

ARMSE increases as the degrees of freedom parameter increases according to Table
3.2

YO AT A

0 1 1 1 1 1 1 1 1 1
0 100 200 300 400 500 600 700 800 900 1000
Time (s)

Figure 3.5: RMSE:s of the position for KF and STFs with different degrees of freedom

parameters for 500 Monte Carlo run for Case A.
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Table 3.2: ARMSEs of KF and STFs with different degrees of freedom parameters
for Case A

ARMSE of the position (m) | ARMSE of the velocity (m/s)
KF 36.74 17.82
STF with dof 3 25.83 16.19
STF with dof 5 28.21 16.66
STF with dof 7 32.18 17.08

Figures[3.6)and 3.7 show the RMSEs of position and velocity for Case B. The ARM-
SEs calculated by equation (3.17) for Case B are given in Table[3.3]

50 T T T T T T T T T

KF
Student-t

10

0 100 200 300 400 500 600 700 800 900 1000
Time (s)

Figure 3.6: RMSEs of the position for 500 Monte Carlo run for Case B. RMSEs of
the position by KF is shown by orange line and RMSEs of the position by STF is

shown by green line.
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0 100 200 300 400 500 600 700 800 900 1000

Time (s)

Figure 3.7: RMSEs of the velocity for 500 Monte Carlo run for Case B. RMSEs of
the velocity by KF is shown by orange line and RMSEs of the velocity by STF is

shown by green line.

Table 3.3: ARMSE:s of KF and STF for Case B

ARMSE of the position (m) | ARMSE of the velocity (m/s)

KF 25.44 5.60

STF 20.37 7.02

Figures[3.8]and 3.9 show the RMSE:s of position and velocity for Case C. The ARM-
SEs calculated by equation (3.17) for Case C are given in Table[3.4]
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Figure 3.8: RMSEs of the position for 500 Monte Carlo run for Case C. RMSEs of
the position by KF is shown by orange line and RMSEs of the position by STF is

shown by green line.
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Figure 3.9: RMSEs of the velocity for 500 Monte Carlo run for Case C. RMSEs of
the velocity by KF is shown by orange line and RMSEs of the velocity by STF is

shown by green line.

42



Table 3.4: ARMSE:s of KF and STF for Case C

ARMSE of the position (m) | ARMSE of the velocity (m/s)

KF 8.50 2.84

STF 11.43 3.14

These results show that STF proposed in [44] provides better estimation accuracy than
KF for the systems that have outliers in process and measurement noise. Also, STF
provides lower RMSEs than KF for the system that have outliers in only measurement
noise. Therefore, STF provides robustness towards outliers. However, if both process
and measurement noises don’t have outliers, KF provides better position and velocity
estimates than STF since KF is the optimum Bayesian filter in terms of mean square

error for linear Gaussian SSMs.

3.2 Derivation of IMM-STF

The conventional IMM algorithm is composed of KF models so that the performance
of IMM algorithm degrades in the presence of outliers in process and measurement
noise. Therefore, in this section, IMM-STF, which is a multiple-model extension of
Student’s-t filter based on IMM approach, is derived to overcome the outliers and the
changing dynamics of the target. We consider the hybrid system that have the system
dynamic and measurement equations where

o wj, is distributed with St(0, Q", %),

e v.* is distributed with St(0, R"™,0™).

The mode state r; is modeled as a Markov chain that have the transition probability
matrix (TPM) 11 = [r;; £ P(ry = i|ry_1 = j)]. In addition, we assume that all
degrees of freedom values are greater than 2. The block diagram of a single step of

IMM-STF is shown in Figure [3.10]
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Figure 3.10: The block diagram of a single step of IMM-STF for N-models.

We assume that we have statistics {mf;_” 1 Ei_l‘ b1 77%-1}?[:1 and mode probabil-
ities {ui_l};\;l from the previous step. The recursive equations for statistics of the
posterior t densities {m}d ks E};‘ 4> Mk} and posterior mode probabilities {;} }Y | are

derived in this section. The posterior PDF can be expressed as

WE

P(xp|lyie) = ) pl@r|vie e = 1) P(ry = i|y1x)
i=1
N (3.18)
= Zuip(l’k\ymﬂ’k = i)
i=1
= p(yelre, e =)
= ZMZ ok b ~p(Tk|y1:p—1, 7K = ). (3.19)
i—1 p(?ﬂc|y1:k—1,7’k = Z)
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Using Bayesian filtering time update equation (2.2));

P(xk|yrr) Z Pyi|i, 7 = 1)
1 yk‘|y1 k=1,TL = Z) (320)

X /p($k|$k—177“k = 0)p(Th—1|Y1k-1, Tk = 1)dTp_1

Z p(yk|z, 71 = 9) ) /p(xk|l’k177’k =)

— yk|y1k 1, Tk =1

N (3.21)
% Zp(m—ﬂylfk—l’rk—l = J)P(ri—1 = jlrr = i, yrr—1)dar
j=1
- p(yr|z, 71 = 0)
:Z/“‘Z P . /p($k|$k—1,7“k = 1)
i=1 p(yk|y1:k—17 Ty = Z)
N (3.22)
X Z“ﬁuk_lp(xk—ﬂyl;k—hTk_1 = j)dzrg_1.
j=1
From the previous step, we have
plontlyra i = ) = Stoeimi gy D) 323

According to equations (3.20), (3.22)), (3.23)), we can make the following approxima-

tion,

P(Th-1|Y1h-1, 75 = 1) Zﬂk k= Pk |Y1ik—1,Th-1 = J) (3.24)
= Zuk et SH@ S, (3.25)
P(Th—1|Yrk—1,76 = 1) = St(zs_1; mgif”kfl, Egﬂllkfl,ngil). (3.26)

It is assumed that the degrees of freedom values {nk 1} —, are equal for all 7, so that

77k_1 = 1", = M_1. The merged mean mk_1|k_1 and scale matrix Ek—l|k—l are
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calculated by moment matching as follows,

N

0i _ Ji J
My k-1 = E 11k —1)k—1>
j=1

_Mk—1— 4 1—2
S k-1 = Zﬂk 1lk—1

k=1 i 0i j 0i T
X { X1 L+ (m]_ oot — M 1) (M 1y — Mg qp—1)

Me—1 — 2
(3.27)
The mixing probabilities are computed as
:U’Z;i_”k_l = P(Tk—l - j|rk - 7;7y1:k—1)
o P(ry = ilre—1 = J, yre—1) P(rk—1 = Jlyr:r-1)
A (3.28)
o< P(ry, = i|re—1 = J, yl:k—l)ﬂiq
O Wil
Therefore,
i Wjiﬂifl
e te—1 = N (3.29)
IZ Wliﬂgc_l
=1

Equations (3.27) and (3.29) are the mixing step of the algorithm. Now, by using
equations (3.22) and (3.26), the following equation is obtained:

N

?Jk|$k,7’1c —2)
a:
k’ylk Z yk’ylk 1,7 k—’é)

X /p(xk\xkbrk = i)St(xkq;mgi,”k,l,Egi”k,p’f}kq)dlﬁkq-
(3.30)

Assume that the process noise of the i filter and the state are jointly t-distributed.
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Under this assumption, the following approximation can be done:

/p($k|l‘k—1ﬂ“k = i) St(wg-1; mi’;uk,l, Zgi,”k,p Me—1)dTk—1

(3.31)
~ St(zk; M jk—15 Dhelb—15 Ne—1);
where
Mgy = A'mp s, (3.322)
Z|kz =AY 1e—1(A N+ Q (3.32b)

assuming 7,_, = 7* for all i. n;,_; is retained. Now, if equation (3.31)) is substituted

into equation (3.30), the following expression is obtained:

yk|$k77"k )
xklylk Z/Lk yk|y1k I,Tk—Z>St(xk7mk|k 17Ek\k 15 Mke— 1) (333)

By performing mode-matched measurement updates the following approximation can

be obtained:

N
p(@rlyrx) = ZMZS??(%;WZWEZW%)- (3.34)

=1
The mean and scale matrix for the i*" filter are calculated as in STF [44]. Assume

Nh—1 = &' for all i,

m2|k = m?ﬂk—l + ZZ\k—l(Ci)T(S}q)_l(yk - @Z\k_ﬁ, (3.35a)
. M1+ A? . . AT i 1 i
ke = 7 (Ckgpo1 — D1 (C) (1) O Bggpea), 3.35b
klk M1 +m ( klk—1 k|k—1( )" (k) k\k—l) ( )
N =M = Nk_1 +m, (3.35¢)

where
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Sk = C' S, (C)T + R, (3.36a)

Jige—1 = C'Migeoy; (3.36b)

A? = (yr — Qii|k71)T(Sli>il(yk - gliﬂkfl)' (3.36¢)

In order to preserve the heaviest tail property, the degrees of freedom parameter 7y, is

reduced to 7,1 as in STF given in previous section. Before reducing 7, the filtered

scale matrix is updated as

, . L —9
si ( Mk )(”’“ ! ) (3.37
ik FE\ e — 2 Mi—1 )

Now, to obtain the overall mean and scale matrix, mode probabilities {z }~ | should

be computed:

ph = P(ry, = i|y1) o< p(yrlyie—1, 7% = 1) P(rr, = i|y1.6_1)

WE

X St(yk;%mqa Spomi-1) Y P(re =ilr—1 = §)P(ri—1 = jlyim-1)

j=1 (3.38)
N .
o< St(yr; glldk—la Shes Me—1) Z Tjill),_1-
j=1
Therefore,
y . N A
St(yr; Yklk—1> Sk Me—1) ; il
H = — . (3.39)

N .
2 St Gy S M) 25 Ttk
- f=

Since we have the means, the scale matrices and the updated mode probabilities for
all filter models {mj,,, Xjy, 4}, } -1 the overall mean and scale matrix are calculated

as
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N
Mk = > WM (3.40a)

=1

M — 2 i Tk i i i
Bk = = > i {—nk 5 L (ml — mug) (miy, — mige) ™| . (3.40b)
=1

3.3 Performance Evaluation

In this section, the conventional IMM and IMM-STF algorithms are tested on a sim-
ulation of a maneuvering target in 2-D space that have outliers in process and mea-
surement noise. Two motion models, constant velocity (CV) [8] and coordinated turn
(CT) with known turn rate [40], are used to model the motion of the target. The state

consists of positions and velocities in two dimensions as

T = s (341)

where py, pi, v and v{ are positions and velocities in x and y dimensions at the time

k, respectively. The system matrices in equation (2.42)) for CV and CT models are

- . m(wl’ 1- T
LT oo o 1 sin(wT') 0 _ cos(wT)
w w
0100 0 cos(wT) 0  —sin(wT)
oV _ or
AT = 00 1T AT = 0 1 — cos(wT) 1 sin(wT') » (342)
w w
00 0 1] 0 sin(wT) 0 cos(wT)
1000
C = , (3.43)
0010

where T' = 1 s is the sampling time and w = 7 /15 rad/s is the turn rate of CT model.
A®Y and A°T are the state transition matrices for CV and CT models, respectively.

We consider three different cases for noise generation. These cases are given below.
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Case A:

The process and measurement noises are generated according to

N(O, p. 0.95
W, ~ 0.) WP (3.44)

N(0,1000Q)  w.p. 0.05

N(0, R) w.p. 0.9
Vy ~ (3.45)
N(0,100R) w.p. 0.1
Case B:

The process noise is generated as wy ~ N (0, Q) and the measurement noise is gen-

erated according to (3.45), i.e., only measurement noise have outliers.
Case C:

The process noise is generated as wy, ~ N (0, Q)) and the measurement noise is gener-

ated as vy ~ N(0, R), i.e., both process and measurement noises don’t have outliers.

The noise parameters are

-T3 T2 —
— — 0 0
— T 0 0
Q=12 s ope| X4 g=1, R=rxI, r=100. (3.46)
0 0 — —
0 0 — T
L 2 J

The target is simulated as switching between two modes which are CV mode and CT

mode. The motion of the target is simulated according to

e the CV model between £ = Os and £ = 100s,

e the CT model between £ = 101s and k = 150s,

e the CV model between &k = 151s and k£ = 250s,
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and the switching is controlled by TPM

0.95 0.05
I = . (3.47)
0.05 0.95

In this simulation, the position and the velocity of the target are estimated with both
IMM algoirthm and IMM-STF proposed in this chapter. The IMM algorithm is only
aware of the nominal noise covariances () and X. The IMM-STF is also aware of the
nominal noise covariances. However, it assumes that the noises are t-distributed with
degrees of freedom value 3. Therefore, the scale matrices of the noises are adjusted
as 0.92 x @ and 0.92 x R for IMM-STF to preserve the 80% probability region. The

simulation is carried out for 250 Monte Carlo (MC) runs.

True and the estimated trajectories obtained by IMM and IMM-STF algorithms for a
single run for Case 1 are shown in Figure 3.11] It is seen from Figure [3.T1] that the
estimated trajectory by IMM-STF is closer to the true trajectory than the estimated

trajectory by IMM algorithm, especially at the moments when outliers occur.

2000 T T T T
s True Position
== MM

1500 || = ===* IMM-STF 4

1000

500

y (m)

-500

-1000

-1500 L L L L
0 500 1000 1500 2000 2500

Figure 3.11: True and estimated trajectories of the target for Case A. True trajectory

is shown by blue line, the trajectory estimated by IMM algorithm is shown by orange
line and the trajectory estimated by IMM-STF is shown by green line.
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Figures [3.12] 3.13] [3.14] [3.13] [3.16] and [3.17] show position and velocity errors by
IMM and IMM-STF for a single run for Case A. The errors are calculated by equation

(2.41). It can be seen from the figures that the error of IMM-STF is generally smaller
than the error of IMM when outliers occur. This means that IMM-STF has ability to
mask the effect of outliers while IMM does not. In addition, Figure@illustrates the
mode probabilities for IMM-STF for Case A. As seen in Figure [3.18] the algorithm
switches to CT model for the time interval between £ = 100 s and £ = 150 s and this

means that the algorithm detects the motion model of the target.

180 T T T T T T T

IMM Error
160 - IMM-STF Error
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Figure 3.12: Position errors of IMM and IMM-STF algorithms for time interval k=0
and k=100 for Case A. In this time interval, the target moves according to CV model.
The error of IMM is shown by orange line and the error of IMM-STF is shown by

green line.

The RMSEs calculated by equation (3.16)) and ARMSEs calculated by equation (3.17)
of position and velocity by IMM and IMM-STF for Case A are shown in Figures[3.19
and 3.201and Tables 3.3 and

The RMSEs and ARMSE:s of position and velocity by IMM and IMM-STF for Case
B are shown in Figures [3.21] and [3.22] and Tables [3.7)and [3.8]

The RMSEs and ARMSE:s of position and velocity by IMM and IMM-STF for Case
C are shown in Figures [3.23|and [3.24] and Tables [3.9]and
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Figure 3.13: Position errors of IMM and IMM-STF algorithms for time interval
k=101 and k=150 for Case A. In this time interval, the target moves according to
CT model. The error of IMM is shown by orange line and the error of IMM-STF is

shown by green line.

Table 3.5: ARMSEs of IMM and IMM-STF for Case A for CV mode

ARMSE of the position (m) | ARMSE of the velocity (m/s)

IMM-STF 26.65 17.35

IMM 36.58 25.06

These figures and tables demonstrate that IMM-STF outperforms IMM algorithm in
terms of RMSE:s of position and velocity for multiple-model systems that have heavy-
tailed process and measurement noises. As a result, it can be said that IMM-STF can
accomplish both the multimodality and the outliers in the noises. If both process and
measurement noise don’t have outliers, IMM-STF and IMM algorithm provide nearly

the same position estimates.
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Figure 3.14: Position errors of IMM and IMM-STF algorithms for time interval
k=151 and k=250 for Case A. In this time interval, the target moves according to

CV model. The error of IMM is shown by orange line and the error of IMM-STF is
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Table 3.6: ARMSEs of IMM and IMM-STF for Case A for CT mode

ARMSE of the position (m)

ARMSE of the velocity (m/s)

IMM-STF

26.37

17.73

IMM

36.90

26.37

Table 3.7: ARMSEs of IMM and IMM-STF for Case B for CV mode

ARMSE of the position (m)

ARMSE of the velocity (m/s)

IMM-STF

20.36

7.58

IMM

30.34

11.98
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Figure 3.15: Velocity errors of IMM and IMM-STF algorithms for time interval k=0
and k=100 for Case A. In this time interval, the target moves according to CV model.
The error of IMM is shown by orange line and the error of IMM-STF is shown by

green line.
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Figure 3.16: Velocity errors of IMM and IMM-STF algorithms for time interval
k=101 and k=150 for Case A. In this time interval, the target moves according to
CT model. The error of IMM is shown by orange line and the error of IMM-STF is

shown by green line.
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Figure 3.17: Velocity errors of IMM and IMM-STF algorithms for time interval
k=151 and k=250 for Case A. In this time interval, the target moves according to
CV model. The error of IMM is shown by orange line and the error of IMM-STF is

shown by green line.
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Figure 3.18: Mode probabilities of CV and CT models for IMM-STF for Case A. The
mode probability of CV model is shown by blue line and the mode probability of CT

model is shown by red line.

56



50 T T T T

IMM

45 IMM-STF
40 ‘ "WHH \
35 ‘

E 30 ‘ |

s |l .

LB 25

3 |

= 20 —
15 7
10 —
5 -
0 1 1 1 1

0 50 100 150 200 250
Time (s)

Figure 3.19: RMSEs of the position for 250 Monte Carlo run for Case A. RMSEs of
the position by IMM is shown by orange line and RMSE:s of the position by IMM-
STF is shown by green line.
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Figure 3.20: RMSEs of the velocity for 250 Monte Carlo run for Case A. RMSEs of
the velocity by IMM is shown by orange line and RMSEs of the velocity by IMM-
STF is shown by green line.

57



ot 1 1 1 1

IMM
IMM-STF

T

0 50 100 150 200 250
Time (s)

Figure 3.21: RMSE:s of the position for 250 Monte Carlo run for Case B. RMSEs of

the positi

on by IMM is shown by orange line and RMSEs of the position by IMM-

STF is shown by green line.
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STF is shown by green line.
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Table 3.8: ARMSEs of IMM and IMM-STF for Case B for CT mode

ARMSE of the position (m) | ARMSE of the velocity (m/s)

IMM-STF 21.33 8.61
IMM 31.39 12.19
15 . . :

IMM
IMM-STF

10

RMSE __ (m)
pos

0 1 1 1 1
0 50 100 150 200 250

Time (s)

Figure 3.23: RMSEs of the position for 250 Monte Carlo run for Case C. RMSEs of
the position by IMM is shown by orange line and RMSEs of the position by IMM-
STF is shown by green line.

Table 3.9: ARMSEs of IMM and IMM-STF for Case C for CV mode

ARMSE of the position (m) | ARMSE of the velocity (m/s)

IMM-STF 11.62 4.12

IMM 11.33 8.29
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Figure 3.24: RMSE:s of the velocity for 250 Monte Carlo run for Case C. RMSEs of
the velocity by IMM is shown by orange line and RMSE:s of the velocity by IMM-

STF is shown by green line.

Table 3.10: ARMSEs of IMM and IMM-STF for Case C for CT mode

ARMSE of the position (m) | ARMSE of the velocity (m/s)

IMM-STF 11.78 4.92

IMM 11.32 8.17
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CHAPTER 4

OUTLIER ROBUST FILTERS USING VB APPROACH

In the previous chapter, STF [44], which is one of the proposed methods to solve
the filtering problem of the systems that have heavy-tailed noises, is explained and a
multiple-model extension of STF is carried out based on IMM approach. In addition
to STF, variational Bayesian (VB) methods have been proposed for the systems that
have outliers in noises [ 1,2,22]. VB methods can also be used to derive noise adaptive
filters for unknown, inaccurate or time varying noises [4,5,23,146]. In this chapter,
two different VB methods are evaluated in terms of robustness towards outliers. VB
approach which uses Gamma-Gaussian prior for heavy-tailed noise is referred as VB-
GG approach and VB approach which uses inverse-Wishart prior for the covariance
matrix of heavy-tailed noise is referred as VB-IW approach. In contrast to STF [44],
these VB algorithms approximate the predicted and filtered PDFs as Gaussians.

4.1 Gamma-Gaussian (GG) Approach

In this section, the derivation of VB-GG is given. In this VB algorithm, Student’s-t
distributed noise is expressed as the marginal distribution of a random vector when the
joint distribution of this random vector and a defined auxiliary variable is a Gamma-
Gaussian. This way of derivation of Student’s-t distribution is mentioned as "Gamma-

Gaussian expression of t distribution" in the rest of the thesis for convenience.

Let the scalar random variable u be Gamma distributed with shape parameter o and
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rate parameter (3, i.e., u ~ Gam(u; «, 3). The PDF of w is

[0}

u texp(—pBu), u>0
Gam(u;a, B) = (o) 4.1)
0, u<0
where o > 0, 8 > 0 and
['(z) = / e ‘P dt, (4.2)

0

is the Gamma function [42]. Let X € R" be a random vector and PDF of X be

px(x) = /./\f(x;m, P/u)Gam(u; a, B)du. 4.3)
0
Using equations (2.13) and (@.1)), the PDF of X becomes

pxa) = [ st ean(=u) (—2Adn, @)
0

1 1
@m)2 Jdet(Pla) "

where

A? = (z—m)" P (z—m). 4.5)

Equation (4.4) can be rewritten as

50[ 1 A2

o)~ fsmy | (e (4 ) ) 6o

Now, we define the integral in (4.6) as

[e.e]

n A?
A= /u2+a_lexp <—u (ﬁ + 7)) du. 4.7)

0
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In order to calculate A, the Gamma function of g + « 1s defined as

r (g + a) = /ett3+a1dt.
0

Let

t:u(ﬁ—l—%z) and dt:<ﬂ+A—2>du.

Equation (4.8) can be written as

2\ 5t 2
r (g + a) = (B + %) /e:cp (—u (ﬂ + %)) udteldy
2\ 5te
(e B)

From equation (4.10), A is computed as

a=(3+5) e (a)

Now, we have A so the PDF of X is rewritten as

»

T(2+a) 1 1 AZ\ 727
px(x) = M) @7 Vi) (1 + %) :

(4.8)

4.9)

(4.10)

4.11)

(4.12)

Ifa=p= g equation (4.12) is equal to the PDF of a t-distributed random vector
(3.1). Therefore, the PDF of a t-distributed random vector X ~ St(x;m, P,v) can

be expressed as

px(z) = /N(:c;m, P/u)Gam(u;v/2,v/2)du.

(4.13)

(4.13) is the Gamma-Gaussian expression of t distribution. This derivation is available

in [42].
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4.1.1 Derivation of Variational Bayesian Algorithm using Gamma-Gaussian

Approach (VB-GG)

An approximate solution for the posterior PDF for a linear SSM with heavy-tailed
measurement noise is derived by using VB approach. In this derivation, the heavy-
tailed measurement noise is modeled using the Gamma-Gaussian expression. We

consider the linear SSM (2.5)) where

e wj,_ is distributed with A/(0, Q),

o vy is distributed with St(0, R, v).

One-step predicted PDF p(x|y;..—1) and the likelihood PDF p(yy|xy) are

p(Tr|yie—1) = N($k;mk|k—1, Prji—1), (4.14a)
p(yr|mr) = St(yx; Cxy, R, v). (4.14b)

The parameters of the one-step predicted PDF are calculated by using KF time update
equation (2.8)) as

Mklk—1 = Amk—\k—la (4.15a)

Prjg—1 = APk—1|k—1AT + Q. (4.15b)

The likelihood (4.14b) can be rewritten using (4.13)) as

p(ye|zr) = /N(yk, Cxy, R/ \y)Gam ()\k; %, g) d)\g. (4.16)

Therefore, we have

P(YklTr, Ae) = N (yr; Cg, R/ Ag), (4.17a)
v v
p(\e) = Gam (Ak; = 5) . (4.17b)

In order to estimate the state xy, the joint posterior PDF p(zy, Ax|y1.x) needs to be

computed. However, one cannot obtain an analytical solution for this posterior PDF.
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Thus, we need to obtain an approximate solution using VB approach. According to

VB approach, the posterior PDF can be approximated as factorized densities

p(ak, Melyie) = q(xr)g( M), (4.18)

where ¢(.) defines the PDF for corresponding variables. Among all such factorized
densities, an optimal one can be computed by minimizing the Kullback-Leibler di-
vergence between the approximate posterior PDF and the true posterior PDF []11]]

as

{¢"(zr), ¢" (M)} = argmin K LD (q(x)q(Me)||p(zk, Me|Y1:k))s (4.19)

where KLD is the Kullback-Leibler divergence given in (2.63)). According to equation

(2.69),

logg™(¢) = Eg-s [logp(0, y1.1)] + ¢4, (4.20)

where © £ {z;,\;} and ¢ is an arbitrary element of ©. ©(% is the set of all
elements of © except for ¢, E[.] is the expectation operation and ¢, is a constant. For
solving equation (4.20), fixed point iterations should be carried out. The joint PDF

p(©,y1.1) can be written as

(O, Y1) = P(Wk|Trs Ae)P(Tk|Y1:6—1)P(Ak)- (4.21)

Substituting (4.14) and @.17) in @.21)), we get

v v
(0, y1:6) = N (yYi; Cge, R/ N )N (@15 M1, Prjr—1) Gam(A; 5 5) 4.22)
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= 1 ! )emp (—ﬁ(yk - ka)TR_l(yk - Czk))

(27()7; det(R/)\k 2
« 1 1 ( 1( )T 1 ( ))
T exr ——\Tp — Mp|k— 1 T — M
(2 )5 let(Pk|k_1) D 9 k klk—1 klk—1\tk klk—1 4.23)

By taking the logarithm of both sides, we obtain

m—+ v

v
logp(©, y1.x) = ( - 1) log\, — 5)%

A

— 5 (g = C) "R (g — Cay) (4.24)
1

o 5(:@ - mklk—l)TPIJ;_l(SUk - mk|k—1)-

Let ¢ = \; and by using equations (4.20)) and (4.24)), the following equation is ob-

tained:

m -+ v

1 Do
logg(\e) D ( . 1> loghe — [U +tr(EYR 1)] Meten, (425

where ¢(.)*1) is the approximation of ¢(.) at (i + 1)th iteration, tr(.) is the trace

operation and

By =B [(y — Can) (g — Cm)"] (4.26)

Usmg - )\k +1) js updated as Gamma PDF as

g(A) Y = Gam(As L 6, (4.27)
where
1
vt = 5(m +v), (4.282)
) 1 :
ot =3 v+ tr(E,g”R—l)] . (4.28b)
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Let ¢ = x; and using equations (4.20) and (4.24), the following equation is obtained:

. 1 ,
logq(xk)(”l) - _ §E[>\k](z+1)(yk — C2)"R (g1, — Czy) o)
1 ) )

(&, — mk\k—l)TPk“i,l(iUk — Mik—1) + Cq

5
The modified likelihood PDF p(y|x;) Y is expressed as

plyplzr) Y =N (yk; Czy, R,‘j*”) : (4.30)

~(i+1) - . . . C )
where R,(; ) 1s the effective covariance matrix, which is used in the measurement

update of the state at (i+1)th iteration. It is calculated as

R

R L
k E[)\k]z+1

4.31)

Using equations (]4.29[), (]4.30[) and (]4.31[), q(x) Y is updated as Gaussian PDF as

() = N (wsmif " P (4.32)
where
m’(cilerl) = Mylp—1 + Klgiﬂ)(yk — Cmyi—1), (4.33a)
Pt = Pupy — KTV COPye s, (4.33b)
and
. » .
K}gzﬂ) _ PklkilcT <0Pk\k—1OT n ngz+1)> . 434)

After N iterations, the approximate posterior PDF of the state becomes

The expectations E[\,]**!) and E” are calculated as
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i+1

E[)\k](i+1) — gf+17 (4.36a)
k
. , \T .
B = (= omy) (- omfl) +opfen. o

VB-GG algorithm is summarized in Algorithm
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Algorithm 1 VB-GG Algorithm
Inputs: my_yjk—1, Pe—1p—1, A, C, y, @, R, m, n, v, N

Outputs: my;, Py

Time Update:

Lo mpp—1 = Amp_1jp—1

2. Pyp—1 = APkfl\kflAT +Q

Measurement Update:

3. Initialization: m,{) = myj_1, Py, = Py

fori=0: N—-1do
Update g( ;)" given ¢(z;)®
4. E;E;i) = (yr — Cmffj)k)(yk - le(j\)k)T +CP zgfz)fCT
5.9 = %(m + ), 0 = % (U + tr (E,(f)R_l» JE]ED = gé—:
Update q(z;,) Y given g(\,) Y '
6. R\™Y = R/E[\](HY
7. K = Py O (P CT + Rfj*”)l

8. mz(szl) = g1 + Ky (e — O
9. P = Py — KV C Py

end for

10. my = m,(cﬁ), Py = Pk(ljz)

VB method approach in this section is proposed in [22] for linear SSMs with heavy-
tailed process and measurement noise. In [22], since the process noise is assumed
as Student’s-t distributed, one-step predicted PDF of the state is also assumed as
Student’s-t distributed. Then, inverse-Wishart prior is selected for the covariance ma-

trix of one-step predicted PDF of the state and VB approximations are applied [22].
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4.2 Inverse Wishart (IW) Approach

In this section, the derivation of VB-IW is given. In this VB algorithm, it is proposed
that the inverse Wishart distribution is used as a conjugate prior distribution for the
covariance matrix of heavy-tailed measurement noise. This method enables us to find
the effective covariance of the measurement noise so it provides better estimation

accuracy.

Let > ,which is a symmetric positive definite random matrix with the dimension d x d,

be inverse Wishart distributed. The PDF of X is

(a+d+1)
2

exp (—3tr(US™))
2%1 (3)

_|UIEIE

IW(S;a,U) : (4.37)

where « is the degrees of freedom parameter and U is the inverse scale matrix [36].

In addition,
EX Y=(a—d-1)U" (4.38)

4.2.1 Derivation of VB Algorithm using Inverse Wishart Approach (VB-IW)

We consider the linear SSM (2.5)) where

o wj_; is distributed with (0, Q),

e vy is distributed with St(0, R, v).

One-step predicted PDF p(x|y1..—1) and the likelihood PDF p(yy |z, X) are

p(@r|yrn—1) = N(Tr; mMigp—1, Prejr—1), (4.39a)
PklTr, i) = N (yw; Cr, Bie), (4.39b)

where >, is the effective covariance matrix of the measurement noise at time step k.

Since the process noise is assumed as Gaussian distributed, the parameters of one-step
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predicted PDF are calculated by KF time update equations (2.8) as

Mplg—1 = Amk—l\k—h (4.40a)

Pp1 = AP 11 AT + Q. (4.40b)

Now, the goal is to estimate the state x; and the effective covariance of the measure-
ment noise Y. The posterior PDF p(X;_;|y1.,—1) of effective measurement noise

covariance matrix Y, at time step k is assumed as an inverse Wishart PDF, i.e.,

P(Xk—1|Y1k—1) = IW (Zp—1; Uk—1j—1, Up—1jk—1), (4.41)

where 1,1 and Uy_y . are degrees of freedom parameter and inverse scale ma-
trix, respectively. The prior distribution of effective measurement noise covariance

matrix at >, is chosen as inverse Wishart distributed as

P(Ek|y1e—1) = [W(Ek§uk|k—la Uk\k—l)- (4.42)

In [23]], the measurement noise covariance matrix is considered as slowly varying

with time. This time evaluation is formulated as [[23]]

Uk|k—1 = )\(uk,”k,l —m — 1) +m + 1, (4433)
Uikt = AUp_ 1. (4.43b)

In this algorithm, the initial effective measurement noise covariance matrix X is

assumed as inverse Wishart distributed, i.e.,

p(2o) = IW (20; uojo, Uojo)- (4.44)

In many real world applications, the scale matrix of the Student’s-t distributed mea-
surement noise is not known. Generally, the nominal covariance of the measurement
noise is known. Let Ry be the nominal covariance of the heavy-tailed measurement
noise. In this algorithm, the mean of the initial effective measurement noise covari-

ance matrix g is set to the nominal covariance of the measurement noise Ry. There-
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fore,

Rp=—-2 (4.45)

Let

Upjo = T +m + 1, (446)

where 7 > 0 is a tuning paramater and it is used only at the beginning of the algo-

rithm. Hence, using equations (4.45]) and (#.46),

U(]\() = TRo. (447)

In order to estimate the state x; and the effective measurement noise covariance >,
the posterior PDF p(xy, Yk |y1.x) should be calculated. Therefore, we need to obtain
an approximate solution by VB approach. According to VB approach, the posterior

PDF is approximated as factorized densities

(@, Zelyir) ~ q(zr)q(Xr), (4.48)

where ¢(.) defines the PDF for corresponding variables. Among all such factorized
densities, an optimal one can be computed by minimizing the Kullback-Leibler di-

vergence between the approximate posterior PDF and the true posterior PDF as

{¢"(zx), ¢"(Xx)} = argmin K LD (q(xr)q(30)||p(zk, 2kly1x)) - (4.49)

According to equation (2.66), we have

logg™(¢) = Eg- [logp(©, y1.1)] + ¢4, (4.50)

where © = {x}, X;}. As in VB-GG algorithm that expressed in the previous section,
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fixed point iterations should be carried out. The joint PDF can be written as

(O, y1k) = P(Yk|Tr, Zi) (k| Y1:6—1) (k| Y1:6—1)P(Y1:—1)- 4.51)

Using equations (4.39) and (@.42)), we get

p(@, yl:k) ZN(yk; Cxy, Ek)/\/(l’k; Mk|k—1, Pk|k71)IW(Ek§ Uk|k—1, Uk|k71)p(y1:k71)

Y72 1 B
‘(2?)? exp (—5(% — Ca) " (e — ka))
Py, 2 1 _
’ ( )17’21 exrp (—§<1}k — M|k 1) Pk|k 1( mk|k_1)>
|U |Ic\k 1|E| (ug |- 1+ m+1) 1
k|k—1 k ( 1
o exp | —=tr (Up—125 )) .
k|k 1 m 1 2
2 L (=5-)

(4.52)

By taking the logarithm of both sides,

1 1
logp(©, Y1) = — Q(m + Ugjp—1 + 2)log| x| — é(yk — Cz) "2 (ye — Cxy,)

1 1
— 5t (Una %) = 5 (@ = mug1)" P (@ = miger) + co.

(4.53)

Let ¢ = X and by using equations (4.50) and (4.53), the following equation is

obtained:

' 1 1 i -
logq ()Y = —§(m + Upjk—1 + 2)log| Xy | — étr ((E,i) + Uk\k71)2kl> + ¢,
(4.54)

where

EY = E —Cx — Cap)7"
k [(yk | k) (Yk k) } (4.55)
= (yx — Cm;g|k—1)(yk — Cmyy.— )P+ CR \k 1CT
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By using (4.53), ¢(X;) Y is updated as inverse Wishart PDF as

q(S) Y = TW (S uf Y, U, (4.56)

where
ul™Y —uggy + 1, (4.572)
U —EY 1+ Uiy (4.57b)

Let ¢ = x;, and by using equations (4.50) and (.53)), below equation is obtained:

, 1 .
logg(zy,) Y = — i(yk: — Ca)"E[S; " (yy, — Cay)

1 (4.58)
- 5(1’1@ - mk|k—1)TP;J;§_1(xk — Mik—1) + Ca,
where
E[x; ) = W) —m — 1)) (4.59)
The likelihood PDF p(yy|z;) """V can be expressed as
plyelri) Y = N (s O, 5, (4.60)
where the estimated measurement noise covariance matrix is
(i —11( -1
S = (B[x; 1) (4.61)

q(z)"™V is updated as Gaussian PDF using equations (4.58), (4.59), (4.60) and
@.61) as

g(xe) Y = N my "V P, (4.62)

where
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méﬁf’ Mot + K (g — Crggecy),
Pt = Py = K CPyic,

and

. L -1
K,glﬂ) = Pk|k—1CT <CPk|k—1CT + E,(;H)) .

After N iterations, the posterior PDFs become

(1)) = N (5 m,(:‘\,?, P,Efz)) = N (zg; muge, Prjk),

S

*
8

O
%

¢ (Sk) = q(Sk) ™) = TW (S U;(cN), U;EN)) = IW (Zg; g, Ugjr)-

VB-IW algorithm is summarized in Algorithm
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Algorithm 2 VB-IW Algorithm
Inputs: my_1jk—1, Peo1jp—1, W—1—1> Up—1jp—1, 4, C, Y, @, B, m, n, A, N

Outputs: my k., Pk, Uik, Ukji
Time Update:
Lo myp—1 = Amp_qp—
2. Pyjp—1 = Apk—1|k—1AT +Q
Measurement Update:
3. Initialization: my;) = muj—1, B} = Prje—. o1 = Aup_1jp1 —m — 1) +
m + 1, Uppp—1 = AUp—1x-1
fori=0: N —1do
Update ¢(2;)" given g(z;)®
4. B = (g — i) (g — i) " + CP{CT
5.0 = wppy + 1,050 = BY 4 Upre s
Update g(x;,) Y given ¢(;,) Y
6. B[S, = (Y —m — )(U")
7 i}(jﬂ) _ (E[Elzl](iﬁ-l))fl
8. K™ = Pup 1 CT (CPup O + () -

9. migt = mugpy + K (g — Crivga)
10. P = Py — Ky CPyiy
end for

VB-IW approach expressed in this section is proposed in [23] for linear Gaussian
SSMs with unknown process and measurement noise. In this thesis, this approach is
proposed for linear SSMs with heavy-tailed measurement noise and it is compared

with VB-GG approach in terms of robustness towards outliers.

In contrast to VB-GG, VB-IW approach uses the sufficient statistics of the noise terms
as the prior in the next update. If we remove this carry over and fix the noise priors,
the algorithms exhibit similar performances. We refer to this algorithm as fixed prior

VB-IW. Fixed prior VB-IW algorithm is summarized in Algorithm 3]
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Algorithm 3 Fixed Prior VB-IW Algorithm

Inputs: my_1jk—1, Po—1jp—1, A, C, yi, Q, R, m,n, \, N, 7
Outputs: 1y, Py
Time Update:
Lo myp—1 = Amp_qp—
2. Pyp1 = AP AT +Q
Measurement Update:
3. Initialization: mg‘)z = Mp|k—1, Pk(Fk) =Pip-t,ur=7+m+1, Uy =7R
fort:=0: N—1do
Update (X)) given ()
4. B = (g — Co)) (yx — Cmi}))" + CBCT
5. u,(fﬂ) =+ 1, U,EHD = E,Ef) + Uy
Update ¢(z;,) Y given ¢(3;) Y
6. E[lel](z‘ﬂ) _ (ul(jJrl) Cm 1)(U,§i+1))_1
7. 50 = (B[z 0
8. K™ = P CT (cpk,k,lcT + i:;j*”) B

9. m,(;:l) = Mglk—1 + K]iﬁ_l) (yk - Omk\k—l)
10. Pk(r:l) = Pyjp—1 — K,?“’CPkm_l
end for
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4.3 Performance Evaluation

In this section, VB-GG and VB-IW algorithms are tested on a simulation of a moving
target in 2-D space that have Gaussian process noise and heavy-tailed measurement
noise. These tests are conducted for five different characteristics of measurement
noise. The CV model [8] is used to model the motion of the target. The state is the
same with (3.41)). The system matrices in (2.5) are

1000
C = , (4.66)

T 0 0]
100
01T 0010
00 1

o = O O

1
0
0

0

where T' = 1s is the sampling time. The process noise is distributed with normal

distribution wy ~ N (0, Q)) where

_T3 T2 -
— — 0 0
— T 0 0
Q=12 e (4.67)
0 0 — —
3 2
T2 T
0 0 —
i 2 i

We consider five different cases for measurement noise generation. These cases are

given below.
Case 1:

The measurement noise is generated according to

N(0, Ry) W.P. Do
vk ~ § N (1, Ry) W.p. P1 (4.68)
N (2, Rs) W.p. D2
where pg = 0.4, py = 0.3, po = 0.4, Ry = 100 X Is, Ry = Ry = 50 X I, 1 =

[70  70]" and py = [-70 —70]". The nominal covariance, outlier covariances and
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the effective covariance is shown in Figure d.1]
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Figure 4.1: The nominal covariance, outlier covariances and the effective covariance
for Case 1. The nominal covariance R is shown by blue circle, the outlier covariance
Ry is shown by orange circle, the outlier covariance 1?5 is shown by green circle and

the effective covariance is shown by purple ellipse.

Case 2:

The measurement noise is generated according to (4.68) where py = 0.4, p; = 0.3,
pr =04, Ry=100x 15, Ry = Ry = 50x Io, 1y = [0 100" and i = [0 —100]7.

The nominal covariance, outlier covariances and the effective covariance is shown in

Figure [4.2]

79



150 R, |
R,
R
100 | 2 . 7
Effective Covariance \_/
50 7
E ot + -
- N
50 7
-100 /\ 7
150 F v -
0

-200  -150  -100 -50 50 100 150 200

Figure 4.2: The nominal covariance, outlier covariances and the effective covariance
for Case 2. The nominal covariance Ry is shown by blue circle, the outlier covariance
Ry 1s shown by orange circle, the outlier covariance 7, is shown by green circle and

the effective covariance is shown by purple ellipse.

Case 3:

The measurement noise is generated according to

N(O, R .09
U ~ (0, fo) WP (4.69)

N(0,100R,)  w.p. 0.1

where Ry = 100x I,. The nominal covariance, the outlier covariance and the effective

covariance is shown in Figure 4.3
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Figure 4.3: The nominal covariance, the outlier covariance and the effective covari-
ance for Case 3. The nominal covariance R, is shown by blue circle, the outlier
covariance 100 x Iz, is shown by orange circle and the effective covariance is shown

by purple circle.

Case 4:

The measurement noise is generated according to (4.68) where py = 0.8, p; = 0.1,
P2 = 0]_, R() = 100 x ]2, Rl = R2 = 50 x Ig, M1 = [1000 1000]T and Mo =
[~1000  — 1000]”. The nominal covariance, outlier covariances and the effective

covariance is shown in Figure 4.4]
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Figure 4.4: The nominal covariance, outlier covariances and the effective covariance

for Case 4. The nominal covariance R is shown by blue circle, the outlier covariance

Ry 1s shown by orange circle, the outlier covariance 7, is shown by green circle and

the effective covariance is shown by purple ellipse.

Case 5:

The measurement noise is generated according to (4.68) where py = 0.8, p; = 0.1,
py = 0.1, Ry = 100 x Iy, Ry = Ry = 50 x I, yy = [0 1000]" and piy = [0 —
1OOO]T. The nominal covariance, outlier covariances and the effective covariance is

shown in Figure [4.5]
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Figure 4.5: The nominal covariance, outlier covariances and the effective covariance

for Case 5. The nominal covariance R is shown by blue circle, the outlier covariance

Ry is shown by orange circle, the outlier covariance 7, is shown by green circle and

the effective covariance is shown by purple ellipse.

In this simulation, the position, the velocity and the effective covariance of the mea-
surement noise are estimated with both VB-GG algorithm and VB-IW algorithm. The
algorithms are only aware of the nominal measurement noise covariance R, for all
cases. The simulation is carried out for 500 Monte Carlo (MC) runs, 500 time steps
for each MC run and 10 iterations are performed for both VB algorithms. In addi-
tion, the degrees of freedom parameter v in VB-GG algorithm is taken as 3 [22]. The
tuning parameter 7 and the forgetting factor A in VB-IW algorithm are taken as 5 and
1 [23]], respectively. For evaluating the estimation accuracy of the state, root mean
square error (RMSE) and averaged root mean square error (ARMSE) [22]] given in
equations (3.16) and (3.17) are used as performance metrics. These metrics are com-

puted for both position and velocity.
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Figure 4.6/ and Figure .7 shows respectively the RMSEs of position and velocity for
Case 1. The ARMSEs of position and velocity for VB-GG, VB-IW, STF and KF
for Case 1 are given in Table .I] In Figure 4.8] the effective measurement noise
covariance, the estimated measurement noise covariance by VB-IW and the effective
covariance calculated by VB-GG used in the measurement update of the state in VB

iterations for Case 1 are shown for any time interval of a single MC run.

90 T T T T T T T T T

KF
VB-GG
VB-IW
Student-t

O 1 1 1 1 1 1 1 1 1

0 50 100 150 200 250 300 350 400 450 500
Time (s)

Figure 4.6: RMSEs of the position for 500 Monte Carlo run for Case 1. RMSEs of
the position by VB-GG is shown by orange line, RMSEs of the position by VB-IW
is shown by green line, RMSEs of the position by STF is shown by purple line and
RMSEs of the position by KF is shown by blue line.

Figure [4.9] and Figure shows respectively the RMSEs of position and velocity
for Case 2. The ARMSE:s of position and velocity for VB-GG, VB-IW, STF and KF
for Case 2 are given in Table [4.2] In Figure @d.11] the effective measurement noise
covariance, the estimated measurement noise covariance by VB-IW and the effective
covariance calculated by VB-GG used in the measurement update of the state in VB

iterations for Case 2 are shown for any time interval of a single MC run.

Figure .12 and Figure [4.13] shows respectively the RMSEs of position and velocity
for Case 3. The ARMSE:s of position and velocity for VB-GG, VB-IW, STF and KF
for Case 3 are given in Table [4.3] In Figure [4.14] the effective measurement noise

covariance, the estimated measurement noise covariance by VB-IW and the effective
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Figure 4.7: RMSEs of the velocity for 500 Monte Carlo run for Case 1. RMSEs of
the velocity by VB-GG is shown by orange line, RMSEs of the velocity by VB-IW
is shown by green line, RMSEs of the velocity by STF is shown by purple line and
RMSE:s of the velocity by KF is shown by blue line.

covariance calculated by VB-GG used in the measurement update of the state in VB

iterations for Case 3 are shown for any time interval of a single MC run.

Figure .15 and Figure [4.16] shows respectively the RMSEs of position and velocity
for Case 4. The ARMSE:s of position and velocity for VB-GG, VB-IW, STF and KF
for Case 4 are given in Table [4.4] In Figure the effective measurement noise
covariance, the estimated measurement noise covariance by VB-IW and the effective
covariance calculated by VB-GG used in the measurement update of the state in VB

iterations for Case 4 are shown for any time interval of a single MC run.

Figure {4.18] and Figure [4.19] shows respectively the RMSEs of position and velocity
for Case 5. The ARMSE:s of position and velocity for VB-GG, VB-IW, STF and KF
for Case 5 are given in Table [4.5] In Figure 4.20] the effective measurement noise
covariance, the estimated measurement noise covariance by VB-IW and the effective
covariance calculated by VB-GG used in the measurement update of the state in VB

iterations for Case 5 are shown for any time interval of a single MC run.

Figures [{4.6] K9 and Tables [4.T] |.2] show that VB-IW algorithm provides
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Table 4.1: ARMSE:s of KF, VB-GG, VB-IW and STF for Case 1

ARMSE of the position (m) | ARMSE of the velocity (m/s)
KF 42.33 8.90
VB-GG 61.94 5.77
VB-IW 31.86 4.15
STF 64.82 26.07

Table 4.2: ARMSE:s of KF, VB-GG, VB-IW and STF for Case 2

ARMSE of the position (m) | ARMSE of the velocity (m/s)
KF 42.60 9.02
VB-GG 61.23 5.74
VB-IW 31.45 4.17
STF 65.41 26.25

better estimation accuracy than other algorithms for Case 1 and Case 2 since in these
cases, outliers near to nominal covariance and they have high probability of occur-
rence. Therefore, these cases show behavior of unknown covariance instead of outlier
behavior. As seen in Figures and VB-IW algorithm estimates the effective
measurement noise covariances accurately. As a result, VB-IW algorithm outper-
forms VB-GG algorithm for the systems that have unknown measurement noise co-

variances in terms of RMSE and ARMSE.

Unlike Case 1 and 2, Case 3-5 show outlier behaviour. In these cases, VB-GG al-
gorithm has smaller RMSEs and ARMSEs than VB-IW algorithm as seen in Figures

4.12] A.13] [4.15] [4.16] 4.18] [4.19] and Tables [4.3] #.4] 4.3l In order to increase the

estimation accuracy of VB-IW algorithm for the systems that have outliers, we use

fixed prior VB-IW algorithm and the simulation results for this algorithm are given.
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Figure 4.8: Measurement noise covariance tracking of the algorithms VB-GG and
VB-IW for Case 1 (for any time interval of a single MC run). The effective mea-
surement noise covariances are shown by purple ellipses, the estimated measurement
noise covariances by VB-IW are shown by green ellipses and the effective covariance
calculated by VB-GG used in the measurement update of the state in VB iterations
are shown by orange circles. The blue circles and black stars show the true positions

and the measurements, respectively.

Figure 4.21] and Figure 4.22] shows respectively the RMSEs of position and velocity
for Case 3 by using fixed prior VB-IW algorithm. The ARMSEs of position and
velocity for VB-GG, fixed prior VB-IW, STF and KF for Case 3 are given in Table@
In Figure @, the effective measurement noise covariance, the effective covariance
calculated by fixed prior VB-IW used in the measurement update of the state in VB
iterations and the effective covariance calculated by VB-GG used in the measurement
update of the state in VB iterations for Case 3 are shown for any time interval of a

single MC run.

Figure 4.24] and Figure [4.25] shows respectively the RMSEs of position and velocity
for Case 4 by using fixed prior VB-IW algorithm. The ARMSEs of position and
velocity for VB-GG, fixed prior VB-1IW, STF and KF for Case 4 are given in Table
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Figure 4.9: RMSEs of the position for 500 Monte Carlo run for Case 2. RMSEs of
the position by VB-GG is shown by orange line, RMSEs of the position by VB-IW
is shown by green line, RMSEs of the position by STF is shown by purple line and
RMSEs of the position by KF is shown by blue line.

In Figure @[, the effective measurement noise covariance, the effective covariance
calculated by fixed prior VB-IW used in the measurement update of the state in VB
iterations and the effective covariance calculated by VB-GG used in the measurement
update of the state in VB iterations for Case 4 are shown for any time interval of a

single MC run.

Figure .27 and Figure 4.28] shows respectively the RMSEs of position and velocity
for Case 5 by using fixed prior VB-IW algorithm. The ARMSEs of position and
velocity for VB-GG, fixed prior VB-1IW, STF and KF for Case 5 are given in Table@
In Figure @[, the effective measurement noise covariance, the effective covariance
calculated by fixed prior VB-IW used in the measurement update of the state in VB
iterations and the effective covariance calculated by VB-GG used in the measurement
update of the state in VB iterations for Case 5 are shown for any time interval of a

single MC run.

As seen in Figures [4.21] [{.22] [4.24] [4.25] [4.27] and 4.28] the RMSEs of VB-IW al-
gorithm approaches to RMSEs of VB-GG algorithm, i.e., both VB-IW and VB-GG

provide almost the same estimation accuracy, by applying proposed approach for the
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Figure 4.10: RMSE:s of the velocity for 500 Monte Carlo run for Case 2. RMSEs of
the velocity by VB-GG is shown by orange line, RMSEs of the velocity by VB-IW

is shown by green line, RMSEs of the velocity by STF is shown by purple line and
RMSE:s of the velocity by KF is shown by blue line.

systems that have outliers. Consequently, VB-IW algorithm approaches to VB-GG
algorithm when the presence of outliers. It can also outperforms VB-GG algorithm

under certain circumstances.
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Figure 4.11: Measurement noise covariance tracking of the algorithms VB-GG and
VB-IW for Case 2 (for any time interval of a single MC run). The effective mea-
surement noise covariances are shown by purple ellipses, the estimated measurement
noise covariances by VB-IW are shown by green ellipses and the effective covariance
calculated by VB-GG used in the measurement update of the state in VB iterations

are shown by orange circles. The blue circles and black stars show the true positions
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Table 4.3: ARMSEs of KF, VB-GG, VB-IW and STF for Case 3

ARMSE of the position (m) | ARMSE of the velocity (m/s)
KF 25.42 5.74
VB-GG 9.83 3.04
VB-IW 20.72 3.90
STF 19.49 6.37
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Figure 4.12: RMSE:s of the position for 500 Monte Carlo run for Case 3. RMSEs of
the position by VB-GG is shown by orange line, RMSEs of the position by VB-IW
is shown by green line, RMSEs of the position by STF is shown by purple line and
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RMSEs of the position by KF is shown by blue line.
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Figure 4.13: RMSE:s of the velocity for 500 Monte Carlo run for Case 3. RMSEs of
the velocity by VB-GG is shown by orange line, RMSEs of the velocity by VB-IW
is shown by green line, RMSEs of the velocity by STF is shown by purple line and
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RMSE:s of the velocity by KF is shown by blue line.

91

400 450




6200

6100

6000

5900

4.86

Figure 4.14: Measurement noise covariance tracking of the algorithms VB-GG and
VB-IW for Case 3 (for any time interval of a single MC run). The effective mea-
surement noise covariances are shown by purple ellipses, the estimated measurement
noise covariances by VB-IW are shown by green ellipses and the effective covariance
calculated by VB-GG used in the measurement update of the state in VB iterations
are shown by orange circles. The blue circles and black stars show the true positions

and the measurements, respectively.
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Table 4.4: ARMSEs of KF, VB-GG, VB-IW and STF for Case 4

ARMSE of the position (m) | ARMSE of the velocity (m/s)
KF 243.42 49.79
VB-GG 9.54 2.97
VB-IW 109.94 5.65
STF 242.59 205.62
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Figure 4.15: RMSE:s of the position for 500 Monte Carlo run for Case 4. RMSEs of
the position by VB-GG is shown by orange line, RMSEs of the position by VB-IW
is shown by green line, RMSEs of the position by STF is shown by purple line and
RMSEs of the position by KF is shown by blue line.
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Figure 4.16: RMSE:s of the velocity for 500 Monte Carlo run for Case 4. RMSEs of
the velocity by VB-GG is shown by orange line, RMSEs of the velocity by VB-IW
is shown by green line, RMSEs of the velocity by STF is shown by purple line and
RMSE:s of the velocity by KF is shown by blue line.
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Figure 4.17: Measurement noise covariance tracking of the algorithms VB-GG and
VB-IW for Case 4 (for any time interval of a single MC run). The effective mea-
surement noise covariances are shown by purple ellipses, the estimated measurement
noise covariances by VB-IW are shown by green ellipses and the effective covariance
calculated by VB-GG used in the measurement update of the state in VB iterations

are shown by orange circles. The blue circles and black stars show the true positions
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Table 4.5: ARMSEs of KF, VB-GG, VB-IW and STF for Case 5

ARMSE of the position (m) | ARMSE of the velocity (m/s)
KF 169.91 34.82
VB-GG 9.55 2.97
VB-IW 83.22 5.27
STF 165.73 132.32
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Figure 4.18: RMSE:s of the position for 500 Monte Carlo run for Case 5. RMSEs of
the position by VB-GG is shown by orange line, RMSEs of the position by VB-IW
is shown by green line, RMSEs of the position by STF is shown by purple line and
RMSEs of the position by KF is shown by blue line.
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Figure 4.19: RMSE:s of the velocity for 500 Monte Carlo run for Case 5. RMSEs of
the velocity by VB-GG is shown by orange line, RMSEs of the velocity by VB-IW
is shown by green line, RMSEs of the velocity by STF is shown by purple line and
RMSEs of the velocity by KF is shown by blue line.
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Figure 4.20: Measurement noise covariance tracking of the algorithms VB-GG and
VB-IW for Case 5 (for any time interval of a single MC run). The effective mea-
surement noise covariances are shown by purple ellipses, the estimated measurement
noise covariances by VB-IW are shown by green ellipses and the effective covariance
calculated by VB-GG used in the measurement update of the state in VB iterations
are shown by orange circles. The blue circles and black stars show the true positions

and the measurements, respectively.
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Figure 4.21: RMSEs of the position for 500 Monte Carlo run for Case 3 by using
fixed prior VB-IW algorithm. RMSE:s of the position by VB-GG is shown by orange
line, RMSEs of the position by fixed prior VB-IW is shown by green line, RMSEs
of the position by STF is shown by purple line and RMSEs of the position by KF is

shown by blue line.
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Figure 4.22: RMSE:s of the velocity for 500 Monte Carlo run for Case 3 by using
fixed prior VB-IW algorithm. RMSE:s of the velocity by VB-GG is shown by orange
line, RMSEs of the velocity by fixed prior VB-IW is shown by green line, RMSEs
of the velocity by STF is shown by purple line and RMSEs of the velocity by KF is

shown by blue line.
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Table 4.6: ARMSEs of KF, VB-GQG, fixed prior VB-IW and STF for Case 3

ARMSE of the position (m) | ARMSE of the velocity (m/s)
KF 25.63 5.71
VB-GG 9.80 3.00
Fixed Prior VB-IW 10.05 3.06
STF 19.65 6.43

Table 4.7: ARMSEs of KF, VB-GG, fixed prior VB-IW and STF for Case 4

ARMSE of the position (m) | ARMSE of the velocity (m/s)
KF 242.54 49.56
VB-GG 9.52 2.96
Fixed Prior VB-IW 9.85 3.03
STF 241.20 204.33

Table 4.8: ARMSEs of KF, VB-GQG, fixed prior VB-IW and STF for Case 5

ARMSE of the position (m)

ARMSE of the velocity (m/s)

KF

171.91 35.05
VB-GG 9.55 2.96
Fixed Prior VB-IW 9.94 3.03
STF 164.67 130.50
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Figure 4.23: Measurement noise covariance tracking of the algorithms VB-GG and
fixed prior VB-IW for Case 3 (for any time interval of a single MC run). The effective
measurement noise covariances are shown by purple ellipses, the effective covariance
calculated by fixed prior VB-IW used in the measurement update of the state in VB
iterations are shown by green ellipses and the effective covariance calculated by VB-
GG used in the measurement update of the state in VB iterations are shown by orange
circles. The blue circles and black stars show the true positions and the measurements,

respectively.
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Figure 4.24: RMSE:s of the position for 500 Monte Carlo run for Case 4 by using
fixed prior VB-IW algorithm. RMSE:s of the position by VB-GG is shown by orange
line, RMSEs of the position by fixed prior VB-IW is shown by green line, RMSEs
of the position by STF is shown by purple line and RMSEs of the position by KF is

shown by blue line.
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Figure 4.25: RMSE:s of the velocity for 500 Monte Carlo run for Case 4 by using
fixed prior VB-IW algorithm. RMSE:s of the velocity by VB-GG is shown by orange
line, RMSEs of the velocity by fixed prior VB-IW is shown by green line, RMSEs
of the velocity by STF is shown by purple line and RMSEs of the velocity by KF is

shown by blue line.
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Figure 4.26: Measurement noise covariance tracking of the algorithms VB-GG and
fixed prior VB-IW for Case 4 (for any time interval of a single MC run). The effective
measurement noise covariances are shown by purple ellipses, the effective covariance
calculated by fixed prior VB-IW used in the measurement update of the state in VB
iterations are shown by green ellipses and the effective covariance calculated by VB-
GG used in the measurement update of the state in VB iterations are shown by orange
circles. The blue circles and black stars show the true positions and the measurements,

respectively.
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Figure 4.27: RMSE:s of the position for 500 Monte Carlo run for Case 5 by using
fixed prior VB-IW algorithm. RMSE:s of the position by VB-GG is shown by orange
line, RMSEs of the position fixed prior VB-IW is shown by green line, RMSEs of the
position by STF is shown by purple line and RMSEs of the position by KF is shown

by blue line.
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Figure 4.28: RMSEs of the velocity for 500 Monte Carlo run for Case 5 by using
fixed prior VB-IW algorithm. RMSE:s of the velocity by VB-GG is shown by orange
line, RMSEs of the velocity by fixed prior VB-IW is shown by green line, RMSEs
of the velocity by STF is shown by purple line and RMSEs of the velocity by KF is

shown by blue line.

102



2000 Effective Covariance ||
VB-IW
1500 - VB-GG |
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Figure 4.29: Measurement noise covariance tracking of the algorithms VB-GG and
fixed prior VB-IW for Case 5 (for any time interval of a single MC run). The effective
measurement noise covariances are shown by purple ellipses, the effective covariance
calculated by fixed prior VB-IW used in the measurement update of the state in VB
iterations are shown by green ellipses and the effective covariance calculated by VB-
GG used in the measurement update of the state in VB iterations are shown by orange
circles. The blue circles and black stars show the true positions and the measurements,

respectively.
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CHAPTER 5

MULTIPLE-MODEL EXTENSIONS OF OUTLIER ROBUST FILTERS
USING VB APPROACH

As mentioned before, both multimodality and heavy-tailed noises may exist at the
same time in many real world applications. In Chapter 3, IMM-STF is derived for
the multiple-model systems that have heavy-tailed noises. It is shown that IMM-STF
outperforms the conventional IMM algorithm. In addition to STF, VB methods are
proposed for the rejection of outliers. In the previous chapter, the derivations of two
different VB methods, VB-GG and VB-IW, are given and the performances of these
methods are compared. In order to solve the tracking problem of the multiple-model
systems that have heavy-tailed measurement noise, a multiple-model extension of
VB-GG approach is proposed in [39,47]. It is demonstrated by the simulation results
in the previous chapter that VB-IW algorithm provides better estimation accuracy
than VB-GG algorithm. Therefore, a multiple-model extension of VB-IW approach
is proposed in this chapter for multiple-model systems that have outliers in measure-

ments.

In this chapter, a multiple-model extension of VB-GG algorithm and a multiple-model
extension of VB-IW algorithm are derived based on IMM approach. These multiple-
model extensions are referred as IMM-VB-GG and IMM-VB-IW. The performances
of these two methods are compared for five different measurement noise characteris-

tics.
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5.1 Multiple-Model Extension of VB-GG Algorithm (IMM-VB-GG)

In this section, the derivation of IMM-VB-GG is given. We consider the hybrid sys-

tem (2.42)) where

e w;" | is distributed with (0, Q™),

e v.* is distributed with St(0, R™, v"™).

The mode state ), is modeled as a Markov chain that have the TPM II = [7; =
P(ry = i|rk—1 = j)]. We assume that we have N modes. The block diagram of a

single step of the IMM-VB-GG algorithm is shown in Figure[5.1]

N(mk\k P Ijk\k )

{:ulgfl }?]:1

Y

1 1
N(mk—uk—l > Bcfl\kfl)
R

ol ol

N(my s Bl N(my, By
VB-GG-1 >

2 2 [0 )

N(my_y s Byr) Ny Bop) N(mo Bl

' Mixi ng VB-GG-2 »
A . .
L]

N(’"ﬁl\k—l > P/ﬁukf])

L)
oN 0N !
—_— N(mkfl\kfl > })kfl\kfl) N (mgye, Bl
\ J VB-GG-N

Figure 5.1: The block diagram of a single step of IMM-VB-GG for N-models.

Since in VB-GG algorithm, the filtered PDF p(z|y1.x) is approximated as Gaussian
distributed, the mixing calculations and the calculation of overall mean and covari-
ance are the same as in the conventional IMM algorithm. We assume that we have

statistics {mifl‘ b1 ngl‘ b1 ui_l};v:l from the previous step. Then, the statistics
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{miu, Pijr» 111}y are obtained at the end of the one step of the algorithm. First of

all, the mixing mode probabilities are obtained as

J
ji i1
u2_1|k_1 -5 (5.1)
ZE Wli/li;—l
-1

Then, the prior distributions are mixed using the mixed mode probabilities. The
merged means and covariances are computed by equation (2.49). Now, we have the
mixed statistics {mgi_ll k1) P,?in w1 }2¥, which are the inputs for VB-GG filters. The
posterior PDF for each mode is calculated by VB-GG algorithm given in the previ-
ous chapter. One-step predicted PDF p(xy|y1.k—1,7x = ¢) and the likelihood PDF

p(yk|zk, i, = 1) are

P(@klyr—1, i = 1) =N (a}; mi;v@_p PZ\k—l)? (5.2a)
p(yk|Tr, T = 1) =St(yg; C’%Z, R',vY). (5.2b)

The parameters of the one-step predicted PDF are calculated by using KF time update

equation (2.8) since the process noise is Gaussian distributed, i.e.,

i i, 0
M- = A My 11k—15 (5.3a)

Pl =AY (A + Q. (5.3b)

The likelihood (5.2b) can be rewritten by using the Gamma-Gaussian representation

of the Student’s-t PDF (4.13)) for each mode ¢

p(yk|zr, re =) = /N (y; C'x, RYN;) Gam (N 0'/2,0"/2) dA;,. (5.4)

Therefore, we have

p(yk’Ik,Ak,’l“k = 2) :N(yk,szz,RZ//\Z) s (553)
(k| = i) = Gam (\j; 0'/2,0"/2) . (5.5b)

In order to estimate the state z}, the joint posterior PDF p(x4, Ax|y1.x, 7 = 7) need to
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be approximated by VB approach as

P(Trs Aelyrn, e = 1) ~ q(a},)q(Ny),

(5.6)

where ¢(.) is the approximate posterior PDF. The approximation steps are the same

with given in Chapter [d} Thus, ¢(\%)**" is updated as Gamma PDF as

a() ) = Gam (3" 6 ). (57)
where ¢(.)* is the approximation of ¢(.) at (s + 1)th iteration and
i+ 1 i
i - §(m + oY), (5.8a)
(s 11 . RN
o = 5 [ e (B ()] (5.8b)
i (s i i (s i i )\ ipi ()i
The modified likelihood PDF p(y|x, m, = 7)Y is defined as
N (s+1) ii [pi]CTY
~ 16D . . . . :
where [R};} is the effective covariance matrix, which is used in the measurement
update of the state for mode 1 at (s+1)th iteration. It is calculated as
~ .7 (s+1) R
[,J - (5.10)
E [x]"
and
E [)\ij|(5+1) _ IY;'C(S—FI) (5 11)
k - 5;{(84‘1) : :
As given in Chapter@ q(z%) ) is updated as Gaussian PDF as
i\ (s i i (s+1 i (s+1
q(zi)! ) - N (:Ek;mk,lk( * ),Pk|k( * )) , (5.12)



where

i s+1 i i (s+1 i
mk\k( = Mie—1 + Kk( ) (k. = C'mi_1) (5.13a)
i (s+1) i i (5+1) ~i i
Par " = Prpo = Ki ™" C Py, (5.13b)
and
i (s S . ~ .7 (s+1)
S = OBy () (R (5.142)
i (8 i T i (s+1 -1
K" = Pl (O7) (Sk( ’ )) : (5.14b)

After S iterations, the approximate posterior PDF of the state for each mode i be-

comes

w( d i i.i (8 pi () i i
q"(r}) =~ Q(xk;)(S) :N<xk;mk|k »Pk|k ) :N(xk;mmkapk\k)? (5.15)

and the innovation covariance is

Si = gi®. (5.16)

In order to obtain the overall mean and covariance of the state, mode probabilities

should be updated as

= P(r = ilyie) o< p(ye|yre—1, 76 = i) P(r, = i|y1—1)
N
< P(Yk|Y1k—1, Tk = 1) ZP('Fk = i[rg—1 = J)P(ri-1 = jlyr.r-1)

j=1 (5.17)
N .
o p(Yklyrn—1, 7% = 1) D Tjipth_y.
j=1
N )
P(YklYre—1, 76 = ) 3 ity
i, = . (5.18)

M=

1
N .
Pelyrie, e = 1) 3w,

=1 7=1

The likelihood p(yk|y1.6—1, 7% = ©) in equation (5.18)) can be obtained by computing
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the following integral:

P(Ykly1:k—1,76 = 1) = //p(yk|$k, Mo Tk = O)DP(Tk|Yok—1, T = 1)
X p()\k|7’k = ’l)d)\kdﬂfk
= [ [N Ol RN el i1, i)

x Gam(\g;v' /2, 0" /2)dN, d,

(5.19)

Since there is no analytical expression for integral in equation (5.19), it is approxi-

mated as in [25]]

o .y ‘ - 7(N)
pnlasorn =) = A (i C . P (4[] 7) 6520

By substituting equation (5.20) in (5.18));

N

S y . ~.7(N) )
N(?/k;Clmék17C’P£|k1(Cl)T+ [RZ] )Zﬁjiﬂil

Jj=1

e = — N —. (52D
N(yk;clmm1,ClPé|k1(Cl)T+ [RL] ) ;Wﬂﬂi*l

J]=

M=

=1

The overall mean and covariance are computed by equation (2.45). IMM-VB-GG

algorithm is summarized in Algorithm {4}
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Algorithm 4 IMM-VB-GG Algorithm

Inputs: {m] _ ke Pl Lk L 1}J L 1AL CL QY R VY g, mum, S
for i=1:N do

Mixing:
for j=1:N do
i
1. Tjiltg—1
:“k k-1 = N
!
Z i1
I=1
end for
N
0i _ ji j
2.my gy = § Fre—1lk—1"k—1)k—1
j=1
N
0i _ ji
3. Pk—1|k—1 = E H—1]k—1
j=1
J 0i J 0i T
[P —1|k— 1+(mk 1k—1 mk71|k71>(mk—1|k—1 _mk71|k71)
Time Update:

4. m2|k—1 = Aimﬁi_1|k_1
5. PéuH = AZPISinA(AI)T +Q
Measurement Update:
6. Initialization: mj, ' = mi,_,, P, = P,
for s=0:S-1 do

Update q(AL) Y given q(:vk)(s)

i O\ i pi (8) (i
7. B = (g — Comil™) (- Oy )+ 0B (O
S 1 S 1 A ; S
8. ’yk( ) 2(m—|—v ), 0} ) = =3 (U + tr <E}€( )(RZ)’l)) E [A’] (e+1) _

’Y}i(s—i_l)
Update (%)) given (L)
9 [R i|(s+1) B Rl

' k E [A}C](SJrl)

(s oo , (s+1)
10. ${° = C'B (€ + | i)

i(s+1) i i i (s+1)\ 7
1. K}, = Pk|k—1(C )T (Sk: )

i (s+1) i(s+1) i g
12. Mk = mk\k 1+ K (yk -C mk|k—1)
7 (5+1) i (5+1) ~i i
13. Py K|k k|k 1 — K C k|k—1
end for
i i (8 pi pi () i (S)
14. My = My > Pk\k = k|k Sk = Sk
end for
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for i=1:N do

o o . - 1N\ N »
N (yk;olm;c|k—17Clpklzlk’—l(ol)T+ [Ri} ) Zlﬂ—ji/vbi;—l
15. ph = ~ =
- 1)\ N )
zle (yk;Clmilk_l,OlP]ik_l((]l)T + |:R§€i| ) Zlﬁjlﬂiq
= ]:
end for
16. my, = Zu}%mm
=1
N
17. Pk|kz = Z,u% [Plz\k + (mﬁc‘k - mk‘k)(mﬁc‘k — mk‘k)T}
=1

Outputs: {mj., Ply, 11} i1s Mgs Prji

5.2 Multiple-Model Extension of VB-IW Algorithm (IMM-VB-IW)

In this section, the derivation of IMM-VB-IW is given. VB-IW algorithm is used to
estimate the effective covariance of the measurement noise and the state of each mode

of the hybrid system. We consider the hybrid system (2.42)) where

e w* is distributed with N'(0, Q"*),

e v.* is distributed with St(0, R™, v"™).

The mode state 7 is modeled as a Markov chain that have the TPM II = |7}, £
P(ry = i|rk—1 = j)]. We assume that we have N modes. The block diagram of a

single step of the IMM-VB-IW algorithm is shown in Figure

b 1]k—1)>

As seen in Figure we have probability distributions {N'(z}_,;m]_,, . P}
IW (S5 iy _1: Uj_y 1)} 3o, from the previous step where >/ | is the effective
covariance of the measurement noise at time step k£ — 1 for mode j and the probability
distributions {N(z}; mj ., Pij.), IW (S; g, Ufjp )}y are obtained at the end of the one
step of the algorithm. The prior distributions of the state and the effective covariance
of the measurement noise are Gaussian and Inverse-Wishart, respectively. Hence, the
joint distribution of the state end the effective covariance of the measurement noise

of the 7 th mode given the measurements can be seen as the product of Gaussian and
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2 2 L J
Nmiyes P N(ml?zfl\kfl > PAQEI\A—I) N2y Pa)
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W Wiy Ujpr) IW(MEM,“UE”A,I) W Ui U
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. Mixing . *| VBIW-2 .
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W (i, Usrip) Wy, U N N
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|
;

Figure 5.2: The block diagram of a single step of IMM-VB-IW for N-models.

Inverse-Wishart distribution such that

p(r—1, Zp1|yih—1, 61 = J) :N(xi_ﬁ mi_l‘k_p P;g_1\k_1)

4 . (5.22)
x IW (554 ui;—1|k;—1’ Ulz—l\k:—1>7
which is named as Normal-Inverse Wishart distribution.
First of all, the mixing mode probabilities are obtained as
ji . 7Tji/‘i—l
M1 = 5 (5.23)

!
Z T fbg—q
=1

Then, the prior Normal-Inverse Wishart distributions (5.22) are mixed using the mix-

ing mode probabilities. The merged statistics are calculated as

N
03 _ Ji J
Mp—1jk—1 = Z”kflmflmkfl\kfl? (5.24)

j=1
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N
0i _ ji
Bl = § :Mk—l\k—l

j=1
J J 06 J 00 T
X [Pk—l\k—l + (mk—l\k—l M) (M, — Mg 1pe1) } :

(5.25)

Up” k=1 = (u221|k_1 —m—1)
-1
X (i ey (s = m = 1) (UL 1>1> 6
j=1
and
up gy =argmin, {mlog(u —m — 1) — i% <U_Tm_l)

Zﬂk 11 -1 (U,ﬂ " 1>1
T Z Z N?:—uk_l% (u_Tm_l)

j=1 I=1

— log

(5.27)

N
- Z “ﬁl\kﬂlOg ‘Ulgfl\k—l h
j=1

by minimizing the Kullback-Leibler divergence where v(.) is the digamma func-
tion [19], which is the Ist order derivative of the logarithm of the gamma function
[10]. Now, we have the mixed statistics {m}" k=1 P k=1 uy- k=1 Uy k=1 N
which are the inputs for VB-IW filters. The posterior PDF for each mode is calcu-
lated by VB-IW algorithm given in the previous chapter. The one-step predicted PDF

p(zk|y1.6—1, " = @) and the likelihood PDF p(yx|zx, Xk, rp = @) are

P(@klyrn—1, 76 = 1) =N (@ M1, Php1), (5.28a)
p(ye|re, Sk, i = 1) =N (yp; Ol B1). (5.28b)

Since the process noise is assumed as Gaussian distributed, the parameters of one-step
predicted PDF are calculated by KF time update equations (5.3). Now, the goal is to

estimate the state x, and the effective covariance of the measurement noise X},. The
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approximated posterior distributions ¢(z},) and ¢(X%) are obtained for each mode i as

given in Chapter[d} Therefore, ¢(3;)**?) is approximated as Inverse-Wishart PDF as

(8D = T (z;, (1) U,f“), (5.29)

s+1)

where ¢(.)“*) is the approximation of ¢(.) at (s 4 1)th iteration. According to equa-

tions (4.57), #.43) and (4.53)), we obtain

i (s+1)

Uittt —pit +Uk|k y (5.30b)
and
Uhpoy =AU’y —m—1) +m+ 1, (5.31a)
U1 =AU 11, (5.31b)
B =(y — Crmigy ) (e — Crmigy )™ + ciP,:;m“’(ci)T. (5.31¢)
where )\ is the forgetting factor. As given in Chapter @, SH) is updated as
Gaussian PDF as
1\ (s i i (s+1 i (s+1
Q(ﬁk)( = N (xk;mk|k( " ), Pk|k( * )> , (5.32)
where
i (sl i i(st+l i i
mk\k( - Myjp—1 + Kk( i )(yk: -C mk\k—l)? (5.33a)
i (3+1) i (51+1) ~i i
K|k k|k 1 — K, C k|k—15 (5.33b)
i (s+1) i i (s+1)
Sk( ) (C Py (C)T + [ k] ) ; (5.33¢)
(s _ , er1)] -1
K = Pl ()T [S;Z( H)] : (5.33d)
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and the estimated measurement noise covariance matrix is

5] L [(“k R (Ué(s+1)>_1} - (5.34)

After S iterations, the approximate posterior PDFs of the state and the effective mea-

surement noise covariance matrix for each mode 7 become

%/ i i i i 8 pi (9) i i
* (i i i, i) pri(S i i
¢ (%)) = (%)) = 1w (Ek;uk( LUl )) = IW (S vigs Uip) -+ (5:35b)

and the innovation covariance is

Si =519, (5.36)

In order to obtain the overall mean and covariance of the state, mode probabilities

should be updated as

1 2 P(ry = ilyie) o p(Yrlyin—1,7r = 1) P(re = ily1e_1)

N
X p(yk|y1:k‘—la T = 7/) Z P(Tk = i|Tk_1 = j)P(rk—l — j|y1:k—1)
j=1 (5.37)
N .
X p(Yk|Yyrk—1, K = 1) Z Tjifly -
j=1
. N y
Pl Yrk—1, 7k = 1) lejl-,u{ﬁ_l
P = —_— (5.38)
lzp(yklylzk—lark - l) Zlﬂ-ﬂ'u?c—l
=1 j=

The likelihood p(yx|y1.k—1, 7% = %) in equation (5.18) can be obtained by computing

the following integral:

P(Ykly1:k—1, 76 = 1) = //p(yk|$k, etk = O)p(Tr|Yor—1,7h = 1)
(5.39)

X p<22’y0:k717 T = 1)dXdxy
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— [ [ Nos Ol SN iy, Pl )

< IW (S ey U 1)

(5.40)

Since there is no analytical expression for integral in equation (5.40), it is approxi-

mated as in [25]]

Ui
et T 1(5 A1)

P(yelyrr—r,mi = i) = N (yk; C'Migpp—1, C"Pipp 1 (C)T +

In [16] and [37]], different approximations are given for this integral. By substituting

equation (5.41)) in (5.38));

. . . . ) Ui B N .
M <yk; C'migp—1s C' Py (C)T + k'—k_ﬁl_l) > Wikl
i £
Pe= W . (542)
vl N
&N (yk; Oty OBy, (C)T + %) > itk

klk—1— j=1

The overall mean and covariance values of the state are computed by equation (2.45).

IMM-VB-IW algorithm is summarized in Algorithm 5
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Algorithm 5 IMM-VB-IW Algorithm
Inputs: {1}, 1k— a 1]k— b U 1k U 1k— i Y ies {AL CL QL RV i
m,n, \, S
for i=1:N do

Mixing:
for j=1:N do

jiFk—1
L. :“k k=1 =

Z ™ lz‘/igg—l
=1
end for

2. my’ k-1 = § ::uk 1)k— 1mk 1lk—1

0i
3 Blajgr = § :'“k 1k—1
0¢ J _ 0 T
X [Pk 1)k— 1+(mk k=1 — Me—1|k— 1>(mk k=1~ M1k 1) ]

, —m—1
4. ugﬂu,ﬂfl = arg min, {mlog(u —m — 1) Z (0 ( )
N -1
Z/‘f—ukq(u —m—1) <U1g 1)k— 1>
j=1
AR u—m—I
DM WIRACESY

—log

j=1 i=1
- Z N?;—1|k—110g ‘Uif:—1|k_1 }

j=1

5. Ulgl k-1 = (Ugl k-1 — M — 1)
—1
. —1

<Z“k e (@ —m = 1) <Ui_1|k_1> )

Time Update:

6. mk|k71 = A mgiukq
7. Pli|k—l = Aiplgiuk—l(Ai)T + Q'
end for

(to be continued)
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for i=1:N do

Measurement Update:

8.  Initialization: mz‘k(o) = mfdk,l, P;i\k(o) = Pli\k—l’ u;§|k71
A (ugi_”k_l —m—1)+m+1, U;f;\k_1 = )‘Ul?il\k—l
for s=0:S-1 do

Update ¢(X%) ) given ¢(xt)®
i (s i i (s i i 9\ ipi (8) /i
9. Ei;( )= < -C mk|k( )> (?/k -C mkz\k( )> +C Pk|k( )(C )"
i (s+1) (s+1)
10. uy, = Ujp1 + 1, vl = B+ Ubje—

Update g(x%)+Y given ¢(X8)E+

L E [(22) 1} (s+1) _ <uk(s+1) o — ) (Uk(s+1 ) -1
2. 53] = (E (=)7] (s“’) B

13. 5, = Oy (O + Ry o

14, K™ = P, (C)7 (Sk (1) ) -

i (s+1) i(s+1) i
15. my, = mk‘k 1+ K, (yk -C mk|k—1)
z (5+1) z(5+1) 1 D

end for
i i (S) i i (S) i (S) gy i (9 @i ; (S)
V7. migre = Mg P = Lo Uige = U Ui = U 5 S, = S
end for
for i=1:N do
N Vi i i i T Uz;\k 1 N
yr; C My g—15 C Pk\k—l(o )+ W m1 21 gz,uk 1
i j=
l_ZlN (yk; Clméc\kfl’ ct Pli\k (CHT + T klk 7711 1) J; it
end for
19. myp, = Z“Zmﬁclk
i=1
N
20. Py = Z [k [Pklz\k: + (mZ:Uc - mk\k)(mi;\k - mk\k)T}

=1
. i g i () i\ N
OlltplltS. {mk|k, Pklk’ uk|k7 Uklk, Mk}i:l, mk‘k’ Pk‘k
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5.3 Performance Evaluation

In this section, IMM-VB-GG and IMM-VB-IW algorithms are tested on a simulation
of a moving target in 2-D space that have Gaussian process noise and heavy-tailed
measurement noise. The motion of the target is modeled by CV [8] and CT [40]
models. These tests are conducted for five different characteristics of measurement
noise. The state is the same with (3.41)). The system matrices in (2.42)) for CV and

CT models are

T o0 o] . sin(wT) 0 1 —cos(wT)
w w
0100 0 cos(wl) 0  —sin(wl)
ACY = JACT = . . (5.43)
00 1T 0 1 — cos(wT) ) sin(wT)
w w
0 00 1 0 sin(wIl) 0 cos(wT)
and
1 000
C = , (5.44)
0010

where 7' = 1 s is the sampling time and w = 7 /15 rad/s is the turn rate of CT model.
AV and AT are the state transition matrices for CV and CT models, respectively.

The process noise is distributed with normal distribution wy, ~ N (0, Q) where

— ]
— = 0 0
2
— T 0 0
Q=12 IR (5.45)
0 0 — —
30 2
T2
0o 0 — T
L 2 i

We consider five different cases for measurement noise generation. These cases are

given below.
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Case 1:

The measurement noise is generated according to

N(0, Ro) W.p. Po
Uk ~ § N (1, Ry) W.p. P (5.46)
N (p2, Ry) W.p. D2

where Po = 04, pP1 = 03, P2 = 04, RO = 100 x ]2, R1 = RQ = 50 x ]2, M1 =
(70 70)" and iy = [-70 —70]”. The nominal covariance, outlier covariances and

the effective covariance is shown in Figure 4.1}
Case 2:

The measurement noise is generated according to (5.46) where py = 0.4, p; = 0.3,
Py =04, Ry =100x Iy, R = Ry = 50x I, iy = [0 100]" and iy = [0 —100]".

The nominal covariance, outlier covariances and the effective covariance is shown in
Figure 4.2

Case 3:

The measurement noise is generated according to

N0, R p. 0.9
Vg ~ (0. Fo) WP (5.47)

N(0,100Ry) w.p. 0.1
where Ry = 100 x I,. The nominal covariance, outlier covariances and the effective
covariance is shown in Figure

Case 4:

The measurement noise is generated according to (5.46) where p, = 0.8, p; = 0.1,
p = 0.1, Ry = 100 x I, Ry = Ry = 50 x Iy, pp = [1000 1000]" and o =
[~1000  — 1000]”. The nominal covariance, outlier covariances and the effective

covariance is shown in Figure 4.4]
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Case 5:

The measurement noise is generated according to where po = 0.8, p; = 0.1,
P2 = 0.1, RU = 100 x [2, Rl = R2 = 50 x [2, M1 = [O 1000]T and Mo = [O —
1000]T. The nominal covariance, outlier covariances and the effective covariance is

shown in Figure

The target is simulated as switching between two modes which are CV mode and CT

mode. The motion of the target is simulated according to

e CV mode between k = 0s and k = 100s,
e CT mode between &k = 101s and k = 150s,

e CV mode between k = 151s and k = 250s,

and the switching is controlled by TPM

0.95 0.05
IT = . (5.48)
0.05 0.95

In this simulation, the position, the velocity and the effective covariance of the mea-
surement noise are estimated with both IMM-VB-GG and IMM-VB-IW algorithms.
The simulations are carried out for 250 MC runs, 250 time steps for each MC run
and 10 iterations are performed for both VB algorithms. Moreover, the degrees of
freedom parameter v in IMM-VB-GG algorithm for each mode is taken as 3 [22].
The forgetting factor A in IMM-VB-IW algorithm is taken as 1 [23]]. For evaluating
the estimation accuracy of the state, RMSE and ARMSE given in equations (3.16)
and are used as performance metrics.

Figure [5.3] and Figure [5.4] show respectively the RMSEs of position and velocity for
Case 1. The ARMSEs of position and velocity for IMM-VB-GG and IMM-VB-IW
for Case 1 are given in Table [5.1] In Figure [5.5] the effective measurement noise
covariance, the estimated measurement noise covariance by IMM-VB-IW and the ef-
fective covariance calculated by IMM-VB-GG used in the measurement update of the

state in VB iterations for Case 1 are shown for any time interval of a single MC run.
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Furthermore, mode probability graphs of IMM-VB-GG and IMM-VB-IW algorithms
for Case 1 are given in figures[5.6|and [5.7] respectively.

IMM-VB-GG
IMM-VB-IW

O 1 1 1 1
0 50 100 150 200 250

Time (s)

Figure 5.3: RMSEs of the position for 250 Monte Carlo run for Case 1. RMSEs of
the position by IMM-VB-GG is shown by orange line and RMSEs of the position by
IMM-VB-IW is shown by green line.

Table 5.1: ARMSEs of IMM-VB-GG and IMM-VB-IW for Case 1

ARMSE of the position (m) | ARMSE of the velocity (m/s)

IMM-VB-GG 63.20 12.65

IMM-VB-IW 32.57 6.34

Figure [5.8] and Figure [5.9] show respectively the RMSEs of position and velocity for
Case 2. The ARMSEs of position and velocity for IMM-VB-GG and IMM-VB-
IW for Case 2 are given in Table [5.2] In Figure [5.10] the effective measurement
noise covariance, the estimated measurement noise covariance by IMM-VB-IW and
the effective covariance calculated by IMM-VB-GG used in the measurement update

of the state in VB iterations for Case 2 are shown for any time interval of a single
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Figure 5.4: RMSEs of the velocity for 250 Monte Carlo run for Case 1. RMSEs of
the velocity by IMM-VB-GG is shown by orange line and RMSEs of the velocity by
IMM-VB-IW is shown by green line.

MC run. Furthermore, mode probability graphs of IMM-VB-GG and IMM-VB-IW
algorithms for Case 2 are given in figures [5.11]and [5.12] respectively.

Figure [5.13] and Figure [5.14] show respectively the RMSEs of position and velocity
for Case 3. The ARMSEs of position and velocity for IMM-VB-GG and IMM-VB-
IW for Case 3 are given in Table [5.3] In Figure [5.15 the effective measurement
noise covariance, the estimated measurement noise covariance by IMM-VB-IW and
the effective covariance calculated by IMM-VB-GG used in the measurement update
of the state in VB iterations for Case 3 are shown for any time interval of a single
MC run. Furthermore, mode probability graphs of IMM-VB-GG and IMM-VB-IW
algorithms for Case 3 are given in figures[5.16/and respectively.

Figure [5.18] and Figure [5.19] show respectively the RMSEs of position and velocity
for Case 4. The ARMSEs of position and velocity for IMM-VB-GG and IMM-VB-
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Figure 5.5: Measurement noise covariance tracking of the algorithms IMM-VB-GG
and IMM-VB-IW for Case 1 (for any time interval of a single MC run). The effective
measurement noise covariances are shown by purple ellipses, the estimated measure-
ment noise covariances by IMM-VB-IW are shown by green ellipses and the effective
covariance calculated by IMM-VB-GG used in the measurement update of the state
in VB iterations are shown by orange circles. The blue circles and black stars show

the true positions and the measurements, respectively.

IW for Case 4 are given in Table [5.4 In Figure [5.20] the effective measurement
noise covariance, the estimated measurement noise covariance by IMM-VB-IW and
the effective covariance calculated by IMM-VB-GG used in the measurement update
of the state in VB iterations for Case 4 are shown for any time interval of a single
MC run. Furthermore, mode probability graphs of IMM-VB-GG and IMM-VB-IW
algorithms for Case 4 are given in figures [5.21]and [5.22] respectively.

Figure [5.23] and Figure [5.24] show respectively the RMSEs of position and velocity
for Case 5. The ARMSEs of position and velocity for IMM-VB-GG and IMM-VB-
IW for Case 5 are given in Table [5.5 In Figure [5.25] the effective measurement

noise covariance, the estimated measurement noise covariance by IMM-VB-IW and
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Figure 5.6: Mode probabilities of CV and CT models for IMM-VB-GG for Case 1.
The mode probability of CV model is shown by blue line and the mode probability of

CT model is shown by red line.

the effective covariance calculated by IMM-VB-GG used in the measurement update
of the state in VB iterations for Case 5 are shown for any time interval of a single
MC run. Furthermore, mode probability graphs of IMM-VB-GG and IMM-VB-IW
algorithms for Case 5 are given in figures [5.26|and [5.27] respectively.

As seen in Figures [5.3] [5.4] [5.§] and [5.9) IMM-VB-IW algorithm has smaller RM-
SEs than IMM-VB-GG algorithm for the measurement noise characteristics in Case
1 and Case 2. It can be understood from Tables [5.1] and that the ARMSEs of
position and velocity from IMM-VB-IW algorithm are respectively decreased by ap-
proximately 50% and 60% with respect to IMM-VB-GG algorithm for Case 1 and
Case 2. However, for Case 3-5, IMM-VB-GG algorithm has smaller RMSEs and
ARMSESg, i.e., has better estimation accuracy, than IMM-VB-IW algorithm as seen
in Figures [5.13] [5.14] and Table [5.3] Since the measurement noise characteristics in

Case 1 and Case 2 show the behavior of unknown covariance, IMM-VB-IW provides
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Figure 5.7: Mode probabilities of CV and CT models for IMM-VB-IW for Case 1.

The mode probability of CV model is shown by blue line and the mode probability of

CT model is shown by red line.

the best estimation accuracy for these cases. However, Case 3-5 show outlier behav-

ior unlike Case 1 and Case 2 so IMM-VB-GG provides better estimation accuracy

than IMM-VB-IW algorithm.

In the previous chapter, fixed prior VB-IW algorithm is proposed to increase the esti-

mation accuracy of VB-IW algorithm for the presence of outliers and it is shown that
by this approach, the RMSEs and ARMSEs of VB-IW algorithm approaches VB-
GG algorithm. Therefore, if this approach is applied to IMM-VB-IW algorithm, it

provides as good estimation accuracy as IMM-VB-GG algorithm.
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Table 5.2: ARMSEs of IMM-VB-GG and IMM-VB-IW for Case 2

ARMSE of the position (m)

ARMSE of the velocity (m/s)

IMM-VB-GG

97.65

21.21

IMM-VB-IW

35.44

9.26

Table 5.3: ARMSEs of IMM-VB-GG and IMM-VB-IW for Case 3

ARMSE of the position (m)

ARMSE of the velocity (m/s)

IMM-VB-GG

11.35

5.78

IMM-VB-IW

25.78

11.53
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Figure 5.9: RMSEs of the velocity for 250 Monte Carlo run for Case 2. RMSEs of
the velocity by IMM-VB-GG is shown by orange line and RMSEs of the velocity by
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Table 5.4: ARMSEs of IMM-VB-GG and IMM-VB-IW for Case 4

ARMSE of the position (m)

ARMSE of the velocity (m/s)

IMM-VB-GG

10.21

5.39

IMM-VB-IW

95.25

7.58

Table 5.5: ARMSEs of IMM-VB-GG and IMM-VB-IW for Case 5

ARMSE of the position (m)

ARMSE of the velocity (m/s)

IMM-VB-GG

10.29

5.38

IMM-VB-IW

84.24

10.16
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Figure 5.10: Measurement noise covariance tracking of the algorithms IMM-VB-

GG and IMM-VB-IW for Case 2 (for any time interval of a single MC run). The

effective measurement noise covariances are shown by purple ellipses, the estimated

measurement noise covariances by IMM-VB-IW are shown by green ellipses and the

effective covariance calculated by IMM-VB-GG used in the measurement update of

the state in VB iterations are shown by orange circles.. The blue circles and black

stars show the true positions and the measurements, respectively.
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Figure 5.11: Mode probabilities of CV and CT models for IMM-VB-GG for Case 2.
The mode probability of CV model is shown by blue line and the mode probability of

CT model is shown by red line.
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Figure 5.12: Mode probabilities of CV and CT models for IMM-VB-IW for Case 2.
The mode probability of CV model is shown by blue line and the mode probability of

CT model is shown by red line.
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Figure 5.13: RMSE:s of the position for 250 Monte Carlo run for Case 3. RMSEs of
the position by IMM-VB-GG is shown by orange line and RMSEs of the position by
IMM-VB-IW is shown by green line.
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Figure 5.14: RMSE:s of the velocity for 250 Monte Carlo run for Case 3. RMSEs of
the velocity by IMM-VB-GG is shown by orange line and RMSEs of the velocity by
IMM-VB-IW is shown by green line.
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Figure 5.15: Measurement noise covariance tracking of the algorithms IMM-VB-
GG and IMM-VB-IW for Case 3 (for any time interval of a single MC run). The
effective measurement noise covariances are shown by purple ellipses, the estimated
measurement noise covariances by IMM-VB-IW are shown by green ellipses and the
effective covariance calculated by VB-GG used in the measurement update of the
state in VB iterations are shown by orange circles. The blue circles and black stars

show the true positions and the measurements, respectively.
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Figure 5.16: Mode probabilities of CV and CT models for IMM-VB-GG for Case 3.
The mode probability of CV model is shown by blue line and the mode probability of

CT model is shown by red line.
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Figure 5.17: Mode probabilities of CV and CT models for IMM-VB-IW for Case 3.
The mode probability of CV model is shown by blue line and the mode probability of

CT model is shown by red line.
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Figure 5.18: RMSE:s of the position for 250 Monte Carlo run for Case 4. RMSEs of
the position by IMM-VB-GG is shown by orange line and RMSEs of the position by
IMM-VB-IW is shown by green line.
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Figure 5.19: RMSE:s of the velocity for 250 Monte Carlo run for Case 4. RMSEs of
the velocity by IMM-VB-GG is shown by orange line and RMSEs of the velocity by
IMM-VB-IW is shown by green line.
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Figure 5.20: Measurement noise covariance tracking of the algorithms IMM-VB-
GG and IMM-VB-IW for Case 4 (for any time interval of a single MC run). The
effective measurement noise covariances are shown by purple ellipses, the estimated
measurement noise covariances by IMM-VB-IW are shown by green ellipses and the
effective covariance calculated by VB-GG used in the measurement update of the
state in VB iterations are shown by orange circles. The blue circles and black stars

show the true positions and the measurements, respectively.
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Figure 5.21: Mode probabilities of CV and CT models for IMM-VB-GG for Case 4.
The mode probability of CV model is shown by blue line and the mode probability of

CT model is shown by red line.
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Figure 5.22: Mode probabilities of CV and CT models for IMM-VB-IW for Case 4.
The mode probability of CV model is shown by blue line and the mode probability of
CT model is shown by red line.
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Figure 5.23: RMSE:s of the position for 250 Monte Carlo run for Case 5. RMSEs of
the position by IMM-VB-GG is shown by orange line and RMSEs of the position by
IMM-VB-IW is shown by green line.
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Figure 5.24: RMSE:s of the velocity for 250 Monte Carlo run for Case 5. RMSEs of
the velocity by IMM-VB-GG is shown by orange line and RMSEs of the velocity by
IMM-VB-IW is shown by green line.
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Figure 5.25: Measurement noise covariance tracking of the algorithms IMM-VB-
GG and IMM-VB-IW for Case 5 (for any time interval of a single MC run). The
effective measurement noise covariances are shown by purple ellipses, the estimated
measurement noise covariances by IMM-VB-IW are shown by green ellipses and the
effective covariance calculated by VB-GG used in the measurement update of the
state in VB iterations are shown by orange circles. The blue circles and black stars

show the true positions and the measurements, respectively.
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Figure 5.26: Mode probabilities of CV and CT models for IMM-VB-GG for Case 5.
The mode probability of CV model is shown by blue line and the mode probability of

CT model is shown by red line.
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Figure 5.27: Mode probabilities of CV and CT models for IMM-VB-IW for Case 5.
The mode probability of CV model is shown by blue line and the mode probability of

CT model is shown by red line.
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CHAPTER 6

CONCLUSION

Kalman filter (KF) is one of the most used algorithms in target tracking area due to its
ease of application and low computational complexity. Although it provides the best
linear unbiased estimate for linear Gaussian state-space models (SSMs), its estima-
tion performance degrades when outliers occur. For such cases, different algorithms
are dedicated to handle heavy-tailed noise. Until today, numerous studies have been
carried out to solve the filtering problem of linear systems with heavy-tailed noises
and to provide robustness towards outliers. In this thesis, a sub-class of outlier ro-
bust filters are investigated and their multiple-model extensions are derived based on

interacting multiple model (IMM) approach.

In the first part of this study, Student’s-t filter (STF) proposed in [44] is investigated.
In this filter, the process and measurement noises are described as t-distributed that
has heavier tails than Gaussian distribution. It is demonstrated that STF provides bet-
ter estimation accuracy than KF under heavy-tailed process and measurement noise
assumption. In addition, a multiple-model extension of STF (IMM-STF) is derived
based on IMM approach and it is compared with conventional IMM algorithm on a
simulation of a moving target in 2-D space. The simulation results show that IMM-
STF has smaller RMSEs than the conventional IMM algorithm for a multiple-model

system with heavy-tailed process and measurement noise.

In the second part, two VB algorithms which utilize Gamma-Gaussian (VB-GG) and
Inverse Wishart (VB-IW) priors are examined in detail and their derivations are given.
In VB-GG algorithm, the likelihood PDF is approximated as Student’s-t distributed
but posterior PDF is approximated as Gaussian distributed. The t-distributed likeli-

hood PDF is expressed using Gamma-Gaussian approach which is the representation
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of t distribution as an infinite mixture of Gaussians by defining auxiliary variable that
is Gamma distributed. The posterior PDF and the auxiliary variable are inferred via
VB approach. In VB-IW algorithm, VB approximations are used to estimate the state
and the unknown measurement noise covariance by choosing Inverse Wishart prior
for measurement noise covariance matrix. Since an outlier can be viewed as a re-
sult of inaccurate noise covariance, VB-IW algorithm can also be tested to handle
outliers. VB-GG and VB-IW algorithms are implemented and simulated for a linear
SSM for five different heavy-tailed measurement noise characteristics and the perfor-
mances are compared. The simulation results show that the performance of VB-IW
can match VB-GG in presence of outliers. Furthermore, by using its ability to esti-

mate effective noise covariance, it can outperform VB-GG in a number of scenarios.

In the last part, multiple-model extensions of VB-GG (IMM-VB-GG) and VB-IW
(IMM-VB-IW) algorithms are derived based on IMM approach. These algorithms
are tested on a simulation for tracking a target moving according to linear multiple-
model SSM for five different heavy-tailed measurement noise characteristics and the
performances are compared. According to simulation results, it is shown that the
multiple-model extension of VB-IW algorithm (IMM-VB-IW) provides robustness
towards outliers for multiple model systems. In addition, it can outperform IMM-

VB-GG algorithm in terms of RMSEs and ARMSE:s.

The contributions of this thesis study are the derivation of multiple-model exten-
sion of STF, the comparison of VB-GG and VB-IW algorithms and the derivation

of multiple-model extension of VB-IW algorithm.
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