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Abstract

Bayesian filtering is a framework for the computation of an optimal
state estimate fusing different types of measurements, both current
and past. Positioning, especially in urban and indoor environments,
is one example of an application where the powerful mathematical
framework is needed to compute as a good position estimate as
possible from all kinds of measurements and information.

In this work, we consider the Gaussian mixture filter, which is
an approximation of the Bayesian filter. Especially, we consider
filtering with just a few components, which can be computed in
real-time on a mobile device. We have developed and compared
different Gaussian mixture filters in different scenarios. One
filter uses static solutions, which are possibly ambiguous, another
extends the Unscented transformation to the Gaussian mixture
framework, and some filters are based on partitioning the state
space. It is also possible to use restrictive, inequality constraints,
efficiently in Gaussian mixture filters.

We show that a new filter called the Efficient Gaussian mixture
filter outperforms other known filters, such as Kalman-type filters
or particle filter, in a positioning application. We also show that
another new filter, the Box Gaussian mixture filter, converges weakly
to the correct posterior. All in all we see that the Gaussian mixture
is a competitive framework for real-time filtering implementations,
especially in positioning applications.
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CHAPTER

Introduction

This thesis consists of an introduction and six published articles.
The purpose of this introductory chapter is to give a short unified
background of the problem and summarise the results of publica-
tions [P1-P6].

1 Background

Personal positioning has become very popular in recent years. In
good signal environments, such as open-sky environments, a satel-
lite based positioning system, e.g. Global Positioning System (GPS,
which is also a popular abbreviation for any positioning device),
provides accurate and reliable positioning. However, in poor signal
environments, such as urban canyons or indoors, satellite based
positioning systems do not work satisfactorily or at all.

One possible solution for this problem is to also use other possible
measurements and information in positioning. There are plenty of
possible measurements sources, e.g. local wireless networks such
as cellular networks [26, 53, 79, P1] or WLAN (3, 46, 65, R7] and
map or floor plan information [18, 20, 40, R6], [51, 76, 83]. We call




positioning that uses measurements from many different sources
hybrid positioning. Many of these possible measurements are so
called “signals of opportunity”, which are not originally intended for
positioning, furthermore many of these measurements are highly
nonlinear. For these reasons, conventional positioning algorithms
such as the extended Kalman filter [P1] or the minimum least
squares estimator [R4] do not work satisfactorily in hybrid posi-
tioning. More sophisticated measurement fusion methods for
hybrid positioning are needed.

One possible fusion method is the Bayesian method, which is a
probabilistic method [43, 64]. The Bayesian method enable different
kinds of measurement and information to be fused. Futhermore,
under some conditions it is possible to compute an optimal estim-
ator recursively, which is an important property for real-time imple-
mentation. Unfortunately, it is not possible to compute this
Bayesian solution analytically. Therefore, plenty of different approx-
imate solutions, called filters, exist for this problem. For the rest of
this thesis, we study these filters.

2 Problem statement

The problem of estimating the state of a stochastic system from
noisy measurement data is considered. We consider the discrete-
time system with a nonlinear measurement model:

Initial state: Xo (1a)
State model: X =Fr X1 +wie_ (1b)
Measurement model: Vi = hi(xr) + vk (1c)

where k € N\{0}, vectors x;_; € R" and y;, € R™* represent
the state of the system and the measurement, respectively.
Matrix F;_; € R™*" is the known state transition matrix, and
wi_; € R is the state model noise with known statistics. Function
hi : R — R™ is a known measurement function, and v; € R™x
is the measurement noise with known statistics. Subscript k repres-
ents time f;. The aim of Bayesian filtering is to find the conditional
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probability distribution given all current and past measurements,

called the posterior and denoted xi|y1.x, where y;.x 2 .oy} We
consider the Bayesian filtering problem because the knowledge of
the posterior enables one to compute an optimal state estimate with
respect to any criterion. For example, the minimum mean-square
error estimate is the conditional mean of x; [8, 63]. We assume
that noises w; and v, are white, mutually independent and inde-
pendent of the initial state x,; these assumptions allow posteriors to
be computed recursively. We use the abbreviation V(w;) = Q, and
V(vr) = Ry for the covariance of the state model noise and the covari-
ance of the measurement noise, respectively. We assume that initial

. . A .
state x, has density function py, = pyj,,- If noises wi_, and v, have
density functions p,, , and p,,, respectively, then the posterior can
be determined according to the following relations [17, 63].

Prediction: p(xklylzk—l):fp(xklxk—l)p(xk—l|J’1:k—1)dxk—1 (2a)

PVelx)p(xXelyi:e-1)

(2b)
fp(yk|xk)p(xk|}/1:k71)dxk

Update: p(xklyre) =

where the transitional density (also referred to as transition
equation) p(xk|xk-1) = puw,,(xx — Fro1xxk—1) and the likelihood
pyilxk) = pu.(yk — hi(xi)). We call the distribution xi|y1..—1 the
prior.

Usually assumptions that noises wy_; and v, have density functions
are too strict. In some cases, the state model noise or the measure-
ment noise does not have density function; this happens when we
know that some components of the state are constant in time or
our measurements contain restrictive information [P2], respectively.
Throughout the remainder of this work, it is assumed that:

o Initial state x, has density function.

e Either state noise wy_; has density function p,, ,, or state
transition matrix Fy_; is nonsingular.

e Measurement noise v has stricly positive density p,, or vy =0

and J/k:hk(xk)p(xklyl:k—l)dxk > 0.



These assumptions guarantee that the posterior has a density func-
tion p(xk|y1.x). Because the state transition function is linear, then
the prior (prediction step), or at least the mean and covariance of
the prior, is usually easy to compute. For example, results for Gaus-
sian mixture case are given in [P6, Theorem 6]. So the biggest chal-
lenge in solving this Bayesian filtering problem is how to update
the prior to obtain the posterior (update step). An illustration of
our problem is in Figure 1, which presents the posterior when the
prior! is Gaussian and we have two measurements, one linear?> and
one range® measurement, with (zero mean independent) Gaussian
noise.

Figure 1: Posterior density with Gaussian prior, one linear measure-
ment, one range measurement, and Gaussian noise.

We see that a crucial question in developing filters is how to store the
distribution for the next time step. As we will see in Section 3 this is
also one criterion for classifying filters. Note that the illustration in
Figure 1, as well as other illustrations in Figures 2-9, are in 2D for
practical reasons.* The real positioning applications are usually in
6D or higher dimensional state space. However, these illustrations,
Figures 1-9, give a quite good idea of our problem and solutions.

_ 50 902 0
X NNZ([4O [ 0 902])
20= [ 11 :| X + Vlinear»  Vlinear ~ N1 (0, 902)

3 \/2'90=”x||1+vrange; UrangeNNl (0»202)
* These illustrations are computed using MATLAB-software and 200? grid points.
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The goal of this work is to develop an efficient filter with respect
to computational and memory requirements. However, more
important property than efficiency is that the filter is consistent [P1,
R1], [50] and informative. Roughly speaking, a filter is consistent
if the true estimation error is smaller than the estimated error, and
informative if the difference of these errors is small.

3 Literature review

In this section, we give a brief literature review of filtering. We
consider the problem that is presented in Section 2 and the filters
that we have used in publications [P1-P6]. For further information
see e.g. [5, 8, 13, 22, 29, 56, 57, 63, 71, 80]. This section contains
different interpretations of the celebrated and well known Kalman
Filter (KF) [39] (Section 3.1), Kalman-type filters (Section 3.2) and
nonlinear filters (Section 3.3) especially Gaussian mixture filter,
which we study also in Section 4.

3.1 Kalman filter

If the measurement function % (1c) is linear and all the noises and
the initial state are Gaussian, then posterior x|y;.« is Gaussian, and
its mean and covariance can be computed exactly using KF [2, 27].
KF considers the system:

Initial state: X0, V(x) =Py (3a)
State model: Xr=Frxr 1+ wr, V(wee1)=Qr_1 (3b)
Meas. model:  yr =Hgxy + vy, V(vi) =Ry (30)

where initial estimate (mean of initial state) is Xy, covariance P, is
non-singular, noises wy_; and v; have zero mean and covariances
Ry are non-singular. KF algorithm is given as Algorithm 1. However,
this Bayesian interpretation is not the only interpretation of KE We
present other interpretations of KF: the Best Linear Unbiased Estim-
ator (BLUE) interpretation and a deterministic interpretation.



Algorithm 1: Kalman filter

1. Start with initial estimate X, and estimate error covariance P,.
Setk=1.

2. Prior estimate of state at . is X,, = Fx_,X;_,, and estimate error
covariance isP, =F_ P, Fl +Q ..

3. Posterior estimate of state at f; is X = X, + K (yk — kac,;) ,
and estimate error covariance is Py = (I—-KyHy)P,, where
Kalman gain K, =P HY (H,P;HI +Ry) .

4. Increment k and repeat from 2.

BLUE interpretation of Kalman filter

BLUE interpretation drops the assumptions that initial state and
noises are Gaussian and seeks unbiased and linear estimator® which
minimizes the cost function E(||x; — X¢|[?). It can be shown that the
posterior estimate of KF at #; (Algorithm 1) minimizes that cost func-
tion, see for example (2, 5, 10, 39].

Deterministic interpretation of Kalman filter

Consider the deterministic least-squares problem

k
Xk = argminxk (”-’EO _x0||§>0—1 +Z (||wn—1||2711 + ||Un||§n1)) ’
n—
n=1

where w,_; =x,—F,_1x,-; and v, = y,—H, x,,. Here we assume that
all necessary matrices are non-singular. Now X is the same as the
posterior estimate of KF at t; (Algorithm 1) see example [38]. Note
that this interpretation is truly deterministic: there are no assump-
tions of noise statistics or independence.

. L. . . N . e o~ Xi—
5 Estimator £ is unbiased if E(x; — £x) = 0 and linear if Xz = A ; ! ], where
k

matrix A is arbitrary.



We conclude that KF is a good choice for the linear system even if
we do not know the noise statistic exactly or what the interpretation
of the problem is. Unfortunately, in the general, nonlinear measure-
ment function case, these three problems usually produce different
solutions. Therefore, in the nonlinear case, it is more important
to think about the interpretation of the measurement and the state
than in the linear case. In this thesis, as mentioned, we have chosen
the Bayesian interpretation of the state and our goal is to compute
the posterior, see Section 2. For an example of the frequentist inter-
pretation see [91].

3.2 Kalman-type filters

Because KF works well for linear systems (3) there are many KF
extensions to the nonlinear system (1). We call these extensions
Kalman-type filters. Kalman-type filters approximate only the mean
(estimate) and covariance (error estimate) of the posterior. If neces-
sary, a Kalman-type filter approximates the posterior as Gaussian
with those parameters.

Many Kalman-type filters are based on BLUE. Let

(IR (M N

then the BLUE of the state x is [8]
- +PxJ’P;J} (y _.}7)

X=X
E((x—2)x—%)") =Py — Py PPy

(5)

Kalman-type filters use BLUE recursively, so that at every time
instant the Kalman-type filter approximates these expectations (4)
based on previous state and error estimates and computes new
state and error estimates using (5), e.g. Algorithms 2-4. Natur-
ally, different Kalman-type filters do these approximations using
different methods. Next, we present some of these approximations.

Maybe the best know KF extension is the Extended Kalman Filter
(EKF) [5, 8, 22, 29, 57, 63, 71]. EKF is based on BLUE and it linearizes



Algorithm 2: Extended Kalman filter

1. Start with the mean X, = E(x,) and the covariance P, = V(x;)
of the initial state. Set k = 1.

2. Prior mean of state at #; is X, = F;_;Xx_,, and prior covariance
is P]: = Fk—1Pk—1FI€71 + Qk—l-

3. Posterior mean of stateat ;. is X, =X, +P_ P! (yk - j/k) and

XV VYV

. . . b 1 oF
posterior covariance is P, =P, — P, kuyknyk’ where

Pry, =P HY, Hi=h (%)),

4. Increment k and repeat from 2.

the measurement function /; (1c¢) around the prior mean and uses
this linearization to compute the necessary expectations (4) [2, 8].
EKF algorithm for system (1) is given as Algorithm 2. This EKF
Algorithm 2 is used in publications [P1-P5, R1-R6]. It is also
possible to compute higher order EKE which takes into account the
higher order terms of the Taylor series of the measurement func-
tion. For example, Second Order Extended Kalman Filter (EKF2)
takes into account the second order terms of the Taylor series [8].
EKF2 algorithm for system (1) is given as Algorithm 3. This EKF2
Algorithm 3 is used in publications [P1-P3, R1, R4-R6]. EKF2 uses
the assumption that the posterior is Gaussian, contrary to EKE
which does not use this, usually incorrect, assumption. Modified
Gaussian Second Order Filter [29, 57] is the same as EKF2.

One big drawback of EKF and the higher order EKF is that the
approximation of the measurement function is computed in the
prior mean estimate, so if it is incorrect then the approximation of
the measurement function is incorrect and the next estimate of the
prior mean is incorrect, and so on. One example of a situation where
EKF estimate veers away from the true route and gets stuck in an
incorrect solution branch is given in [P1]. One approach to avoiding
this kind of situation is to use different linearization points that do

8



Algorithm 3: Second order extended Kalman filter

1. Start with the mean X, = E(x,) and the covariance Py, = V(x,)
of the initial state. Set k = 1.

2. Prior mean of state at #; is X, = F;_;Xx_1, and prior covariance
is Py =F_ 1P F) | 4+ Qi1

3. Posterior mean of state at #; is X, = X -I-nyku‘ylk (yk - yk) and

. . . b 1D
posterior covariance is P, =P, — Py, kuyknyk’ where

—p—y’r — =

P, =PiHI, Hi=h(%)
1 My

yk = hk(f;)-i‘ EZeitr (HkiPI;) , Hki = hk;’(fc,;) and
i=1

1 ﬂyk ﬂyk
T (e
Py =HPH{ TR 45D D eefn (f1, P11, P ).

i=1 j=1

4. Increment k and repeat from 2.

not depend on the prior, if possible. The name of that kind of KF
extension is Linearized Kalman Filter (LKF) [22, 71]. One possible
choice for the linearization point is likelihood peak(s), see [P3] or the
mean of a truncated Gaussian, see [P5]. Of course, if we have more
than one linearization point, we usually end up to Gaussian mixture
filter, see Section 3.3. Another possibility is to generate linearization
points using the state model; this idea is used in [47, 48]. It is also
possible to compute EKF (or LKF), use the posterior mean estimate
as a linearization point of LKF and iterate this procedure. The name
of that kind of filter is Iterated Extended Kalman Filter (IEKF) [8, 29].
Note that IEKF computes the maximum a posterior estimate not the
posterior mean estimate [8].

One drawback of EKF and the higher order EKF is that we have to
compute the derivative of the measurement function analytically,
which is not always possible or practical. Because of this, there
are many derivative-free Kalman filter extensions. Note that in
some cases, computing derivative analytically is not a problem at



all [R1]. Central difference filter [68], first-order divided difference
filter [60] and Unscented Kalman Filter (UKF) [33, 35, 36, 37] are
examples of derivative-free Kalman-type filters. These filters are
also referred to as linear regression Kalman filters [49] and sigma-
point Kalman filters [88]. These filters use different numerical inte-
gration methods to compute the expectations (4). For example, UKF
uses so called Unscented Transformation (UT) [35] that approxi-
mates expectation values of x ~ N, (X, P)

2n
E(h(x)) =J WEPLE)E D w,h(y,) (6)
i=0

where w; and y; are so called extended symmetric sigma-point set
of distribution N,, (%, P), which are given in Table 1.1 [36].

Table 1.1: Extended symmetric sigma-point set of N, (£, P)

Index (i)  Weight (w;) sigma-point (y,)

0 w, X
1-w, - n
1,...,n o x+‘/17%Pel
1-w ~
n+1,...,2n PP x— 1_”@ Pe;_,
0

Approximation (6) is accurate if function h is third order polyno-
mial [33]. In Table 1.1, the weight of the mean point w, < 1 is a
freely selectable constant. The choice w, =1— 7 is justified because
it guarantees that approximation (6) is accurate for some fourth
order polynomial [36]. However, if we use negative weight w, it
is possible to produce non-positive semidefinite posterior covari-
ance P, and usually this causes problems. If w, = % and n =1
then UT coincides with three points Gauss-Hermite rule, which has
also been applied to Kalman-type filter framework; Gauss-Hermite
filter [28]. UT needs 2n + 1 points and three point Gauss-Hermite
rule generalization to higher dimension needs 3" points, and thus
UT and Gauss-Hermite rules coincide only in the one dimensional

case [28, 36].
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UKEF algorithm for system (1) is given as Algorithm 4. This UKF
Algorithm 4 is used in publications [P3, P4, P5, R4, R6]. The
extended symmetric sigma point set used in Algorithm 4 is the
conventional choice of sigma points [33, 37], but there are also other
possible choices [36] such as the simplex sigma-point set, which use
the minimum number of sigma-points (n+1) [31]. Itis also possible
to scale sigma-points so that the predicted covariance is certainly
positive semidefinite [30]. Algorithm 4 assumes that the state model
noise w is Gaussian and exploits the linearity of the state model (1b),
so it is not precisely the same as the conventional UKE Publication
[P4] extends UKF to Gaussian mixture filter framework, where every
sigma point is replaced by a Gaussian distribution.

Algorithm 4: Unscented Kalman filter

1. Start with the mean X, = E(x,) and the covariance Py, = V(xg)
of the initial state. Set k = 1.

2. Prior mean of state at #; is X, = F;_,Xx_1, and prior covariance
is Py =F_ 1P F) | 4+ Qi1

3. Posterior mean of stateat ;. is X, =X, +P_ P! (yk —yk) and

XV VYk

. . . . . T
posterior covariance is P, =P, — Px e Py v P ,where

2n
—Zw (2= %) (helx) = 7,) ,J7k=zw,-hk(x,-) and
i=0

N \T
Py =Ry +Z‘”i (h ) =7) ()= 1)
i=0
Here w; and y,; are extended symmetric sigma-point set of
distribution N,, (X,:,P,;) given in Table 1.1.
4. Increment k and repeat from 2.

This list of different interpretations, variations and extension of
Kalman-type filters is not exhaustive. For example, it is possible to
use UKF to maintain and propagate information about the higher
order moments [32, 34, 87].
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3.3 Nonlinear filters

If the true posterior has multiple peaks as in Figure 1, it is unlikely
that a Kalman-type filter that computes only the mean and covari-
ance achieves good performance. Hence, we have to use more
sophisticated nonlinear filters. A sophisticated nonlinear filter is
one that has convergence results. Possible filters are e.g. grid mass
filters [45, 75, 76, R2, R3], point mass filters [9, 11, 63, 70], particle
filters [6, 16, 17, 21, 24, 25, 63] and Gaussian mixture filters [4, 5, 78,
82, P3-P6]. In this section, we consider particle filters and Gaussian
mixture filters.

Particle filter

A particle filter (PF) — or the sequential Monte Carlo, or Bayesian
bootstrap filter — simulates a sample (particles with weights) from
the posterior distribution and approximates the posterior and espe-
cially the moments of the posterior using these weighted particles.
A particle filter algorithm for system (1) is given as Algorithm 5.

Algorithm 5: Particle filter

Here we denote particles with superscript i = 1,..., np ng) being
the ith particle at time #.
1. Initialise samples from the initial distribution x(()i) ~ Py (),
and assign all weights to w(()i) = nif Set k=1.
2. Simulate particles ng) from prol;oosal distribution p(xklngl1
and compute weights of particles w,(ci) = w,(cillp(yklng) .
3. Normalize weights and compute posterior mean and covari-
ance using particles.
4. Resample (Algorithm 6) if effective sample size is smaller than
some threshold value.
5. increment k and continue from 2.

Note that Algorithm 5 is only one special case for system (1), actu-
ally quite a narrow case, of particle filters. This particle filter
Algorithm 5 is used in publications [P2-P6, R2-R6]. It is well know
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that without the resampling step (Step 4 in Algorithm 5) the degen-
eracy phenomenon occur, which means that after a certain number
of recursive steps, all but one particle will have negligible normal-
ized weights [63]. We use systematic resampling [41] (Algorithm 6)
every time when the effective sample size (approximation) [42]

1

> (wf)

is smaller than some threshold value 7 4,,.

Neff =

Algorithm 6: Systematic resampling

Here we denote the current particles by x() and their weights by

w(. This algorithm simulates n, particles x() with equal weights

w = nif from discrete distribution defined by current particles and
p

weights.

1. Simulate the starting point: z; ~ U (0, ni] andseti=1.

pf
2. Compute current comparison point z; =z, + (i — l)nif
p

3. Set wl) = nif and x() = xU), where j is set in such a way that
p
Il ok Ik
=1 w( )< Zi SZk:l w( )

4. Stop, if i = npy, otherwise increment i and continue from 2.

The particle filter has several convergence results (see e.g. [16, 17,
25]), especially weak convergence results when there are a finite
number of measurements and all measurement are fixed. The defin-
ition of weak convergence is found for example in [P6, Definition 8].
Even though the particle filter is very flexible, it requires that the
likelihood function p(yx|xi) is strictly positive, because otherwise
itis possible that all the weights are zero which destroys the particle
filter. Unfortunately, all likelihoods of our system (1) are not strictly
positive. One heuristic method of handling the situations where all
weights are zero is to re-initilize particle filters using, e.g. EKE which
is what we are using in our publications, but after that the conver-
gence results do not hold anymore.

It is also possible to use (a bank of) UKF or another Kalman-type
filter to compute the proposal distribution (Step 2 in Algorithm 5)
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of PF [89, 90]. Note that if we change the proposal distribution, the
equation of weight will also change (Step 2 in Algorithm 5).

Gaussian mixture filter

Gaussian Mixture Filter (GMF), also called Gaussian sum filter, is a
filter whose approximate prior and posterior densities are Gaussian
Mixtures (GMs), a convex combination of Gaussian densities. We
assume (see Section 2) that the prior and the posterior distributions
have density functions, but in general GM does not necessarily have
a density function [P6, Definition 4]. GMF is an extension of Kalman-
type filters. One motivation to use GMF is that any density function
px may be approximated as density function of GM pg, as closely as
we wish in the Lissack-Fu distance sense [14, Chapter 18]°, [52, 78]:

flpx(x)_pgm(x)ldx- (7)

The outline of the conventional GMF algorithm for system (1) is
given as Algorithm 7 (for detailed algorithm, see e.g. [P5, P6]). Here
we assume that the initial state x,, the state model noise w;_; and
the measurement noise v; are GMs. Because the initial state and
the posterior approximations are GMs then also the prior approxim-
ations at each step are GMs (Step 2), see [P6, Theorem 6].

Algorithm 7: Gaussian mixture filter

Start with initial state x,. Set k = 1.

Compute prior approximation x, .

Approximate x, as a new Gaussian mixture if necessary.
Compute GM posterior approximation xj.

Reduce the number of components.

Increment k and repeat from 2.

oG Wi

6 Note that for all € > 0 there is a continuous density function p.(x) with compact
support such that flpx(x) — pc(x)|dx < € [66, Theorem 3.14].
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The heart of the GMF is the approximation of an arbitrary density
function with a Gaussian mixture (Step 3). There are numerous
approaches to do that. We present one conventional method. More
methods are in Section 4. The density function of GM approxima-
tion pgm of a density function p, is defined as [4]

Ngm

)
Pem(x) 0 > poxNTE (), (8)
i=1

where the mean values xg) are used to establish a grid in the region
of the state space that contains the significant part of the probability
mass, gy is the number of grid points and ¢, > 0 is determined
so that the error in the approximation, e.g. Lissack-Fu distance (7),
is minimized. It can be shown that pgn,(x) converges almost every-
where uniformly to any density function of practical concern as the
number of components ng, increase and cy approaches zero [4,
78]. Moreover, Lissack-Fu distance (7) converges to zero. This
Step (Step 3) is executed only when it is necessary. One possible
criterion is to check if all prior covariances do not satisfy inequality
P; < €l, for some predefined €, where P; is the covariance of the ith
component [5]. A more sophisticated method is to execute Step 3 if
nonlinearity is significant [P4].

The update step of Algorithm 7 (Step 4) is usually computed as
a bank of EKFs, see detailed algorithm e.g. [P6, Algorithm 2]. It
is possible to compute the update step using a bank of another
Kalman-type filters [P3] or bank of PFs [44]. There are also other
methods of computing the posterior weights than what is in the
algorithm given in [P6, Algorithm 2], e.g. methods based on quad-
ratic programming [28]. Furthermore, in some cases, it is possible
to combine Step 3 and Step 4, e.g. in EGMF [P5].

The crucial point when applying GMF to real-time implementa-
tions is the number of components GMF uses. The number of
components easily explodes if we do not use some method to
reduce the number of components (Step 5). The possible methods
are, e.g. forgetting [78, P3, P6], merging [67, 78, P3, P6], resam-
pling [P3], clustering [67] or minimizing some cost function, see
e.g. Step 3 or [55]. One possible method for this problem is taking
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a sample from the posterior and using the weighted expectation-
maximization algorithm to fit an m-component GM [89], but
usually this method is quite slow.

It can be shown that GMF (Algorithm 7) with some assump-
tions and specific approximations convergences (weakly) to the
correct posterior when the number of components increases [5],
[P6, Section IV]. Even if we use component reduction, especially
in higher dimension, conventional approximations (8) yield GMF
which is not applicable in real-time implementation. However it
may be possible to derive GMF that works notably better than
Kalman-type filters and uses only a few components, see Section 4
and publications [P3-P6].

4 Development of the Gaussian mixture filter

In this section, we summarize the contributions of publications [P2-
P6] to the development of GME We use the assumptions of Section 2
except that we assume that initial state x,, state model noise wy_;
and measurement noise v, are GMs. Moreover, we use Gaussian
mixture posterior approximation.

4.1 Restrictive information

Restrictive information tells that the state is inside some
area A. Restrictive information can be modelled with inequality
constraints [69, 72, 73]. There are many different methods of taking
into account inequality constraints e.g. [23, 62, 69, 72, 73]. However,
in our view, the most natural way is to model the restrictive infor-
mation as a measurement (1c) with zero noise which produces
likelihood which is one inside A and zero outside A [P2]”. An
example of using restriction information in such a way is in Figure 2,
where on the left hand side is posterior without using restrictive
information and the right hand side using it.

7 This approach also independently proposed in [72] and [73], which were
published after abstract of [P2] was submitted.
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Figure 2: Left: the same as Figure 1. Right: the same posterior with
120° base station sector information.

The left hand side of Figure 2 is the same as Figure 1, where prior
is Gaussian and we have two measurements, one linear and one
range measurement with Gaussian noise. Restrictive information
that is used on the right hand side of Figure 2 is 120° base station
sector information. Note that the vertical scales of the left and right
plots are different. In this case, we see that sometimes restrictive
information notably improves state estimation. Because of this, it
is important that we can use that kind of information with Kalman-
type filters. This is the focus of publication [P2].

If the area A is restricted by two parallel planes and the distribu-
tion of the state is Gaussian (or GM), it is possible to efficiently
compute the mean and covariance of the restricted state [69, 72,
P2]. In publication [P2], we develop an approximation to extend
this method to cases where the area A is a polyhedron and apply
it to base station cell-ID information [79] (see [P2] and Figure 3).

The left hand side of Figure 3 is the same as the right hand side
of Figure 2, which presents the optimal way to use 120° base
station sector information. The right hand side of Figure 3 uses the
method presented in publication [P2] to approximate base station
sector information and after that it uses conventional EKE When
we compare the left and right hand sides of Figure 3, we see that
this approximate way to use base station sector information is quite
good. One advantage of this new approximation method (box-
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Figure 3: Left: the same as the right hand side of Figure 2. Right:
posterior approximation using first approximated 120° base
station sector information (see [P2]) and then EKE

method) is that it approximates restrictive area as polyhedron A [P2,
Figure 1] so that the mean and covariance of the restricted posterior
can be computed using standard one dimensional Gaussian cumu-
lative density function and basic algebra.

We use cell-ID information as restrictive information also in public-
ations [P4, P5]. Itis also possible to construct restrictive information
from a digital map or floor plan [R6]. The method of using restrictive
information with Kalman-type filter [P2] is a basis and an inspira-
tion of the Box Gaussian mixture approximation of Section 4.3 and
publications [P5, P6].

4.2 Approximate the likelihood as GM

In Section 4.1 we allowed the components of the measurement
noise to be zero, which means that the measurement noise does
not have density function. However, henceforth we assume that
the measurement noise is GM with density function p,,. Based
on our assumptions, the prior (approximation) is always GM. So it
is convenient to consider only Gaussian prior case with Gaussian
measurement noise p,, (v)= NORk(v). The generalizations to the GM
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cases are straightforward, see [P3, P6]. Our problem is to approx-
imate/compute the posterior (2b)

pxilyie) o< p(elx) p(xiclyre—1),

where the likelihood is

pyilxe) = N%k (i — hi(xi))

and the prior is
POkl yie-) =Ny (xi).

As we mentioned in Section 3.3, the usual method of computing the
posterior is to linearize the measurement equation around the prior
mean (EKF) [P3]:

hi(xe)~ hie(x)+ R (x ) — x).

Quite often, when there are enough measurements, this is a good
approximation, but when the likelihood has several peaks in the
neighbourhood of the prior mean, this approximation fails. One
possible way to avoid this problem is to approximate the likelihood
as GM [P3]

Ngm

pOrlx)~ Y NS (v —hilz) - hy(z)(xe—27)),  (9)

j=1

where zj, j =1,..., ngny are the likelihood peaks? (also referred to as
static solutions). An example for using this approximation is shown
in Figure 4.

The left hand side of Figure 4, which is the same as Figure 1, is
the posterior when the prior is Gaussian and we have two measure-
ments, one linear and one range measurement with Gaussian noise.

Zpeak
Pea 1 where

Zrest

8 If hi(x) depends only on the first d elements of x e R” and z = [

Zpeak € R4, maximizes the likelihood function then z is acceptable likelihood peak
if and only if z,es = 0. Furthermore, it is reasonable to consider only clearly distinct
likelihood peaks.

19



Figure 4: Left: the same as Figure 1. Right: posterior approximation
using GM likelihood approximation, Errgyy, = 0.115 (10).

The right hand side of Figure 4 is the posterior approximation using
a two-component likelihood GM approximation (9). The error

Errapp = 51§P|Fx(€) = Fep, (), (10)

where F (&) = P(x < &) is cdf of the correct posterior and F,,, (&)
is cdf of the approximated posterior. Motivation for using that
error statistic come from definition of weak convergence [P6, Defin-
ition 8]. Usually this error statistic has to be computed using some
multidimensional numerical integration method and so it is not
very useful for extensive testing of different filters [76, Section 5].
The error of Figure 4 posterior approximation is Errgyg, = 0.115. This
error is rather small if we compare it with the error of EKF approxim-
ation Errggg = 0.393.

We show that in the hybrid positioning case, using this approxim-
ation when likelihood has several peaks outperforms Kalman-type
filters such as EKE EKF2 and UKF (see [P3]). In the hybrid posi-
tioning case, it is sometimes possible to compute the likelihood
peaks in closed form [7, 74, 77], publication [P3, Appendix B] also
presents some new cases where it is possible. Moreover, the method
of approximating likelihoods as GM, is one way to apply multiple
static position solutions in a filtering framework.

Approximating likelihood as GM has also been applied in the radar
tracking applications [85, 86]; publication [86] approximates the
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measurement noise v, (1c) as GM and then converts these mixture
components to the state space. It is a nice idea, but it does not work
with range measurements, because small measurement noise in the
range measurement does not generate small likelihood compon-
ents.

It is possible to approximate almost all likelihoods inside a inter-
esting region with sufficient accuracy as GM (see Algorithm 7 Step 3).
For example in Figure 5 the likelihood of 2D range measurement
with Gaussian noise is approximated as GM with 18 components
using the conventional method (8).° However, this method usually
needs a huge amount of GM components, especially in higher
dimension. Furthermore, many of these components are unneces-
sary because after multiplying the likelihood and the prior, usually,
many of these components have almost zero weight. Hence, it is not
worthwhile to apply this approximation method to real-time imple-
mentations.

Figure 5: Left: exact likelihood of 2D range measurement with Gaus-
sian noise. Right: GM 18 components approximation of like-
lihood using (8).

Publication [P3] also presents a non-Bayesian approach to robusti-
fying GMF using likelihood peaks: if the measurements are unlikely;,
we add new component(s) to the posterior with appropriate weights.

9 That kind of approximation is used as initial state GM approximation in range-
only target tracking application [19].
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These new components approximate the likelihood function so that
the means of the components are likelihood peaks. This method is
justified if there is a possibility that our prior is wrong. This method
is related to Hough transformation [59] that uses the sum of likeli-
hood functions instead of a product as in Bayesian filtering.

4.3 Approximate the prior as GM

In Section 4.2, we computed the posterior (2b)

p(xilyie) < p(yelx) p(xiclyre—1),

by approximating likelihood p(yx|xx) as GM. In this section, we use
a bank of EKFs to compute the posterior approximation, but before
the update step we approximate the prior p(x|y1.x-1) as GM. It can
be shown that if GM approximation of the prior converges to the
correct prior, and the covariance of GM approximation becomes
smaller, the posterior approximation of the bank of EKFs converges
to the correct posterior [5, P6]. More discussion about the conver-
gence results is in Section 4.5. However, the main interest is not
in a convergence result but in developing a filter that works well
also with a few mixture components. In this section, we consider
two ways to approximate the prior as GM with a small number of
mixture components: the Sigma Point GM approximation [P4] and
the Box GM approximation [P5, P6]. Another possibility to approx-
imate prior as GM is to approximate the state model noise wy._; (1b)
as GM with small covariance [4]. So if the posterior GM components
have small covariances, this approximation guarantees that the next
prior components have small covariances too.

Sigma Point GM approximation

The Sigma Point GM approximation (SPGMA) is an “extension” of
sigma-point to GM framework. SPGMA is given in Table 1.2 [P4,
P5]. In Table 1.2, we use a slightly different parametrization than in
publication [P4]. Parameter 7 € [0, 1] defines the size of the covari-
ances of SPGMA. Special cases are T = 0 when SPGMA is actually the
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same as the original Gaussian and 7 = 1 when SPGMA is the same
as the extended symmetric sigma-point set of distribution N,, (X, P),
Table 1.1. Parameter q, is the weight of the GM component whose
mean is the same as the mean of the original distribution x.

Table 1.2: Sigma Point GM approximation of distribution N, (X, P)

Index (i) Weight (;) Mean (x;) Covariance (P;)
0 o X (1-12%)P
1,...,n Sh x+7\/5Pe (1—172)P

n+1,...,2n Sh x—f,/l_”aopei_n (1—12)P

Publication [P4] shows that SPGMA has the same mean, covari-
ance and third moments as the original distribution N, (X,P) [P4,
Appendix B]. An example of using this approximation is presented
in Figure 6.

Figure 6: Left: the same as Figure 1. Right: posterior approximation
using SPGM prior approximation, Errspgyr = 0.236 (10).

The left hand side of Figure 6, which is the same as Figure 1. The
right hand side of Figure 6 is the posterior approximation using
the SPGM prior approximation, with parameters ¢, = 0.5 and
7 =0.6. This approximation is also called the Sigma Point Gaussian
Mixture Filter (SPGMF) [P5]. The error (10) of this approximation is
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Errspgmr = 0.236. This error is better than the error of EKF approx-
imation but worse than the error of GM likelihood approximation of
Section 4.2. Note that SPGMA does not need the knowledge of likeli-
hood peaks so it can be used in a wider range of situations than the
GM likelihood approximation.

In publications [P4] and [P5] we show that SPGMA with the bank of
EKFs (SPGMF [P5]) gives almost the same results as the particle filter
in the hybrid positioning case.

Box GM approximation

The idea of the Box GM approximation (BGMA) is to partition the
state space into sets A;, where i = 1,...,ng,, and approximate
the distribution inside every set with one GM component using
moment matching, see Table 1.3.

Table 1.3: BGMA of n-dimensional distribution, whose density func-
tion is py(&). Sets A;, where i = 1,..., ngn, are the partition
of R,
Weight (a;) Mean (%,) Covariance (P;)

peene [ wna [, (v-5) (s-5)" 20z

The moment matching method guarantees that the mean and
covariance of BGMA coincide with the original distribution [P6,
Theorem 18]. Here we assume that the distribution is non-singular
Gaussian but this basic idea is also applicable to other distributions
that have a density function. The partition of the state space can
be constructed, for example, using parallel planes [P5, Figure 1] or
using a (bounded) polyhedron [P6, Figure 1]. One major advantage
of BGMA is that we can use current measurements in an intelligent
way to construct the partition of the state space. For example, with
range measurement [P5] it is reasonable to align the parallel planes
such that the normal vector is perpendicular to the vector uprior—bs
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from the prior mean to the base station because this minimizes the
effect of nonlinearity [P4, Equation (8)]. Vector uior—bs is the eigen-
vector of the Hessian matrix of the range measurement whose eigen-
value is 0 [R1].

An example for using BGMF [P5] is presented in Figure 7. The left
hand side of Figure 7 is the same as Figure 1. The right hand side of
Figure 7 is the posterior approximation using BGMA of the prior [P5],
with parameter

l=[—oo ~1.04 1.04 oo]:cp-l([o 0.15 0.85 1])

Black lines in the Figure 7 illustrate parallel planes!'® which are using
for partitioning the state space. The error (10) of this BGMF approx-
imation is Errggmr = 0.188. We see that BGMF with three compon-
ents gives better approximation than SPGMF with five compon-
ents. So our illustrative example supports the conclusion of public-
ation [P5] that BGMF outperforms SPGME

Figure 7: Left: the same as Figure 1. Right: posterior approximation
using BGMA of prior, Errggmr = 0.188 (10). Black lines illus-
trate parallel planes that are using for partitioning the state
space!0.

10 These planes (lines) satisfy equation a” (x — %) = £1.04 [P5, Section IV-B], where

__n _ | —40 _ 1902 0 .| 50
4= 1T [ 50 'P=| o 902 and X = a0 | (see page 4). Note
a’Pa=1and a” upior—ps =0 where (see page 24) Uprior—bs =0 — X.
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4.4 Approximate the posterior as GM

In Section 4.2 we computed the posterior (2b)

p(xelyie) < p(yielxi) p(xiclyre—1),

by approximating the likelihood p(yi|xr) as GM, and in Section 4.3
we approximated the prior p(x¢|y1.k—1) as GM. In this section, we
directly approximate the posterior as GM. This method is called
Efficient Gaussian Mixture Filter (EGMF) [P5] and it is related to
BGMF when the partition (sets A;, i =1,..., ngy) of the state space is
constructed using parallel planes, see Section 4.3. The idea of EGMF
is to approximate the posterior inside every set A; with one GM
component. The ith GM component is computed using LKE where
the linearization point is the same as the ith linearization point of

BGMF ( Aixp’;—(f)di Table 1.3). The final posterior component is

the moment matching approximation of the truncated (using set A;)
output of LKF (see more details in publication [P5]).!!

Figure 8: Left: the same as Figure 1. Right: posterior approximation
using EGME Errggmr = 0.177 (10).

An example of using EGMF [P5] is presented in Figure 8. The left
hand side of Figure 8 is the same as Figure 1. The right hand side

11 1f the state is constant, that is the state model (1b) is x; = x—;, then it is possible
to use the truncated Gaussian as a prior without approximating it as a Gaussian.
Actually it is enough that the nonlinear part of the state is constant, that is the first
d dimensions [P6, Equation (8)]. This approach is called the piecewise Gaussian
approximation [80, 81].
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of Figure 8 is the posterior approximation using EGMF [P5] with
the same parameters as BGMF in Section 4.3. The error (10) of this
EGMEF approximation is Errggmr = 0.177. We see that EGMF outper-
forms BGMF (see Section 4.3 and publication [P5]).

4.5 Convergence result of BGMF

Not only does BGMA have the same mean and covariance as
the original Gaussian distribution [P6, Theorem 18], but it also
has convergence results. When we increase the number of GM
components, BGMA converges weakly to the original Gaussian [P6,
Theorem 21 and Corollary 22]. Note that the sets that form the parti-
tioning of the state space do not have to be bounded. Thus, we can
increase the number of components only in the dimensions that
contribute to the measurement nonlinearity (d first dimensions, see
[P6, Equation (8) and Definition 16]). We use notation BGMF._. for
a filter that uses BGMA [P6, Section V]. Here N is the parameter
of BGMA [P6, Definition 16]. The number of BGMA components
is (2N2 +1)4. An example of using BGMFy—, [P6] is presented in
Figure 9.

Figure 9: Left: the same as Figure 1. Right: posterior approximation
using BGMFN=4, EHBGMF, N=4 =0.008 (10).

The left hand side of Figure 9 is the same as Figure 1. The right hand
side of Figure 9 is the posterior approximation using BGMFy_,. The
error (10) of this BGMFy—, approximation is Errggyr = 0.008. More
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results with different values of parameter N are given in Table 1.4
and in Figure 10. Table 1.4 contains also a summary of the previous
results. Note that EKF is BGMFy—,. In Table 1.4, we see that
it is possible to get much better accuracy than EKF in nonlinear
situation with only a few extra Gaussian components. The mean
of the error of the particle filter with 10° particles (Algorithm 5)
in this illustrative example is Errpp_ = 0.017. In this example,
BGMFy—; having 361 Gaussian Co};llponents gives better results
than PF, —i0s. More results for hybrid positioning application are
given in Section 5.

Table 1.4: Summary of different filters’ performance in our illustrative
problem in Figure 1.

Filter Sec. & Pub. 14,  Errpier (10)

aQ

EKF 32&[P1] 1 0.393
GML 42&[P3] 2 0.115
BGMF  43&[P5] 3 0.188
EGMF  44&[P5] 3 0.177
SPGMF  43&[P4] 5 0.236
BGMFy_, 9 0.093
BGMFy_, 81 0.033
BGMFy_; 4.5&([P6] 361 0.013
BGMFy_, 1089  0.008
BGMFy_s 2601 0.005

In publication [P6, Section VI] we have shown that BGMFy._.
converges weakly to the correct posterior. Our illustrative example
also supports convergence results (see Table 1.4 and Figure 10).
Actually from Figure 10 we can see that the error (10) of BGMF in
our illustrative problem approximatively satisfy the power function

—0.55

exp(1) e

ErrBGMF ]
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Figure 10: The error (10) of BGMF with different values of para-
meter N.

5 Hybrid positioning results

In this section, we briefly present some simulation results of
different filters in hybrid positioning applications and some prac-
tical notes for real world implementations.

5.1 Sensitivity analysis of GMFs

In this section we study the sensitivity of the new GMF algorithms
to variations of parameters. GMFs have plenty of different para-
meters, most of then are known and common for all GMFs, such
as the threshold values for forgetting components. In this section,
we consider two new parameters. The first one is SPGMF parameter
T [P4, Section 5] and the second one is parameter /. Both filters
BGMF [P5, Section IV-B] and EGMF [P5, Section VI] use this [ para-
meter.
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First we recomputed the one step comparison of EKE SPGME BGMF
and EGMF [P5, Section VII] using a wide range of parameters T
and /. This test is also in [P4, Section 5.1]. The results are shown
in Figures 11 and 12!2.

Mahalanobis distance
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) ___BGMF
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3r EGMF
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‘—‘_ ----- Nonlinearity
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| — e R =
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Figure 11: The results of one step comparison of EKE SPGME BGMF
and EGMF when the parameter of SPGMF 7 € [0.3,0.7] and
the parameter of BGMF and EGMF ®(/,) € [0.05,0.25].

In this case, we assume that parameter 7 € [0.3,0.7] and parameter
1=07' ([0 @(l) 1-2(L) 1]),

where ®([,) € [0.05,0.25]. This means, for example, that BGMA [P5,
Section IV-B] splits the original Gaussian to GM with three mixture

12 Often users are only interested in the mean of the posterior so we have computed
the Mahalanobis distance between the means. Mahalanobis distance, however,
does not tell everything about accuracy so we have computed also the Lissack-Fu
distance.
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Figure 12: The results of one step comparison of EKE SPGME BGMF
and EGMF when the parameter of SPGMF 7 €[0.3,0.7] and
the parameter of BGMF and EGMF ®(/,) € [0.05,0.25].

components so that the weights of these components are ®(/,),
1—2®(l,) and ®(l,). Figures 11 and 12 show the mean statistics
when the parameters are uniformly distributed in the current set.
Moreover, the figures show the ranges of variation of different GMFs.
Based on these figures we can say that in this case all GMFs are more
accurate than EKE

We also recomputed the simulations with “base station test
bank” [P5, Section VIII-A] using parameters

T€{0.15, 0.151, ---, 0.849, 0.85}
andlz@‘l([o ®(l,) 1—9(1y) 1]),Where

®(l)e{ 0.15, 0.151, -, 0.449, 045 }.
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Table 1.5: The Recomputed hybrid position simulations using a wide
range of parameters 7 and /. The original simulation is
found in [P5, Section VIII-A].

Time Err. Err. Err. Inc.
Solveryarameter x rms 95% ref %
EKF 10 236 465 83 6.6

SPGMF:¢(0.15,0.85) 94 207412 400+£28 65+4 3.2+0.7
BGMF(1,)e(0.15,0.45) 54 196+7 375+23 59+4 3.3%0.6
EGMFg(1,)c(0.15,0.45] 52 203%+15 382+33 606 2.7+0.8
Ref 00 155 287 0 0.1

We use the following threshold parameters: we forget components
whose weights are less than 1076, we merge two components if the
distance d;; [P3, Page 834] is less than 1073, and finally, if neces-
sary, we use resampling so that the number of components is less
or equal than 40 [P3]. Note that this is much less than the number
of components of the conventional GMF (8).

These simulations were made using the Personal Navigation Filter
Framework (PNaFF) [R5]. The “base station test bank” contains base
station range measurements, altitude measurements and restrictive
information which are base station 120° sector and maximum range
information. The results of these simulations are given in Table 1.5.
Table 1.5 contains the range of variation of different error statistics.
The main reason for using these error statistics is that it is possible to
compute these error statistics in reasonable time. More discussion
about these error statistics is found in publication [76, Section 5].

We see that all new GMFs: SPGME BGMF and EGMF give better
results (in all listed criteria, except time) than EKF regardless of the
values of parameters 7 and /. We see that BGMF has smaller vari-
ations of results than EGME However, it is possible to obtain slightly
better performance with EGMF than BGMF or SPGME More discus-
sion about the sensitivity analysis of BGMF is presented in publica-
tion [1].
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5.2 Summary of hybrid positioning results

These simulations were made using the Personal Navigation Filter
Framework (PNaFF) [R5], and the test bank used is the same as the
“base station test bank” of publication [P5, Section VIII-A]. See also
Sectio 5.1 and [P5, Table II].
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Figure 13: The RMS-error of the different particle and Gaussian
mixture filters in hybrid positioning applications.

Figure 13 presents 3D root mean square position error (RMS-error)
of different filters versus the relative computational time of our

Matlab implementation (CPU-time).

The x-axis is set to value

155 (RMS-error for PF,, —108), which is nearly optimal result for
RMS-error statistic [P5, Table II]. Figure 13 shows different GMF
variants and the particle filter with different number of particles
n = 200,300,400,...,4400,4500. So the number of particle filters
(red stars in Figure 13) is 44. EKF,,rs, EKE EKF2, BGMF and
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EGMF are explained in the publication [P5, Table II]. The difference
between BGMF and BGMF,_, is that BGMFy—; uses BGMA with
parameter N = 1 [P6, Definition 16] when it splits the prior Gaus-
sian component to GM whereas BGMF uses the method of publica-
tion [P5]. BGMFy_ 4 is the same as BGMFy_, but it adds mixture
components that approximate the likelihood when all measure-
ments are unlikely, and approximates the likelihood as a Gaussian
mixture when the likelihood has more than one peak (for more
details see [P3, P4]). The computational time is scaled so that the
computation time of EKF,, s is 1. EKF,,es. is the conventional
EKF which does not use restrictive information. All other filters use
restrictive information.

Based on publication [R4], these filters (GMFs and PFs) are the most
efficient filters for hybrid positioning applications. Note that public-
ation [R4] does not contain GMFs of publications [P4-P6]. It is
also good to keep in mind that Kalman-type filters (Section 3.2) are
special cases of GMFs. Positioning methods such as static posi-
tioning (positioning which uses only the current measurements),
grid mass filters, point mass filters and batch least squares do not
achieve the same performance as GMFs or PFs [R4].

PF is a random algorithm!3, and thus different realizations produce
different results. This phenomenon can be seen in Figure 13.
Because of that, we ran the particle filter 100 times, with 4500
particles using the current test bank, and got the following RMS-
error: minimum 178, mean 189 and maximum 206. So, PF ;=500
produces almost the same RMS-error results as EGME whose RMS-
error is 191. However, CPU-time of PF, 500 is about two times
the CPU-time of EGMF and the maximum memory requirement of
PF,, =4500 in our implementation is 252 kB whereas EGMF uses only
35 kB.

All in all, we see that GMF is a competitive filter for hybrid posi-
tioning applications (in our problem statement Section 2). Of
course it depends heavily on the application and the comparison

13 Strictly speaking GMFs are also random algorithms if we use resampling method
for the reduction of the number of components [P3]. However the variance of
GMFs is very small compared to PFs so we do not take this into account.
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criteria which filter is the best and so it is possible to justify the use of
some other methods such as the particle filter for some hybrid posi-
tioning applications. More hybrid positioning simulation results
can be found in publications [P1-P6] and [R1-R8].

5.3 Some notes for real world implementation

In this thesis, we have considered solving the discrete-time system
(Equation (1)) and we have assumed that we know the models
exactly. However, usually in real world applications, lots of work
is needed to find out sufficiently accurate models. It is clear that
(one-component) Gaussian error models are no longer adequate
for hybrid positioning in urban environments, because of, e.g. the
non-line of sight effect. Solutions for these problems are, e.g. better
models, robust methods [12, 54, 61] and/or interacting multiple
models [58, 84]. Often these methods produce an algorithm which
is a special case of GME However, the first necessary requirement
for a good hybrid position filter is that it works with Gaussian error
models. Hence it is reasonable to test filters with Gaussian error
models (see Section 5.2) and consider only the filters which do not
have a problem with simulated Gaussian errors.

Although our problem statement (Section 2) is very wide it does
not cover all possible hybrid position applications. In “finger-
printing” [R7], for example, we do not have an analytic formula
of the measurement function h (Equation (1c¢)) and thus, we do
not have the derivative of the measurement function, which is a
necessary requirement for many filters of this thesis. Of course it is
possible to develop new filters for these applications. For example,
we have proposed one method for using “fingerprint” data in hybrid
positioning in publication [3].

6 Conclusions and future work

In this thesis, we have studied Gaussian mixture filters, especially,
in the situation where the measurement function is nonlinear but
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otherwise the system is linear and Gaussian. We considered hybrid
positioning applications but most of the results are also applic-
able to other applications. One natural, popular and good ques-
tion is, which filter is the best? Unfortunately, the answer is not
unique. First of all we have to specify what “the best” means. A good
filter gives correct solutions within some tolerance even if there are
some blunder measurements and, considering personal positioning
application, it is possible to implement in real-time using a mobile
device. Secondly, we have seen that it depends heavily on the applic-
ation and the measurements which filter is good or the best.

If we have enough measurements so that a unique static solution is
almost always available, then the posterior is usually unimodal. In
that case EKF work quite well and it is fast to compute and has small
memory requirements. However, if nonlinearity is significant, it is
good to use other Kalman-type filter, such as, EKF2, if the Hessian
of the measurement function is easy to compute, otherwise UKE If
we do not have enough measurements for a unique static solution,
but we have multiple static solution candidates, it is good to approx-
imate the likelihood as GM.

In case that we have only a few measurements and we do not have
static solution available, these methods do not work satisfactorily.
First of all, in this hard case, it is good to use all available measure-
ments and other information with known measurement models.
For example, cell-ID information improves the performance of the
filter. In the hard case, it is good to use some filter that has conver-
gence results and adjusts the number of particles'* so that the filter
works satisfactorily. It is good to keep in mind that when we have
only a few measurements, it is not possible to get the same perform-
ance as in cases where we have plenty of measurements, even if the
filter works correctly. However, the hard case is very challenging for
filtering and a Kalman-type filter usually does not work at all, and
what is worst, a Kalman-type filter does not even know if it is failing.
Because of that, it is practical, in the hard case, to use a filter which

14 In broad sense, the word “particle” does not only mean the particle of the particle
filter. The number of particles is a parameter of the filter so that when number of
particles converges to infinity then the filter converges to correct posterior. So in
BGMF Gaussian components are particles.
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gives at least a consistent error estimate, or to wait until we have
enough measurement for a good state estimate.

In this thesis, we have developed a method for using restrictive infor-
mation (inequality constraints) efficiently with GME In the case of
multiple static solutions, we have shown how to approximate the
likelihood as GM and how to robustify the filter using these static
solutions. In some hybrid positioning cases, the new filter, Efficient
Gaussian mixture filter, outperforms other filters such as conven-
tional Kalman-type filters as well as the particle filter. EGMF is
intended to be used when the computational and memory require-
ments are crucial and it does not have, in general, convergence
result. For the hard case, we have developed the Box Gaussian
mixture filter, which is not as efficient as EGMF for a small number
of components. However, BGMF converges weakly to the correct
posterior at given time instant. All in all, we see that GMF is a
competitive filter for hybrid positioning applications. Furthermore
EKE which works well in satellite based positioning solutions, is a
special case of GME

There is a lot of future study left in the current GME For example,
how to build a more efficient partitioning of the state space in BGME
how many components are enough for some given accuracy, how
to reduce the number of components more efficiently, and how to
select what kind of filter to use and to make this selection adaptively.
Of course, it is worthwhile to do more tests with BGMF in different
scenarios and also in totally different application.

Naturally there are lots of interesting aspects in real world imple-
mentation that we do not cover in this thesis. In real world appli-
cations, it is usually necessary to use some robust method. The
example of robust methods are in [12, 54, 61]. Many robust methods
have been developed for Kalman-type filters. Often it is quite
straightforward to apply these methods to GME especially when
GMF has the form of the bank of Kalman-type filters. Note that
BGMF has the form of the bank of Kalman-type filters but EGMF
does not. However, there are still some open questions. Our robus-
tifying method, which is presented in [P3], is quite good if we have
the static solution available but it is not enough on its own. Because
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of this, we need these other robustifying methods. Other current
research field is how to use micro electro mechanical system inertial
sensor [15] measurements in hybrid positioning, especially if we do
not have enough sensors for relative position solutions. One possib-
ility is to use the measurements of these sensors to adjust the para-
meters of the state model.
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CONSISTENCY OF THREE KALMAN FILTER

EXTENSIONS IN HYBRID NAVIGATION

By Simo Ali-Loytty, Niilo Sirola and Robert Piché, Institute of Mathematics, Tampere
University of Technology, Finland, e-mail: simo.ali-loytty@tut.fi

A filter is consistent if predicted errors are at least
as large as actual errors. In this paper, we evaluate
the consistency of three filters and illustrate what
could happen if filters are inconsistent. Our appli-
cation is hybrid positioning which is based on sig-
nals from satellites and from mobile phone net-
work base stations. Examples show that the
consistency of a filter is very important. We evalu-
ate three fitters; EKF, EKF2 and PKF Extended
Kalman Filter (EKF) solves the filtering problem by
linearising functions. EKF is very commonly used in
satellite-based positioning and it has also been ap-
plied in hybrid positioning. We show that nonlin-
earities are insignificant in satellite measurements
but often significant in base station measurements.
Because of this, we also apply Second Order Ex-
tended Kalman Filter (EKF2) in hybrid positioning.
EKF2 is an elaboration of EKF that takes into con-
sideration the nonlinearity of the measurement
models. The third filter is called Position Kalman Fil-
ter (PKF), which filters a sequence of static positions
and velocities. We also check what kind of meas-
urement combinations satisfy CGALIES and FCC
requirements for location.

In navigation, filters are used to compute an esti-
mate of the position using current and past meas-
urement data. When the number of measurements
is insufficient to specify a unique position solution,
the filtered estimate may veer away from the true
route and get stuck in an incorrect solution branch.
For filters to avoid and recover from such mistakes,
it is important that they are consistent, that is, their
predicted errors should be at least as large as ac-
tual errors. In section Filters; Inconsistency test, we
define a filter consistency and introduce a test for
filter inconsistency. In this study, we evaluate the
consistency of three filters which are representative
of the Kalman type filters used in hybrid navigation

based on signals from satellites and from mobile
phone network base stations. The reason why we
concentrate on Kalman type filters is that they are
fast to compute. It is possible, for example with par-
ticle filters and grid-based methods, to get a more
accurate estimate, but such filters are slower and
because of this they do not yet suit mobile posi-
tioning.

Problem Statement

Target

In this section, we introduce our problem. First of
all, we model the user state x and measurements
¥ as stochastic processes. We have an initial state
x,and a dynamic system

X, = fia () we [0}
Ye=h(x)+ve,

where subscript k represents time moment n, k =
1,2,....We assume that all errors (wi and w) are
zero mean, white and independent. The aim is to
solve state conditional probability density func-
tions (cpdf) when conditional are past and current
measurements, These densities are usually called
posterior densities. If conditional are only past
measurements then the density functions are
usually called prior densities, Knowledge of the
posterior density enables one to compute an op-
timal state estimate with respect to any criterion.
For example, the Minimum Mean-square Error
(MMSE) estimate is the conditional mean of x
(Bar-Shalom et al, 2001) (Ristic, et al, 2004). In
general and in our case the conditional probabili-
ty density function cannot be determined analyti-
cally

In our applications, the state x =[r7,v/ | consists of
£l -

user position vector r« and user velocity vector w.
State dynamics are specified in (2). Measurements
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» consist of satellite pseudorange p,and dehta
pseudorange p, measurements, and base station
range measurements p,. We do not model user
clock because it is quite difficult to get a realistic
clock model. Therefore, we must use the difference
measurements of satellites.

State dynamics

We use the Position-Velocity (PV) model, where
the user velocity is a random walk process (Brown,
1983).The user state is the solution of a stochastic
differential equation which can be written as a dif-
ference equation (Maybeck, 1979)

0= X W, @)
where

I Al
0.4=[o i } ©

and Wi is white, zero mean and Gaussian noise,
5o that

At} Ar}

Qi =V(wy,)= Aa’ 2 )
Sho. a0

ga o‘:halm 20 ]' (5)
O ahinude.

whered’,,_, represents the velocity errors in the
East-North plane and 0”..“ represents the velo-
city errors in the vertical direction,

Measurement equation

In this study, we use quite general measurement
equations and we do not restrict ourselves on any
specific satellite system (e.g. GPS, Galileo) or mobile
phone network (e.g. GSM, 3G).

Satellite measurements

From satellites we get usually two different meas-
urements: PseudoRange (PR) and Delta Pseudo-
Range (DPR) measurements (Kaplan, 1996). The

measurement equations are

p=|r—nf+b+e, . )
7

p,= ("’;-—’:%—(v,- v)+b+e, @

where r: is the satellite position vector, v is the
satellite velocity vector, b is clock bias in metres,
b is clock drift, €, is PR error term and &, is
DPR error term. Let n. be the number of satel-
lites.

EUROPEAN JOURNAL OF NAVIGATION

We suppose that n, 22, otherwise we do not use
satellite measurements. We get difference measure-
ments when we subtract for example last satellite
(PR or DPR) measurements from other measure-
ments.

Base station measurements

There are many possible different measurements in
base station positioning, such as Time Of Arrival
(TOA), Round Trip Delay (RTD), Received Signal
Strength (RSS), Time Difference Of Arrival
(TDOA), Angle Of Arrival (AOA), and Cell IDenti-
ty (CellD). (Drane et al, 1998) (Spirito et al.,
2001) (Syrjdrinne, 2001) (Vossiek et al, 2003). We
can also use cell average altitude for positioning if it
is known.TOA, RTD and RSS have the same math-
ematical form

p=ln- ’ZII"‘"p, ®

where 7, s the base station position vector and
&,, is error term. In this study, we do not use AOA
or Cell-ID measurements.

Initial state

Filtering is performed within the framework of se-
quential Bayesian estimation, which requires the ini-
tial state x, We assume that this initial state is
Gaussian so with mean x, and covariance matrix P.
One possibility to get the initial state is to use the
first position and velocity solutions (see Section Fil-
ters, PKF).

The Kalman filter extensions considered are
Extended Kalman Filter (EKF), Second Order
Extended Kalman Filter (EKF2) and Position
Kalman Filter (PKF). The common feature of
these filters and one reason why we call these fil-
ters Kalman filter extensions is that these filters
‘remember’ and use only the last state mean and
covariance matrices. These filters solve approxi-
mately the filtering problem (see section Prob-
lem Statement).

EKF

The Extended Kalman Filter solves the filtering
problem by linearising the measurement function.
EKF is very commonly used in satellite-based posi-
tioning and it has also been applied in hybrid posi-
tioning (Ma, 2003). The EKF algorithm is described,
for example, in (Bar-Shalom et al, 2001) or (Jazwin-
ski, 1970).

EKF2

The Second Order Extended Kalman Filter is an
elaboration of EKF that takes into consideration the
nonlinearity of the measurement models. In par-
ticular EKF2 increases measurement variance with
extra variance which is
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A 9
Ol =5 (P HP) ®

where H, is the Hessian matrix of measurement
and P~ is covaniance matrix of prior density. Modi-
fied Gaussian Second Order Filter (Jazwinski, 1970)
(Maybeck, 1982) is the same as EKF2.The EKF2 al-
gorithm is given for example in (Bar-Shalom et al,,
2001).

PKF

The Position Kalman Filter works by filtering a se-
quence of static position and velocity solutions. The
idea is that we first solve position and velocity and
then filter these; this idea is called two-stage esti-
mator (Chaffee and Abel 1992). When we have
enough measurements, we can find position and
velocity for example by Weighted Least Squares
(WLS) or closed-form methods (Sirola et al., 2003).
WLS also approximates the errors of solution, At
times instants when there are not enough meas-
urements to fix position and velocity, we do not use
any measurements. The PKF filter algorithm is
Kalman filter algorithm (Jazwinski, 1970), but it is im-
portant to notice that errors of position solutions
are not independent from state dynamics errors, so
the system does not fulfil the assumptions of
Kalman Filter:

Nonlinearities

Our model has nonlinearities only in the measure-
ment model. We say that the measurement nonlin-
earities are significant if they are comparable to, or
larger than, the measurement noise (Jazwinski,
1970)

G 2 O (10)
First we study the significance of nonlinearities in
satellite measurements. Now, from (%), we have

< YP I an

We assume that user velocity is less than 5,000 (m/s),
and “P']]SIOO’ These two appm:omauons are
ite overpessimistic in personal satell
ng.Weknowdm ln=nl = 20000 (km)and
II" [| < 5.000 (m/s) (Kaplan, 1996). Thus we get

ol sYp mso.ooonos. (12)

In our simulation when we consider satellite meas-
urement o2, 20.1> . So equation (10) does not
hold and there are no significant nonlinearities
measurements from one satellite. The same results
holds if we have more than one for example ten
satellite measurements each time instant.

The difference between @7, and Gn,, is even
bigger if we use only satellite pseudorange meas-

urements. Because of this, we linearise all satellites
measurements and use those in our simulations.

Secondly, we concentrate on base station measure-
ments nonlinearities. We assume that l"—l Ill
Now

(-8 ZLL—’ . (13)

[l ==l

In our simulation the variances of base station
meawrementsareao’.ltisvuycommoninurban
areas that the distance from base station is very
short, say 250m. but the estimation error can be
quite large, say [P[|=150° .We get

0,290 >80 =0, (14)

so there are in some cases significant nonlinearities
in base station range measurements,

Inconsistency tests
We say that filter is consistent if inequality

Efn -t )u-2) J R (s

holds in every k = |, 2,... (Lefebvre, et al., 2004).
The Normalised Estimation Error Squared test
(NEES) and the Normalised Innovation Squared
test (NIS) (Bar-Shalom et al. 2001) are popular
ways of testing filter inconsistency (Lefebvre et al.,
2004) (Lerro and Bar-Shalom, 1993) (Schlosser
and Kroschel, 2004). Both NEES and NIS tests
assume that distributions are Gaussian, so that
test statistics are chi-square distributed. However
we know that distributions are usually not Gauss-
ian, Because of this we apply Chebyshev's
inequality to our hypothesis testing. Our null
hypothesis is

H,Ef(x, -2 )0 - 1) ] A (16)
We assume that det(P.)#0 | Now there is a ma-

trix A; such that P, = A;'(A') Hypothesis test
statistic is

il = G = &)

If Ho is true then
n=u(APA])2E[r(yi)]
2wl s,
2e'P(jw.) 2€)

where n is the dimension of x. If e is the risk level
then

I{M,I:Ji_)‘a

(17)

(18)

(19)
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So if |M||2JZ is true, it indicates that the null  tion Problem Statement, Measurement equation)

L and state dynamics (2) with given parameters. In

hypothesis can be rejected at the risk level of a.  some tests we simulate also altitude measurements,

We call this test the general inconsistency test. If we  The altitude measurements are modelled as same

also assume that X, — X, is zero mean and Gauss-  kind of measurements as base station range meas-

ian then this is the above-mentioned NEES-test. urements, with the ‘base station’ in the centre of
Earth.

a——— A typical simulation is shown Figure |, which shows
In our simulations, we use East-North-Up (ENU)  base stations, true route (red, 2 minutes), filtters
coordinate system.We assume that errors are zero  mean: PKF (black), EKF (blue), EKF2 (magenta), and

mean, independent Gaussian white noise, with covariance ellipses which illustrate dispersion of dis-
- tribution. The covanance ellipses satisfy the equa-
a, =10mo, = o.l? and o, =80m (20) tion
e\’ p~ -
As parameters of state dynamics we use (x= ) Poiy(x—§)=22173. 23)
2 2
P I L TN 1 (21)  The constant was chosen so that if the distribution
s s

is Gaussian then there is 67% probability mass in-
The first parameter is the same as in (Ma, 2003). side the ellipse. Ellipses are drawn every half
The mean of initial state is X, = ,ar'or]" " is  minute. In this example, we get three base stations
range measurements and altitude information
true place at time f, and the covaniance matrix of  every second.
initial state is
From Figure | we can see that fiters work very
1007 0 (22)  similarly in this case and that they give much better
B=l"o 10u position estimates than the static WLS solutions.
Table | shows that in many cases all filters work
very similarty.

We generated one hundred true routes and for
every true route |0x18 measurement sets so that
every Satellite (SV) and Base Station (BS) set have
ten measurement sets for every true route. The
satellites and base stations are the same through-
out all simulations, although we would get better

The positions and velocities of satellites are based
on real ephemeris data. Ephemeris data was meas-

ured in the Tampere University of Technology cam-
pus region on |8th june 2003. Base station posi-

tions are [1000,0,0}.[-1000,0,0] and [0, 10000} | 7apie 1 - Twodimensional eror imits for iters, in simulations
see Figure |. Measurements and true route are i have 100 true routes and every true route was run 10 times.
simulated using measurements equations (see sec- ARSIV A e/
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results if we used different satellites and base sta-
tions in different time instants. Tables | and 2 have
error limits from these simulations. Filters' error lim-
its are in Table | and WLS error limits are in Table
2, where we also have a column which tells how
many times WLS does not have a unique position
solution. In these tables the 67% column gives limit
so that 67% of all 2 dimensional errors (norm of
true position minus posterior mean) are smaller
than this limit, and similarfy for the 95% column.
Every measurement set has also altitude measure-
ment, except the measurement sets where BS col-
umn has @ sign.

In Table | we see that EKF and EKF2 errors have
noticeable difference only when we have only one
or two base station range measurements. If we
consider 95% errors limits we see that EKF2 gives
better position estimates than EKF. Actually, when
we have only one base station range measurement,
PKF gives better estimate than EKF aithough PKF
has no position solutions (see Table 2). We see in
section Simulations, Consistency that in this case
EKF is very often inconsistent. It is useful to notice
that the ratio of 95% error limits and 67% error
limits is usually about two.There are however some

Tabie 2 - Two dimensional error limits for WLS and
i how many times we do not have unique WLS solution.
15 S pe

cases, especially (0.2) and (2,1), (SV, BS) combina-
tions, where this ratio is much bigger, We see that
in all of these cases where this ratio is about three
or bigger there is a problem with consistency (see
section Simulations, Consistency). PKF has notice-
able difference with respect to EKF or EKF2 only
when there are no unique position solutions. We

can also see that even quite rough altitude infor-
mation gives much better position estimates than
without that information.

In Table 2, we see that WLS position solutions' (es-
timated) errors are many times larger than esti-
mated errors of filters, so it is reasonable to use sta-
tistical approach (filters) with as many
measurements as possible if we want more accu-
rate position estimates.

Requirements of CGALIES and FCC

Both American federal Communications Commis-
sion (FCC) and European Coordination Group on
Access to Location Information for Emergency Ser-
vices (CGALIES) have their own requirements for
emergency call positioning accuracy. These require-
ments are briefly summarised in Tables 3 and 4.

The limits in Table 3 are intended for 67% of calls,
but in the future the requirements may be tight-
ened to apply to 95% of calls. A summary of
CGALIES 67% accuracy requirements is approxi-
mately |50m in urban environment and 500m in
rural environment (Ludden et al, 2002). The main
difference between urban and rural environments
is that in urban environment there is a high densi-
ty of mobile phone base stations but the satellite
visibility is reduced.Vice versa, in rural environment
there is good satellite wisibility but the mobile
phone base stations are very sparsely laid out
(Heinrichs et al,, 2004).

If we compare CGALIES and FCC requirements and
our simulation results, we can conclude that WLS es-
timates satisfy all requirements only if they use at

Table 3 - CGALIES requirements for location (values
to the
to the

through a
Member States) (Ludden et al., 2002).

T s

i Table 4 - FCC requirements for location (FCC).




least three satellite measurements and altitude infor-
mation. WLS estimates satisfy CGALIES and FCC
network-based requirements if they use measure-
ments from two satellites, altitude information and at
least two base stations, WLS satisfy CGALIES re-
quirements by a whisker with altitude information
and measurements from three base stations.

With the above-mentioned measurement sets, all
three filters satisfy almost all requirements. Only the
FCC handset based requirement of accuracy for
67% of calls is not fulfilled with altitude information
and measurements from three base stations. EKF
and EKF2 satisfy also CGALIES and FCC network-
based requirements with altitude information and
measurements from two satellites and one base
station. Furthermore, EKF and EKF2 satisfy
CGALES rural environment requirement with

» True Route
a EKF
+ EKF2
o PKF

Here and after that filters use
measurements from three base stations

Figure 2 - EKF estimate veers away from the true route and gets stuck in an Incorrect
solution branch. EKF2 increases covariance matrix.

Vmeasunements from three satellites or two base

stations and altitude information. Although in our
simulation, using measurements from only one
base station does not satisfy any requirements, it
is possible that in urban environments with very
high base station density these requirements can
be satisfied. This is possible if base stations are al-
ways sufficiently close to users. Of course, then
the base station where measurements come
from must be changed quite often.
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Consistency

In our simulations, we saw that there are consis-
tency problems with some base station and satel-
lite measurement combinations, Now we study
whether the fitters work correctly or not. One way
to test this is to use the general inconsistency test,
which tells if true estimate errors coincide with the
error covariance matrix given by the filter (see sec-
tion Filters, Inconsistency tests).

Figure 2 shows one case where EKF estimate veers
away from the true route and gets stuck in an in-
correct solution branch. In this case, filters get
measurements from two base stations and altitude
information for the first 110 seconds. During the
last 10 seconds, there is an additional base station
measurement, making unique WLS position fixes
possible.

The covanance ellipses as defined in (23) are drawn
at time instants fos fwys fos iy and 4y We see
that here EKF covariance matrices are very small if
we compare them to true estimates errors. Be-
cause of this, EKF is inconsistent which is also veri-
fied by the general inconsistency test (see Figure 3).
Note that in this kind of situation NIS test is not
relevant, for example in this case EKF passes NIS
test when it uses measurements only from two
base stations and altitude information. From Figure
2, we can also see that after the third base station
becomes available at f9s it takes a long time for
EKF to become consistent again.

In this example, the covariance matrices of EKF2
are large enough so that EKF2 is not inconsistent
(see Figure 3). Also, although the PKF estimate re-

2
0620 40 e 8 100 120
Time (s)
Figure 3 - test of the of Figure 2.

In this case, only EKF falls this test, test statistic is
bigger than red line. Black dashed line is NEES test. Risk
level of both test is a = 0,01.
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mains at the starting point for the first | 10 seconds,
the filter is not inconsistent because its covariance
grows fast enough.

It is useful to notice that both EKF2 and PKF start
giving accurate estimates as soon as the third base
station becomes available. Note also that although
both filters EKF2 and PKF are not inconsistent in
this case, we can say that EKF2 gives better (more
accurate) estimates.

ms Percentage of times filters are inconsistent (the general
bmmmymo same simulations than Table 1.

Al in all, we can observe from the foregoing exam-
ple that it is very important that a filter be consis-
tent. Now we study more precisely how often and
with which measurement combinations filters are in-
consistent. We use the same simulations as in Table
I. Al general i i test results which are
non-zero are tabulated in Table 5. Tabulated quantity
tells how many percent of 1,000 runs have at least
one time instant in which the filter is inconsistent at
some risk level. We use both 5% and 1% risk level.

First of all, PKF never has problems with consisten-
cy and because of this PKF is not mentioned in
Table 5. From Tables 5 and 2 we can see that EKF
and EKF2 only have problems with consistency
when the system is underdetermined (when there
is no unique position solution). These problems are
significant when there are base station measure-
mems.EKFZwodsbetw'thanEKFHcmeverEKFl
does have some problems with ¢ . One
teasomsttmalﬂmoughEKthaJmmtoconsdera
tion the nonlinearity of the base station range
measurement models, there are still small errors.
These small errors can accumulate because the
measurement model depends on the previous
measurement model depends on the previous
state estimate. PKF does not have this problem and
this is one reason why PKF never fails this test.

Inthsartlde.mhaveshownmatnonlmemare
waguﬁcamnmdlnemeasuremmbmaﬁengg-
nificant in base station measurements. In these

cases EKF2 works better than EKF, and the 95%
error limits of EKF2 are smaller and EKF2 is not so
often inconsistent. Unfortunately, EKF2 also is
sometimes inconsistent. PKF does not have a prob-
lem with consistency, but the error limit of PKF is
usually larger than in other filters. Our simulations
results indicate that static WLS position estimates
can fuffill FCC and CGALIES requirements only
when there are satellte measurements available.
On the other hand, filtered position estimates can
fulfill these requirements even using only base sta-
tion measurements.
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ABSTRACT

This paper presents a new hybrid positioning algorithm
whereby restrictive information such as base station sector
and maximum range can be used in a Kalman-type filter.
This new algorithm is fast to compute and gives almost the
same accuracy as the particle filter with millions of parti-
cles. Simulations show that in some cases restrictive infor-
mation such as mobile phone network sector and maximum
range information dramatically improve filter accuracy. We
also present the mathematical fundamentals of the algo-
rithm.

1 INTRODUCTION

Hybrid positioning means that measurements used in posi-
tioning come from many different sources e.g. Global
Navigation Satellite System (GNSS), Inertial Measurement
Unit (IMU), or local wireless networks such as a cellular
network, WLAN, or Bluetooth. Range, pseudorange,
deltarange, altitude, and compass measurements are typical
measurements in hybrid positioning. Restrictive informa-
tion can be used in positioning. By restrictive information,
we mean the knowledge that the state e.g. position, is inside
some area, which is the most often a polyhedron. In the
simplest case, the area is a half-space. Base station sector
and maximum range information (Cell ID) are examples of
restrictive information [17].

1679

Filters are used to compute an estimate of the state using
current and past measurement data. Filters also give an
approximation of the error covariance matrix. Kalman-
type filters approximate the probability distribution of
the state as a Gaussian or as a mixture of Gaussians.
Extended Kalman Filter (EKF) [8, 10], Second Order
Extended Kalman Filter (EKF2) [2], Unscented Kalman
Filter (UKF) [9] and Gaussian Mixture Filter (GMF) [16, 7]
are examples of Kalman-type filters.

Maybe the most popular example is EKF, which is very
commonly used in satellite-based positioning and has also
been applied to hybrid positioning. Unfortunately, EKF
has a serious consistency problem in highly nonlinear situ-
ations [1], i.e. the error covariance matrix is sometimes
grossly underestimated. Contrary to satellite based posi-
tioning, highly nonlinear situations are common in hybrid
positioning. Because of this, many researchers have investi-
gated the use of general nonlinear Bayesian filter, which is
usually implemented as a particle filter (SMC, Sequential
Monte Carlo) [6, 13] or a point mass based filter [4, 14].
These filters usually work correctly and give good posi-
tioning accuracy but require much computation.

An outline of the paper is as follows. After problem formu-
lation in Section 2, the basic idea of the new algorithm
is presented in Section 3. Section 4 provides the mathe-
matical fundamentals of the algorithm. In Section 5, we
concentrate on hybrid positioning application and illustrate
how the new algorithm works in practice with sector and
maximum range information. Finally, simulation results are
given in Section 6.

We show in Section 6 that in some cases the new hybrid
positioning algorithm gives almost the same accuracy as a
particle filter. In addition, the new algorithm avoids most of
the consistency problems that plague the traditional EKF.
The biggest advantage of the new algorithm is that it can use
restrictive information and still needs notably less computa-
tion time than a particle filter. Because of this, it is conceiv-
able that the algorithm can be implemented in a mobile
device such as a mobile phone.



2 BAYESIAN FILTERING

We consider the discrete-time non-linear non-Gaussian
system

ey

Xk = fr—1(Xp—1) + Wi_1,

Vi = hi(xk) + Vi, 2)

where the vectors x;, € R™ and y; € R"« represent the
state of the system and the measurement at time ¢, k € N,
respectively. We assume that errors wy, and vy, are white,
mutually independent and independent of the initial state
Xo. The aim of the filtering is to find conditional probability
density function (posterior)
p(xk|y1:x), 3)

A . .
where y1.5 = {y1,...,Yk}. Posterior can be determined
recursively according to the following relations.

Prediction:

P(Xk|y1:6-1) :/p(Xk\kal)p(kal|Y1:1€71)dxk712,
)

Update:

p(yrlxe)p(Xely1:6-1)

PxklyLi) [ p(ylxe)p(xrlyie—1)dxy’ ©
where the transition pdf p(xj|xx—1) can be derived
from (1) and the likelihood p(yx|xx) can be derived
from (2). The initial condition for the recursion is given
by the pdf of the initial state p(xo|y1.0) = p(Xo). Knowl-
edge of the posterior distribution enables one to compute
an optimal state estimate with respect to any criterion. For
example, the minimum mean-square error (MMSE) esti-
mate is the conditional mean of xj, [2, 13]. In general and in
our case the conditional probability density function cannot
be determined analytically. Because of this, there are
many approximative solutions of conditional mean. Some
popular Kalman-type approximative solutions of condi-
tional mean include:

EKF (Extended Kalman Filter) Kalman filtering applied
to a linearization of system (1), (2). EKF is very
commonly used in satellite-based positioning and it
has also been applied in hybrid positioning [10]. The
EKF algorithm is described for example in [2, 8].

EKF2 (Second Order Extended Kalman Filter) an elabo-
ration of EKF that models nonlinearity better. Modi-
fied Gaussian Second Order Filter [8, 12] is the same
as EKF2. The EKF2 algorithm is given for example
in [2].
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PKF (Position Kalman Filter) works by filtering a
sequence of static position and velocity solutions [1].
The idea is that we first solve position and velocity
and then filter them; this idea is called two-stage
estimator [5]. When we have enough measure-
ments, we can find position and velocity for example
by Weighted Least Squares (WLS) or closed-form
methods [15]. WLS also approximates the errors of
the solution. At time instants when there are not
enough measurements to fix position and velocity,
PKF does not use any measurements.

2.1 Restrictive information

As we have seen, in the underdetermined case sometimes
we have situation that posterior is multimodal and that
can inflict inconsistency [1]. However, sometimes we
have some extra information which may remove the multi-
modality. We call this extra information restrictive infor-
mation. As mentioned previously, it is very common that
we have restrictive information in hybrid positioning. For
example, a mobile phone network, WLAN and Bluetooth
base stations have specific range and if we "hear” the base
station then we are inside the base station range. Of course
restrictive information can also restrict other state variables
than only position. More formally, restrictive information
is measurement with measurement function (2)

m@:{

where A C R™x. In this paper, we consider only a case
where restrictive information does not have error, so then
error term v = 0 is constant random variable. The like-
lihood function of restriction information is characteristic
function (5), (6)

1,ifxe A

0,ifx¢ A ©

1, ifxe A

0,ifx¢ A ° )

p(1) = xa(x) = {

and respectively p(0|x) = yz(x), where 4 is the comple-
ment of A. Unfortunately, it is not straightforward to
use restrictive information with Kalman-type filters because
measurement is a dichotomy variable and the measurement
function is not linear.

3 NEW ALGORITHM IN A NUTSHELL

The main idea of the new algorithm is that we use some
Kalman-type filter and extend it to use restrictive informa-
tion. Here we present the new algorithm in the case where
posterior is Gaussian, for example EKF, EKF2, PKF.

1. Compute the posterior without restrictive information
using Kalman-type filter.



2. If there is new restrictive information, model restric-
tive information as a likelihood function that is one
inside a certain polyhedron and zero outside.

3. Compute new mean and covariance estimates.

4. Approximate the posterior distribution with a Gaus-
sian, with the new mean and covariance.

5. Repeat this every timestep.

The heart of this algorithm is stage 3, where we update
posterior mean and covariance. Notice that this algorithm
does not require any other measurements, so the algorithm
works also if there is only restriction information.

We can apply this algorithm also when posterior is Gaus-
sian mixture. In this case, we apply this algorithm to
every mixture component, and finally compute new mixture
weights.

4 DERIVATION OF THE ALGORITHM

In this section, we concentrate on the mathematical funda-
mentals of the new algorithm. First of all, the algorithm
changes only the update part (5) so prediction part (4)
remains the same as in the ordinary filter.

1. Compute the posterior without restrictive informa-
tion using Kalman-type filter.

Because of the independence, we can write likelihood func-
tion as the product

p(yrlxn) = xa(xe)p(yrlxs), ®

where A is the intersection of all new restrictive informa-
tion, this means that state is inside A at time instant ¢ and
¥}, are other measurements than restrictive information at
time instant ¢;. Using Eqgs. (5) and (8) we find that

P(Xk|y1x) o xa(XR)P(Xk Y1) 9)

where

(¥ |xe)p(Xe|y1:6-1
p(xk:‘yll;k)_ ( k‘ ) ( ‘ )

= ToLxe)p(elymen)ds 0

is posterior without current restrictive information. This
can be computed using the ordinary Kalman-type filter. We
use notation that jo1q and ¥g1q represent the approxima-
tions of the mean and the covariance matrix of this distri-
bution, respectively. We also approximate p(xz|y?,;,) with
a Gaussian.

2. If there is new restrictive information, model restric-
tive information as a likelihood function that is one
inside a certain polyhedron and zero outside.

We use the same restrictive information only once within a
certain time period, because otherwise our approximation
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error can accumulate and cause unwanted phenomena. Let
the area A be inscribed in the polyhedron (see Fig 1)

bi

B =\ z| x < By ={z|Bx < S}, (11)

T
bn,

where matrix B is organized so that the first inequality
reduces probability the most, that is

/ p(og|ylp)dog <--- < / p(@k|Yik)dor
bl <p1 bz <fn

<~
B1 — b7 prowa ... < Bn — bE o1
VI Saabt T /bESeabs
(12)
We use Gram-Schmidt orthonormalization on {b1, ..., by}

with inner product < x,y >= 27 54y, and get matrix A
whose row space is same than the row space of matrix B
and AY,qAT = 1. Now we approximate the likelihood of
restrictive information with one inside the polyhedron (see
Fig 1)

A'={z | |Ax — Azpa| < a} (13)
and zero elsewhere. So we replace x 4 in Eq. (9) with x 4.
Vectors Axig and a we select so that B is subset of A’

and probability that state is inside A’ is as small as possible.
Then also A is subset of A’. If

X=[a1,....2n5 | (14)
are vertices of polyhedron B, then
oo Up—low (15)
2
and
AZmia = Aftold — wv (16)
where
= A= i X))
and
low = Apiolg — AXe;
ow = Ajtoid = max (AXe;) (18)

Operators min and max are taken separately with every
components. We use this same notation through the paper.

3. Compute new mean and covariance estimates.

In this stage, we compute the approximation of the mean
Unew and the covariance matrix X,y of the modified poste-
rior p(xk|y1:x) (9), where A is replaced with A’. This
approximation is accurate if the old posterior p(xx|y}.;)



is Gaussian and A = A’. First we compute probability that
state is inside polyhedron A’,

Pnew :/XA’(l’k)p(lHy/lk)dxk

pa(z)dz
[<a

Il
—

(19)

(P (upi) — @ (low;)) ,

I
.::

i=1

where @ (z) is cumulative density function (cdf) of 2z, when
x ~ N(0,1). The idea of the solution is that with the
change variables,

z = AXy — Anmid,
E(Z) = Uz = Aﬂold - A$n\i<l-,
V(z) = 5, = ASquA” =1,

(20)

we can compute the integral iteratively. We use this same
idea also in the following integrals, when computing mean
and covariance matrix. If posterior is Gaussian mixture then
the new weight is proportional to old weight times the prob-
ability prew-

The approximation of the mean of the posterior distribution

p(Xk|y1:x) is

/
X4 (@r)p(@k Y1) i

Hnew :/1

Prew

A71
= / 2p2(2)dz + Trmia
Prnew |z|<a (21)
=A"? /zpz/(z)dz + ZTmid
35
b2 told + SolaAT e
where
z « z pz z
pw () = Netsal2IPa(2) 22)
pnew
and
w2 ;2
o () — o (52)
€= € ’ ) 2’ 23

P V27 (® (up;) — @ (low;))

Details of the computation are given in Appendix A,
Eq. (35). Here we assumed that A € R™A*™4A ig square
matrix (na = ma) and non-singular, so polyhedron A’ is a
bounded "box”.

Now we show that Eq. (21) holds also when we have an
unbounded area. If np < ma we can add more rows
to matrix A and elements to vector «, this means that we
add more restrictive information. When the added elements
i, i € {na,...,ma} tend to infinity, we get same equa-
tion as previously, because ¢;, i € {na,...,ma} go to
Zero.
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The approximation of the covariance matrix of the posterior
distribution p(xx|y1:x) is

' (zk)p(zr |yl
chw = /(‘Ek - anw)(xk - /»anw)TXA ( k)p( k|YIk)d

pHCW
—A / (2 — 1)z — i) o (2)dzA~T

D A-11-A)A-T
= Toi — ZoATAA oy,

(24)
where
Pt = [z + € = Apinew — ATmid, (25)
A = diag(6) + diag(e) diag(Aptnew — ATmia),  (26)
where
exp (*ugﬁ) + exp (7%) . on

n
0= E Q€4
i=1

Details of the computation are given in Appendix A,
Eq. (37). This equation also works when matrix A is not
a square matrix. Proof goes similarily than previously.

V21 (@ (up;) — @ (low;))

4. Approximate the posterior distribution with a Gaus-
sian, with the new mean and covariance.

This stage usually produces the most approximation errors
in this algorithm. This is the reason why we use each
restrictive information only once.

5. Repeat this every timestep.

5 EXAMPLE OF THE NEW ALGORITHM

In this section, we illustrate how the new algorithm works.
In this example, Fig 1, restrictive information consists of
two base station Cell IDs, which means that we know the
base stations sector and maximum range information. In
the figure, dark area (area A in Eq. (9)) is the intersection
of these information and so we know that user is inside this
area. Black dashed polyhedron represents an polyhedron
approximation of the true restrictive area (11). Black solid
polyhedron represents the certain polyhedron approxima-
tion of the polyhedron approximation of the true restrictive
area (13). Red man stands on prior mean and a red dashed
ellipse represent prior covariance. The covariances (X) are
visualized with ellipses that satisfy the equation

(x — )Tz — p) =2.2173. (28)
The constant was chosen so that if the distribution is Gaus-
sian then there is 67% probability mass inside the ellipse.
Respectively, blue man stands on posterior mean and a blue
solid ellipse represent posterior covariance.

Tk
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Figure 1: Red means prior distribution. Dashed black
polyhedron represents the first approximation of
restrictive area (11). Solid black polyhedron
represents the certain approximation of the true
restrictive area (13). Blue represents the mean
and covariance approximations after applying
the restrictive information.

It is quite evident that using restrictive information
improves estimates notably only when there is much prob-
ability mass outside the restrictive area. Usually, this
happens two different cases. The first case is that we
have only a few measurement, which causes large poste-
rior covariance without restrictive information, but we have
quite good restrictive information such as sector informa-
tion. Other possibly is that Kalman-type filters works
totally wrong, this means that filter is inconsistent so that
predicted errors are smaller than actual errors [1]. Both
of these cases are possible in hybrid positioning, so it is
reasonable to use restrictive information in hybrid posi-
tioning. In Section 6, we see more specifically how restric-
tive information improves Kalman-type filter performance
in hybrid positioning.

6 SIMULATIONS

In the simulations, we use the position-velocity model, so

T 71T : .
v } consists of user position vector r,

the state x = [ru ) Va

and user velocity vector vy, which are in East-North-Up
(ENU) coordinate system. In this model the user velocity is
a random walk process [3]. Now the state-dynamic Eq. (1)

is

Xp = Pp_1Xp—1 + Wi_1, 29
where
1 Al
b1 = { 0 I } , (30)
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Aty = t, — tg_1, and wy_1 is white, zero mean and Gaus-
sian noise, with covariance matrix

Atia‘f Atﬁo:
— 0 —= 0
3 3 _2 2 2 2
0 Atypo; 0 Atyo;
Qr-1=| Ape 8 Atpo? 2 Y
ey B4y
Atinf Atkaf
0 i 0 :

2 .
where Ug = 2 %y represents the velocity errors on the East-
2 .
North plane and o2 = 0.1 % represents the velocity errors

in the vertical direction. [1>1, 1]

In our simulations, we use base station range measure-
ment, altitude measurement, satellite range measurement
and satellite deltarange measurement.

Yo = |Iro — 1ul| + e,
Yo = [ 0 0 1 ]ru+ea,
Ys = ||rs —rul| + 0+ €, (32)
T
rg—r .
:’;’SZM(VS_Vu)"Fb'Fés’
[[rs — rull

where 1}, is base station position vector, ry is satellite pqsi—
tion vector, b is clock bias, vy is satellite velocity vector, b is
clock drift and e:s are error terms. We use satellite measure-
ments only when there is more than one satellite measure-
ment available, so that bias can be eliminated. These are the
same measurements equations as in the paper [1]. Restric-
tive information that we use are base station sector infor-
mation and maximum range information.

From Fig. 2, we get an idea of how the new algorithm
works. These simulations use only a few (one or two at the
same time instant) base station range measurements with
variance (100 m)? and altitude measurement with variance
(300 m)2. 1In this case, restrictive information keeps the
filter always consistent (not inconsistent). In this paper, we
use the general inconsistency test, with risk level 5% [1].
Restrictive information also decreases the mean error from
442 meters to 93 meters.

In Table 1, we have listed a summary of a hundred 300
second simulations. The simulations use only a few (one or
two at the same time instant) base station range measure-
ments with variance (80 m)? and altitude measurements
with variance (300 m)2. Summary consist of following
columns: Time is relative computation time using Matlab
and our implementation, so that computation time of EKF is
one. This is not entire truth, but gives an idea of complexity
of each algorithm. Err p is 2D position error mean. Err.
95% tells that 95 % errors are less than this limit. Err ref.
is 2D error to reference posterior mean, which is computed
using particle filter with 1 - 10° particles. Err <50 is how
many percentage of times 2D position error is less than
50 meter. Inc. % is how many percentage of time filter is
inconsistent with respect to the general inconsistency test,
with risk level 5% [1]. Solvers are organized so that mean
positioning errors are in descending order. We also test
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Figure 2: This figure illustrate how the new algorithm,
EKF with restrictive information (EKFBOX),
improve EKF in mobile phone positioning. In
this case EKF and EKFBOX mean of the posi-
tion errors are 442 m and 93 m, respectively.

positioning using only restrictive information, we call this
the BOXsolver. We also use "BOX” suffix when we use the
new algorithm for incorporating restrictive information.

Table 1: Summary of 100 different simulations with very
poor geometry. Simulations only use a few base
station range measurements and very inaccurate
altitude measurements; an example of this geom-
etry is in Fig. 2.

Time Err. Err. Err. Err. Inc.

Solver o v 95% ref <50 %
EKF 1 393 1356 358 11 28.1
EKF2 1.5 368 1028 314 8 8.4
BOX 1 314 669 253 3 0.1
EKFBOX 2 192 625 126 19 7.7
EKF2BOX 3 186 582 114 17 5.1
SMC 74 145 436 17 25 0.2
Ref 00 145 423 0 26 0.1

From Table 1, we see that restrictive information improves
greatly filters performance. Every statistic, except CPU
time, of the Kalman-type filters is improved by the new
algorithm. Also, difference between the reference solution
(particle filter), which uses all restrictive information, and
EKF(2)BOX-solver is quite small. However EKF(2)BOX-
solver’s computation time is much less than the particle
filter (SMC). SMC and reference solvers are the same
solver, but SMC solver uses 10* particles, when reference
solves uses 109 particles. Note that the geometry is quite
bad and traditional solvers like EKF(2) give even worse
results than BOX-solver, which uses only restrictive infor-
mation and not range measurements or altitude measure-
ments at all.

In Table 2 we have listed a summary of a hundred simu-
lations, but now simulations use normal suburban geom-
etry. This means that simulations use few base station
range measurements, very inaccurate altitude measure-
ments, some (not more than five) satellite pseurange and
delta pseudorange measurements, with variance (20 m)?
and (2%)2 respectively. We see that errors are smaller, of
course, than in Table 1. If we concentrate on the error ratio
of different filters, we see that results are quite same than
previosly. So the new algortihm improves Kalman-type
filters much and these EKF(2)BOX-solvers give almost the
same accuracy as particle filters.

Table 2: Summary of 100 different simulations with
normal suburban geometry. Simulations use few
base station range measurements, very inaccurate
altitude measurements, some satellite pseurange
and delta pseudorange measurements.

Time Err. Err. Emr. Emr.  Inc.

Solver % wo 95% ref <50 %
BOX 1 285 644 279 5 0.7
EKF 1 76 255 46 60 2.1
EKF2 1.5 88 330 56 59 2.0

EKFBOX 2 60 195 23 63 0.5
EKF2BOX 2 60 196 21 63 04
SMC 50 53 166 4 66 0.1
Ref 00 53 164 0 66 0.0

7 CONCLUSIONS

We presented a new hybrid positioning algorithm, which
makes possible to use restrictive information with Kalman-
type filters. The new algorithm needs clearly less compu-
tation time than the general nonlinear Bayesian filters such
as the particle filter with 10* particles. Simulations show
that the new algorithm is very well suited to hybrid posi-
tioning application, where we have sector and maximum
range restrictive information. In this application, the new
algorithm improves EKF and EKF2 much and gives almost
same accuracy as reference particle filters.



A AUXILIARY INTEGRALS

In this section, we compute some auxiliary integrals. Here
z is n,-dimensional Gaussian random variable with mean
4z and covariance matrix is identity matrix. So the density
function of z is

. 2
Nz Ny exp (7%) (33)
2(2) = | | P (2i) = || ——F——F
Pa(2) i];[lp (2:) I;[l o
and so
_ X\z|§a(z)pz(z)
P (2) = ————
pnew
Zi— g 2
I Nezan(2) exp () (34)
B e (P (upi) — @ (low;)) V27
= sz; (2'1)/
i=1
which is also a density function.
Auxiliary integral of derivation of Eq. (21)
Har = /zpz/(z)dz
— [ TTpateds +
i=1
Ny Ny
= Zej /(Z] - /u'z]) sz;(zi)dz + e
Jj=1 =1 (35)

_ i .ff(ij (Zj — Mz, )pzi (Z]‘)de
T (upj) — @ (lowy)

j=1

2 2
e, () e (17)
)

— 21 (@ (up;) — @ (low;))

J
=€+ Uz,

+ pg

+ Uz

where pyeyw is defined in Eq. (19) and from Eqgs. (15), (16)

and (20) we get that

up = pi + o and low = p, —a. (36)

Auxiliary integral of derivation of Eq. (24)
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S = [~ o)l = ) ()

Nz
= Z eje? /(Z] - :uz_;)2pz’ (Z)dz
j=1
Ny
=Y el [ ey~ e Ppu o)z
j=1

Nz

= Z eje]T /(z] - uz])2p23 (2)dz; — diag(e)?
j=1

=1 — diag(d) — diag(e) diag(Apmew — AZmid)
(37
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ABSTRACT

This paper studies the Gaussian Mixture Filter (GMF)
in hybrid navigation and is divided into three parts
focusing on different problems. The first part deals
with approximating the likelihood function as a Gaus-
sian mixture. The second part gives a new way to
robustify GMF by adding more components, and the
third part concentrates on different ways to reduce the
number of mixture components so that the algorithm is
fast without losing significant information. Finally, we
compare GMF with other filters using simulations.

1 INTRODUCTION

Hybrid navigation means navigation using measurements
from different sources e.g. Global Navigation Satellite
System (e.g. GPS), Inertial Measurement Unit, or local
wireless networks such as a cellular network, WLAN,
or Bluetooth. Range, pseudorange, deltarange, altitude,
restrictive and compass measurements are examples of
typical measurements in hybrid navigation.

The most popular example of navigation filters is the
Extended Kalman Filter (EKF), which linearizes system
and measurement models and then applies the traditional
Kalman Filter [6, 9]. EKF is commonly used in satellite
based positioning and has also been applied to hybrid navi-
gation [11]. Unfortunately, EKF has a serious consistency
problem in highly nonlinear situations, which means that
EKEF does not work correctly [2]. In highly nonlinear situa-
tions, we sometimes have multiple static position solutions,
which means that likelihood function has multiple peaks
with significant weight. In this case, it is more reasonable
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to approximate the likelihood as a Gaussian mixture and
use GMF (section 4) than to approximate with only one
Gaussian as the EKF does.

We present a new method to robustify the GMF in
section 5, which takes into consideration that the prior
distribution might be wrong. This is usually the case when
the filter has inconsistency problems. In a nutshell, the
idea of the new method is following: if measurements are
unlikely with respect to the prior, the new method adds
mixture components so that the new mixture consists of the
prior or posterior distribution plus extra component(s) that
are approximately proportional to the likelihood function.
This is better than the traditional robust approach which
can discard good measurements because an erroneous prior
makes them seem unlikely. The proposed method does not
replace old methods but rather extends them.

One major challenge in using GMF efficiently is keeping
the number of components as small as possible without
losing significant information. We study in section 6 both
the traditional component reduction methods, merging and
forgetting, and new resampling algorithms similar to the
ones used in particle filters.

In the simulations part in section 7, we compare different
GMFs with different Kalman type filters such as EKF and
the Unscented Kalman Filter (UKF) [10], as well as with
a bootstrap particle filter [4]. We compare the mean esti-
mates given by the filters to the true track and to the mean
estimate of the nearly optimal particle filter. We also look
at the computation times and different inconsistency statis-
tics. It is interesting to notice that none of the filters domi-
nate with respect to all of the criteria, so with suitable
weighting of the criteria we could make any of the filters
win the comparison. However, generally it is possible
to develop GMF which works better than EKF or UKF
especially when we consider a robust viewpoint. Natu-
rally GMF needs more computations than EKF or UKF but
usually less than the particle filter.

2 BAYESIAN FILTERING
We consider the discrete-time non-linear non-Gaussian
system

g = fe—1(Te—1) + wr—1, ()

yr = hi(ok) + v, ©)



where the vectors z;, € R"* and y;, € R"v represent the
state of the system and the measurement at time ¢y, k € N,
respectively. We assume that errors wy, and vy are white,
mutually independent and independent of the initial state
xo. We denote the density functions of wy and vy, by pa,
and p,,, respectively. The aim of filtering is to find the
conditional probability density function (posterior)

p(mklylik)v

where y1.x = {¥1,...,yr}. The posterior can be deter-
mined recursively according to the following relations.
Prediction (prior):

p(Trlyrn—1) = /p(ka’k—l)p(xk—l‘ylzk—l)d-rk—ﬁ
' 3)

Update (posterior):

_ pyslzr)p(@kly1e—1)
Pleelyin) = S p(yklze)p(@elyre—1)day’ @

where the transition pdf is

P(@k|Tr—1) = Dy, (Tk — fr—1(Tr—1))

and the likelihood

P(YklTr) = po, (Ye — Pr()). (%)

The initial condition for the recursion is given by the pdf
of the initial state p(zo|y1.0) = p(xo). Knowledge of
the posterior distribution (4) enables one to compute an
optimal state estimate with respect to any criterion. For
example, the minimum mean-square error (MMSE) esti-
mate is the conditional mean of = [6, 17]. In general
and in our case, the conditional probability density func-
tion cannot be determined analytically.

3 GAUSSIAN MIXTURE FILTER

The idea of GMF [3] is that both prior density (3) and
posterior density (4) are Gaussian mixtures

P
pla) = o N (z), ©)
i=1

where N{ (z) is the normal density function with mean y;
and covariance matrix ¥;. Weights are non-negative and
sum to one. The mean of a Gaussian mixture (6) is

p
=y i
i=1

and the covariance

S = i+ (s — ) (i — w)")-

i=1

We assume that the prior (3) and likelihood (5) are

P
p(x) = Zai N§ (z) and
i=1

H
plylz) =D B N ().
j=1
Then the posterior is a Gaussian mixture (see appendix A)
Hjpi Lij
i1 i Np! " (y) NL™ ()

Z;’;l iy Pi @
m Hjpq ’
21 Yy il NPL; (v)

p(zly) =

where
P,; = H;SH] +R,
&5 = pi + Kij(y — Hjp),

Pi,,j = (I — K“JH])E, and
K;; = SH P}

4 GAUSSIAN MIXTURE APPROXIMATION OF
LIKELIHOOD

Henceforth we assume that errors wy and vy are zero-
mean Gaussian with covariance matrix Qj and Ry, respec-
tively. Also we assume that the initial state z is a Gaussian
mixture and that the state model (1) is linear so

fr—1(xp—1) = Pr—12p—1.

If the posterior density p(zx|y1:x) is a Gaussian mixture (6)
then the next prior density (3) is (see appendix A (11))

P
Plrlyie) =D / NS (g 11) N () day

i1
P
_ N Pr i .
= Z @i N@@@{Jer(lk“)’
=1

which is also a Gaussian mixture. So the actual problem is
how to approximate/compute the new posterior density (4),
that is, how to approximate the product

p(@rly1:r) o< p(yklzr)p(Tr|y1k—1),
where (see (5))

exp (= 4llyn — b2 )
det(27Ry)

P(yk|zr) =

and
llyw — hk(l"k)H%;l = (g — hae()) "Ry (ke — hae(r)-
There are many possibilities to do this. We can use the

same methodology that Kalman filter extensions use to get

GMFgky Extended Kalman Filter (EKF) [6, 9], linearize
the measurement function around the prior mean

Tlk—1

hie(zk) & hie(Erjr—1) + R (Txj—1) (% — Tpjp—1)-
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GMPFgkyr2 Second Order Extended Kalman Filter [9] is an
elaboration of EKF that models nonlinearity better.
Modified Gaussian Second Order Filter [14] is the
same as EKF2.

GMFykr Unscented Kalman Filter [10] is based on the
numerical integration method called the unscented
transformation.

Often these are quite good approximations, but sometimes
especially when likelihood has several peaks in a neigh-
bourhood of the prior mean, these approximations fail.
These are actually situations where the above filters and
other unimodal Kalman filter extensions can easily have
consistency problems. Because of this, we develop a new
approximation that works better in this situation. First we
compute (see appendix B)

z = argmin,, [(yx — R () TR (yr — hi(zk)], (8)

which is possibly ambiguous, so we denote the minimizers
21, ..., %m. We consider only the situation where there is a
finite number of minimum points. Then we approximate

m_exp (—%Hgk - Hk]:l;k‘|l2‘;1>

., ©
det(QTI'Rk)

p(yrklzr) ~
j=1

where Hk‘] = h;C(z,) and gk =Yk — hk(zj) + ijZ]'. This
approximation ensures that the posterior is also a Gaussian
mixture, and takes into consideration the possibility that the
likelihood has multiple peaks. An other benefit is that this
approximation is independent of prior mean, so it is quite
good even if the prior is totally wrong. This is a very impor-
tant feature when we study the robustness of the GMF. We
use this approximation in two different ways

GMF,evw, approximate the likelihood as a Gaussian
mixture (9) when we find that the likelihood has one
or more peaks. When there is an infinite number of
peaks or we do not find any peaks, GMF,,, works
like GMFEKF

GMFpew, approximate the likelihood as a Gaussian
mixture (9) only when we find that the likelihood has
a finite number and more than one peak, otherwise
GMFyew, works like GMFekg.

5 NEW WAY TO ROBUSTIFY GMF

Many robust filters are based on using innovation
yr — hi(zx) such that too big innovations are down-
weighted or the corresponding measurement discarded [8,
12, 16]. These approaches assume that the prior is correct,
which is not always true.

We present a new heuristic to robustify GMF. This method
does not replace old methods but complements them,
because we can use both methods at same time. If measure-
ments are unlikely (see (10)), we will add new compo-
nents with appropriate weights. These new components

approximate likelihood function and thus do not depend
on the prior information. If we assume that the prior is
possibly wrong, it is justified to add components approx-
imating likelihood function, because likelihood is propor-
tional to posterior if we have constant prior (prior density
with very large covariance). Other components might be
appropriately scaled posterior components or prior compo-
nents.

Next we elaborate on the unlikeliness of measurements.
We know that

P(Yk|y1k—1) = /p(yk:‘$k)p(xk|Z/1:k:—1)d-75k~

Now substitute the prior

P(ﬂﬁk\yl;k—l)

P
= aiNg ()
i=1

and the approximate likelihood (9) to obtain (compare
to (7))

m p
Plyrlyrr-1) =Y > N (y),

j=1i=1
which is also a Gaussian mixture where

tig = hi(25) + Hi; (i —
i j = He, SHL + Ry

z;j) and

Furthermore,

P (llye = i 3-1 > @ Vij) <pays (10)

where fa.. X%uk (x)dx = pay, beyk (x) is density func-
tion of x2(ny, )-distribution. So now measurements are
unlikely if

llys — Mi.,j”;i—; > am, Vi, j,

where ay, is some threshold parameter that is a function of
the risk level pg,, .

6 COMPONENTS REDUCTION

One major challenge in using GMF efficiently is keeping
the number of components as small as possible without
losing significant information. There is many ways to do
so. We use three different types of mixture reduction algo-
rithms: forgetting, merging and resampling.

Forgetting Give zero weight to mixture components
whose weights are lower than some threshold value,
for example

min (0.001,0.01 max (a,;)) .

After that, normalize weights of the remaining
mixture components.
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vector, b is clock drift and e:s are error terms. We use
satellite measurements only when there is more than one
satellite measurement available, so that bias can be elimi-
nated. These are the same measurements equations as in
the papers [2, 1].

Merging Merge two mixture components to one if
distance between components is lower than some
threshold value. Distance is for example [18]

a,-aj

dij =
J
Oéi+aj

T o
(i = 1g)" =71 (i = 1) -
Merge components so that merging preserves the
overall mean and covariance. This method,
“collapsing by moments”, is optimal in the sense of
Kullback-Leibler distance [15].

7.1 Example where GMF beats EKF

As mentioned before, EKF has a serious consistency
problem in highly nonlinear situations, which means that
EKEF does not work correctly [2]. One example of highly
nonlinear situations is shown in Fig. 1, where we have
only range measurements from two base stations. In this
case EKF’s estimate veers away from the true route and
gets stuck in an incorrect solution branch. GMF, which
approximates likelihood as a Gaussian mixture (see (9))
finds both peaks of the posterior function. So in this case
we can say that GMF works better than EKF. Nevertheless,
it is important to notice that before EKF select the incor-
rect solution branch it gives better estimates than GMF.
This is because prior mean, which is the linearization point

Resampling If after forgetting and merging there are too
many mixture components, we can use a resampling
algorithm to choose which mixture components to
keep, then normalize the weights of these mixture
components. This approach induces less approxima-
tion error, using L'-norm, than merging two distant
components.

7 SIMULATIONS

In the simulations, we use the position-velocity model, so

the state x consists of user position vector 7,

u
and user velocity vector v,, which are in East-North-Up
(ENU) coordinate system. In this model the user velocity is
a random walk process [7]. Now the state-dynamic Eq. (1)
is

T = Pp_12p—1 + Wi—1,

|

Aty =ty — tr_1, and wy_1 is white, zero mean and Gaus-
sian noise, with covariance matrix

where

I Al

(I’k—1:|:0 I

Atﬁof Atfaf
— 0 — 0
3 3 2 2 2 2
0 Atyo, 0 Atgpo;
Qr-1 = 2 2 3 2 2
- Atkop At;\op
— L 0 == 0
0 Atrfﬂf 0 Atkdf
2 1

2 .
where 03 = 2 77 represents the velocity errors on the East-

North plane and o2 = 0.1 T—; represents the velocity errors
in the vertical direction. [13, 2]

In our simulations, we use base station range measure-
ments, altitude measurements, satellite range measure-
ments and satellite doppler measurements (see (2)).

yb:||7“b*7“u||+€b7
“2[0 0 1}ru+ea,
S=|lrs — ol + b+ €,
T
. Ty —T S
yszu(’vs—ﬂu)ﬁ-b-ﬁ-%
llrs = rul|

where 7, is a base station position vector, 7 is a satellite
position vector, b is clock bias, vs is a satellite velocity
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of EKF, is usually a better state estimate than likelihood
peaks, around which GMF is linearized. Thus EKF usually
gives smaller 2D root-mean-square position error than the
variant of GMF that always uses likelihood peak(s) as
linearization points (see section (7.2)).

—True
——EKF
_.. GMF

mean

O GM Fcomponents

A

100ml

Start O

Figure 1: One example where GMF beats EKF. Here true
posterior has two peaks and GMF finds them but
EKF selects incorrect solution branch.

7.2 Summary of suburban cases

In Table 1, we have listed a summary of two hundred
120 second simulations, which use typical suburban geom-
etry. This means that simulations use a few base station
range measurements with variance (100 m)2, inaccurate
altitude measurements with variance ~ (75 m)2, some (not
more than five) satellite pseudorange and doppler measure-
ments, with variance ~ (25 m)? and ~ (22)? respectively.
Summary consist of following columns: 7ime is computa-
tion time using Matlab in our implementation, scaled so
that computation time of EKF is 1. This gives a rough
idea of the time complexity of each algorithm. Err rms



is 2D root mean square position error. Err. 95% gives a
radius containing 95 % of the 2D errors. Err ref. is 2D
error to reference posterior mean, which is computed using
a particle filter with 10° particles. Inc. % is percentage of
time where filter is inconsistent with respect to the general
inconsistency test, with risk level 5% [2]. Solvers are sorted
so that rms errors are in descending order.

Different GMF subscripts indicate how solvers make the
updating step, see section 4. Every GMF variant adds
components that approximate the likelihood whenever
measurements are unlikely (see section 5). Also, every
GMF variant keeps the number of mixture components
very small (not more than eight) using component reduc-
tion (see section 6). PFi(s indicates particle filter with
systematic resampling and 103 particles [4].

Table 1: Summary of 200 different simulations with
typical suburban geometry. Simulations use a
few base station range measurements, altitude
measurements, some satellite pseudorange and
doppler measurements.

Time Err. Err. Err. Inc.
Solver o« mms 95% ref %
GMF;ew, 6 189 381 66 1.7
EKF 1 183 368 36 2.8
UKF 3 183 361 24 1.5
EKF2 1 182 374 27 1.4
GMF k¢ 2 178 366 28 09
GMF k¢ 5 177 356 24 1.0
GMF.¢ 2 173 352 34 2.2
GMF,ew, 6 172 332 41 1.6
PF,0s 5153 326 22 05
Ref o0 146 307 0 0.1

The following conclusions can be drawn based on simula-
tions and theory.

e The new GMF robustifying heuristic (section 5)
improves results a bit, even if simulated data does
not have any outliers. That is, GMFgkr, GMFgkr2
and GMFykr give better results than EKF, EKF2 and
UKE, respectively. One reason for this is that there
are some simulations where EKF, EKF2 and UKF are
inconsistent and adding components which approxi-
mate the likelihood to GMF gives better results.

o GMF,., has bigger errors than EKF, which indicates
that it is not always reasonable to approximate likeli-
hood as a Gaussian mixture.

o GMF,.y, gives better results than other GMFs, espe-
cially GMF,ew, and EKF. So it is reasonable to
approximate likelihood as Gaussian mixture only
when there is risk that posterior has multiple signif-
icant peaks, e.g. when likelihood has more than one
peak.

e [t seems that PF(s gives better results than the GMFs,
with simulated data without outliers. The basic PF;gs
is not expected to work very well with real data.
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e Even if GMF,.,, gives better results (especially Err.
95%) than traditional GMFs such as EKF, there are
still some inconsistency problems.

8 CONCLUSIONS

In this article, we have studied three aspects of the Gaussian
Mixture Filter: how to approximate the likelihood func-
tion as a Gaussian mixture, a heuristic method to robus-
tify GMF by adding more components, and different ways
to reduce the number of mixture components so that the
algorithm is fast without losing significant information.
We also compared GMFs with different filters using simu-
lations. We test especially two Gaussian mixture filters
that use a new way to robustify GMF, use at most eight
mixture components and approximate likelihood as Gaus-
sian mixture. GMF,ey,, which approximates likelihood
as Gaussian mixture only when likelihood has more than
one peak and otherwise computes updating step like EKF,
works much better than EKF. GMF,y, is the same as
GMF,ey, except that it approximates likelihood as Gaus-
sian mixture always when likelihood has peak(s). Simula-
tions show that the GMF,,,, works better than EKF, EKF2
or UKF, with respect to the estimation errors. However,
GMF,y, gives larger errors than EKF. So this new method
approximates likelihood as a Gaussian mixture, beats EKF
actually only when EKF has possible problems e.g. poste-
rior has multiple peaks. Simulations also show that
“robust” GMF gives better results than basic GMF.

A  POSTERIOR OF GMF

We assume that prior (3) is

p
z) = a; N (z)
i=1

and likelihood (5) is

Zﬂg

p(ylr) =

Then the posterior is (4)

S B Ni' " (9) S0y s N
fZ}llﬁjNg’z(y)Zf’ i Ng ()
XL NR ) N ()

Z;.n:l L 1alﬁ]fNH z )NE (x)dx
(11) Em:l Yo aif pr‘;l’(y) N;ﬁi (=)
B Z_] 1 2ty @il

—

z)

p(zly) =

z)dx

— =

—~

H )
Np!(y)



where
P;; =H; EiH? + R,
i = i + Kij(y — Hjm),
pz:,j =+ HJTRlej)*l
= (I - Ki,jHj)Ei and
Tp—1
K;; = %;H; Pi,j .
Here we use the fact that
jx e —ia
N )N (0) = 22 Ca0)
Vo T

Hjpi z,
= NI ) N2 (),

an

i\j

and
as = |ly — Hz|§ -+ + ||z — /j‘il‘zgrl
:|pﬂiTR,ut+ErlAmxyTRf1H54—ufz;gx_“
+ llyllz-: + IIMilléi—l

%1—71 —[H7 Ry + EflﬂiH%I,]

= ||$ - ffi,j
ol + sl
125;} - QM?EiilpiﬁjH]T"Rily ...

= [lz—2i;

2 2

= |l — 2 %;]@ +lly = Hjﬂi”;;]l-

B COMPUTING LIKELIHOOD PEAKS

In this section, we give a strategy to compute (8)

z = argmin, [(y — h(r))"R™ (y — h(r))] , (12)

where 7 is position of mobile station. Assume that we have
n, range measurements and n; approximate linear measure-
ments, for example pseudorange difference measurements
or altitude measurement. Here we assume that

dim(y) = ne +n > dim(r) = 3.

Now
l[re =7
h(r) = :
7m, —7ll
Hr
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Matrix R~! is positive definite so
(y = h(m)" R™ (y = h(r)) 20,

and equality holds only when y = h(r). First, we try to
find closed-form solutions z so that y = h(z) [20, 19, 5].
If we have only linear measurements we get

2= (HTR'H)"H'R 1y 03

= argmin, [(y — Hr)TRY(y — Hr)],
if (HTRle)f1 exists, otherwise we have an infinite
number of solutions. If there is no closed-form solution and
we have at least one range measurement we use iterative
weighted least squares (IWLS) to find solution. The initial
iterate zp for WLS-algorithm can be found, for example,
by omitting some measurements and using the closed-form
solution, see equation (13), or by one of the following
closed-form equations, respectively.

One range meas and two linear meas
T
2 = Tiine + Niine (T1 = Tline ) Tine,

where

T T
Hl,: X HQ.:

T -1
— | T . -
Tline = |: e :| Y, and njjpe = HH? X H%;W

H

where we assume that |[HT, x H{H > 0. Here z is
the pointon a line r = 7jine + kniine, for which distance
from sphere y; = ||y — || is minimum. This straight
line does not intersect the sphere because we have
assumption that we do not have closed-form solution.

Two range meas and one linear meas We select our
indices so that y; > ys. We assume that matrix
R = diag[o?, 03, 02]. There are three cases:

Separate spheres (y1 — |71 — 72| < —y2)

T2 —T1
z=r 4k 14
frz =l (1
where
P ooy (y1 | lre=mill —ye
T 02402 ?'*' ) :
1 2 1 2

Intersecting spheres (—y> < y1 — [|r1 — 2|| < y2)

(. — (Hi.n)n)
2= okt = In =l =l
1,: 5t
where
—_H,.
+ = Y3 1,:T0
lys — Hy,.70]
2 2
_re+mn Yi— Y2
To = T
2 2”7‘2 — TIH
T —T1
n=_———.
[[ro —r]|



Sphere inside another (v, < y1 — |11 — 72||)

T2 —T1

z2=r +ki——7, 15
Trz = ral )
where
— o105 (y1 | lre =7l + w2
T 02402 \o? o2 '
1 2 1 2

Three range meas Use only two range measurements and
use previous item. If these two spheres intersect then
replace HlT =79 —rgand £ = +.

One interesting observation is that if we have only two
range measurements and they do not intersect, then equa-
tions (14) or (15) give analytic solution of (12) regardless
of dimension of state 7.

ACKNOWLEDGMENTS

This study was partly funded by Nokia Corporation. Simo
Ali-Loytty acknowledges the financial support of the Nokia
Foundation and the Tampere Graduate School in Informa-
tion Science and Engineering. The particle filter we used
was implemented by Duane Petrovich.

REFERENCES

[1] S. Ali-Loytty and N. Sirola. A modified Kalman filter
for hybrid positioning. In Proceedings of ION GNSS
2006, September 2006.

[2

—

S. Ali-Loytty, N. Sirola, and R. Piché. Consistency of
three Kalman filter extensions in hybrid navigation. In
Proceedings of The European Navigation Conference
GNSS 2005, Munich, Germany, July 2005.

[3] D. L. Alspach and H. W. Sorenson. Nonlinear
bayesian estimation using gaussian sum approxima-
tions. IEEE Transactions on Automatic Control,
17(4):439-448, Aug 1972.

[4] M. S. Arulampalam, S. Maskell, N. Gordon, and
T. Clapp. A tutorial on particle filters for online
nonlinear/non-gaussian bayesian tracking. /IEEE
Transactions on Signal Processing, 50(2):174-188,
2002.

[5

—

S. Bancroft. An algebraic solution of the GPS equa-
tions. [EEE Transactions on Aerospace and Elec-
tronic Systems, 21(7):56-59, 1986.

[6] Y. Bar-Shalom, R. X. Li, and T. Kirubarajan. Esti-
mation with Applications to Tracking and Navigation,
Theory Algorithms and Software. John Wiley & Sons,
2001.

[7] R. G. Brown. Introduction to Random Signal Analysis
and Kalman Filtering. John Wiley & Sons, 1983.

837

[8] A. Carosio, A. Cina, and M. Piras. The robust statis-
tics method applied to the Kalman filter. In /JON GNSS
18th International Technical Meeting of the Satellite
Division, September 2005.

[9

—

A. H. Jazwinski. Stochastic Processes and Filtering
Theory, volume 64 of Mathematics in Science and
Engineering. Academic Press, 1970.

[10] S. J. Julier, J. K. Uhlmann, and H. F. Durrant-
Whyte. A new approach for filtering nonlinear
systems. In American Control Conference, volume 3,
pages 1628-1632, 1995.

[11] C. Ma. Integration of GPS and cellular networks to
improve wireless location performance. Proceedings
of ION GPS/GNSS 2003, pages 1585-1596, 2003.

[12] C. J. Masreliez and R. D. Martin. Robust bayesian
estimation for the linear model and robustifying the
Kalman filter. IEEE Transactions on Automatic
Control, 22(3):361-371, 1977.

[13] P. S. Maybeck. Stochastic Models, Estimation, and
Control, volume 141 of Mathematics in Science and
Engineering. Academic Press, 1979.

[14] P. S. Maybeck. Stochastic Models, Estimation, and
Control, volume 141-2 of Mathematics in Science and
Engineering. Academic Press, 1982.

[15] D. Pefia and 1. Guttman. Optimal collapsing of
mixture distributions in robust recursive estimation.
Communications in statistics theory and methods,
18(3):817-833, 1989.

[16] T. Perild and R. Piché. Robust extended Kalman
filtering in hybrid positioning applications. In 4th
Workshop on Positioning, Navigation and Communi-
cation 2007 (WPNC’ 07), 2007.

[17] B. Ristic, S. Arulampalam, and N. Gordon. Beyond
the Kalman Filter, Particle Filters for Tracking Appli-
cations. Artech House, Boston, London, 2004.

[18] D. J. Salmond. Mixture reduction algorithms for
target tracking. State Estimation in Aerospace and
Tracking Applications, IEE Colloquium on, pages
7/1-7/4, 1989.

[19] N. Sirola. A versatile algorithm for local positioning
in closed form. In Proceedings of the 8th Euro-
pean Navigation Conference GNSS 2004, May 16-19,
Rotterdam, 2004.

[20] N. Sirola, R. Piché, and J. Syrjdrinne. Closed-
form solutions for hybrid cellular/GPS positioning.
In Proceedings of the ION GPS/GNSS 2003, pages
1613-1619, 2003.






PUBLICATION

Simo Ali-Loytty and Niilo Sirola: Gaussian mixture filter and hybrid
positioning. In Proceedings of the 20th International Technical Meet-
ing of the Satellite Division of the Institute of Navigation (ION GNSS
2007), Fort Worth TX, September 2007, pages 562-569.

79







Gaussian Mixture Filters
and Hybrid Positioning

Simo Ali-Loytty and Niilo Sirola, Institute of Mathematics, Tampere University of Technology, Finland

BIOGRAPHY

Simo Ali-Loytty is a Ph.D. student at Tampere Univer-
sity of Technology. He received his M.Sc. degree in 2004
from the same university. His research interest is filters in
personal positioning.

Niilo Sirola received his M.Sc. degree from Tampere
University of Technology in 2003. He has been studying
positioning algorithms since 2000, and is currently working
on his Ph.D. thesis on novel mathematical methods for
personal positioning and navigation.

ABSTRACT

This paper presents, develops and compares Gaussian
Mixture Filter (GMF) methods for hybrid positioning. The
key idea of the developed method is to approximate the
prior density as a Gaussian mixture with a small number
of mixture components. We show why it is sometimes
reasonable to approximate a Gaussian prior with a multi-
component Gaussian mixture. We also present both simu-
lated and real data tests of different filters in different
scenarios. Simulations show that GMF gives better accu-
racy than Extended Kalman Filter with lower computa-
tional requirements than Particle Filter, making it a reason-
able algorithm for the hybrid positioning problem.

1 INTRODUCTION

Hybrid positioning means that measurements used in posi-
tioning come from many different sources e.g. Global
Navigation Satellite System (GNSS), Inertial Measurement
Unit (IMU), or local wireless networks such as a cellular
network, WLAN, or Bluetooth. Range, pseudorange, delta
range, altitude, base station sector and compass measure-
ments are examples of typical measurements in hybrid posi-
tioning.

Positioning filters are used to compute an estimate of
state variables such as position, velocity, attitude using
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current and past measurement data. A consistent filter also
provides correct information on the accuracy of its state
estimate, e.g. in the form of an estimated error covari-
ance. The Extended Kalman Filter (EKF) [6, 10], which
is very commonly used in satellite based positioning, has
also been applied to hybrid positioning [12, 9]. Unfortu-
nately, EKF can be badly inconsistent in highly nonlinear
situations, and such situations are much more common in
hybrid positioning than when using only GNSS measure-
ments [3]. Because of this, many researchers have proposed
using a general nonlinear Bayesian filter, which is usually
implemented as a particle filter or a point mass filter. If
the dynamics and measurement models are correct, these
filters usually work and give good positioning accuracy but
require much computation time.

In this paper, we consider the family of Gaussian Mixture
Filters [18, 4]. Generally, GMF is a filter whose approx-
imate prior and posterior densities are Gaussian mixtures,
meaning a linear combination of Gaussian densities where
weights are between 0 and 1. GMF is an extension of
Kalman type filter. In particular, EKF, Unscented Kalman
Filter (UKF) [11] and a bank of EKF are special cases of
GMF and this is one motivation for considering GMF in
hybrid positioning. A second motivation is the fact that
any probability density can be approximated as closely
as desired with a Gaussian mixture. The third motiva-
tion is that the GMF is a very flexible algorithm. It can
take into consideration for example multiple static solu-
tions [2], multiple measurement or dynamic models and
mixture error models.

An outline of the paper is as follows. In section 2, we glance
at Bayesian filtering. In section 3, we study basics of the
Gaussian Mixture Filter. In section 4, we discuss different
possibilities when it is reasonable to use GMF. In section 5
we present a method for splitting (approximating) Gaussian
as Gaussian mixture. Finally, we present simulation results
where we compare different GMFs and a bootstrap particle
filter [5].



2 BAYESIAN FILTERING

We consider the discrete-time non-linear non-Gaussian
system

g = fe—1(Te—1) + wr—_1, (€Y

yr = he(zr) + v, 2)

where the vectors x;, € R™* and y;, € R"x represent the
state of the system and the measurement at time ¢, k € N,
respectively. We assume that errors wy, and vy are white,
mutually independent and independent of the initial state
zo. We denote the density functions of wy, and vy, by pu,
and p,,, respectively. The aim of filtering is to find the
conditional probability density function (posterior)

p(Tk|yr:e),

where 1. = {y1,...,yx}. The posterior can be deter-
mined recursively according to the following relations.
Prediction (prior):

p(Tr|y1—1) = /p(xk|$k—l)p($k—l‘ylzk—l)dIk—U
(3)

Update (posterior):

— plyklre)p(@klyre-1)
p(Ik\yl;k) B fp(yk‘mk)p(zk‘yl:k—l)dﬂjk7 @

where the transition pdf is

P(Tr|Tre—1) = pue_, (T — fr1(zr-1))

and the likelihood

(Y| er) = pu, (yr — ha(zr))- ©)

The initial condition for the recursion is given by the pdf
of the initial state p(xo|y1.0) = p(xo). Knowledge of the
posterior distribution (4) enables one to compute an optimal
state estimate with respect to any criterion. For example,
the minimum mean-square error (MMSE) estimate is the
conditional mean of z, [6, 16]. In general and in our case,
the conditional probability density function cannot be deter-
mined analytically.

3 GAUSSIAN MIXTURE FILTER

The idea of GMF [18, 4] (also called Gaussian Sum Filter)
is that both prior density (3) and posterior density (4) are
Gaussian mixtures

N
p(x) =Y aiNg (2), ©)
i=1
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where Ngz (z) is the normal density function with mean p;

and covariance matrix X;. Weights are non-negative and
sum to one. The mean of a Gaussian mixture (6) is (see
appendix A)

N
Hegm = § Qi g
i=1

and the covariance matrix is

N
Egm = Zai(El + (H‘Z - ,LL)(,LLZ - M)T)
i=1

3.1 Example of GMF

Now we assume that the prior (3) and likelihood (5) are
N
p(x) = Zai N§ (z) and
i=1

M
p(ylz) =D B N (v).
j=1

Then the posterior is a Gaussian mixture (see [2])

M N Hjpi 2,
Zj:l >y i3 Np " (y) Ngli (x)

i,

M N Hjpq
ijl >im1 @il NPL’J' (y)

p(zly) =

where
P;; = H;5H] +R,
By = i + Ko j(y — Hjp),

Pi,j = (I — KZ]H])E“ and
K;; = SHjP; .

3.2 Reduction number of components

One major challenge in using GMF efficiently is keeping
the number of components as small as possible without
losing significant information. There are many ways to do
so. We use three different types of mixture reduction algo-
rithms: forgetting, merging and resampling. [2, 18, 17].

Reducing the number of components makes it possible that
when the situation becomes favourable to a one component
filter (e.g. EKF) we can merge mixture components into
one, and after which the filter works identically to a one
component filter.

4 WHERE DO MIXTURE COMPONENTS COME
FROM?

It is reasonable to ask why to use Gaussian Mixture Filter,
rather than a Gaussian Filter e.g. EKF. It is well known



that in linear-Gaussian case the Kalman Filter is an analytic
solution for Bayesian filtering and, of course, in a linear-
Gaussian case we should use the Kalman Filter. Neverthe-
less, there are a lot of possible reasons why it is reasonable
use GMF. Sometimes Gaussian density function is not a
good enough approximation of our exact posterior. Possible
reasons to why exact posterior is not Gaussian and how
mixture components arise are:

Initial state is not Gaussian Usually this kind of prob-
lems can be computed using multiple parallel Gaus-
sian filters, this method is also called the bank of Gaus-
sian filters. Banks of Gaussian filters are special cases
of GMF.

Multiple Models If we use a multiple Gaussian model
approach [6] or the error density functions are not
Gaussian then we come to GMF.

Nonlinearity of models If our state model (1) and/or
measurement model (2) are nonlinear then usually
posterior is not Gaussian. Here we consider only
the nonlinearity of the measurement model. When
the measurement model is nonlinear there are at least
two ways to use GMEF. It is possible to approxi-
mate likelihood function (5) as Gaussian Mixture,
which is very reasonable when we have multiple static
positions/velocity solutions (see paper [2]). Second
possibility is to approximate prior density as Gaus-
sian Mixture so that covariance matrices of mixture
components are small enough. This method is the
main contribution of this paper. We present this
method in section 5.

This is not a complete list of where mixture components
arise, but more like an example of different possibilities.
One further example is heuristic (robust) approach, which
also leads to GMEF, as presented in paper [2]. The idea of
this heuristic method is to add more mixture components
which approximate likelihood when all measurements are
unlikely.

5 SPLITTING A SINGLE GAUSSIAN
GAUSSIAN MIXTURE

INTO A

As we know, EKF in hybrid positioning [3] has a consis-
tency problem. The key reason for inconsistency is nonlin-
earity. Now we consider how we can measure and over-
come nonlinearity. We assume that n-dimensional prior
state is

z ~N(&,P) ©)
and measurement model is

y = h(z) + v,
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where measurement error v ~ N(0, 02), (¢ > 0), is inde-
pendent of the prior state. We consider a scalar measure-
ment case. We say that the nonlinearities are significant if

tr(H.PH.P) > o2,

where H, is Hessian matrix of h(x) [3, 10]. This defini-
tion comes from comparing EKF and Second Order EKF
(EKF2) [6], which is also called Modified Gaussian Second
Order Filter [10, 15]. We use function

y/tr(H.PH.P

Nonlinearity = M -1, (3)
o

which gives positive values when nonlinearity is significant.

One possibility to overcome nonlinearity is to approximate

prior density function p(z) as a Gaussian mixture

N
p(x) ~ Y i Ng (2), ©)
i=0

so that covariance matrices P; are smaller than the prior
covariance matrix P. This approximation (9) can be formed
in many ways. Here we present an approximation loosely
based on the sigma points [11] and we call this approx-
imation the sigma point Gaussian mixture (SPGM). This
SPGM approximation contains 2n + 1 mixture compo-
nents, whose covariance matrices are

qu = (1 — T 2)P./
weights «; and means 2; are listed in Table 1. Parame-
ters 7 and k have the restrictions 7 € (0,1) and k > 0.
These restrictions ensure that approximation (9) is a proper
density function. We find that SPGM has the same mean,
covariance matrix, and third moments as the original Gaus-
sian distribution (7) (see Appendix B).

Table 1: Weights and means of Gaussian mixture approxi-
mation (9) of Gaussian

Ind. (67 il
0 Hi’ll T
1,...,n m %+ 7k + nVPe;
1

2(nin) T — TVK + n\/ﬁei,n
5.1 Example of SPGM

This example presents a comparison between SPGM-EKF
posterior and EKF posterior, when prior distribution is

N e )

and we get one base station range measurement (2), where

(10)

y = 1000, h(x) = ||z|| and v ~ N(0, 100?).
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Figure 1: Mahalanobis distance between exact mean and
mean approximations. Significance of nonlin-
earity (see equation (8)) is also shown.

The base station is located in origin and so d is the distance
between prior mean and the base station. "Exact” posterior
density function pexaet(x) is computed using a point-mass
filter, with 5002 points [8]. Approximation of exact density
function is computed using EKF and SPGM-EKF. SPGM-
EKF first approximates prior (10) using SPGM approxi-
mation, with parameters kK =4 and 7 = % (see section 5).
After that SPGM-EKF computes posterior approximation
using EKF for each component and finally assigns these
components appropriate weights.

Comparison between SPGM-EKF and EKF contains two
parts. First we compute Mahalanobis distance between
exact posterior mean and the approximations means

\/(Mexact - Napp)TEc;;ct(Nexact - Napp)~

These results are shown in Figure 1. The value of the
Nonlinearity function (8) is also plotted in Figure 1. We see
that Mahalanobis distance between EKF mean and exact
mean increases rapidly when nonlinearity becomes more
significant. In that case SPGM-EKF gives much better
results than EKF. Furthermore, SPGM-EKF gives always
as good results as EKF even when there is no significant
nonlinearity.

Second, we compute the first order Lissack-Fu distance

/‘pexact(l’) - papp(m)‘dfpv

between exact posterior and the approximations (also called
total variation norm). These results are in Figure 2. The
value of the Nonlinearity function (8) is also plotted in
Figure 2. We see that SPGM-EKF gives smaller Lissack-
Fu distance than EKF. Difference between SPGM-EKF
Lissack-Fu distance and EKF Lissack-Fu distance increases

Lissack-Fu distance

—EKF
- - - SPGM-EKF
N Nonlinearity

? 00 500 1000 1500
Distance between prior mean and base station

Figure 2: Lissack-Fu distance between exact posterior
and posterior approximations. Significance of
nonlinearity (see equation (8)) is also shown.

when nonlinearity becomes more significant. EKF Lissack-
Fu distance is almost 2 (maximum value) when d = 100,
so the exact posterior and the EKF posterior approximation
are almost totally separate.

In this example, SPGM-EKF gives much better results
than EKF when nonlinearity is significant. One inter-
esting finding is that in this example SPGM-EKF works at
least as well as EKF in all cases. This is very important
and nice property when we consider cases where we have
many measurements at the same time and only some of the
measurements have significant nonlinearity. This finding
predicts also that in these cases SPGM-EKF works better
than EKF. Our simulations also verify this assumption (see
section 6).

6 SIMULATIONS

In the simulations, we use the position-velocity model, so

Tu

the state x = consists of user position vector 7,

u
and user velocity vector v,, which are in East-North-Up

(ENU) coordinate system. In this model the user velocity is
a random walk process [7]. Now the state-dynamic (1) is

Tp = Pp_1Tp—1 + w1,

where

I Atl
q>k—1:|:0 Ik }7



Aty = t, — tp_1, and wy_1 is white, zero mean and Gaus-
sian noise, with covariance matrix

Atia‘f 0 Atia? 0
3 2
0 At%nf 0 Atfof
Qr—1 = 2 2 3 2 2
- Atpoy Atpoy ’
P — 0
0 Atio? 0 Atyo?

2 1

2 .
where Upz = 2 Ty represents the velocity errors on the East-

North plane and 02 = 0.1 T—j represents the velocity errors
in the vertical direction. [14, 3]

In our simulations, we use base station range measure-
ments, altitude measurements, satellite pseudorange
measurements and satellite delta range measure-
ments (see (2)).

= o = rull + e,
y’“‘z[O 0 1}Tu+fa,
Yyt =|rs — rull + b+ €,

.5 (rs = Tu)T

i = v —v) + b+ &,
o ra T TEHE

where 7, is a base station position vector, 7 is a satellite
position vector, b is clock bias, vs is a satellite velocity
vector, b is clock drift and e:s are error terms. We use
satellite measurements only when there is more than one
satellite measurement available, so that bias can be elimi-
nated. These are the same measurements equations as in
the papers [2, 1].

6.1 Summary of suburban cases

On Table 2, we have listed a summary of two hundred 120
second simulations, which use typical suburban geometry.
This means that simulations use a few base station range
measurements with variance (100 m)2, inaccurate altitude
measurements with variance =~ (75 m)?2, some (not more
than five) satellite pseudorange and delta range measure-
ments, with variance ~ (25 m)? and ~ (22)? respectively.
Summary consist of following columns: Time is compu-
tation time using Matlab in our implementation, scaled so
that computation time of EKF is 1. This gives a rough
idea of the time complexity of each algorithm. Err rms
is 2D root mean square position error. Err 95% gives a
radius containing 95 % of the 2D errors. Err ref. is 2D
error to reference posterior mean, which is computed using
a particle filter with 10° particles. Inc. % is a percentage
of time where the filter is inconsistent with respect to the
general inconsistency test, with risk level 5% [3]. Solvers
are sorted so that rms errors are in descending order. These
testcases and filters EKF, UKF and GMF,,¢., , are the same
as in the paper [2].

GMFyew, approximates the likelihood as a Gaussian
mixture only when we find that the likelihood has
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a finite number and more than one peak, otherwise
GMF,ew, works like EKF. GMF,,,, uses also a robust
method, that is it adds components that approximate
the likelihood whenever measurements are unlikely.
See more details in paper [2].

GMF,ew, is the best GMF from the paper [2]. Other GMFs
are named in the following way: Superscript tells how
GMF makes the updating step. GMF takes one compo-
nent at the time and uses same updating formula than
the superscript filter e.g. EKF. In the update step, GMF
update also weight of the component. Updated weight is
proportional to woid N%(innovation). Subscript indicates
different sources of mixture components so that

S: means that we Split prior components to Gaussian
mixture if nonlinearities are significant (SPGM, see
section 5)

A: means that we Add mixture components which approx-
imate likelihood when all measurements are unlikely.
(see section 4 and paper [2])

G: means that when likelihood has more than one but
finite number of peaks we approximate likelihood as
a Gaussian mixture. (see section 4 and paper [2])

PFy indicates particle filter with systematic resampling and
N particles [5].

Table 2: A summary of 200 different simulations with
typical suburban geometry. Simulations use a
few base station range measurements, altitude
measurements, some satellite pseudorange and
delta range measurements.

Time Err. Ermr. Emr. Inc.
Solver x rmms 95% ref %
EKF 1 183 368 36 28
UKF 2 183 361 24 15
GMF e, 4 172 332 41 1.6
GMFeS o 8 164 321 28 02
GMFuk! 7163 325 18 05
GMFgt 2160 327 26 1.0
PFy s 4 155 322 20 03
GMFgf , 4 153 305 34 04
PF; 1 25 146 303 6 02
Ref co 146 307 0 0.1

These results are the realization of random variables and if
we run these simulations again we possibly get a slightly
different result. The following conclusions can be drawn
based on simulations and theory.

e The new method of splitting Gaussian as Gaussian
Mixture using sigma points when there is signifi-
cant nonlinearity, (SPGM, see section 5) improves



results with every criterion (except time) regardless
what updating method we use (EKF or UKF). SPGM-
methods gives slightly better results than GMF;,cy, .

e We get as good as or even better results when we use
methods A and G proposed in [2].

e In this simulated case GMF;{‘&G and PF4s give
comparable results. Also the computation time is
almost equal.

e We can say that GMFs A ¢ is almost always consis-
tent, because inconsistency is only 0.2% — 0.4% when
the inconsistency of reference solutions is 0.1%.

e PFy(s gives better results than GMFg{‘g,G, but needs
much more computation time.

6.2 Summary of suburban cases with sector and
maximum range information

On Table 3, we have listed a summary of two hundred 120
second simulations, which use typical suburban geometry.
Parameters and notations are the same than Table 2, but in
these simulations every base station range measurements
contains information of 120°-sector and maximum range.
So we know that user is inside this particular area, which
is restricted using sector and maximum range information.
Here these sector and maximum range information (also
called restrictive information) are used in the way proposed
in paper [1].

Table 3: A summary of 200 different simulations with
typical suburban geometry. Simulations use a few
base station range measurements with sector and
maximum range information, altitude measure-
ments, some satellite pseudorange and delta range

measurements.

Time Err. Err. Err. Inc.
Solver x rmms 95% ref %
UKF 2 147 296 22 08
EKF 1 145 293 28 14
GMFgkt 4 145 296 20 06
GMFgH 2 139 286 24 038
GMFM , 5 137 291 24 03
GMFgH , 3 137 285 28 05
PFps 3 134 281 20 04
PF4 20 129 287 6 0.1
Ref co 129 290 0 0.1

The following conclusions can be drawn based on simula-
tions with sector and maximum range information.

e Use sector and maximum range information improves
SPGM-methods results a little, because there is only
small nonlinearity and EKF and UKF do not have
dramatic inconsistency problem.
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e On Table 2, GMF‘;‘XG is the best GMF and here

GMFE{‘;,G and GMFg%‘[g)G give comparable results.
Because the UKF update method needs more compu-
tation than the EKF update method and results are
almost comparable then it is better to use the EKF
update method.

e Also in this case GMFglfgyG and PFy4s give compa-
rable results and PF;p: which gives a better result
needs much more computation time.

6.3 Simulation with real data

—True
[IBuilding
—GMF
- ---EKF
Start/Finish
PFsooo
Sz,
50 m g
Base
station

Figure 3: Simulation with real data uses on every time step
one simulated base station range measurement,
and additionally about 5 — 7 satellite measure-
ments when true route is outside the building.
See also Table 4.

On Table 4 and Figure 3 we give results on our simulations
which contains also real data. This test uses about 5 — 7
satellite pseudorange and satellite delta range measure-
ments when user is outside the building, measured using the
iTrax03/16 GPS OEM receiver. This data was measured 16
August 2007 in campus area of the Tampere University of
Technology by walking. We use also simulated base station
range measurements, so that on every time step we have
one base station range measurement. Active base station
changes randomly between two possibilities so that the
probability that current measurement comes from the same
base station as on the previous time step is 0.75. We simu-
late the range measurement errors from e, ~ N(0, 10%).

As we see in Figure 3, GMFZ is the only filter whose
estimated track has approximately the same shape as the
true track. GMFE! also gives much better statistics (except
time) than EKF or PF5g09, see Table 4. There is approxi-
mately 37 percent of time when the effective sample size of
PF5000 is smaller than 10, this means that almost all parti-
cles have approximately zero weight. In this case PF5009
reverts to EKF and after that re-initializes the samples from
EKF posterior. Even though GMFE' gives good results



Table 4: Statistics of simulation with real data. See also

Figure 3.
Time Err. Err. Inc.
Solver o ms 95% %
EKF 1 55 143 15

PFso00 28 42 71 22
GMFgdt 2 4 26 9

there is some inconsistency problem; we think that some
of these inconsistency problems are caused by our model
mismatch. Model mismatch is the important reason for the
re-initializations of the particle filter. In fact, it seems that
particle filter is more vulnerable to modeling errors than
GMF.

7 CONCLUSIONS

In this article, we have studied Gaussian Mixture Filter for
hybrid positioning application. We have presented a new
method for splitting (approximating) a single Gaussian into
a Gaussian Mixture so that we get better posterior approx-
imations. Simulations show that GMF (GMFekf A,G o be
more specific) gives much better accuracy than Extended
Kalman Filter and comparable results with PFjg0, with
simulated data. With real data simulation GMFE gives
better results than PF5g99. In fact PF5000 works only
partially with real data because there is quite often situa-
tion that almost all particles have zero weights. So there
is a lot of work to improve particle filter performance with
real GPS data. In real data cases we find it is important to
build good models, because model mismatch causes maybe
more inconsistency problems than filter approximations.

A BASICS OF GAUSSIAN MIXTURE

We call a n-dimensional random variable z a Gaussian
mixture if it has the density function of form

N
=) N§ (2)
j=1

The characteristic function of Gaussian x ~ N(y, X) is [13]

an

1
éx(t) = exp(itT p — §tTEt).
So the characteristic function of Gaussian mixture z (11) is

N

. 1
(1) = Za]- exp(itTp; — itTEjt)
=0

N
= Z aj¢1']‘ (t)
=0
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Mean of Gaussian mixture z (11) is
1
HCAGIES

i

1 N
=Dy, (0)(
j=0
N
VAN
= i = prgm.
j=0

Covariance matrix of Gaussian mixture z (11) is

V(2) = =0(t)l o — B(x) E(x)"
N

D (S5 4 min]) = tembiam
7=0

E(z) =

ipj — %50) (12)

N (13)
= ZO‘J' (Ej + (15— Hem) (15 /‘gm)T)
=0

A
£ Sy

The third moments E(z?272*) of Gaussian mixture z (11)
can be computed as follows

E(z2"2%) = *7@&( M=o

N
=> (%uf + g 1
=0

(14)

+ Sjeru; + ujefzj),

where k = 1,...,n, v’ is . component of the vector v and
ey, is vector whose k. component is one and others are zeros.

B SPLITTING A SINGLE GAUSSIAN
GAUSSIAN MIXTURE

INTO A

In this appendix, we show that the mean, covariance matrix
and third moments of the approximation given in Table 1
are the same as those of the approximated distribution (7).

Mean of the approximation is (12)

2n
Happ = E QT

z”: St )x+T\//€+n\/_6J)

= T+
K+n
2n 1
+ Z 5ntn )(rfﬁ/n+n\/—ej —n)
Jj=n+1
n
1
=+ —TVE+ nﬁej
= 2(k+n)
n 1
Y ———7Vk+ nVPg
— 2(k+n)
= 1.



Covariance matrix of the approximation is (13)

Lapp = E oy (P
2n

=(1-7)P+ Zaj(fcj — &) (& — )T

— Mapp) (£ — Happ) )

= (1= )P 2 3O (VPe (VP T

—(1=)P+ 72y VPeeTVP
j=1
=P.

The third moments of the Gaussian (7) are (14)

E(zzTz%) = Pi* 4 PeydT + 2el P 4 22725

Third moments of the approximation are (14)

E(l’appl'dTpprpp)
2n

=Y ay(Pyak + ajaf
7=0

=(1—172) (Pi* + Pepa” + e} P) + apaa” &"

+P ekx + #;ef P, )

+ Zaj(ﬁ: + Aey)(@ + Aej) el (& + Aey)

j=1

+ i o, (& — Aej)
Jj=n

=(1—17?) (Pi" + Pepa” + 2¢{ P) + 227 2*
n
+23" aj(Ac;el AT
j=1

+ leTATek Aej + AejiTel Ae]>

)& — Aej)Tel (& — Aey)

:(1—7 )(Pi"—&-Pek:i + @e] P) + &

-‘rz (\Fejj i*

+ Zej, \/ﬁejej \/ﬁ + \/ﬁ()]()JT\/ﬁTPkiT)
= (1 - 7%) (Pi* + Peya” + def P) + 227 &k
+ 72(Pi* + 2elP + Peyi?)
=Pit +Pek73 + #el P + 227"

where A = 7v/k + nV/P.
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Efficient Gaussian Mixture Filter
for Hybrid Positioning
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Abstract—This paper presents a new way to apply Gaussian
Mixture Filter (GMF) to hybrid positioning. The idea of this new
GMF (Efficient Gaussian Mixture Filter, EGMF) is to split the
state space into pieces using parallel planes and approximate
posterior in every piece as Gaussian. EGMF outperforms the
traditional single-component positioning filters, for example the
Extended Kalman Filter and the Unscented Kalman Filter, in
nonlinear hybrid positioning. Furthermore, EGMF has some
advantages with respect to other GMF variants, for example
EGMF gives the same or better performance than the Sigma Point
Gaussian Mixture (SPGM) [1] with a smaller number of mixture
components, i.e. smaller computational and memory requirements.
If we consider only one time step, EGMF gives optimal results
in the linear case, in the sense of mean and covariance, whereas
other GMFs gives suboptimal results.

I. INTRODUCTION

Positioning filters, such as GMF [2]-[4], are used to compute
an estimate of the state using current and past measurement
data. Usually, the mean of the posterior distribution is this
estimate. A consistent filter also provides correct information
on the accuracy of its state estimate, e.g. in the form of
an estimated error covariance. Generally, GMF is a filter
whose approximate prior and posterior densities are Gaussian
Mixtures (GMs), a linear combination of Gaussian densities
where weights are between 0 and 1. GMF is an extension
of Kalman type filters. In particular, The Extended Kalman
Filter (EKF) [5]-[8], Second Order Extended Kalman Filter
(EKF2) [5], [6], [9], Unscented Kalman Filters (UKF) [10] and
a bank of these filters, are special cases of GMF.

Hybrid positioning means that measurements used in posi-
tioning come from many different sources e.g. Global Nav-
igation Satellite System, Inertial Measurement Unit, or local
wireless networks such as a cellular network. Range, pseudo-
range, delta range, altitude, base station sector and compass
measurements are examples of typical measurements in hybrid
positioning. In the hybrid positioning case, it is usual that
measurements are nonlinear and because of that posterior den-
sity may have multiple peaks (multiple positioning solutions).
In these cases, traditional single-component positioning filters,
such as EKF, do not give good performance [9]. This is the
reason for developing GMF for hybrid positioning [1]. Other
possibility is to use a general nonlinear Bayesian filter, which
is usually implemented as a particle filter or a point mass filter.
These filters usually work correctly and give good positioning
accuracy but require much computation time and memory.

1-4244-1537-3/08/$25.00 ©2008 IEEE

An outline of the paper is as follows. In Section II, we glance
at Bayesian filtering. In Section III, we study the basics of the
GM and of the GMF. In Section IV, we present the new method,
box GM approximation, to approximate Gaussian as GM. In
Section V we apply the box GM approximation to the filtering
framework and get the Box Gaussian Mixture Filter (BGMF).
In Section V we also present Sigma Point Gaussian Mixture
Filter (SPGMF) [1]. In Section VI, we develop BGMF so that
it gives exact mean and covariance in one step linear case.
We call that new filter the Efficient Gaussian Mixture Filter
(EGMF). In Section VII, we compute one step comparison of
EKF, SPGMF, BGMF and EGMF. Finally in Section VIII, we
present simulation results where we compare different GMFs
and a bootstrap particle filter [11].

II. BAYESIAN FILTERING

We consider the discrete-time non-linear non-Gaussian sys-
tem

(€Y
(€3

where the vectors z; € R™ and y;, € R"» represent the
state of the system and the measurement at time ¢, k € N,
respectively. We assume that errors wy and vy are white,
mutually independent and independent of the initial state x.
We denote the density functions of wy and v by p,, and
P, respectively. The aim of filtering is to find the conditional
probability density function (posterior)

Tp = fr-1(Tp—1) + wi_1,

Y = hp(zk) + v,

p(‘rk|yl:k)7

where y1.5 2 Y1,...,Yr are past and current measurements.
The posterior can be determined recursively according to the
following relations.
Prediction (prior):

p(Tr|y1e—1) = /p(mk‘ﬁk—l)p(l’k—l‘ylzk—l)dmkfﬁ 3)

Update (posterior):

p(zr|yir) = p(yklzr)p(ze]yr:6—1)
' I pQurlzr)p(eelyrs—1)dar’
where the transition pdf is

(C))

P(Tk|Tr—1) = Puwp_, Tk — fr—1(@k-1))
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and the likelihood

P(Yk|Tr) = Doy, (Y — hi(zk)).

The initial condition for the recursion is given by the pdf of
the initial state p(xo|y1.0) = p(zo). Knowledge of the posterior
distribution (4) enables one to compute an optimal state esti-
mate with respect to any criterion. For example, the minimum
mean-square error (MMSE) estimate is the conditional mean
of xj [5], [12]. In general and in our case, the conditional
probability density function cannot be determined analytically.

ITI. GAUSSIAN MIXTURE FILTER
A. Gaussian Mixture
Definition 1 (Gaussian Mixture): an n-dimensional random

variable x is IN-component Gaussian Mixture (GM) if its
characteristic function has the form

N
1
w(t) = Zaj exp (’itTuj — §tTEjt) ,
j=1

where pi; € R™, ¥; € R™™" is symmetric positive semidefinite
(3; >0), oj >0 and Zjvzl a; = 1. We use the abbreviation
x ~ M(ey, 15, %) ) -

If random variable = is GM, = ~ M(ay, iy, ¥;5)(;) and all
matrices X; are symmetric positive definite (3; > 0), then x
has a density function

(&)

N
pa(€) = D a; N¥ (), ©)
j=1

where N’E”] (z) is the Gaussian density function with mean p;
and covariance 3

1 1 Ty —1
N e P ——— 1 C DR
z; (@) (2m)z \/det X;

Theorem 2: Let x ~ M(ay, f15,%;)(;)- Then the mean of x
is
N
E(z) = Zajuj,
=1
and the covariance of x is

V(z) = Z a;j (5 + (15 — B(x)) (1 — B(@))") .

Proof: Using the properties of characteristic function [13],
we get

1, T
E(#) = - (@, (B)l=0)" =Y ajny
j=1

V(2) = —(t)|i—o— E(2) E(x)”

N
=Y aj(un] + %) — E(@) E(z)"

N
= a; (%5 + (1 — E(@))(p; — B(x))").
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Theorem 3: Let random variables & ~ M(a;, 15, X;)(;) and

v ~ N(0,R) be independent. Define y = Hz + v, where
H € R™*™, Then

y ~ M(ay, Huy, HE;HT + R) ;).

Proof: Because x and v are independent then Hx and v
are also independent. Futhermore,

Ptoro(t) " o1z (Dpu(t) = 0a(HT )y (1)

N
1 1
® S arexp (itTHuj - EtTHEjHTt> exp (—5tTRt)
=1

N
=Y ajexp <itTHuj - %tT (HZ;HT +R) t) .
j=1

B. Gaussian Mixture Filter

GMF is (an approximation of) the Bayesian Filter (see
Section II). The idea of GMF [2]-[4] (also called Gaussian Sum
Filter) is that both prior density (3) and posterior density (4)
are GMs.

Algorithm 1 Linearized GMF
Initial state at time to: zo ~ M(e g, 270, PF0) ()
for k=1 ton do
1)  Prediction step, prior at time ¢; (see Thm. 3):

Nl(a;k/ l;lm P;k)(J)a
where
O‘ik = a,;k—1+
w=Feaxl, .
P;k = kalpj’k_lefl + Qk'fl
2)  Approximate selected components as GM (see Sec-
tion IV)
3)  Update step, posterior at time ¢ [14]:

M(a ] 5 P G)s

where

b (T5,6)+H k(2] —F5,1)

Hj_kP;kHJT,k-%—R:k (yr)

afy = 2 K (e — hie(T0) =By k(25 ), —25))

Pl = (- K, xH;1)P;,

Kjr =P HY ) (Hy Py H )+ Ry) ™!
Here H;; = %a"—'ggw)b:im and Z;j are selected
linearization points, e.g. in EKF Z; ) = Ty

4)  Reduce number of components: forgetting, merging
and resampling [2], [15], [16].

end for

+ _
ajp o N

Algorithm 1 presents one version of GMF, Linearized GMF.
Algorithm 1 uses the following assumptions:



1) Initial state xo is non-singular GM, which means that z(
has density function (6).
2) State model (1) is linear

xr = Fr_10p-1 + wg—1.

3) Errors wy ~ N(0,Qg) and vx ~ N(0,Ry) and Ry is
non-singular.
Note that it is straightforward to extend Linearized GMF to
cases where also the errors wy and v, are GMs.

IV. APPROXIMATE GAUSSIAN AS GAUSSIAN MIXTURE

As we know, EKF in hybrid positioning [9] has a consistency
problem. The key reason for inconsistency is nonlinearity. Now
we assume that we have only one measurement and our prior
is Gaussian x ~ N(Z,P). The application to the general case
is given in Section V.

One measure of nonlinearity is [1], [6], [9]

tr(H, PH,P)
R

where H, is Hessian matrix of scalar measurement h(z), R is
a covariance of measurement error and P is a covariance of the
state component. One possibility to overcome the nonlinearity
problem (i.e. minimize Nonlinearity (7)) is to approximate
Gaussian as GM whose components have smaller covariance
matrices than the orginal Gaussian. One method for doing
so is the Sigma Point Gaussian Mixture (SPGM) [1] (see
Section IV-A). One drawback of SPGM is that SPGM splits
one Gaussian to 2n, + 1 components GM, regardless of our
measurement equation and Hessian matrix H,. Because of this,
we present a new method of approximating Gaussian as GM
(see Section IV-B). We call this method as a Box GM, because
it has connection to the "Box”-method [17].

Nonlinearity = -1, )

A. Sigma Point GM approximation

The SPGM is given on Table I. SPGM has the same
mean, covariance, and third moments as the original Gaussian
distribution 2 ~ N(Z, P) [1].

TABLE 1
SPGM M(aj, pj, Xj)(j) APPROXIMATION OF GAUSSIAN z ~ N(, P),
PARAMETERS 7 € (0,1) AND k > 0.

Index j aj I 3
0 P Z (1-72)P
1,...,ny W §;+T\/n+nm\/§8j (1—-72)P

ng+1,...,2n,

JE—T\/N-Fnz\/ﬁe],n (1—-72)P

2(k+nz)

B. Box GM approximation

The idea of the Box GM approximation is that we split the
state space using parallel planes and approximate the Gaussian
inside every piece with one GM component using moment
matching method. The Box GM approximation of the Gaussian
x ~ N(z,P), with P > 0, is

Ty ~ M(ay, 15, 25) (s (®)
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where index j = 1,..., npox, and parameters are

0 = [ pa(€de =8 (1)~ 2 (15-).
JA

3

2 z?
pa(§) N eTT —e 7
;= —22df =7 + Paej e = —————,
2% /A jf a; 3 €js €j /727ra]~
p,,
%= [ (6-mte—m) =g
A Qj
12 12
l-e__% — 16_1T71
=P—Pa| - \/ijf +6j2- a’P.
7T01]‘

where @ is the standard normal cumulative density function
and sets A; have the following form

A= {alty < "o =) < 1y}

where a”Pa = 1 and vector | is monotonic increasing so that
[y = —o0 and [, +1 = oo so these sets constitute a partition
of R"=.

1) Mean and covariance of the Box GM approximation: In
this Section, we compute the mean and the covariance of the
GM approximation xy Eq. (8). First of all, because ¥; > 0Vj,
aj > 0Vj and

Tbox

j;aj = ;/Aj Pz (§)d€ = /Px(f)d§ =1,

then x is a valid GM. The mean of xy is

Thbox

E(Z'N) Thg' 2 Zajuj = Z/ fpx(f)df = Z.
j=1 j=174

The covariance of z is
TMhox
Thm. 2 N
Vizn) =Y ai(up] +35) — 22"
j=1

Tbox

= £ p(€)de — 22T =P.

So the mean and the covariance of the GM approximation are
the same as the mean and the covariance of the ordinary Gaus-
sian. Because of this, we can say that Box GM approximation
is a moment matching method.

2) Contour plot of the Box GM approximation: In Fig. 1 we
compare the density function of the Gaussian distribution

N HIES I

and the density function of its approximation by a Box GM

. 0.2774
with parameters a ~ 0 and

l=[-c0 —128 1.28 oo ]
~® ([0 01 09 1]).

Fig. 1 shows the contour plots of the Gaussian and the Box
GM density functions so that 50% of probability is inside the



|
- - -Gaussian
R ——Box GM

Planes

v

Fig. 1. Contour plot example of the Box GM, when approximating density
is Gaussian Eq. (9)

innermost curve and 95% of probability is inside the outermost
curve. We see that the density function of the Box GM is quite
good approximation of the Gaussian density function Eq. (9).

V. BOX GAUSSIAN MIXTURE FILTER AND
SIGMA POINT GAUSSIAN MIXTURE FILTER

Box Gaussian Mixture Filter (BGMF) is a straightforward
application of the Box GM approximation to the Gaussian
Mixture filtering framework. BGMF is a Linearized GMF
(see Alg. 1), where the step 2 is the following. First we
compute Nonlinearity (7) statistics for every component and
measurement. We select the components that have at least one
highly nonlinear measurement with Nonlinearity > 0. Every
selected component we replace by its Box GM approximation
(Section IV-B).

The SPGMEF, which is presented in the paper [1] with name
GMF, is also a Linearized GMF (see Alg. 1) and almost the
same as BGMF. Only difference between SPGMF and BGMF
is that SPGM approximates selected Gaussians using SPGM
approximation (see Table I), while BGMF uses the Box GM
approximation (Section IV-B).

VI. EFFICIENT GAUSSIAN MIXTURE FILTER

In this Section, we derive a new GMF, Efficient Gaussian
Mixture Filter (EGMF). Prediction step (Eq. (3)) of EGMF is
the same as prediction step of Linearized GMF (see Alg. 1).
Now we consider update step (Eq. (4)). Assume that prior
distribution is a GM

and measurement model is (see (2))
y = h(z) + v,

where v ~ N(0, R). Now the posterior density function is

TNprior

}:ﬂN%
= Zﬁqz)(m 1)NP1 z)N

) NR(y — h(@))

R (y = h(z)),
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where ai’ Pial = 1 Vi, Al = {z|l; <al(z—i) < l;+1}
vectors [* are monotonic increasing so that [ = —oo and
lL 41 = oo. So for all 7 sets A; constitute a partition of R"+.
BGMF (see Section V) approximates

XAl (z)N&i () ~ a N;Z () and

Ng (g — h(@) ~ N§ (= h(uh) - Hy (2 = 1))

where af, pj and X} are computed using the Box GM
algorlthm (see Section 1V-B) and H,: = h/(u ). So BGMF
approximates both prior and hkehhood before multiplying

them. EGMF first approximates the likelihood as
Np (g — (@) ~ N§ (= hph) — Hys (2 — 1))

and then multiplies it with the prior:

plzly) o
Tprior 2
A Zﬁlzm )N (@) Ng (= h() = H (0 = 1)
Mprior
= 25 ZXA’ ( )
(10)
where
; h(ui)+H, L(T —u;)
5= NH PiHT, TR Yy
@44:+K%U—hWﬂ Hy: (3" = p5))
Pl = (I— K{H,: )P

K; = P’HZ, (H P’HT +R)7!
7
Note that x approximation is exact if h(x) is linear. Then we

use the Box GM algorithm (see Section IV-B) and get

TMprior T4
. ,
Mﬂwmzélﬁé?mﬁ@%
= Jj=

Moprior 14

=> > B xsi(@)
=1 j=1

Mprior 14

~ ) > Ng @)

i=1 j=1

Ny (@)

Ny () (1

where @;, /73 and 2; are computed using the Box GM
algorithm, when we noted that

B;. = {x|m§» < biT(:L' — il) < m§+1}

i iT ~i i i
={1’|lj<a (.I’*l')<l]+1}=14j,



Mahalanobis distance

' —EKF

- --SPGMF
—4-BGMF
EGMF
Nonlinearity

00 500
Distance between prior mean and base station

Fig. 2. Mahalanobis distance between exact mean and mean approximations.
Significance of nonlinearity (see equation (7)) is also shown.

where

i

/aiTPi.ai
J

. T s
, a3 -3

b = =Pl =1

J i i .
m ——— =mj; <mjq V],
a’” Ptat
J
i i
mj = —oo and m,,, = oo.

Now we get that the posterior of EGMF is

Tprior i =i mi i n
in Z;'Lﬂ a;ﬂl’Y} Ng]; ()

Tprior Ni =7 Q51

im1 Zj:l a5 3';
If we consider the linear case and only one time step, EGMF
gives a correct mean and a correct covariance, because linearity
ensures that x approximation in Eq. (10) is exact and the Box
GM approximation maintains the mean and the covariance in
Eq. (11) (see Section IV-B1). SPGMF and BGMF can give a

wrong mean and a wrong covariance in one time step linear
case.

p(zly) ~

VII. ONE STEP COMPARISON OF
EKF, SPGMF, BGMF AND EGMF

This is the same example as in paper [1], but we have
included BGMF (Section V) and EGMF (Section VI) to this
example. This example presents a comparison between EKF
posterior, SPGMF (Section V) posterior, BGMF posterior and
EGMF posterior, when prior distribution is

1002 0
and we get one base station range measurement (2), where

(L

y = 1000, h(z) = ||z| and v ~ N(0,100?).

The base station is located in origin and so d is the distance
between prior mean and the base station. "Exact” posterior
density function pexact(z) is computed using a point-mass filter,

Lissack-Fu distance

—EKF

- --SPGMF

—4£-BGMF
EGMF

‘‘‘‘‘ Nonlinearity

1000 1500

? 00 500
Distance between prior mean and base station

Fig. 3. Lissack-Fu distance between exact posterior and posterior approxima-
tions. Significance of nonlinearity (see equation (7)) is also shown.

with 5002 points [18]. Approximation of the exact density
function is computed using EKF, SPGMF, BGMF and EGMF.
The SPGMF uses parameters x = 4 and 7 = % and the BGMF
and EGMF uses parameters a = { (1) } and
300
=] -00 —128 1.28 oo |
~® ([0 01 09 1]).

Note that both BGMF and EGMF have only three GM com-
ponents whereas SPGMF has five GM components.

Comparison between EKF, SPGMF, BGMF and EGMF
contains two parts. First we compute the Mahalanobis distance
between the mean of the exact posterior mean and means of
approximations

\/(/Lexact - /Lapp)TEe:zllcl(/Lexact - Napp)~

These results are shown in Fig. 2. The value of the Nonlinearity
function (7) is also plotted in Fig. 2. We see that Maha-
lanobis distance between EKF mean and exact mean increases
rapidly when nonlinearity becomes more significant. In that
case SPGMF, BGMF and EGMF give much better results than
EKF. EGMF has the same or smaller Mahalanobis distance
than BGMF. Furthermore, SPGMF, BGMF and EGMF give
always as good results as EKF even when there is no significant
nonlinearity.
Second, we compute the first order Lissack-Fu distance

/|pexact(x) - papp($)‘d$>

between exact posterior and the approximations (also called a
total variation norm). These results are in Fig. 3. The value
of the Nonlinearity function (7) is also plotted. We see that
SPGMF, BGMF and EGMF give smaller Lissack-Fu distance
than EKF. Difference between EGMF Lissack-Fu distance and
EKF Lissack-Fu distance increases when nonlinearity becomes
more significant. EKF Lissack-Fu distance is almost 2 (max-
imum value) when d = 100, so the exact posterior and
the EKF posterior approximation are almost totally separate.

64



Furthermore, EGMF has Lissack-Fu distance same as or smaller
than BGMFE.

Overall SPGMF, BGMF and EGMF work almost identically
although EGMF and BGMF use only three mixture component
versus five SPGMF mixture components. In this example,
EGMF gives the best results compared to the other filters.
Furthermore SPGMF, BGMF and EGMF all give much better
results than EKF when nonlinearity is significant.

VIII. SIMULATIONS

In the simulations, we use the position-velocity model, so

the state x = consists of user position vector r, and

u
user velocity vector v,, which are in East-North-Up (ENU)
coordinate system. In this model the user velocity is a random
walk process [19]. Now the state-dynamic (1) is

Tp = Pp_1Tp—1 + wr—1,

where
I Atl
Pp—1 = { 0 Ik ] )

At =t —tp_1, and wy_1 is white, zero mean and Gaussian
noise, with covariance

3 2 2 2
Atyoy I 0 Atyoy I 0
3 2 S
0 Atin‘f 0 Atia‘f
Qr—1 = 2,2 3 2 ;
Atkap 0 Atko'P I 0
2 [
0 Atiaf 0 At;,;a?
2 1
2 .
where 03 = 2 %z represents the velocity errors on the East-

2 . .
North plane and 02 = 0.01 7 represents the velocity errors in

the vertical direction. [9], [20]

In our simulations, we use base station range measurements,
altitude measurements, satellite pseudorange measurements and
satellite delta range measurements (see Eq. (2)).

= |Iro = rull + €0,
=00 0 1]rn+e,
ys: ||T‘5—T‘u||+b+657
s (7'577"u)T(

vsfvu)+l.)+és7
l[rs = rall

where 7, is a base station position vector, ry is a satellite
position vector, b is clock bias, vy is a satellite velocity vector, b
is clock drift and e:s are error terms. We use satellite measure-
ments only when there is more than one satellite measurement
available, so that bias can be eliminated. These are the same
measurements equations as in the papers [1], [15], [17].

Simulations are made using Personal Navigation Filter
Framework (PNaFF) [21]. PNaFF is a comprehensive simu-
lation and filtering test bench that we are developing and using
in the Personal Positioning Algorithms Research Group. PNaFF
uses Earth Centered Earth Fixed (ECEF) coordinate system so
we have converted our models from ENU to ECEF.

TABLE II
A SUMMARY OF 200 DIFFERENT SIMULATIONS WITH BASE STATION

MEASUREMENTS.

Time  Err. Err. Err. Inc.
Solver o rms  95%  ref %
EKFyo res. 4 284 622 127 99
EKF 10 236 465 83 6.6
EKF2 11 214 433 65 2.8
UKF 23 213 421 58 2.3
SPGMF 62 210 399 69 33
PFa500 38 201 397 73219
BGMF 32 194 371 58 2.8
EGMF 32 191 360 57 2.8
Ref o 155 287 0 0.1

A. Summary of base station cases

On Table II, we have listed a summary of two hundred
120 second simulations, which use only base station mea-
surements. This means that simulations use base station range
measurements with variance (80 m)?2, very inaccurate altitude
measurements with variance (300 m)? and restrictive infor-
mation. Restrictive information is in our case base station
120°-sector and maximum range information. So when we
have restrictive information we know that user is inside the
particular area, which is restricted using sector and maximum
range information. Restrictive information are used in the same
way as in paper [17]. Summary consist of following columns:
Time is computation time using Matlab in our implementation,
scaled so that computation time of EKF is 10. This gives a
rough idea of the relative time complexity of each algorithm.
Err. rms is 3D root mean square position error. Err. 95% gives
a radius containing 95 % of the 3D errors. Err. ref. is 3D error
to reference posterior mean, which is computed using a particle
filter with systematic resampling and 10° particles [11]. Inc. %
is a percentage of time where the filter is inconsistent with
respect to the general inconsistency test, with risk level 5% [9].
Solvers are sorted so that rms errors are in descending order.
PF indicates particle filter with systematic resampling and N
particles [11], so reference solution is the same as PF;y. On
these simulations BGMF splits, when highly nonlinearity exists,
one GM component into four components with equal weights.
In that case the parameter [ of the Box GM approximation (see
Section IV-B) is

= ([0 5 5 § 1]).
EGMEF also uses the same [ parameter (see Section VI).

In Table II, the results are the realization of random variables
and if we run these simulations again we possibly get a slightly
different result. The following conclusions can be drawn based
on simulations and theory.

« Both BGMF and EGMF give a better result (in all listed
criteria) than SPGMF or PF3500

« Computation time of BGMF and EGMF is approximately
half of computation time of SPGMF.

« EGMF gives much better results than traditional EKF
(EKFno res.)-
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TABLE III
A SUMMARY OF 1000 DIFFERENT SIMULATIONS WITH BASE STATION AND
SATELLITE MEASUREMENTS.

Time  Err. Err. Err.  Inc.

Solver o rms  95%  ref %
EKFo res. 6 115 215 23 3.0
EKF 10 101 184 16 2.1
UKF 28 95 174 11 1.1
SPGMF 38 95 173 13 1.2
PF2500 43 95 160 12 1.8
EKF2 11 94 176 12 1.2
BGMF 20 93 170 12 1.0
EGMF 20 92 169 12 1.0
Ref [e'S) 83 156 0 1.2

e PFy500 has a serious inconsistency problem, i.e. it under
estimates the state covariance.

B. Summary of mixed cases

In Table III, we have listed a summary of one thousand
120 second simulations, which use both base station and
satellite measurements with varying parameters. Parameters
are following: variance of base station range measurement
= (30 m)?, variance of satellite pseudorange measurement
~ (3 m)? and variance of delta range measurement ~ (0.1-2)2.
We use restrictive information in the same way as simulations
on Section VIII-A. Also notations and filters are the same as
simulations on Section VIII-A.

The following conclusions can be drawn based on simula-
tions.

o Order of filter in Table III is almost the same as in Table II.

« Differences between different filters are smaller than in

Table II, because there are also satellite measurements
(very accurate linear measurements).

o Computation time of BGMF and EGMF is approximately

half of computation time of SPGMF.

« EGMF gives much better results than traditional EKF

(EKFno res.)-

IX. CONCLUSION

In this article, we have presented two new Gaussian Mixture
Filters for the hybrid positioning: the Box GMF and the
Efficient GMF. BGMF and EGMF are almost the same filter,
because of this their performances are almost the same. Nev-
ertheless EGMF gives slightly better results than BGMFE. Both
filters outperform the Sigma Point GMF, which outperforms the
traditional single-component Kalman type filters such as EKF,
UKF and EKF2. EGMF and BGMF also outperform particle
filter, when number of particles is selected so that particle filter
uses about the same time of computation as EGMF. GMFs and
EKF works equivalently if we have only linear measurements,
but the more nonlinearity occurs the better result GMFs give
compared to EKF.
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On the Convergence of
the Gaussian Mixture Filter

Simo Ali-Loytty

Abstract—This paper presents convergence results for the Box
Gaussian Mixture Filter (BGMF). BGMF is a Gaussian Mixture
Filter (GMF) that is based on a bank of Extended Kalman Filters.
The critical part of GMF is the approximation of probability
density function (pdf) as pdf of Gaussian mixture such that
its components have small enough covariance matrices. Because
GMF approximates prior and posterior as Gaussian mixture it is
enough if we have a method to approximate arbitrary Gaussian
(mixture) as a Gaussian mixture such that the components have
small enough covariance matrices. In this paper, we present the
Box Gaussian Mixture Approximation (BGMA) that partitions
the state space into specific boxes and matches weights, means
and covariances of the original Gaussian in each box to a GM
approximation. If the original distribution is Gaussian mixture,
BGMA does this approximation separately for each component
of the Gaussian mixture. We show that BGMA converges weakly
to the original Gaussian (mixture). When we apply BGMA in a
Gaussian mixture filtering framework we get BGMF. We show
that GMF, and also BGMF, converges weakly to the correct/exact
posterior distribution.

Index Terms—Extended Kalman Filter, Filter banks, Filtering
techniques, Filtering theory, Gaussian distribution

I. INTRODUCTION

HE problem of estimating the state of a stochastic system
from noisy measurement data is considered. We consider
the discrete-time nonlinear non-Gaussian system

(1)
(1b)

T = Fr_1Tp—1 + wr—1,
Y = hi(xr) + vy,

where the vectors z;, € R"* and y;, € R"v represent the state
of the system and the measurement at time ¢, k € N\{0},
respectively. The state transition matrix Fj_; is assumed to
be non-singular. We assume that errors wy, and vy are white,
mutually independent and independent of the initial state xq.
The errors as well as the initial state are assumed to have
Gaussian mixture distributions. We assume that initial state
¢ and measurement errors vy have density functions p,,, and
Doy » Tespectively. We do not assume that state model errors
wy, have density functions. These assumptions guarantee that
the prior (the conditional probability density function given
all past measurements yq.x—1 = {y1,...,yk—1}) and the
posterior (the conditional probability density function given
all current and past measurements .5 = {y1,...,yx}) have
density functions p(zk|y1:.k—1) and p(xk|yi.x), respectively.
We use the notation T} exact for a random variable whose

S. Ali-Loytty is with the Department of Mathematics, Tampere University
of Technology, Finland e-mail: simo.ali-loytty @tut.fi.

density function is p(zx|y1.xk—1) (prior) and xzjxw for a ran-
dom variable whose density function is p(xy|y1.x) (posterior).
The posterior can be determined recursively according to the
following relations [1], [2].

Prediction (prior):

P(Tk|y1:e—1) :/p($k|$k—1)p($k71‘yl:k—l)dmkfﬁ 2

Update (posterior):

 plyklzr)p(Trlyie—1)
Plarlye) = S o(yklee)p(@rlyr:e—1)day’ ®

where the transitional density

P(Tk|Th—1) = Pwj_, (Th — Fr_12p-1)
and the likelihood

(Yl Tr) = puy (Y — i)
The initial condition for the recursion is given by the pdf

of the initial state p,,(zo) e p(zo|y1:0). Knowledge of the
posterior distribution (3) enables one to compute an optimal
state estimate with respect to any criterion. For example,
the minimum mean-square error (MMSE) estimate is the
conditional mean of xj, [2], [3]. Unfortunately, in general and
in our case, the conditional probability density function cannot
be determined analytically.

There are many different methods (filters) to compute the
approximation of the posterior. One popular approximation is
the so-called Extended Kalman Filter [2]-[10], that linearizes
the measurement function around the prior mean. EKF works
quite well in many applications, where the system model is
almost linear and the errors Gaussian but there are plenty of
examples where EKF does not work satisfactorily. For exam-
ple, in satellite positioning systems, EKF works quite well,
but in a positioning system based on the range measurements
of nearby base stations EKF may diverge [11].

There are also other Kalman Filter extensions to the nonlin-
ear problem, which try to compute the mean and covariance
of the posterior, for example Second Order Extended Kalman
Filter (EKF2) [3], [4], [11], Iterated Extended Kalman Filter
(IEKF) [3], [10] and Unscented Kalman Filters (UKF) [12],
[13]. These extensions usually (not always) give better perfor-
mance than the conventional EKF. However, if the true pos-
terior has multiple peaks, one-component filters that compute
only the mean and covariance do not achieve good perfor-
mance, and because of that we have to use more sophisticated
nonlinear filters. Here sophisticated nonlinear filter mean filter
that has some convergence results. Possible filters are e.g.



a grid based method (e.g. Point Mass Filter) [2], [14]-[17],
Particle Filter [1], [2], [18], [19] and Gaussian Mixture Filter
(GMF) [6], [20], [21]. Some comparison of different filters
may be found for example in [22], [23].

In this paper we consider Gaussian Mixture Filter, also
called Gaussian Sum Filter, which is a filter whose approx-
imate prior and posterior densities are Gaussian Mixtures
(GMs), a convex combination of Gaussian densities. One
motivation to use GMF is that any continuous density function
p, may be approximated as a density function of GM p,, as
closely as we wish in the Lissack-Fu distance sense, which is
also norm in L*(R™)-space [21] [24, Chapter 18]:

/ P2 (@) — pem(2)|d. 4

Because the set of all continuous functions, with compact
support is dense in L'(R™) [25, Theorem 3.14], we can
approximate any density function p, as a density function
of GM [26]. The outline of the conventional GMF algorithm
for the system (1) is given as Algorithm 1. In Algorithm 1

Algorithm 1 Gaussian mixture filter

Approximate initial state zo as GM z .

for £k =1 t0 Nypeqs do

1)  Prediction: Compute prior approximation x; .

2)  Approximate z;; as a new GM Z,; if necessary.

3)  Update: Compute GM posterior approximation @j
4)  Reduce the number of components of i; and get 12’
end for

all random variables .7:8', Ty, Ty, .7'::, and TZ— are GMs and

approximations of the exact random variables g 2 x&exad,
T exact Lk exacts Jc;exacl, and a:,j,exacl, respectively. This algo-
rithm stops at time ¢,, . .

The major contribution of this paper is a new method to
approximate a Gaussian mixture as a Gaussian mixture, such
that the components have arbitrary small covariance matrices.
We call this method the Box Gaussian Mixture Approximation
(BGMA) (Section V). We show that BGMA converges weakly
to the original GM. One big advantage of BGMA compared to
other GM approximations [6], [20], [21] is that BGMA does
not require that the norm of the covariance matrices approach
zero when the number of mixture components increases. It is
sufficient that only parts of the covariance matrices approaches
zero when the number of mixture components increases. Thus,
BGMA subdivides only those dimensions where we get non-
linear measurements. For example, in positioning applications,
nonlinear measurements often depend only on the position. So,
using BGMA, it is possible to split only position dimension
into boxes instead of the whole state space, which contains
usually at least the position vector and the velocity vector.
This means that significantly fewer mixture components are
needed than in the previous GM approximations.

Another major contribution of this paper is the proof that
the general version of the Gaussian Mixture Filter converges
weakly to the exact posterior distribution. Especially, the
Box Gaussian Mixture Filter (BGMF), which is GMF filter

(Algorithm 1) that uses BGMA in Step 2, converges weakly
to the exact posterior distribution. In this work BGMF is a
generalization of the filter having the same name (BGMF) in
our earlier work [27].

An outline of the paper is as follows. In Section II, we
study the basics of the GM. In Section III, we give the
general algorithm of GMF, which is also the algorithm of
BGMF. In Section IV, we present the convergence results
of GME. In Section V, we present the BGMA, show some
of its properties and that it converges weakly to the original
Gaussian (mixture). In Section VI, we combine the previous
sections and present BGMF. Finally in Section VII, we present
a small one-step simulation where we compare BGMF and a
particle filter [18].

II. GAUSSIAN MIXTURE

In this section, we define the Gaussian Mixture (GM)
distribution and present some of its properties, such as the
mean, covariance, linear transformation and sum. Because GM
is a convex combination of Gaussians, we first define the
Gaussian distribution.

Definition 1 (Gaussian): An n-dimensional random vari-
able z; is Gaussian if its characteristic function has the form

1tT2jt) , 5)

©a, (t) = exp (itT/L]- ~3

where 41; € R™ and ¥; € R™™ is symmetric positive
semidefinite (X; > 0)'. We use the abbreviation

Zj~ Nn(/‘jv EJ)

Gaussian random variable is well defined, that is the func-
tion (5) is a proper characteristic function [28, p.297].
Theorem 2 (Mean and Covariance of Gaussian): Assume
that z; ~ N(u;, ;). Then E(z;) = pj and V(z;) = X
Proof: We use the properties of the characteristic func-
tion [29, p.34] to get

Bay) = 1 (), (Olimo)

i

or x; ~ N(uj;,%;).

1
2

1
= —exp <itTuj — tTEjt> (tp; — Xjt)
i t=0
=Ky
and
V(z;) = E(zja7) — Bz;) E(z;)"

= =l (t)r=0—p;p;
=~ (s~ =)y = 307 = 3)
T 1 T
exp | it” p; — §t Xt

= pjp; + 35— uyky
=¥,

T
— Wik
t=0

C

'If A > B then both matrices A and B are symmetric and 7 (A—B)z > 0
for all .



Theorem 3 (Density function of non-singular Gaussian):
Assume that z; ~ N(u;,X;), where X; > 0 (positive definite
matrix)?. Then the density functlon of the random variable x
is

T Gy
O=N0="4m /aar,)

where € 7/‘1H271 =(£- N/) E;1 (€ = uj)

Proof: We know that the characteristic function ©a; (1)
is absolutely integrable. Thus using the properties of the
characteristic function [29, p.33] we get

Pa;

2o €)= e [ 0 (i1 o (0
1 . 1
= @ /CXp <’LtT(/,Lj —-&) - itTth> dt
B V((;Ct(z Jexp (itT (pu; — &) — %tTEjt) de
(2m) % /det (3;)
Lo (<5 E-m) " € m)
B (2m)% \/det (3;)
* see [28, p.297]. 0

Definition 4 (Gaussian Mixture): An n-dimensional ran-
dom variable x is an /N-component Gaussian Mixture if its
characteristic function has the form

N
. 1
t) = Zaj exp <thu]' — §tTth) , 6)
=1

where p; € R", ¥; € R™" is symmetric positive semidefi-
nite, o; > 0, and Zﬁ\;l a;j = 1. We use the abbreviation

x ~ M(ay, 15, 25) (5,3

We show that GM is well defined, which means that func-
tion (6) is in fact a characteristic function. First, assume that
all matrices X; are positive definite. We know that function

N
= oy N (9), ©)
j=1

is a density function, that is [ p(£)d¢ =1 and p(€) > 0 for

all £. Because

N
ettt = [[explit™e) | SN (©) ) d
j=1
N
e et n (e
N
iz exp(zt ,uj——t Et)

2If A > B then both matrices A and B are symmetric and 27 (A—B)z > 0
for all z # 0.

function (6) is the characteristic function of a continuous n-
dimensional Gaussian Mixture. The density function of this
distribution is given in equation (7).

Now, let at least one of the covariance matrices 3; be
singular. Take ¢ > 0 and consider the positive definite
symmetric matrices X5 = ¥; 4 €l. Then by what has been
proved,

Y 1
= ZOC]‘ exp (itT[Lj - QtTXl;t)
j=1

is a characteristic function. Because function (6) is the limit
of characteristic functions

Za] exp (zt Hy — thEjt> ,

j=1

hm @z, (

and it is continuous at ¢ = 0, then this function (6) is a
characteristic function [28, p.298].
Theorem 5 (Mean and Covariance of mixture): Assume

that
N
t) = Z QP ®)
j=1

where E(z;) = u; € R®, V(z;) = 3; € R,

aj >0, and
Y, a; = 1. Then

and

N
A
= i =p
=1

-m’).

= Z (55 + (g — 1) (g

Proof: We use the properties of the characteristic func-
tion [29, p.34] to get

2 (Dli=0)"
a5 (i, (o)

I
(="

j=1
N
A
j=1
and
_ AT "
V(z) = —E(z) E(z ) = ¢a(t)le=0
= —fupu +Z%< ¢, ()= o)
N
= —pp® + Y0y (S5 + )
j=1

N
Z (25 + ping — pp®)

Il
Mz i

o (%54 (uy — ) (g — ")

<.
Il
—



Note that Theorem 5 does not assume that the distribution is
a Gaussian mixture, these results are valid for all mixtures.

Theorem 6 (Linear transformation and sum of GM):
Assume that an n-dimensional random variable

x ~ M(ay, 1y, Ej)(j,N)
and an m-dimensional random variable
v ~ M(Br, 71, Rie) (k,01)

are independent. Define a random variable y = Hx 4 v, where
matrix H € R™*". Then

y ~ M(e0) Bry- Higy + iy BS;0HT + Riy) v v
where j(I) = [(l — 1) mod N]+1 and k(l) = [£].3 We also
use the abbreviation

y ~ M(ey; B, Hyty + ri, HS;HT + Ri) ke, N 1) -
Proof: Since x and v are independent, also Hz and v are
independent.
ind.
Pz () = P ()P (t)
=E (exp (it" (Hm))) ®
(exp ( HTt )
= %(HTt) o(t)

1
= } ajexp (thHW - itTHZjHTt> .
j=1

M 1

Zﬁk exp (itT'I"k — itTRk,t>
k=1

NM

= ;B exp (itT (Hujy +rray) - -
=1

o (t)
) oo (t)

1
— itT (HE]-(Z)HT + Rk(l)) t) .

l
Corollary 7: Assume that an n-dimensional random vari-
able

x ~ My, 17, 25) (5,3

and
y=Azx+0b,

where A € R™*" and b € R™. Then
Yy~ M(aj, Auj + b, AE]'AT)(LN).

Proof: Now b ~ M(1,b,0)(,1). Constant random vari-
able b and x are independent, so using Theorem 6 we get

y ~ M(aj, Apj +b,AZ;AT) v

0
Note that if © ~ N(u1,%1) then x ~ M(1, uj, 35;5)j,1)- So
Theorem 6 and Corollary 7 hold also for Gaussian distribu-
tions.

3Ceiling function [z] = min{n € Z|n > z} and modulo function (a
mod n) = a+n[—1].

III. ALGORITHM OF GAUSSIAN MIXTURE FILTER
In this section, we give the algorithm of Gaussian Mix-
ture Filter for the system (1) (Algorithm 2). The subsec-
tions III-A-III-D present the details of this algoritm. Algo-
rithm 2 uses the following assumptions:
1) Initial state

To ~ 1\4( Q05 /j’z 0 EIO)(’L'JH))
is a continuous Gaussian Mixture, that is, Ezo > 0 for
all 4.
2) Errors are GMs
wy ~ M(Vjk, W,k Qo) (s, ) a0
vk ~ M(Bjk Vo Rjik) (o, )
where all R;; > 0.
3) Measurement functions are of the form

hi(x) = hi(w1.4) + Hyx. (8)

This means that the nonlinear part hy(z1.4) only de-
pends on the first d dimensions (d < n,). We assume
that functions Ay, (21.4) are twice continuously differen-
tiable in RY\ {s1,..., s, }.4

Algorithm 2 Gaussian mixture filter

Initial state at time to: x5 ~ M(e;o, 1170, £F0) (1.m0)
for £k = 1 tO Nyeas do
1)  Prediction (see Sec. III-A):

R 1\/1( ixj,k? M'L*] k> Z;j,k)(i*]‘,n;)

2)  Approximate x, as a new GM 7, if necessary (see
Sec. III-B):

Ty ~ M(@Zmﬂlkvxik)(i,ﬁ;)
3)  Update (see Sec. III-C):
rk ~ 1\1( Z*] k> lu‘z*] k> E;],k)(zmﬁf)
4)  Reduce the number of components (see Sec. I1I-D):
‘rk ~ M(aj, ko M, ko Z:k:)(i#nk)

end for

A. Prediction, Step (1)
Prediction is based on Eq. (1a) and Thm. 6 (see also Eq. (2)).

~ 1\/1( 7,*] k’lu‘z*] k2 Ei*]’,k)(i*jm;)’
where
Ny = Nk—1Mawy_, »
ixj b — Vi k—175k—1>
+ _
:Fk 1“1’1@ 1+wjk 1 and

+Q]k 1

«
Hisjk
EM k= Fr- IELk 1Fr—
#For example, in positioning applications that are based on range measure-

ments and a constant velocity model n; = 6 (position+velocity), d = 3
(position) and s; is position vector of the ith base station [11], [27]



B. Approximate GM as a new GM, Step (2)

There are different methods to compute Step (2). Here we
present one conventional method. Another method, namely, the
Box Gaussian Mixture Approximation, is given in Section V.
The density function of a new GM approximation Pa- is [20]

par € Y p (€)NE] @), ©)

where the mean values §é2) are used to establish a grid in the
region of the state space that contains the significant part of
the probability mass, ny, is the number of grid points and
cg > 0 is determined such that the error in the approximation,
e.g. the Lissack-Fu distance (4), is minimized. So

Ty ~ h'{(&;k7ﬂi_,k’2i_,k)(i,ﬁ;)7
where

ny = nk,g’
Py
S, (&)
ﬂjk = fé 9 and

it_k = cgl.

())
dv‘jk:

It can be shown that p_— (x) converges almost everywhere
k
uniformly to the density function of z;  as the number of
components 7, increases and ¢, approaches zero [20], [21].
Moreover, the Lissack-Fu distance (4) of the approximation
converges to zero.

Step (2) is executed only when necessary. If it is not
necessary then Z,; = z, . A conventional criterion is to check
if some prior covariances do not satisfy inequality P;” < el,
for some predefined €, where P} is the covariance of the ith
component [6, p.216]. Note that ﬁndlng reasonable grid points
§g and an optimal constant ¢, > 0 usually requires some
heavy computation.

C. Update, Step 3

The update Eq. (3) is usually computed approximately using
a bank of EKFs. In this paper we use that approximation. It
is possible to compute the update step using a bank of other
Kalman-type filters [30] or a bank of PFs [31]. Using the bank

of EKFs approximation we get

P+ (€) o Doy (v — T (). (€)

Ny, 'ﬁk

S HIMCE

j=11i=1

(= ha(€)) a7, Ny (6)

Ny Ty

szalk/@]kN (5)

j=11i=1
Vj K
NRch <yk

Ny, Ty

*Zza kﬁ]kN (5)

j=11i=1

Ny ”‘E <yk—hk(,u in) + Hikhyy, — vj,k)

Thm. 2SZZalk6]kN y*]t(é-)

j=11=1

— hifi) — Hinlé - n;,k))

e — hu(fy,) + Hiwftyy — 17j4,k-> ,
(10

Hi ot <
Ho S, HT, R, \Y

where H; , = %k:,, . So

an

+
~ 1\4( W%,k luz*; k> El*] k)(z*] n+)7
where
_+ __
Ny = Ny Ny,
}Lk (f; )45,k

L Zkﬂjk kE HT 1R (yk)

ai*j’k = Ny hk(# )+05 k ’
z k! 21 la1 k/gjk kELkYH?"] +Rj k (yk)

B = Ay + Ko (ye — b ) — 5n),

Eltj k= (I — Kz*],ksz) Ei,k and

_ -1
Kiojae = S HD, (M5 1T, + Ry

D. Reduce the number of components, Step 4

One major challenge when using GMF efficiently is keeping
the number of components as small as possible without losing
significant information. There are many ways to do so. We use
two different types of mixture reduction algorithms: forgetting
and merging [21], [30], [32].

1) Forgetting components: We re-index the posterior ap-
proximation f,f Eq. (11) such that

Tk ~ M(a i, k’:“‘z Kk E;rk)(i,ﬁ;r)’

where o’z?_'k > 5‘1‘ T Let e = W be the threshold value. Let

n} ; be the index such that

g
Z &;Lk >1—¢
i=1
We forget all mixture components whose index i > i} and

after normalization we get x  Now

g~ M@ A E';Tk,f)(iﬁ;f)’ (12)



—+ _
N . ) Nz kf = :“z  and E et = 2ik
k,

2) Merging components: Our merging procedure is iter-
ative. We merge two components, say the i;th component
and the 72th component, into one component using moment

matching method if they are sufficiently similar, that is if (for
simplicity we suppress indices k and f) both

(13a)
(13b)

”ﬂn - y’m“ < €m; and
> +
Hzil - Ez‘gH < €my
inequalities hold. Here we assume that the threshold values
€my 7 0 and EmzN—> 0. The new component, which re-

places components 7; and 42, is a component whose weight,
mean and covariance matrix are

~+ =t At
o m = 0y Qg
=+ =+
(eh (e
= — 1 =+ 2 =+
,”ihm - —+ :uil + — :Uig and
i1,m ail,m
a; T
s+ _ _Sa v+ -+ -+ ot
d1,m T~ 4 (E + (:un :U‘ihm) (iu‘il - iuil,m) ) +...
(o'
i1,m
7+

0[
= (35 + (= ) (= )"
711

respectively. After re-indexing (forgetting component i) we
merge iteratively more components until there are no suffi-
ciently similar components, components that statisfy inequal-
ities (13). Herewith, after re-indexing, we get

‘Ek ~ M(a lkmulk Ez:k)(i»”k)'

IV. CONVERGENCE RESULTS OF GMF

In this section, we present the convergence results of GMF.
First we present some well know convergence results.

Definition 8 (Weak convergence): Let = and x5, where
N € N, be n-dimensional random variables. We say that =
converges (weakly) to z if

E):N (f)Njc:cFT (&)7

for all points ¢ for which the cumulative density function
F, (&) is continuous. We use the abbreviation

w
IN — T.
N—oo

Theorem 9: The following conditions are equivalent

1) x NNL z.

2) E(g(fN)) — E(g(z)) for all continuous functions g
—00

that Vdmsh outside a compact set.
3) E(g(xN))N—> E(g(z)) for all continuous bounded
— 00

functions g.
4) E(g(xN))N—> E(g(z)) for all bounded measurable

functions g such that P(z € C(g)) = 1, where C(g)
is the continuity set of g.

Proof: See, for example, the book [33, p.13]. |

Theorem 10 (Slutsky Theorems): 1) If

TN ‘> xz,
N —o0
and if f : R® — RF is such that P(z € C(f)) = 1,
where C(f) is the continuity set of f, then

f(xN)*} f(@).

N—oo

2) If {xn} and {yn} are independent, and if z NNL z

—00

and yy — ¥, then
N—oo

TN w T
—_—
{@/N}NW{@/}’

where x and y are taken to be independent.

Proof: See, for example, the book [33, p.39, p.42]. [
Now we show the convergence results of GMF (Algo-
rithm 2). The outline of the convergence results of GMF is
given in Algorithm 3. The details of the convergence results
are given in Sections IV-A-IV-D. The initial step of Algo-
rithm 3 is self-evident because we assume that the initial state
is a Gaussian mixture. Furthermore if our (exact) initial state
has an arbitrary density function it is possible to approximate
it as a Gaussian mixture such that the approximation weakly

converges to the exact initial state (Sec. III-B).

Algorithm 3 Outline of showing the convergence results of
the Gaussian mixture filter (Algorithm 2)

Initial state: Show that x{ N%;oxofem.
for £ = 1 tO 7imeas Show
1) Prediction, Sec. IV-A:
IZLIN*) 7": 1,exact = Tk N*) Tk ,exact”
2) Approximation, Sec. IV-B:
~w w
Th o Thexact = Tk T exact:
3) Update, Sec. IV-C:
Ty Njo’oxk exact = T Nj’ ] exact-
4) Reduce the number of components, Sec. IV-D:

7+ Y, .t s AN
£Ek xk ,exact xk ‘Tk ,exact”

end for

A. Convergence results of Step 1 (prediction)

Here we show that then

. + w +
if xk:—lNﬁmxk:—l,exacl
- W —
zy, N*> T, exact (Thm. 11).
—00

Theorem 11 (Prediction convergence): 1f

+ w +
Trp_1 N xk:—l,cxact’
—00



wy—_1 and {33:_1,1\7|N € N} are independent, and wy_; and
:L.z—l,exacr are independent then

lk N oo ‘rL ,exact”

Proof: Because wy_1 and {a:LLN|N € N} are indepen-
dent then wy_; and {Fk,leLN\N € N} are independent.
From Thm. 10 we see that

+ v +
Fk—ll’k,1N Fk—lxkfl,exact
—00

and N N
|: F19*1‘7"1671 :| w [ kalxk—l,exact :| .

Wk —1 N—oo Wk—1

Because

Wk—1

2t
o _ [ I I ] Fk—l‘Lk—l,exact
k,exact — Wh_1

+
T, = [ I 1 ] { Fro1zg } and

it follows that

lk N—oo ‘Ek ,exact”

B. Convergence results of Step 2 (approximation)
. — w — R w —
Here we show that if z, N Thexact then T, — & -
. —00 N—o0
It is enough to show that

E, (€)= F,_(€) — 0,

Tk N—oo
for all £. If we use the conventional approximation method
see Sec. III-B and if we use the new method (BGMA) see
Thm. 21 and Corollary 22.

Furthermore, we require that the most of the covariance
matrices X, ; - of the components of our GM approximation
Z; ) are arbitrary small. That is if € > 0 then there is Ny
such that for all N > Ny

d

Z <2;‘i’N>J}j <e,

j=1

(14)

for almost all 7. Both the conventional approximation
(Sec. 1II-B) and BGMA (Sec. V and Corollary 20) satisfy
this requirement.

C. Convergence results of Step 3 (update)

p— W — =+ W +
Here we show that if N—> L, exact then z; — T exact®
—00 N—oo

The distribution Z;” is computed from the prior approximation
Z,, using the bank of EKF approximations (Sec. III-C). We use
the abbreviation 7, "*¥* for the distribution that is obtained
from the prior approxlmatlon Z,, using the exact update Eq. (3)
(see also Eq. (15)). First we show that if ;E,:N%;ox,;exact then

SUsually we suppress the index N (parameter of GMF), that is T;7

1>

1,N

+
wk*l'

~+,Bayes N
Ly

e (Thm. 12). After that it is enough to show

IA ,exact
that

FEI.Baycs(g) - F +(§) — 0

for all £ (Thm. 13).
Theorem 12 (Correct posterior convergence): Assume that

W _
Ty, N?;oxk,exact’
(&) and

and the density functions of z,” and x . are Pa-
Py-

ko exact

(&), respectively. Now

—+,Bayes W 4
Ly, N—oo k,exact”

Proof: Using the assumptions and Thm. 9 we get that

/ (le)p, - (€)dE — / Wil (©)de,

where the likelihood p(yk 1€) = po, (Y — hi (€ )) Furthermore,
all these integrals are positive because

Prlpg, (€ >0 and p(ylOp, (&) >0,

for all £. Respectively, because a set {x |z < z} is open®, we
get that

for all z. Combining these results we get that

Fi:,sayes(z)NH F + (Z),

T sexact

Pkl€)p, - _(€)dE — / pulEp,-  (€)de,

k exact

for all z, where
JZ oo p(ukl€)p,- (6)dg
I p(rl&)pz- (§)dg
JZ o plOp, - (€)dg
S pz;m (é)df

F£+A5ayes (Z) =
k
(15)

4
Tk exact

Theorem 13 (Bank of EKFs convergence): Let
F,+(z) _ ffmpEKF(ny)p@;(f)dS
T fPEKF yklé)pi; (§)d¢
I oo (iP5 (€)dE
I p(uel)p, - ©

an

Fynan(2) =

where the likelihood

P(Yxl€) = Po, (Yx — hi(§))
and the bank of EKF likelihood approximations’ (see Eq. (10))

PERE(YE(E) = Poy, (Y — I () — Hin (€ — i p))-
Then
E’E;B“’“(f) - F,;:r_ (f)NjO’OO-

OHere sign / <’ is interpreted elementwise.

7Note that current approximation is also a function of index i (see Eq. (10)).



Proof: 1t is enough to show that

/ ’p yxl€) pEKF(yk|5) ( )df 7 0
Now
/‘p(yklﬁ) — ke (Yk[€) [Pz (£)dE
Ty, Ty, i
< ZZﬁuk% k /‘N o Rjji (2i) 21{ (€)dg
j=1i=1 o
_ % %: ﬁ] kat k
s det ( 27rR,;C
exp (~5lal3 1 ) —exp (—3llal3 ) ) | NG (€
P Rk ) TP TR ) e
_ ﬂi ﬁzk ﬁ] kal k
== det ( ZTrRJk
where z = yi, — hi(§), Zi = yr — hae(fi; ) — Hiw (€ - ﬂl_k)

and ¢; ; is

1 1, Iy
[l (-31:12.) oo (~ghal ) N2 @ae

It is easy to see that

€5 < 1. (16)

Based on the assumptions (see p. 4) we know that almost all
Bk have a neighbourhood C; such that

€7 hy (2)€] < en€” { Taxa 8 }g, for all £ € R (17)

where cy is some constant, j € {1,...,ny}, n, is the number
of measurements (length of vector y), d see p. 4 and = €
C;. We select C; such that it is as big as possible (union
of all possible sets). Especially we see that if z € C; then

T1:d

T

The index set I; contains the index ¢ if both inequalities (14)
and (17) hold, the rest of the indices belong to the index set
IQ. Now

[1ptunl) — prce(unle)l, (€1

D D) PRI

]1L1

€ C;, where & € R"~% is an arbitrary vector.

BJ kaz k
det (27R; 1)
<16> Bk

Dy yr LU -
j=liel, det (2R 1 zEIQ det (ZTI_{k)’

where det (2rR)) = min; det (27R; ). Since almost all
indices belong to the index set I,
ar
. — — — 0.
ieL, 1/det (27Ry,) N—oo

Appendix C (Lemma 27) shows that ¢; ; P 0 when 7 € I.
—00
0

D. Convergence results of Step 4 (reduce the number of
components)

eat W+ + v+
Here we show that if ] — T exact then z;7 — Th exact
N—o0 N—oo

First we show that if ik'*' -, :E;f,:cxact then iLNL x;cxm,
co "N—oo ™
(Thm. 14), see Eq. (12).
Theorem 14 (Forgetting components): 1f

then

(See Sec. III-D1.)
Proof: Take arbitrary € > 0, then there is an n; such that

|For (&)=

"k exact

Fer (9] <

l\)lm

for all £ when N > nj. Now

For (6= Fyt (€]

k ,exact

=1Ey (O = Fop () + Foy () = Fiy (©)]
<F (O = For (O] + | (€) = Frr ()]

€ 1

=atan=©

for all ¢ € R™, when N > max(nq, 1). This completes the
proof (see Def. 8) C

Theorem 15 (Merging components): If

7+ Y, .t
'Z‘k (N xk exact
then
of o

Nooo "k ,exact”
(See Sec. I11-D2.)
Proof: Based on Thm. 14 it is enough to show that

|Fot (&) = For (O] ;2 0,

N—o0

for all £. Because all cumulative density functions are contin-
uous and

I —az,mnﬁmm
N—oo

”E: 11 m” — 0 and

”2; - 71,1 m” — O

then

This completes the proof (see Def. 8). C



V. BOX GAUSSIAN MIXTURE APPROXIMATION

In this section, we define the Box Gaussian Mixture Ap-
proximation (BGMA) and present some of its properties.
Finally, we show that BGMA converges weakly to the original
distribution.

Definition 16 (BGMA): The Box Gaussian Mixture Ap-
proximation of z ~ N, (u,X), note n 2 ng, where ¥ > 0,
is

N ~ M, pis Xi) i, (2n241)4)

where the multi-index i € Z%, with d < n and [|if s < N2
The parameters are defined as

o = /A Pa(€)de,

pi= [ €22 8ag, ana ()
A4, Qi
2= [ (- me -
A;
where the sets
A = {z]i(i) <Az —p) <u(i)},
constitute a partition of R™. We assume that A = [ Ay 0 |,
A€ R4*4 and
AYAT =1 (19)

Here the limits /(i) and u(z) are

—0, ifi; = —N?
1) = Lo L otherwise
N T 32N -
@Wy=1 % ifi; = N?
u; (1) = ] . i
g %+ 5%, otherwise

Now we show that the assumption Eq. (19) enables feasible
computation time for the parameters of BGMA.
Theorem 17 (Parameters of BGMA): Let
N ~ M(a, i, Zi) (4,282 4+1)4),
be the BGMA of x ~ N,,(u, X), where ¥ > 0 (see Def. 16).
Then the parameters are

d
o = H (@ (u; (1)) — 2 (1;(2))),
Wi =p+ YATe;, and

T =% - SATAAY,

-/ Oo NO(E)de,

A= diag(év + diag(e;el)),
3007 _ o bu(i)?
, and
u; (i) — ® (15(2)))
Jem 2 (D [ ()e~ 2l
@ (u() = @ (5()

where

ij
5 _Z J“J

where ¢; € R is the jth column of the identity matrix I. The
sets A;, and limits {(¢) and (i) are given in Def. 16.
Proof: We use the following block matrix notation

Y11 a2 1 Ay 0
N = , A= _ )
{ Yo1 a2 ] [ DYy %! D
where D = (222 221211 212)75. Because ¥ > 0 then

D > 0. We see that AXAT
transformation

I. We use the variable

Z=Alx—p).
Because « ~ N(u,X) then & ~ N(0,I), and if x € A; then

T € B; and vice versa. Here
:|<x<|:UZ):|}.
00

-l

—00
Now we compute parameters Eq. (18)

zg

a; =Pz eB;)=

/LZZ}J,+/ A~y

5, = AL / (77—61')(7)—6)sz( ) dyA-T
B;

=Y - SATAAY.

(<1’ (uj (@) = @ () »

pz77

dn=p+ XA e,

Here we have used the knowledge that A=t = S AT, C
In Fig. 1, we compare the density function of the Gaussian

distribution
0 13 12
=~ ([0][35))

and the density function of its BGMA with parameters d = 2,

N =2 and
g0
13
A= 12 Vi3 |-
5v13 5

Fig. 1 shows the contour plots of the Gaussian and the BGMA
density functions such that 50% of the probability mass is
inside the innermost curve and 95% of the probability mass
is inside the outermost curve.

Theorem 18 shows that BGMA has the same mean and
covariance as the original distribution.

Theorem 18 (Mean and Covariance of BGMA): Let

TN ~ M(ay, pi, %i) (5,282 +1)) 5

be the BGMA of z ~ N, (11, ), where ¥ > 0 (see Def. 16).
Then

E(zy)=p and V(zy)=2X.
Proof: Now
B(ry) ™ Z  Det.16 Z / fpz

72/ P, (€)dE = /épz £)de = p,



= = = Gaussian

Fig. 1. Example of the BGMA

and

Vien) ™Y (S G o) = )
= Za (B + pipi — )")

PR ( /A (e — n ™2 ag 4y - u)T>

«;
Def. 16 S /Av &sza(,é)dg — "

- / E€Tpa(€)dE — T = 3.

O
Lemma 19 considers bounded boxes of Def. 16, i.e. boxes
with parameters d = n and ||i| < N2. Lemma 19 shows

that a ball with radius ry, = m fits inside all boxes, and

all boxes fit inside a ball whose radius is 7oy = QﬁHA_lH.
Note that the proportion of these radiuses ;& = —=-— does
not depend on the parameter N. Here x(A) = ||A|[||A~Y]| is
the condition number of matrix A.

Lemma 19: Let

1 1
=9 — == r< —
A {T‘ 2Nl<AT_2N1},

Bin = {a|lloll < 7} and Row = {aflo] < rou},
where 1 is a vector allof whose elements are ones,
1 vn
n = 5T Tow = S [[AT
= SNpAp T an Al
and A is non-singular. Now Rj, C A C Rou.
Proof: If x € R;, then
1
Az|| < ||A|l]lz|] < —=.
Al < IAll2] < 5
So Ry, C A. If x € A then

1 NG
z|| < ||A: < “L < YA
2] < [[Az|[[|AT7]] < ||2NlHHA I < 2NHA I

So A C Roy.- |

Corollary 20 considers the center boxes (||i]jcoc < N?) of
BGMA (Def. 16) and shows that the covariances of the first
d dimensions converge to zero when N approaches infinity.

Corollary 20: Covariances ¥; are the same as in Def. 16.
Now

Yi;; — 0, when |il|oc < N2

=1

Proof: Because

d

Pa
> S :/ [[€1:a 7/L771:d||2ﬁd§
j=1 A

o
Lem. 19 d - Pz (€
27 [ APt
d, .
= WHAUIHZ

then Z‘ji:l Eij’ijo)oo’ for all [|if s < N2 C
Theorem 26 (see Appendix B) shows that the BGMA
converges weakly to the original distribution when the center
boxes are bounded. Theorem 21 uses this result to show that
BGMA converges weakly to the original distribution even if
all boxes are unbounded.
Theorem 21 (BGMA convergence, Gaussian case): Let

N ~ M(o, i, Zi) (i, (2N241)4)
be BGMA of z ~ N, (p, X), where ¥ > 0 (see Def. 16). Now

w
N — .
N—oo

Proof: First we define new random variables

T = A(x—p) ~N(O,I)
Zn = Alen — i) ~ M(ai, A(ui — ), AZAT) a2 41)0)s
where A is defined in Thm. 17. Note that AX; AT are diagonal

matrices. It is enough to show that (because of Slutsky’s
Theorem 10)

and

— w —
TN — T.
N—oo
Let Fiy and F' be the cumulative density functions correspond-
ing to the random variables Zy and Z. We have to show that

Fn(2) o F(z), vVzeR™ (20)
Because
T T2
Fu@) =Y [N ) [ N
:GN(fl)/ N (n2)dn,

F@) = [ Nan [ Nw)dn

—00 —o00

T3
—GG@) [ N,
} , it is enough to show that

@1

— w —
lNl:de’oc'led



Based on Thm. 26 (see Appendix B), Eq. (21) is true, which
implies the theorem. il
Corollary 22 (BGMA convergence, GM case): Let

ZjN ~ M(a, i, Zi)(i7(2Ng+1)d)

be the BGMA of z; ~ N,(u;,%;), where £; > 0 (see
Def. 16). Let x be the GM whose density function is

N
_ CNHI
pe(§) = Z Q; sz (6).
Jj=i
and z be the GM whose density function is

N
Dxn (f) = Z APz N (f)

Now
IN —
N .
N—oo

Proof: Take arbitrary e¢ > 0, then there are nj,
j=1,..., N, such that (Thm. 21)

|2, () = Fay oy, (€)] < e, @2)
for all j and &, when N; > n;. Now
N,
IFa€) = Fan (€)1 = | 3 (Fo,(O) = Fiy9)|
j=1
N
< Zaj‘Fz] (5) - FZJN(€)|
j=1
@ e
< Qi€ =,
j=1
for all ¢, when N > max;{n,}. O

VI. BoX GAUSSIAN MIXTURE FILTER

The Box Gaussian Mixture Filter (BGMF) is a GMF
(Sec. III) that approximates the prior z;; as a new GM
(Step 2 in Algorithm 2) using BGMA (Sec. V) separately for
each component of the prior. Section IV shows that BGMF
converges weakly to the exact posterior distribution.

VII. SIMULATIONS
In the simulations we consider only the case of a single

Tu

time step. Our state x = consists of the 2D-position

u
vector 7, and the 2D-velocity vector v, of the user. The prior

distribution is

100 90000 0 0 0
v o N 10 0 7500 0 2500
v 10 '] o 0 1000 0 :
10 0 2500 O 7500
and the current measurement (see Eq. (8)) is
500 [I7ull 0000
0 B 0 " 0 1 0 N
o |~ | o 0010]|"""
0 0 00 0 1

where v is independent of x and

0 10 0 0 0
0 0 10° 0 0
NI ol 0 0 10
0 0 0 01

So now d = 2 and n = 4 (see Def. 16). The current posterior
of the 2D-position is shown in Fig. 2. We see that the posterior
distribution is multimodal.

1000

-500

-200 r
r -1000 1
2

Fig. 2. The posterior of the position.

Now we compute the posterior approximations using BGMF
(Algorithm 2 steps (2) and (3)) and a Particle Filter [18].
BGMF uses BGMA with parameters N € {0,1,2,...,9};
the corresponding numbers of posterior mixture components
are (Def. 16)

neomr € {1,9,81,...,26569} .
The numbers of particles in the Particle Filter are
npr € {2%-100,2° - 100,...,2'7- 100} .
We compute error statistics
P (2ie € C) = P (app. € O);

where the set C' = {x ) ez — 600] < 100} (see Fig. 2). We
know that P (2. € C) &~ 0.239202. These error statistics are
shown as a function of CPU time in Fig. 3. Thm. 9 shows
that these error statistics converge to zero when the posterior
approximation converges weakly to the correct posterior.

Fig. 3 is consistent with the convergence results. It seems
that the error statistics of both BGMF and PF converge to
zero when the number of components or particles increase.
We also see that in this case 210 - 100 ~ 1e5 particles in
PF are definitely too few. However, BGMF gives promising
results with only 81 components (N = 2) when CPU time is
significantly less than one second, which is good considering
real time implementations.

VIII. CONCLUSION

In this paper, we have presented the Box Gaussian Mixture
Filter (BGMF), which is based on Box Gaussian Mixture
Approximation (BGMA). We have presented the general form



n=13e6

10° 10" 10 10
CPU time (s)

Fig. 3. Simulation results of BGMF and PF.

of Gaussian Mixture Filters (GMF) and we have shown that
GMF converges weakly to the correct posterior at given time
instant. BGMF is a GMF so we have shown that BGMF
converges weakly to the correct posterior at given time in-
stant. We have illustrated this convergence result with a tiny
example in which BGMF outperforms a basic particle filter.
The assumptions of BGMF fit very well in positioning and
previous work [27] shows that BGMF is feasible for real
time positioning implementations. BGMF also has smaller
computational and memory requirements than conventional
GMFs, because it splits only those dimensions where we get
nonlinear measurements.

APPENDIX A
PRODUCT OF TWO NORMAL DENSITIES.

The aim of this appendix is to compute the product of two
Gaussian densities (Theorem 25).
Lemma 23: If A > 0 (s.p.d.) then

la£ A7 0|3 = aTAa +207a + b7 A h.
Proof:

la+A"B|3 = (a+ A0)" A (a+ A D)

=a"Aa+adTv+bTa+bTA D
=aTAa+20Ta +bTA YD

Lemma 24: 1f X1, > 0 then
= s+ lly = Bl = o= 3+l — Hll

where
p=p+K(y—Hp),
Y3 = (I - KH)XZy,
K =x,H'2 !, and
¥, = HS HT + 5.

Proof:

|z — ltﬂél—l +lly - Hﬂl’||§2—l
Lem. 23 xT(El_l + HTEQ_IH)LI]‘ - 2(;LT21_1 + yTEQ_IH)az
F TS TSy Yy

Lem. 23

& = Cel|g-r — " Cet ST n+y" 5ty

where ¢ = X1 + H'S; by,

C=CEr +H'S'H) !
2y -5 HTHS H + 8,) 7 THY,
= (1-KH)%; = %3,

in step *x; we use the matrix inversion lemma [34, p.729].

Ce=(1-KH)Z (57 'p +H S5 1y)
=(I-KH)p+ (I-KH)Z,HTS; Yy
= (- KH)p+ S H'S Yy - K(54 - 52)55 1y
=(I-KHp+ 2 H' Sy — 5 HT S My + Ky
=p+Ky—-Hy)=n
and

¢"'Ce= (87 +H'S; )" (1~ KH)u + Ky)

= (WS +y S H) (- KH)p + Ky)

=p ' E -HES e+ p B Sy
+yT (25 H — ;' HKH) 4 y7 25 tHKy

@) fL (S - TS )+ pTHTS Yy
+y S Hp + T (55 - 20y

=TSty — 2uTHT Sy + W THT S T HY) .
+y' Sy

= Iy = Hyl§ 0 + vy + TS

Yy HK =25t -t (23)
C
Theorem 25 (Product of two Gaussians): If ¥1,32 > 0

then

T i H
N& () N§7 (y) = N&_(2) NiH(y).
where
= p+ Ky —Hpy),
Y3 =(I-KH)%,,

K =0Ty, and
v, = HS HT + 5,.



Proof:

NE, (#) NE ()
— e — ull2 T 9
_ oo (e pl) e (3l — Hall)
@m)FVdet(S)  (2n)F /det(Sy)
remae &P (e A ) exp (4l — Bl )
(277') o (271') 3 det(zl) det(22)
ap 0P (3l ) exp (sl i)
(2m) % \/det(Z3) (2m) % \/det(Ty)
= N, (@) N3 ()
where n, and n, are dimension of x and y, respectively.
det (3 det(Eg)

- S0

= det 0 22}>
B [T 0 0
=det{| IH 0

et (] = > HT
“\| HE, HZHT 4%,

(1 K Y3 0
0 I HY, X4

= det 23) det(24)

= det
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APPENDIX B
BGMA CONVERGENCE WHENd =n

Theorem 26 (BGMA convergence when d = n): Let
N ~ M(ai, i, 8i) ,2n241)4)
be the BGMA of z ~ N, (11, X), where ¥ > 0 (see Def. 16).

We assume that d = n. Now

TN —

NN*)OO ’

Proof: Let Fiy and F be the cumulative density functions

corresponding to the random variables z and z. We have to
show that

Fy(x) — F(x),

N—oo

Va € R". (25)

Let € R™ be an arbitrary vector whose components are x;,
and define the index sets
IN(z) = {ilp; < vand ||if oo < N2},
OUT (x) = {ilp; £ wand [iflc < N},
OUT;(x) = {i|(11s); > xjand ||i|c < N?}and
OUT;(x) =
{ilirin < (pa); — 2 <

where 1y, = m and less than or equal sign 7 <" is
interpreted elementwise. First we show that

Z a; — F(x)

i€IN(x)

(14 D)ripand ||i]| o < N2,

(26)

Now

F(«T - 27'01.111) — €edge < Z a; < F(‘T + 27‘Ollll)v
JEIN(x)

where 7oy = QV—I(_,LHA*H and

€edge = Plze U A;
llilloc =N?

We see that 7o — 0 and €egge — 0. Using these results
N—oo N—oo

and the continuity of the cumulative density function F'(x)
we see that equation (26) holds. So equation (25) holds if

en(x) = Z alN?;oO Vo € R™.

i€IN (x)

@n

Now we show that this equation (27) holds. We find upper
and lower bounds of e (). The upper bound of ey (z) is

en(a) = /}E _ Pan(§)€ ~ > ow

i€IN(x)
< Cedge + / < > i N (§)dg
£z 1€OUT (z)
< €edge + Z/ N;ZZ (é)df
<z 7,EOUT7 (z)

o NE (§)dg
1EOUTl (z)

= €edge TN Z/
§j<wj
+irin
i NI (&) dg;

< Cedge + 10 Z /
LEOUTI<.E)
< €Eedge + nZ / * (1) dyormax
y<0

(28)

j S

@9 K(A)V2mn + 2
< Cedge + 1 <()4> Qmax)
where

Y

iEOUT; (z)

< sup (P (|lzj —¢| < 4row)) -
J,ceER

Qmax = SUp
Jil



and

29
o 2
1 Tin
= §Zexp (2 (lm> >
1=0
1 o 1\
<> (1 =
2 +/O exp< 5 (lrom> )dl)
Lem. 19 [ K(A)V2mn +2
o 1 .
The lower bound of ey (z) is
@)= [ pn©k- 3 a
= i€IN(z)
2o [0S g
€42 i TN ()
> —Z/ Z o N;Z (§)d¢ (30)
§=17&>%i ieIN(a)
-1
>on 3 [ N
= Jesa, T
29 (K(A)\/ 2mn + 2)
Z —-n f Qmax

So from equations (28) and (30) we get that

k(A)V2mn + 2
len ()] < €cgge + 10 (%) Omaxs

because €cqge — 0 and amax — 0 then ey () — 0. Now
N—oo N—oo N—oo

using Eq. (26) we get

Fn(z) — F(z), VYzeR™

APPENDIX C
LEMMA FOR UPDATE STEP

Lemma 27: Let €;; = [ xdx, where®

1 1.
exp (~glel ) = enw (5102 )

z=y—h(z), Z =y — h(u) — W () (@ — ), i € I (see
Thm. 13). Now

* = Ng (2)

)

€,j — 0.
Z’JN*)OO

8Here we simplify a little bit our notation.

Proof: First we define sets C; C C; which become
smaller when N becomes larger.

Cir = {x H[ Lixa 0] (x*lh)H < %}

where i € I1, k > knin and

_ nyen3VIRGIIRG I +2) =
kminfmjax <\/ 5 , HR]' (NE

(E1Y)

Because C; ; C C; the Hessian matrices h1"7~'(.1:) are bounded
when 2 € C; i. So there is a constant ¢y such that (17)

T 7| laxa 0O
€7 R (2)€| < eng { 0o |& (32)
where j € {1,...,ny}.
Now
€5 :/ * dx +/ * dx. (33)
Cik CCi

We show that fC,,k *dwkjo;O and fCCY.k, * de:CO for all

k. We start to approximate integral fc, . *dz, and our goal is
to show that [, * dz — 0. Now
JCik k—o00

[ rar= [ Ne@ls@lae ey
Cik Cik

where

1 1
fij(@) =exp <75||ZH§J_,1> —exp (75\\2 + <i|\§;1>.,
Gi = h(z) = h(p) = b (i) ( = pi).
(35)

Using Taylor’s theorem we get

Ty

1
G=> ejg (@ = ma) R (%) (@ = ),

Jj=1

where Z; € Cj, for all j € {1,...,n,} and e; is the jth
column of the identity matrix I, xy,. Now

NGl < Z §(I - ,Lti)Th;'/(fj)(aj — ;)
=1

(32)

H — )P (36)
£ P e 0]

where k > kpin. So ||<Z\|k—> 0, for all i € I when z € Cj .

Now we start to approximate f; ;(z), our goal being Eq. (44).
We divide the problem into two parts, namely, [|2]|% . > &

and ||z||2_, < k2. First we assume that ||z[|2_, > k2. Now
J J

2
—1 2
R; k (31) 37)




and using Eq. (31), Eq. (36) and Eq. (37) we get

lGill< m]_in (38)

1
Lzl == | -
( 3VIRS IR

Now

e+ GillZ s = Nzl

= [227R G+ G
< @2l + G IR MG

) _
< 3ll2IR; G

“0) . .
< ByVIR I 2l IR G
J

(=12 -1 =k*>1)

(39)

(38) J
< z||% < P
< /I ||RJ1 < o 2l

Here we used the inequality

Wl

2_ Tp~3ip n-

2" = 2 R; *RyR;
1

< IR IRy 2 20 = 1Ry 1215

2z

(40)

So when |22 _, > k* we can approximate Eq. (35) as follows
7

fii(@)
L2 1 2
<exp | —llzllg-r ) Fexp ( —Sllz + Gllz-1 )
2 J 2 J

(39) 1 k—1
<o (- 5lleli ) beww (I ) @D

2 2
1212y 2k o
)

]g 2 exp <7
Now we assume that HzH?{,l < k2, then
J

e+ Gl =

22"R; G+ HQHQR;

40) .
< 2R IR+ NG ) IR HIGH

. “2)
(€ 1, NyCH
< (2y/IRjllR +lIGH ) IR =4
2%
(38) _ 1, NyCH
1 Y

< (2yimsti+ 1) I 1

1
SQCmaxgv

where Cpax = max; (2\/“Rj“ —+ 1) HR;IH% So when

||ZH§{,1 < k2, we can approximate Eq. (35) as follows
J

1 1
fi,j(x) < ‘1 — exp (5“2”212;1 - 5“2 + CZ“%;I)‘

(4<2) 1 1 3)
= exp CmaxE — 1.
Combining these results we get that if & > Kp,, then
k2 —k
fi,j(x) < max (2 exp (f 5 ) Ve
X (44)
€xp (Qnax%) - 1)
Using this result we get (Eq. (34))
[ orto= [ Ne@iss @l
Cik Cik (45)

< max Xp | — , €XP | Cmax7 | —
2 k

and then [, *dz—0.°
ik k—o00 .
Finally we approximate the second integral [;., , xdx of
Eq. (33) and our goal is to show that ch’ L* da:N—> 0, for
ik oo

all k. Now

/ * dz < / N§ (z)dz
CCix CCi

= P(I S CCZ,;C)

1

_p (!I[ Tixa 0] (@ —pm)| > E) .
We know that (see Sec. IV-B, Sec. III-B (conventional approx-
imation) and Corollary 20 (BGMA))

d

Z(Zi)jJN—) 0, Vi € Is.

— 00
j=1

(46)

Using this information, Chebyshev’s inequality and

[ Lixa 0 ](z—p)~N <07(Ei)(1;d,1:d)) )

we see that fGC . *dzN—> 0 for all £ and ¢ € I;. Collecting
these results we get Eq. (3036) €id 0.
C
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9Actually it is straightforward to see that this integral converges to zero
because f; j(pi) = 0 and function f; j(x) is continuous. However based on
Eq. (44) we have some idea of the speed of convergence.
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