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Abstract

With computational power doubling every 1.5 year, non-linear filters are gaining impor-
tance and popularity. This facilitates the emergence of new ideas in control theory, artificial
intelligence, image processing, and more specifically in object tracking. A widely accepted
broad framework for studying non-linear filtering is that of the framework of discrete-time
Hidden Markov Models (HMM).

In this thesis we will consider non-linear approximate Bayesian filtering applied to
the state estimation problem of continuous state-space HMMs. Bayesian filtering is the
process of calculating the posterior given a model and a prior. In approximate Bayesian
filtering only approximate knowledge of the HMM generating the observations is available
to the observer. One problem that we will consider in this thesis is the Bounded Input
Bounded Output (BIBO) stability of the certainty-equivalence Bayesian filter, i.e., if the
error of the response of the certainty-equivalence Bayesian filter can be bounded by the
approximation error of the model, uniformly in time. The filter’s stability properties shall
be related to the ergodicity properties coefficient of the Markov process corresponding to
the filter-dynamics. The stability analysis will also be extended to the practical case when
the filter response is calculated approximately e.g. by means of a sequential Monte-Carlo
algorithm. Interestingly, no similar stability analysis existed in the literature prior this
work. Convergence, stability and finite-sample size bounds are derived.

An algorithm, called LS-N-IPS, extending sequential Monte Carlo Bayesian filtering is
proposed and is shown to be more efficient than the baseline algorithm when the observation
density function is sufficiently “peaky”. The algorithm adds local search to the baseline
algorithm: in each time step the prediction of the approximate model is refined in a local
search procedure that utilizes the most recent observation. It is shown by means of a
heuristic argument and some numerical examples that the algorithm is indeed superior
than the baseline algorithm.

Experiments are performed on various visual-tracking problems. In one set of experi-
ments an artificial object with a homogeneous color is tracked, whilst in another set the
tracking of the hand of a human being is considered. The state space of tracking is chosen
to be the multi-dimensional manifold encoding the position, orientation, scale and the ve-
locity of the object to be tracked. The observation model is based on a spline model of the
object’s shape combined with a color-model, the observation density being modeled in a
somewhat ad-hoc way assuming quasi-independence of parts of the contour being far away
of each other, and independence of the object’s color and contour. Dynamics is modeled
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by means of a MIMO AR(2) model.

Experiments are performed in a natural, cluttered indoor scene. Tracking performance
in terms of total tracking time, recovery time after occlusion, and behavior in the presence
of ambient illumination changes were studied. Results show a significant improvement as
compared to the behavior of the baseline filtering algorithms.

In summary, in this thesis:

1.
2.

We prove a new robust stability theorem concerning particle filters.

We discuss the limitations and possible extensions of the proven theorem.

. We propose a new particle filtering algorithm (LS-N-IPS) and show that it is sig-

nificantly more efficient than its closest relatives provided that the observations are
“reliable”.

. We propose an implementation of the newly proposed particle filter for visual object

tracking based on a combination of Gaussian color, and B-spline contour models.
We derive an algorithm for approximating the matrix that transforms support points
into control points in an efficient way:.

. We show that the proposed algorithm significantly outperforms baseline algorithms in

tracking visual objects in natural indoor environments. In particular, we demonstrate
near real-time tracking performance without the use of (unreliable) color information.
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Chapter 1

Introduction

1.1 The Filtering Problem

Let us consider the discrete time stochastic system

Xip1 = f(Xy) +V,, (1.1)
Yi = g(X)+ W, (1.2)
where t = 0,1,2,... denotes the time and V;, W, are martingale difference series such that

the observation density p(Y; = y|X; = x) exists. X; € X is called the state of the system
at time t, X is called the state-space, Y; € ) is called the observation at time t, ) is the
observation space. In this report ) and X will be taken to be measurable Polish-spaces
with the Borel sigma algebra, unless otherwise noted. f : X — X', a measurable mapping,
is called the dynamics of the system and g : X — ), another measurable mapping, is called
the observation model. The pair (f, g) is called the model of the system.

The filtering problem consists of the estimation of the posterior distribution of X; given
the past observations Yy, = Yy, ..., Y;. The posterior at time step ¢ will be denoted by 7,
(supressing the dependence on the observations Yy, and the model f, g) :

Wt(A) = P(Xt S AD/O:t)J

where A C X is any measurable subset of X.
The filtering problem has an analytic solution that can be obtained by the repeated
application of applying the Bayes-theorem:

- . GY;‘,-H Fﬂ't
T Gy Fr)(X)

where F, G, : M(X) — M(X) are defined by
(Fr)(4) — / K(z, A)dn(z), (1.4)
) = [ gole)into) (15)

(1.3)

1



2 CHAPTER 1. INTRODUCTION

Here K (z, A) is the (transition) kernel associated with (1.1) and g(y|x) is the observation
density: g(ylz) = p(V; = y|X; = 2).!

Unfortunatly, the solution of (1.3) cannot be computed analytically except in a few
exceptional cases when e.g. the model is simple, like in the case of Kalman filters, or when
the state and the observation spaces are finite and small. In practice, these simplifications
are often invalid and may lead to large errors in the estimates. Therefore a large body
of current work in the filtering literature is devoted to the approximate solution of this
equations.

1.2 Visual Tracking as a Filtering Problem

Visual tracking of objects can be cast as a filtering problem as follows: In a typical tracking
problem we are interested in the position, pose, and velocity of the object to be tracked,
in the outer 3D space, i.e.: the state X; will correspond in this case to the concatenation
of the position, pose and the velocity information. The observation, Y; shall correspond to
the observed image at time step t. Equation (1.2) tells us that this image can be obtained
as a function of the state of the system, plus some noise.

Knowledge of the posterior distribution, 7, shall allow us to derive all kind of properties
of the state of the system. We can, for example, compute the expected value of the state,
E[X;|Yy.]. Given m; one can also compute higher order moments of it, e.g. the variance,
ete.

What assumptions do we make when we cast the tracking problem as a filtering prob-
lem? Although, the autonomous state evolution model itself can be demanding on its
own right (most objects to be tracked do interact with other objects - a fact not captured
by Equation (1.1)), the validity of the observation model puts a larger constraint on the
system. If, the "background” is not static, but if there are non-random (e.g. periodic)
elements of it then there will be no function g such that the observation equation will be
satisfied.

Typically we are going to work with linear dynamics and non-linear observation models.
The highly non-linear nature of the observation model prevents us from using Kalman-
filtering and simple extensions of it. In particular, in visual tracking the posterior is often
multi-modal. Hence the need for advanced methods.

In visual tracking, the most complicated model is the observation model itself. In this
report, we will work with contour (shape) and color observation models. The contour model
we use will be similar to that of Blake and Isard [1] in that we will use splines. However, we
devoted a great deal of work to overcome one problem with the Blake and Isard approach,
namely that they define the splines by means of their control points. Splines defined
by their control points provide a natural and mathematically elegant parameterization of
spline curves, but has serious deficiencies as first class shape models. For example, they
are not guaranteed to be loop free and their smoothness is largely uncontrolled. This is

n the literature Equation (1.3) is sometimes called the Zakai equation, or the Feynman-Kac formula
for the posterior. Equation (1.3) also arises in biological studies, e.g. in the theory of genetic algorithms.



1.3. FILTERING WITH APPROXIMATE MODELS 3

not problematic as long as the shape to be tracked is convex. Since we want the model to
be able to track e.g. human hands with opened fingers, we need a better model of shapes.

Therefore, we developed a shape-model that uses interpolating splines defined by their
support-points as its starting point and which also guarantees that the generated spline
will be loop-free. For the sake of keeping the efficiency of the algorithms, we propose an
algorithm that is capable of approximating the splines with a small error and is computa-
tionally efficient.

1.3 Filtering with Approximate Models

Where do the dynamics and the observation models come from? In certain cases, we have
some cues about the dynamics of the filter to be tracked (e.g. we know that the state
evolution is subject to Newton’s laws), or we have some cues about the observation. Still,
in most of the cases we do not know the exact models, and thus we must first identify the
system.

No matter how we do that, in fact, the best we can hope at the end of the identification
process is to have an upper bound, or tolerance on the error of approximation of the derived
models. We must then use approximate models instead of the true (unknown) ones in the
filtering process.

The question then arises about the effect of the approximation error. Can this effect
the filter in a bad way? Or is it always the case that approximation errors are harmless
from the point of view of filtering error?

We are going to use the properties of the Hilbert-projection metrics to show that if the
original system dynamics is "nice” enough then the approximation errors do not accumulate
and are indeed harmless. More exactly, we are going to bound the filtering error in terms
of the approximation error of the models. Looking at the error-equations, if the filtering
error is viewed as the input and the approximation error as the output then our result can
be regarded as a bounded-input bounded-output (BIBO) stability result.

The theory that will be developed here is far from being complete: we know of classes
of systems about which we believe that their filtering equation is BIBO-stable but which
lie outside of the realm of our theorems. In pursue for the full characterisation of systems
having a BIBO-stable filtering equation, we give a number of counter-examples when the
filtering equation will not be BIBO-stable.

1.4 N-IPS: Approximate Filtering by Sequential Monte-
Carlo Methods

As it was noted above, the exact solution of the filter evolution equation (1.3) is not
feasible in general. One approach to overcome this problem is to use sequential Monte-
Carlo methods to sample from the posterior. The underlying idea of sequential Monte-Carlo

methods is that if one has an unbiased weighted sample (Xt(i),wy)),z’ =1,2,...,N from
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the posterior 7, (i.e., B[S, f(X}' = [ f(z)dm(z)) then an unbiased sample from
;1 can be generated by the followmg two—step method

1. Prediction: X\, = f(X)+ V¥ i=12... N,

2. Evaluation: w,ﬁf@l x wﬁi)g(YgH\Xt(?l), i=1,2,...,N.
In the evaluation step the weights are normalized so that they will sum to 1. Elements
of the sample (Xt(l)) are tradltlonally called particles and the filtering method is called
particle filtering. Here V are random variables having the same law as V;.

Although, over finite intervals this method might work well provided that the number
of particles, N, is large enough, it will not work over unbounded intervals of time (i.e.,
when one does not know a bound on the filtering interval) since, in order to generate a
bounded tracking error, the number of particles should scale, in general, with the length
of the interval. Therefore this simple method is not practical in general. The problem of

this method is that given any finite sample size the weights wt( D will degenerate: wg will

converge to 0 except for one index, for which wlfi) will converge to 1.
In order to prevent this degeneration, a resampling step was introduced into the above
procedure. In its simplest form the resampled particle filter (or the “interacting particle

system” or N-IPS model? [12]) assumes the form:
1. Prediction: X, = f(X)+ V¥ i=12... N,

2. Evaluation: wﬁgl x g(YtH\Xﬁgl), i=1,2,...,N,

. , o
3. Resampling: Sample j§21 from (w&)l, ﬁ)l, . wiivl)) and let Xt(i)l = Xt(itfl), i =
1,2.... N.
Xél), . ,XéN) are assumed to be generated according to a common law, 73" = 7.

A Dbasic result of del-Moral, which will be quoted in its exact form in Section 2.2,
concerns the uniform convergence of this filter. The first observation, on which that result
is based is that the posterior of (Xt(l), . ,Xt(N)),

pN(A) = P((x, . xY) e AlYoy)

follows closely the form of Equation (1.3). Let

N
0 (Ar x Ay x . ox Ay) = [ 7' (4)
=1

and

p (A x Ay xox Ay) = [N (4,

2 As noted by del Moral, the model also incorporates certain genetic algorithms and other randomized
optimization methods.
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where )
N P .
m(A) =+ > Ty (A),
i=1N
and where 7, denotes the counting measure that assigns a unit mass to sets containing x:

7:(A) = xa(x) (xa denotes the characteristic function of set A). By simple calculations
one then gets

o J9Yilx)dnf(x)
i.e., 7 satisfies the filter evolution equation (1.3).
The BIBO result proved by del Moral [12] can roughly be stated as

Theorem 1.4.1. When the functions g(-|z) and the Markov transition kernels K(z,-) are
“sufficiently reqular” there exists an exponent o > 0 and an index Ny > 0 such that for
any bounded measurable function h

supE(|/hd7riv—/hd7rt|K);t) = (||h||°°>,
t>0 N«

where N > Ny and 7, is the posterior computed by (1.3) and 7Y is the empirical distribution
corresponding to the particle filter.

This theorem assumes perfect knowledge of the system to be filtered. As we argued
above, this is an unrealistic assumption. A result of primary interest concerns N-IPS where
in the algorithm approximate models are used. We shall prove the following theorem:

Theorem 1.4.2. Assume that the functions g(-|x) and the Markov transition kernels
K(z,-) are “sufficiently reqular” and they are approximated with some models § and K,
respectively, with tolerance 3 (in some distance measure measure to be defined later). Then
there exists an exponent o > 0 and a constant 0 < 7 < 1 depending only on K such that
for any bounded measurable function h

X 5exp(2Y) 473
E hdzN — | hdr, | Yy,) = 8
e ( / e / | You) NaZ T log(3)(1 = 1)

where N > 1 and where 7l is the empirical distribution that corresponds to the particles

when the approximate model (g, K ) is used in the course of updating the particle positions.

1.5 LS-N-IPS: A Sequential Monte-Carlo Method Com-
bined with Local Search

On sequential computers the running-time of Monte-Carlo methods scales linearly with the
number of particles® In visual tracking the computationally most expensive operation is

3Note that Monte-Carlo methods are well parallelizable algorithms in general.
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the calculation of the observation densities g(Yt\Xt(i)) since this involves substantial image
processing operations. Therefore, the reduction of the number of particles is of great
practical interest (i.e., the increase of the efficiency of the filter). Since the quality of the
filter depends on the number of particles (see the results of the previous section) it is far
from being trivial if such a reduction can be achieved.

Here we propose a method which, according to our experiments under a wide range of
conditions performs significantly better than the basic N-IPS algorithm if the number
of particles is (relatively) small and is equivalent to the N-IPS algorithm in terms of
performance if the number of particles is larger.

The idea of the method is to reduce the time spent on the calculations of observation
likelihoods corresponding to particles with a small observation likelihood. Particles that
have small observation likelihoods are not likely to “survive” in the resampling time and
thus every millisecond spent on the computation of their observation likelihood is likely to
be wasted. One can imagine two approaches here, either spend less time on the computation
of small observation likelihoods or bias the evolution of the particles such that no particles
will have small observation likelihoods. In this work, we pursue this approach, giving up the
unbiasedness of the estimate of the posterior. Therefore our method can be interpreted
in the usual bias-variance framework: the method reduces the variance at the price of
introducing some bias.

The method we propose updates the positions of the particles according to the equation

X8 = Sy (F(XD) + V), Vi),

where S) typically performs local-search in a neighborhood of size A of Zt(j-)l =f (Xt(i))—i—Vt(i)

such that g(Y}|Xt(_Z21) will be larger than g(Y}|Zt(_221). We shall call this method the local
search N-IPS method, or LS-N-1PS.

As a simple example, aiming to show the improved performance of LS-N-IPS consider
the system defined by X;,1 = Vi11, Y, = X+ W,, where var(W;) << var(V;). If Sx(z,y) =y
(assuming that g(y|ly) = argmax,g(y|x)) then the local search renders all particles to Y,
ie., Xt(i) =Y and thus the estimate of the position of X; is [wdr} = Y;. Here (and
in what follows) 7/ denotes the estimated posterior corresponding to the particle system

{Xt(i) N of size N.* On the other hand the estimate of the N-IPS model is given by

N (4)
_ Y|V, .
Xt — 2 g( t‘ t ) V(’L)

SVt
i=1 Zj\]=1 SJ(YHVt(]))

Clearly, under a wide range of conditions E(|Y; — Xi|?| X;) << E(|X; — X;|*| X;) and in
this sense, the estimate of LS-N-IPS is better than that of the N-IPS model. If we assume
that V; and W, are Gaussian with respective covariances () and R then the posterior can be
computed analitically (using the Kalman-filter euqations), yielding X, = Q(Q + R)™'Y,.
Therefore X is close to Y; provided that var(W;) << var(V}).

4rN(A) = (1/N) Zf\;l XA (Xt(i)), where x4 is the characteristic function of the measurable set A.
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Another interpretation of the observed increased efficiency of LS-N-IPS model comes
from considering the effects of using approximate models. As it was noted already, in
practice one must use an approximate model of the dynamics. Now imagine that the error
of this model is higher than the variance of the noise of the observations. By the same
argument as above, LS-N-IPS will help in this case. The local search will act as effectively
reducing the error of approximation of the model of the dynamics.

Depending on the implementation of the local search operator S, LS-N-IPS might
unwantedly reduce the effective sample size This is not desirable if e.g. the observation
allows alternative hypotheses about the state, i.e., when the posterior is multi-modal. A
typical implementation would climb locally the function g(Y;|-). This can be implemented
in a number of ways. The parameter A > 0 controls how much we “trust” the observation
model (A = 0 meaning that we do not trust in it at all). In later sections we will provide
an example for the implementation of Sy for a visual tracking problem.

LS-N-IPS can also be thought of as a variance reduction technique. In the literature,
many variance reduction techniques have been developed, here we mention only the few
most relevant ones.

The first method we consider combines importance sampling (IS) and sequential Monte-
Carlo filtering. This method is called Sequential Importance Sampling with Resampling
(SIR): the proposed states X't(_?l are sampled from an appropriately chosen proposal distri-
bution that may also depend on the most recent observation Y;,;. The computation of the
weights is changed to compensate for the bias introduced by sampling from the proposal
instead of the dynamics. The problem with this method is that the proposal is usually
quite hard to design - indeed, a large body of work in the current literature is devoted to
the design of proposals. The proposal has to satisfy two competing needs: (i) sampling
from the proposal should be computationally cheap and (ii) the observation likelihoods
should increase on average (hence the variance reduction effect). Sampling from the dy-
namics is typically very cheap - in visual tracking problems it does not involve any image
processing steps. If the proposal is dependant on the most recent observation then sam-
pling becomes a problem. Typically sampling must be accomplished by a general purpose,
e.g. a Monte-Carlo Markov-Chain (MCMC) procedure which might require the evaluation
of g(Y;41]) at several points. Further, the running time of MCMC procedures is random -
a disadvantage in tasks where predictable, real-time performance is required.

Another method, closely related to the LS-N-IPS method is the auxiliary variable
method (AVM) of Pitt and Shephard [14]. AVM can be thought of as a special case
of SIR. It builds on two ideas. The first idea is to let the proposal be of the non-parametric

mixture form
N

(0

9V lpdy) i
> o XY,
i=1 Zj:l 9(Yig1lpiin)

Here f is the density corresponding to the dynamics of the model (with a slight abuse of

notation): f(zyq1|z) = p(Xyr1 = 2401| X = ) and ,ugl is an auxiliary variable: typically
F(XY or the modulus of f(--- |X™).

The second idea is to “over-sample” from this proposal, i.e., sample R >> N samples
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from it, instead of just sampling N samples. This ensures a more precise representation
of the proposal, increasing the overall filtering accuracy. Note that sampling from this
proposal does not require an MCMC method provided one can sample from the dynamics
of the model.

The last step of AVM is to compute the importance weights of the R samples and
finally to resample from these samples to get N samples.

The disadvantage of this method is that in general it requires the calculation of O(R+N)
observation likelihoods - a clear disadvantage when real-time performance is required.



Chapter 2

Theoretical Analysis

2.1 A Result on the Robustness of the Bayesian Filter

In this section first definition and basic features are discussed of Hilbert’s projective metric,
then contraction properties are stated, and finally these results are used for a robustness
proof of the Bayesian filter.

Def 1. (Hilbert Projective Metric) Let p,v € M(X). The Hilbert projective distance

between them is defined by
A

SUP ge m(x) ZE A;

inf e ) S

sup In + sup ln'u(A): sup lnMA)M(A)

h(p,v) =In
(1) b Iy Ty TS ) )

~

<
~

One of the most important properties of Hilbert metric from our point of view is that
of scale variance, i.e. for p,v € M(X) and «, 8 > 0, h(ap, fv) = h(p,v). Thus if 4 and v
are posteriors arising from the filtering problem, for Hilbert projective metric it makes no
difference whether they are normalized or not, and this fact will be convinient for us when
proving robustness result.

Note 1. If the probability measures p and v admit density, i.e.: fA f(z)dx = fA du(x) and
[y9(z)dx = [, dv(z), then Hilbert’s projective metric can be defined as

)= s S IO)
h(p,v) = h(f,g) = x,yerl g(z) g(y)

In this case for any positive function u: h(fu,gu) = h(f,g).

Another important property of Hilbert metric which makes it a very useful tool in
stability analysis is the following contraction due to Birkhoff. Let K be an integral operator,
then

hMKp, Kv) < tanh(C(K)/4)h(u, v)

9
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where

K(z,y)K(2",y)
C(K)=In sup
( ) xz,y,x Yy ex K($/> y)K(x, 3//)

The following inequality connects the Hilbert metric with the total variation norm:

2
e < 2k
| = vllrv < 3 (u,v)

assuring that if the Hilbert metric of two measure sequence tends to zero, then total
variation norm convergence also holds.

2.1.1 Exponential Forgetting

Let us define the forward operator product by
Ty, =Gy, FGy, [F...GyF

It is easy to see that:
Tl,t7T 0

T T T o) (X)

Theorem 2.1.1. Let the dynamical system operator F' be a positive kernel integral operator
(i.e. x,y € X = K(z,y) > 0), and the observation operator Gy, positive operator for all
tie: AC X VyelY: :m(A) >0= (Gym)(A) > 0. If for all 1 € M(X), Fr admits
a density, then the Bayesian filter defined by the model (f,g) forgets its prior ditribution
exponentially fast, i.e. for two priors m,m € M(X):

lim h(m, ) =0

t—o00

Proof. As we mentioned above normalizing does not effect the Hilbert projective metric,
SO
h(7Tt+1, 7ATt+1) = h(Gthﬂt, Gthth)

As F'r admits a density, using Note 1. leads to
M(Tes1, Riegn) = h(E'me, Fiy)
using the contraction properties of Hilbert projective metric with positive kernel operators
h(Tre41, fieg1) < tanh(C(K)/4)h(m, 7)
which proves the exponential convergence. O]

Note 2. For the above exponential forgetting it is enough to assume that there exists r
such that Ty, is positive kernel integral operator, as it is arqued in [Brian D.O. Anderson
2000]. In finite dimensionan spaces this assumption is equivalent to ergodicity.
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2.1.2 Robust Filtering

Finally we prove that the above exponential forgetting property means that the filter will
be robust to model approximation error.

Let F and F be two dynamical operators 'close’ enough to each other. We will show
that evolving a filter according to F', and another one according to F give 'close’ outputs.
As an application we can use approximate model, still being assured that the filtering
outputs are still close to the original ones.

Theorem 2.1.2. Let the dynamical system operators F' and F be positive kernel integral
operators (i.e. x,y € X = K(z,y) > 0) absulutely continuous to Lebesgue-measure, and
the observation operators G, and G, be positive for ally € Y. Let my and 7ty be priors, and

. _ GYt+1F7Tt S _ Gytﬂﬁﬁt
1= 1= — ~
a (GYt+1F7Tt>(X) " (G)/HlFﬁt)(X)
If
max{sup h(Fm, F'r), sup h(Gym,G,r), h(m, 7o)} < €
b mYeY
then

2¢

h(my, ) < 1 — tanh(C(K)/4)

Proof. Similar to to previous proof:
he = b1, 7)) = WGy, Fry, Gy, F'ty)
Using the triangle inequality:
he < W(Gy,,, Fiy, Gy,,, Fr) + h(Gy,,, F7y, Gy, Fr,)

As F and F is absulutely continuous to Lebesgue measure F'r and F'r admits density, so
using the triangle inequality again leads to:

he < €4+ h(F#,, i) + h(F#y, Fry) < 2e + tanh(C/(K) /4)h(my, 7r)

Therefore
R(my, ) < 26+ 2e7 4+ 2e? + ... The
with 7 = tanh(C'(K)/4) < 1. Finally:

2€
1—7

h(ﬂ't, ﬁt) S
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The theorem can be extended to multi-step ergodic processes.

The above result relies heavily on the mixing properties of the dynamical model, and
the reliability of the observations played no role in the analysis. However observations are
a critical ingredient of the nonlinear filtering problem, and should play a central role in
robustness analysis. There are only few papers in the literature that derive results where
the reliability of the observations play role. Here we review a positive result due to Kushner
and Budhiraja [2] and then provide several examples that show that weakening the mixing
conditions in a meaningful way is a non-trivial task.

The following special systems are studied in [2] . Let the state X, evolve as before and
let the observations satisfy

Y, =X,+u,

meaning that the signal is observed in small additive noise. Further, the noise process W,
is assumed to be bounded in amplitude.
The following “theorem” is proven in [2] :

Theorem 2.1.3. Assume that the model (f,g) is bounded and sufficiently reqular, and let
(frs gr) be a model sequence, with supp(g), supp(gr) € [—M, M|. Assume furthermore that

lim sup |lngk(z)—Ing(z)|=0
k—00 pe[— M, M)

Define pi(.) by
pi(l) = sup |[fi(z) — f(z)|
z€[-1,l]
and suppose that Epg(a + bliy|) — 0 as k — oo for all positive a,b, where 1, is the error
on the prior distribution. Then

lim limsup E||m, — 7|7 = 0

k—oo 0o

where Wt(k) are the posteriors computed using the approximate models (fy, gr) and || - ||rv

1s the total variation norm of distributions.

2.1.3 Non-stable Filter Examples

It is well known that if K (or more generally K() is uniformly positive than F is con-
tracting. In the previous sections we have seen that exponential forgetting of the Bayesian
filter, and thus its stability holds if F'is contracting and G > 0. In this section we will give
some examples showing that these restrictions cannot be weakened easily. For simplicity,
in this section we will deal with finite HMMs.

Example 1. Non-forgetting Bayesian filter

Figure 2.1 shows an ergodic Markov chain with F' > 0 for which we will give an observation
model such that the resulting Bayesian filter will not forget its prior.
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Figure 2.1: The Markov of Example 1.

The transition matrix we consider is:

000 3
1 200
—_ 2
E 0300
0011

Assume that Y = {y1, 42}, and let the observation model be given by:

1010
G_<o101)

ie.: Gy, =diag(1,0,1,0), and G,, = diag(0,1,0,1).

By some tedious calculations, one can verify that this model does not forget its prior,
e.g. take the priors p; = (3,0,2,0)",po = (5,0, 3,0)".

The example shows that one cannot hope to prove that Bayesian filters will forget their
priors in general.

Another interesting detail about the above example comes out when one chooses the

observation model as

o 0 11—« 0

0 0 11—«
G= 1—a 0 o 0

0 11—« 0 Q

where 0 < o < 1 and «a # 0.5. Let us note here that in general (for non-ergodic chains)
forgetting should be required only for priors having the same support. In such a case we
will call the priors to be compatible. The filter of this model will actually forget the prior
exponentially in the above, restricted sense. Note that the posteriors corresponding to the
incompatible priors p; = (1,0,0,0)%, p, = (0,0,1,0)T are themselves incompatible.



14 CHAPTER 2. THEORETICAL ANALYSIS

Figure 2.2: A Markov chain that just forgets with probability one.

Example 2. A Non-exponentially Forgetting Filter

As shown in the previous section Bayesian filters are not necessarily stable. The question
we are going to investigate here is whether a stable filter is also exponentially stable.
Figure 2.2 shows a 3-state ergodic Markov chain with transition matrix

0 01
F=11 % 0
0 % 0
Assume the following observation model:
: 7
=izt
s U3

Assume that the prior is (1,0,0)7, and the observations we make are:Yy = 1,Y; = 2, Y, =
3,Y3=1,...,0e: Y; = (¢ mod 3) + 1.

With this series observations the filter’s forgetting rate is linear. This can be seen
easily by the following reasoning. At time t the possible states of the system are ((t — 1)
mod 3) + 1 or (¢ mod 3) 4 1. The probabilities of being in these states are

1\ 3
P(X;=(t mod3)+ 1Y, = (¢ mod3)+1,s§t)o<(§)

and )
P(X;=((t—1) mod3)+1|Y,;=(t mod3)+1s<t)ox (—)
i=1
as one cannot tell when the system has choosen to “stay” in state 2.

It is easy to see that the state (((¢t —1) mod 3) + 1) is getting more probable than ((¢
mod 3) + 1) at a linear rate, i.e. the filter’s forgetting rate is linear.
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Figure 2.3: The Markov chain of Exmaple 4. The states are numbered from top to down.

It is important to note that the infinite limit of the observation series is not in the
support of the limit posterior. The example thus shows that any reasonable exponential
stability can only be proven with probability one and only asymptotically.

Example 3. A Locally Similar Example

An even more interesting Markov chain is shown in Figure 2.3. The corresponding obser-
vation matrix is
1100
G= < 0011 >

Since the probability of a transition from {1,2} to {3,4} and vica versa is small, if the
priors have supports {1,2} and {3,4} then the distance of the respective posteriors will
only decrease slowly, as shown in Figure 2.4.

Relative Forgetting
Obviously, if the product operators

T, m— Gy, F.. .Gy, Fr
HGku-~-Gy1F7TH1

are contractions with a common contraction coefficient, in some norm then the exponen-
tially stability results will continue to hold. One such norm, that is also comfortable to
work with, is the induced £; norm:

|T']|ly = sup
TEM(X) H7TH1

Let us call a filter multi step contracting if for some & > 0 T}, ,, is contracting for all
Y1y -5 Yk Ey

Here we will show that for Example 2 above (cf. Figure 2.2), the operator of the
corresponding filter is not multi-step contracting. To prove this we compute the product
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‘obsinbOtht‘ +
’obs_no23.txt’ X

12 b .

14 - -
16l \\
.18 | | | | |

0 50 100 150 200 250 300

Figure 2.4: Simulation results for Markov chain shown in figure 3. Linear forgetting seg-
ments can be seen.(see text)

matrices. The transition matrix is:

where o = % By inspection one might verify that

1l «
Gy, FGy,FGy. F=| 0 0
a a?

_ o O

Therefore Ty, = Gy, FGy,, . F...Gy,F = (Gy,FGy,FGy, F)*. By induction we get:

1 a 0
Ty, = 0O 0 0
ka ka? 1
If the prior is
5
p(B) = 0
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then the posterior at time 3k is

B
1+Bka
p3k(B) = 0
Bka+1-8
1+Bka

Clearly,

(B, o) = | Tsep(B1) — Tarp(B2) [l _ e~ T _ 1
1, 2 [[p(B1) — p(B2)| 1 |61 — Do (1 + Bika)(1 + Bokar)

Now, if 6, = % and [y = % then

1
(1+ Ea)(1+ Za)

7'(61752) =

which, for any fixed & can made as close to 1 as desired, showing that the filter is not
multi-step contracting.

Example 4. Non-stationary observation models

Assume that the observation density is non stationary. Let the Markov chain be the same
as shown in Figure 2.1, and let the observation density at time ¢ be
l—% 0 1-% 0
Gy = 0 1—-5 0 1—5
1 1 1
o 7 7 7

The expected forgetting rate of simulating this filter is shown in Figure 2.5. It should
be clear from the figure that the rate of forgetting is at most linear.

Example 5. A “totally” forgetting filter

The next example highlights an interesting case when the posterior becomes independent
of the prior in a single step: the posterior contracts to a single point. We shall call HMMs
of this type are “totally forgetting”. The Markov chain underlying the example is depicted
in Figure 2.6, the observation model is

00

11 )

oo

This example shows that under general conditions it is not possible to derive non-asymptotic
forgetting rates.

1
0

N | |
N[O | —
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T T
"CA_contr.txt’

-6 1 1 1 1 1 1 1 1 1

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

Figure 2.5: Ezpected forgetting rate of a filter with non-stationary observation.

Figure 2.6: Example showing total forgetting.
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2.2 Uniform Convergence of N-IPS

Here we revisit some results of del Moral [12] that will be needed in the next section.
First we need to introduce some notation. Let (X, ) be a measure space. For a measure
we M(X) let
|4l = sup |p(A)]
AEQ

be its total variation norm. Further, let us interpret the substraction of measures in the
usual way: (u—v)(A) = u(A) —v(A).

Let K be a Markov transition kernel on X'. Recall that the ergodic coefficient of K is
the quantity a(K) € [0, 1] given by

ao(K)=1-p(K), with [(K)= sup |K(z,A)— K(y,A)|.
Tr,yeX , A€

We shall call the number a(K) the Dobrushin ergodic coefficient of K (see [4]).

The quantity a(K) is a measure of contraction of the distance of probability measures
induced by the Markov operator I' = F, corresponding to K. Namely, we have the well
known formula (see [4])

Fru—F
ﬁ(K) = sup H KM KVHTV‘
wvEM(X) ||M_ VHTV

(2.1)

Let us consider the model (1.1)-(1.2). Assume that the observation likelihood function
g(y|x) is such that for some a > 0

~ < glole) < a 22)

holds. Assume that K(x,-) ~ m, where m is the Lebesgue-measure and let (with a slight

abuse of notation)
dK (z,-)
K(r.5) =

be the Radon-Nikodym derivative of K. Assume that for all (z, z), K(x, z) satisfies

e < K(z,z) < é (2.3)

for some € > 0. Then, the following theorem holds:
Theorem 2.2.1. Under the conditions stated in this section the uniform bounds

5exp(2y'
up 5| [ gari = [ famvo,) < 2527 (2.4
t>0

hold for any a measurable function f satisfying || f|leo < 1, where a and ~' are given by

2

€ .
Oé:m Wlth 'y’:l+2loga

The proof combines Theorem 3.1 and Corollary 2.9 of [12].
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2.3 Uniform Convergence with Approximate Models

In this section we consider the N-IPS model applied to approximate models, §(y|z) and

A

K(x,-).
Theorem 2.3.1. Let g, K be approzimate models and 7o be an approzimation of the prior
mo. Assume that the Radon-Nikodym derivative of both K and K exists w.r.t. the Lebesque-

measure and let us denote them by K (x,z) and K (x, z), respectively. Assume that for some
E>0anda>0

SN

< g(ylz),g(ylz) < a (2.5)

and

E< K(z,2),K(x,2) < = (2.6)

0y | =

Further, assume that for some 3 > 0 these approrimate entities satisfy
WG, Gy), h(F, F), h(mo, 71) < 3,

where h is the Hilbert projective metrics. Consider the N-IPS model based on the approxi-
mate models and the approximate prior. Let the empirical posterior at time t, as computed
by the N-IPS model, be #Y. Then the following uniform bounds

) 5exp(29) 45
Sﬁéﬁ)E('/ Jdw _/ Jaml 1You) £ =G m =+ @A —tamnc @)y 27

hold for any measurable function [ satisfying || f|l < 1, and where 4’ and & are defined

by
. £
o = =

PR with 4 =1+ 2loga.
&2 +4

Proof. By the triangle inequality,

s E(] / faay — / fm| [Yor) <

>0
sup (| / fdiN - / Fdin] |You) + sup (| / i, — / Fdmy| [Yoo), (2.8)
t>0 t>0
where 7, is defined by o
. __ GwFn
T (G Fr)(X)

The previous theorem continues to hold for #; and #¥ because of the positivity assumptions
made in Section 2.2. Therefore, the first term of (2.8) can be bounded by MEPT(/?).
By Theorem 2.1.1
20

= 1 — tanh(C(K)/4)

h(ﬁ't, 7Tt)
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Since, by the well known inequality (see [4])

2
A < 2 nia
||7Tt 7TtHTV =~ 10g3 (7Tta7Tt)

and ||, — m||1 < |7 — m||rv, we arrive at

A A 45
|/fd7Tt - /fdﬂt| < [ lloo 170 = el < log(3)(1 — tanh(C(K)/4))

Taking the expectation of both sides and combining this inequality with that of derived
above for the first term yields the result. m
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Chapter 3
LS-N-IPS

In this chapter we propose a modification of the N-IPS algorithm, which we shall call LS-N-
IPS (local search+N-IPS). LS-N-IPS is intended to improve the efficiency of N-IPS under
the assumption that the observations are sufficiently “reliable”. Roughly, this assumption
means that the conditional variance of the observation noise given the past states is smaller
than that of the dynamics.

It is well known that under this assumption N-IPS does not perform very well since most
of the particles will bear a small uniform likelihood owning to the sensitivity (peakiness)
of the observation density. Therefore, a large number of particles is needed to achieve even
a moderate precision.

We believe that the “reliability assumption” holds in many practical cases and is worth
of being studied. In particular, we provide examples of simulated scenarios with this
property, and qualitative measurements are made to show that LS-N-IPS is significantly
more effective than N-IPS. In the next chapter we demonstrate that LS-N-IPS significantly
outperforms N-IPS in a real world visual tracking domain.

3.1 The LS-N-IPS algorithm

The algorithm is as follows:
1. Initialization: Let X\” ~ m, i =1,2,..., N and set t = 0.
2. Repeat forever:
(a) Prediction: Compute the proposed next states by Zt@l = S\ (f(XY+ W Vi),
i=1,2,... N.
(b) Evaluation: Compute wt(fgl x g(Y}+1|Zgl), i=1,2,...,N.
(c) Resampling;:
i. Sample k:t(fgl ~ (wgr)l, . ,wgl)), i=1,2,...,N.

. (4)
i, Let X, =z i=12, . N

23
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(d) t:=t+1

As it should be clear that the only difference between LS-N-IPS and N-IPS is the
way they update the positions of the particles. LS-N-IPS uses a non-trivial local search
operator, Sy, to “refine” the “crude” predictions f (Xt(i)) + Wt(i), whilst N-IPS uses the
operator Sy(z,y) = .

One should think of S as a local search for refining a particle state such that the
observation likelihood given the current observation Y;,; is maximized. The purpose of
this is to make the particles become more “relevant”.

In general, the requirement for Sy is that g(y|Sx(x,y)) > g(y|z) should hold. The
parameter A > 0 defines the “search length”. Typically, S)(y|x) ~ argmax{g(y|Z) |||z —
z|| < A}. For densities that have simple forms the result of the search can be computed
analytically. For more complicated densities, g can be approximated locally e.g. by fitting
a second order surface on it and then the search can be performed on the approximated
surface.

3.2 The advantage of LS-N-IPS over N-IPS

Since LS-N-IPS can be viewed as an N-IPS algorithm where in each step an approximate
dynamics is used in the prediction step, Theorem 2.3.1 readily states the stability of LS-N-
IPS, i.e., that the tracking error can be kept bounded and reduced (to a limit) by increasing
the number of particles. In this section we will show (using some simulated scenarios) that
LS-N-IPS can indeed improve on the performance on N-IPS under the special conditions
discussed earlier.

3.2.1 A simple example

Consider the linear filtering problem given by the equations X; = W, and Y; = X, + V,
where W; and V; are i.i.d. Gaussian random variables with W; ~ AN(0,1) and V; ~
N(0,0.1).

For this special system, the Kalman-filter estimate is easy to compute in an exact form
and gives X;(= E[X,|Yp]) = 1/(1 + 0.1)Y,. Thus E[(X; — X,)?| X)] ~ 0.008264X2 +
0.08264.

Consider LS-N-IPS with Sy(z,y) = (1 — X)z + Ay, where we restrict A to [0,1]. The es-
timate of X; as given by LS-N-IPS is X;(\) = (1, (VX )X/ SN, g(Vi| X)), For
A =1 weget X;(1) =Y, and thus E[(X; — X,)?| X;] = 0.1. Note that if | X;|2 > 0.021 then
LS-N-IPS gives better results with the performance measure V(z; X;) = E[(x — X;)?| X
than the Kalman filter (no wonder, though, since the Kalman filter minizes U(x; Yy,) =
El(z — X,)?|Yy]). In fact, the estimate X} (1) =Y, is the only linear statistics of the past
observations that renders V' independent of X;. In this sense this is the best robust linear
estimate of X;.
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estimated variance

“variance.dat" matrix
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,,,,,,,,,,,, x
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Figure 3.1: The eastimated variance of LS-N-IPS with 2 particles with respect to object
position and search length.

If A =0 then LS-N-IPS gives the estimate that would be given by N-IPS. Clearly, if X
takes on an extreme value then for small sample sizes we get wﬁ” ~ 1/N and the estimate

becomes approximately equal to X; = (1/N) SN, X Therefore V(X7 (0); X)) ~ X2 +

Var(X;) = X2 + 1. Clearly, this is much worse than 0.1.

In order to confirm these findings, we have run some Monte-Carlo simulations to com-
pute V(X;(A); X;) for different values of X;. Results of the simulations are shown in
Figure 3.1 as a function of X; and A (1000 observations were drawn for each case, and for
each observation X, (\) was computed 1000 times. The resulting variance estimates were
averaged over these 10 runs.) The number of particles was choosen to be 2, but similar
figures can be obtained for bigger values of N except that as N becomes bigger the variance
of the estimate approaches the limit function derived for the Kalman filter. It should be
clear from the figure that LS-N-IPS performs significantly better than N-IPS, especially in
the case of large values of X; (X; is shown on the (z) horizontal axis, 1 — A is shown on
the y axis, and the the z axis corresponds to the variance estimates V).

3.2.2 Results on a complex system

The dynamics we consider is as follows:
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Xep1 = X+ S A+ Wy
(2Bi41 — 1),
Ut = x(|Xi| < K)
U1 Xer + (1= U)Xy
Ay = U (X — Xp) +

(1= Ups1) (X1 — Xep1),

n

+

+
I

s
s
[

where W; ~ N(0,0) are i.i.d. Gaussian random variables, and B; is a Bernoulli variable
with parameter . The dynamics can be thought to model a “bouncing ball” (with no
mass), where the ball is bounced at the points —K,+K and at random time instances
(when B; = 0).

The observation is Y; = X; + V; where V; ~ N(0,6) i.i.d. The dynamics is highly
non-linear, so linear filters are out of question’. In the experiments we used o = 0.99 (low
probability of bounce), and o = 100 (uncertainity of dynamics is higher than that of the
observation), 6 = 0.5, K = 250.

We tested both N-IPS and LS-N-IPS on this problem. Since we are interested in the
performance when the number of particles is small we used N = 10. Time to time, both
N-IPS and LS-N-IPS loose the object, i.e., Dy = |+ >, X0 - X,)| > 0 (we used 6 = 25).
In order to make a quantitative comparison we ran 10* simulations of length ¢t = 400 each
and for each T' € {1,2,...,400} estimated the probability of loosing the object at time T
for the first time. Results are shown in Figure 3.2. It should be clear from the figure that
LS-N-IPS performs much better than N-IPS. The SEARCH-ONLY algorithm, also shown
in the picture, is an LS-N-IPS algorithm with “zero” dynamics, i.e. ZAt_?l = S)\(Xt(l), Yii1).
This algorithm performs much worse than either of the two other ones, underlining the
importance of the role of the dynamics in particle filtering.

Figure 3.3 shows the tracking precision of the same algorithms as a function of the
time. More precisely, the figure shows the estimates of E[D;|D; < 6] as a function of ¢, as
estimated by computing the averages over the 10* runs. The ordering of the algorithms
is the same as for the previous measurements: LS-N-IPS still performs significantly better
than the other two algorithms.

'We have run some simulation with a Kamlan filter for the model that disregards the non-linear factors
of the dynamics. The simulation has shown high sensitivity-the Kalman filter lost the object upon the
first ‘bounce’
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Figure 3.2: Probability of loosing the object as a function of time.
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Figure 3.3: Precision of tracking, provided that the object is not lost, in terms of time steps.
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Chapter 4

Applications to Visual Tracking

4.1 Introduction

In this chapter we will deal with the problem of tracking objects based on image sequences.

In the first section we will examine in details spline contour models as these will serve as
the basis of our observation models. Spline contour models have been used succesfully for
object tracking in the prominent work of Isard and Blake [1]. Here we introduce regular B-
spline interpolation, and suggest an algorithm that leads to efficiently computable splines.
These spline contours has some nice features, such as being free of hooks and having smooth
interpolating contours.

In the following section a possible observation model is given for object contour tracking.
It is also shown that local search can be performed efficiently in this framework.

Finally experimental results are given. We will compare the baseline N-IPS model
Bayesian filtering (also known as CONDENSATION algorithm [7],[8]), with the LS-N-IPS
model. These experiments clearly indicate that LS-N-IPS works very well when the number
of particles is small and eventually yields a computationally efficient algorithm.

4.2 Spline Contours

The purpose of this section is to examine some features of regular B-spline algorithms, and
to propose some modifications, to enable us to use spline interpolations in a computation-
ally efficient way.

4.2.1 Regular B-spline Theorems

For simplicity let us consider cubic B-splines only. We believe that our ideas are applicable
to B-splines of any order.

Def 2. A function s : [0,I] — R, where | is a natural number, is called a cubic spline-
function if it is a cubic polynomial over every intervalof the form [i,i + 1], and is twice
continuously differentiable.

29
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A word about the parameter [. Usually it is reasonable for computational and notational
purposes that each polinom, which is part of the spline-function is parameterized from 0
to 1. This means that if we have [ pieces of these polynoms forming the spline-function
than the spline-function itself will be naturally parameterized from 0 to [.

Def 3. An n-dimensional spline-function is a function S : [0,1] — R"™ whose coordinate
functions are all spline-functions.

Our aim is to find cubic spline-functions fitting that interpolate a number of points.
These points will be called the support points of the spline. It follows from the definition
above that it is sufficient to deal with one dimensional cubic spline-functions.

We will distinguish between open and closed spline functions. A closed spline-function
satisfies s(0) = s(). Splines can be given as the linear combination of the translations of
single basis function. A closed spline has the form

s(x) = Zpi%—2($)

where ¢; is the i-th spline basis function, and pg, p1, . . ., p, are the so-called control points.
In the cubic case

sa®, if z €[0,1)
—sx¥ 4227 20+ 2, ifzell,2)
po(x) = ¢ 1% —4a? + 10z — %, if z € [2,3)
—2a¥ 4207 —8x+ £, ifxe 3,4
0, otherwise
and
pi(z) = polx — 1), i>0

In the above formulas modulo [ arithmetic was assumed.

Let us define the i-th support point q; by q; = s(7).
Proposition 1. Let s be a closed cubic spline-function defined by the control points pg, p1, . . ., Pn-
Then

1 2 1 o
Qi—épiq—i-gpri‘gpiﬂ, 1=0,...,n

where the indexes are treated mod .

Proof. Observe that
(k) = @i(h) & (h—1) = (k- J)
This follows directly from ¢;(x) = po(z — 7). Now
qi = 8(1) = pic1pi—3() + pipi—2(i) + pir1pi1(i) =

= pi~190(3) + Pivo(2) + piv1po(1)
yielding the desired result. O
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Proposition 2. Let s be a cubic spline-function given by the control points po, p1,...,Pn
and let s' be the derivative of s. Then

s’(z’) _ Pi+1 ;pz‘—1

Proof. Similar to the previous proof we have

§'(1) = pi—196(3) + pitwo(2) + Piv19p(1)
By substitution we get the result. O]

4.2.2 Control Points versus Support Points

In the previous section we have seen that in the case of closed spline-functions, control
points can be converted to support points by multiplying the vector (pg, pi,...,pn)" by
the matrix

4 1 0 ... 0 1

1 1 4 1 0o ... 0
A==

6 : .. :

1 0 ... 0O 1 4

Now, in order to compute control points p; given the support points ¢;, we want to
compute A~1q, provided that A~! exists. However, we would like to compute A~! explicitly
and also we are interested in the asymptotic behavior of A~! as n goes infinity. In particular
for computational efficiency, we would like to replace near-zero elements of A~! with zero.
We would like to answer two questions then: how many elements can be set to zero if we
fix some bound € and how big the resulting approximation error will be.

In the followings we will prove some more general theorems about the inverse of circulant
matrixes. These theorems will imply fast computation of the inverse of the above matrix,
and an even faster approximation of it.

Def 4. A is a circulant matriz, if

ap Qo ... (07%
A— a, ap ... QAp—1
as ag ... aq
We will use circ(ay, as, ..., a,) to denote A.
Proposition 3. Let A = circ(ay, as,...,a,). Then, provided that A™' emists, it is also

circulant and the vector b € R™ for which A=' = circ(b) satisfies b Sia = 89,7 =0,...,n—
1.
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Proof. Observe that if a = (a1, ap, ap_1,...,as)", then A = [a, S,a, S?a, ..., S" ta], where
S, is the right-shift matrix, i.e: S, = circ(0,0,...,0,1).

Let B=A"' B=1["...,0f]". As BA = I, we have: b'a = 1 and b"'Sja = 0 if
i=1,...,n—1. Since S’ = SJ provided that i = j (mod n), clearly:

(b"Sr")Sla = 6

where 9;; is the Kronecker-delta.
Therefore circ(b) is the left inverse of A and thus (since left inverses are unique) B =
cire(b). O

Proposition 4. If A is an invertible, circulant and symmetric matriz, and

A~ = circ(ay, ag, . . . a,)

then a; = apio_;

Proof. If A is symmetric its inverse is also symmetric and, as it was shown in the previous
theorem, if A is circulant its inverse is also circulant. From this, the result follows directly.
O

Theorem 4.2.1. Fizn € N, let a = (a,1,0,...,0,1)T and A = circ(a) € R™™. Assume
that B € R™" is such that AB = cI and b= circ(by, by, ..., b,)", B = circ(b) and b, = b,.
Let B be defined by

~

b = circ(—(aby + by), by, by, ... by, b1)", B = cire(b)

and let A be defined by
A=(a,1,0,...,0,1) = circ(a) e R+2)e+2)
Then o ) )
AB = (aby + 2by)I = (2b; — a*by — aby)I
Proof. According to Proposition 3, all we need to prove is

IA?TS:;A = (2b1 - a2b1 - ab2>(5l‘(), 1= 0, Lo, n+ 1

As ST = S this is clearly equivalent to

(S;B)T& = (2b1 — a2b1 — abg)éio, 1= 0, o, n +1
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For ¢ = 0 this gives
b'a = a(—aby — by) + 2by = 2by — a?by — aby

For i = 1, we have

(Sib)Ta = aby — (aby + by) + by, = aby — (aby + by) + by = 0

When 2 < i < n, the first and last elements of b are shifted to some position where they are
multiplied by some zero elements of a. Since a is augmented with two zeroes as compared
to a one gets by inspection that

(Si)Ta = (Si70)Ta =0

Here the last equality is obtained from AB = ¢l and Proposition 3.
For i = n + 1, we have

(S7*1)"a = aby — (aby + bo) + by = aby — (aby +by) + bz = 0

concluding the proof. O

Corollary 1. Let A = (ay,a9,0,...,0,a2) € R™™; a9 # 0,
B = circ(bi, by, ... ,by); AB=cl,c#0,

A= (a1,a2,0, A 70,a2) c Rn+2xn+27
b = circ (- (% +b2) 01,09, . .. ,bn> B = circ(l;);AB =cl,c#0.
Then 2

AB = (2@2[32 + ali)l)] = (2@2[)1 — ﬂbl — albg)l
a2

Proof. Let A’ = a—12A Then A'B = 1. By Theorem 1
L Y

A'B = (2by + 2b)T = (2b1 — (
a2 a2 a2

and therefore

2
AB = CLQA,B = (2@262 + albl)] == (2@2[)1 - ﬁbl — (lle)]
a2

Proposition 5. If A = (aj,as,0,...,0,a2) and |Z—;| > 2, then A admits an inverse.

Proof: The result follows directly from the fact that A is a diagonally dominant,
symmetric matrix.
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4.2.3 Approximating the Inverse
Consider a second order recursive sequence of the form:

Tp1 = —(axy + 1)

where a = Z—; It is well known that the solution of this can be written as

Ty = 10 + Co0ty

where o and ap are the roots of the characteristic polynomial
o +aa+1=0 (4.1)

The constants ¢; and ¢y can be determined from the initial conditions, i.e., from xy and
xIy.

Proposition 6. With the above notations |ay| < 1 and |ag| > 1 if and only if |a| > 2.

Proof. From Viete-formulas: ayas = 1 and a3 + ag = —a. If |ay| < 1 and |ag] > 1, so
(0%} 7é Qg, then
a1 + Qo a
]_ — < = —
109 9 5

as a; and sy both have the same sign.
If |a| > 2, then |a; + @] > 2 and as they have the same sign and a;ay = 1, we have
lag| < 1 and |as| > 1. O

Theorem 4.2.2. Let A, = circ(ay, as,0,...,0,az) € R™". If

a
>0
a2
and
A;l = CirC(yZ+1, y;?, < >y?7 y;7 cee ’ylrfl)
where k = [2], then
—1
Q
lim ) = —2——
n—00 Yi 2&2062_1 + aq

where |as| > 1 and ay is the root of the characteristic polynomial 4.1.

a

az

Remark: The condition > 2 is the same as in Proposition 5.
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Proof. Observe that according to Proposition 5, A admits an inverse. If xy is the recursive
sequence given by

ai
Tpy1 = _<_xn + xn—l)
a2
then, Corollary 1 yields
1 1 .
= Circ(Tpa1, Thy - - o, T1, L1, Ty - -y Tk)

200wy + a1Tp
ifn=2k+1 and
1

-1 .
A= 5 CIrc(Trs1, Thy ooy T1, Loy T3y .« .y Tk)
AT + A1 T4 1

if n =2k
Let us take a closer look at the matrix elements. They have the form
Ly

2002 + a1 T4

For n odd this gives
(N ()
C107 + Gy

ok ok o k+1 o k+1
2(12(010‘1 +c2a2)—|—a1(01a1 + Co0y )

and for n even we have
e 1 e 1
Cciy + Cy00

k k k+1 k41
2(12(0@41 + c§a2) + al(cial + oy )

Fix | = k+ 1 —i and let k — oo. Observe that since |a;| < 1 thus of — 0, and o} — 0.

This yields the limits
-1

_ Qo
o 2aq00 e
It is easy to see that the convergence is exponential, proving the theorem. O

The above theorem provides us with a tool to compute the inverses in an efficient way,
where g, is replaced by zero for small values. The recursive-sequence in the support point
transfomation case is

Ty = —4T,_1 — Tp_o
yielding
o (2=vB)
L=
s(—2—3)"1+2
According to the above formula we approximate A, ! with a circulant matrix keeping

just those elements for which: |%\ < e
3 3

It is easy to check that the 6th element of the sequence is already closer to zero than
10~*. This means that instead of the exact sequence, it is enough to work with 11 elements:
At = cire(yo,y1, -+ 595, 0, ..., 0,Ys, Y, - - ., y1). When the spline is defined by less than 11

support points the exact inverse should be calculated.
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4.2.4 Open Splines

In the previous section we have shown a computationally efficient method for calculat-
ing control points from support points for closed cubic spline-functions. We do these for
open spline-functions. This we do using the following trick: instead of support points
qi,qQ2, - .., qn treat the support point sequence qo,q1,...,Gn, Gn-1,Gn-2,--.,q1, and fit a
closed spline-function on it.

Proposition 7. The spline function given by the trick above is symmetric in the sense
that

sin—z)=s(n+x),z<n
Proof. We prove first that the control points are “symmetric”, i.e:
Pn—i = Pnti, 0<i<m

First note that the new support point sequence has an even number of members. As we
saw previously the matrix that transforms support points to control points has the form:

[4;1 ::Circ<yk+layk7"'7y17y27y37"'7yk) :ZCiTC(yT>

Let ¢ = (g0, q1,- -+, Qks Q1 - - -, q1) and let

10 ... 00
00 01
R=1| 020 10
01 0 0

Observe that R = RT and Rq = q.
As A tq=1p, pooi = (S" ) q and p,y; = (S*Ty)Tq. Using the special form of y it
can be seen by inspection that
RS" b = St

With this, the proof follows directly:
Povi = (7 y) g = (RS} y) g = (ST "y) " Rg = (57 "y) ¢ = pu—s

Now the result follows from

n n—1 n n—1
s(z) = Zpi%'—z(m) + anfiSOnJrifQ(x) = 2%%72(1') + ZpiSOanifZ(x) =
=0 i=1 =0 i=1
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n n—1
= Zpicp,g(x —1)+ Zpigo,Q(x —2n+1)
i=0 i=1
and thus
n n—1
s(n—z) = Zp,-go_g(n —x—1)+ Zpiga_g(n —z—2n+1)
i=0 i=1
and
n n—1
s(n+z) = Zpigp_g(n +x—1i)+ Zpigo_g(n +x—2n+1)
i=0 i=1
Exploiting that ¢_5 is even and its support is [0,4], the prrof is ready. O

4.3 Object tracking using B-spline contour models

In this section we propose an implementation of LS-N-IPS for object tracking using B-spline
contour models.

In order to implement LS-N-IPS one needs to define three objects: the dynamics used
in the prediction step, the local search operator and the observation density. In our case
the state space will consist of the pose of the object to be tracked along with the previous
pose (the dynamics is a second order AR process). The pose defines a contour mapped
onto the camera plane (i.e., onto the image).

The idea is to use this B-spline based contour model as the basis of the observation
calculations: the better the contour fits the image, the more likely the corresponding pose
is. B-splines, however will be represented here by their support points (i.e. by points along
the curve) as opposed to the usual represenation of B-splines via their control points.

This is needed since the local search is implemented on the image by finding an allowable
spline contour in the vicinity of the original one that fits the image the best in that given
small neighbourhood. This search is implemented by finding the most likely locations of
edges along the normals of the original curve at the support points. By using support
points instead of control points we spare some matrix vector products that would involve
matrices whose size scales with the complexity of the contour. On the other hand, the
usage of support points lefts the complexity of the algorithm intact otherwise.

In the following subsections we provide the details of the algorithm.

4.3.1 Spline contours, configuration space

Let us consider the spline curve s : [0,L] — R? defined by its support points ¢° =
(af, .- a)". ¢ = (af,...a))", ie s(t) = ((A7'¢")T (1), (A71¢")T(t)), where ¢(t) =
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(01(t), 02(t), ..., n(t))T are the usual B-spline basis functions (cf. [1]) and s(i) = (¢7, ¢/)".
A is the linear transformation mapping control points to support points.

Let qo = ((¢¥)7, (¢8)") be a vector of support points defining the contour sq. If G is
a group of similarity transformations of the 2D plane (R?) then one can find a matrix
W = Weg,, such that T € G iff for some z € R”, the support vector ¢ = Wz + g yields
the spline curve T' sy (we use the convention that z = 0 corresponds to 7' = Id). R* then
corresponds to the set of allowed configurations of the object.

Note 3. If G is the group of Euclidean similarities of the plane then

W= o~ ) 4.2
<0 1 ¢ g (4.2)

where 0 = (0,0,...,0)7, 1= (1,1,...,1)T.

4.3.2 Implementation of the Local Search

Assume that a contour (s) corresponding to some pose (z) is given. Blake and Isard
define the likelihood of the contour given the image (the observation) as the product of
the individual “likelihoods” of edges being located at some measurement points along the
spline curve [7].

Motivated by this definition, our local search algorithm searches for maximal edge
‘likelihood’ values along the normals in the vicinity of the measurement points, the neigh-
borhood itself defined by the search length, [ > 0. The measurement points are chosen to
be the support points (¢7,¢¥)7, ..., (¢ ¢¥).

Assume that the search yields the points (¢%, ¢¥)7, ... (g%, ¢%)" and let ¢ = (¢F,...¢%, ¢, . ..

(for an example see Figure 4.2). Let § be the spline curve corresponding to .

The next step is to find a configuration whose corresponding spline curve matches $
the best: 2 = argmin, g« ||s, — §||3. Here s, denotes the spline curve corresponding to the
configuration z, i.e., the spline curve corresponding to the support vector ¢, = Wz + qo.

It is well known that if s is the spline contour corresponding to ¢ then [|s||3 can be
expressed as a function of ¢ alone. In particular,

1 [r B 0
sl = [ 2wiw=a (5 g )a=dua
0
where
1 L
5o (1 [ o) a
0

Therefore, if we let ||¢||% = ¢" Uq be the weighted ¢? norm then 2 = argmin, ¢ ||W 2z + g0 —
q||%. Now, by standard LMS calculations 2 = W (g — qo), where W+ = (WTUW)"'WTY.
The corresponding projected support vector shall be denoted by ¢~ = W32 + ¢q.

It remains to specify the likelihood of the projected particle z+ (the previous config-
uration is not used in the observation likelihood calculations as still images reflect only

qY
n
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Figure 4.1: Observation on the curve normals(black), and mazximum value points(grey) are
calculated.

momentarily information). The ideal likelihood would be the product of the likelihoods
of the edges now measured at the points defined by the new support vector ¢-. How-
ever, in favour of speed we would like to reuse the maximal likelihoods found during the
search process. Therefore we start with the product of these and compensate for the errors
introduced by this approximation.

Firstly, note that it is reasonable to devalve this value by a value proportional to the
distortion caused by the projection, i.e. by ||¢- — g||s: the larger the distortion is the less
the likelihood of the given configuration should be, since a large distortion means that the
spline curve defined by ¢ was far from the template.

However, ||¢* — §||2 must be normed by the “scale” of the corresponding configurations:
remember that ||gt —g||» equals to the £2 distance between the spline curves corresponding
to ¢t and ¢, i.e., the area in between these curves. Now if ¢* and ¢ correspond to “big”
contours then ||¢gt — §||» will be “big” itself. Therefore ||gt — §||» must be scaled by the
size of the represented object. In a somewhat ad hoc way, we have chosen to norm this by
d?, where d is the scale of the object being in the configuration z+. The search length was
also scaled by d, so that the search length will correspond to a fixed search length of the
physical world. In summary, the algorithm works as follows:

Evaluation Algorithm with Local Search. (Inputs: image (), configuration (x))

1. Calculate the scaling factor d given z. (In case of Eucleidan similarities d = /(1 + 23)% + z

2. Calculate the search length [ = dly, where [y is a user defined parameter.
3. For all normal of lines of the contour at (¢7,q’), where g = Wz +¢qy (i =1,2,...,n):

e For every point on the normal and within the search length [ calculate the
likelihood of an edge being at that point.

e Select the maximum value along the normal.

2
4

)
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4. Compute v, the product of the obtained maximum values, and let the locations of
the maximums define 4.

5. Calculate the best LMS configuration
ot =W*(G - q)
and the projected support vector ¢= = Wxt + gp.

6. Return
d2

C=vT——
||QL—CI||2

Figure 4.2 shows a contour corresponding to a single particle before (white) and after the
local search (grey). It should be clear from the figure that the local search adjusted contour
has a much higher likelihood of being the correct contour of the hand on the given image.

Note 4. The search length at different support points can be different depending on the
local characteristic of the template curve at each point. Actually the whole measurement
process can be specialized at each normal lines, and this is how multiply color object can be
tracked.

Figure 4.2 shows a contour corresponding to a single particle before (white) and after
the local search. It should be clear from the figure that local search adjusted the contour
to a much higher likelihood given the state of the hand.

Note 5. The calculation of W is computationally efficient since multiplication with U*
(being circulant matriz) needs O(n) as it was argued before.

4.4 Experiments

The proposed algorithm was tried in a number of visual object tracking problems. In
the scenarios shown here the hand-tracking was attempted. Edge likelihoods along the
normals were computed as the product of the edge strength along the normal and the
color match “inside”the object. For color matching a Gaussian density is used that is
trained on the first frame. In the present implementation users have to draw the contour
of the object to be tracked on the first frame by determining the support points of the
curve. For G, the full Euclidean similarity group of the plane was chosen with W given
by Equation 4.2, and thus the scale of an object with configuration z = (21, 2», 23, 24)7 is
given by d = /(1 + 23)2 + 22.

The state is defined by the pose and the previous pose (i.e., X = R?®). The pose space
is defined as the parameterization of the transformation group defined by the subgroups
induced by x, y-translations, rotations, and scaling, i.e., the pose space and the configura-
tion space are non-linearly related. A second order dynamics was fitted for each dimension
of the pose space, independently of each other. The dynamics of scale and rotation were
adjusted by hand due to insufficient training data.
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Figure 4.2: Comparing the contour predicted and the contour adjusted in the local search
procedure. The white contour is the predicted contour, black + signs are at the maximum
values around the contour. The grey contour is the one given by the local search.
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’ Processing step \ Time || \ Percentage ‘
Image preparation 0.012 28.3 %
Likelihood calculation and local search 0.0248 58.5 %
Prediction and update 0.055 13.2 %

[ Total | 0.0424 100 % |

4.5 Results

The proposed algorithm was tested in a number of tracking tasks. In general, the algorithm
performed very well under a wide range of conditions even with very small particle sizes,
such as N = 50. Thanks to relying mostly on contour (i.e. shape) information, the
algorithm could work under a wide range of illumination conditions, even when the lighting
was weak.

Objects were tracked reliably and precisely (see Figures 4.4 and 4.5). In case of sudden
movements the tracker occassionally lost the object but it could quickly recover in all of the
cases. This can be explained by the relatively high variance of the noise of the dynamics
and the high specificity of the observation likelihood: If the object is lost then all particles
become roughly equally weighted and the system starts to perform a random diffusion,
exploring the image. If some particle becomes in the vicinity of the true object position the
local search refines the particle position quickly, the weight of the corresponding particle
becomes large and the particle is reproduced with high probability in many copies in
the resampling step. This causes the tracker to recover. If the shape information is not
sufficiently specific then the tracker may lock on spurious “objects” having a contour similar
to that of the object to be tracked. However, this is a common property of contour based
tracking algorithms and is thus not special to LS-N-IPS. Note that no special mechanism
was needed for the reinitialization of the tracker and the tracker was capable of finding the
object to be tracked even when the configuration of the initial particle set was randomized.

Figure 4.5 and 4.4 shows every 15th frame of a typical tracking session. This image
sequence was recorded at 30 frames/second. The number of particles was chosen to be 100,
lop = 10. The image resolution was 240 x 180. Processing times projected for one frame are
shown in the table below, measured on a 1 GHz Pentium 4 computer.

Note that optimization of the algorithm is still possible. In the image preparation step
the color likelihoods are computed for each pixel (this step could be eliminated and the color
likelihoods be computed only when and where they are needed). The prediction and update
steps require negligable time. Most of the time is spent on calculating the observation
likelihoods and the local search procedure. We have also made measurements with the local
search switched off (and using the unmodified observation likelihoods). This corresponds
to running N-IPS (or CONDENSATION). We found that running the algorithm in this
way, N = 200 particles requires roughly the same amount of processing time than that of
needed by LS-N-IPS with N = 100. In Figure 4.3 the tracking results of N-IPS can be
seen with N = 200 particles. It should be clear after comparison with Figure 4.4 that LS-
N-IPS performs significantly better under the “equivalent running time” condition. N-IPS
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Figure 4.3: Tracking an object with the N-IPS algorithm. The number of particles was 200.
Images are shown for every 15th frame.

was pretty much useless for tracking more complex shapes, such as hands, unless N was
raised above 2000 which would allow a tracking speed of less than 3 frames/second, to be
compared with the approximate tracking speed of 23.6 frames/second obtained with the
proposed algorithm.

4.6 Related Work

Sequential importance sampling with resampling [10, 15, 5], or SIR (also known as iCON-
DENSATION [8] in the image processing community) is designed to overcome problems
related to peaky posteriors. The design parameter of this algorithm is a so-called proposal
distribution whose purpose is to concentrate particles to the highly probable parts of the
state space.

Unfortunatelly, good proposal distributions are not easy to design. The ideal proposal
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Figure 4.4: Tracking an object with the LS-N-IPS algorithm. The number of particles was
100. Images are shown for every 15th frame.
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Figure 4.5: Tracking hand in clutter with LS-N-IPS sample size 100. Black contour shows
particles with high observation coefficients, white contour show the predicted position.
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distribution depends both on the dynamics and the most recent observation. However, a
proposal should also be fast to sample from. Blake and Isard suggest to use a density fitted
to the output of a color detector as the proposal distribution. The for of the density in
their application is a mixture of Gaussians, so it is cheap to sample from it. Unfortunately
however, since the importance function is not defined on the speed of the object, motion
coherence information is used by this algorithm in a limited way. Despite this, they were
able to obtain excellent results with particle sizes in the range of 150 —400. Note that their
algorithm uses an unusual O(N?) step! (for computing the importance weights). We have
run some experiments and observed that the computation time of this O(N?) step starts
to dominate the rest of the computations already for medium values of .

The Auxiliary Variable Method (AVM) by Pitt and Shephard resembles LS-N-IPS
more closely. In this method the proposal is a mixture of the prediction densities with the
mixture coefficients defined as some observation likelihoods computed at certain points.
These “anchor” points conceptually correspond to the predicted next states of the particles
but can be chosen by means of some deterministic computation, e.g., by chosing the most
likely next states (based on the prediction density) or the expected next states.

This method takes into account both the observation and the prediction densities.
However, even this method will be inefficient when the observation density is highly peaky:.
In some sense, this method can be viewed as the dual of our method: it uses the prediction
density to search for likely particles, whilst our method uses the observation density to
guide the search. There seems to be a natural way to incorporate local search into the
AVM algorithm by using a local search on the observation density to locate the positions
of the anchor points. This would yield an unbiased particle filter. Unfortunately, the
additional sampling steps that sample from the mixture prediction density would make
this algorithm inefficient for peaky observations and high variance prediction densities.

n fact, it seems to the authors of this article that the usual O(NN) reweighting step would be sufficient
(and correct) for their algorithm, as well.



Chapter 5

Conclusions and Future Work

We have introduced the LS-N-IPS algorithm, a modification of the basic N-IPS algorithm.
The algorithm was argued to perform significantly better than the baseline N-IPS algorithm
in the small particle size limit.

A theoreticaly analysis of the stability and robustness of the arising filters was studied
using powerful techniques from the theory of Markov chains. A new result concerning
robust approximate tracking was derived. The main assumptions used in these results is
the (one-step) mixing property of the Markov models and the uniform positivity of the
observation likelihood functions. In these results the role played by the observations is
less characterisics as one would desire. A number of examples were given highlighting the
difficulties when trying to weaken these conditions. In the future we plan to actually prove
some positive results with weakened ergodicity assumptions.

The proposed model was applied to the problem of object tracking. Spline-countour
and color matching based observation models were developed and the models were tested.
In accordance with the expectations, the LS-N-IPS algorithm did perform significantly
better than the baseline N-IPS algorithm.

Future work in the image processing area will include speeding up the algorithm by
clever organization of the computing steps. Another important line of research is to con-
sider alternative, more complex observation models since when used with simple, not suf-
ficiently discriminatory contours contour based observations become sensitive to clutter.
Possibilities include changing the search length locally, using local color models at the dif-
ferent measurement points to track multi-color objects, or using texture information. Yet
another interesting alternative is to employ a local search operator in the style of SSD [3]
that would use templates instead of contours. Further, it is very challenging to attempt
to track more complex, multi-part objects or multiple objects and incorporate interaction
between the objects (occlusion) into the model. Fortunately, the proposed algorithm kept
much of the similarity of the original N-IPS algorithm and thus combining it with other
advanced algorithms, such as partitioned sampling [11] should be a routine work. This
way, we hope to be able to build systems that not only process the images but understand
them, as well, at least to some tent.

47
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Appendix A
The N-IPS Algorithm

In this chapter we provide the pseudocode of the N-IPS (N Interacting Particle System)
algorithm, also known as CONDENSATION [7] or the resampling method. The input of
this method are mg, f, g, Y1,Y5,... and it is assumed that can sample from the state noise
process W.

1. Initialization:
o Let Xéi) ~ Ty, t=1,2,...,N and set t = 0.

2. Repeat forever:
e Compute the proposed next states by Zt(fl = f(Xt(i)) + Wt(i), 1=1,2,...,N.
e Compute wt(izl o g(K+1|Z§21), 1=1,2,...,N.

e Sample kfi)l x (wgfl,...,wgl)), i=1,2,...,N.

) (1)
o Let X\, =z =12 N

49
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Appendix B
The LS-N-IPS Algorithm

Here we provide the pseudocode of the LS-N-IPS algorithm.
1. Initialization:
o Let X(gi) ~ Ty, t=1,2,...,N and set t = 0.
2. Repeat forever:

e Compute the proposed next states by Zt(ﬁl = L(f(X) + W), i =
1,2,...,N.

e Compute wﬁ@l x g()ﬁ+1|Zt(jr)1), i=1,2,...,N.

e Sample kii)l x (wt(}r)l, . ,wgl)), i=1,2,...,N.

. (3)
o Let X\, =2z =12, . N

o1
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Appendix C

The

Auxiliary Variable Method

Here we provide the pseudocode of the AVM by Pitt and Shepard.

1. Initialization:

Let Xéi)Nﬂo,izl,Q,...,N and set t = 0.

2. Repeat forever:

Compute the basis points ,ugﬂl e.g. by ,ugl = f(Xt(i)).
Generate Zt(i)l), k=1,2,...,, with R > N from

N

(4)
9(Yer1|pein) i
S L (|7,
i=1 Zj:l 9(Yer1lp i)

e.g. by first generating a random variable Lgi)l taking values in {1,2,..., N}

(%) (k)
with distribution P(Lgi)l =1) = If(th“tH()i) and then let Zt(i)l — f(Xt(Lt“))+
i1 9(Yeralpg )

w®.

Calculate the importance weights

k
w® 9(Yt+1’Zt(+)1)

t+1 — (Lik)l) ) k:1727"'7R
9(Yea | XH)
Sample k;t(fgl x (wt(}r)l, . ,wt(f}), i=1,2,...,N.

. (%)
Let X, =z =12 N.
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