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1. Introduction

Numerous applications in vision, defence and robotics involve
tracking a variety of objects/targets of potentially different types;
e.g., a human or a vehicle. Broadly speaking, the tracking task con-
sists of determining the kinematic state of the target (e.g., its posi-
tion, velocity, etc.) whereas the identification task involves
characterising its identity through the estimation of attributes or
features (e.g., size, shape or spectral signature) of the target.

In the past, tracking and identification have mostly been per-
formed separately although there are a few exceptions [26,27].
While this is clearly suboptimal, it is partly due to the fact that dif-
ferent sensors have usually been dedicated to each task; e.g., radar
for kinematic tracking, cameras for classification. The techniques
employed for tracking and classification are quite different and this
does not favour data fusion. Broadly speaking, tracking has been
principally based on sequential estimation methods, such as Kal-
man filtering and all its derivatives, whilst identification tech-
niques have been mostly feature-based [1] (i.e., using pre-
established relationships between the target features and its iden-
tity), relying on pattern recognition methods such as clustering
techniques, template matching or neural networks.

Although this clear division between tracking and identification
still remains widespread for historical reasons, there are many
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applications where it is not justified anymore and joint tracking
and classification could be very fruitful. This is because:

e With the development of multi-sensor data-fusion techniques,
this partition between “tracking sensors” and “identification
sensors” has become less and less marked. “Identification sen-
sors”, when part of a sensor network (e.g., bi-static imaging sen-
sors), have tracking capabilities and, conversely, information
produced by “tracking sensors” can be exploited to identify
the target (e.g., target-specific Doppler signatures are acquired
by a millimeter wave radar).

e Kinematic tracking gives information (e.g., deceleration,
manoeuvrability) that characterises the behaviour of the target
and may be useful to identify it. Conversely, the determination
of the target identification provides information about its future
dynamics and ought to improve localisation accuracy.

o In the context of multi-target tracking, tracking and identifica-
tion are closely linked through the data association problem.
On the one hand, improved tracking facilitates identification.
On the other hand, improved identification may help to reduce
the data association ambiguity.

e More importantly, tracking and identification are linked because
the measurements often both depend on the kinematic state and
on the identity of the target (e.g., imagery of a plane is a function
of its range and orientation, but also of its type and shape).

As an alternative to feature-based identification methods, mod-
el-based methods [1,2] rely on statistical models of the targets.
From the data collected by sensors, the identity of the target is


mailto:pierre.minvielle@cea.fr
mailto:minvielle.pierre@wanadoo.fr
mailto:arnaud@ism.ac.jp
mailto:admarrs@qinetiq.com
http://www.sciencedirect.com/science/journal/02628856
http://www.elsevier.com/locate/imavis

112 P. Minvielle et al./Image and Vision Computing 28 (2010) 111-123

inferred. These statistical models rely on prior physical information
and allow us to incorporate explicit and meaningful knowledge of
the potential targets. Consequently, they sometimes allow us to
bypass the training stage of supervised feature-based approaches.
Moreover, such a Bayesian approach naturally also allows us to ad-
dress jointly the tracking and identification problems. This over-
comes the usual weakness of the featured-based identification
methods; the lack of robustness to errors in the data association
process. This principled methodology offers a richer way to de-
scribe the target classes, not restricted to feature values, but based
on dynamic and measurement models. In this approach, classes
can be represented by Bayesian models; a more general form of
parametric models where fixed, but a priori unknown, parameters
represent degrees of freedom, i.e., uncertainty within a class mod-
el. The parameters can also be interpreted as attributes or features
of the target and can be class dependent.

The main problem associated with this Bayesian (model-based)
approach is that it is impossible to perform inference analytically
as it is necessary to compute high dimensional integrals. Since
the beginning of the 1990s, the introduction of Markov chain
Monte Carlo (MCMC) methods in statistics has truly revolutionized
the practice of Bayesian statistics. Although such methods are
applicable to our problem, they are iterative algorithms and are
inadequate for on-line processing as required in most tracking
applications. Thankfully, there is an on-line alternative to MCMC
known as Sequential Monte Carlo (SMC) methods or particle
filtering methods [3-5]. These techniques allow us to perform
sequential Bayesian inference for any non-linear non-Gaussian
state-space model [3,5]. In recent years SMC techniques have been
developed to address joint tracking and identification problems
[6-10] and, more generally, sequential model selection [12-15]
problems. The difficult problem of estimating the fixed real-valued
hyper-parameters has also been addressed [16,17]. These ap-
proaches estimate both a dynamic state and the static values of
potential hyper-parameters (e.g., the target identity).

In this article, our aim is to review some of the current SMC ap-
proaches to on-line joint tracking and identification. The theoreti-
cal problems associated with these methods are discussed and we
present a way to partially bypass them using an advanced SMC
method. We illustrate the resulting methodology on a extended-
object tracking and identification application; the application con-
sists of 6D tracking (i.e., both the position and the orientation) and
identification of basic geometric shapes moving in front of a digital
CCD camera.

The rest of the paper is organised as follows. In Section 2, we
present a Bayesian model for joint tracking and identification.
We review standard SMC approaches to solve the associated com-
putational problems and emphasise the limitations of standard
algorithms to perform sequential inference in the presence of static
hyper-parameters. In Section 3, we describe an advanced SMC ap-
proach to address the joint tracking and identification problem
which overcomes some of these limitations. Finally, Section 4 pre-
sents an application of this method to geometric shapes in a video
sequence. Results are given in Section 5.

2. Bayesian model and standard SMC methods
2.1. State-space models

State-space models are a popular class of statistical models
which has been extensively used in tracking, signal processing,
robotics and econometrics [3,4]. Formally a state-space model is
defined as follows. Let {X,},., be an unobserved Markov model
of initial density p(xo) and transition density p(x,|x,_1); that is

Xo ~ P(Xo),  Xn|(Xn-1 = Xn-1) ~ P(XalXn1) (1)

We only have access to the observation process {Y,},.,; which is
such that, conditional upon {X,},.,, the observations are statisti-
cally independent and distributed according to

Yo|(Xn = Xn) ~ P(Yn|Xn) (2)

For any sequence {z,}, we denote z;; = (z;,Zi1,. . ., zj). The aim of
optimal filtering is to recursively estimate p(xo,n\y]:”) or its associ-
ated marginal distribution p(x,|y,.,). It is straightforward to check
that

p(yn|Xn)p(Xn ‘anl) (3)

Xo: .n) = P(Xo:n— .
p( Oﬂ‘yl.n) p( 0:n 1|y1.n—1) p(yn‘yl;nfl)

where
Palyrn 1) = / P al%0)P (X )P 1Y 101 )l 1

- / PO )PV 1 1) )

Except for very simple state-space models, including linear Gauss-
ian state-space models and hidden finite-state space Markov chains,
it is impossible to evaluate these expressions analytically. SMC
methods are a set of numerical methods where the distributions
of interest are approximated by a large number N of random sam-
ples termed particles which are propagated forward in time using
sequential importance sampling and resampling steps. We refer
the reader to [3-5] for a more complete description of SMC
algorithms.

Assume we have N samples or particles X of respective

weights Wﬁf) (i=1,...,N), which provide the following
SMC approximation of p(xo.n_1]¥7.,_1) at time n — 1:
ﬁ(XO:n,1 ‘ylzn 1 Z Wn 1 X“ XO n— 1) (5)

where d,,(x) denotes the Dirac deltal mass located at xg.
To obtain an approximation {W® X } of p(xo.|y;.,) at time n,
the SMC algorithm proceeds as follows:

e Fori=1,...,N, draw X¥ ~ q(xs|y,,, X?,), Where q(xu|Vy, Xa1) is
an importance der151ty, which is a probablllty density used to
sample XV given (y,,X",).

e Fori=1,... N, compute

w::wwsnp(ygl(xiﬁ)yn(,;;:JT)H1)’ i W=

Straightforward implementation of the first two steps will typical
result in a situation where after a few iterations, all but one particle
will have negligible weight. This is known as the so-called degener-
acy problem and the approximation accuracy is strongly degraded.
Following [3], it is possible to compute a suitable measure of degen-
eracy Ny = (XN, W*) "1, called the effective sample size. If it falls
below a threshold Nr (typically pre-set to N/2), resample the parti-
cles from:

N
x0n|y1n ng Xn XOn (7)
i=1

and reset the weights to W
noted abusively {xg},,}.

This algorithm provides an approximation p(Xo.|y;.,) of the pos-
terior at time n and also an estimate of the so-called evidence or
marginal likelihood:

= 1/N. The samples are then also de-

PV1a) = Hp(ykbﬁk 1 (8)
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where y;, =0 and

s p(ndx)p (X%
p )=y Wy , :
PYlY1x-1) 3 k-1 q(Xﬁj)\yk,X}jll)

2.2. State-space models with model uncertainty

In the context of joint tracking and identification, the state-
space model takes the following form. First of all, we introduce
the following assumptions:

e There are M possible models for the target identity arbitrary
labelled {1,...,M} and the prior distribution is given by

Pr(l = k) = py

e Each model k has potentially unknown hyper-parameters 0 € @,
of prior distribution p,(0).

o The random vector (I, 0) takes values in U¥  {k} x @, which is a
union of subspaces of potentially different dimension.

Conditional on (I,0) = (k, 0), the target follows a standard state-
space model

X0 ~ P(Xo|k7 9) Xn|(xn—1 = Xn—l) ~ p(Xn|Xn—1 3 k7 9)
Y|(Xn = Xn) ~ D(Vn|Xn, k, 0)

Inference is based on the joint posterior p(i, 0, xo.n|[y;.,) at time n
which follows the recursion

(10)

PWnlxn, k, 0)p(Xn|Xn_1,k, 0)
p(yn ‘ylzn—l )

p(l 0, xO:HU’]:n) = p(l 0, Xon-1 |y1:n—1)
(11)

where

M
POy ) =3 / / Pl 1. 0)P (X X 1.1, 0)P0. 0. %1 Y1.11)AOGK 1.
i=1 i

M
=3 [ [ Pt 00p(i.0.50 1y 0,
i=1 YU
The posterior probabilities of the models are given by

iy )= POLlP -
P(1|J’1;n) Zﬁlp(y1:n|[<)pk ( )

Once more, it is impossible to evaluate these posterior distributions
analytically.

2.3. Limitations of standard SMC algorithms

Formally SMC can directly be applied to approximate
p(i,0,X0n|y1.,) and p(ily;.,)- Indeed, it only requires modifying the
initialization step of the algorithm described in Section 2.1 to sam-
ple additionally N particles {I?, 0} according to their prior distri-
bution. Subsequently, we propagate the particles {I?, 6% X0 1y
instead of {xg'},,} in the standard approach. Unfortunately, although
it can be proved that as the number of particles N — oo the result-
ing SMC approximation converges towards p(i,6,Xo.|y;,) under
weak assumptions [3,28], this convergence is not uniform in time.
This means that, as the time index increases, we would need an
increasing number of particles to ensure a fixed precision of the
approximation. The reason for this problem is that static parame-
ters are sampled at time n = 0 but they are subsequently never
rejuvenated; this is the so-called degeneracy problem. Particles
are only depleted by the resampling step; this results in a rapid
collapse of the approximation.

3. SMC methods for joint tracking and identification

In this section, we describe the main approaches to joint track-
ing and identification, separated according to our closely linked
goals: the intra-class goal (i.e., joint tracking and estimation of
the target attributes, or parameter estimation for a given class)
and the inter-class goal (i.e., the classification of the target or model
selection).

3.1. Continuous target attribute estimation

3.1.1. Artificial evolution methods

An immediate and pragmatic way to avoid the degeneracy
problem is to adopt an approach that has been applied previously
in the Kalman filtering framework, i.e., to introduce explicitly an
artificial dynamic on the hyper-parameter of interest 0

Op=0,1+V,, whereV,~ 4(0,2)
and X is the perturbation variance

The small random perturbations on the parameter reduce the mem-
ory of the system since new parameter values are generated at each
time step. However, a loss of information inevitably comes from
this artificial evolution since the parameter is in fact fixed. The
resulting posterior distribution is more diffuse than the true poster-
ior distribution.

Kernel density methods, used by regularised particle filters
(RPF) to introduce diversity among the particles [3,5] introduce a
more implicit evolution of the parameter by using a kernel density
estimate of the marginal distribution of 6

N
P(0ly1a) =D WKu(0—0")

i-1
where K, is the regularization kernel, h the bandwidth and W, the
sample weights at the current step n.

The evolution is here adaptive and depends on the current sam-
ples. However, standard kernel methods have a tendency to over-
disperse the samples and the consequent loss of information will
accumulate at each time step. A variant called kernel smoothing
with shrinkage [16] has been proposed to reduce this loss of infor-
mation. It consists of methods that attempt to maintain the correct
variance of the samples by shrinking the samples towards their
mean before applying a random perturbation; see [16], for details.
This method is inappropriate for multi-modal posteriors (since it
involves an implicit assumption of unimodality).

All these artificial evolution methods have a tendency to artifi-
cially downweight the importance of early observations compared
to recent observations. In other words, although the system is now
allowed to forget its past, it also might forget informative measure-
ments of the past, which could have been useful in determining the
target attributes and eventually its identity. From a theoretical per-
spective, the samples are no longer guaranteed to approximate
those from the true posterior even as N — oo [5].

3.1.2. Markov chain Monte Carlo moves

The incorporation of an MCMC step within an SMC algorithm
has been developed in recent years to mitigate sample impoverish-
ment [12,13]. MCMC, previously mentioned for off-line estimation
in Section 1, is a powerful technique for sampling from distribu-
tions only up to a normalising constant. MCMC can be interpreted
as a principled way to “jitter” the particle locations and thus to re-
duce degeneracy. Let A = (0,xo.,) and A* = (07, x;,,) then an MCMC
kernel K, (A7|A) of invariant distribution p(4]y,.,) is a Markov tran-
sition kernel with the property that

/ DALY 1) Kn(A' | A)dA = P(A°ly,.0)
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For such a kernel, if A ~ p(Ay;,,) and A" |4 ~ K,(A"|A) then A" is
still marginally distributed according to p(A|y,,,). Even if A is not
distributed according to p(4|y,,,) then, after an application of the
MCMC kernel, A" can only have a distribution closer than that of
A (in total variation norm) to p(Aly;.,).- A Markov kernel is said to
be ergodic if iterative application of that kernel generates samples
whose distribution converges towards p(Aly,,) irrespective of the
distribution of the initial state. Within an SMC algorithm there is
no need to use many MCMC steps as we already have samples
approximately drawn from the posterior distribution. Moreover,
the kernel does not even need to be ergodic [13]. A generic way
to build an MCMC kernel is the Metropolis-Hastings (MH) algo-
rithm. It requires selecting a proposal distribution g(A"|4). We sam-
ple a candidate according to q(A*|4) and accept it with the

i ilitv: mi PAY1)q(A] A7)
following probability: min {1, TR }

At first sight, it appears that the implementation of MCMC steps
within the particle filter requires the storage of the whole trajec-
tory of the particles. If this were the case, both the memory
requirements and the move computational cost would increase
over time. However, there are many scenario where p(0|y;.,, Xon)
only depends on (y,.,,Xo.) through a set of fixed dimensional suf-
ficient statistics [12,14].

Although the use of MCMC moves tackles sample impoverish-
ment in a more rigorous way than the artificial evolution methods,
a drift of the estimated parameters has been observed in [12] for
long observations and a uniform (in time) convergence result can-
not be established for such algorithms. Storvik [17] proposes a
method based on marginalization of the parameter from the pos-
terior. Note that this method also suffers from the degeneracy
problem.

3.2. Identity determination

3.2.1. Class-specific filters

Class-specific filters have been developed [6] for joint target
tracking and feature estimation problems where the target feature
is discrete and can only take a finite number of values. This prob-
lem description applies to the identification determination when
the target feature refers to the identity (ID) of the target. Essen-
tially the algorithm simply consists of running M independent par-
ticle filters to compute p(y,,li) using the fact that we can
approximate the evidence using (8). The method benefits from
the system conditional ergodicity given a class. Notice that compu-
tation load remains constant for each class, even if the class be-
comes very unlikely. However, this extra load makes the method
robust and avoids misclassifications by enabling the filter to
“change its mind”. Refs. [6,7] illustrate the efficiency of the ap-
proach for behaviour-based classification problems.

3.2.2. Sequential Reversible Jump MCMC

Reversible Jump MCMC is a general methodology, based on the
Metropolis-Hastings (MH) algorithm, which addresses the prob-
lem of off-line model selection [11,23]. Its purpose is to construct
an ergodic Markov chain admitting the global joint posterior distri-
bution (here p(i, 0, xo.c|y1«)) as the invariant distribution. Compared
to basic MCMC, Reversible Jump MCMC tackles the difficult task of
jumping from one model to another model. Applied to sequential
identification with SMC, Reversible Jump MCMC extends the capa-
bilities of the previously mentioned MCMC step or Resample-Move
Filter. Reversible Jump MCMC algorithms can consist of a mixture
of kernels generating intra-classes moves inside subspaces and ex-
tra-classes cross-model moves. Furthermore, birth and death
moves can be proposed to explore new or depleted areas of the
space. Efficiently designed, all those moves can reduce efficiently
the impact of sample impoverishment and redistribute the parti-

cles across the whole joint posterior p(i, 6, Xo.n|y1.,)- All the previous
remarks for the MCMC moves are still valid.

Note that the class probabilities are here simply determined
by the proportion of samples associated with the various classes.
Unlike the class-specific filters approach, the same computational
load is not attributed to each class; classes turning out to be very
unlikely will require very small efforts. Moreover, cross-model
jumps are supposed to be able to repopulate occasionally de-
pleted class subspaces. However, engineering efficient reversible
moves is known to be a very tricky, time-consuming task [23].
Moreover the Reversible Jump MCMC approach is probably more
useful when the number of potential classes is quite high and
when it is possible to take advantage of relationships between
parameters of different classes to propose efficient cross-model
moves.

3.3. Comments

None of the SMC approaches for joint tracking and identifica-
tion presented here significantly outperforms the others. The
choice of an appropriate SMC strategy is problem-dependent.
Class-specific filters prove to be especially efficient and robust
when the various expected target classes can be modelled in very
different ways and can require completely different inference
processes. On the other hand, the Reversible Jump MCMC meth-
odology is more appropriate to deal with a large (possibly infi-
nite) number of classes. Focusing on fixed-parameter estimation,
marginalization and sufficient statistics should be used whenever
possible. Furthermore, disengagement procedures [17,22] may be
applicable in some contexts. These procedures consist of neglect-
ing some earlier data points. For example, disengagement can
take the form of a sliding window (e.g., [19] in the context of
communication processing) where only recent measurements
are considered, or the form of a deliberate concealment of previ-
ous measurements that a specific event could validate (e.g., [22]
in the context of clinical monitoring). In less demanding applica-
tions, another solution can be to rejuvenate the particle approxi-
mation from time to time by the use of full off-line MCMC
algorithms [15]. As a last resort, an artificial dynamic model
may be introduced on the static parameter.

The listed approaches are not necessarily used in isolation of
one another. Indeed, the combination of various techniques may
be an efficient and useful way to address the joint tracking and
identification task under consideration. The following video track-
ing application illustrates such an hybrid approach.

4. Application to geometric shape video tracking

In this section, we describe an application of the methodology
presented earlier to digital CCD video tracking of basic geometric
shapes (such as cubes, parallelepipeds, spheres and hemispheres).
The purpose of the application is not to deal with a real computer
vision problem but to illustrate how SMC techniques can address
joint tracking and identification problems. Moreover, the applica-
tion demonstrates how different SMC techniques can be combined
efficiently.

In the tracking scenario, a shape moves inside the field of view
(FOV) of a CCD camera, alternatively getting closer and moving
away while rotating (cf. Fig. 1). The application goals are:

- 3Dtracking: to track the shapes in the real 3D space, i.e., estimate
simultaneously the position and the orientation of the moving
shape (the so-called target pose),

- attribute estimation: to estimate sequentially also the dimensions
of the shape if they are unknown (e.g., radius of a sphere, length/
width/height of a parallelepiped),
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background

Field Of
View

CCD camera

Fig. 1. The tracking scenario.

- fidentification: to identify the shape, when there is uncertainty
about the class (e.g., whether the shape is a sphere or hemi-
sphere, cube or parallelepiped).

Note that in order to focus on the tracking issues and not to deal
with very specific image processing problems, the scenario has
been simplified. The environment is uncluttered (a black cloth

has been laid behind the target). The lighting conditions are satis-
factory, providing good conditions for feature extraction. More-
over, there is no occlusion of the target (the target is suspended
by threads).

The main characteristics (cf. Fig. 2) of the developed Bayesian
approach are:

e The parallel architecture: It is based on class-specific filters [6].
Moreover, these filters are combined so as to estimate the class
probabilities. With this architecture, each shape model class is
able to have its own state space (its dimension differs, depend-
ing on the symmetry level of the shapes). While [6] illustrates
behaviour-based identification, this application illustrates fea-
ture-based identification.

e The inference engine: Each class-specific filter is based on a
recent particle filtering technique [18,19] which is essentially
a sequential adaptation of annealed importance sampling
[20]. For convenience, it will be called subsequently simu-
lated annealed particle filter (SAPF). Briefly speaking, SAPF mit-
igates the degeneracy phenomenon by computing gradually
the posterior distribution and using MCMC moves. A related
technique has already been used for human body video track-
ing [21].

e The hyper-parameter estimation: The fixed parameters, which are
here the dimensions of the shapes, are added to the dynamic
state vector, leading to a hybrid state vector. The dimensions
are estimated by combining two fixed-parameter estimation
techniques. The first one consists of MCMC moves that re-scale
both the trajectory and the shape; this move benefits from suf-
ficient statistics that summarise the trajectory. The second one
is an artificial evolution of deformation of the shape that diffuses
across the layers of the SAPF.

e The likelihood model: The likelihood function uses extracted fea-
tures (foreground and edges) that are provided by an image pro-
cessing stage and compares them to an expected projection of
the shape requiring a shape model and a camera model.

In the next sections, we detail the video application, such as the
image processing, the dynamic model, etc. We describe the SAPF
particle filter and focus on combined techniques to address the
parameter estimation problem. Finally, the algorithm efficiency is
demonstrated experimentally.

Class-Model State Shape
M, 5 Yol Model
*r Yr 2r
o= CNCNCR N e
Model 3 Model

Inference
engine

p

Likelihood

Model -

.l-|xk=0

Image
Processing

I\

P(‘k: glyl:k) P()’k |J’1:k—1

dynamic state Meodel
+ attribute state selection

)

Fig. 2. Shape video tracking application.
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4.1. Hybrid state-space model

In this section, we describe the state-space model which de-
pends on the shape class. Next, the dynamic model and the prior
distribution are presented.

4.1.1. Shape class-dependent state-space model
A hybrid state vector y, = [x,0s]" describes the state of the tar-
get at time n. Omitting the time index n, the dynamic part is

X=[Xr yr zr Xr Yr ZT( P)s(0)s (@)s]

where

- [xryrzr] and [xry;zr] are, respectively, the location and the veloc-
ity vector of the target (more exactly of the barycentre T) in the
camera coordinate system (OXYZ) (cf. Fig. 3),

- [(P)s(0s(@)]" defines the orientation of the target. More pre-
cisely, they are Euler angles (7,{, ¢) which define a sequence
of three standard rotations that transforms the target coordinate
system (T,T,T.) into the general coordinate system (XYZ).

The brackets (); means that some of the Euler angles may be op-
tional, depending on the level of symmetry of the shape. There is
no orientation for spheres and the associated state vector does
not include any Euler angles. For hemispheres, their orientation
is given by their axis of symmetry and (¥, ¢) is enough. For cubes
or parallelepipeds, all the angles (7, {, @) are required (see Fig. 4).

The parameter part s depends on the shape: s = r (radius) for
spheres and hemispheres, 0s =1 (length) for cubes, 05 = [lwh]"
(length, width, height) for parallelepipeds.

To summarise, each shape model class has its own dedicated
state space, the dimension of which is varying: 7 for the class
sphere, 9 for the class hemisphere, 10 for the class cube and 12
for the class parallelepiped.

4.1.2. Dynamic model

The dynamic model is a (second order) piecewise constant
white acceleration model [24] on the position component:
Xn = Xn_1 + ATV} (13)

n

Xn=Xn_1 4+ ATX, 1 + %ATzv"

where V¥ is a white Gaussian noise of variance ¢2. Identical models
are adopted for y, and z,. As for the orientation component, the re-
lated dynamic model is a random walk

Yn=Y¥u1+ 8;{7 h="Cn1 + 8‘;]7 Op =Py + 81? (14)
o Shape x
y
Image plane
Projected
shape

Fig. 3. The pinhole camera model.

Fig. 4. State space and symmetry level.

where ¢”,¢% e are white Gaussian noise independent sequences,

n o %ns

mutually independent, of variance ¢2.

4.1.3. Prior distribution
The prior distribution p(Xo0s) = p(Xo)p(0s) is simply given by:

e the state prior p(Xo): it is simply described by uniform distribu-
tions on the range, on the position of the target in the image
plane p(xo,¥,), on its orientation and velocity,

e the parameter prior p(6s): similarly to the state prior, it is
described by an uniform distribution on each parameter of the
target.

4.2. Observation model

4.2.1. Image processing

Similarly to [21], a basic pre-processing feature extraction step
is applied to the current image. Two features are extracted: the
edges and the foreground (cf. Fig. 5). The foreground extraction
consists of a straightforward thresholding of the image intensity,
followed by morphological operations to reject detections associ-
ated with the threads and resulting in a binary pixel map Ir. On
the other hand, a gradient-based Canny detector is used to extract
the edges; the result, smoothed with a Gaussian 2D filter, is re-
mapped between 0 and 1. Eventually, the pixels of the resulting
pixel map I¢ are assigned a value related to their proximity to an
edge. Notice that both the lighting effects (e.g., when surfaces are
nearly at right angles to the image plane) and the blurring effects
may cause some of the edges to be undetected (cf. right part of
Fig. 5).

4.2.2. Shape and camera models

Associated with a shape particle and its state vector y, = [X,0s]"
at time n, a shape model and a camera model are used to deter-
mine the expected image features of such a particle. The shape
model generates edge and foreground sampling points, according
to the class of the shape and its pose (i.e., its position [xry;zr]
and its orientation [(¥)s({)s(¢)s])- The N sampling points on the
expected visible edges {Eﬁ“’ fi] (black circles in Fig. 6) are regularly
drawn while the Nr sampling points on the expected foreground
{F;*“ fil (gray squares) are randomly spaced. Then, the locations
of the sample points in the image plane are determined by a pin-
hole camera model (see Fig. 3). Notice that, though simple, such
a model is non-linear.
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Original image

Foreground I

O

Smooth edges I¢

Fig. 5. Feature extraction.

Fig. 6. Feature sampling points.
4.3. Likelihood function

The likelihood model strongly depends on the application and
on the chosen image features. In a similar way to [21], the likeli-
hood function p(y|x, 0) is constructed as the product of the likeli-
hood Lﬁ(x, 0) and L§(x, 0) based, respectively, on the edges and the
foreground:

o L relies on the following metric: L} (x,0) = T} (x,0) - T} (x, 0).

Ty corresponds to a distance between matched edges of the

model and the image. It is determined by the following expression

Ng

[[A+B- 7 (E")
k=1

M
T, (x,0) =

where .#;, is the deduced (bilinear interpolation) intensity on the
normalised pixel map I of the expected visible edge sampling point
Ey YA and B are, respectively, tuned to 0.8 and 0.2 so that TM cannot
exceed 1. On the other hand, TU introduces a penalty for the un-
matched edges:

T} (x,0) = 11

pixel pld(p.ES")>dyVk=1....Ng

(1-C-Ie(p))

The more image pixels with significant intensity outside the neigh-
borhood (delimited by the pixel distance dy) of the model sampling
point E;’, the lower T} is. C=0.1 and dy =5 for image resolution
320 x 240.

. L§(x, 0) is linked to the rate of samples from {Fi’”}’,:’il lying in the
extracted foreground map Ir:

1-Ix( (1*5—F>
[

Li(x,0) =

K is the evaluated number of the foreground model samples inside
the extracted foreground. o is set to 0.9. The higher Kk is, the higher
the foreground likelihood is.

Notice that the various constants are tuned so that L§ and L§, as
well as the matched and unmatched edges components, are appro-
priately weighted.

4.4. Simulated annealed particle filter

In this section, we present the generic SAPF filter and the spe-
cific implementation designed for the video application.

4.4.1. Principles

The SAPF filter [20] can be also interpreted as a Resample-Move
algorithm [14]; see [25] for a discussion and a generalisation of
such techniques. SAPF is useful when no good importance density
is available, meaning when the likelihood is centred far away from
the points sampled use the importance density. For example, this is
the case when, through lack of an efficient importance density, the
prior is used despite being much more diffuse than the likelihood.
The basic idea of the SAPF is to use a sequence of intermediate dis-
tributions to move smoothly towards the target distribution.

Between the initial distribution ITo(Xo.n)=p(Xon-1|¥1.n_1)q(Xn|
Xn_1,Y10)(q is the importance density) and the final distribution
Io(Xon) = P(Xon|V1.4), P — 1 intermediate distributions IT,,(xo.,) are
defined according to an appropriate schedule, such as:

Hn(Xon) o< P(Xon-11Y1.0-1)(XalXn-1,Y) " PV l¥a) " (15)

The sequence {an} is the cooling schedule and satisfies
oo =1< 0y <--- <oy =0. The SAPF aims to move the set of parti-
cles through this sequence of distributions

Given an approximation {XOn LW } of p(x()n 1|Y1.a-1) at time
n — 1, we obtain an new approx1mat10n {an Y of p(Xom|y1.) at
time n as follows for the sequence of mtermedlate distributions
(15).

o Fori=1,...,N, drawx?© Nq(x,,\y”,xfji]).
e Form=1,...,P+1
o Set XU — xOmD 5nd compute

W;l m) O(W ,(m-1) (y |X

)fxm X 1

-1
If N W ) < Nr then resample N particles also denoted

{Xg)n<m } from the weighted distribution {X{:(™ w®:m
whm — 1N,
e Apply an MCMC move of invariant distribution IT;;(Xo.n).

} and set

The algorithm is illustrated in Fig. 7 with a number of simulated
annealing layers equal to 3. Starting from the importance distribu-
tion Iy (black), the likelihood is progressively introduced, so that
at each layer the particles concentrate themselves progressively
in the probable parts of the state space. Eventually, the particles
are (approximately) distributed according to the posterior distri-
bution IT5.
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Fig. 7. The SAPF principle.

Despite the lack of a good importance distribution, the SAPF
algorithm is able to deal with a multi-modal likelihood without
getting trapped in local maxima. An appropriate cooling schedule
[19] is implemented: as the dimension of the state space becomes
higher and the search of the good modes more challenging, it mon-
itors the size of the successive steps. It is also straightforward and
natural to add target attribute moves inside the MCMC move step
in order to perform fixed-parameter estimation. Concerning the
model selection goal, the class-specific filters approach described
in Section 3.2.1 is chosen.

The main MCMC move is a kinematic move where the position,
the velocity and the orientation of the target are simultaneously
updated. The variance of the proposal distribution decreases at
each layer of the SAPF recursion as large moves become less and
less possible. The variance evolution is tuned in order to ensure
that around 30% of the moves are accepted. The other MCMC
moves, dedicated to the target features, are presented further.

4.5. Combined techniques for shape feature estimation

Combined techniques are used to estimate the shape features.
The first technique is a resample-MCMC move that is here applied
to re-scale both the dimensions of the target and the whole trajec-
tory. Then, as described for the point 2D bearings-only tracking
problem [14], a sufficient statistic summarises the whole trajectory
so the computational and memory requirements of the re-scaling
moves are reasonable. In order to be able to reach any point of
the hyper-parameter space, other moves are needed. They consist
in deformation moves that change the shape dimensions without
keeping the proportions. Since no sufficient statistic is available,
an artificial evolution is used consisting of a deformation diffusion
through the layers of the SAPF.

4.5.1. Re-scaling MCMC moves
Denoting the whole trajectory A, (states at all time points and
parameters) at time k, the re-scaling move K; consists of

K; * * % %
Ay = [Xo, ..., Xis] = Ay = [X5, . . ., X 0]

wherexj, . .., X; correspond to a reduction or amplification of the po-
sition and velocity parts of the states Xo, ..., X, by the same factor /,
and the orientation part remaining unchanged. As for the parameters,
0; = 2- 0, i.e., the moved shape is the homothetic of the original
shape by the factor A(the proportions remain unchanged). As a matter
of fact, the move is nothing else than envisaging that the shape parti-
cle is larger or smaller, but, respectively, further or closer in such a
way that the expected measurements would be unchanged.

In order to construct a Markov chain transition kernel K, that
keeps the joint posterior distribution p(Xox,0s|y;,) invariant, a
Metropolis-Hastings method is chosen with a proposal q(A%|4).
The acceptance probability of the move is:

P YAl
min {1’ DAY 1)a A 1) } (16)

Using the Markovian property of the dynamic process and the con-
ditional independence of the observations given the process, the ra-

tio p(4, A7) = B2 simplifies
. * - (1-12)
o D(ry) - p(v) - p(05) e
AN =—"—— 3. 2% 17
P = pir) - plvo) - pls) S 17
———— ——_ trajectory

prior

where 7, = 13 |y, with

. SN2 . L2 . N\ 2
_ (Xirn —Xi Yirn — Vi Zis1 — %
n= () = () - ()

as the dynamic model satisfies p(X; 1 |X;) = —=L—e 2.

(V2may)?

Note that if J, = 0, there is no apparent motion and (17) indi-
cates that all the re-scaling moves are possible, which is exactly
the uncertainty of the information provided by only one angle
measurement. In the other hand, while k increases, possible moves
become smaller and smaller. The sufficient statistics (ro, Vo, 0s, Vx)
sum up all the information needed to evaluate the re-scaling move
K;. Thus, it only requires adding 7 to the state and to update it
recursively at time k. The associated re-scaling move is then:
Te=4-7.

As in [13], an uniform symmetric proposal density
q(A*|A) = q(A]A*) is chosen for the re-scaling move K, ie.,
2~ U[J1,1/24]; the value of the chosen constant /, is tuned and de-
creases in time in order to assure more or less a rate of acceptance
move around 30%. Eventually, the re-scaling move K; is added to
the transition MCMC move K7 of the SAPF algorithm.

4.5.2. Deformation artificial diffusion

To complement the re-scaling move K; and to be able to reach
any point of the parameter space, a complementary deformation
move Kp has to be performed, consisting of:

K * *
Ay = [Xo, - - -, Xi05] =3 A} = [Xo, . . . , Xi0%]

The trajectory of the shape particle is unaltered; only its dimensions
are changed now without trying to keep the proportions.

Choosing again a MH method, the ratio of the acceptance prob-
ability of the move is: p(4,4") = B2 It can be straightfor-
wardly developed:

[T P, )] - p(65)
[H?:]P(J’ﬂxi,os)] - p(0s)

Such a move would require evaluating all the likelihood terms cor-
responding to all the past measurements, leading to computational
and memory requirements increasing in time. And yet, the defor-
mation move Kp can be easily evaluated at the time of the 1st mea-
surement, where:

(18)
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oy = POA[X1,05) -p(0s)
PAA) = D X0 p(0s) (19)

Moreover it can be combined with the transition move Kr. Then the
SAPF behaves as a simulated annealing importance sampling. For
the next measurements, an artificial Gaussian diffusion of deforma-
tion is applied through the successive layers of the SAPF.

5. Results

In this section, we present shape video results, starting from the
simulated annealing behaviour to 3D tracking, attribute estimation
and joint tracking and identification.

5.1. Simulated annealing behaviour

The simulated annealing layers of the SAPF (500 particles) are
illustrated in Fig. 8 (for the 1st measurement). Let %(A) denote the
uniform distribution on the set A. The dimensions of the parallelepi-
ped are unknown (I, w, h ~ %[10 cm 30 cm]), the position and orien-

tation of the target are also unknown: the range p(ry) = #[1 m 2 m],
image plane coordinates p(xo,Y,) is deduced from the 1st measure-
ment and the three Euler angles are completely undetermined
(~ #[0° 360°]). The adaptive cooling schedule is determined by
allowing the effective sample size to decrease by 30% at each step.

The upper left image represents the prior knowledge: all the par-
allelepiped centres are drawn (red points) and the edges of five of
them, randomly chosen, are added. In the next images, only the
edges associated with the MMSE estimate is represented. After six
layers, the true mode has been approximately found. Afterwards,
the particles migrate to the shape centre. Finally, the posterior distri-
bution is concentrated on the true centre and the MMSE is perfectly
superposed on the parallelepiped image; the SAPF satisfactorily esti-
mates the shape position, orientation and dimensions.

5.2. Shape 6D tracking

Fig. 9 represents the tracking of a hemisphere during 75 mea-
surements at the frame rate of 15 Hz. The radius of the hemisphere
is known (20 cm) and the prior, represented in the upper left im-

Fig. 9. Image sequence of the hemisphere tracking.
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age, is similar to the previous illustration, with each velocity com-
ponent ~ #[—1m/s 1 m/s]. For a while, the target moves slowly
and only shows its spherical face; after the 25th measurement, it
moves faster while rotating. Overall the SAPF is able to track the
target satisfactorily. Sometimes, slight imperfections occur when
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the extracted features of the image are mediocre, i.e., mainly when
the edges are not well located (measurements Y3g, Yso and Yis).
Around Ys3s, the tracker has not found the true orientation. Subse-
quently, it manages to find the true mode again. Fig. 10 shows the
trajectory of the target centre in the normal plane OXZ (from
above). The uniform prior is represented in red, the successive
MMSE estimates of the position are drawn with pink circles and,
for a few measurements, the particle clouds are represented with
blue points.

Concerning the evolution of the number of layers Njgy.r, con-
trolled by the adaptive cooling schedule, the 1st inference requires
10 layers. Afterwards, Niq.r Oscillates between 5 and 6 for a few
tens of measurements. It increases substantially after time 30
while the target motion is more pronounced and the prior distribu-
tion p(x,|x,_1) further from the likelihood.

5.3. Estimation of shape dimensions

5.3.1. 1D attribute

The first example deals with the estimation of a mono-dimen-
sional parameter, the radius of a moving sphere. The prior and
the associated cloud of 100 particles are represented in the upper
left part of Fig. 11, with the range ro ~ %[5 m 10 m] and the radius
r ~ #[20 cm 100 cm]. After, the set of samples approximating the
posterior is represented at time 1, 5 and 10. The corresponding
images of the moving sphere and the MMSE estimators are also
represented. As soon as the full MCMC Kernel is used on the first
measurement, the radius is estimated quite accurately for a given
range and there is a strong correlation between the range and
the radius (meaning the target could be further and bigger). Black
circles represent a possible trajectory of a 60-cm radius sphere
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Fig. 11. Sphere tracking with unknown radius.



P. Minvielle et al./Image and Vision Computing 28 (2010) 111-123 121

moving away from the camera. The dynamic model favours closer
trajectories and the distribution becomes increasingly localised lit-
tle by little. The relative spread in range at Y5 and Yo is due to a
degradation of the image quality. Note that this estimation does
not require the deformation move Kp; the re-scaling move K; is
sufficient.

5.3.2. 3D hyper-parameter

The second example deals with the estimation of a 3D parameter,
i.e,, thelength (1), the width (w) and the height (h) of a parallelepiped.
The prior distributions on the three dimensions [, wand h are similar:
2[10 cm 30 cm]. The proportions are represented in the upper left
part of Fig. 12, in the plane (w*/I',h"/I') where I',w* and h" are the
sorted dimensions in a decreasing order. Black circles represent
the true proportion while green squares represent the successive
MMSE estimates. After the first full MCMC move, the set of samples
tightens around the true point. The next hybrid inference, based on
MCMC and an artificial diffusion, gradually improves the estimate.
At time 20, the estimate is within a few percents of the true value.
Subsequently, the estimation deteriorates due to the likelihood
being biased by an imperfect suppression of the threads and a result-
ing incorrect evaluation of the mismatched edges.
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5.4. Joint tracking and identification

5.4.1. Scenario I — precise classes (sphere/hemisphere/cube)

In this first scenario, the measurements are the 60 first mea-
surements of the previous hemisphere 6D tracking example. There
are now three equiprobable classes (p; = 1/3), the shape dimen-
sions in each class being completely known: sphere(r = 20 cm)/
hemisphere(r = 20 cm)/cube(l = 30 cm).

Fig. 13 displays the evolution of the one-step ahead predictive
densities, i.e., p(¥,|¥1.._1,1), and of the class posterior probabilities.
The predictive densities of the classes sphere and hemisphere are
very close to each other until time 28. Afterwards, while the target
rotates, the predictive density of the class sphere collapses and it
becomes highly probable that the target is in fact a hemisphere.
On the other hand, the cube class seems immediately unlikely; it
only could be a possible alternative around time 50 (and only at
those time instants) when the target is quite far from the camera
and the edges are badly extracted. Note that for all the classes
the predictive densities increase significantly between the 1st
and the 2nd measurement since the 1st image reduces dramati-
cally the uncertainty and p(y,|y;) is consequently far narrower
than p(y, ).
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Fig. 12. Parallelepiped tracking with uncertain proportions in the three dimensions.
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5.4.2. Scenario Il - imprecise classes (cube/parallelepiped)

In this second scenario, the real target is the long parallelepiped.
For a while, it only shows its smallest square section, then rotates
and turns its longest face towards the camera from around time
40. There are now two equiprobable (p; =1/2) classes: cube
(r~w[10 cm 30 cm] )/parallelepiped (1=39.5cm—w, h~%[10 cm
30 cm]).

Fig. 14 represents the evolution of the Bayes factor and the class
posterior probabilities. Until time 40, the class cube has the highest
posterior probability, essentially due to the fact that rotating the
long parallelepiped would typically have shown its other faces
more quickly. After time 40, it becomes more evident that it is
actually a long parallelepiped. Notice the few jolts of the Bayes fac-

tor that are the result of poor edge extractions associated with
some specific frames.

5.5. Computational requirements

The shape video software, developed in Matlab and C, was run
on a PC Pentium II (350 MHz). Using 200 particles and 5-6 anneal-
ing layers on average, a typical sequence of 15s (225 frames -
15 Hz - image resolution 320 x 240 pixels) takes approximately
2 h. However, the code is not optimised; better tunings of the SAPF
and improvements of the numerical likelihood evaluation routines
would allow to speed up significantly the code.

6. Conclusion

In this paper, we have proposed a Bayesian approach to address
the joint target tracking and identification problem. Although a

Bayesian approach to this problem is conceptually straightforward,
it is difficult to solve the associated computational problems when
the candidates models include static parameters. We have re-
viewed the limitations of standard approaches and have proposed
a sophisticated SMC method based on MCMC moves to perform
inference. This methodology has been demonstrated successfully

on the tracking and identification of geometric shapes in video
sequences.
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