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Abstract

This thesis presents a new annealing method for particle filtering aiming at body pose
estimation. Particle filters are Monte Carlo methods commonly employed in non-linear
and non-Gaussian Bayesian problems, such as the estimation of human dynamics. How-
ever, they are inefficient in high-dimensional state spaces. Annealed particle filter copes
with such spaces by introducing a layered stochastic search. Our algorithm aims at gen-
eralizing and enhancing the classical annealed particle filter. Different image features
are exploited in a sequential importance sampling scheme to build better proposal dis-
tributions from likelihood. This technique, termed Feature-Based Annealing, is inferred
from the required function properties in the annealing process and the properties of the
weighting functions obtained with common image features in the field of body tracking.
Comparative results between the proposed strategy and common annealed particle filter

are shown to assess the robustness of the algorithm.
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Chapter 1

Inroduction

Automated inference of human pose from images is a challenging and often ill-posed
problem. It basically involves the estimation of the configuration of a three-dimensional
underlying structure of the human body, traditionally represented by an articulated
model. This configuration is a high-dimensional hidden variable experimenting non-
linear transformations as a result of the human dynamics and the mapping to images.
Solutions to this challenge may offer many diverse applications. Not in vain, pose es-
timation and tracking has arisen as a highly active area within the fields of computer

vision and image processing.

To overcome such a challenging problem, the search space is constrained by the prior
knowledge about the human body. A virtual skeleton is often used to model the under-
lying structure of the human body and, indeed, the constraints on human pose space.
Analysis-by-synthesis approaches have become very relevant due to the efficient use of
this information. In such approaches, human body models are used to produce hypothe-
sis that are matched with images to find pose correspondences. Within these approaches,
stochastic sampling, and more concretely particle filters (PF) [1] [2] have become pre-
dominant methods due to their ability to precisely model non-linear and non-Gaussian
processes. However, particle filters are inefficient for high-dimensional state spaces, thus
requiring further improvements. To this end, partitioned sampling [3], hierarchichal
sampling [4], covariance scaled sampling [5] or annealed particle filter (APF) [6] have
been proposed. Among those proposals, APF has become on of the most relevant by
treating the bayesian estimation of the human pose in an optimization context. In
addition, hierarchical sampling or scaled covariance ideas can be applied to the APF

scheme.

In this thesis, we investigate the role of image features in the annealing algorithm pro-

posed for particle filters [6]. Besides, we exploit annealing as a method to generate

1



Chapter 1. Introduction 2

better proposal distributions in the context of Monte Carlo Importance Sampling [7] [8].
We address annealing to sample from likelihood instead of simply sampling from the
transition prior. To do so, the properties of image features involved in the likelihood

approximation are very important, since they provide different functions to sample from.

As a result of the research work on these areas, we propose a new annealing method in
the context of image-based pose estimation and tracking named Feature-Based Anneal-
ing. Different image features are used to build weighting functions that are appropriately
weighted through different annealing layers. We experimentally show the increased ro-
bustness of this technique under challenging conditions for pose estimation by comparing
it with classical APF.



Chapter 2

Related Work

In this chapter, we review some fundamental concepts involving pose estimation from
images. The chapter is broken down into two main blocks. The first one presents the
modelling framework. Since we aim at model-based analysis-by-synthesis estimation,
this framework is of high relevancy. The second block is devoted to particle filtering.
First, the generic tracking problem is formulated as a non-linear non-Gaussian Bayesian
state estimation. Then, particle filtering is introduced as a precise Bayesian estimator

for the underlying statistics of non-linear and non-Gaussian dynamics.

2.1 Kinematic Chain Framework

The design of a model-based motion capture system implies implementing explicitly the
prior knowledge about the body pose configurations. The body modelling framework

must accomplish several requirements:

e Provide a simple and compact representation of the possible body poses.
The relationship between body part locations and the body parameters must be

simple and unique, while keeping a relatively low number of body parameters.

e Capability of incorporating motion constraints. Constraints can be set at
the tracking level, but it is desirable that the body model incorporates the majority

of them, thus leading to a more efficient tracking scheme.

The kinematic chain framework satisfies both requirements. Every 3D part location
can be easily determined by the product of the twists affecting the motion of that
point and most of the problem constraints are incorporated by means of hard kinematic

restrictions.
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In the following, we present twists and exponential map formula for kinematic chain

framework and we introduce its application in an articulated human body model.

2.1.1 Twists and the Exponential Map Formulation

A kinematic chain [9] is an assembly of joints with several degrees of freedom (DOF),
connecting rigid segments. Let SE(3) be the Euclidean group of rigid body motions
and SO(3) the group of 3x3 proper rotation matrices. Both groups are Lie groups thus

presenting an associated Lie algebra [10].

Let us consider the rotation of one segment with respect a single DOF of a joint to which
the segment is connected. To this end, we model this DOF as a rotation axis and we
consider two elements on it: a unit vector w € N3 and a point q € R3. Assuming unitary
velocity of rotation, the velocity p of a point p on a rigid object about the rotation axis

is determined by:

bp=wx (p—a) (2.1)

If we re-write the above expression in homogeneous coordinates we obtain the SE(3) Lie

algebra é :

T
where p = [p 1] is the point p in homogeneous coordinates and w is the Lie algebra
of SO(3):

0 —w: wy
W= w, 0 —Wg (2.3)
—Wwy Wy 0

Hence, Lie algebra of SE(3) is representing a twist. The solution for the differential
equation in homogeneous coordinates 2.2 leads to the connection between the Lie algebra

and the Lie group:
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p(0) = ¢*’p(0) (2.4)

Any element é of the Lie algebra can be mapped to its corresponding rigid body motion
by means of an exponential. Hence, the above solution shows the transformation from
an initial location of the point to the current location after rotating 6 radians, by means

of the exponential map associated to the twist é .

For an open kinematic chain with n axes of rotation, this formulation provides an inter-

esting property. Let 8 = [01...60,]:

gp(0) = 51915 g1 (0) (2.5)

where gp(#) is the transformation from the rotations € to the 3D locations of the chain
points. This property allows us to compute the 3D location of every point in the chain
by means of a product of the exponential maps associated to previous joints in the chain
and a reference configuration gp(0). Moreover, this product is independent of the order

in which it is computed.

An interesting property of Lie groups is that the exponential of its matricial elements
is the matrix exponential. Therefore, we can compute the elements of an exponential
mapping matrix by means of Taylor expansions, i.e, exp(§) = I + £ + 52—2,) +.... As a

consequence we can develop the terms of the mapping as follows:

e Let ||w|| =1 where || - || is the Euclidean norm. Then, for any § € R

R = e =TI+ sinfd + (1 — cos 0)e? (2.6)
e Let ||@]| =1 and v = —w x q. Then, for any 6 € R
w v R t
exp 0| = (2.7)
0 0 0 1
where
t = (01+ (1 —cosO)& + (0 —sinf)>?) v (2.8)

Note that if the rotation axes w are aligned with the world coordinate system, the

rotation matrices are very easy to find, because they will correspond to an x, y or z
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rotation matrix. Since this choice verifies ©? = I — ww” and &&? = —&, we obtain the

following result:

M — [R t] B [e‘w —(1 — cos §)w?q — sin foq (2.9)

0 1 0 1

where M € SE(3) is used to denote the exponential map.

2.1.2 Articulated Body Model

The articulated body model consists in a set a of open kinematic chains, starting from
the torso and ending in the terminal limbs. All these chains are built from a reference
point, usually located in the torso, that will determine the position and orientation of
the whole body. For given limb sizes, the positions of joints are denoted with respect to

the body reference point.

Let us call the mapping involving the body translation and orientation Mg and CP the
set of joints belonging to a chain that affects a point in the body. As shown in 2.4, the
motion of this point depends on the exponential maps of the preceding joints. Since the
reference point is considered as the basic joint with an exponential map and it is always
included in CP, this formulation allows to encode the pose in such a way that is invariant

to rotation and translation.

p(x) = (H Mi> p(0)=| J[ M| (Mo)p(0) (2.10)

ieCcp 1€CP\O

Equation 2.10 shows how the mapping of a given pose can be factorized in order to
separate the mapping of the whole body translation and orientation. Hence, the vec-
tor parameter x can be split into pose-determinant angles and body translation and

orientation.

2.2 Particle Filters

Pose estimation and tracking implies modeling the dynamics of the underlying structure
of the human body. State-space models with non-linear and non-Gaussian transitions
are a widely used approach. However, these models lead to analitically intractable statis-

tics that require sub-optimal estimation algorithms. To this end, Monte Carlo methods
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approximate probability density functions by means of a set of weighted samples. Par-
ticle Filters are a particular application of Monte Carlo methods over a sequence of
noisy measurements. In the following, we will introduce the principles of importance
sampling, sequential importance sampling (Particle Filters) and Sampling Importance

Resampling Particle Filters.

2.2.1 Non-linear non-Gaussian Bayesian Tracking

The tracking problem [1] can be defined by means of a state-space model. Consider a
sequence of states over time x; constituting the dynamic process. From this sequence,

one can recursively find the new state as follows:

xt = fe(Xt—1,Vi-1) (2.11)

where v;_; is the process noise and f; : R x R™ — R™ is a possibly non-linear state
transition function; n,,n, are the dimensions of the state vector and the noise of the
dynamic process respectively. As a common Bayesian problem, x; is a hidden variable

producing observations or measurements:

Zy — ht(xt,nt) (212)

where n; is the observation noise and h; : R x R™» — R* is a possibly non-linear state
transition function; n,,n, are the dimensions of the observation vector and the noise of

the observation process respectively.

These two equations constitute the Gauss-Markov state-space model that has been
adopted to a great extent in tracking problems. The objective of such model is to
recursively estimate the degree of belief that a state x; is being produced given a collec-
tion of observations z;; up to time ¢, i.e, to infer the posterior pdf p(x;|z1.). Note that
an initialization p(xg|zg) = p(xp) must be available to recursively estimate the posterior.
Then p(x¢|z1.:) may be obtained by prediction and update. Given the previous posterior

p(X¢—1|21.4—1), prediction is performed by means of the Chapman-Kolmogorov equation:

p(xelani_1) = / p(e %t —1)P(%t 11211 )1 (2.13)

where p(x;|x;—1) is the state transition prior of a Markov process, which is a commonly
adopted assumption for tracking. This probabilistic model is built according to the

knowledge of the dynamical process given in equation 2.11.
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The update step is the Bayesian computation of the posterior:

P(Zt \Xt)p(Xt\ZLt—ﬁ

X¢|Z1.4) = 2.14
Plxe|zt) P(Zt|Z1:4-1) (2.14)

where the normalizing constant is obtained by the total probability theorem:
p(Zt|Z14-1) = /P(Zt\xt)P(thzlzt—ﬁdXt (2.15)

Prediction and update are the formulation to find the optimal recursive Bayes solution
for the tracking problem. However, the statistics of a non-linear non-Gaussian process
are analitically intractable and therefore we cannot compute the integrals involved in

the optimal solution.

2.2.2 Sequential Importance Sampling (SIS)

A way to deal with complex distributions is by drawing Monte Carlo samples of them

[7]. Hence, a criterion describing the “goodness” of a sample set is needed:

Definition A random wvariable x drawn from a distribution q is said to be properly
weighted by a weighting function w(x) with respect to the distribution p if for any

integrable function h:

E{h(@)w(x)} = Ep{h(x)}

A set of random draws and weights (z',w?), i = 1...N, is properly weighted with
respect to p if

for any integrable function h.

According to this definition, a pdf is approximated by discrete distribution of samples
with probability proportional to the weights. Following this spirit, Particle Filters (PF)
[1] are designed as recursive Bayesian estimators to approximate the posterior density
p(x¢|z¢) by means of a set of N weighted samples or particles. Given a Bayesian recursive

estimation problem with Markov state transitions:
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P(21:4|%¢)p(Xe|%¢1)

A 2.1
p(2¢|Z141) P(X0:t—1|Z1:4—1) (2.16)

p(XO:t|z1:t) =

we want to draw a set of properly weighted samples from the posterior. This set can be

formulated as follows:

p(Xo:t|21:) ~ Zwéé Xy — X1) (2.17)

where w! is the weight associated to the i-th particle. This discrete approximation of the
posterior requires the evaluation of weights. This is done by means of the importance
sampling principle [11], with a probability density function (pdf) ¢(xo.t|z1.+) from which
we generate samples that can be evaluated with the posterior (up to proportionality).

Applying the importance sampling principle in Eq. 2.16:

w P(xhe|z1:e) (2.18)
(XOt‘zlt)

; p(zra|xpp(xi|x;_ 1) ;

Wy )p(ont—ﬂZl:H)

P(2e|Z1:0-1)q(X{.| 2124

and choosing this importance distribution in a way that factors appropriately, we have:

A Z1.4 %) (x| x? xb .z
wi (214 t)p(it|it71)p( 0.t7i1| 1:4-1) (2.19)
p(zt|Z1:t—1)Q(Xt|XO:t71’Zt)Q(XO:t71|Z13t—1)
; ; p(z1:e|x))p(x¢]x;_1)

w. X Wy - -
! ! 1Q(Xﬂxf);t_pZt)p(Zt\ZLt—l)

Moreover, if we apply the Markov assumption, the expression is simplified regarding
the fact that observations and current state only depend on the previous time instant.

Therefore, the Particle Filter is a sequential propagation of the importance weights.

A major problem affects the PF. After several iterations the majority of the particles
have negligible weights and, as a consequence, the estimation efficiency decays. An

effective measure for the particle degeneracy is the survival rate [7] given by:

o= (2.20)
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In order to avoid this effect, there are two main strategies that can be combined. The
first is the choice of the importance distribution. This is crucial since the samples drawn
from ¢() must be properly weighted with respect to the posterior. It has been shown
in [11] that q(x¢|x}_1,2:) = p(x¢|xi_1,2¢) is optimal in terms of variance of the true
weights, i.e., the weights obtained by sampling directly the posterior. However, this

optimal importance distribution is not always a possible choice.

The second technique consists in resampling the particle set. After likelihood evaluation
a new particle set must be drawn from the posterior estimation, hence particles with
higher weights are reproduced with higher probability. Once the new set has been drawn
all the weights are set to N%, leading to a uniformly weighted sample set concentrated
around the higher probability zones of the estimated posterior. Resampling is usually

applied when the survival rate of the sample set is below a threshold.

The PF estimate should be computed before resampling, because resampling introduces
additional random variation. As in Bayesian estimation, there are several options to
produce an estimation by means of a significant point of the state-space. Posterior
mean, maximum a posteriori or median are valid strategies. Since it is optimal in terms
of mean squared error and provides a reduction of the noise introduced when sampling
the distributions, the most common option is to use the Monte Carlo approximation of

the posterior mean:
Ns
Re = wix] (2.21)
i=1

2.2.3 Sampling Importance Resampling (SIR)

The SIR Particle Filter proposed by Gordon et. al [12] is a method commonly used in
computer vision problems. It is characterized by applying resampling at every iteration
and by defining the importance distribution as the prior or prediction density p(x%|x:_;).

By substituting this importance density in 2.19:

i i p(Z1:t\Xi)p(X§|X§,1)
1 .. -
p(xtx0.1)P(Zt]Z,4 1)

wi o< plzrx;)

(2.22)

Hence, the computation of weights only depends on the likelihood. Consequently, the
design of the particle filter is basically a problem of finding an appropiate likelihood
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function. A particular advantage of the SIR PF is that we can easily sample xi ~
p(x¢|xi_;) by first generating a noise sample v (according to the noise distribution of
our system) and then setting xi = f;(x!_;,v%). The major drawback is that we generate
samples without any insight about the observations, thus making the algorithm sensitive

to outliers and possibly inefficient.






Chapter 3

State of the Art

Up to now, we have presented a background framework to focus our research in ar-
ticulated model-based particle filter-based body trackers. Consequently, the goal of the
following state of the art review is to show existing techniques that can be circumscribed

within these topics.

3.1 Facing High Dimensional Limitations of the SIR PF

The large number of degrees of freedom that can be found in an articulated body model
makes the body tracking problem a high-dimensional state-space problem. SIR Particle
Filters are a good approach for tracking in low dimensional spaces, but they become
inefficient in high-dimensional problems, because they require a number of particles

that grows exponentially with the number of dimensions.

In high-dimensional bayesian problems, likelihood functions are often multi-modal and
sharpened. Let us call principal mode to the mode that will be defined around the global
maxima, and secondary modes to the rest (which can be linked to the local maxima).
If we see the likelihood as a mixture of unimodal pdfs, then a valid estimation would be
produced by selecting the unimodal pdf that best matches the principal mode (although

this may yield to a degenerate posterior).

The prior density term of the Bayesian estimation is a function that is, in general,
broader than every mode of the likelihood. Hence, the samples drawn from the prior
will not constitute a properly weighted set, i. e., the variance of the weights will be high
because only a few particles will hit the principal mode of the likelihood. Furthermore,
the likelihood function may present secondary modes in the typical set of a common

prior density (typically a Gaussian density). In this case, the importance weights are

13
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unlikely to point at the global maximum of the likelihood, in which close vicinity we
expect to find a good estimation of the pose. Hence, the Monte-Carlo approximation of

the posterior mean estimate is likely to be highly biased (see Fig. 3.1).

C o © COoOoDOCOQOOO 006 O

L4

FIGURE 3.1: Particle Filter and Multi-Modal Likelihood. Since the prior is broader

than the modes of the likelihood, the Monte-Carlo approximation of the posterior mean

estimate will be highly biased. In addition, the sample set presents a high variance in
its weights

3.1.1 Partitioned Sampling

Partitioned Sampling [3] is one of the first succesful strategies to cope with the high
dimensional limitations of the SIR PF. This technique basically aims at splitting the
vector parameter to sample the state-space efficiently. It is based on the assumption
that p(x¢|x¢—1) = p(Te1, s Tex [T (—1)15 -+ Te—1) K ) Where x; € RE can be factorized in

a way that samples are drawn as follows:

zhy ~ p(EaTa—1)1, Ta—1)1s o T(—1)K) -

Thy ~ P(TelTi_1y2, )15 o T—1)K) -

l’ék ~ p(Te|Te, ..o, Li(k—1)) L(t—1)(k+1)> -~-7$(t71)K) :

Ty ~ p(Texc|men, --';xt(K—1)>x(t—1)K) .
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Note that the Markov assumption has been taken into account.

Under such factorization, the state vector can arbitrarily be split if we have statistical
models of the isolated dynamics of each one of its elements. Furthermore, we can apply
the SIR to every dimension whenever appropiate weighting functions can be found. As
a consequence, the required number of particles is reduced because of the linear depen-
dency between the dimensions of the space and the particle cardinality. Unfortunately,
finding the required weighting functions for the separate dimensions is not an easy task

and often requires high-level features.

3.1.2 Hierarchical Sampling

An articulated body model yields to a state vector comprising a set of angles as pose
variables. It seems evident that partitioning can be applied to this set of angles. How-
ever, partitioned sampling does not propose a partitioning related to the body model
structure. In [4], the underlying hierarchy of the human body is used to define state

vector partitions (see Fig. 3.2).

This algorithm is a stochastic version of that of [13], in which the state-space is decom-

posed to increase the efficiency of the local search of different limbs.

=]

FIGURE 3.2: Examples of the Mitchelson’s hierarchical sampling for 3D body tracking.

First, torso is sampled independently and weighted to find an estimate for the whole

body location and orientation. Then, arms and legs are sampled to refine the pose
estimate.

However, as discussed in [6], self-occlusions and self-overlaps found in multiple 2D views
make independent limb location very difficult, unless labelling cues or very reliable local

color information is available.
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3.1.3 Annealing Particle Filter

Deutscher et. al [6] proposed a variation of the SIR framework by introducing the variant
of the simulated annealing [14] in the Particle Filtering concept. Annealing PF deals
with multiple peaked maxima functions by evaluating the particles in several smoothed
versions of the likelihood approximation (see Fig. 3.3). After the weights are computed
via these smoothed versions of the likelihood approximation, particles are resampled
and propagated with Gaussian noise with zero mean and a covariance that decreases at
every step. By doing so, particles are likely to be drawn in the vicinity of the likelihood’s

global maxima.
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FIGURE 3.3: Annealing Particle Filter with 3 layers. The bias of the Monte-Carlo

estimation and the variance of the weights are reduced. The probability of hitting the

typical set of the principal mode is increased with every layer, thus leading to a more
properly weighted set with respect to the posterior
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The steps comprising weighting with a smoothed function, resampling and propagation
are called annealing runs. In the last annealing run, the estimation is given by means

of the Monte Carlo approximation of the posterior mean.

The most usual way to smooth the weighting function is by means of an annealing rate,
an exponent § < 1. In the first layer, § is minimum and progressively increases with
each layer, sharpening the likelihood approximation. In [6] a method for tuning § with

the survival rate after each annealing run is proposed.

The sharpness of the likelihood function is due to the high dimensional space in which it is
defined. Using well-defined hierarchical models [15] is another possible strategy in order
to have annealing layers. The ordered exploration of spaces of increasing dimensionality
helps in avoiding the sampling procedure to get misdirected by local maxima. From
this particular definition of annealing, the APF can be seen as a generalization of the

aforementioned partitioned schemes.

Since Annealed Particle Filter addresses the dimensionality limitations of the SIR by
means of a layered stochastic search and avoids strong assumptions on motion and
data availability, it is more suitable than other techniques [16] such as Local Search
in Decomposed State [13], Maximum Likelihood-based trackers [17], Relevance Vector
Regression [18] or other Bayesian approaches [19]. Hence, APF is the basis of most of
the best-performing body trackers found in the literature and the starting point of our

work.

F1GURE 3.4: Example of Deutscher’s Annealing Particle Filter

3.2 Likelihood Evaluation

As stated in section 2.2.3, a crucial design step for the SIR-based trackers is the evalua-

tion of a likelihood function. In computer vision problems, probability density functions
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usually are not directly accessible, thus an observation model is required to approximate
the likelihood function. It is necessary to determine which image features are more cor-
related with the true body configuration. Therefore, finding the appropiate likelihood
approximation involves both image and body model. A skeletal body model requires a

flesh model in order to have an entity that can be compared with image features.

In general, the best way to combine several feature weightings is by means of a product
of Gibbs-like functions:

C N
w=exp < Z an> (3.1)

c=1n=1

where ¢ corresponds to the view index, n to feature index and w denotes the weighting

function for the n-th feature.

In [13], the flesh model consists in a set of tappered superquadrics that are projected onto
several images and matched with foreground segmentation and Chamfer distances to the
extracted edges. Similarly, Deutscher et al. [6] matched a flesh model with foreground
and edges, but they avoided the computation of the Chamfer distance using a smoothing
of the detected edges. They flesh out the articulated model by means of conic sections
with elliptical cross-sections surronding virtual skeleton segments (see Fig. 3.4). Raskin
et al. [20] use a similar model and they add the body part histogram as an additional

feature. They also estimate the visibility of each limb in order to weight every view.

Other authors use Visual Hull approaches [21] to work with voxel data. In that case,
a common flesh model is a set of ellipsoids surrounding the skeletal segments [19]. [22]
presented these ellipsoids as three-dimensional Gaussian mixtures. In this approach,
a cross-entropy measure between target and data mixtures is used for the likelihood

approximation.

3.3 Motion Priors

Articulated models incorporate hard kinematic constraints, but further restrictions can
be considered in order to reduce the state space to a more tractable subspace. A usual
way to achieve such reduction is by means of specific motion priors [23], thus exploiting
the bayesian prediction component. Instead of sampling from a given distribution, this
approach samples from a motion history database. To do so, we replace the prior pdf
p(xt|xi ;) by p(xi|%:—1) where %;_; is the estimated pose in the previous time instant.
Let s ; be a pose sample in the stored motion sequence S = (sf) .. SZT) in the database.

Hence, the formulation of the learnt motion prior is as follows:
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p(xi[%i-1) = p(xils;_1)p(si 1 [%i-1) (3.2)

Therefore, sampling in this new prediction scheme implies matching the previous esti-
mation with the stored poses and setting x! = si. Note that, in the SIR framework, the

prior pdf is also the importance distribution.

Since motion transition from one pose to another is assumed to be a Markov process, a
classical approach is to learn the motion priors as Markov sequences by means of HMM
[24]. Caillette et al. [22] use training data to automatically divide complex motions into
elementary dynamics. They basically cluster the feature space into Gaussian clusters
and use this probabilistic model to build a Variable Length Markov Model (VLMM)
[25].

Gaussian Process Latent Variable Models(GPLVM) [26] and Gaussian Process Dynam-
ical Models(GPDM) [27] are non-linear mappings to a latent space that provides a
compact and efficient representation of data. The latter have been succesfully applied
in articulated model-based body tracking by several authors. Raskin et al. [20] intro-
duce the Gaussian Process Dynamical Models in the APF scheme to improve tracking,
specially in low frame rate sequences. [28] combines this non-linear embedding with the

VLMM to improve the results obtained in [22].

In spite of providing chances for a tracking improvement, these approaches impose a
reduction of the solution generality. They imply a training procedure that yields to the
problem of constructing a motion prior database with the minimum loss of generality or,
at least, the exhaustivity required to avoid terminal failures caused by motions outside

the database.

3.4 Summary

In the preceding sections of this chapter, we have presented a state of the art review

focused on model-based multiview 3D pose estimation and tracking.

We have made emphasis on stochastic sampling techniques because their ability to cope
with non-linear and non-Gaussian processes, such as human dynamics. Moreover, lit-
erature shows that, when a single point is provided as an estimation (commonly the
Monte Carlo posterior mean estimate), APF strategies outperform other approaches by
dealing with the Bayesian estimation problem in an optimization context. Hence, this

algorithm will be the basis of our work.
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Regarding the likelihood evaluation, it is not necessary that the flesh models are highly
realistic. However, a necessary condition is that the flesh model should provide a support
that can be easily matched with image features. Hence, volume primitive, and more

concretely conical sections, are enough to design a good body tracking.

Finally, our goal is to enhance the tracking without loss of generality. To this end,
state transition priors should be as general as possible. This basically implies simple
and uninformative pdfs such as Gaussians. In any case, in our solution we will try to
keep an open door for motion models to enhance priors for specific scenarios, where high

accuracy and/or efficiency is required.
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Study on Image Features for

Likelihood Approximation

In our approach we prefer not to rely on a 3D reconstruction that could be difficult to
build and, indeed inaccurate. Therefore, we opt for a projection of the flesh model onto
the images. Our proposal is to avoid the computational cost of projecting the whole set
of sampling points of a 3D flesh model by projecting a reduced set of points per body
part. The flesh model will be a set of cylinders around all the skeleton segments except
the head, which will be modeled by a sphere (see Fig. 6.2(a)).

In the following, we show how common image features are processed and used to define
weighting functions in order to approximate the likelihood. In addition, we make a
preliminary analysis of the properties of these functions. This study is the basis for the

major contribution of the present Ms Thesis.

4.1 Model Projection

Likelihood evaluation is the bottleneck of SIR Particle Filters and derived algorithms.
Computational capacity is usually spent in feature extraction, flesh model building/pro-
jection and particle evaluation. While feature extraction is bounded in terms of com-
putational cost (and it is herein commented because when dealing with voxel data the
projection is somehow included in the feature extraction), flesh model building/projec-
tion and particle evaluation clearly depend on the number of particles. Even though
existing rendering software provide efficient tools to project volume primitives, we make

our own flesh model projection by building the flesh templates directly on the images.

21
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We proceed in such manner in order to reduce the number of projected points, thus

reducing the computational cost of the projection step.

Our reduced set of projected points will be defined by the vertices of the trapezoidal
section resulting from the intersection of a plane, approximately parallel to the image
plane, with the cylindric shape modelling the limb (or spherical shape in the case of the
head).

To define an intersecting plane for a given cylinder, we compute the vectors going from
the camera center towards each one of the ending points of the limb. Then the cross
product of these vectors with the one defined by the principal axis of the limb itself is
computed to determine two normal vectors that lie on the intersecting plane and along
which we will find the key points to project (see Fig. 4.1). The head template is handled
with a similar procedure using as limb vector the one going from the base of the neck

to the head center.

FIGURE 4.1: Tllustration of the model projection procedure for a given cylinder. The
normal vectors are depicted in red and the final model projection is shown in dark blue.

The norm of the cross product, as well as the area of the projected trapezoid, can be
used as a quality measure in order to determine whether the limb is properly aligned
with the view (this does not apply for the head). If this quality measure is above
a certain threshold, we can change the trapezoidal projected shape by a circle or an
ellipse or simply correct the projected shape. For instance, in scenarios where the
subject is expected to notably change his or her orientation, we use a box as torso
volumetric primitive. However, we project the vertices of a rectangle defined by the
shoulder positions and the torso dimensions. The approximated area of the projected

torso template is used to determine wether the projection is suitable for that view or



Chapter 4. Study on Image Features for Likelihood Approximation 23

not. If it is found that is under a certain threshold, the projected template is replaced

by a rectangle with the minimum required area to match with image features.

This procedure saves the computational effort of projecting the whole super-quadrics
or a set of sufficient sampling points. However, the projection model is inaccurate in
comparison to an exhaustive projection method. Therefore, the pose estimator should

also face the model inaccuracies.

4.2 Feature Extraction

Regarding the image features, we propose modifications on a likelihood approximation
like the one proposed in [6] while keeping common features that are easy to extract, like

foreground silhouettes, edges and detected skin (see Fig. 4.2).

o We extract foreground silhouettes by means of a background learning technique
based on Stauffer and Grimson’s method [29]. A single multivariate Gaussian
N (e, ) with diagonal covariance in the RGB space is used to model every pixel
value I;. For simplicty, 3; = ¢%I. The algorithm learns the background model for
every pixel using a set of background images and then, for the rest of the sequence,
evaluates the likelihood of a pixel color value to belong to the background. With
every pixel that matches the background the pixel model is updated, adaptively

learning smooth illumination changes:

pe = (1= p)pe—1 + pl (4.1)

of = (1—p)oiy+pIy — 1) T — p—1) (4.2)

A shadow removal algorithm [30], based on the color and brightness distortion, is

used to enhance the segmentation.

e Edge detection is performed in the luminance channel by means of the Canny edge
detector [31]. Depending on the proximity of the views, the result is dilated with
a square structuring element. This is done in order to increase the probability of
hitting the edge. Finally, the edge map is smoothed with a Gaussian mask. In
order to avoid background spurious edges, we previously mask the edge detection

provided by Canny’s algorithm with a dilation of the foreground mask.

e A simple skin detection method based on evaluating the likelihood ratio between
skin and non-skin hypothesis is performed. The likelihood functions are estimated

by 8-bin RGB color histograms of several skin and non-skin samples.



Chapter 4. Study on Image Features for Likelihood Approximation 24

(a) Foreground Mask (b) Edges Mask

FIGURE 4.2: Extracted Image features

4.3 Feature Weightings

The final likelihood approximation will be a combination of several measures constructed
with the aforementioned features. The following weightings are the exponents of the
final likelihood approximation and regarding the way they are presented, they must be

understood as penalties.

N sampling points of the projected flesh model are matched with the extracted fore-

ground corresponding to a view. The weight is computed as follows:

N

W9t — % S (- 1) (4.3)

n=1

Since pixel intensities in the foreground masks (Itf 9) have 0 or 1 as possible values, the
weighting function is obtained by a normalized sum of the background pixels falling
inside the projected flesh model. In the case of the head, we add skin detection infor-

mation:

N
1
fgh _ _rfgys
Wit = =57 (1 1f913) (4.4)

n=1

where I is the pixel intensity in the skin map. Therefore, the final foreground weight

w'9 is the averaged sum of all the limbs w/9" and head weights w/9".

The proposed weighting function for edges is a sum of squared differences between the

contour pixels Iy and the edges of the flesh model aligned with the axis of the limb:
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W = %2(1 —I¢)? (4.5)

where N stands for the sampling points along the occluding edges of the projected model.

4.3.1 Foreground Divergence Measure

The proposed foreground matching measure shows how well the model fits the observa-
tion, but does not evaluate how well the observations are being explained by the model.
Suppose the likelihood p(z;|x;) is available and that a given pose generates a pdf. A
measure that can be used to assess the similarity of the likelihood and the generated
pdf is the Kullback-Leibler divergence [32]. At this point, it is important to remark that
the KL divergence will provide different results depending on the factor order (except if

both pdfs are identical).

We can establish an analogy with our likelihood approximation. Suppose that the fore-
ground mask is a discrete two-dimensional function. If we normalize all the foreground
values by the total number of foreground pixels we construct a function with uniform
pdf appearance. Now, we project the whole flesh model. With the appropiate normal-
ization, this projection defines another uniform pdf-like function in a two-dimensional
discrete domain. Let us consider that both the foreground silhouette and the projected
model have a similar number of pixels Nf,. Let us also make an approximation of the

KL divergence between the projected flesh model and the foreground silhouette:

N .
» B ) model(7)
D(model||silhouette) = Zz; model(i) log (silhouette(i))

Consider the following limit cases:

e Outside the model projection (model(i) = 0) the divergence is not considered and
therefore its value is 0. This stands for all the possible values of the foreground
mask {0, ﬁ}, since the limit of a function of the class xlogx is 0 when x tends

g

to zero (when both values are 0 the convention Olog% = 0 is followed).
e If model (i) = Nifg = silhouette(i) then the divergence is zero.
e If model(i) = N%:g and silhouette(i) = 0 then the divergence tends to infinity.

Note that, if we force the divergence to be 1 in the last case and the model and silhouette

to be binary, the meaning of this approximation of the KL divergence is the same as the



Chapter 4. Study on Image Features for Likelihood Approximation 26

foreground matching measure in equation 4.3. The question is why the approximation
of the KL divergence is not computed the other way around, D(silhouette||model),
as it is computed in information theory problems, where the first pdf represents the
observations. Hence, we propose to include an additional divergence measure between
the projection of the flesh model and the foreground masks to see how well a particle

explains the observations.

Niqg
wl = 5 E Ta(1 — .

This divergence basically consists in measuring the occupancy of the foreground silhou-
ette (comprising Ny, foreground pixels) by the B, pixels of the projection of a given
particle. Note that with binary silhouettes we only take into account regions over the

foreground pixels where there is no projection of the model.

We avoid this computation with edge information because this feature is more sensitive

to spurious data.

4.4 Weighting Functions Properties

In order to properly combine the weighting functions in the final likelihood approxima-
tion, one would like to have insights about their properties. A priori, we know that edge
information tends to produce more sharpened and multi-modal likelihood approxima-
tions. Both foreground matching and foreground divergence measures may be smoother
since they are defined over data that is smoother than edge information. In spite of
that, both measures are, in general, multi-modal in the whole pose-space, mainly due

to ambiguities of the projected poses.

In order to check the assumptions made on the different functions, we have evaluated
several likelihood approximations based on one of the presented image features (taking
into account several views). We uniformly sample over two parameters of a given pose

space in order to visualize the resulting functions.

The foreground matching measure produces a smooth and flat function (in almost every
point) in which many different poses take considerable degrees of likelihood. However,
foreground matching has the property of being discriminative with several wrong states.
These properties can be observed in Fig. 4.3(a), where the weighting function is shown
with actual data as a function of two pose angles. The foreground divergence measure is

a smooth function that presents, in general, a broad global maximum (see Fig. 4.3(b)).
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Edge matching is the most determinant measure in the sense that high values can only
be reached when a particle is very close to the true pose. Nevertheless, spurious edges

can also produce high values of the likelihood approximation (see Fig. 4.3(c)).

(a) Foreground Matching Weighting (b) Divergence Weighting

(c) Edges Matching Weighting

F1cURE 4.3: Plots of the different likelihood approximations resulting from separate

image feature weightings, represented as functions of two angles of the left arm. The rest

of parameters are set to values close to the true pose. Two views have been considered
for all the likelihood approximations depicted.






Chapter 5

Feature-Based Annealing

Foreground measures produce very broad and generally flat functions. On the other
hand, matching with edges tends to produce peaked functions with several sharpened
local maxima. The combination of all these measures is, in general, a peaked function

with several local maxima.

When dealing with such likelihood approximation, we want our sampling scheme to
converge to the global maxima, which we assume to be very close to the posterior mean.
In the following, we are going to gather some definitions and assumptions taken in similar
approaches in statistical or pose estimation problems and in section 5.2 we are going to

introduce the main contribution of this Ms thesis.

5.1 Pose estimation and tracking problem

In chapter 2 we have presented the tracking problem as a recursive estimation problem.
In this context, we take advantage of prior knowledge provided by the body model and
some physical constraints to use a Bayesian framework. The use of Monte Carlo methods
is therefore justified because of the non-linear and non-Gaussian underlying statistics of

the human dynamics.

Pose estimation, as well as other estimation problems, produces a single point output
rather than a whole posterior pdf. Obviously, this point is taken from the posterior
estimation either as its mean, maximum or median. The true pose is a single point
in the pose space emitted at a precise time instant. We can make an analogy with
frequency estimation problems by formulating the pose as (x; — ét) Then, the pose is
a hidden input of a non-linear system whose outputs are our observations, just as in a

Gauss-Markov State-Space model (see Fig. 5.1). This model is implicitly assumed in

29
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pose estimation problems and is used here to illustrate the further assumptions about

the underlying statistics of the elements in the model.
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FIGURE 5.1: Example of a Gauss-Markov State-Space Model. In pose estimation

problems the true state can be seen as a tone in the pose space 0(x; — 9,5) and the
observations can be seen as the channel response at this frequency.

Although we cannot state many things about the non-linear dynamics of the body
model, it seems logical to assume that, for a given time ¢, the uncertainty associated
to the physical phenomena of “producing” a pose is low, at least much lower than the
observation noise. If we observe a moving person, most of the uncertainty to determine
the pose comes from the observation (occlusions, clothing, limitations of human sight
when motion is fast, etc.). Therefore, we expect that the underlying pdf of such process

is somehow a narrow function around the true pose 6.

Regarding the observations, projection of poses onto images is a highly noisy and non-
linear mapping that, altogether with the high dimensionality of the state-space, make
the likelihood functions multi-modal and peaked. Similar conclusions are drawn in [33],
where the multi-modality of the problem comes mainly from the implicit many-to-one
transformation from the state to observations. To estimate the true pose, annealing-
based approaches try to concentrate the particle population around the global maxima of
the likelihood. Some authors [34] consider this concentration as a drawback of annealing
methods, since they imply loss of information. Particles are not representing the whole
posterior thus becoming a degenerate pdf estimation. However, experimental results
show that annealing outperforms other sequential importance sampling approaches when
the estimation is given in terms of expectation of the posterior, and no learnt motion prior
is used [34]. Furthermore, when learnt motion priors are used, transition prior becomes
narrower than a simple and often uninformative gaussian, thus the posterior estimate is
likely to be “less multimodal”. Based on these empirical results, an optimization context
seems suitable for the pose estimation problem and, as a consequence, the following

condition is assumed:
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e Likelihood’s global maxima is close to the true pose

Jde > 0,/ |arg max p(z|x;) — 0, <eVt,xe X
Xt

In fact, since likelihood is not available for the image problem, this assumption is applied
to the final approximation. This condition must be understood in a Sampling Resam-
pling Importance context, i.e., x is confined to the discrete support of the samples

belonging to the prediction based on the previous posterior estimate.

We are assuming that the likelihood function has a principal mode which is a func-
tion that, together with the adequate prior p(x;|x;—1), produces a properly weighted
set with respect to the posterior p(x;|z;). Unfortunately, common prior pdf’s used in
body tracking problems are broad, thus yielding a multimodal posterior estimate and
a subsequently biased posterior mean estimate. Therefore, an algorithm dealing with
such functions should avoid the secondary modes by means of an improved importance

sampling strategy.

We have already seen that annealing is a technique aiming at the convergence to this
principal mode or global maxima. Annealing can be seen also as a technique to obtain
proper weighting functions with a simple importance distribution. This viewpoint is very
similar to the Annealed Importance Sampling [8]. In the first layer annealing provides
a broad function centered or close to the principal mode which is used to generate a
new set of samples. With every layer, the new generated set is expected to be closer to
the proper weighting with respect to the principal mode of the likelihood function and,

consequently, to the posterior.

A more formal probabilistic approach for this interpretation can be derived extending the
sequential importance sampling concept to the annealing layers [8]. By definition, every
layer can output an estimation of the posterior pdf and, as a consequence, it makes sense
to use an importance distribution and a prediction pdf per layer. If we calll =0, ..., L—1
the layer index (where 0 is the smoothest layer and L — 1 the more sharpened) at time

t and p(ztﬁ El) |Xi’l) to the corresponding smoothed version of the likelihood function:

L—1 B . . . 5(0 . . .
i Pz i p(xd Ixd 1)\ () I Pk olxd 1)
Wt r—1 X H N0) T |ui Wi_1,L-1 (5.1)
—1 Q(Xf&,l‘zt,l ) Q(Xt,0|xt_17L_1>Zt—l,L—l)

Note that if L=1, the above expressions are equivalent to the basic particle filtering

scheme (if Q(Xi,o|xif1,Lf1aZt—LL—l) = p(X%,O‘Xifl,Lfﬂ and "‘ULLLA = N% then STR

. . . ; l 1-1),_; _— D
PF is applied). Setting Q(X;,I|Z§§ )) = p(zfg_l )|x27171)p(xi7l|x;7171) and p(zfj )|szl) =
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p(zt|xi’l)ﬁ(l)is equivalent to the APF propagation strategy between layers. Moreover, it
yields to the SIR concept for annealing layers, where the importance weights of every
layer only depend on the smoothed likelihood. Hence, one can see annealing as a layered
likelihood proposal distribution, since it aims at finding better estimates just sampling
from the adequate versions of the likelihood. In the classical annealing, however, ade-

quate means smoothed by an exponent.

An alternative idea to exploit annealing to sample from likelihood is to find, at least, two
groups of image features: one that produces coarse but locally almost convex functions
around the global maxima and a second group providing highly peaked and determinant
likelihood approximations, despite its multi-modality. The word ‘locally’ must be un-
derstood as within the support of the prediction based on the previous estimate. From
our viewpoint, it may be very difficult to construct the coarse weighting from a simple
smoothing of the peaked and multi-modal weighting, and that is what common anneal-
ing strategies aim at. Therefore, we need to find several sets of weighting functions or

combinations of weighting functions that fulfill the described requirements.

5.2 Annealing enhacements towards tracking robustness

A particular characteristic of foreground and edge information is that they complement
themselves for body tracking problems. Both the literature and our experiments with
the image features evidence that edge information is very determinant. At the same
time, this information can easily misdirect the estimation due to the presence of spuri-
ous edges, like, for instance, wrinkles caused by lose clothing. On the other hand, mainly
due to self-overlaps and self-occlusions, foreground information does not produce deter-
minant information to estimate the pose, but it shows robustness against background
and clothing. This is a high-level interpretation of the shape of the weighting func-
tions produced by these features and also a justification for being widely used in the
literature. Besides, the properties of the weighting functions resulting from these fea-
tures approximately match the requirements of the two groups described in the previous

section.

In the context of human body tracking, we have mentioned two procedures to anneal
the likelihood approximation: by means of an exponent 3 < 1 or by exploiting the
underlying hierarchical structure of the human body. Nevertheless, neither exponent-
based annealing nor hierarchical body structure seem to be conceived focusing in the

problem of highly noisy and, at the same time, determinant features.
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In image processing problems, likelihood approximations are often defined with several

image features extracted from the same source, the raw observation (see Fig. 5.2).
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FIGURE 5.2: Particularization of a Gauss-Markov State-Space Model and Likelihood
Approximation for Image Processing problems (FE stands for Feature Extraction)

Our goal is to take advantage from the diversity of image features to generate better

layered proposal distributions in a new annealing strategy.

Regarding the features we have analyzed so far, we would like the particles to be sampled
so that they fit the foreground silhouette and, from this sample set, to locally guide the

estimation by means of the edge information. This scheme has two basic disadvantages:

e A set sampled from a function of the foreground information will not be very reli-
able in case of self-overlaps. Nevertheless, we can use smoothed edge information

to emphasize regions with occluding contours

e We cannot assure the local quasi-unimodality and convexity of such proposal distri-

bution. We still can use overall smoothing to force a quasi-unimodal distribution.

One can formalize the aforementioned ideas by introducing p(zf gl) |xi7l) = H?Zl p(zfy Xi,l)ﬁ URMCIOR)
in equation 5.1 (where f denotes the feature measure index and M (3(1),1) is a parame-
ter controlling the proportion of each feature measure). Proceeding in such manner, we
are annealing the likelihood approximation by means of its features. Besides, it allows
more flexibility in the importance pdf definition for each layer. In this new scheme,
different measures derived from different image features can be combined with different
importances per layer, regarding that it should be two groups of measure functions:
one coarse and smooth and one highly peaked and probably multi-modal. Since it is

difficult to make this classification with real data it does not make sense to find shades

in between.
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Considering the features analyzed in chapter 4, the resulting likelihood approximation

for the presented scheme can be formulated as follows:

C
w = exp (— D LB, D! + N(B(D), D + AL(B(), l)wd>> (5.2)

c=1

where \. is a weighting coefficient depending on the annealing rate (3, the feature impor-
tance and the camera view, fg denotes foreground matching, d foreground divergence
and e edges. We call it Feature-Based Annealing, and it constitutes a generalization
of the classical exponent-based annealing involving image features. We show a simple
example with actual data in figure 5.4. Foreground divergence measure is used as a pre-
dominant function in the first layers, thus penalizing some secondary modes produced
mainly by edges. Therefore, the probability of the particle set to hit the probability

mass volume of the sharpened likelihood increases.
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(a) Classical Annealed PF (b) Feature-Based Annealing PF

FIGURE 5.3: Annealing Schemes for Particle Filtering. Input Images (observations z;)

are processed in a Feature Extraction (FE) module. The output is a set of image features

that are used to define a separate weighting functions. Note that in Feature-Based

annealing a coefficient is applied to every single measure function in order to ponder

each image feature. The result is smoothed and an estimation (E) can be provided

after each weight computation. Resampling and Propagation (R&P) are applied also
after every computation of weights

Obviously, this concept can be extended to more features or even the same feature

extracted with several thresholds or successively filtered. However, an important issue
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must be addressed: how do we determine if a feature produces a function which is

suitable for sampling from?

5.2.1 Practical Issues

In order to tune and to extend the concept of feature-based annealing, the role of every
feature and its corresponding weighting function becomes crucial. In order to determine
whether a weighting function is suitable to sample from in the first layers or is very

determinant to locally estimate the pose, we have used two basic tools:

e Common knowledge and intuition about the appearance of the weighting functions.

e Evaluation of the weighting functions with actual data.

According to these sources of information and the features analyzed in chapter 4, we can
give some insights of the parameters in equation 5.2: A, should be directly proportional
to B in edge measure and inversely proportional in the foreground measures. Therefore,
edge measures would be strongly smoothed in the first layers and progressively sharpened
while foreground functions would behave the other way around. This is closely linked
to the proposed classification of features. Based on actual data, we have considered
foreground measures as locally quasi-unimodal and quasi-convex functions (belonging to
the first group of features) and edge measurements as strongly peaked and multimodal

(belonging to the second group).

However, for high-dimensional state spaces (such as pose space) intuition and visualiza-
tion of actual data are weak tools for tuning the algorithm. As well as in the classical
APF, is not easy to find a method to properly tune the parameters. We propose a simple
test to determine the quasi-unimodality and quasi-convexity conditions needed for some
functions to lead the first layers of the algorithm. This test is parameter dependent; it
depends on the values of A. (and, consequently, of 5(1)). The algorithm is run with sev-
eral layers for separated image features and different () (evolving with a known rate,
for instance a geometric progression). In each annealing run, the resampled particle set
is modelled as a mixture of Gaussians with diagonal covariance in the pose space (the
reference coordinate is marginalized). To this end, an Expectation-Maximization algo-
rithm with automatic selection of the number of Gaussians is applied. In our case, the
Figueiredo and Jain algorithm [35] has been used. The goal is to determine the number
of gaussians that maximize the likelihood of the given particle set. This is similar to
approximately determine the number of modes of the weighting functions, since particle

sets are drawn from smoothed versions of these functions.
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(c) (d)

FIGURE 5.4: Common Annealing using Foreground and Edge Matching (top row) vs

Feature-Based Annealing with Foreground divergence as predominant feature in the

first layers (bottom row). While the last layers are very similar, the first layers of

the Feature-Based annealing are better in terms of presence of secondary modes thus
leading to a more properly weighted set

When testing edge measures with two views, we typically obtain from 2 to 10 Gaussians
in different layers. Surprisingly, a similar number of modes is produced by foreground
matching function when 2 views are used. The reason is that many-to-one mapping
and foreground misses strongly affect this function. Contrarily, foreground divergence
measure presents only one mode for most of the tests run with two views. Hence, the
test provides additional reasons to use the foreground divergence to build a weighting

function for the 3D body tracker.



Chapter 6

Implementation Detalils

The present chapter is a prelude of the experimental results used to show the achieve-
ments of this thesis. Section 6.1 describes the experimental setup used to evaluate our
contribution. Special emphasis is made on the conditions that make it realistic and
therefore challenging. Section 6.2 presents the body model used in for the previously
established experimental conditions and 6.3 describes the simplistic initialization proce-
dure employed in the tests. Finally, section 6.4 is devoted to the implementation issues

concerning the particle filtering and the annealing schemes discussed in this thesis.

6.1 Experimental Setup

We have tested the different body tracking approaches in an office desktop environment.
The goal was to characterize the pose of several people while performing several common

actions at a workplace. More concretely they did the following actions:

Mouse dragging

Picking the phone and talking on it

e Typing on the keyboard

Picking a pen, writing a sentence on a paper and leaving the pen.

Picking a cup and drinking

Reading

Performing all these actions took approximately two minutes. Since the relevant motion

is basically due to the arms, we have focused on upper body tracking.

37
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Our setup was built under the premise of being portable, low cost and easy to configure.

The hardware consisted of:

e 1 Laptop 2GHz Intel Core Duo with 2GB RAM

e 2 Logitech QuickCam Pro 9000 webcams connected to the same laptop.

Both webcams were calibrated by means of the open source library ARToolkit
[36]

The selected views were one lateral and one frontal, with a little downtilt (see
Fig. 6.1).

The total frame rate achieved with this configuration was 9.5 fps. Both views are rela-
tively close to the subject, thus the apparent size of some limbs in the image can change
notably depending on their 3D position. Besides, the spurious features introduced by

clothing wrinkles and moving wires are not neglectible.

Moving objects, loose clothes and hardware setup simplicity make the scenario realis-
tic and challenging. In addition to the aforementioned challenges, background is un-
controlled in the sense that is cluttered, illumination changes are not controlled and
shadows appear. Furthermore, low frame rate makes some pose changes to become ap-
parently abrupt and in some cases edges become blurred due to the apparent celerity of

the motion.

FIGURE 6.1: Available views for the experimental setup

6.2 Upper Body Model

A simplistic articulated upper body model will fulfill the requirements of the described

scenario. The model joints are the base of the neck, shoulders and elbows with a total of
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FIGURE 6.2: Articulated upper body model and its projection for a given particle

Angle Joint Rotation Axis | Range
01 Base of the Neck y [_%7 ﬂ
0o Right Shoulder x -
05 Left Shoulder x -
04 Right Shoulder y -
05 Left Shoulder y -
O Right Shoulder Z -7
0 Left Shoulder z — 7
0 Right Elbow y [0, 7]
) Left Elbow y [0, 7]

TABLE 6.1: Articulated Body Model Joints

nine degrees of freedom (see table 6.1). x and z rotation axis are defined with different

signs in order to allow the same angle range for left and right joints.

In order to set the model in a world position, a three-dimensional coordinate system
built with the base of the neck as origin and a body orientation are defined. The world
reference point for our model is set to be the base of the neck (see Fig. 6.2(a)). Therefore,

the body model defines a thirteen-dimensional state vector:

x¢ = {0, Y0, 20,00, ..., 09} (6.1)

Angle 6y is the orientation of the whole body model while all the other angles are

designed following hard kinematic constraints.
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6.3 Algorithm Initialization

The initialization is mainly a manual procedure. A default pose is sent to the algorithm
in the first frame to generate the initial samples. This pose is approximately similar
to an expected initial pose, although there might be differences that the tracker should
reduce. An automatic local search of the head, based on skin and foreground detection,
is performed in order to produce a better whole body location initial value and a better

particle set initialization.

Limb sizes are written in a configuration file and are not modified during the tracker
run, although they are slightly adapted for different subjects (mainly due to their height

and inter-shoulder distance).

6.4 Particle Filtering

6.4.1 General PF Implementation Issues

So far we have explained the general annealing framework intended to increase the
robustness of a generic particle filter-based human body tracker. Our purpose is to
preserve a high degree of generality thus keeping as possible all the motions that are
physically possible. We have shown the kinematic constraints added to our model in
order to produce feasible poses. We expect that the subspace spanned by the possible
poses of our model is representative of the physically possible subspace of human poses.
However, hard kinematic constraints do not take into account the inter-penetration of
limbs. We use an additional prior with the underlying idea of [5]. Some key points of the
model are evaluated in terms of Euclidean distance to obtain the probability of being
inside another limb, the head or the torso. Since it may be difficult to draw samples
on the fly from this new prior, we incorporate the inter-penetration factor in the SIR

formulation by forcing a dependence with an intermediate variable:

. 24| x8)p(xt X" p (X2 | 2t 4
wz . p( t‘ t)p( t,|i tl)p( t| t71>w;_1 (62)
p(x'ilwy_y)

p(xix'}) o eap(—f(xh)|f(x))P)a(xi —x}) (6.3)

where f(x;) < 0 denotes that a point is inside another limb and p controls the probability

decay rate.
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The computation of the annealing rate is performed somehow similarly to that in [6].
We use the survival rate to tune this parameter but we do not use an exact gradient

descent algorithm, but simply a single correction based on the current survival rate:

B(l) =Bl — 1) — e(cuarget — a(l — 1)) (6.4)

where aiqrger is the desired survival rate per layer, a(l—1) is the survival rate computed
after the weighting in the last layer and € is a learning factor; we typically set it to %H
We also force that (1) > B(I — 1).

6.4.2 Annealing schemes for PF

We have implemented several versions of the annealing schemes for particle filtering

presented:

1. APF: The APF proposed by Deutscher in [6].

2. M-APF: The aforementioned algorithm was modified to allow edges to be more
determinant in the computation of weights. There are two reasons that justify
this. The first one is the evident importance of edges when locating limbs. The
second one is the fact that a perfect match between model and natural edges is

very unlikely to happen in comparison to a foreground match.

3. FBAPF: A Feature-Based Annealing Particle Filter with the following likelihood

approximation:

C

WA = exp (—:w(l) S IB06) + 575 (2P + (15 - 1))]) (6.5)

c=1

The factor 3 multiplying the whole exponent has been also applied in the first and
second annealing schemes. Edge information is scaled according to the reasons
described in the above scheme (in fact, the scale is the same for both edges and
foreground matching measures). Based on experimental tests, an exponential is

used to produce a narrower proposal from foreground divergence measure.

4. FBAPF2: A Feature-Based Annealing Particle Filter with the following likelihood

approximation:

C

W = exp (—3ﬁ(l) D 1B (2w + 5w°) + ﬁl

c=1
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5. FBAPF3: A Feature-Based Annealing Particle Filter with the following likelihood

approximation:

C
WP = exp (—w(l) > 181 (5°) + 55)2(2&9 + (e — 1))1) (6.7)
1

c=
Note that all the proposed feature-based annealing schemes are very simple and they
basically aim at exploiting the quasi-convex nature of some well-defined foreground

measures in order to have better proposal distributions in the first layers.



Chapter 7

Results and Discussion

In this chapter we show experimental results to assess the increased robustness of our

proposal under the challenging conditions described in chapter 6.

7.1 Evaluation Procedure and Metrics

In order to evaluate the precision of the proposed body tracking systems, we use 3D error
measures [37]. Consider a set of M virtual markers placed in specific body locations.
Then we can write the body model as a vector comprising the positions of all the
markers as X = {x1,...,Zm,..., Ty}, where z,, € R3. In our particular case, these
virtual markers are specific upper-body locations: head centroid, shoulders, elbows and
wrists. These 3D virtual markers are obtained at approximately every second by means
of manual annotation. Let us call X the vector of estimated locations corresponding
to the ones found in X. X is easily obtained from the estimate X; by means of the
product of exponential maps formulation. Then, the pose estimation error is computed

as follows:

M
|Zm — Zml
1

D(X,X) = 1= (7.1)

M

where D(X, X ) is the distance expressed in mm. Note that the existence of the pairs
ground truth-estimate is assumed and that there is a one-to-one correspondance between
both. In benchmarking campaings could happen that different models with different
complexity need to be evaluated, thus requiring a selection of the common body loca-

tions. In our case this is not needed, since we have control over the whole modelling,
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Method || p1 (mm) oy (mm) || pg (mm) o3 (mm) | pg (mm) o3 (mm)
APF 143 69.2 187 72.5 203 99.6
M-APF 242 86.9 131 97.63 169 70.2
FBAPF 81 20.2 98 39.3 107 38.7
FBAPF2 87 27.5 94 34.1 113 40.0
FBAPF3 120 29.6 175 49.6 145 59.66

TABLE 7.1: Tracking results for three sequences of three different subjects. 3 layers
and 200 particles per layer have been used for all the schemes and subjects

estimation and annotation process. Furthermore, no matching criterion is required to

make pairs T,,, T, since annotation and estimation are given in the same exact order.

When dealing with a whole sequence of T' frames, the overall pose error can be expressed

as the mean and the standard deviation:

1 N
Heeo = 7 > DXy, Xy) (7.2)
t=1
1 r N 2
Oseq — T Z (D(Xt; Xt) - MS@q) (73)
t=1

7.2 Experimental Results

Each one of the annealing schemes' described in section 6.4.2 is Tun 5 times over 3
sequences from 3 different subjects performing the list of actions detailed in section
6.1. For every time instant, the mean pose error over the 5 trials is computed. The
final averaged sequence of pose errors is used to obtain the error metrics detailed in the

previous section. The result of these metrics is shown in table 7.2.

We can clearly see that, although outperforming classical annealing in mean in most of
the frames, FBAPF3 is not correctly parametrized, regarding the results obtained by

the other feature-based annealing schemes.

Part of the performance gain is due to the additional foreground divergence measure.
We include this function in Deutscher’s APF scheme and we compare the mean results

obtained with FBAPF (table 7.2).

! APF is Deutscher’s annealing concept for particle filtering, M-APF is a modified version of APF;
FBAPF, FBAPF2 and FBAPF3 are three simple parametrizations of the feature-based annealing concept
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FIGURE 7.1: Comparative results for subject 1 using 3 layers and 200 particles per

layer
Method 1 (mm) o (mm) || pe (mm) o9 (mm) || pug (mm) o3 (mm)
FBAPF 81 20.2 98 39.3 107 38.7
APFdivergence 107 54.3 112 50.2 116 41.8

TABLE 7.2: Comparative results between the classical annealing and feature-based
using the same features. 3 layers and 200 particles per layer have been used in the
three sequences

7.3 Discussion

Experimental results show that simple feature-based annealing strategies outperform
classical annealing methods in particle filtering with similar parameters. The increased
robustness is clearly perceived in moderately long sequences, where annealing particle
filter becomes instable with a low number of views and low frame-rate. Recall that,
as mentioned in section 6.4.2, the evaluated feature-based annealing schemes are not
sophisticated because they only aim at showing the potential performance gain of simple

parametrizations.

Considering our test conditions, emphasizing edge measures in the weighting function
used by classical annealing is risky, as figure 7.1 shows, but can provide better accuracy
in terms of mean distance to ground-truth if critical failures do not take place (see

figures 7.2 and 7.3). Special attention must be paid to the second sequence, where a bad
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FIGURE 7.2: Comparative results for subject 2 using 3 layers and 200 particles per
layer

initialization is given and the modified version of APF is able reduce the error, while

common APF cannot.

The stability gain produced by sampling from improved likelihood proposal distributions
is reflected in the standard deviation values computed in the experiments. Although
the values are high in general (regarding the mean error for the sequences), the use of
feature-based annealing implies deviation reductions ranging from 7 to 63% with respect
classical annealing and the same weighting functions (edges, foreground matching and

foreground divergence) in this difficult scenario.

Experiments evidence that the foreground divergence measure improves the performance
of the Deutscher’s APF in this difficult scenario. Besides, the properties of the resulting
weighting function, make it a good candidate to sample from in the initial stages of
the annealing process. Consequently, this measure is a crucial element in our achieve-
ments. However, it presents important drawbacks. First, and most evident, it is model
dependent in the sense that in order to explain a silhouette, the model should produce
a reasonable human shape. Size missadjustments of model body parts may affect the
reliability of the foreground divergence. Nevertheless, our simple initialization process
and flesh model shows that it is not a critical issue when views are controlled. In the

case of a highly moving subject (typically walking or running along strange paths),
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Ficure 7.3: Comparative results for subject 3 using 3 layers and 200 particles per
layer

two views might not provide such determinant silhouettes, hence more views and an
self-occlusion /self-overlap test may be needed. A more critical factor may appear in
multi-person tracking or in scenarios with apparently big and occluding objects detected
as foreground objects. In those cases, the maximum occupancy of the observations by
the model should be redefined. If the observations of interest are multiple foreground
silhouettes, then the divergence should be measured in a bounding volume enclosing the
target and occlusions should be taken into account. Another possibility is to use an
explicit representation such as a volumetric reconstruction to avoid occlusions. Finally,
the computational cost of matching the generated model silhouette and the observation
silhouette must be taken into account. This could be partially overcome using hardware

graphics algorithms.

With 200 particles and 3 layers, none of the schemes was able to consistently track
some specific motions (picking the phone, for instance; see figure 7.4). Low frame rate
and spatial ambiguity are the main limitations to obtain consistent tracks. However,
feature-based annealing is able to keep acceptable results after track loss. In some runs,
due to the random sampling, these difficult motions were approximately tracked (see
figures 7.5 and 7.6). Since these samples are likely to occupy the tails of the gaussian
state transition priors, we expect that a higher number of particles may increase the

probability of drawing favorable random samples.
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FIGURE 7.4: Tracking examples of sequence 1. Feature-based annealing with 200

particles and 3 layers has been used. Picking the phone produces a big tracking error.

However, the tracker is able to recover the pose after several errors. Note the blurring
effect when arms are moving.

FiGure 7.5: Tracking examples of sequence 1 for action “picking the phone” for a

run in which the feature-based annealing particle filter (200 particles and 3 layers)

approximately estimates the poses involved in the action. Top row: Lateral view.

Bottom row: Frontal View. Pose ambiguities for these two views can be observed. The

imprecise estimation of the left arm in the two last frames is mainly due to the strong

edge introduced by the wire. In this case, two strong modes appear in the likelihood,
thus the posterior mean estimate falls between them.
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FIGURE 7.6: Tracking examples of a single run in sequence 3 with feature-based an-

nealing particle filter (200 particles and 3 layers). First picture of bottom row shows a

tracking loss of the right arm. The next picture illustrates the limitations of the model

to estimate pronounced torso inclinations. In addition, right arm cannot be viewed
from lateral camera, thus yielding an imprecise right arm pose estimate.






Chapter 8

Conclusions and Future Work

We have presented a generalization of the annealing schemes for particle filtering in the
context of body pose estimation and tracking. An image processing signal model for the
pose space has been presented to justify the use of a technique treating the estimation

of the dynamical system from an optimization viewpoint.

Feature-Based Annealing aims at providing better proposal distributions from likelihood,
which it is expected to be more correlated with the posterior. The technique is based
on two main assumptions. First, the true underlying statistics of a pose at a precise
time instant are somehow a narrow function masked mainly by observation noise. Then,
it makes sense to use a single statistic figure, the posterior mean, in order to give an
estimate of the pose. Second, two main groups of weighting functions can be constructed
from multiple images: one group of quasi-convex and quasi-unimodal functions and a
second group of highly peaked and probably highly multi-modal weighting functions.
The conditions of both groups must hold in the high probability zones of the resulting pdf
after the prediction step or, equivalently for Monte Carlo methods, in the support of the
available sample set after the prediction step. In order to classify them accordingly, we
have proposed simple tests to have insights about the properties of weighting functions

obtained by different features .

We have introduced foreground divergence measure consisting in measuring the occu-
pancy of the foreground silhouette by a generated model silhouette. This model sil-
houette is determined by the projection of the flesh model in a given pose. The need
for this complementary foreground measure is justified because of the properties of the
resulting weighting function. This complementary foreground measure reduces the pose
ambiguity, thus increasing the robustness of the classical annealing scheme for particle
filtering. Besides, it is locally quasi-convex and quasi-unimodal, thus providing a good

function to sample from in the first layers of the feature-based annealing.
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We have tested our proposal with a simple body configuration and a simplified projec-
tion method in a challenging scenario. A quantitaive comparison between our proposal
and common annealed particle filter has been presented. The feature-based annealing

strategy shows an increased robustness under challenging experimental conditions.

Like in the simple annealed particle filter we have tried to preserve the tracker gener-
ality by only adding hard kinematic constraints to our model and a prior function for
inter-penetration of limbs. Under a challenging scneario, our approach is not able to
consistenly track some fast motions. This could be attributed to a limitation of the hard-
ware and means of the setup that has been used to test the algorithm, the state-space
model and the common propagation model of the Sampling Importance Resampling

framework from which annealing particle filter is derived.

Future research involves further validation of feature-based annealing with full body
models and several recording conditions, and the extension of this study to other image

features, including spatio-temporal features.

Another important issue concerns the statistics of the pose. We have assumed that
these are somehow a narrow function centered around the true pose at a given time
instant, thus justifying the need of an estimator treating the likelihood in an optimization
context. In spite of this, the final posterior estimate appears to be multimodal, mainly
due to observation ambiguities. Hence, the common posterior mean seems to be a
weak statistical figure. Further research can be done in order to study the modes of
the posterior to provide better pose estimates. In addition, the variety of weighting
functions used in pose estimation can be addressed to exploit the correlation between
several likelihood approximations in order to infer the mode that better approximates

the true pose.
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