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This paper presents a thorough study of some particle filter (PF) strategies dedicated
to human motion captured from a trinocular vision surveillance setup. An experimental
procedure is used, based on a commercial motion capture ring to provide ground truth.
Metrics are proposed to assess performances in terms of accuracy, robustness, but also
estimator dispersion which is often neglected elsewhere. Relative performances are dis-
cussed through some quantitative and qualitative evaluations on a video database. PF
strategies based on Quasi Monte Carlo sampling, a scheme which is surprisingly seldom
exploited in the Vision community, provide an interesting way to explore. Future works
are finally discussed.

Keywords: Tracking; trinocular vision; data fusion; particle filtering; performance
evaluations.

1. Introduction

Achieving markerless Human Motion Capture (HMC) from wide-angle synchronized
cameras is a motivating challenge and has been widely investigated during the
last decade in the Computer Vision community. These investigations are especially
motivated by supportive home environment surveillance applications. The broader
technical aims of vision systems are to track the motions of humans in their daily
life in order to monitor their behaviors. Such systems could enable elderly people
to live longer independently and safely.

Commercial HMC systems are unsuitable as they are expensive, intrusive — due
to marker use — and because their portability is limited to home-made environ-
ments. The surveillance application requires standard cameras to impose as few
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2 M. Fontmarty, P. Danés € F. Lerasle

restrictions as possible on both the human performer and the viewing conditions.
The principle is then to concentrate on advanced vision techniques as well as 3D
human body modeling to make the problem tractable.

The development of this application clearly requires extensive performance eval-
uations and comparisons on surveillance video databases. Comparisons of trackers
dedicated to human body parts do exist in the Vision literature but they are typ-
ically restricted to low-dimensional problems. This greatly limits their applicabil-
ity to HMC where at least 20 degrees of freedom are necessary to parameterize
the whole body joints. Even in the vision-based HMC literature, no systematic
quantitative evaluations are reported, as most relevant papers classically present
only qualitative evaluations on key-sequences.”3> Quantitative evaluation of human
motion recovery requires both videos with ground truth and performance metrics.
Except for hand-labeled joints positioning in videos,'%?6 commercial HMC systems
have been marginally used®?2>4% while they could clearly provide this ground truth
for large video datasets in order to evaluate the performances and to assess the rela-
tive merits of the algorithms. Moreover, the selection of metrics is an open question
in the HMC literature, contrarily to other vision problems, e.g. face classification.
In the particle filtering context, Wang et al. in Ref. 40 proposed both image-based
and tracked joint 3D distance metrics while Balan et al.? and Gupta et al.'> consid-
ered multiple 3D distances which seem to be significantly more useful than image
distance in many situations.

State-of-the-art HMC systems'®2? developed in the Vision community consist
in estimating the body model configuration in space which best fits the available
visual data. They essentially differ in the associated data processing (3D reconstruc-
tion versus appearance based approaches), and the estimation framework (deter-
ministic versus stochastic optimization). Reconstruction-based approaches aim at
making the model fit with the 3D-point cloud issued from a 3D-sensor system, e.g.
a stereo head,** a Swiss Ranger'® or multiple calibrated cameras.?6-36 Besides, the
appearance-based approaches infer the model configuration from its projection in

2,22,35 293343 image sequences. This strategy enables to

monocular or multi-ocular
derive abundant appearance information from the image contents but is prone to
misestimate the motion-in-depth especially when using a single camera. Multicam-
eras approaches are employed to increase reliability, accuracy, and reduce problems
with self-occlusions.

Regarding the estimation process, deterministic approaches — usually based on
local descent search®37:38 — are almost neglected, due to their difficulties in han-
dling multimodality. A more general alternative is the particle filtering framework,'®
first introduced for visual tracking purpose in the form of the CONDENSATION
algorithm.!” The key idea is to represent the posterior distribution over the state
space by a set of samples — or particles — with associated importance weights. This
particle set is first sampled from the state vector initial probability distribution,
then updated over time taking into account the measurements and a prior knowl-

edge of the system dynamics/observation models. Particle filters have proved to be
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Evaluations of Particle Filter Based Human Motion Visual Trackers 3

well suited to the above requirements. Indeed, they make no restrictive assumption
on the probability distributions entailed in the characterization of the problem, and
permit a probabilistic principled fusion of diverse kinds of measurements. The main
drawback for particle filters remains the computational cost which increases expo-
nentially (in terms of the required number of particles to ensure a fixed dimension
free error) with the state-space dimensionality.

The vision literature has focused on the two following key strategies to improve
particle filters: (i) modify the algorithms themselves to prevent particle wastage,
(ii) design more suited dynamic and observation models for the tracked body parts.
Though observation models have been intensively studied in order to deal with

1,22,24,31,35 (§i) still constitutes an open problem. Some

variable viewing conditions,
approaches3?:38:43

on possible poses, yet such assumptions are problematic for motion capture applica-

assume strongly constrained models to place further restrictions

tions. Indeed, as the interest is to capture novel motions, we cannot rely on previous
move models. Clearly, the unpredictability and unusual motions we need to capture
limit the models which can be applied.

Alternatively, the methodology (i) aims to directly control the support of the
samples. We can here mention search space decomposition techniques,® annealed
particle filter (APF),%7 covariance sampling,?3®> unscented particle filter (UPF),3?
and Quasi Monte Carlo sampling which has been surprisingly seldom exploited for
visual tracking purpose.?”2? Unfortunately, few studies®*° have so far been con-
cerned with the balance against each other, as very few available results compare
a restricted number of alternative algorithms (UPF,*® APF3) to the original CON-
DENSATION approach on a small probe set of videos. Consequently, it is not clear
which particle filtering scheme, possibly hybrid, performs best. A thorough study
comparing the efficiency of most of the above filtering strategies in terms of the fol-
lowing metrics is carried out hereafter given the ground truth: (1) root mean square
error error, (2) tracking failure rate, (3) dispersion of estimates (e.g. estimator vari-
ance), (4) bias of the estimates. The dispersion is surprisingly seldom taken into
account despite the intrinsic stochastic nature of any PF tracker. The “stability”
of the estimates, as opposed to their variability, is clearly an important property as
multiple runs on any given surveillance video should lead to homogeneous results.
Since the strategies can differ in their computational cost per sample, their rela-
tive comparisons are normalized with respect to the computation time. Recall that
the ground truth is provided by a commercial HMC setup.*? These evaluations are
performed to exhibit the best filtering strategy to be considered in our near-real-
time surveillance video system which is devoted to natural human-centered indoor
environment.

This paper is organized as follows. Section 2 briefly sums up the well-known par-
ticle filtering formalism, and describes some relevant variants. Our trinocular vision
based setup as well as the implementation of trackers are then described in Sec. 3.
Evaluations and comparisons between distinct strategies on both synthetic and real



1st Reading

October 3, 2009 19:44 WSPC/115-1JPRAI SPI-J068 00766

11

13

15

17

19

21

23

25

27

29

31

33

35

37

4 M. Fontmarty, P. Danés & F. Lerasle

sequences are respectively reported in Secs. 4 and 5. Finally, Sec. 6 summarizes our
contributions and opens the discussion for future works.

2. Particle Filtering Algorithms
2.1. Visual-based HMC' as a Bayesian filtering problem

Like many other tracking problems, visual-based human motion capture can be
generically addressed in the context of stochastic (Bayesian) filtering. So, the
information held in the camera images can be fused with a prior knowledge on
the dynamics of the human limbs, enabling a seamless spatio-temporal motion
analysis. A state vector x is first defined, which gathers the 3D model situa-
tion and configuration parameters to be estimated. The prior dynamics of the
template between two consecutive instants £ — 1 and k must be expressed as a
transition kernel p(xj |xx—1), which may imply to insert in x derivatives of the
situation/configuration parameters. Besides, the measurement vector z; and obser-
vation density p(zj | xi) respectively symbolize the visual data available at time k
and its relationship with xx. Then, upon the additional knowledge of the initial state
probability density function (pdf) po(xp), the aim is to estimate the posterior pdf
p(Xk | z1:1), which expresses all the information on xj captured by z1., = 21, ..., 2.

When considered as a function of xj, the observation density p(zy | xx) depicts
the likelihood of the state vector regarding the measurement. In any appearance-
based approach, as is the case for this study, the output equation cannot be
expressed in closed-form. The likelihoods of distinct state vector values can just
be evaluated separately, e.g. by assessing the projections of the corresponding fig-
ure model onto the current camera images. In addition, even if the environment
is controlled, the likelihood function has multiple modes, some of which can be
very sharp. So, the posterior p(xg |2z1.x) is multimodal and cannot be expressed
analytically. One must then return to approximate filtering schemes. Among these,
particle filtering constitutes a versatile recursive approach®!%:!1 in that it can han-
dle any Markov stochastic system subject to any kind of noise, even if a constructive
model of the state-output relationship is not available. Elements of the theory are
hereafter recalled.

2.2. Bastcs of particle filtering
2.2.1. Generalities

The cornerstone of particle filtering is to represent the posterior probability density
function p(xy | z1.x) by the point-mass distribution

N
p(xk | 21.5) & Zw,(;)(S(Xk — x,(;)), Zw,(j) =1, (1)
i=1 j

which represents the selection of a value — or particle — x,(f) with probability —
or weight — w,(;)7 1=1,...,N. An approximation of the conditional expectation
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Table 1. Generic particle filtering algorithm (SIR).

w0, = SIR({x w3 )

(N)

1: IF k£ =0, THEN Draw x(l) ...,Xxy ’ 1i.d. according to po(xo), and set wéi) = % END IF

; N
2: IF k > 1 THEN {— ka " ](Clll}}izl being a particle description of p(xg_1 |z1.k—1) —}
3: FORi=1,...,N, DO Independently sample xgj) ~q(xp | X;flp z1,). Then, update its weight
(1) | 4 ()
Ix,” 1)

(@)
(i) (i) Pz % )p(x,
by wy” ocwy 7y 1D 2

( , prior to a normalization s.t. Y, w](:) =1. END FOR
q(x

4: Compute the MMSE estimate E
of the posterior p(xg |21.x)-

p(xy, | z1.5) [Xk] from the approximation Z -1 w( )6( (i))

; NN
5: At any time or occasionally, resample [{x](;)7 w](;) Hi:l into the equivalent evenly weighted par-
) N
ticle set [{xgj ), %Hizl’ by selecting in {1, ..., N} the indexes s(V), ..., s(N) with probability
. . . . (i)
P(s() =j4) = w](j). Then, set xg) and w,(;) with xl(: ) and %
6: END IF

of any function f of xi, e.g. the Minimum Mean Square Error (MMSE) estimate,
immediately follows as E[xy | z1.1]f(Xk | Z1.1) = ZN 1 w,(;)f(x,(f)).

For a system described by p(xj | xx—1) and p(zg | xx) with initial prior po(xo),
the particle approximation (1) is propagated throughout time according to Table 1.
The “Sampling Importance Resampling” (SIR) algorithm reported therein is fairly
generic, in that most strategies can fit into this framework,!! provided an adequate
definition of the importance function g(xy | x,(fll, z;) and of the resampling scheme
respectively exist in steps 3 and 5.

The importance function ¢(xy |x,(le7zk) governs the stochastic evolution of
the particles x,(f), i=1,..., N, at each time k, and is selected so as to adaptively
explore relevant areas of the state space. The mathematical expression of the weights
w,(j) then ensures the consistency of the approximation (1). Besides, inserting a
resampling stage limits the degeneracy phenomenon experienced by all sequential
Monte Carlo filters, i.e. the collapsing of the weights of all but one particle. Note
that this redistribution should be fired only when the filter efficiency goes beneath
a predefined threshold.!!

2.2.2. Elementary schemes

The CONDENSATION'? — for “Condltlonal Density Propagatlon —is the

instance of the SIR in which ¢(xy |xk 1 ZE) = p(Xk |xk 1) and w,i) x w,i)l

(2 |xk ). Its performance may be weak, as drawing the particles according
to the system dynamics regardless of the current measurement may well lead
to assign many of them a low likelihood and thus a low weight. This draw-
back is highly plausible in the HMC context, because of the sharpness of
the likelihood modes. Besides, the [[.CONDENSATION'® samples some particles
according to an importance function 7(xy, | zx) specified from the current image, e.g.
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through g(x |x,(le7zk) = am(xx|zk) + Op(xk | x,(fll) + (1 —a— 08)po(xx), with
(a, B) > (0,0). Generally, m(xy, |zy) relies on the detection of intermittent primi-
tives which, despite their sporadicity, are very discriminant when present.?®

2.3. Enhanced particle filtering strategies

Human motion capture, be it appearance-based or grounded on sparse recon-
struction of 3D information, raises sharp problems which make classical strate-
gies fail unless a very high number of particles is used, thus at the expense
of efficiency and real-time performance.* First, the state space is of very high
dimension, typically from 20 to 40 even for an elementary first-order dynam-
ics, e.g. a random walk. Though some early references claimed that particle fil-
ters “beat the curse of dimensionality”, i.e. converge at a rate independent of
the state dimension, this property does not hold. Daum and Huang® raised the-
oretical issues which underlie this fact, and derived back-of-the-envelope formu-
lae for complexity depending on whether the problem is “vaguely Gaussian” or
not. Their illuminating paper shows that for general problems, the computation
time of a particle filter is linear in the number of particles, yet this number
is truly exponential in the system order so as to ensure a fixed dimension free
erTor.

Among the other challenges are the aforementioned multimodality and sharp
peaks of the likelihood, as well as the information loss through projection. So, more
involved strategies have been envisaged, aiming at a better exploration of state
space areas which are likely w.r.t. the measurements, while keeping the possibility
for some less likely hypotheses to strengthen along time if they are consistent enough
with the prior dynamics and the measurements. Some of them are described below,
together with original proposals.

2.3.1. Important requirements

Two fundamental points have been acknowledged in the particle filter based HMC
literature in order to catch the likelihood modes. On the one hand, as likely areas
of the state space cannot be portrayed a priori, iterative local searches must be
designed so as to drive the drawn particles towards these peaks. On the other hand,
the diffusion of particles from a parent sample must itself be carefully designed.
For instance, spreading particles isotropically from a parent sample is inoperating.
Instead, the dynamics noise, though physically realistic, should be scaled by the
posterior covariance or by a similar indication extracted from the likelihood evalu-
ations, with the aim to lay more samples on the hard-to-estimate directions. This

last feature is termed “Covariance based sampling”.3*

aDeutscher et al.” reported failures of CONDENSATION even with a huge number of particles.
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2.3.2. Partitioned sampling

For filtering problems where the system dynamics comes as the sequence of partial
evolutions and where intermediate likelihoods of the state vector can be assessed
after applying each partial dynamics, partitioned?! or hierarchical?® schemes apply.
From a succession of sampling operations followed by resampling based on the inter-
mediate likelihoods, the particle cloud can be successively refined towards areas of
the state space in which the posterior is dense. The selected strategy assumes a par-
tition of xj, into the M subvectors {x},...,x)’} such that the full dynamics and
the likelihood respectively factorize into p(xy |Xp—1) = H%:l P (X7 | X7 ,) and
p(zg | x) = H%Zl (21 | X4, ..., X), where the intermediate likelihoods (. |.)
concern a subset of the state vector all the more important as m — M.2" Its deriva-
tion from the SIR is schematized in Table 2. Its computational complexity is linear
in the number of partitions instead of being exponential in the number of degrees of
freedom. Note that the number of particles may sometimes be reduced as the par-
tition index grows, thus lowering the cost. Applying this basic partitioned strategy
to the HMC context implies that separate parts of the body can be independently
localized. According to some authors,” geometrical information must be supple-
mented by color or other labeling cues to ensure a proper tracking.

2.3.3. Annealed particle filter

The Annealed Particle Filter — or in short APF — includes a local stochastic opti-
mization stage inspired by simulated annealing.” The main idea is to replace step 3
of the SIR by the recursive run of L layers, as outlined in Table 3. Each particle
x,(i)l_l related to the lth layer, [ = 1,..., L, is sampled from a “layer dynamics func-
tion” py(Xg,1 | Xki—1), then gradually trapped towards the likely areas of the state
space thanks to the evaluation of “layer likelihood function” p;(zy | xx,;). Step 32
proposes a way to gradually sharpen both the state space exploration and the
likelihood modes. Notice that in the case when the prior dynamics is a Gaussian

random walk p(xy |xkp_1) = N(Xk;xg_1,Ar) with Ag diagonal, sampling from

Table 2. Partitioned particle filtering.

{x®, w®NY = PARTITIONED({x w1 21)
ko WE Jli=1 k-1 %Yr—10 01, _1» %k

30: Replace step 3 of the SIR algorithm on Table 1 by the following, T(gi) being set to w}(:ll.
31: FORm=1,...,M, DO

32: FOR i=1,...,N, DO Independently sample x;n’(i) ~ pm (X \xzn_’(li)), and associate

(xllg’(i), . 7xZL’(i)) the weight T.r(r? o< Txlllm (zg | xllg’(i), ey xzn’(i)). END FOR
33: IF m < M THEN Resample [{(xllc’m, e ,xzn’(z)),fr(rf)}]izl s.t. P(s(D) = j) = 73): rename
: . ; N
the obtained evenly weighted particle set as [{(x,lc’(z)7 .. 7xzq”’(l)), T,S? = %Hizl' END IF

N
=1

34: END FOR — Then, [{xl(f)7 w,(:) = TJ(&) 1 is a consistent description of p(xy | z1.x)-
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Table 3.  Annealed particle filtering.

i i)Y i i N
[ wi, = APP([{x 1wl 1| 2)

30: Replace step 3 of the SIR algorithm on Table 1 by the following, [{x}(f)o, wfj%}]{il being set
to [{x](:ll,w,(le}]ﬁil, with 1 < a3 < -+ < ap and 1 < -+ < [ < 1 being selected
beforehand.

31: FOR[=1,...,L, DO

32: FOR i¢=1,...,N, DO Independently sample x,(;)l ~ pl(xk,l|x;(;)l,1) = [p(xk|

[e%} .
D P O

Associate it the weight w,(cnl o pi(zg \x,(:b = [p(zg | xk)ﬁl}x L END FOR
’ ’ AN
33: Normalize {w,(;)l st >, w](;)l =1. IF [ < L, THEN resample [{x](;)l,w,(ji }1—1' ENDIF

34: END FOR — The particles set [{x](CZ)L,w,(;)L ¥ | has just to be renamed [{x](f)7 w](:) HE.

(X | Xp_1)Y is equivalent to sampling from N (xx; Xk _1, O%Ak). On a theoretical
side, it must be pointed that in its above form, APF is not a mathematically sound
Monte Carlo method.”

2.4. Quasi Monte Carlo filtering methods

In particle filtering, the stochastic nature of the particle locations enables to adap-
tively explore areas of the state space in which the posterior distribution is dense.
Yet, especially in high-dimension spaces, pure random importance sampling leads
to “gaps and clusters” in the particle support. An excessive Monte Carlo variation
of the predictions can follow, making the filter unreliable or even leading to failures.

An alternative is to substitute the random particles by a low-discrepancy deter-
ministic sequence, enjoying a guaranteed degree of uniformity. For a d-dimensional
state space, the error in approximating integrals through such so-called Quasi Monte
Carlo methods has been proved to converge at a rate of O(N~!log? N)) in the num-
ber N of particles, which is much better than O(N~2) for standard Monte Carlo.2
Yet, analyzing the accuracy of deterministic QMC approximations is difficult and
prevents the use of statistical procedures. So, randomized QMC methods have been
developed in order to define low-discrepancy sequences whose elements taken indi-
vidually have a given distribution. These enable the design of unbiased estimators
with reduced variance, whose approximation error can surprisingly converge as
O(N -3 log% N) for sufficiently smooth integrands.

In the context of visual tracking, the performances of a deterministic and of a
randomized QMC particle filter against a particle filter based on standard random
sampling have been assessed only in two references, respectively.?”:2? Therein, a
high number of runs on low-order synthetic experiments, with filters entailing the
same number N of particles, proves that for deterministic or randomized QMC
filters, (1) the RMS estimation error w.r.t. ground truth is always smaller, (2) its
standard deviation over the whole temporal sequence is also lower, (3) when N
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increases, the RMS estimation error drops all the faster as IV is low and/or there is
much noise, (4) for a given tolerance to errors, QMC needs between half and third
the number of particles, which speeds its execution. Visual tracking experiments
on real sequences, where the state space dimension is of the order of 10, show
that the deterministic QMC filter?® performs well on the whole time history and
can recover from failures due to sudden changes or partial occlusions. As for the
randomized QMC filter,?” it is proved unbiased w.r.t. the true posterior mean and
enjoys a variability on each entry of the estimated state vector from 5% to 20%
below that of Monte Carlo particle filter. The authors claim a savings in the number
of particles between 20% and 60%, which is more pronounced when few particles
are used, together with a significant reduction of the ten-dimensional volume to be
explored at each step.

Among the main issues on QMC filters are the difficulty to design low-
discrepancy sequences in spite of the resampling steps, the exploitation of the cur-
rent measurement in the definition of these sequences, and the possible trade-off
between the reduction of the (quadratic) complexity and the mathematical sound-
ness of the algorithms. The quasi-random counterpart of CONDENSATION,* here-
after named QRS-CONDENSATION, is presented in Table 4, where M terms the
dimension of x. It is considered in this paper, together with its straight partitioned
version, henceforth termed PARTITIONED QRS.

3. Problem Formulation
3.1. Generalities

Recall that our appearance-based approach infers the human body model from its
projection in trinocular image sequences. The whole human body model used for

Table 4. Quasi-random sampling CONDENSATION (QRS-CONDENSATION).

@, @Oy _ @ @ 9V
[{x)”,wy },_, = QRS — CONDENSATION ([{x;” ,,w;”, }]._ | 2x)

1: IF k = 0, THEN Generate a random QMC Sobol sequence u®, ..., u®) in [0, 1)M and

convert it into x(()l), .. .,x(()N) ~ po(x0). Set w(()l) == w(()N> = % END IF
; ; N

2: IF k > 1 THEN {— [{x](;zl,wl(czll}]izl being a QMC weighted description of p(xj_1 |
Z1p—1) —}

3: FORi=1,...,N, DO

4: Select s, ... s(N) in {1,...,N} s.t. P(s(i) =j)= w,(j). Set Cj; = Cardinality{:
s = 51,

5 FOR j=1,...,N, DO Generate a random QMC Sobol sequence u(®), .. .,u(cf) in [0, l)M
and copvert it into ?<§€Cj_l+l), RPN x;ﬁcj_ﬁcj) ~ p(xg | xi._l). END FOR
Set w,(;) x p(zk |xl(;))7 prior to a normalization s.t. ). w,(;) =1.

; N N
END FOR — [{x?,wl(:)}}i:l is then a QMC weighted description of p(xy | z1.x) —

Compute the MMSE estimate E,(
END IF

f QIO
xp |21 Xk from [{x,7 w73,
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clod

> Z
~ X

Fig. 1. 3D model and associated DOF's.

HMC is presented in Fig. 1. Each limb is fleshed out using truncated cones with
fixed dimensions. These geometric primitives are easily handled, for their image
projections and hidden parts removal can be obtained in closed form.! The model
is also based on a kinematic tree consisting of nine body segments. Six degrees of
freedom (DOF) are used for global position (¢,,%,,t.) and orientation (ry,r,,7s).
The shoulder and the thigh are treated as ball joints with three DOFs and the
remaining joints are modeled as hinges requiring only one DOF.

All these 22 parameters are accounted for in the state vector xj related to the
three frames at instant k. With regard to the dynamics model p(xj |xx—1), the
human limb motions are difficult to characterize over time. This weak knowledge is
formalized by defining the state vector as zy, = [ty, ty,t2, 72,7y, 72, dof1, . .. ,dOf]_G]/
and assuming that its entries evolve according to mutually independent Gaussian
random walk models, viz. p(xy |xr-1) = N(Xp;Xk—1,%), where N(;;p,%) is a
Gaussian distribution with mean p and diagonal covariance X.

Each tracker implementation relates to the modular architecture depicted in
Fig. 2. The filtering module implements the PF schemes detailed in Sec. 2 while
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Segmentation, Skin Proba

Bayer, White
Distortion, Resize...

OND

, Skin Blob Distance,
NED, ...

- PARTITIO Silhouette Distance
Fig. 2. Synopsis of our tracking modular architecture.

the measurement module is in charge of particle likelihood evaluations described
here below.

3.2. Observation likelihoods

It can be argued?303% that appearance-based cues offer indeed a principled way
to derive a plethora of measurements. We have constructed the weighting func-
tion on the basis of two visual features, namely foreground-background and skin
blob segmentation. Mixing these cues offers a nice trade-off in terms of generality,
simplicity, and complementarity.

3.2.1. Silhouette-based likelihood

In the vein of Ref. 7, the first feature extraction performed is foreground-
background subtraction. A binary image I;  is constructed for each camera [, with
foreground pixels set to 1 and background set to 0 (Fig. 3(b)). Given the 3D model
projection for the configuration xj, N, pixels p;;,i € {1,...,N,} are uniformly
sampled in the interior of the projected truncated cones. The silhouette-based like-
lihood follows:

N
S D2 1 -

p(zy™ [ x1) o< exp <_ﬁ> o D= ) (U= Dus(pr)), (2)
Pi=1

where i indexes the N, model points, I; s(p; ;) is the associated pixel value (0 or 1)
in image I; ; for camera [, and o, is a standard deviation being determined a priori.
Figure 4(b) shows the plot of the measurement function obtained by varying only
one DOF (the right shoulder angle). The function is very sharp around the cor-
rect angle. This likelihood reaches its highest value if the projected model is inside
the silhouette without demanding that the silhouette area is fully explained. Con-
sequently, some uninformative model configurations situated inside the silhouette
may peak this likelihood. This situation is alleviated by the use of the dual cue.
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() (d)

Fig. 3. (a) Feature extraction for the input image, (b) foreground segmentation, (c) skin blob
segmentation, (d) skin blob distance image.

3.2.2. Dual silhouette-based likelihood

The principle is here to sample N, points p; from the segmented image I; ;. The
likelihood p(z'*2 | x;) has a form similar to (2) provided that oy, corresponds to
the standard deviation. The similarity distance D; follows

L
D=+ Z(l — f(Prj> k),

s J=1
where f(pi;,x,) = 1 if the point p;; is in the silhouette corresponding to the
model projection of xj for camera I, 0 otherwise. Figure 4(c) shows the plot of this
likelihood function for the same example.

3.2.3. Skin blob-based likelihood

To achieve more precision in the localization — especially for thin limbs such as
arms — we set up an additional likelihood function involving skin blob detection.
The image processing module computes a skin probability image thanks to an off-
line learnt skin color histogram back-projection. Skin blobs are extracted (Fig. 3(c))
and a skin color blob distance image I; skin_dist (Fig. 3(d)) is computed.
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For each hypothesis x;, we compute the mean distance in pixels between the
image projection of three virtual markers pi, p2, ps — respectively corresponding
to the head and the hands — and the nearest detected skin blobs, which results in
the following similarity criterion:

3
1
Dl — g ; Iskin_dist (pl)

assuming ogkin corresponds to a priori standard deviation in (2).

3.2.4. The composite likelihood

All these measurements are combined in a similar way whatever the time index k
so as to account for the contents of all images. Assuming they are mutually inde-
pendent, conditioned on the state xj, the composite likelihood factorizes as follows,
given C' = 3 is the number of cameras:

c
(™ xi) = [ [ p(zg™ [ xu) - (2™ k) - p(2™" | x5).
=1
This is illustrated in Fig. 4(e).

3.3. Particle filter tuning

We hereafter discuss the tuning of the free parameters involved in the PF strategies,
i.e. in the initial prior, the dynamics and the likelihood models, as well as the number
of particles and of layers for layered strategies. Those are used in both synthetic
and real sequences, what demonstrate the tracker’s ability to deal with distinct
data sources and to capture a wide range of human motions.

3.3.1. Likelihood parametrization

All parameters o involved in the likelihoods were first tuned through simple heuris-
tics, then sharpened from experimental data to achieve a stable configuration.
Selecting the o parameters is a very complex task, never thoroughly tackled in
the literature so far.?0 If our measurement models were perfect, the “ideal” simi-
larity distance when an hypothesis is located exactly on the ground truth should
be zero. In practice, this is never the case. As a consequence, we have to choose
well-balanced values for the o parameters. We use the following heuristics to guide
us in this choice.

3.3.1.1. Similarity distance

The evolution of this distance w.r.t. the state vector entries can constitute a good
guideline to the tuning. Figures 5(a) and 5(b) present the similarity distance values
for the experiment described in Fig. 4(c). As can be seen, values spread between
0.48 and 0.54. The early tuning of o must be situated within this range.
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Fig. 5. (a) The similarity distance of the “dual silhouette” cue described in Sec. 3.2 and (b) the

associated histogram. (c)—(e) present the likelihood functions respectively for ¢ = 1.0, o = 0.5

and o = 0.1
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3.3.1.2. Lowering the values

We can sharpen the initial choice by lowering it. Figures 5(c)-5(e) show the likeli-
hood function with different values of sigma (1.0,0.5 and 0.1). As sigma decreases,
the likelihood function shows a higher peak, which results in a more accurate esti-
mate and a more drastic selection of the fittest particles. However, values of the
computed weights globally decrease too, which can lead to the following problem.

3.3.1.3. Computational limits

The value of o cannot be decreased at will: indeed, too low a value results in a null

likelihood function due to computer encoding limits (e.g. exp(3 0%5122) =0, so that

selecting o = 0.01 results in null weights and leads to the filter failure).

3.3.1.4. Well balanced multicues

This last mentioned phenomenon is amplified when we use multiple cues and/or
multiple cameras as likelihood functions are multiplied. Consequently, one has to
be very cautious at decreasing o values.

From the above considerations, manual fine tuning on key-sequences has led to
the empirical values

Og, = 017 Ogy = 007, Oskin = 5

though with no guarantee that they are optimum. The automatic tuning of these
likelihood free parameters is undoubtedly an open question in the vision litera-
ture, all the more because it strongly affects the tracker performances. o5, and o,
values are quite the same as they represent a superimposition ratio between the
segmented silhouette and the projected one. oy, seems higher but is expressed in
pixels as Dgkin usually lies between 0 and ~ 50 pixels. Finally, 0 parameters are
well-balanced.

3.3.2. Filter strategies

In this study, the SIR, PARTITIONED, APF, QRS and PARTITIONED QRS
strategies are evaluated. All filters are initialized “by hand”. Concerning the Gaus-
sian random walk dynamics p(xj | x,—1) mentioned in Sec. 3.1, Table 5 gathers
the selected standard deviations of the dynamics noise when the acquisition rate
is 5 Hz.

The APF filter is run with three layers as more layers induce too few particles
in each layer to allow an efficient tracking. a; and 3,1 € {1,...,3}, parameters are
chosen according to the guide rules presented in Ref. 7 and sharpened by experi-
ments resulting in a; = 1,0 =4, a3 =4 and f; =0.1,0: =0.4,83 = 1.

The PARTITIONED filter is used with two partitions. The first one is focused as
usual on the six parameters needed to localize the torso, while the others consist of
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Table 5. Standard deviation of the ran-
dom walk dynamics applied on each DOF
of the human body configuration.

Base translations 0.07m
Base rotations 0.05rad
Shoulder ball joints 0.1rad
Elbow hinge joints 0.3rad
Hip ball joints 0.1rad
Knee hinge joints 0.1rad

the limbs extremities.’? This is an intuitive partitioning which seems fairly efficient
according to the different tests we ran. For a more complete study, such parameters
should be tested quantitatively to achieve the best configuration of each filtering
scheme.

In addition, based on Ref. 40, each experiment in this study has been conducted
by keeping constant the number of likelihood evaluations, which is the most time
consuming part of the algorithms: when SIR trackers are run with N particles,
PARTITIONED trackers are run with N/2 particles per partition, and APF use
N/3 particles per layer. Actually our trackers perform more or less at 1 Hz for 500
likelihood evaluations on each step. This is not yet real-time, but performances
can still be improved by optimizing the C++ code or by reducing the size of the
processed images. Due to this strong temporal constraint, we limit our evaluations
to a number 100 < N < 1500.

3.3.3. Metrics design for filter evaluation
To evaluate the MMSE estimates X}, delivered by the filter with respect to ground

truth tj, we set up the following metrics:

e Error w.r.t. true joint positions: The accuracy of a pose estimate is measured
thanks to the average RMS error between the true positions of the J joints

m;"‘7j € 1,...,J and their estimates m;’“"‘:
J K
1 1 1 ¢ o
7 §ZEZHmj’“ —m;"" 3, (3)
j=1 k=1~ r=1
where r = 1,..., R indexes each trial on a given single sequence. The RMS error

is computed on all frames and all runs of the filter. This criterion seems to become
a standard in Computer Vision literature.?4%4! One can note that error involves
joint positions but no computation is done on the state vector itself. Indeed,
comparing joint angles is a complex task and distinct configuration vectors can
lead to the same body pose. This criterion will henceforth be denoted as RMSE
(Root Mean Square Error).
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e Bias: We have to check if multiple runs of the filters provide an estimate which
is centered on the ground truth. Thus, we design the following criterion:

53 ey (m - )

r=1
which is the average bias of the estimate with respect to the ground truth.

e Dispersion of the estimator: The variance of the estimated configuration must
be analyzed over the filter runs. This is a key point as an average estimate close
to ground truth does not necessarily imply a good quality of the estimate on a
single run due to the stochastic nature of the tracker. This is problematic as any
markerless HMC system must deliver stable outputs for a given video stream.
The variance of the estimate is computed as follows:

1 K R R

EDSEO SR MRS o
j=1 k: r=1 r=1

e Tracking failure rate: To complete our evaluation, we set up a last criterion which
focuses on the rate of failures. We consider the tracker fails each time one joint
has a distance to the ground truth greater than Twaiure (in practice, we chose

0.2 < Traiture < 0.3 depending on the mean error). The number of tracking
failures is computed at the following rate:

; (4)

2

()

2

111 B K
xk 7*
R Z:: Z:: Z: fails(m (6)
where fails(m x" ) = 1if [md* m;/"m 12 > T, jures 0 otherwise.

Several factors and assumptions affect the above metric estimates: 3D model
shape/kinematic, dynamics model, measures, etc. We choose to assess all strategies
gradually on real but also synthetic sequences. Synthetic data allow to control
the image acquisition process. Thus, the filtering strategies can be characterized
separately as the underlying system models and assumptions attempt to better fit
the video contents.

4. Experiments on Synthetic Sequences
4.1. Experimental design

Synthetic sequences have been generated under an OpenGL environment. Three
virtual cameras in a triangular configuration take images of configurations of the
3D human model in front of a uniform background (Fig. 6). Test videos including
natural human motions like arm waving, jumping and walking are produced. Below,
we present only the results on the “arm waving” sequence (Fig. 7) which supports
the major results. Our synthesis sequences use a human model which perfectly fits
our template. 80 runs have been performed on each sequence.
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Fig. 6. Images from the three virtual cameras.

{ D R R w

[ T

frame 10 frame 20 frame 30 frame 40 frame 50

Fig. 7. Synthesis video and filter runs — Every 10th frame from one camera: CONDENSA-
TION (top), PARTITIONED QRS (middle), APF (bottom). The 3D avatar represents the MMSE
estimate.

4.2. FEzxperimental results
4.2.1. Root mean square error

This criterion measures the tracker accuracy relative to the ground truth.
Figure 8(a) shows the average Euclidean error (Eq. (3)) between the MMSE
estimate of the tracked joint positions and the ground truth values (RMSE).

According to Ref. 7, APF is statistically superior to any other strategy as soon
as a minimum number of particles is used. Under this minimal value, the APF filter
cannot perform better than the classical SIR.

PARTITIONED is efficient too in terms of error to the ground truth. This is
quite logical as it divides the search space into smaller partitions for which the
number of particles is enough to improve accuracy.

QMC approaches seem better anyway than their MC counterparts, even if accu-
racy improvement may be very slight. However, for a low number of particles, dif-
ferences are more significant, confirming the observations made in Ref. 27. This is
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Fig. 8. Quantitative evaluation of filter outcomes on synthesis sequences. (a) RMSE, (b) estima-
tor dispersion, (c) tracking failure rate, (d) bias.

a consequence of the low-discrepancy of random QMC sequences. Search space is
explored in a more uniform way, and thus, estimates are better. One should notice
however that we use a QMC algorithm adapted to have an O(N) complexity though
at the expense of mathematical correctness.

Figure 7 confirms these results. We can see that the CONDENSATION pro-
vides a poor tracking of arms while PARTITIONED QRS shows good results. APF
estimates are fairly satisfactory. Nevertheless, APF results seem worse than those
of PARTITIONED QRS, for example; but we have to recall here that these are
images from one single run of the algorithms. This leads us to the next cue studied:
the dispersion of the estimator.

4.2.2. Variance of the estimator

Given Eq. (5) and Fig. 8(b), one of the main conclusions of these preliminary
experiments is that QMC methods provide more stable outputs than their MC
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counterparts. PARTITIONED strategies also show a lower estimate variability than
other methods. Again, we posit that this is due to their splitting of the state space.
Thus, their efficient number of particles, computed following Ref. 11 and visible
in images from Fig. 7, is higher, resulting in a more “stable” estimate. The APF
presents more stable results than the CONDENSATION, but still less than the
PARTITIONED family for a reasonable number of particles.

Hence, while choosing a filter strategy, we must take into account the dispersion
criterion. The APF and PARTITIONED QRS schemes constitute a good alternative
with respect to both previous criteria.

4.2.3. Failure rate

To evaluate the robustness of each filter, Eq. (6) counts the number of times the
error to ground truth exceeds a given threshold Tt,iure all over the frames processed
by R runs of the filters. Of course, the failure number depends on the selected
threshold, but the relative robustness of the strategies is independent of this value.
The results presented in Fig. 8(c) are slightly linked to the two previous ones. This
can be understood as the rate of “target loss” of the filters.

The PARTITIONED QRS is confirmed to present good performances. APF
strategy also presents a low failure ratio; these two strategies definitively constitute
a good choice with respect to our criteria. QRS strategies fare better in terms of
failures.

4.2.4. Bias

Figure 8(d) shows the average bias of each filter, computed according to formula
(4). Tt tends towards 0 as the number of particles grows, showing that estimates
are globally centered on the ground truth. Thus, our measurement cues seem dis-
criminant enough to enable a satisfying behavior of the filters.

We can see that APF has a lower bias than the others. This can be the conse-
quence of its trend to model only the main mode of the posterior distribution.?

Table 6 sums up our evaluations on all sequences when considering unambiguous
data. The commonly used APF, even if only few quantitative studies can be found
in the literature, works well but surprisingly PARTITIONED QRS provides similar
or better performances. However, those performances have been derived from a

Table 6. Sorting of the different strategies according to each criterion.

Name Accuracy Dispersion  Failure Rate  Bias
CONDENSATION 5 5 5 5
QRS 4 4 4 4
PARTITIONED 2 2 2 3
PARTITIONED QRS 1 1 1 2
APF 3 3 3 1
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very friendly context provided by synthesis images. Real sequences provide a more
complex problem to tackle as our models are not always fully adapted to the tracked
target. The above results must be shaded by real data evaluation.

5. Experiments on Real Sequences

In this section, we develop two main evaluations. First, we present a quantitative
assessment on real sequences with a ground truth provided by a commercial HMC
system in order to enlighten the best filtering strategy with regard to our criteria.
In the second part, we qualitatively study its behavior on various subjects in a
cluttered real environment.

5.1. Experiment design

Some web databases of human movement video sequence already exist, such as
Ref. 41, proposing four different subjects performing different standard movements.
However, as we exploit skin color detection as a discriminant natural feature, sub-
jects must wear long sleeve clothes in order to accurately localize hands, which is
seldom the case in such databases. Beyond this practical consideration, we are inter-
ested in near real-time application, i.e. with video acquisition frequency far below
100 Hz. In addition, we with to have all control over data to free ourselves from gen-
erally heavy convention and model adaptation between third-party database and
our softwares. This is the reason why we have set up our own sequence database.

The commercial HMC system*? which provides us the ground truth is consti-
tuted of ten infra-red cameras acquiring data at 100 Hz. The subject wears special
markers reflecting infra-red light, and the system localizes their 2D position on
each image. 3D coordinates of each marker are then triangulated. Finally, a skele-
ton matching algorithm processes the data to retrieve the bone configurations and
joint positions.

The systems are pre-calibrated using a 3D reference object where a few markers
are fixed in order to estimate the extrinsic parameters between our video-based
HMC system and the commercial HMC system. Thanks to this offline calibration
and online synchronized acquisition between our system and the commercial one,
ground truth spatio-temporal data is available for each analyzed video issued from
the surveillance system.

Figure 9(a) shows the projection of model joints from the commercial HMC
system onto an image from our video system. Our three Firewire cameras are placed
in a triangle configuration in front of the subject (Fig. 9(b)). They provide 640 x 480
color images at 5 Hz.

5.2. Experimental results

Tracking has been performed on four different sequences from 50 to 100 images
(simple arm movement, walking, fitness and a mix of walking and arm movement).
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Fig. 9. (a) Projection of the HMC ground truth configuration blends into an image from our
video camera system. The red point is the root of the model, green points are leg joints and blue
points are arm joints. (b) Configuration of the two HMC systems.

Fig. 10. Images from the three cameras with avatar reprojection taken during the walking
sequence, which presents partial occlusions of body members.

Each tracker has been run between 50 and 80 times depending on the length of
sequences. Figure 11 proposes some screenshots of the different sequences on which
is run an APF strategy with 400 particles and three layers. Due to space rea-
sons, we only show the frames from one camera, which can be somehow misleading
about filter accuracy and movement complexity (cf. Fig. 10). For a more complete
overview, the entire videos can be found at the URL: www.laas/~mfontmar. The
next subsections present the results with regard to the different metrics we set
up, but also additional considerations derived from our evaluations. Due to lack of
space, we only present the quantitative results obtained for two sequences which
are representative of the global behavior.

5.2.1. Accuracy

Figures 12 and 13(a) present the average global RMSE of the estimated joint posi-
tions with respect to the ground truth. First of all, we must notice that all trackers
are globally efficient. Errors generally lie below 12 cm, which is reasonable consid-
ering the modeling approximation and data acquisition. Computer vision litera-
ture classically presents errors below 10 cm.'® This can be explained by our rough
model of the human body and our simple measures. Moreover, to achieve better
performance, the number of particles needs to grow exponentially. Our real-time
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Fig. 11. Run of the APF strategy on four different sequences (one on each line); from top to
bottom: simple arm movement (1), walking (2), fitness (3), mix of walking and arm movement
(4). Screenshots are taken from the central camera.

constraints force ourselves to limit the number of samples used, thus limiting accu-
racy. However, we are interested here in the relative behavior of the filters. We
notice that advanced strategies perform better than the classical CONDENSA-
TION, which seems consistent with the results obtained on synthetic data. APF
and PARTITIONED relative performances may vary according to the sequence. In
sequence (2) (walking), PARTITIONED strategies may be confused while tracking
the torso as arms move along the upper body.

Generally speaking, QMC methods seem to provide better estimates than their
MC counterparts, which is logical with regard to the synthesis sequence evaluations.
For a same given error they can lead to a 25% reduction of the number of particles
in the best case (sequence (2)), which can constitute a significant gain in computing
time.

The avatar superimposition for the state vector estimate (Fig. 11) confirms that
tracking provides acceptable results in most cases. Errors on sequence (2) are higher
due to the long distance between the subject and the cameras on a long part of the
sequence, but visually, tracking seems as satisfactory as on the other sequences.

5.2.2. Joint error and measurements

Figure 14 presents the average error of the APF on sequence (1) for each joint.
First of all, we can see that errors are really different from one joint to the other.
Nearly all joint errors are below 10 cm but feet present very high localization errors.
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Fig. 12. Evaluation on sequence (1): (a) Mean error, (b) variance, (c) tracking failure rate (d) bias
of the filters for a varying number of particles N.

This is not really surprising as members are always more difficult to track than
torso. However hands present an acceptable localization error, due to our skin blob
distance measure. Introducing a measure taking into account the position of the
final points of the kinematic chain greatly improves their tracking. As we do not
set up such a measurement for the feet, their tracking is less accurate. Further-
more, the segmented silhouette may present a bad quality especially on the ground
because of the shadows. This damages feet localization too. Elbows are tracked
fairly consistently, and this is due to their leanness with respect to the torso or
even the legs. This is confirmed by the video sequences showing the projected esti-
mated configuration (Fig. 11). Additionally, experiments made without using the
skin blob distance measure confirmed the tracking of hands can reveal as poor as
the foot one. This also reveals that our measurement functions need improvement
to achieve a better estimate of the body pose.
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Fig. 13. Evaluation on sequence (2): (a) Mean error, (b) variance, (c) tracking failure rate (d) bias
of the filters for a varying number of particles N.

5.2.3. Variance

Variances presented in Figs. 12 and 13(b) seem to be correlated with the plots
obtained on synthetic data. This is quite logical as variance does not depend on
the ground truth. However, it can still be influenced by the context and the model
accuracy such as in sequence (2) for example.

As was the case for synthetic sequences, PARTITIONED and APF schemes
generally present a lower variance. QMC versions of the filters tend to provide a
more “stable” estimate than the classical MC counterparts. The evaluation of filter
estimate variance globally seems consistent with the results obtained on synthesis
sequences.

5.2.4. Tracking failures

The number of tracking failures is shown in Figs. 12 and 13(c). Results are consis-
tent with those obtained on synthesis sequences: APF always presents a low number
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Fig. 14. Mean error of each joint for an APF strategy on a 75 image sequence.

of tracking failures, QMC strategies outperform MC ones and PARTITIONED
strategies present a very acceptable failure rate with regard to classical ones

(SIR).

5.2.5. Bias

The bias norm is presented in Figs. 12 and 13(d). We notice that bias values are
higher than in a synthetic context, showing that inadequacy of our models (human,
measurement cues) significantly degrades the filter behavior. APF globally seems
to have a lower bias than the other strategies. The bias limit when N — oo would
fix the physical limit below which any filter would never achieve.

Finally, Table 7 sums up this evaluation against all the proposed criteria,
keeping in mind that results may vary according to the movement type. We
notice however that relative behaviors of the filter are independent of the num-
ber of particles. Thus, this table informs us about intrinsic properties of the
filters.

Table 7. Sorting of the different strategies according to each criteria.

Name Accuracy Dispersion  Failure Rate  Bias
CONDENSATION 5 5 5 5
QRS 4 4 4 4
PARTITIONED 3 3 2 3
PARTITIONED QRS 2 1 2 1
APF 1 2 1 2
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5.2.6. Particles and efficiency

Figures 15(a)-15(e) show the mean error (RMSE) for tracking sequence (1) with a
varying number of particles for each filtering scheme. We see that — of course —
the tracking is more accurate for a growing number of particles, but also that the
trackers seem to converge towards an error which is not zero. This means that our
likelihood function does not present a maximum for the real human pose whatever
the chosen filtering strategy. This is due to our inaccurate models of the human
body and measurement functions and it is consistent with our bias evaluations.
Moreover, we see that there seems to exist a maximum number of particles above
which the tracking is not improved.

Additionally, Fig. 15(f) presents the number of tracking failures for each strat-
egy depending on the number of particles in log-scale. SIR family strategies present
an exponential complexity to achieve a lowest error with regard to the number of
particles, and not a linear one as this can be the case in simpler contexts.® PAR-
TITIONED and APF have less than exponential complexity. Our system actually
performs in 1fps on a Pentium IV 3 GHz while any vision-based approach based
on particle filtering is far from real time: 0.02fps in Ref. 3, 0.03fps in Ref. 16,
0.07 in Ref. 8. One limiting issue for such approaches is clearly the computational
challenge of processing full video streams.

To sum up, it emerges that PARTITIONED QRS strategy is seldom exploited
in the literature but provides results as good as the APF. Given our evaluations,
these two algorithms outperform the other strategies. In the next section, we study
the behavior of APF in a real human environment with various subjects.

5.3. Qualitative evaluations for real surveillance video application

The previous evaluations have been made in using a commercial HMC context, i.e.
in a clear dedicated room in order to obtain the ground truth in the best conditions.
Moreover, we have assessed the algorithms performance on a single subject. To
complete this quantitative study, we propose in this section a few analyses on three
subjects evolving in a 4 x 3 m working area in a real indoor environment surveillance
context. Some representative results are shown in Figs. 16 and 17. We only show
images from two of the three cameras for lack of space.

Three Firewire Point Grey color cameras Flea 2 have been mounted in our
robotic hall in order to assess tracking in a human indoor context. 640 x 480 pixel
images are acquired at 6 Hz and algorithms are run offline.

Figure 16 presents images from a walk and gym movement performed in such
an environment. The tracking is performed with an APF involving 500 particles
and three layers. We notice that the tracking performs well, yet, the localization of
the feet seems less accurate than the one of the hands. This confirms our previous
results. Tracking seems quite repeatable on different runs.

Figure 17 shows another walking subject who crosses the scene to take a
book and read it. Occlusion of hands occur during the sequence but the tracker
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Fig. 16. Pairs of snapshots from a sequence of walking and gym movement performed in a natural
human centered environment.



1st Reading

October 3, 2009 19:44 WSPC/115-1JPRAI SPI-J068 00766

Evaluations of Particle Filter Based Human Motion Visual Trackers 31

Fig. 17. Pairs of snapshots from a sequence of walking and reading with a different subject.

1 still performs well. However, the performance is a bit degraded when the sub-
ject approaches the border of the working area, but the target is locked again as
3 he returns back. In addition, we notice that despite clothes being different on the
above sequences, the tracker is not disturbed. The only condition our measurements
5 impose is that the subject must wear long sleeved clothes. Our system is then robust

to different subjects, even if, as is the case in this sequence, morphology is slightly

7 different.
Generally speaking, we notice that tracking is correct as soon as a good segmen-
9 tation of the silhouette is performed, which confirms the results in Ref. 3. However,
as we exploit skin segmentation, performances are degraded when the subject does



1st Reading

October 3, 2009 19:44 WSPC/115-1JPRAI SPI-J068 00766

11

13

15

17

19

21

23

25

27

29

31

33

35

37

39

41

32 M. Fontmarty, P. Danés & F. Lerasle

not present hands or face on at least one camera. The results obtained with PAR-
TITIONED QRS strategy are visually similar to the ones obtained with APF,
confirming that both consitute an interesting choice.

6. Conclusion and Future Works

This study aims to present an overview of the characteristics of some well-known
particle filters. Four metrics have been set up to assess behaviors of the algorithms
on synthesis sequences as well as real ones. Many conclusions have been deducted
from those experiments.

Though behaviors of the filters are expected in friendly contexts (such as syn-
thetic sequences), real sequences seem more complex to analyze and to understand,
as some movements possibly spoil filter relative efficiency. Hence, one has to be very
careful while comparing particle filters; the more “advanced” algorithms are not
always better in practice. However, APF provides good results, and PARTITIONED
strategies may be disturbed by relying on an inadequate likelihood function. Indeed,
results should be enhanced with “labeling cues” enabling a more efficient mining of
the image, but such measurements are difficult to set up in practice.

In addition, the average error is not the only criterion we must look at, as
in our stochastic context, variance of the estimates must be taken into account.
The number of tracking failures is influenced by both mean error and variance
of the estimates in such a way that a scheme providing a worse error but a better
variance than another can be of better interest in some contexts. With regard to this
criterion, QMC strategies seem to provide an interesting way to explore, while they
are not used much in tracking problems. In real context application, APF strategy
performs well even for various subjects with a rough body model. However, foot
localization may be poor due to segmentation errors, and specific measurements
such as hand localization improve tracking results.

Obviously, trackers are sensitive to the chosen strategy, but a lot of work still
has to be done on measurements, since if the filtering algorithm can enable a
faster convergence according to the strategy or the number of particles, the limit
of this convergence is defined by the chosen measurement. In other words, mea-
surements control the point of convergence and filter strategies control the speed
of convergence. If measurements are not well appropriate (due to a difficult con-
text or rough models), no strategy will ever provide a good result. To endorse this
idea, it appears that choosing likelihood functions focused also on end points of the
kinematic chains have been proven to improve tracking significantly (hand positions
are more precise than foot ones). Thus, designing likelihood functions must be done
very carefully, under penalty of severely damaging filter results.

Regardless of these assumptions, further investigations will concern the tuning
of the filter parameters. To our knowledge, no study tries to tackle the “o-problem”
which is one of the most difficult of the particle filter use. Influence of these variables
should be tested to fully exploit particle filter possibilities. In a similar way, the
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number of layers and /or partitions of “advanced” strategies also constitutes a strate-
gic choice and deserves a more complete study.

To expand this study, one should also take a look at importance sampling strate-
gies, which takes into account the image while processing particle exploration of the
state space. With a perspective to achieving real-time robust tracking, reducing the
number of particles and setting up automatic re-initialization seem to constitute
the key points especially in even more difficult contexts such as robotics. Indeed,
in such a context, very informative measurements such as background segmenta-
tion may be compromised as embedded cameras are able to move. Additionally,
the background can be very cluttered and lighting conditions may vary. All those
characteristics undoubtedly influence tracking results, and also deserve a complete
study.
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