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Résune. The problem of finding the visual focus of attention of multiple people fremdwe in an uncons-
trained manner is defined here as thendering visual focus of attentiglVVFOA) problem. Estimating the
WVFOA for multiple unconstrained people is a new and important problemiwigtcations for human be-
havior understanding and cognitive science, as well as real-worlicappns. One such application, which
we present in this article, monitors the attention passers-by pay to an oami@rtisement. In our approach
to the WVFOA problem, we propose a multi-person tracking solution basedhybrid Dynamic Bayesian
Network that simultaneously infers the number of people in a scene, tigyirlbcations, their head locations,
and their head pose. It is defined in a joint state-space formulation thasdto the modeling of interactions
between people. For inference in the resulting high-dimensional statespe propose a trans-dimensional
Markov Chain Monte Carlo (MCMC) sampling scheme, which not only tesd varying number of people,
but also efficiently searches the state-space by allowing persontg@rupdates. Our model was rigorously
evaluated for tracking quality and ability to recognize people looking at &oou advertisement, and the
results indicate good performance for these tasks.
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FiG. 1 — In the WVFOA problem, allowing the unconstrained motiémailtiple people complicates the task
of estimating a subjectigisual focus of attentiofiVFOA). Here, the resolution is too low to estimate his focus
of attention from eye gaze.

1 Introduction

An advertising firm has been asked to produce an outdoorajisgd campaign for use in shopping malls
and train stations. Internally, the firm has developed sdwampeting designs, one of which must be chosen
to present to the client. Is there some way to judge the basepient and content of these outdoor advertise-
ments ?

Currently, the advertising industry relies on recall sysver traffic studies to measure the effectiveness
of outdoor advertisements [38, 39]. However, these hahdlaéed approaches are often too impractical or
expensive to be commercially viable, and yield small datapges. A tool that automatically measures the
effectiveness of printed outdoor advertisements does xist, @vhich leaves advertisers with few options to
measure the effectiveness of such advertisements.

But in the television industry, such a system exists. Thdddie ratings measure media effectiveness by
estimating the size of the net cumulative audience of a praghrough surveys and Nielsen Boxes [32]. If one
were to design an automatic Nielsen-like system for outdbgplay advertisements, it mighutomatically
determine the number of people who have actually vieweddrerisement as a percentage of the total number
of people exposed ta it

This is an example of what we have termedwandering visual focus of attentigiVVFOA) problem, in
which the tasks are :

1. to automatically detect and track an unknown, varying Ineinof people able to move about freely,
2. and to estimate their visual focus of attention (VFOA).

The WVFOA problem is an extension of the traditional VFOA [B6bblem in two respects. First, for WVFOA,
the VFOA must be estimated for an unknown, varying numbeubfects instead of a fixed number of static
subjects. Second, in WVFOA, mobility is unconstrained. Asult, the subject’s target of attention may
be mobile, or as the subject moves about the scene, his appeamay change as he attempts to keep his
attention on a specific target. Unconstrained motion alsidithe resolution of the subject, as a wide field
of view is necessary to capture multiple subjects over aa afénterest. Limiting the resolution of the head
makes estimating the VFOA from eye gaze more difficult (if immpossible in some cases), as seen in Figure
1.

Solutions to the WVFOA problem have implications for otheientific fields as well as real-life appli-
cations, including behavioral studies of humans and othénals, modeling human-computer interaction,
modeling robot-human interaction, and security/suraaitke, to name just a few. In the example of the outdoor
advertisement application, the goal is to identify eaclsperexposed to the advertisement and determine if
they looked at it. Additionally, we can collect other use$titistics such as the amount of time they spent
looking at the advertisement.

In this article, our goal is to propose and present a priediprobabilistic framework for estimating WV-
FOA for multiple people. We applied our method to the adsery example to demonstrate its usefulness in
real-life applications. Our solution assumes a fixed ubcaled camera which can be placed arbitrarily, so
long as the subjects appear clearly within the field of view @ethod requires a training phase in which the
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appearance of people in the scene (and the orientation iohid&ds) is modeled. Our method consists of two
parts : a Dynamic Bayesian Network, which simultaneouslgks people in the scene and estimates their head
pose, and a WVFOA model, which infers a subject’s VFOA fronirtleeation and head pose.

Besides defining the WVFOA problem itself, which to our knadge is a previously unaddressed problem
in the literature, we also present four key contributionthia article. First, we propose a principled probabilistic
framework for solving the WVFOA problem by designing a mixadte Dynamic Bayesian Network that
jointly represents the people in the scene and their van@uameters. The state-space is formulated in a
true multi-person fashion, consisting of size and locapparameters for the head and body, as well as head
pose parameters for each person in the scene. This typenadvirark facilitates defining interactions between
people.

Because the dimension of the state representing a singlerper sizable, the multi-object state-space can
grow to be quite large when several people appear togethttreiscene. Efficiently inferring a solution in
such a framework can be a difficult problem. As our secondrimrtion, we present an efficient method to do
inference in this high-dimensional model. This is done ggirirans-dimensional Markov Chain Monte Carlo
(MCMC) sampling technique, an efficient global search atgor robust to the problem of getting trapped in
local minima.

Third, we demonstrate the real-world applicability of ousdiel by applying it to the outdoor advertisement
problem described earlier. We show that we are able to gageful statistics such as the number of viewers
and the total number of people exposed to the advertisement.

Finally, we thoroughly evaluate our model in the contexth® butdoor advertisement application using
realistic data and a detailed set of objective performaneasures.

The remainder of the article is organized as follows. In tbrtisection we will discuss related works. In
Section 3, we describe our joint multi-person and head-fras&ing model. In Section 4, we present a method
for modeling a person’s VFOA. In Section 5 we describe oucpdure for learning and parameter selection.
In Section 6 we test our model on captured video sequence=opi@passing by an outdoor advertisement and
evaluate its performance. Finally, Section 7 contains sconeluding remarks.

2 Related Work

To our knowledge, this work is the first attempt to estimate wandering visual focus of attention for
multiple people as defined in Section 1. However, there iskam@ance of literature concerning the three
component tasks of the WVFOA problem : multi-person trackimead pose tracking, and estimation of the
visual focus of attention.

2.1 Multi-Person Tracking

Multi-person tracking is the process of locating a variablenber of moving persons or objects over time.
Multi-person tracking is a well studied topic, and a muliituof approaches to this problem have met with
varying degrees of success. Here, we will restrict our disicun to probabilistic tracking methods which use a
particle filter (PF) formulation [18, 37, 13, 21, 43]. Someargutationally inexpensive methods use a single-
object state-space model [21], but suffer from the ingbiid resolve the identities of different objects or
model interactions between objects. As a result, much waskdeen focused on adopting a rigorous Bayesian
joint state-space formulation to the problem, where ohjgeractions can be explicitly defined [18, 37, 13,
15, 45, 43, 29]. However, sampling from a joint state-spae quickly become inefficient as the dimension
of the space increases when more people or objects are ati8ledRecent work has concentrated on using
MCMC sampling to track multiple people more efficiently. tb] ants were tracked using MCMC sampling
and a simple observation model. In [45], multiple humansaexcked from overhead as they crossed a college
campus. In a previous work [29], we extended this model talleavarying number of people using a reversible-
jump MCMC sampling technique. In this paper, we significaetttend the model of [29] by handling a much
more complex object models and a larger state-space. Thisdwessitated the non-trivial design of new jump
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types and proposal distributions, inter- and intra-peasorteractions, the decoupling of MCMC move types,
and the design of a complex observation model (see Sectjn 3.

2.2 Head-Pose Tracking

Head-pose tracking is the process of locating a persont$ &ied estimating its orientation in space. Head-
pose tracking can be neatly categorized in two of the folhgmivays : feature-based vs. appearance-based
approaches or parallel vs. serial approaches. In featseebapproaches, a set of facial features such as the
eyes, nose, and mouth are tracked. Making use of anthropiometasurements on these features, the relative
positions of the tracked features can be used to estimateethe-pose [7, 12, 35]. A feature-based approach
employing stereo vision was proposed [42]. The major drakbéthe feature-based approach is that it requires
high resolution head images, which can be difficult or imgadesto acquire in some situations like the ad
application in this paper. Also, occlusions and other amitigs present difficult challenges to the feature-
based approach.

In the appearance-based approach to head-pose traclstendrof concentrating on specific facial features
which require high-resolution images and may not be vis#slea result of occlusion, the appearance of the
entire head is modeled and learned from training data. Diie tobustness, there is an abundance of literature
on appearance-based approaches. Several authors pragsdsgdeural networks [26, 17, 44], others used
principal component analysis [5, 31], and still others usedti-dimensional Gaussian distributions [40, 3].

In the serial approach to head-pose tracking, the tasksaaf ttacking and pose estimation are performed
sequentially. This is also known as a “head tracking there mstimation” framework, where head tracking
is accomplished through a generic tracking algorithm, asadures are extracted from the tracking results to
perform pose estimation. This methodology has been useeMaya authors [35, 26, 17, 44, 34, 31, 40, 3]. In
approaches relying on state-space models, the serialagproay have a lower computational cost over the
parallel approach as a result of a smaller configurationesgadt head-pose estimation depends on the tracking
quality.

In the parallel approach, the tasks of head tracking and ests@ation are performed jointly. In this ap-
proach, knowledge of the head-pose can be used to improakzation accuracy, and vice-versa. Though the
configuration space may be larger in the parallel approaehcomputational cost of the two approaches may
ultimately be comparable as a result of the parallel apgresémproved accuracy through jointly tracking
and estimating the pose. Benefits of this method can be sef?,irb] and [2]. In this work, we adopt an
appearance-based parallel approach to head-pose traeiiege we jointly track the bodies, the heads, and
estimate the poses of the heads of multiple people withinglesframework.

2.3 Visual Focus of Attention

Strictly speaking, a person’s VFOA is determined by theie gpze. Estimating VFOA is of interest to
several domains including advertising, psychology, andmater vision.

A persons VFOA can be most directly measured by tracking ubgest's eye gaze. Various methods have
been devised to accomplish this. In one such method, infrigght is shined directly into the subject’s eyes,
and the difference of reflection between the cornea and thiéipwsed to determine the direction of the gaze.
The system can be wearable [25], or the subject may be reqtor&eep their head still on a chin-rest as
advertisements are placed in front of them [8]. Other, legasive procedures for estimating the visual focus
of attention rely on the appearance of the eyes in a cameomdisuch example, the aim was to automatically
determine the loss of driver attention by using motion arid sklor to localize the head and reconstruct the
gaze direction from the eye locations [30]. In a similar epgenthe VFOA of a worker sitting in front of his
computer in an office environment was measured [20].

However, all of the previously mentioned methods have omencon drawback : they constrain the mo-
vement of the subject. Using infrared images to determin®AFequires an expensive and invasive setup,
and using eye appearance to determine VFOA requires highutes images of the face. According to the
definition of WVFOA, the subjects movement must be unconsai This rules out infrared methods or high
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resolution images of the subjects face, (see Figure 1)eEittethod would fail for the advertising application
described in Section 1.

In [36], Stiefelhagen et al.showed thasual focus of attention can be reasonably approximatetidad-
posein a meeting room scenario. Others have followed this assomsuch as [6], where VFOA was found
through the head-pose in an office setting. Using this ingodrssumption, in this work we are able to simul-
taneously estimate the VFOA for multiple people withoutrieiing their motion.

2.4 Other Related Work

While we believe that this work is the first attempt to estintaeeWVFOA for multiple people, there exist
several previous works in a similar vein. The 2002 WorkshopPerformance and Evaluation of Tracking
Systems (PETS) defined a number of estimation tasks on dptetidg people passing in front of a shop
window, including 1) determining the number of people in Hvene, 2) determining the number of people
in front of the window, and 3) determining the number of peolgoking at the window. Several methods
attempted to accomplish these tasks through various mewhsding [19, 24, 23]. However, among these
works there were no attempts to use head-pose or eye gazetd Wben people were looking at the window ;
this was done usingnly body location andassumingthat a person in front of the window is looking at it.
Another previous work studied the detection and trackinglafpping groups in a store and estimation of
transaction time [11]. Again, body motion was used to deieena subject’s actions. Finally, a preliminary
version of the work appearing in this article is reported?][

3 Joint Multi-Person and Head-Pose Tracking

In a Bayesian approach to multi-person tracking, the gdal éstimate the conditional probability fimint
multi-person configurationsf peopleX;, taking into account a sequence of observatléng = (Z, ..., Z;).
This is known as the filtering distributign(X;|Z;.;). In our model, a joint multi-person configuration, or joint
state, is the union of the set of individual states desagilgiach person in the scene. The observations consist
of information extracted from an image sequence. The piostistribution is expressed recursively by

p(Xi|Ziy) = C_lp(zt|Xt)X/ DX | Xy 1)p(Xp—1|Zyp—1)dXy 1, 1)
Xi1

where themotion modelp(X;|X;_1), governs the temporal evolution of the joint st&g given the previous
stateX,_;, and theobservation likelihoodp(Z;|X;), expresses how well the observed featufedit the
predicted stat&X,. HereC' is a normalization constant.

In practice, the filtering distribution of Eq. 1 is often iattable. However, it can be approximated by ap-
plying the Monte Carlo method, in which the target distribat(Eq. 1) is represented by a set/@fsamples
{Xﬁ”),n =1,..,N}, WhereXgn) denotes then-th sample. For efficiency, in this work we use the Mar-
kov Chain Monte Carlo (MCMC) method, where the set of sampge equal weights and form a so-called
Markov chain. Given the set of samplestat 1 p(X;_1|Zi4—1) = ), 6(X¢—1 — XE’_I)I), the Monte Carlo
approximation of Eq. 1 is written

P(XelZ1e) = C1p(Ze|Xe) Y p(Xe|X(™)). @)

Following this approach, the remainder of Section 3 is dsdd describing the details of our joint multi-
person and head-pose tracking model. In the next sub-8eatie will discuss exactly how we model an
individual person and the set of multiple people in the scém&ection 3.2 we explain how to model motion
and interactions between people. We describe our obsemitelihood model, which estimates how well a
proposed configuration fits the observed data, in SectiarirBSection 3.4, we discuss how to form the Markov
Chain representing the distribution of Eq. 2 using the Mmitis-Hastings (MH) algorithm, and in Section 3.5
we show how to infer a point estimate solution from the pastetistribution.
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FiG. 2 — State model for varying numbers of peaplée joint multi-person statey; consists of an arbitrary
number of peopleX; ;, each of which contain a bod%}, and headKZt component. The body is modeled as a
bounding box with parameters for the locatiari (°), height scale’, and eccentricity:®. The head location
L has similar parameters for locatian’( i), heights”, and eccentricity”, as well as in-plane rotation’.
The head also has an associatgdmplam®”, which models the out-of-plane head rotation.

3.1 State Model for a Varying Number of People

The state at timé describes the joint multi-object configuration of peopl¢hia scene. Because the amount
of people in the scene may vary, we explicitly use a state humegned to accommodate changes in dimension
[29], instead of a model with a fixed dimension, as in [15]. Toi@t state vectorX, is defined byX; =
{Xi.|i € Z,}, whereX;, , is the state vector for persarat timet, andZ, is the set of all person indexes. The
total number of people present in the scenenjs= |Z,|, where| - | indicates set cardinality. A special case
exists when there are no people present in the scene, denoded= ().

In our model, each person is represented by two componebtshyaX? ,, and a head(ﬁt as seenin Figure
2. Note that we drop theand¢ subscripts for the remainder of this section for simplicitiye body component
is represented by a bounding box, whose state vector cerftainparameterX® = (2°,4°, s°, €®). The point
(z*, y") is the continuous 2D location of the center of the boundiog im the images® is the height scale
factor of the bounding box relative to a reference height, &nis the eccentricity defined by the ratio of the
width of the bounding box over its height.

The head component of the person model is represented byndibgubox which may rotate in the image
plane, along with an associated discretemplarused to represent the head-pose (see Section 3.3.2 for more
details). The state vector for the head is define&XbBy= (L", 0") whereL" = (2" y" s" e +") denotes the
continuous 2D configuration of the head, including the cardus 2D location#”, "), the height scale factor
s", the eccentricity”, and the in-plane rotatiof”. A discrete variable§” represents the head-pose exemplar
which models the out-of-plane head rotation.

3.2 Dynamics and Interaction

The dynamic model governs the evolution of the state betwiesn steps. It is responsible for predicting
the motion of people (and their heads) as well as governansitions between the head-pose exemplars. It is
also responsible for modelirigter-personalinteractions between the various people, as welhtia-personal
interactions between the body and the head. The overalidigmaodel for multiple people is written

de
P(XeXo1) < py (X Xio1)po(X), (3)
wherepy is the predictive distribution responsible for updating tate variables based on the previous time
step, angy is a prior distribution modeling interactions.



IDIAP—-RR 06-39 7

Original Image

Initialization Distribution Head Pose Transition Probability Table

probability ofvhead pose index e:A

150 200

200 2 3 3 50 100
X X

20w 0 s 6 w60 0
previous discrete head pose index, 8",

FIG. 3 — Theintitialization distributionin (center)determines where to place a new person in the scene by
applying a Gaussian smoothing filter to the foreground segatien of the original imagé¢eft). The head-
pose transition probability tablén (right) shows how the head-pose exemplars switch from the previus t
current time step (9|0 ;). Visible lines show that transitions are most probable Betwsimilar poses.

To model the multi-person predictive distribution, we éolithe approach of [29] wheng, is defined as

thxt 1 HP ztht 1 (4)
i€l

when people are present in the previous time skp ( # #), and constant otherwise. However, in this work,
the motion for a single persanp(X; |X;_1), is dependent only on its own previous sta(&X, ;|X; ;—1) if
that person existed in the previous frame. If ngiX; ;|X;_1) is formed from a 20nitialization distribution
pinit (X 1), formed by smoothing the foreground segmented image ofrthéqus frame as seen in Figure 3.

The motion model for a single person is given by

P(Xi,t|X7i,t—1) =p(X i, 1‘|XLt 1)p (L?fILu 1)p(92t i,t—1)7 )
where the dynamics of the body st&#& and the head spatial state compongfitare modeled ag"< order
auto-regressive (AR) processes. The head-pose exemfjlaese modeled by a discreté’ order AR process
giving the transition probability table, seen in Figure 3.

The interaction modeb,(X;) handles two types of interactionisiter-personalpy, and intra-personal
Po, : Po(Xe) = po, (X¢)po, (X¢). For modelinginter-personal interactionswe follow the method proposed
in [15]. In this method, the inter-personal interaction relga), (X;) serves the purpose of restraining trackers
from fitting the same person by penalizing overlap betweaok#rs. This is achieved by exploiting a pair-
wise Markov Random Field (MRF) whose graph nodes are defihedch time step by the people, and the
links by the set of pairs of proximate people. By defining an appropriate piaéfunctiong(X; ;, X; ;)
exp(—g(Xi,t, X;,¢)), the interaction modely, (X:) =[], #(Xi . X;,+) enforces a constraint in the multi-
person dynamic model, based on locations of a person’s beighThis constraint is defined by a non-negative
penalty functiong, which is based on the spatial overlap of pairs of peogplis for no overlap, and increases
as the area of overlap increases, see [29] for details).

We also introducéntra-personal interactionso the overall motion model. The intra-personal interactio
model is meant to constrain the head model w.r.t. the bodyemesd that they are configured in a physically
plausible way (i.e. the head is not detached from the bodpaated near the waist). The intra-personal inter-
action modepy, (X,) is defined apo, (X:) = [Iez, P(L;,1X} ), and penalizes head configurations which
fall outside of an accepted domain defined by the conflgmalfdhe body. The penalization increases when
the center of the head falls further than a distance outditteedop third of the body bounding box.

With these terms defined, the Monte Carlo approximation@bterall tracking filtering distribution in Eq.
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2 can now be expressed

P(XelZia) ~ CTp(ZolX)po(Xe) Y pv(XeX(™) (6)
= C7p(ZelXe) T oKt X50) T p(Z2IXE ) D oy (Xe|X(™). 7)
ijeC kET, n

3.3 Observation Model

The observation model estimates the likelihood of a propasmfiguration, or how well the proposed
configuration is supported by evidence from the observetifes. Our observation model consists dialy
modeland ahead modelformed from a set of five total features. The body model giasifbinary andcolor
features, which are global in that they are defined pixekwiger the entire image. The binary featurg4'()
make use of a foreground segmented image, while color fesdf') exploit histograms in hue-saturation
(HS) space. The head model is local in that its featuf#q are gathered independently for each person. They
are responsible for the localization of the head and estimaff the head-pose, and inclutixtureZi¢*, skin
color Zs*, andsilhouetteZ:* features. For the remainder of this section, the time indebas been omitted to
simplify notation. Assuming conditional independence efifpand head observations, the overall likelihood is
given by

p(ZIX) = p(2°!| 2", X)p(2""[X)p(2" X)), ©)

where the first two terms constitute the body model and thd term represents the head model. The body
model, the head model, and each of the five component feadteeatetailed in the following subsections.

3.3.1 Body Model

The body observation model is responsible for detectingteatking people, adding or removing people
from the scene, and maintaining consistent identities. ¢doimprised of a binary feature and a color feature.
Body Binary Feature
The binary feature is responsible for tracking bodies, asdirey and removing people from the scene. We
introduced the binary feature in a previous work [29], whielies on an adaptive foreground segmentation
technique described in [33]. At each time step, the imagegsnented into sets of foreground pixélfsand
background pixel$3 from the imagesi{ = F' U B), which form the foreground and background observations
(Zbin,F andzbin,B)

For a given multi-person configuration and foreground segatmn, the binary feature computes the dis-
tance between the observed overlap (between the area ofultieperson configuratiois> obtained by pro-
jecting X onto the image plane and the segmented image) and a learlned Qaalitatively, we are following
the intuition of a statement such as : “We have observed Watnell-placed trackers (tracking two people)
should contain approximately 65% foreground and 35% baxkgt.” The overlap is measured fBrand B in
terms of precisions and recallp : v = S;—QF ol = SXT“F vB = S);—QB, andp? = SXT“B. An incorrect
location or person count will result im and p values that do not match the learned values well, resultiray i
lower likelihood and encouraging the model to choose betidti-person configurations.

The binary likelihood is computed for the foreground anckgaound casg(Z¥"[X) £ p(ZbF |X)p(Zb"5|X)
where the definition of the binary foreground temmz’™-¥'|X), for all non-zero person counts:(# 0) is a
single Gaussian distribution in precision-recall spadg 4”). The binary background term, on the other hand,
is defined as a set of Gaussian mixture models (GMM) learneddoch possible person coumt (€ M). For
example, if the multi-person state hypothesizes that tvapleeare present in the scene, the binary background
likelihood term is the GMM density of the the observed andp” values from the GMM learned forn, = 2.

For details on the learning procedure, see Section 5.

Body Color Feature

The color feature is responsible for maintaining the idesgtiof people over time, as well as assisting the bi-
nary feature in localization of the body. The color featusesiHS color observations from the segmented fore-
ground and background regior¢"-I" andZ<°"#) . Assuming conditional independence between foreground
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and background, the color likelihood is writt@(Z<°! |Z*", X)) = p(ZF|Z07F X)p(ZeobB|Zb B X).

The first term (foreground color likelihood) determines heell the color of each measured person matches
online learned models, and the second term (backgroundldabhood) determines how well the background
matches an off-line learned background model.

The foreground color likelihoodcompares an extracted 4D multi-person color histogram tadaptive
learned model, by(Z<F |Zbn-F X))  e*rdi | wheredy is the Bhattacharya distance between the learned
model and observed histogram akd is a hyper-parameter [4]. The adaptive model is chosen fremadl set
of adaptive foreground color models (multiple models alldightly different color models to compete). The
model histograms are defined over a person ingsgatial segment (roughly corresponding to the head, torso
and legs), hue (H), and saturation (S) color spaces (quahiizo 8 bins). Every frame, a vote is cast for the
model that best matches the extracted data, and a 'winndggtave model is chosen from the set based on the
number of 'votes’ it has collected (the 'winner’ is used ie thbove likelihood expression).

Thebackground color likelihoodhelps reject configurations with untracked people by peimajiunexpec-
ted colors (i.e. those found on a person). The backgrouncehsda static 2D HS color histogram, learned
from empty training images. The background color likeliias defined ag(Z:?|ZV™F X,) «x e*=d5,
where\p andd2B are defined as in the foreground case.

3.3.2 Head Model

The head model is responsible for localizing the head arichatihg the head-pose. The head likelihood is
defined as

1

p(Z"X) = [ [ p(Zi | Xi)p(Z* [Xo)p(Z5" X)) | 9)
€T

The individual head likelihood terms are geometricallyraged by% to balance the overall likelihood as
the number of peoplen, varies. This non-standard likelihood modeling has beeul pseviously [36], and is
needed given the person-based head observation models.

The head model consists of three featurestureZ!*, skin colorZ;*, andsilhouetteZ;*. The silhouette
feature, proposed in this work, helps localize the headgugireground segmentation. The texture and skin
color features, which have appeared in previous works dietuiour own [2, 40], use appearance dependent
observations to determine the head-pose of the subject.

We represent the head-pose as the angles resulting fronuteedecomposition of the head rotation w.r.t.
the camera frame, known as pafi, tilt 3", and rolly" (see Figure 4). The parametgt models in-plane
rotation and is modeled in the head spatial component (Hogriabx), L”. To model out-of-plane rotations
(pana” and tilt 3), a pointing vectorrepresents head-pose models constructed for each of thes@®te
head-poseg”" € © = {0 = (o, 87"),j = 1,...,93} from the Prima-Pointing Database [9] as seen in Figure
4.

Head-Pose Texture Feature

The head-pose texture feature reports how well the texfuma extracted image patch matches the texture
of the head-pose hypothesized by the tracker. We represdnté using three filters : a coarse scale Gaussian
filter, a fine Gabor filter, and a course Gabor filter (see Fig. 5)

Texture models were learned for each of the discrete headymiue®”. Training was done on head patch
images from the Prima Pointing Database resized to a refersize (4 x 64). The training images were
preprocessed by histogram equalization to reduce liglatan effects, and the filters were applied on a sub-
sampled grid (to reduce computation) and concatenateaisitogle feature vector. Then, for each head-pose
(6 = 6" here, for simplicity), the measf = (¢f) and diagonal covariance matiay = () of the correspon-
ding training feature vectors were computed and used toed&fmperson teéture likelihood model from Eq.9 as

, 1 Ztem _ b

p(Z%|X;) = H —5 max(exp — = <97> s Tiex)s (10)

ot 2 o’
J J J

whereT;.. is a threshold used to reduce the impact of outlier measuresne

Head-Pose Skin Feature
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FIG. 4 —Head-Pose ModelingLeft) Discrete head appearances from the Prima-Pointmigliase [9]. Each appearance is represented
by a discrete head-pose ind@. (Right) Head-pose is represented by the Euler angle decsitigpoof the head rotation w.r.t. the camera
frame (angles pan”, tilt 5", and rolly"). Thepointing vectorz" is defined by pam” and tilt 3.

(a) texture ) skin éolor (¢) silhouette

FiG. 5 —(a) Texture is used to estimate the head-pose by applying thteesfio the original image (upper
left). These filters include a coarse scale Gaussian filfgrduright), a fine scale Gabor filter (lower left), and
a coarse scale Gabor filter (lower right)) Skin color models help to keep the head-pose robust in pcesehn
background clutteKc) A silhouette model is responsible for localizing the heagatial component.

The texture feature is a powerful tool for modeling the hpade, but prone to confusion due to background
clutter. To help make our head model more robust, we haveedkfirskin color binary model (or masky/?,
for each head-posé, in which the value at a given location indicates a skin p{g¢) or a non-skin pixel (0).
An example of a skin color mask can be seen in Figure 5. Thecghar binary models were learned from skin
color masks extracted from the same training images usdukitexture model using a Gaussian skin-color
distribution modeled in normalized RG space [41].

The head-pose skin color likelihood compares the learnedemeith a measurement extracted from the
imageZs* (skin color pixels are extracted from the image using a temlfyoadaptive skin color distribution
model). The skin color likelihood of a measurem&it belonging to the head of persois defined as

P(Z3*1Xs) o< exp = Askl|Z5* — M% |1, (11)

where||.||; denotes thd; norm and\, is a hyper parameter learned on training data.
Head-Pose Silhouette Feature

In addition to the pose dependent head model, we proposelta hdad silhouette likelihood model to aid
in localizing the head by taking advantage of foregroundremgation information. We built a head silhouette
model, 75" (see Figure 5) by averaging head silhouette patches extrfraim binary foreground segmentation
images in the training set (note that a single model is usalikeuthe pose-dependent models for texture and
skin color).

The silhouette likelihood works by comparing the mog#ef! to an extracted binary image patch (from the
foreground segmentation) corresponding to the hypotaddacation of the head;s"'. A poor match indicates
foreground pixels in unexpected locations, probably dupdor placement of the head model. The head sil-
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houette likelihood term is defined as :
P(Z3|X;) o exp =gl |25 — H*|1, (12)

where);; is an hyper-parameter learned on training sequences.
In practice, we found that introducing this term (not defiredur previous work [2] or in others’ like [40])
greatly improved the head localization in the combined bbegd optimization process.

3.4 Trans-Dimensional MCMC

In the introduction to Section 3, we showed that the Bayesiarking distribution (Equation 1) can be
approximated by Equation 2 using Monte Carlo Methods. Imtte@ious sub-sections, we defined the compo-
nents of Equation 2 : we defined a state model, a state evolotaiion model, and a likelihood function for
evaluating hypotheses. This lead us to restate EquatiorEfjeation 7. In this sub-section, we describe how
Reversible-Jump Markov Chain Monte Carlo (RIMCMC) can ledus efficiently generate a Markov Chain
which represents the distribution of Equation 7. In Sec8ds we will show how to infer a solution to the
tracking problem from the Markov Chain, and in Section 3.6give an overview of the algorithm.

The multi-person state-space can quickly become very latggn we allow for an arbitrary number of
people. The state vector for a single person is ten-dimaeakidraditional Sequential Importance Resampling
(SIR) particle filters are inefficient in such high-dimensabdspaces [1]. Markov Chain Monte Carlo (MCMC)
particle filters are more efficient, but do not allow for thenénsionality of the state-space to vary (fixing
the number of people). To solve this problem, we have adojhtedRIMCMC sampling scheme, originally
proposed by [45] and also used in our own previous work [28]ctvretains the efficiency of MCMC sampling
but allows for 'reversible jumps’ which can vary the dimenmsility of the state-space. However, instead of
updating the state of an entire person simultaneously a5irgjnd [29], in this work we propose to generalize
the RIMCMC approach to update individual components of tate ©f a single person. The benefits of this
approach include an improved robustness to becoming tdaipdecal minima, and a way to handle what we
refer to here as thikelihood balancing problem
Constructing a Markov Chain with Metropolis-Hastings

As previously mentioned, the stationary distribution @& Markov Chain must be defined over the configu-
ration spaceX,, it must be able to vary in dimension, and it must approxiniafiltering distribution defined
in Eq. 7 (please note that for the remainder of this secti@pmit the time subscrigtfor simplicity). For the
task of constructing the Markov Chain, we turn to the Mettgpblastings (MH) algorithm [1].

Starting from an arbitrary initial configuratiéiX, the MH algorithm samples a new configuratiri from

a proposal distributiog(X*|X), and adds the prop S 0 the Markov Chain with piiitigab
PR w
p(X)q(X*|X)

otherwise, the current configuratidfis added to the Markov Chain (with probability- «). This is known as
theacceptance tesA Markov Chain is constructed by repeatedly adding samplése chain in this fashion.

In practice, a new configuratioK* is chosen by first selectingraove typev* from a set of reversible
movesY (defined in the next sub-section) with prior probabifity: . Moves must be defined in such a way that
every move type which changes the dimensionality of theedtas a corresponding reverse move type [10].
The acceptance rati® can be re-expressed throudimension-matchinffLl0] as

. P(X*)pugu(X) )
a=min (1, 07— |, 14
(1 e h -
whereg,, is a move-specific distribution, defined for all move typescept swapas
@w(X7) = qu(i)qu(X; i), (15)

over all people, in such a way that the move is applied ttagget index;*, while the rest of the multi-person
configuration is fixed.

In our work, we initialize the Markov Chain at tinteby sampling uniformly the Markov Chain at— 1.
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Splitting the Six Reversible Move Types

We define six move types in our modebirth, death swap body updatehead updateandpose update
In previous works using RIMCMC [29, 16], a single update mweas defined in whiclall the parameters of
a randomly selected person were updated simultaneouskywEs sufficient for less complex object models,
but a problem arises when multiple features are used to a&eatlifferent aspects of the state. For example,
let us imagine an update move designed to apply motion to dklg, mpply motion to the head, and adjust
the head-pose simultaneously. Even if applying such a meselts in a better overall likelihood, there is no
guarantee that the individual body, head, and pose confignschave improved. Some may have remained the
same, or even worsened. Because the ranges of the termsfetad! likelihood vary, some will dominate.
The result might be a model which tracks bodies well, but jyoestimates the head-pose (which we observed
in practice). We refer to this as thikelihood balancing problem

To overcome this problem, we propose to decouple the update fimto three separate moves : body
update, head update, and pose update. In this way, we divid&sk of finding a good configuration for an
entire person into three smaller problems : finding a goodigoration for the body, for the head location, and
for the head-pose.

We now define the six move types. For each move type, we exiptairto choose target indexand define
the move-specific proposal distributions and acceptarmsr®ue to space limitations, some details appear in
a technical report available http ://www.idiap.ch~smith/

(1) Birth. A new personi* is added to the new configuratid&* which was not present in the old configuration
X : (Z; = Z; U {i*}). This implies a dimension change framy to m; + 1.

To add a new person, a birth locatiarj, is sampled from the birth proposal distribution descritnefigure
3 using a stratified sampling strategy. Next, a new persoexinaftarget index must be chosen, which may be
a previously 'dead’ person, or an 'unborn’ person. The thirggex:* is sampled from theirth target proposal
model, gy;¢1 (2), Which is defined in such a way that the probability of chogsindead’ person depends on
their temporal distance and spatial distance to the sanipiddlocation (recently killed, nearby people are
most likely to be reborn). The probability of choosing anBom’ person is unity minus the sum of 'dead’
probabilities.

Having chosen atarget index, the birth move is applied tehile the rest of the multi-person configuration
is fixed ; in Eq. 15 this is done by defining (X;|i) as

ariren (X 10) = Zp XIXi™) JO(X s = Xu). (16)

€Ty

Initial body parameters of a new object (born or reborn) areed from learned Gaussian distributions. Initial
head and pose parameters are chosen to maximize the hddmbbikie

Now that the identity and parameters of the new petgdmve been determined, it can be shown that the
acceptance ratio for the new multi-person configura¥Xgnis given by

p(Zt‘Xf) Hjec,;* (b(X?*,t? X;,t) DPdeath Qdeath (l*))
p(Z¢|Xy) Doirth Qoirth(i*) )

Qpjrgh, = Min <17 (17)

where(C;- and ¢ are pairs of proximate objects and the interaction potedtfined in Section 3.2, and
qdeatn (1) is the reverse-moveeathtarget proposal model. Note that the interaction modelshdlpcourage
births that overlap existing people and complexity is rebas many terms in(Z,|X;) andp(Z;|X:) cancel.
(2) Death. An existing person* is removed from the new configuratid®* which was present in the old
configurationX (Z; = Z; \ {i*}) where\ is the difference between sets. This implies a dimensiomgha
from m, tom, — 1. The target index* is chosen with probability,...1 () by uniformly sampling from the set
of 'live’ people (i..qgeatn (i) = nit) Person™ is removed keeping the rest of the multi-person configunatio
fixed, with mixture components defined as

Gacarn (X 1) Z [T »(XeelX{M0)8(X5, — Xia), (18)
n €L, l#i
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and the acceptance probability can shown to simplify to

(19)

Z,X; ) (%
Qldeqth, = MiN (1, P(Z|X7) Pbirth Qbirth (i )) .

P(Ze|Xe) [1ec,. &(Xi= 1, X t) Pdeath deatn(i*)

(3) Swap.The configurations of a pair of object$,and;* are swapped. The proposal is a mixture model over
pairs of objectsy(X}) = >, ; Gswap(i, j)qswap(X7]i, 7). Candidates are chosen with probabiljty, ., (i, j),
which is defined such that the probability a pair of peoplechi@sen is a function of their proximity (nearby
pairs are more likely to be selected). When the move is apgl@dmixture component,q, (X; i, j) swaps
the configurations of object$ and;j*. It can be shown that the acceptance ratio for the swap moeeliced

to
. P(Zt|Xf)>
Qgpap = Min | 1, ————= | . 20
e ( P(Z4]X4) (20)

(4) Body update.The body parametefX?, : including its location £, b) heights®, and eccentricity are
updated. The body update move proposal is definegd.ag(X*) = >, - s Qvody (X7[1) With

Ghody (X7|i) zp X0 X p(X0 XX, — X ) [ p(Kee X()6(XG, — Xue),
LET\i*

(21)
WhereXb* + denotes all state parameters ech@l " ande**t denotes the proposed body configuration for
targeti*. In practice, this |mpl|es first selecting a person randoiiilyand sampling a new body configuration
for this person fronp(Xi.’*’ft *" ), using an appropriately sampbé from the previous time and keeping alll
the other parameters unchanged. With this proposal, theptamce probabilityv,,q, can then be shown to
reduce to:

PGP X e, 9K x;:») o2

Qpody = min | 1,
Y ( p(Z?|X?*,t)p(L?*,t|X?*,t) Hjeci* (XK= 1, Xjit)

(5) Head update.This move implies sampling the new head spatial configunatioperson:* in a similar
fashion according tp(L;. , L;L_*l) . The acceptance ratioy,..q simplifies to

(23)

Qhead = min | 1
( (Z?* t|Xz* t) (Lzh;*,t|X?*,t)

(6) Pose updateThe last move consists of simply sampling the new head-pase the proposal function
p(07. 41071 ) (see Fig. 3) and accepting with pro abllo‘%%se : )
z t

Opose = min | 1, ) (24)

ozl XE)

3.5 Inferring a Solution

In RIMCMC, the firstV,, samples added to the Markov Chain (using the MH algoritheapart of theburn-
in cycle, which allows the Markov Chain to reach the target gnBhe filtering distributionis approximated
by the NV, samples taken after the burn-in point. The Markov Chain,éwar, does not provide a single answer
to the tracking problem.

For this reason, we computepaint estimatewhich is a single multi-person configuration calculatearir
the stationary distribution that serves as the trackinguLiiTo determine the (discrete) configuration of people
in the scene, we search for the the most common configuratipeaple, taking into account swapped identi-
ties, births, and deaths. Using these samples, we deteth@r(eontinuous) bodX?, and head spatial confi-
gurationsL!, for the various people in the scene (including headygl) by taking the Marginal Mean of each
parameter. For the out-of-plane head rotations represéytehe discrete exemplds, we take the Marginal
Mean of the corresponding Euler angles for pan and tilt.
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Algorithm 1 : Multi-Person Body/Head Tracking and WVFOA Estimation with RIMCMC

At each time step, the posterior distribution of Eq. 7 is represented by a Markov Chainigtorg of a set ofN =
Ny + Ny samples{Xﬁ”), n = Ny, ..., N}. Body, head, and pose parameters are inferred from the Markain @fter
it reaches théurn-in point Using these values, the WVFOA model determines if the persons attenfiocusedon
the advertisement amfocused

1. I'nitializethe MH sampler by choosing a sample from the 1 Markov Chain with the MPM number of
people (n7M). Apply the motion model and accept it as sample: 1.

2. Metropol i s-Hastings Sanpling. Draw N = N, + N, samples according to the following schedu
(whereNy is theburn-in poin) :
— Begi n with the state of the previous sampte™ = X"~ Y.
— Choose Move Type by sampling from the set of movesY = {birth, death, swap,
body update, head update, pose updatéth prior probabilityp,«.
— Sel ect a Target ¢* (or set of targets™, ;* for swap) according to the target propogali) for the
selected move type.
— Sanpl e New Confi guration X*, from the move-specific proposal distributigp-. For the various
move types, this implies :
— Birth - add a new persoitf m,E")* = m,(f”) + 1 according to Eq. 16.
— Death- remove an existing persaf m!™* = m{™ — 1 according to Eq. 18.
Swap- swap the parameters of two existing pealg* X"} — X (", X" — X",
Body Update update the body parameteX{’t(")* of an existing persoii” (Eq. 21).

Head Update update the head parameté/,;f”)* of an existing perso#i*.

Pose Update update the pose parameeéﬁ)* of an existing persofi.
— Conput e Accept ance Rati o « according to Equations 17, 19, 20, 22 23, and 24.
— Add n'" Sanpl e to the Markov Chain : lfix > 1, then add the proposed configuratid&*(). Otherwise,
add the proposeX™ with probability «. If the proposed configuration is rejected, add the previ§us.e.
x{" M),
3. Conpute a Point Estinmate Sol uti on fromthe Markov Chain (as in Section 3.5) :
— determine the most common multi-person configurafigraccounting for births, deaths, and swaps. Collect
the samples of this configuration into a $&t
— determine the bodyX? and headl! spatial configurations, and the out-of-plane head rotations for the va-
rious people in the scene by computing the Marginal Mean of the paraster the sei?’ (using Euler
decompositions for pa@” and tilt 3").

e

4. Det ermi ne t he W/FQOA for each person in the scene (as in Section 4) :
— determine the likelihood each person is in a focused state from their h@iz®ad locatior:? and pointing
vectorz) according to Equation 25.
— if the likelihood is greater than a threshqi(izh) > Tuwufoa, that person igocused otherwise he/she is
unfocused

FIG. 6 — Algorithm for joint multi-person body and head trackiemgd WVFOA estimation with RIMCMC.

3.6 Pseudo-Code

The detailed steps of our joint multi-person body-headkiracand WVFOA estimation model is summa-
rized in Figure 6.

4 Wandering Visual Focus of Attention (WVFOA) Modeling

The WVFOA task is to automatically detect and track a varyinghber of people able to move about
freely, and to estimate their VFOA. The WVFOA problem is sfigraintly more complex than the traditional
VFOA problem because it allows for a variable number of mgyeople instead of a single stationary person.
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FiG. 7 —WVFOA Modeling(Left) WVFOA is determined byread-posend horizontapositionin the image.
The horizontal axis is splitinto 5 regiong( ..., I5), and a WVFOA model is defined for each of these regions.
Yellow, green, cyan, black, and blue data points reprekentsedhead locations used for training and red
arrows represent 2D projections of typical samplefofisedoointing vectors:”. Note that the advertisement
is affixed to a window and appears just above the image fraRigh{) Over 9400 training points representing
a person in docusedstate (also seen in the left pane) were split into 5 regioosgathe horizontal axis and
used to train a Gaussian model for each region.

The advertising application we have chosen as an intraolutti WVFOA represents a relatively simple ins-
tance of the problem because we are only attempting to me#iseifocus of attention on a single target : the
advertisement. More complex WVFOA scenarios could haveraktargets, moving targets, or both.

For the advertising application, a person’s WVFOA is define@ing in one of two states :

— focused looking at the advertisement, or

— unfocused not looking at the advertisement.

Note that this is just one of many ways in which the WVFOA candpesented, but it is sufficient to solve the
tasks set forth in Section 1. A persons state of focus depeottison theilocationand on theithead-poseas
seen in Figure 7. For head location and head-pose informatie rely on the output of the RIMCMC tracker
described in Section 3.

To model the WVFOA, we chose to check for only tleeusedstate, though this method could be easily
extended to model both focused and unfocused states. Tiordie¢aif a person is in a focused state, we extract
the pointing vector” from the pose estimate output by the RIMCMC tracker (seedjgvhich is characte-
rized by the pan and tilt angles, as well as the horizontafl lpesitionz” (see Figure 7). Because the target
advertisement is stationary, the ranges/dfcorresponding to théocusedstate are directly dependent on the
location of the head in the image. For this reason, we chospliibthe image intd’ = 5 horizontal regions
I,k ={1,...,5}, and modeled the likelihood of a focused state as

K K
p(z") = Zp(xh €, ") = Zp(xh € I)p(z"z" € I, (25)
k=1 k=1

where the first termp(z" € I;,) models the likelihood a person’s head location belongsdrel;,, and the
second ternp(z"|z" € I,,) models the likelihood ofocusednead-pose given the region the head belongs
to. The inclusion of the head location in modeling the WVFORakd us to solve an issue not previously
addressed [22, 30, 36] : resolving the WVFOA of a person whosesed state depends on their location.

The terms of the WVFOA model in Equation 25 are defined as fdlolhe image horizontal axis, is
divided into K regions!;, whose centers and width are denotedipyando, , respectively. The probability of
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BIG BROTHER

IS WATCHING

YOU

Camera view

Indoor Setup Outdoor Setup

FIG. 8 —Experimental SetugLeft) Inside the building, a camera is placed so that it isnfgout a window. The view from the camera
can be seen in the insert. (Right) Outside, the advertisemehe window is noticeable to people walking along the fatitp The fake
advertisement poster can be seen in the insert.

a head location” belonging to regioi,. is modeled by a Gaussian distributipfx” € I.) = N'(z"; 21, , 01, ).
For each region, the distribution of pointing vectors repreaing docused stat&vas modeled using a Gaussian
distribution. Typical pointing vectors for each region aeen in Figure 7.

The parameters of the WVFOA model (Gaussian mean and coeariauatrix) were learned from the
training data described in the next section. Though our WVk@Alel does not make use of the vertical head
location, it is straightforward to generalize the modelsaligpwing other partitiong 7.} of the image plane.
Finally, a person is determined to feeusedvhen the corresponding likelihogdz") in Eq. 25 is greater than
a threshold 7y foa-

As an alternative, one might attempt to bypass the trackingehand find the location and head-pose
using a face detector. Howevexr,face detector alone might not be sufficient to solve the WA/B@blem
for several reasons : (1) the WVFOA problem allows for a rangkead-poses beyond that of typical face
detectors (including situations where part or none of tlee fa visible - partially visible in our case) (2) unless
they include an additional tracking stage, existing stdtte-art face detectors such as that described in [14]
have no mechanism to maintain identity between time stepsanver from occlusions. Properties of face
detectionand tracking are necessary to solve the WVFOA problem, and inéésdents of our head model
share commonalities with face detectors.

5 Training and Parameter Selection

In this section we will describe our training procedure and twe determine the key parameters of our
model. We begin by describing the setup of the experiment.

5.1 Experimental Setup

To simulate the advertising application, an experimentsedsip as seen in Figure 8. A fake advertisement
was placed in an exposed window with a camera set behind. dimera view can be seen in the left-hand
insert, with the bottom edge of the poster appearing at fhetthe image above the heads of the subjects.

In our experiments, actors were used due to privacy conderractual passers-by. The actors were ins-
tructed to pass in front of the window with the freedom to la@ikhe advertisement (or not) as they would
naturally. A recording of 10-minute duratioB60 x 288 resolution, 25 fps) was made in which up to three
people appear in the scene simultaneously. The recordadrnd#tides several difficult tracking events such as
people passing and occluding each other. Though simulewedy effort was made to ensure that the data was
as fair a representation of a real-life scenario as possible
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TaB. 1 — Symbols, values, and descriptions for key parametessrofnodel.
[Parametdr Value | Set by|Description \

Qlgeale 0.01 learnedmotion modebody and head scale variance (AR2 process)
Qlposition 2.4 learnedmotion modebody and head position variance (AR2 process)
be 1 learnedobservation modedody binary model number of Gaussians (foregrourjd)
Ky 3 learnedobservation modddody binary model number of Gaussians (background)
AR 20 learnedobservation modedody color foreground hyper-parameter
Asil 200 learnedobservation modeiead silhouette hyper-parameter
New 0.5 learnedobservation moddiead texture hyper-parameter
Tiex eajp( %9) learnedobservation modeiead texture threshold
Ask 0.5 learnedobservation moddiead skin color hyper-parameter
DPbirth 0.05 hand RJIMCMCprior probability of choosing &irth move
Pdeath 0.05 hand RJIMCMCprior probability of choosing deathmove
Pswap 0.05 hand RJIMCMCprior probability of choosing awapmove
Prvody 0.283 hand RJIMCMCprior probability of choosing &ody updatenove
Phead 0.283 hand RJIMCMCprior probability of choosing &ead updatenove
Ppose 0.283 hand RJIMCMCprior probability of choosing @ose updatenove
Np 300,600,800earnedrImMcMCnumber of samples in chain for 1,2,3 simultaneous people, [resp.
Ny 0.25*N,, hand |RiMcCMCnumber ofourn-in samples
Kumfoa 5 hand |wvFoA modehumber of Gaussians
Twofoa 0.00095 |learnedwvFoa modelikelihood threshold

5.2 Training

The recorded video data was organized into a training arndsétf equal size and disjoint from each
other. The training set, consisting of nine sequences fota 6f 1929 frames, was manually annotated for
body location, head location, and focused/unfocused.state

The parameters for the foreground segmentation were tupéa@id by observing results on the training
set. The binary body feature model was trained with the atadtbody locations and foreground segmented
binary images of the training set. Using this informatiohK8s were were trained for precision and recall for
the foreground and the background. Head annotations werktadearn the parameters of the Gaussian skin-
color distribution in the head-pose skin feature. The si#ftte mask was also trained using the head annotations
(1929 frames), by averaging the binary patches correspgridihead annotations. Parameters for the WVFOA
model, includindl’,, r.q, Were optimized on the training data (bootstrapped to 9¢Aing points, see Figure
7) to achieve the highest WVFOA event recognition perfornegisee Section 6 for details on event recognition
performance). The training set was also used to learn pdes §scale and eccentricity) for the person models.
Texture models and the skin color masks were learned frorRitinga-Pointing Database, which consists of 30
sets of images of 15 people, each containing 93 frontal imafjéghe same person in a different pose ranging
from -90 degrees to 90 degrees (see Figure 4).

5.3 Parameter Selection

In addition to the trained models, the rest of the parameteralgorithm were chosen by hand. Some were
selected using the training set without exhaustive tur@ibers (e.g. single-person dynamic model parameters)
were assigned standard values. Unless explicitly stallqgghrameters remain fixed for the evaluation described
in the next section. In Table 1, a description of the key p&tans mentioned in the text and their values are
provided.
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TAB. 2 — Test set data summary.

sequencgength # people # looks| description
(s) total[ simultaneous at ad
a 15 | 3 1 2 |person from right (no look), person from left (looks), pergmm right (looks
b 13 | 3 1 3 |person from left (looks), person from right (looks), per$am right (looks)
c 10 | 3 1 3 |person from right (looks), person from left (looks), per$é@m right (looks)
d 5 2 2 2 |2 people cross from the right, both look at ad
e 6 2 2 3 |2 people cross from the left, both look at dd’( looks twice)
f 4 2 2 2 |2 people cross from the left, both look at ad
g 4 2 2 1 |2 people cross from the right”? looks at ad
h 4 2 2 2 |1 person from right (looks at ad), another from left (no look)
7 11 | 3 3 4 |3 people appear from right, all look at atF{ looks twice)

6 Evaluation

As mentioned in the introduction, we applied our model to pdtlgetical Nielsen-like outdoor advertise-
ment application. The task was to determine the number gflpesho actually look at an advertisement as a
percentage of the total number of people exposed to it.

In order to evaluate the performance of our application,caigd truth for the test set was hand annotated
in a similar manner to the training set. The test set consfatine sequences,throughi. Sequences, b, and
¢ contain three people (appearing sequentially) passingirt bf the window. Sequencdshroughh contain
two people appearing simultaneously. Sequermantains three people appearing simultaneously. Thelsletai
of the test set are summarized in Table 2. Our evaluation eoeapour results with the ground truth over 180
experiments on the 9 test sequences (as our method is agiogiracess, we ran 20 runs per sequence). The
length of the Markov Chain was chosen such that there wasfigisaf number of samples for good quality
tracking according to the number of people in the scene (abkeT.). Experimental results are illustrated in
Figures 9 and 13, and fully shown in companion videos, abkglathttp ://www.idiap.chiAsmith/

In the remainder of this section, we will discuss the perfamoe of the multi-person body and head tracking
(Section 6.1), the advertisement application (Sectioi, Gu2d the effect of varying the length of the Markov
Chain (Section 6.3).

6.1 Multi-Person Body and Head Tracking Performance

To evaluate the multi-person body and head tracking pedooa we adopt a set of measures proposed
in our previous work [28], with some minor changes to names reotation. These measures evaluate three
tracking features : the ability to estimate the number ardqhent of people in the scerdetection, the
ability to persistently track a particular person over tittracking), and how tightly the estimated bounding
boxes fit the ground truthspatial fitting.

To evaluate detection, we rely on the ratesFafse Positiveand False Negativeerrors (normalized per
person, per frame) denoted BYP and FN. The Counting DistanceC’D measures how close the estimated
number of people is to the actual number (normalized peropgpsr frame). AC'D value of zero indicates a
perfect match. To evaluate tracking, we report Tn@cker Purity7 P and Object PurityO P, which estimate
the degree of consistency with which the estimates and greuths were properly identified® andOP
near 1 indicate well maintained identity, near O indicatergmerformance). For spatial fitting, tifemeasure
measures the overlap between the estimate and the grouhdfdruthe body and head from recalland
precisionv, (F' = fi‘l’)) A perfect fit is indicated by = 1, no overlap byl = 0. For further details on these
measures, omitted here for space reasons, see [28].

Per-sequence results appear in Fig. 10 with illustrationséquence in Fig. 9 and for sequencése,

h, andi in Fig. 13. For detection (Fig. 10a), tHeP and F'N rates are reasonably low, averaging a total of
2.0 FN errors and 4.Z'P errors per sequence. These errors usually correspondliteprs detecting exactly
when a person enters or leaves the scene. The o¢éfalwhich indicates the average error in the estimation
of the number of people in the scene, was 0.018 (where zededd)i
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FIG. 9 —Experimental ResultdJpper Row : Frames from Sequengen which two people cross the scene
from left to right, looking at the advertisement once eaatacking results appear as green and blue boxes
around the body and head (with an associated pointing Yeétgellow pointing vector/head border indicates
afocusedstate, a white pointing vector/head border indicatesr@ocusedstate. The ground truth appears as
shaded boxes for the head and the body (the head area is siedidadwhen labeled a®cusedand grey when
labeled asinfocuse§l Bottom Row, Left : The top plot contains a history of perstatection errors over the
course of the sequence, the middle plot contains a summati@nall the errors, the bottom plot shows CD
(see text for descriptions of these measures). Center : WViig@dlts for both people over the duration of the
sequence. The ground truth appears as yellow bars (raidedies gocusedstate, lowered wheanfocused
and non-existent when the object does not appear in the )sddretracking results appear as blue and green
lines. Right :F' measures how tightly the bounding boxes fit the ground trutleéch person.

For tracking (Fig. 10b)7T'P and OP are both of high quality. Combinin@P and OP using the F-
measure as for spatial fittin%), we find that overall our model produced a high value (0.98g main
source of error in tracking was due to extraneous trackegpeag when people enter or leave the scene.
A second source of error occurred when a person exited the golowed by another person entering from
the same place in a short period of time : the second persorofters misinterpreted as the first. Sequence
h, in which people crossed paths and occluded one anotherasdight drop in performance compared to
the other sequences, but we were still able to maintain 83ty (other sequences ranged from 80.5% to
98.3%). These numbers indicate that our model was mosttessgtul in maintaining personal identity through
occlusion, as seen in Fig. 13

Finally, for spatial fitting, the bounding boxes generaltytie ground truths tightly, as evidenced by Figures
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FiG. 10 —Multi-Person Head and Body Tracking Resulisiedetection performancglot in (a) measures the
ability of the model to estimate the correct number and pleo® of people in the scene. Measures shown
include the normalizethlse positivg F P) andfalse negativg V) error rates (per person, per frame), and the
counting distancéC D) (near-zero values are good, see text). fFaeking performancelot in (b) measures the
ability of the model to persistently track people over tifiacker purity(7' P) andobject purity(O P) measure
the consistency with which the ground truths and estimat® \properly identified. TP and OP values near
1 indicate good performance. Pldty and(d) show thespatial fittingresults (how well the tracker bounding
boxes fit the ground truth) for the body and the head over the se&quences. Overlap between the estimate and
ground truth are measured using the F-measure. A value dfidaites a perfect fit, a value of zero indicates
no overlap. In each plot, the standard deviation is reptegdsy error bars (cases where no error bar is visible
indicatesstd = 0).

9, 10c and 10d. Both the body and head had a mean fit of 0.87 iifj bptimal). As seen in Figure 9, the fit
often suffered from partially visible bodies and heads ttaturred when people entered and exited the scene.

6.2 Advertisement Application Performance

To evaluate the performance of the advertisement applicatie results from our model were compared
with a ground truth where the WVFOA was labeled for each peesoritherfocusedor unfocusedin our
evaluation, we considered the following criteria : (1) thamnber of people exposed to the advertisement, (2)
the number of people who looked, facused at the advertisement, (3) the number of events where soceneon
focusedon the advertisement (look-events), and (4) the frameebard (5) event-based recognition rates of
the WVFOA. Results for the ad application evaluation appedigure 11 and in the companion videos in the
website.

Regarding criterion 1, over the entire test set, 22 peoequhthe advertisement, while our model estima-
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FiG. 11 —Ad Application ResultsThe first three plots shoga) the number of people exposed to the advertise-
ment,(b) the number of people who looked at the advertisement(@ntithe number of “look events” for the
nine sequences. The dark green bars represent the grotimdvthile the yellow bars represent our model’s
estimates. Irfc), the light green bars represent the number of actual lookts\etected by our system. In each
plot, the standard deviation is represented by error base@where no error bar is visible indicatés = 0).

Plot (d) shows the overall recognition rate fifcusedand unfocusedstates (calculated based on events and
based on frame counts).

ted a value of 22.15 (average for all runs, std17), In Figure 11a we can see that the number of people was
correctly estimated for all sequences exaept, andh.

With respect to criterion 2, of the 22 total people, 20 adyutdcusedon the advertisement. Our model
estimated a value of 20.75 (std.09). Figure 11b shows perfect results for all sequences exgepandh.

For criterion 3, we defined a look-event asoausedstate for a continuous period of time of 3 frames or
more. The total number of look-events in the test data seP®a21 of which our system recognized on average
(std =.89). This result was determined through a standard symbolhimg¢echnique (see below). However,
our model estimated 37 total look-events on average=tsidl1). This disparity can be partially attributed to
problems in head-pose estimation for heads partially detie image as people enter or leave. The look-event
estimation results would improve if we did not consider WVF®DAhese cases. Also, the look event duration
of 3 frames is quite strict, and some erroneous looks werergéed by noise.

Finally, to evaluate the overall quality of WVFOA estimatjove compute recognition rates for event-based
WVFOA and frame-based WVFOA using the aforementioRetieasure(criteria 4 and 5 from the previous
page). To compute the event-badédthe ground truth and estimated WVFOA are segmented ovemtire e
sequence into focused and unfocused events, symbol mgishpaerformed accounting for temporal alignment,
and F' is computed on matched segments. Results are show in FigdreThe overall event-basdd is 0.76
(std =.13). The frame-based’ is computed by matching the estimated WVFOA for each frambaatound
truth. The overall frame-based F-measure is 0.76stt6). Poor frame-based results in sequepoecurred
because the subjeficusedor a very short time as he entered the field of view (0.3s)indwuwhich time his
head was only partially visible. However, our model stillmaged to detect at theventlevel with F' = .75.
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FiG. 12 —Varying the Number of Samples in the Markov Cha&ia more samples used, various performance
gauges increase, as seen here for sequerieecess (false alarm) look events (pink) detected by th&esys
drop as more samples are added, the WVFOA recognition impr@ath for event and frame based), spatial
fitting for the body and head improves, adetectionperformance increases (as measured byCD). Note
that the measures have been normalized to appear on the s@sme a

6.3 Varying the Number of Particles

To study the model's dependency on the number of samples,owducted experiments on sequence
1 (the most complex in terms of number of simultaneous peppi)ying the number of sample§¥ =
{50,100, 200, 600, 800, 1000}. The results are shown in Fig. 12. For &ll, the model correctly estimated
the number of people who passed and the number of people whedoWith less samples, the spatial fitting
and detection (as measured by- C' D) suffered. The head tracking and head-pose estimation atisea-
bly shakier with less samples, and the WVFOA estimation seiff@s a consequence. This is shown by the
increased error in the number of estimated looks for low dampunts. The model stabilized around approxi-
mately N = 600. The computational complexity was roughly lineaNo with a cost ranging from: 1 second
(IV = 50) to ~ 5 seconds per framé\ = 600), non-optimized in Matlab.

7 Conclusion

In this article, we have introduced the WVFOA problem and @nésd a principled probabilistic approach
to solving it. Our work thus contributes in terms of both desb definition and statistical vision modeling. Our
approach expands on state-of-the-art RIMCMC tracking tspadéth novel contributions to object modeling,
likelihood modeling, and the sampling scheme. We appliechmadel to a real-world application and provided
a rigorous objective evaluation of its performance. Froasthresults we have shown that our proposed model
is able to track a varying number of moving people and deteerttieir WVFOA with good quality. Our model
is general, and can be adapted for other applications witHagitasks.

For future work, investigating the usefulness of using diafhyadependent face/pose detector as an additio-
nal feature is one possible avenue. Other work might inclnddeling multiple human-to-human interaction
using WVFOA, or coupling head-pose to head motion.



IDIAP—-RR 06-39 23

Misual Facus of Attention (VFOA)

S0 100 150 200 250 300

~EF R ‘

50 im0 s 200 250 300

Vsl Foous of Attenton (VFDA)

uuuuuu

2 40 0 @ 10 12

st Foous of Attention (VFO&)

FiG. 13 —Tracking and WVFOA ResultResults for four sequences, e, h, andi. A summary plot of the
WVFOA performance is provided in the last pane of each rowdeétails on interpreting the plots and symbols,
refer to Fig 9. Here, we can see the WVFOA performance wasynparifect for sequendeand exhibited slight
errors in sequence The2"? person (green) in sequenesuffered from prematurely estimatindacusedstate.
Sequencé suffered some ambiguities due to the loss of head trackipgagle crossed paths. The last frame
of sequence shows aF' P error generated as a tracker was placed where no groundaastipresent (though
the subject is half visible as he exits the scene). Suchtgihsacan cause ambiguity problems.
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