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Abstract

We address the problem of recognizing the visual focus ehéitin (VFOA) of meeting participants
based on their head pose. To this end, the head pose obsesvate modeled using a Gaussian Mixture
Model (GMM) or a Hidden Markov Model (HMM) whose hidden staigorresponds to the VFOA. The
novelties of this work are threefold. First, contrary to\poeis studies on the topic, in our set-up,
the potential VFOA of a person is not restricted to otheripgdnts only, but includes environmental
targets (a table and a projection screen), which incredmesdmplexity of the task, with more VFOA
targets spread in the pan as well as pan gaze space. Secopdopese a geometric model to set the
GMM or HMM parameters by exploiting results from cognitiveience on saccadic eye motion, which
allows the prediction of the head pose given a gaze targétd,Tén unsupervised parameter adaptation
step (not using any labeled data) is proposed which accdontbe speci ¢ gazing behaviour of each
participant. Another contribution of the paper is the depebent of a signi cant publicly available
corpus of 8 meetings which are on average 10 minutes in lefegtiuring 4 persons, with head pose
and VFOA annotation. Using this corpus, we analyze the abmthods by evaluating, through objective
performance measures, the recognition of the VFOA from Ipeese information obtained either using a
magnetic sensor device or a vision based tracking systemrdsults clearly show that in such complex
but realistic situations, the VFOA recognition performaris highly dependent on how well the visual
targets are separated for a given meeting participant. thtiad, the results show that the use of a
geometric model with unsupervised adaptation achievesretsults that the use of training data to set

the HMM parameters.

? Corresponding author.



I. INTRODUCTION

Understanding human behaviour or need of human is a cess$tad in devising next-generation
human computing systems that can emulate more human-liketibms. At the heart of this
issue lies, amongst others, the dif culty of sensing humahaviours in an accurate way, i.e.
the challenge of developing algorithms that can reliablyaet subtle human characteristics -e.g.
body gestures, facial expressions, emotion- that allow @ amalysis of their behaviour. One
such characteristic of interest is tgaze which indicates where and what a person is looking at,
or, in other words, what theisual focus of attention (VFOAJf the person is. However, while
the development of gaze tracking systems for Human Compuiterface (HCI) applications has
been the topic of many studies, less research has been teddac estimating and analyzing a
person's gaze and VFOA in more open spaces, despite thehftdhtmany contexts, identifying
the VFOA of a person conveys a wealth of information about geason: what is he interested
in, what is he doing, how does he explore a new environmergaxstrto different visual stimuli.
Thus, tracking the VFOA of people could have important aggtlions in the development of
ambient intelligent systems.

In terms of human computing applications, VFOA can be usadvideo compression by
assuming that the important information in a video existha heighborhood of the gaze path
of a person viewing the video. Estimating the focus of a vieean be used to de ne areas of
visual focus that could be encoded in high resolution, wihieeareas which are not focus centers
could be encoded at lower resolution [1]. Another possilplpliaation in a public space could
be to measure the degree of attraction of advertisementsoprdisplays based on the estimated
focus of people passing by as presented in [2]. Applicatiomseetings include digital assistants
that can analyze the social dynamic of the meeting based oplgie non-verbal behaviors in
order to improve the group cohesiveness and ef ciency [3].

Needless to say, gaze plays an important role in face-®-daaversations and more generally
group interaction, as it has been shown in a large body ofbkpsichology studies [4]. Human
interaction can be categorized as verbal (speech) or ndralvée.g. facial expressions). While
the usage of the former is tightly connected to the expluiés of language (grammar, dialog
acts), the usage of non-verbal cues is usually more implcit this does not prevent it from
following rules and exhibiting specic patterns in convatisns. For instance, in a meeting

context, a person raising a hand usually means that he i®séqg the oor, and a listener's
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Fig. 1. Recognizing the VFOA of people. (a) the meeting room (b) a sainpge of the dataset (c) the potential VFOA

targets for the right person (d) the geometric con guration of the room.

head nod or shake can be interpreted as agreement or disegntefs]. Besides hand and head
gestures, the VFOA is another important non-verbal compatimn cue with functions such as
establishing relationships (through mutual gaze), reémgahe course of interaction, expressing
intimacy, and exercising social control [6], [7].

A speaker's gaze often correlates with his addresseesheeantended recipients of the speech
[8]. Also, for a listener, monitoring his own gaze in concande with the speaker's gaze is a
way to nd appropriate time windows for speaker turn reqad8i, [10]. Thus, recognizing the
VFOA patterns of a group of people can reveal important kedgé about the participants' role
and status [11], [7]. Following these studies in social ps}yogy, computer vision researchers are
showing more interest in the study of automatic gaze and VIFEzAgnition systems [12], [13],
[2], as illustrated by some of the research tasks de ned werse recent evaluation workshops
[14], [15]. Since meetings are places where the multi-maddlre of human communication
and interaction best occur, they are well suited to conduch sesearch studies.

In this context, the goal of this paper is to analyze the gmoadence between the head pose
of people and their gaze in more general meeting scenarostitiose previously considered [12],
[13]. In addition we propose methods to recognize the VFOpeadple from their head pose (see
Fig. 1, and Fig. 9 for some results). In meeting rooms, whegé hesolution close-up views
of the eyes which are typically required by HCI gaze estinmtystems, are not available
in practice, it has been shown in [12] that head orientatian be reasonably utilized as an
approximation of the gaze when VFOA targets are the othettinge@articipants (in meetings
with 4 people). In this paper, we investigate the estimatbFOA from head pose in complex
meeting situations. Firstly, unlike previous work ([12).3])), the scenario we consider involves
people looking at slides or writing on a sheet of paper on #idet As a consequence, people
have more potential VFOA targets in our set-up (6 instead @ #e cited work), leading



to more possible ambiguities between VFOA. Secondly, duthéophysical placement of the
VFOA targets, the identi cation of the VFOA can only be donging the complete head pose
representation (pan and tilt), instead of just the head pardone previously. Thus, our work
addresses general and challenging meeting room situationich people do not just focus
their attention on other people, but also on other room targe

To recognize the VFOA of people from their head pose, we tiyated two generative models:
a Gaussian mixture model (GMM) that handle each frame seggrand its natural extension to
the temporal domain, namely a hidden Markov model (HMM), shilsegments pose observation
sequences into VFOA temporal segments. In both cases, &br ¥BOA target, the head pose
observations are represented as Gaussian distributidmssevmeans indicate the head pose
associated with each visual target. Alternative approschkere considered to set the model
parameters. In one approach, these were set using traiatagfim other meetings. However,
as collecting training data can be tedious, we used thetsestistudies on saccadic eye motion
modeling [16], [17] and propose a novel approach (referceds cognitive or geometric) that
models the head pose of a person given his upper body poseisdfdctive gaze target. In
this way, no training data is required to learn parametarssbme knowledge of the 3D room
geometry is necessary. In addition, to account for the faat in practice we observed that
people have their own head pose preferences for lookingeasdine given target, we adopted
an unsupervised Maximum A Posteriori (MAP) scheme to adaptparameters obtained from
either the learning model or the geometric model to unlabélead pose data of individual
people in meetings.
To evaluate the different aspects of the VFOA modeling, weeh@onducted comparative and
thorough experiments on a large and publicly available liega, comprising 8 meetings for
which both the head pose ground-truth and VFOA label growmith tare known. Therefore, we
were able to differentiate between the two main error saunce/FOA recognition: (1) the use
of head pose as a proxy for gaze, and (2) errors in the estimafithe head pose (e.g. using
our vision-based head pose tracker [18]).
In summary, the contributions of this paper are the follayvin

the development of a public database and a framework to @&ealhhe recognition of the
VFOA solely from head pose;

a novel geometric model to derive a person's head pose givergdwe target, which



alleviates the need for training data;

the use of an unsupervised MAP framework to adapt the VFOA ehpdrameters to
individual people;

a thorough experimental study and analysis of the in ueniceeveral key aspects on the
recognition performance (e.g. participant position, guuruth vs estimated head pose,
correlation with tracking errors).

The remainder of this paper is organized as follows. Sedfiatiscusses the related work.
Section 1l describes the task and the database that is osedhtuate the models we propose.
Section IV provides an overview of our approach. Section ¥cdbes our algorithm for joint
head tracking and pose estimation, along with its evalnatgection VI describes the considered
models for recognizing the VFOA from head pose. Section \¥eg the unsupervised MAP
framework used to adapt our VFOA model to unseen data. $e¥lib describes our evaluation

setup. We give experimental results in Section IX, and amichs in Section X.

[l. RELATED WORK

We investigate the VFOA recognition from head pose in thetexdnof meetings. Thus, we
will analyze the related work along the following lines: gaand VFOA tracking technologies,
head pose estimation from vision sensors, and recognifieheoVFOA from head pose.

The VFOA of a person is de ned by his eye gaze, that is, thectiva in which the eyes
are pointing in the space. Many progresses in the design ¢ gacking technologies have
been achieved. A review of such systems is presented in (A®4e trackers are predominantly
developed for HCI applications, where they are used for twinrparposes: as an interactive
tool, where the eyes are used as an input modality; or as aab#g tool, to provide evidence
of a user's attention, such as in applications studying theal exploration of images by people
[20]. For this reason, these systems, while being accueate,not appropriate for analyzing
the VFOA of people in open spaces: they can be intrusive (useds to wear special glasses)
and require speci ¢ equipment (infrared light sources dteroused to ease signal processing).
More importantly, they are very constraining, as the headionas limited to small position
and angular variations (no more than 25cm and[29]). In worst cases, chin rests or bite bars
are required, but even eye-appearance vision-based gake systems restrict the mobility of
the subject since their need of high resolution close-upieyges requires cameras with very

narrow eld-of-views. To alleviate this constraint, somapers [19], [21] propose using head



pose tracking to localize eye corners and drive the aceguisitf high resolution eye images
using a pan-tilt-zoom (PTZ) camera. These systems, howesauire very good calibration, and
are still designed for near frontal head poses [21].

In spaces such as of ces or meeting rooms, where the motidmead orientation of people are
unconstrained, high resolution images of people's eye atavailable. An alternative is to use
the head pose as a surrogate for gaze, as proposed in [22fIBspeeaking, head pose tracking
algorithms can be divided into two groups: model based ameaj@ance based approaches. In
model based approaches, a set of facial features such aydbetke nose and the mouth are
tracked. Then, knowing the relative positions of thesesufes, the head pose can be inferred
using anthropometric information [23], [24]. The major @hack is that robust facial feature
tracking is dif cult unless high enough resolution image® aised. By modelling appearance
of the whole head , such approaches exhibit more robustmedsw resolution images: [12]
used neural network to model head appearance, [25], [26¢loleed the active appearance
models based on principal component analysis, and [27],y&8d multidimensional Gaussian
distribution to represent the head appearance likelihood.

From another perspective, head pose tracking algorithffisrelitiate themselves according to
whether or not the tracking and the pose estimation are adedyointly. Often, a generic tracker
is used to locate the head, and then features extracteddbthiion are used to estimate the pose
[12], [26], [27], [28]. Decoupling the tracking and the pas&imation results in a computational
cost reduction. However, since head pose estimation is sengitive to head localization [28],
head pose results are highly dependent on the tracking amcufo address this issue, [25],
[29], [18] perform the head tracking and the pose estimgantly.

In contrast to head tracking algorithms, few works have stigated the recognition of the
VFOA directly from head pose. Pionneering work from [12] dseGMM model, the parameters
of which were learned on the test data after initializaticonf the output of a K-means clustering
of the pose values. This approach was possible due to comnstan the physical set-up (four
people evenly spaced around a round table) and by limitiegalfowed VFOA targets to the
other participants. These constraints allowed them toaaly on the pan angle to represent the
head pose, and limited the possibility of ambiguities in tiead pose. In addition, [12] showed
that using other participants' speaking status could &rrthcrease the VFOA recognition. More

recently, [13] used a dynamic Bayesian network to jointlyograze the VFOA of people, as well



as different conversational models in a 4-person conversabased on head pan and speaking
status observations. Finally, in more recent work, [30]lexed the head pose extracted from an
overhead camera tracking retro-re ective markers mounteteadsets to look for occurrences of
shared mutual visual attention. This information was thepl@ted to derive the social geometry

of co-workers within an of ce, and infer their availabilitytatus for communication.

[1l. DATABASE AND TASK

In this section, we describe the VFOA recognition task, dreldata that is used to evaluate

both our pose estimation and VFOA recognition algorithms.

A. The Task and VFOA Set
Our goal is to evaluate how well we can infer the VFOA state @eason using head pose

in common meeting situations. Let us rst note that while MEOA is given by the eye
gaze, psycho-visual studies have shown that people use amibs -e.g. head and body posture,
speaking status- to recognize the VFOA state of anotheopdf. Thus, one general objective
of the current work is to see how well one can recognize the AFD people from these
other cues in the absence of direct gazing measurementtjadici likely to occur in many
applications of interest. An important issue is: what stdag the de nition of a person's VFOA
state? At rst thought, one can consider that each diffega#e direction could correspond to
a potential VFOA. However, studies on the VFOA in natural dibons [31] have shown that
humans tend to look at targets, whether humans or objeetsatha either relevant to the task they
are solving or of immediate interest to them. Additionafipe interprets another person's gaze
not as continuous 3D spatial locations, but as a gaze towajsts that have been identi ed
as potential targets. This process is often called the diattentional mechanism [32], [6], and
suggests that in general VFOA states correspond to a nitefstargets of interests.

Thus, in our meeting context the set of potential VFOA tasgdenoted-, has been de ned
as: the other participants, the slide-screen, and the.taBleen none of the previous applies
(the person is distracted by some noise or visual stimuli lao#s at another target) we use
an additional label calledupfocusell As a result, for 'person left' in Fig. 1(c), we have:
F = fPR;02;,01;SS; TB; Ug where PR stands for person righDl and O2 for organizer
1 and 2,SS for slide screen B for table andU for unfocused. For the person right, =
fPL;02;01;SS; TB; Ug, whereP L stands for person left. Note that in practice, thdocused



label only represents a small percentage of our data (2%le wie other VFOA target represent
55%, 26% and 17% for the other participants, the slide s¢raed the table, respectively.

B. The Database
Our experiments rely on the IDIAP Head Pose Database (IHPDje video database was

collected along with a head pose ground truth and each fpamits discrete VFOA ground
truth, as explained below.

Content descriptionthe database is comprised of 8 meetings involving 4 peopik, gacorded

in a meeting room (cf Fig. 1(a)). The meeting durations ranfyem 7 to 14 minutes, which
was long enough to realistically represent a general mgstenario. In shorter recordings (less
than 2-3 minutes), we found that participants tend to be nast&e resulting in moving their
head more to focus on other people/objects. In our meetingslonger situations, the attention
of participants sometimes drops and people are less foausdade other meeting participants.
Note, however, that the small group size encourages engagesh participants in the meeting,
in contrast to meeting with larger groups. Meeting particiis were instructed to write down
their name on a sheet of paper, then discuss statementaydidpbn the projection screen. There
were no restrictions placed on head motion or head pose.

Head pose annotatiom each meeting, the head pose of two persons were contityuaniso-

tated (person left and right in Fig. 1(c) ) using a magnetid sensor called ock of birds (FOB)
rigidly attached to the head, resulting in a video datab&dsé alifferent people. The coordinate
frame of the magnetic sensors was calibrated with respethédccamera frame, allowing us
to generate the head pose ground truth with respect to thereanihe head pose is de ned
by three Euler angle§; ; ) that parametrize the decomposition of the rotation matfithe
head con guration with respect to the camera frame. To repar results, we have selected
among the possible Euler decompositions the one whoseomi@tes are rigidly attached to the
head (see Fig. 4(a)): denotes the pan angle, a left/right head rotatiordenotes the tilt, an
up/down head rotation; and nally,, the roll, represents a left/right “head on shoulder” head
rotation. Because of our meeting scenario, people often hagative pan values corresponding
to looking at the projection screen. Recorded pan valuesr&mog -70 to 60 degree. Tilt values

range from -60 (when people are writing) to 15 degrees, ahdiatue from -30 to 30 degrees.

Available at http://www.idiap.ch/HeadPoseDatabag#iPD)



(a) VFOA recognition without adaptation. (b) VFOA recognition with adaptation.

(c) VFOA parameter setting: training approach. (d) VFOA parameter setting: geometric approach.
Fig. 2. Overview of the different recognition approaches and modules

VFOA annotation:using the prede ned discrete set of VFOA targéts the VFOA of each
person (PL and PR) was manually annotated on the basis of dhe& direction by a single

annotator using a multimedia interface. The annotator ltagss to all data streams, including

the central camera view (Fig. 1(a)). Speci ¢c annotationdgumice was de ned in [33].

V. OVERVIEW OF THE PROPOSEDVFOA RECOGNITIONMETHODS

In this section, schematic representations of the compgerwérthe VFOA recognition methods
proposed in this paper are provided in Fig 2 to give a globalvwof the methods.

Fig. 2(a) presents the VFOA recognition method when no adiaptis used. The frames of an
input video are sent to the head pose tracking algorithmc(desd in Section V) which outputs
people's head poses. These poses are then processed by@erg€ognizer module (described
in Section VI-A), whose parameters are provided by a paranssitting module (Section VI-B).

In Fig. 2(b), the use of unsupervised adaptation for VFOAgadtion is sketched (described
in Section VII). In this case, we employ a batch processihg:whole input video is processed
by the head tracker to obtain the head poses of people oveerttie meeting. Then, the
adaptation module estimates in an unsupervised fashighduti using any annotated data) the
VFOA recognizer parameters by tting the recognizer modelthe head poses while taking
into account priors on these parameters. Some of the pagesnet these priors are provided
by the parameter setting module. Finally, the VFOA recagnitnodule applies the parameters
obtained through unsupervised adaptation to head posagatahe recognized VFOA.

Fig. 2(c) and 2(d) describes the two options that are usedetoedthe parameter setting
module involved in Fig. 2(a) and 2(b). The rst option relies training data: training videos



are sent to the head pose tracking module whose output is inseahjunction with manual
annotations of people's VFOA to learn the VFOA recognitiargmeters relating head pose to
VFOA targets. The second option relies on a cognitive modidlawv people gaze at targets,
and uses the location of people and object in the room as.if§mdtion VI-B describes how
the parameters are set in the two options and used when ndatidapis performed, while
Section VII-C describes how the same parameters are used e the hyper-parameters of
the adaptation module.

V. HEAD POSE TRACKING

Head pose can be obtained in two ways: rst, from the magnstiesor readings (cf Sec-
tion IIl). We will consider this virtually noise-free data aur ground truth, denoted GT in the
remaining. Secondly, by applying a head pose tracker on itheovstream. In this Section, we
summarize the computer vision probabilistic head trackat tve employed. Then, the pose
estimates provided by the tracker are compared with the GiTamalyzed in detail, ultimately
giving us better insight into the VFOA recognition resultesented in Section IX.

A. Probabilistic Method for Head Pose Tracking

The Bayesian formulation of the tracking problem is well kmoidenoting the hidden state
representing the object con guration at tinieby X; and the observation extracted from the
image byyY;, the objective is to estimate the Itering distributiq(Xj Y1) of the stateX; given

assumptions, Bayesian tracking amounts to solving theviatip recursive equation:

P(X4j Y1) I p(YijXt) P(Xj Xt 1)p(Xt 1jY1r 1)dX¢ 1 (1)

Xt 1

In non-Gaussian and non linear cases, this can be done ikstyngsing sampling approaches,
also known as particle lters (PF). The idea behind PF cdssis representing the Itering
distribution using a set dils weighted samples (particleBX{";wi'; n =1, :::; Ngg and updating
this representation when new data arrives. Given the paset of the previous time step, con-
gurations of the current step are drawn from a proposalritistion X AW p(X X ).
The weights are then computedas/ p(Y;jXy).

Four elements are important in de ning a PF: i) a state modehidg the object we are

interested in; ii) a dynamical mod@(XjX; 1) governing the temporal evolution of the state;
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(a) (b) (c)
Fig. 3. (a) training head pose appearance randg&gan and tilt angles range respectively from -20 90 and -60 to 60 by
15 steps.(b) and (c) tracking featuregexture features from Gaussian and Gabor lIters b) and skin colompimeask c).

iii) a likelihood model measuring the adequacy of data gitie proposed con guration of the
tracked object; and iv) a sampling mechanism which has tpge® new con gurations in high
likelihood regions of the state space. These elements a@ided in the next paragraphs.
State Spacerhe state space contains both continuous and discretdlesidMore precisely, the
state is de ned aX =(S; ;|) whereS represents the head location and size, amépresents
the in-plane head rotation. The variablléabels an element of the discretized set of possible
out-of-plane head posé¢see Fig. 3a).

Dynamical Model:The dynamics governs the temporal evolution of the statd,ige ned as

PXtj X1t 1) = P( o ¢ s l)p(ile 15S)P(SHS 1S 2): (2

The dynamics of the in-plane head rotationand discrete head posevariables are learned

using head pose GT training data. Head location and sizendigsaare modeled as second order

auto-regressive processes.
Observation ModelThe observation moded(Y jX ) measures the likelihood of the observation

for a given state value. The observationis= (Y™®;Y ") are composed of texture and color
observations (see Fig. 3 (b) and Fig. 3 (c)). Texture featame represented by the output of
three Iters (a Gaussian and two Gabor lters at differengales) applied at locations sampled
from image patches extracted from the image and prepratdssdiistogram equalization to

reduce light variations effects. Color features are reprteseby a binary skin mask extracted
using a temporally adapted skin color model. Assuming thi&en the state value, texture and

color observation are independent, the observation hkelil is modeled as:

PIYIX = (S5 51)) = P (YOS, )iDPeai(Y(S; )il) 3)

2Note that( ;1) is another Euler decomposition (using different axis) of the head pdsieh differs from the one described
in Subsection IlI-B (cf Fig. 3a). Its main computational advantage isdhatof the angles corresponds to the in-plane rotation.

It is straightforward to transform from one decomposition to the other.
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wherepe( jI) andpex ( jI) are pose dependent models. For a given hypothesized catigar
X, the parameteréS; ) de ne an image patch on which the features are computed ewhé
exemplar indeX selects the appropriate appearance model.

Sampling Methodin this work, we use Rao-Blackwellization, a process in whiahapply the

standard PF algorithm to the tracking variabsand while applying an exact Itering step
to the exemplar variable The method theoretically results in a reduced estimatamawce, as
well as a reduction of the number of samples.

For more details about the models and algorithm, the readeferred to [18]. Finally, in terms

of complexity, the head tracker (in matlab) can processratduframe per second.

B. Head Pose Tracking Evaluation

Protocol:We used a two-fold evaluation protocol, where for each fald,used half (8 people)
of our IHPD database (see Sec.lll-B) as the training set tm Itee pose dynamic model and the
remaining half as the test set. Initialization was done @atiocally using a simple background
subtraction technique, modeling the distribution of a pba&ckground color with one Gaussian,
and the assumption that background image is available atdtiere was one face on the left
and right half of the image (cf Fig. 1(c)).

It is important to note that the pose dependent appearandelmwere not learned using the
same people or head images gathered in the same meeting romnenent. We used the
Prima-Pointing database [34], which contains 15 individuacorded over 93 different poses
(see Fig. 3(a)). However, when learning appearance modeiswhole head patches, as done
in [18], we experienced tracking failures with 2 out of the fgéople of the IHPD database
(see Section III) which had hair appearances not represémtdhe Prima-Pointing dataset (e.qg.
one of those two people was bald). As a remedy, we trainedgpeasance models on patches
centered around the visible paftthe face, not the headVith this modi cation, no failure was
observed, but performance was slightly worse overall thase reported in [18].

Performance measurdbree error measures are used. They are the average erpas, itilt and

roll angles, i.e. the average of the absolute differencerdsen the pan, tilt and roll of the ground
truth (GT) and the tracker estimation. We also report theremedian value, which should be
less affected by very large errors due to erroneous tracking

Results: The statistics of the errors are shown in Table I. Overallegithe small head size,

and the fact that the appearance training set is composeaces frecorded in an external set
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TABLE |

PAN/TILT/ROLL ERROR STATISTICS FOR PERSON LEHFRIGHT, AND DIFFERENT CONFIGURATIONS OF THE TRUE HEAD POSE

condition right persons left persons pan near frontal | pan near prole | tilt near frontal | tilt far from frontal
(G j< 45) G j> 45) (G j<30) G j>30)
stat mean | med | mean | med mean med mean med mean med mean med
pan (in ) 11.4 8.9 14.9 11.3 11.6 9.5 16.9 14.7 12.7 10 18.6 15.9
tilt (in ) 19.8 19.4 18.6 171 19.7 18.9 175 175 19 18.8 22.1 21.4
roll (in ) 14 13.2 10.3 8.7 10.1 8.8 18.3 18.1 11.7 10.8 18.1 16.8
(a) (b) (©)

Fig. 4. (a) head pose Euler rotation anglellote that thez axis indicates the head pointing directiqb) and (c) pan, tilt

and roll tracking errorswith b) average errors for each person (R for right and L for lefspe) and c) distribution of tracking
errors over the whole dataset.

up (different people, different viewing and illuminatiooraitions), the results are quite good,
with a majority of head pan errors smaller than 12ee Figure 4). However these results hide a
large discrepancy between individuals. For instance, ¥ieeage pan error ranges from i 30,
and depends mainly on whether the tracked person's appmararwell represented by those
appearances in the training set which were used to learnpipeasance model. This was more
the case for people placed seated on the right than on theagefthown by Table |I.

Table | also shows that overall the pan and roll trackingrerese smaller than the tilt errors.
The malin reason is that tilt estimation is more sensitiveht® quality of the face localization
than the pan, as pointed out by other researchers [28]. dhasen from a perceptive point of
view, visually determining head tilt is more dif cult thanetermining head pan or head roll.
Table | further details the errors depending on whether rihe pose is near frontal or not. We
can observe that, in the near frontal poseg ( 45 orj j 30), the head pose tracking
estimates are more accurate, in particular for the pan alhdialue. This can be understood
since for near pro le poses, a variation in pan introduceximiess appearance change than the
same variation in a near frontal view. Similarly, for higlt tralues, the face-image distortion
introduced by perspective shortening affects the qualitthe observations.

Finally, these results are comparable to those obtainedthgr® in similar conditions. For
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instance, [27] achieved a pan estimation error of 16.9 @sgi@ poses near the frontal position,
and 19.2 degrees for poses near projej(> 45). In [12], a neural network is used to train a
head pose classi er from data recorded directly in two nmggtiooms. When using 15 people
for training and 2 for testing, average errors of 5 degreqsaim and tilt are reported. However,
when training the models in one room and testing on data filoenather meeting room, the

average errors rise to 10 degrees.

VI. VISUAL Focus OFATTENTION MODELING

In this Section, we rst describe the models used to recagtie VFOA from the head pose

measurements, then the two alternatives we adopted toes@hdldel parameters.

A. VFOA recognizer models
Modeling VFOA with a Gaussian Mixture Model (GMM).et s; 2 F denote the VFOA state,

and z; the head pointing direction of a person at a given time iristarThe head pointing

direction is de ned by the head pan ) and tilt ( ) angles, i.ez; = ( ¢; t), since the head

roll ( ) has no effect on the head direction by de nition (see Figy)B(Estimating the visual

focus can be posed in a probabilistic framework as nding WA state maximizing the a

posteriori probability:

P(zis)P(s)
p(z)

For each VFOAf; 2 F which is notunfocusedp(zjs: = f;), which expresses the likeli-

§ = arg max p(s,jz;) with p(s,jz) = I p(z:js)p(s:) (4)

hood of the pose observations for the VFOA sthteThis is modeled as a Gaussian distribu-

tion N (z; i; ;) with mean ; and full covariance matrix ;. The unfocused statp(zjs; =
unfocused) = u is modeled as a uniform distribution with = 5=, as the head pan and
tilt angle can vary from -90to 90. In Eq. 4,p(s; = f;) = ; denotes the prior information we

have on a VFOA targeft;. Thus, in this modeling, the total pose distribution is eanted as
a GMM (plus one uniform mixture), with the mixture inde® @denoting the focus target:

- X - X . - R 1
P(zij c)=  P(z;Sd )= P(zis; o)p(si c) = iN(z; 5 )+ «ku;  (5)
St St i=1
where ¢ =f =( )izzk 1, =( D=tk 1. =( i)i=1:k g represents the parameter set of

the GMM model. Fig. 12 illustrates how the pan-tilt spacephtsnto different VFOA regions
when applying the decision rule of Eqg. 4 with the GMM modeling
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Modeling VFOA with a Hidden Markov Model (HMM):The GMM approach does not account

for the temporal dependencies between the VFOA events. ffoduce such dependencies,

we consider a HMM. A HMM is a natural extension to the GMM amwi for modeling
temporal dependencies between the VFOA events. Denotig/HOA sequence by, and
the observation sequence by, the joint posterior probability density function of statand

observations can be written:

v
P(SoT; Zzat) = P(So)  P(zfs)p(sist 1) (6)

t=1
In this equation, the emission probabilitipéz;js; = f;) are modeled as in the previous case
(i.e. Gaussian distributions for the regular focus targetsform distribution for theunfocused
case). However, in the HMM modeling, the static prior disition on VFOA targets is replaced
by a discrete transition matri&k = (&), de ned bya;; = p(s;i = fjjs; 1 = fi), which models
the probability of passing from the focdis to the focusf;. Thus, the set of parameters of the
HMM modelis = f; ;A =(a;)ij=1.x 9. With this model, given the observation sequence,
the VFOA recognition is performed by estimating the optirmatjuence of focus targets which
maximizesp(So-tjz1:7). This optimization is ef ciently conducted using the Vikeralgorithm
[35]3.

B. VFOA Recognizer Parameter Setting

Gaussian Parameter Setting using labeled Training D&face in many meeting settings, peo-

ple are mostly static and seated at the same physical pusitiee could set the model parameters
using training data. Thus, given training data with VFOA atations, and head pose measure-
ments, we can readily estimate all the parameters of the GMMMM models. Parameters
learned with this training approach will be denoted withsuperscript. Note that! and | are
learned by rst computing the VFOA means and covariancesrpeeting and then averaging

the results on the meetings belonging to the training set.

Gaussian Parameter Setting using a Geometric Modlke training approach to parameter learn-

ing is straightforward when annotated data is availablevél@r, annotating the VFOA of people
in video recording is tedious and time consuming, as trgirdata needs to be gathered and

annotated for each meeting setup. In the case of moving etk is impossible. As an

3In principle, such a decoding procedure is performed in batch. Hemve¥ cient online approximations are available.
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Fig. 5. Relationship between gazing direction and head orientation.

alternative, we propose a model that exploits the geomatritcognitive nature of the problem.
The parameters set with this model will be denoted with a mgoptg (e.g. 7).

Assuming that we have a camera calibrated w.r.t. the roorenga head location and a VFOA
target location, it is possible to derive the Euler anglesoaimted with the gaze direction. As
gazing at a target is usually accomplished by rotating bbth éyes (‘eye-in-head' rotation)
and the head in the same direction, the head is only partaignted towards the gaze. In
neurophysiology and cognitive sciences, researchersjisyidhe dynamics of the head/eye
motions involved in saccadic gaze shifts have found thatrétegtive contribution of the head
and eyes towards a given gaze shift follows simple rules, [[&]]. While the experimental
framework employed in these papers do not completely mdtehrteeting room scenario, we
have exploited these ndings to propose a model for pregica person's head pose given his
gaze target.

The proposed geometric model is presented in Fig. 5. Givesrsop P whose reference head
pose corresponds to looking straight ahead in the N dinecéind given that he is gazing towards
D, the head points in direction H according to:

= s ifj cj> and 0 otherwise (7)

where g and y denotes the gaze pan and the actual head pan angle resyetidib w.r.t.
the reference direction N. The parameters of this modeland , are constants independent
of the gaze target, but usually depend on individuals [16]il&mere is a consensus about the
linearity aspect of the relation in Eq. 7, some researchepsrted observing head movements
for all gaze shift amplitudes (i.e. =0), while others did not. In this paper, we will assume
= 0. Besides, Eq. 7 is only valid if the contribution of the eyeste gaze shift (given by
E= G n) do not exceed a threshold, usually taken aB5 . Finally, in [16], it is shown
that the tilt angle follows a similar linearity rule. However, in this case, tbentribution of

the head to the gaze shift is usually lower than for the pae.chgical values range from 0.2
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to 0.5 for , and 0.5 to 0.8 for
We assume we know the approximate positions of the peopkesld) VFOA targets, and
camera within the roofn The cognitive model can be used to predict the values of thanm
angles of Gaussian distribution focusing each VFOA target. Thengice direction N (Fig. 5)
will be assumed to grossly correspond to the mean of all tlze gargets directions. For both
person left and right, it corresponds to looking at O1 (cf.Figc)). The covariances of
the Gaussian distributions were assumed to be diagonalwanel set by taking into account
the physical target size, and the fact that VFOA targetsesponding to head poses in pro le
are associated with larger pan tracking errors. The spe¢alties were: (01;02) = 12 ,
(Pr;PL;SS) =15 ,and (TB) =17 for the pan, and (O1;02,PR;PL;SS) =12 ,
(TB) =15 for the tilt.
Setting the VFOA Prior Distribution and Transition MatrixA: When training data is avail-

able, one could learn these parameters. If the training ing=etexhibit a specic structure,
as is the case in our database, where the main and secondgmnyizers always occupy the
same seats, the learned prior will have a bene cial effecttenrecognition performances for
similar unseen meetings. However, at the same time, thimdeaprior can considerably limit
the generalization to other data sets, since by simply exgihg seats between participants,
we obtain meeting sessions with different prior distribos. Thus, we investigated alternatives
that avoided favoring any meeting structures. In the GMMecalsis was done by considering
a uniform distribution (denoted") over the prior . In the HMM case, transitions de ning
the probability of keeping the same focus were favored aadsitions to other focuses were
distributed uniformly according taa; = < 1 (we used = 0:75), anda;; = h fori 6 |
whereK is the number of VFOA targets. We denoteAls the constructed transition matrix.

VIl. VFOA M ODELS ADAPTATION

The VFOA recognizers described in the previous section amegc and can be applied
indifferently to any new person seated at the location epoading to the de ned model. In
practice, however, we observed that people have persoryal efdooking at targets. For example,

some people use their eye-in-head rotation capabilitieeeraad turn less their head towards

“The relation in Eq. 7 is valid in the person's head reference. The caposition is needed in order to transform the obtained

pose values into head poses w.r.t. to the camera.
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a b
Fig. 6. Examples of gaze behaviours. ((a)) and (b): in both images, et‘s%)rp on the right looks at the targétl. In (b),
however, the head is used more rotated tow@ddthan in (a).

the focused target than others (see Fig 6(a) and Fig 6(b}dtition, our head pose tracking
system is sensitive to the visual appearance of people, amthtroduce a systematic bias in the
estimated head pose for a given person. As a consequengqegrdmeeters of the generic models
might not be the best for a given person. As a remedy we profmosgploit the Maximum A
Posteriori (MAP) estimation principle to adapt, in an unswsed fashion, the generic VFOA
models to the data of each new meeting, and thus produce shadapted to an individual's

characteristics.

A. VFOA Maximum a Posteriori (MAP) Adaptation Principle
The MAP adaptation procedure we followed is a batch procas®xplained in Section IV.

Its principle is the following: Letz = z;;:::;zr denotes the unlabeled sequence of head poses
of one person, to which we want to adapt our model, ar@l the parameter of the VFOA
recognizer to be estimated from the head pose data. The MéMags” of the parameters is

then de ned as:

" = arg max p( jz) = argmax p(zj )p( ) (8)

wherep(zj ) is the data likelihood ang@( ) is the prior on the parameters. The goal is thus to
nd the parameters that best t the observed head pose bigtan, while avoiding too large
deviation from sensible values through the use of priorherparameters. The choice of the prior
distribution is crucial for the MAP estimation. In [36] it #hown that for GMMs and HMMs, by
selecting the prior probability density function (pdf) oras the product of appropriate conjugate
distributions of the likelihood of the dafa then the MAP estimation can also be solved using

the Expectation-Maximization (EM) algorithm, as detailadthe next two sub-sections.

®A prior distributiong( ) is the conjugate distribution of a likelihood functiérfzj ) if the posteriorf (zj )g( ) belongs to
the same distribution family ag.
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B. VFOA GMM and HMM MAP Adaptation
GMM MAP Adaptation: In the case the VFOA target are modeled by a GMM, the dataidikel

hood isp(zj ¢) = Qthl p(z ), wherep(zj c) is the mixture model given in Eq. 5, ang

are the parameters to be learnt.
For this model, it is possible to express the prior probgbés a product of individual conjugate

priors [36]. Accordingly, the conjugate prior of the mutimial mixture weights is the Dirichlet

pl?/vl;:::;WK Lroeos K)/ iWi ! (9)
k=1

Additionally, the conjugate prior for the Gaussian mean Hr&inverse covariance matrix of a
given mixture is the Normal-Wishart distributiody ( ;m;;d;Vj) (i =1;::;;K 1), with pdf

Y e S0 m)® T m) (10)

1
exp( Str(Vi ;)i d>p
wheretr denotes the trace operatér; m;)°denotes the transpose ©f, m;), andp denotes

the observations' dimension. Thus the prior distributiontioe set of all the parameters is de ned

as

K
p(d:p%_WKlﬁ:;m_ ----- Y D) (11)

The MAP estimate’s of the distributionp(zj c)p( ) can thus be computed using the EM
algorithm by recursively applying the following computats (see Fig. 7) [36]:

Np(zi N ) X
G = P _ and ¢ = Cit (12)
,-Kzl APz ") t=1
1 X 1 X
z = — Gtzz and S = — c(z z)z z)° (13)
G o G

where 5 = (™ () denotes the current parameter t. Given these coef cietits, M step

re-estimation formulas are given by:

- W 1+q; A = mi+cz /\i:\/i+CiSi+c?i+ (m z)(mi z)° (14)
K+T + G d pt+g

The setting of the hyper-parameters of the prior distrdoup( ) in Eqg. 11, which is discussed

at the end of this Section, is important as the adaptatiomssipervised, and thus only the prior
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Input : adaptation paramete(s fw;g) for the Dirichlet,( ;d; fm;;V;ig) for the Wishart prior.
Output : estimated paramete’r\G of the recognizer model

Initialization of ‘5: A = wi; A = myi; "= Vi=(d  p)

EM: repeat until convergence:

1) Expectation: compute;, z andS; (Eq. 12 and 13) using the current parameter et
2) Maximization: update parameter st using the re-estimations formulas (Equations 14)

Fig. 7. GMM MAP adaptation procedure.

prevents the adaptation process from deviating from meéulity FOA distributions.

VFOA MAP HMM Adaptation: The VFOA HMM can also be adapted in an unsupervised way
to new test data using the MAP framework [36]. The paramdte@dapt in this case are the

transition matrix and the parameters of the emission pritibed { = fA;(; ) 0.

The adaptation of the HMM parameters leads to a procedurgasito the GMM adaptation

case. Indeed, the prior on the Gaussian parameters folloevsame Normal-Wishart density
(Eq. 10), and the Dirichlet prior on the static VFOA prioris replaced by a Dirichlet prior on

each rowp(:js = f;) = a. of the transition matrix. Accordingly, the full prior is:
1

YK
p( H)/ pEt)Ji;l;IIZ;bi;K (ai;l;:::;ai:K) pYV( i il) (15)

i=1 i=1
Then the EM algorithm to compute the MAP estimate can be ocotedun the following manner.
For a sequence of observatiors,= (z;;:::;zr), the hidden states are now composed of a
corresponding state sequengge::; sy, which allows us to compute the joint state-observation
density (cf Eq. 6). Thus, in the E step, one needs to compute= p(s; 1 = fi;s = fjjz; AH)
andc. = p(st = fijz; ™), which respectively denote the joint probability of beimgthe state
fi andf; attimet 1 andt, and the probability of being in stafe at timet, given the current
model }; and the observed sequenzeThese values can be obtained using the Baum-Welch
forward-backward algorithm [35]. Given these values, teestimation formulas for the mean
and covariance matrices are the same as those in Eq. 14 aalioassffor the transition matrix

parameters: P

““__ : (16)

C. Choice of Prior Distribution Parameters

In this section we discuss the impact of the hyper-paranssttings on the MAP estimates,

through the analysis of the re-estimation formula (Eq. B&fore going into details, recall that



20

T denotes the size of the data set available for adaptatiohKais the number of VFOA targets.

Parameter values for the Dirichlet distributidrhe Dirichlet distribution is de ned by two kinds
P

Wi = 1).

The scale factor controls the balance between the prior distribution on theture weights

of parameters: a scale factorand the prior values on the mixture weighis (with

w and the data. If is small (resp. large) with respect 10 K, the adaptation is dominated
by the data (resp. by the prior, i.e. almost no adaptatiomursgcWhen = T K, the data
and prior contribute equally to the adaptation process.unexperiments, the hyper-parameter
will be selected through cross-validation among the valwe€ =f ;=T K; 5 =
2(T K); 3=3(T K)g. The prior weightsw;, on the other hand, are de ned according to
the prior knowledge we have on the distribution of VFOA tasgeSince as explained before,
we want to enforce that no knowledge about the VFOA targedidution, thew; can be set

uniformly equal to;¢.

Parameter values for the Normal-Wishart distributidhis distribution de nes the prior on the
mean ; and covariance ; of one Gaussian. The adaptation of the mean is essentiallyatied
by two parameters (see Eq. 14): the prior value for the megnwhich will be set to the value
computed using either the learningi(= !) or the geometric approacm( = 7?) and a scalar

, which linearly controls the contribution of the prior; to the estimated mean. As the average
value forg, is % in the experiments, we will selectthough cross-validation among the values
iNC =1f =5 2= & 3= 2 = 2Lg. Thus, with the rst value ;, the mean
adaptation is on average dominated by the data. Witthe adaptation is balanced between the
data and prior distrubution on the means, and with the twoalsies, adaptation is dominated
by the priors on the means.
The prior on the covariance is more dif cult to set. It is ded by the Wishart distribution
parameters, namely the prior covariance mav¥fixand the number of degrees of freedamn
From Eg. 14, we see that the data covariance and the deviatidhe data mean from the
mean prior also in uence the MAP covariance estimate. Asiarpiishart covariance, we will
takeV, = (d p)¥, whereV; is either | or ?, the covariance of targdt set either using
training data or the geometric model (Subsection VI-B) respely. The weighting(d p) is
important, as it allows/; to be of the same order of magnitude than the data varigi&elIn
the experiments, we will usd = 2L, which puts an emphasis on the prior, and restricts the

adaptation from deviating far from the covariance priors.
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VIII. E VALUATION SET UP

The evaluation of the VFOA models was conducted using theDildRtabase (Section IlI).

Below, we describe our performance measures and give datamlst the experimental protocol.

A. Performance Measures

We propose two kinds of error measures for performance atiatu

The Frame based Recognition Rate (FR&)ich corresponds to the percentage of frames, or

equivalently, the proportion of time, during which the VFQras been correctly recognized.
This rate, however, can be dominated by VFOA events of longtthn (a VFOA event is

de ned as a temporal segment with the same VFOA label). Simeeare also interested in
the dynamics of the VFOA, which contains information retate interaction, we also need a

measure re ecting how well these events, short or long, acegnized.

Event based precision/recall, and F-measlet us consider two sequences of VFOA events:

the GT sequenc& obtained from human annotation, and the recognized seqRrabtained
through VFOA estimation. The GT sequence is de nedGs (G; = (li;li =[b;ea]))iz;..n,
whereNg is the number of events in the ground tr@®h |; 2 F is theith VFOA event label,
andb ande are the beginning and end time instants of the e@nihe recognized sequenBe
is de ned similarly. To compute the performance measutes,ttvo sequences are rst aligned
using a string alignment procedure that takes into accdumttémporal extent of the events.

More precisely, the matching distance between two eventandR; is de ned as:
8

S1 F  ifli=landl, =1\ 1; 6 ;
d(Gi;Rj) = . 17)

2 otherwise (i.e. events do not match)

—
—

: 2 i i j

with Fr= 1 = LJ | = A (18)
[ 1) i)

wherej:j denotes the cardinality operator, aRd measures the degree of overlap between two
events. Then, given the alignment we can compute the reegalithe precision g, and the

F-measurd-¢ for each person measuring the event recognition perforsyatened as:

N N 2
£ = mNatched ; £ = matched and FE — E E : (19)
G

Nr Et E
whereNmatched Fepresents the number of events in the recognized sequesicenatch the same

event in the GT after alignment. The recall measures theepéage of ground truth events that
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(GT, Left) (GT, Right) (TR, Left) (TR, Right)

Fig. 8. Distribution of overlap measur&s between true and estimated matched events. The estimated events waredobta
using the HMM approach. GT and TR respectively denote the use of @i pese data and tracking estimates data. Left and
Right denote person left and right respectively.

acronyms | description

gt the head pose measurements are the ground truth data obtathetth@vmagnetic sensor

tr the head pose measurements are those obtained with the helddgralgorithm

gmm the VFOA recognition model is a GMM

hmm the VFOA recognition model is an HMM

ML maximum likelihood approach: the meeting used for testing &dus train the model parameters
ge parameters of the Gaussian were set using the geometric gpzeaep
ad VFOA model parameters were adapted

TABLE 1l

MODEL ACRONYMS: ACRONYM COMBINATIONS DESCRIBE WHICH EXPERIMENTAL CONDITONS ARE USED FOR EXAMPLE,
GT-HMM-GE INDICATES THAT THEHMM VFOA RECOGNIZER WITH PARAMETERS SET USING THE GEOMETRIC GAZE

MODEL WERE APPLIED TO GROUND TRUTH POSE DATA

are correctly recognized while the precision measure threepgage of estimated events that
are correct. Both precision and recall need to be high to cheniae a good VFOA recognition
performance. The F-measure, de ned as the harmonic meagcafl and precision, re ects this
requirement. We report the average of the precision, racalF-measurEg of the 8 individuals
over the whole database (and for each seat position). Nateatttording to Eqg. 17, events are
said to match whenever their common intersection is not er(gtd labels match). One may
think that the counted matches could be generated by spuaiccidental matches due to a very
small intersection. In practice, however, we observe thet not the case: the vast majority of
matched events have a signi cant degree of oveHapas illustrated in Fig. 8, with 90% of the

matches exhibiting an overlap higher than 50%, even usingjardracking data.

B. Experimental Protocol
To study the different modeling aspects, several expetiah@onditions have been de ned.
They are summarized in Table Il along with the acronyms thantify them in the result tables.

First, there are two alternatives regarding the head possunements: the ground trugih case,
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VFOA recognition without adaptation

i Gaussian parameters - learned;( |) or given by geometric modeling f; ), cf Subsection VI-B.
A GMM and HMM model priors - set to the values'; A", as described in Subsection VI-B.
VFOA recognition with adaptation

i i oA same as above - set as the result of the adaptation process.

scale factor of Dirichlet distribution - set through crogsidation.

w; ; b Dirichlet prior values of ; anda;j - setto ' and aiL;‘j .
scale factor of Normal prior distribution on mean - set throegbss-validation.
mi VFOA mean prior value of Normal prior distribution - set to &ith I or ig.
d scale factor of Wishart prior distribution on covariance mxat set by hand (cf Sec. VII-C).
Vi VFOA covariance matrices prior values in Wishart distribat set to eithe(d 2) !or(d 2) 7.
TABLE Il
VFOA MODELING PARAMETERS DESCRIPTION AND SETTING THE GAZE FACTORS WERE SET BY HAND.

where the data is obtained using the FOB magnetic sensottharid case, which relies on the
estimates obtained with the video tracking system. Segotit#re are the two VFOA recognizer
models,gmmand hmm as described in Subsections VI-A. Regarding the approdgingeon
training data, the default protocol is the leave-one-oytreach: each meeting recording is
in turn left aside for testing, while the data of the 7 otherorelings are used for parameter
learning, including hyper-parameter selection in the gatagn case (denotead). The maximum
likelihood caseML is an exception, in which the training data for a given megtiecording

is composed of the same single recording. feeacronym denotes the case where the VFOA
Gaussian means and covariances were set according to theeymomodel instead of being
learned from training data. Finally, the adaptation hyparameter paif; ) was selected (in
the cartesian sé€ ~ C ) by cross-validation over the training data, usihg as performance
measure to maximize. A summary of all parameters involvetthénmodeling and the way they

were set depending on whether there was adaptation or nidgkaged in Table 111

IX. EXPERIMENTAL RESULTS

This section provides results under the various experiah@unditions. We rst analyze the
results obtained on the GT head pose data, and then comparewith those obtained using
the tracking estimates instead. In both cases, we discassffiactiveness of the modeling w.r.t.
different issues: (i) relevance of head pose to model VFO2edargets, (ii) predictability of
VFOA head pose parameters, (iii) impact of the person'stjmwsin the room. Then, we comment
on the results of the adaptation scheme. Note that althdugdet rst sets of results are only

shown with the parameter setting using the training dagctinclusions that are made are also
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(d)

(h)

Fig. 9. Example of results and focus ambiguity. In green, trackingltresul head pointing direction. In yellow, recognized
focus (hmm-ad condition). Images (g) and (h): despite the high visoalarity of the head pose, the true focus differ (in (g):

PL; in h: SS). Resolving such cases can only be done by using cosfeedking status, other's people gaze, slide activity etc).

data ground truth (gt) tracking estimates (tr
modeling ML ‘ gmm‘ hmm || ML ‘ gmm‘ hmm
FRR 79.7| 723 | 723 || 574 | 473 | 474
recall 79.6 | 726 | 655 || 66.4| 49.1 | 38.4
precision 51.2 | 55.1 | 66.7 || 28.9| 30 59.3
F-measureére 62 | 624 | 658 || 38.2| 348 | 45.2
TABLE IV

VFOA RECOGNITION RESULTS FOR PERSON LEFT UNDER DIFFERENT EXPEBFRENTAL CONDITIONS (SEETABLE Il).

valid for the geometric parameter setting. In Section IXvilz compare in details the results

obtained with the geometric parameter setting and thosairaut with the training parameter

setting. In all cases, results are given separately fordfteahd right persons (see Fig. 1). Some

result illustrations are provided in Fig.9.

A. Results on GT head pose data

VFOA and head pose correlatioffiable IV and V display the VFOA recognition results for

person left and right respectively. The rst column of these tables gives the results of

the ML estimation (see Tab. II) with a GMM. These results showan optimistic case, the

performances our model can achieve, and illustrate theeledion between a person's head
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data ground truth (gt) tracking estimates (tr

modeling ML ‘ gmm‘ hmm || ML ‘ gmm‘ hmm
FRR 68.9| 56.8 | 57.3 || 43.6 | 38.1 38
recall 729 | 66.6 | 58.4 || 65.6 | 55.9 | 37.3

precision 474 | 499 | 635 | 24.1| 26.8 | 55.1
F-measurd-¢ 56.9| 54.4 | 595 || 34.8| 35.6 43.8

TABLE V
VFOA RECOGNITION RESULTS FOR PERSON RIGHT UNDER DIFFERENT EXPIEFEENTAL CONDITIONS (SEETABLE II).

Fig. 10. Empirical distribution of the GT head pose pan angle computedtbeedatabase foP L (left image) andP R. For
PL, the people and slide screen VFOA targets can still be identi ed throughahenmdes. FoP R, the degree of overlap is
quite signi cant.

poses and his VFOA. As can be seen, this correlation is qugte flor PL (almost 80% FRR),
showing the good concordance between head pose and VFO#é cdirelation, however, drops
to near 69% folP R. This can be explained by the fact that for the person on gt (P R), there

is a strong ambiguity between looking at PL or SS, as illusttdby the empirical distributions
of the pan angle in Fig. 10. Indeed, the range of pan valugsmwthich the three other meeting
participants and the slide screen VFOA targets lies is tedfgan range of the person sitting
to the left PL). The average angular distance between these targetsusda® for PR, a
distance which can easily be covered using only eye movesmather than rotating the head.
The values of the confusion matrices, displayed in Fig. biraborate this analysis. The analysis
of Tables IV and V shows that this discrepancy between thelteefor PL and PR holds for
all experimental conditions and algorithms, with a perfante decrease frolL to PR of

approximately 10-13% and 6%, for the FRR and event F-meaggectively.

VFOA Prediction:In the ML condition, very good results were achieved but theye biased
because the test data was used to set the Gaussian para®@etehe contrary, the GMM and
HMM results in Table 1V and V, for which the VFOA parametersrevdearned from other

persons' data, highlights the generalization propertyhef mmodeling. We can observe that the
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(@) (GT, Left) (b) (GT, Right) (c) (TR, Left) (d) (TR, Right)
Fig. 11. Frame-based recognition confusion matrices obtained with th®l Hdddeling (gt-hmm and tr-hmm conditions).

VFOA targets 1 to 4 have been ordered according to their pan proximity:pBRon right - PL: person left - O1 and O2:
organizer 1 and 2 - SS: slide screen - TB: table - U: unfocused. Caluapresent the recognized VFOA.

50 E
80 60 40 20 0 20 40 80 60 40 20 0 20 40
pan pan

@) (b)
Fig. 12. Pan-tilt space VFOA decision maps for person right built frdnmaetings, in the GMM case (cf Eq. 4), using GT

(a) or tracking head pose data (b). BlaéK=, yellow=SS, blue=01, green©2, red=T B, magenta &.

GMM and HMM methods produce results close to the ML case. fFeth PL and PR, the
GMM approach achieves better frame recognition and eveatlrperformance while the HMM

is giving better event precision arkgt: results. This can be explained since the HMM approach
is effectively denoising the event sequence. As a resultesewents are missed (lower recall)

but the precision increases due to the elimination of shmutisus detections.

VFOA Confusions: Figure 11(a) and 11(b) display as images the confusion ocestrior P L
andP R obtained with the VFOA FRR performance measure and an HMMy Ehearly exhibit
confusion between VFOA targets which are proximate in thadhpose space. For instance,
for PL, O2 is sometimes confused witAR or O1. For PR, the main source of confusion is
betweenP L andSS, as already mentioned. In addition, the tabld3, can be confused with
01 andO2, as can be expected since these targets share more or lessthegpan values with
TB. Thus, most of the confusion can be explained by the geonwdttiie room and the fact

that people can modify their gaze without adjusting theadhpose, and therefore do not always

need to turn their heads to focus on a speci c VFOA target.
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B. Results on Head Pose Estimates data
Table IV and V provide the results obtained using the heack piecking estimates, under

the same experimental conditions as those used for the Gd pese data. As can be seen,
substantial performance degradation is observed. In thechlle, the decrease in FRR and F-
measure ranges from 22% to 26% for b&lh. and PR. These degradations are mainly due
to small pose estimation errors and also, sometimes, largesedue to short periods when the
tracker locks on a sub-part of the face. Fig. 12 illustrates effect of pose estimation errors
on the VFOA distributions. The shape changes in the VFOAgi@timaps when moving from
GT pose data to pose estimates convey the increase of paaaceameasured for each VFOA
target. The increase is moderate for the pan angle, but ogmfertant for the tilt angle.

A more detailed analysis of Table IV and V shows that the perémce decreases (from GT
to tracking data) in the GMM condition follows the ML case, ilghthe deterioration in the
HMM case is smaller, in particular fdfz. This demonstrates that, in contrast with what was
observed with the clean GT pose data, in the presence of daisy the HMM smoothing effect
is quite bene cial. Also, the HMM performance decrease isaben for PR (19% and 15% for
respectively FRR anég) than forPL (25% and 20%). This can be due to the better tracking
performance -in particular regarding the pan angle- aeli@n people seated at the positPR

(as reported in Table 1). Fig. 13 presents the plot of the VAR versus the pan angle tracking
error for each meeting participant, when using GT head pasa @.e. with no tracking error)
or pose estimates. It shows that L, there is a strong correlation between tracking errors and
VFOA performances, which can be due to the fact that higleaaking errors directly generate
larger overlaps between the VFOA class-conditional posgidutions (cf Fig. 10, left). FOP R,

this correlation is weaker, as the same good tracking pedace results in very different VFOA
recognition results. In this case, the increase of ambegulietween several VFOA targets (e.g.
SS andPL) may play a larger role.

Finally, Fig. 11(c) and Fig. 11(d) display the confusion rca&s when using the HMM and the
head pose estimates. In this case, the confusion matrieegegy similar to the case using GT.
However for the head pose estimates case more confusiorsé\wa&a due to the tracking errors
and the uncertainties in the tilt estimation (see Fig 13).
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Fig. 13. VFOA frame based recognition rate vs head pose trackings€fay the pan angle), plotted per meeting. The VFOA

recognizer is the HMM modeling after adaptation.

H personH error measureH gt-gmm‘ gt-gmm-ad‘ gt-hmm‘ gt-hmm-adH tr-gmm ‘ tr-gmm-ad‘ tr-hmm‘ tr-hmm-ad H

. FRR 72.3 72.3 72.3 72.7 47.3 57.1 47.4 53.1

F-measureé~e 62.4 61.2 65.8 66.2 34.8 42.8 45.2 47.9

R FRR 56.8 59.3 57.3 62 38.1 39.3 38 41.8

F-measurd~e 54.4 56.4 59.5 62.7 35.6 37.3 43.8 48.8
TABLE VI

VFOA RECOGNITION RESULTS FOR PERSON LEF(L) AND RIGHT (R), BEFORE AND AFTER ADAPTATION

C. Results with Model Adaptation
Table VI displays the recognition performance obtainechwite adaptation framework de-

scribed in Section VA. For PL, one can observe no improvement when using GT data and a
large improvement when using the tracking estimates (eayura 10% and 8% for resp. FRR
andFg with the GMM model). In this situation, the adaptation iseald cope with the tracking
errors and the variability in looking at a given target. FoR, we notice an improvement with
both the GT and tracking head pose data. For instance, wetiiiM model and tracking data,
the improvement is 3.8% and 5% for FRR afg. Again, in this situation adaptation can cope
with an individual way of looking at the targets, such as eocting the bias in the estimated
head tilt , as illustrated in Fig. 14.

When exploring the optimal adaptation parameters estiméwedigh cross-validation, one ob-
tains the histograms of Fig. 15. As can be seen, regardlesedfind of input pose data (GT
or estimates), they correspond to con gurations givingragjmately equal balance to the data

and prior w.r.t. the adaptation of the HMM transition magsc( ; and ), and con gurations

®In the tables, we recall the values without adaptation for ease of coraparis
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Fig. 14. VFOA decision map example before adaptation (Left) and afteptation (right). After adaptation, the VFOA of
01 andO2 correspond to lower tilt values. blacR+t , yellow=SS, blue=01, green©2, red=T B, magenta . The blue stars

represent the tracking head pose estimates used for adaptation.

(@) (b)
Fig. 15. Histogram of the optimal scale adaptation factor of the HMM pripata HMM VFOA mean (b), selected though

cross-validation on the training set, and when working with GT head padse da

for which the data are driving the adaptation process of teampose values ( and »).

D. Results with the Geometrical VFOA Modeling
Here we report the results obtained when setting the modelnpeters by exploiting the

meeting room geometry, as described in Subsection VI-B. pbssibility for setting parameters

is interesting because it removes the need for data anmotatich time a new focus target is
considered (for instance, if a 5th person was introducedahke).

Fig. 16 shows the geometric VFOA Gaussian parameters (medut@variance) generated by
the model when using ; ) = (0:5;0:5). As can be seen, the VFOA pose values predicted
by the model are consistent with the average pose valuesutethfor individuals using the GT
pose data. This is demonstrated by Table VII, which provitiesprediction errors in paBpa,

de ned as:
1 x8 X

8 K D jm(f) R (20)

Epan =
m=1 f,2F =fUg

where ,(f;) is the average pan value of the person in meetimgnd for the VFOA(f;, and
P (fi) is the predicted value according to the chosen model (ie.pm component of?‘i
or 'fi in the geometric or learning approaches respectively). fiihg@rediction errorEy; is
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Method || learned VFOA geometric VFOA geometric VFOA
(with cross-validation)|| (with = =0:5)
Error Epan E it Epan E it Epan E it
PL 6.4 5.1 55 6.4 5.8 6.4
PR 5.9 6.1 5.6 7.6 12.8 7.4
TABLE VII

PREDICTION ERRORS(IN DEGREES FOR LEARNEDVFOA AND GEOMETRIC VFOA MODELS (WITH GT POSE DATA). IN
THE GEOMETRIC CROSSVALIDATED CASE, THE SAME METHODOLOGY THAN IN THE LEARNING CASE IS USED FOR EACH

MEETING THE EMPLOYED (OR ) HAS BEEN LEARNED ON THE OTHER MEETINGS

obtained by replacing pan angles by tilt angles in Eq. 20. &s lee seen, using cross-validated
and values provides better results than setting these parasngtehe constant values
( ; )=(0:505) used in all the recognition experiments reported belowoAlge noticed
that usually the values providing good prediction are lower when using tiegldata than
when using the ground truth head pose data. A likely expianas that the head tracker under-
estimates the pan angles. Thus, to account for this, a smallbas to be used to obtain better
prediction. Interestingly enough, however, in practicedigt not nd any particular relationship
between an optimal angular prediction (as measured by B@rzDthe VFOA recognition results,
showing that the selection of these values is not critica.tis relied or{ ; )=(0:5;0:5)
for all our experiments.

The recognition performance is presented in Table VIII. Seh&ables show that, when using
GT head pose data, the results are slightly worse than wehlgarning approach, which is
apparent in the similarity of the prediction errors. Howewehen using the pose estimates, the
results are better. For instance, L, when comparing the method setting the parameter using
the geometric approach to the method setting the paramsirg the training based approach
both method with adaptation, the FRR improvement is more #f#n It is interesting and
encouraging given that the modeling does not require angitia data. Also, we notice that
the adaptation always improves the recognition, sometiquée signi cantly (see the GT data
condition forP R, or the tracking data foPL).

Comparison with Stiefelhagen et al [1ZDur results seem quite far from the 73% reported by
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Fig. 16. Geometric VFOA Gaussian distributions R (left image) andP L (right): the gure displays the gaze target
direction ( ), the corresponding head pose contribution according to the geomeidelwith values( ; ) = (0 :5;0:5)

(4 symbols), and the average head pose (from GT pose data) of ingiygdople ¢ ). Ellipses display the standard deviations
used in the geometric modeling. bladke or PR, cyan=SS, blue=O1, green©2, red=TB.

person Measure gt | ot-ge | gt-ad | gt-ge-ad|| tr tr-ge | tr-ad | tr-ge-ad
. FRR 72.3 | 69.3 | 72.7 70.8 474 | 55.2 | 53.1 59.5
F-measurd~e 65.8 | 65.2 | 66.2 65.3 452 | 48.2 | 479 50.1
R FRR 57.3| 51.8 62 58.5 38 | 41.1| 41.8 42.7
F-measurd~¢ 59.5| 53 62.7 59.2 43.8 | 49.1 | 48.8 50.1

TABLE VI
VFOA RECOGNITION RESULTS FORPL AND PL USING THEHMM MODEL WITH THE GEOMETRICVFOA PARAMETER
SETTING(( ; ) =1(0:5;0:5)), WITH/WITHOUT ADAPTATION. FOR EASE OF COMPARISONWE RECALL THE RESULTS

WITH THE TRAINING PARAMETER SETTING

Stiefelhagen et al [12] Several factors may explain the difference. First, in [T@geting with 4
people were studied and no other target apart from the otketing participants was considered.
In addition, these participants were sitting at equallycslgpositions around the table, optimizing
the discriminability between VFOA targets. People wererded from a camera placed directly
in front of them. Hence, due to the table geometry, the migjasf head pan lay between
[ 45;45], where the tracking errors are smaller (see Table 1). Ulilgaour results are more
in accordance with the 52% FRR reported by the same authoilswB&n using the same
framework as in [12] but applied to a 5-person meeting, tesuin 4 possible VFOA targets.
Nevertheless, as comparing algorithm results on diffesetups is quite dif cult, we implemented
the methodology proposed in [12], [37] to recognize the VF&HAely from head pose. This

"Note that in [12], approaches to recognize the VFOA from audio, armirdmation of audio and head pose are also provided.
However, for the remainder of this paper, we compare our method wéih &ipproach on recognizing the VFOA solely from

head pose, since this is the scope of our paper.
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Method Stiefelhagen et al [12] Our model
measure gt-L | tr-L | gt-R | tr-R || gt-ge-ad-L | tr-ge-ad-L | gt-ge-ad-R| tr-ge-ad-R

FRR 61.9 | 55.7 | 53.1 | 39.6 70.8 59.5 58.5 42.7
F-measuré=g || 53.8 | 35.1 | 43.8 | 34.7 65.3 50.1 59.2 50.1
TABLE IX

COMPARISON OF OURVFOA RECOGNITION APPROACHHMM WITH GEOMETRIC MODEL AND ADAPTATION) AND [12]

(SEE FOOTNOTET).

methodology consists of rst clustering the head pose megseants of an individual person
using the k-means algorithm, and then using the outcomeitialire the learning of a GMM
similar to the one we presented. Finally, each componenh®@fGMM mixture is associated
with a target focus using a set of rules. This approach glelaals several issues, especially
when the number of targets is large: how to initialize the &ams algorithm, and how to de ne
the association rules. As no information was given in [12}.twk-means initialization, we
experimented with different alternatives and report thst besults, which were obtained using
the gaze values predicted by the geometrical model (randdralization produced on average
much worse results than those presented, around 10% lessh. @®mponent was associated
with a focus by taking the mixture with the lowest mean tiliueaas the table, and other
mixtures were associated to the other VFOA targets basethan respective pan values. The
comparative results are given in Table IX. They clearly shiosat our method leads to signi cant
improvements in all conditions. Interestingly enough, thmprovement is higher when using
uncorrupted head pose measurements (i.e. the GT data)e Tihesovements validate our use
of the MAP adaptation framework. Indeed, while in [12] futeédom is given to the data to
drive the adaptation process, our experiments show (cfr&idgs) that the optimal adaptation
parameters, selected by cross-validation, give equal itapce to the data and the prior set on

the GMM parameters to obtain better models.

X. CONCLUSION AND FUTURE WORK

In this paper, we addressed the VFOA recognition of meetartjgipants from their head pose
in complex meeting scenarios. Head pose measurements Weieed either through magnetic

eld sensors or using a head pose tracking algorithm. Séwternative models were studied.
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Thorough experiments on a large and challenging database mablicly available, gave the
following outcome:
in uence of the physical setup:when using head pose tracking estimates, average recog-
nition rates of 60% and and 42% were obtained for the left aglot Iseat respectively. It
shows that good VFOA recognition can only be achieved if tiseial targets of a person
are well separated in the head pose angular space, whichyntiipends on the person's
position in the meeting room.
head pose tracking:accurate pose estimation is essential for good resultsurrd. 1%
and 16% error decreases were observed for the left and mgiitrespectively when using
the pose estimates instead of the ground truth. In addiggperiments showed that there
exists some correlation between head pose tracking ermatd/&OA recognition results.
VFOA recognizer model: the HMM method is performing better than that of the GMM.
While this can not be observed with the standard Frame Redogrfitate measure, the
newly introduced event-based measéte shows that the temporal smoothing introduced
by the HMM removes spurious detections in the VFOA estinmatio
training data vs geometric model:to avoid the need for training data, we have proposed a
novel cognitive model exploiting the room geometry to setitcognizer parameters which
links the head pose measures to the VFOA targets. Comparbdhetstandard approach
based on training data, and with a state-of-the-art algorithe new approach was shown
to provide much better results when using the head poseinigaestimates as input.
unsupervised adaptation: results show that in all conditions, automatically adagptihe
VFOA recognition parameters using toelabeledhead pose measurements improves the
recognition.
From the above, there are several ways to increase perfeendine rst one is to increase
the separation between the visual targets. However, intipeachis is limited by the number
of people that we want to accommodate and the activitiespgbaple are allowed to perform.
The second one is to improve the pose tracking algorithmis @dn be achieved using multiple
cameras, higher resolution images, or adaptive appearaadeling techniques, preferably in a
supervised fashion, by setting up training session to aequéople’s appearance at the beginning
of a meeting.
A third way to improve VFOA recognition can only come from gw@or knowledge embedded in
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the cognitive and interactive aspects of human-to-humamnooenication. Ambiguous situations
such as the one illustrated in Fig. 9(g) and Fig. 9(h), whieeesame head pose can correspond
to two different VFOA targets, could be resolved by the jambdeling of the speaking status
and VFOA of all meeting participants. The relationship betw speech and VFOA, used for
instance in [12], has been shown to exhibit speci c pattamshe behavioral and cognitive
literature, as already exploited by [13] to derive conviosastructures.

Finally, in the case of meetings in which people are movingh® slide screen or white board
for presentations, the development of a more general appriteat models the VFOA of these

moving people will be necessary.
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