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Abstract— We address the problem of recognizing the NDERSTANDING the behavior or need of humans
visual focus of attention (VFOA) of meeting participants is a central issue in devising next-generation human

based on their head pose. To this end, the head posecomputing systems that can emulate more human-like
?g:/le'\r/lv)ationng(;Z mo'\o/llelekd “i;l”% al ?:'\ljlﬁ;anhMixtuhr%g/lodel functions. At the heart of this issue lies, amongst others,
or a Hidden Markov Mode whose hidden . : : :
states corresponds to the VFOA. The novelties of this the dlﬁlCUIty.Of measuring human behav!ors n an ac-
work are threefold. First, contrary to previous studies on curate Way., .e. the challenge of developing a_lgc_)rlthms
the topic, in our set-up, the potential VFOA of a person that can reliably ext_ractsubtle_human che_lracterlstlcgs -e.
is not restricted to other participants only. It includes Pody gestures, facial expressions, emotion- that allow a
environmental targets as well (a table and a projection fine analysis of their behavior. One such characteristic
screen), which increases the complexity of the task, with of interest is thegaze, which indicates where and what
more VFOA targets spread in the pan as well as tilt gaze a person is looking at. Or, in other words, the gaze
space. Second, we propose a geometric model to set th¢hdicates what thevisual focus of attention (VFOA)
GMM or HMM parameters by exploiting results from ¢ e person is. In the context of Human Computer
Cﬁgnitivz. Sqenci Or';' Sﬁccidic eye motion, which allows, 0 200 (HCI) applications, the development of gaze
the prediction of the head pose given a gaze target. . ' . .
Third, an unsupervised parameter adaptation step not tracking systems has been the topic of mgny s_tudles.
using any labeled data is proposed which accounts for Less r_esearch has been conducted for_estlmatlng and
the specific gazing behaviour of each participant. Using a analyzing a person’s gaze and VFOA in more open
publicly available corpus of 8 meetings featuring 4 persons spaces, despite the fact that in many contexts, identifying
we analyze the above methods by evaluating, throughthe VFOA of a person conveys a wealth of information
objective performance measures, the recognition of the apout that person: what is he interested in, what is
VFOA from head pose information obtained either usinga pe doing, how does he explore a new environment
magnetic sensor device or a vision based tracking system.Or react to different visual stimuli. Thus, tracking the
The results clearly show that in such complex but realistic VFOA of people could have important a'pplications in

situations, the VFOA recognition performance is highly he devel f bi intell
dependent on how well the visual targets are separatedt e development of ambient intefligent systems.

for a given meeting participant. In addition, the results FOr instance, in a public space, it could be useful to
show that the use of a geometric model with unsupervised measure the degree of attraction of a given focus target
adaptation achieves better results than the use of training such as advertisements or shop displays, as presented in
data to set the HMM parameters. [1]. In the context of meetings, tracking the gaze can be
used in meeting digital assistants to analyze the social
dynamics of non-verbal communication in the group and
make the participants aware of the group dynamics. It has
been shown that such a social awareness mechanism can
affect people behavior and improve group cohesiveness
National Center of Competence in Research and Interactive Msl[r?] The VFOA and group dynamics can also be used in
timodal Information Management (IM2), and the European unidiemote meeting applications. It can provide to a remote
6th FWP IST Integrated Project AMIDA (Augmented Multi-Partyparticipant a better understanding of what is happening
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also funded by the U.S. Government VACE program. The auth\clm the environment where other meeting participants
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face-to-face conversations and more generally in group q '
interaction, as it has been shown in a large body of 3
social psychology studies [3]. Human interaction can be
categorized as verbal (speech) or non-verbal (e.g. facial
expressions). While the usage of the former is tightly
connected to the explicit rules of language (grammar, §¥
dialog acts), the usage of non-verbal cues is usually more
implicit. However, this does not prevent it from following

(b)

rules and exhibiting specific patterns in conversations. bd ﬁl eRpgrsn  persen
For instance, in a meeting context, a person raising = Pl = lg:|,l,_| g

a hand usually means that he is requesting the floor. {;7 2 | o

A listener's head nod or shake can be interpreted as | " ﬁ;"'_;l @

agreement or disagreement [4]. Besides hand and head ‘*r___ &5 1 | e &=
gestures, the VFOA is another important non-verbal A Hfiﬂamzerlﬁ Lgir;:;;

communication cue with functions such as establish- © )

Ing relatlo_nShlpS _(thrOUQh m‘_““?' Qaze)' regulatlng_ t_rrl—‘?g. 1. Recognizing the VFOA of people. (a) the meeting room (b)
course of interaction, expressing intimacy, and exergisig sample image of the dataset (c) the potential VFOA targets for the
social control [5], [6]. right person (d) the geometric configuration of the room.

A speaker's gaze often correlates with his addressees,

.e. th_e intended _rec_ipient_s of the sp(_aech [7]. Als lacement of the VFOA targets, the identification of the

fo_r a listener, monitoring hls own gaze in concordap FOA can only be done using the complete head pose
V_V'th th.e dspeal;ers gazke is a way to find appmp;'aﬁpresentation (pan and tilt), instead of just the head pan,
time windows for speaker turn requests [8], [9]. T U3s done previously. Thus, our work addresses general and

recognizing the VFOA patterns of a group qf _peopl? C’aé?wllenging meeting room situations in which people do
reveal important knowledge about the participants ro|‘Tot just focus their attention on other people, but also
and status [10], [6]. Following these studies in soci%n other room targets

psychology, computer vision researchers are showin . ' .
more interest in the study of automatic gaze and VFOAgT0 recognize the VFOA of people from their head

recognition systems [1], [11], [12], as illustrated by sompose, we investigated two generative models. The first

: : one is a Gaussian mixture model (GMM) that handle
of the research tasks defined in several recent evaluation -

: . each frame separately. The second model is its natural
workshops [13], [14]. Since meetings are places whefe

. o extension to the temporal domain, namely a hidden
the multi-modal nature of human communication a )
: : . arkov model (HMM), which segments pose observa-
interaction best occur, they are well suited to condug

such research studies. tion sequences into VFOA temporal segments. In both
cases, for each VFOA target, the head pose observa-
In this context, the goal of this paper is to analyzéions associated with each visual target are represented
the correspondence between the head pose of pedpleGaussian distributions. Alternative approaches were
and their gaze in more general meeting scenarios thamsidered to set the model parameters. In one approach
those previously considered [11], [12] (see Fig. 1, ar{deferred to as the learning or training data approach),
Fig. 9 for some results). In meeting rooms, where highese were set using training data from other meetings.
resolution close-up views of the eyes typically requirddowever, as collecting training data can be tedious, we
by HCI gaze estimation systems are not available used the results of studies on saccadic eye motion mod-
practice, it has been shown that head orientation candimg [15], [16] and propose a novel approach (referred
reasonably utilized as an approximation of the gaze whenas cognitive or geometric) that models the head pose
VFOA targets are the other meeting participants [11]. lof a person given his upper body pose and his effective
this paper, we investigate the estimation of VFOA frorgaze target. In this way, no training data is required to
head pose in complex meeting situations. Firstly, unlikearn parameters, but some knowledge of the 3D room
previous work ([11], [12]), the scenario we considegeometry is necessary. In addition, to account for the
involves people looking at slides or writing on a shedact that people have their own head pose preferences
of paper on the table. As a consequence, people hdwe looking at the same given target, we adopted an
more potential VFOA targets in our set-up (6 insteashsupervised Maximum A Posteriori (MAP) scheme to
of 3 in the cited work), leading to more possible amadapt the parameters obtained from either the training
biguities between VFOA. Secondly, due to the physicdhata or the geometric approaches to unlabeled head pose



data of individual people in meetings. tool, where the eyes are used as an input modality; or
To evaluate the different aspects of the VFOA modelings a diagnostic tool, to provide evidence of a user’s
we have conducted comparative and thorough expeattention, such as in applications studying the visual
ments on a large and publicly available database. Tlisploration of images by people [19]. For this reason,
database comprises 8 meetings of 10-minute averdfese systems, while being accurate, are not appropriate
length for which both the head pose ground-truth aridr analyzing the VFOA of people in open spaces: they
VFOA label ground truth are known. Therefore, we werean be intrusive (user needs to wear special glasses)
able to differentiate between the two main error sourcaad require specific equipment (infrared light sources are
in VFOA recognition: (1) the use of head pose as a proxjten used to ease signal processing). More importantly,
for gaze, and (2) errors in the estimation of the head pabey are very constraining, as the head motion is limited
(e.g. using our vision-based head pose tracker [17]). to small position and angular variations (no more than
In summary, the contributions of this paper are thgscm and 20 [18]). In worst cases, chin rests or bite
following: bars are required, but even eye-appearance vision-based
« the development of a public database and a fran@aze tracking systems restrict the mobility of the subject
work to evaluate the recognition of the VFOA solelgince their need of high resolution close-up eye images
from head pose; requires cameras with very narrow field-of-views. To
« a novel geometric model to derive a person’s he&@leviate this constraint, some papers [18], [20] propose
pose given his gaze target, which alleviates the neeging head pose tracking to localize eye corners and drive
for training data; the acquisition of high resolution eye images using a
« the use of an unsupervised MAP framework to adap@n-tilt-zoom (PTZ) camera. These systems, however,
the VFOA model parameters to individual peoplefequire very good calibration, and are still designed for
« a thorough experimental study and analysis of thar frontal head poses [20].

influence of several ke_y_aspects on the recognitionln spaces such as offices or meeting rooms, where the
performance (e.g. participant posn_lon, g_round m_ltrt?]otion and head orientation of people are unconstrained,
vs estimated head pose, correlation with tracklr}ggh resolution images of people’s eye are not available.
errors). An alternative is to use the head pose as a surrogate
The remai_nder of this paper is organized as followgyy gaze, as proposed in [21]. Broadly speaking, head
Section Il discusses the related work. Section llI d‘if‘)'ose tracking algorithms can be divided into two groups:
scribes the task and the database that is used to evaly¢@e| based and appearance based approaches. In model
the models we propose. Section IV provides an overvigyysed approaches, a set of facial features such as the
of our approach. Section V describes our algorithm f@ies the nose and the mouth are tracked. Then, knowing
joint head tracking and pose estimation, along with itfe relative positions of theses features, the head pose
evaluatlon._ _Sect|on VI describes the con3|dered. modelsn pe inferred using anthropometric information [22],
for recognizing the VFOA from head pose. Section Vi3] The major drawback is that robust facial feature
gives the unsupervised MAP framework used to adapjcking is difficult unless high enough resolution images
our VFOA model to unseen data. Section VIII describege ysed. Even in this later case, feature tracking can

our evaluation setup. We give experimental results jy proplematic, especially when the pose reaches profile

Section IX, and conclusions in Section X. views. By modelling appearance of the whole head
more robustness for low resolution images is obtained:
Il. RELATED WORK [11] used neural network to model head appearance,

We investigate the VFOA recognition from head pog@4], [25] developed the active appearance models based
in the context of meetings. Thus, we will analyze then principal component analysis, and [26], [27] used
related work along the following lines: gaze and VFOAnultidimensional Gaussian distribution to represent the
tracking technologies, head pose estimation from visitread appearance likelihood.
sensors, and recognition of the VFOA from head pos&rom another perspective, head pose tracking algorithms

The VFOA of a person is defined by his eye gazdifferentiate themselves according to whether or not the
that is, the direction in which the eyes are pointingacking and the pose estimation are conducted jointly.
in the space. Many progresses in the design of ga@éten, a generic tracker is used to locate the head,
tracking technologies have been achieved. A review afd then features extracted at this location are used
such systems is presented in [18]. Gaze trackers #&weestimate the pose [11], [25], [26], [27]. Decoupling
predominantly developed for HCI applications, wherthe tracking and the pose estimation results in a com-
they are used for two main purposes: as an interactietational cost reduction. However, since head pose



estimation is very sensitive to head localization [27fyhether humans or objects, that are either relevant to
head pose results are highly dependent on the trackihg task they are solving or of immediate interest to
accuracy. To address this issue, [17], [24], [28] perforthem. Additionally, one interprets another person’s gaze
the head tracking and the pose estimation jointly. not as continuous 3D spatial locations, but as a gaze
In contrast to head tracking algorithms, few work&wards objects that have been identified as potential
have investigated the recognition of the VFOA directlfargets. This process is often called the shared-attemtiona
from head pose. Pionneering work from [11] used mechanism [31], [5], and suggests that in general VFOA
GMM model, the parameters of which were learned iates correspond to a finite set of targets of interests.
the test data after initialization from the output of a Thus, in our meeting context the set of potential
K-means clustering of the pose values. This approaWlrOA targets, denotedF, has been defined as: the
was possible due to constraints on the physical set-ofner participants, the slide-screen, and the table. When
(four people evenly spaced around a round table) and hgne of the previous applies (the person is distracted
limiting the allowed VFOA targets to the other partichy some noise or visual stimuli and looks at another
ipants. These constraints allowed them to rely only darget) we use an additional label calleghfocused).
the pan angle to represent the head pose, and limited &% a result, for 'person left’ in Fig. 1(c), we have:
possibility of ambiguities in the head pose. In additiod = {PR,02,01,SS,TB,U} where PR stands for
[11] showed that using other participants’ speaking statpsrson right,O1 and O2 for organizer 1 and 25.S for
could further increase the VFOA recognition. More reslide screen7’B for table andU for unfocused. For the
cently, [12] used a dynamic Bayesian network to jointlperson rightF = { PL,02,01,5S,TB,U}, wherePL
recognize the VFOA of people, as well as differergtands for person left. Note that in practice, timéocused
conversational events in a 4-person conversation, usiagel only represents a small percentage of our data (2%),
on head pan and speaking status observations. Finalile the other VFOA target represent 55%, 26% and
[29] exploited the head pose extracted from an overhedid for the other participants, the slide screen, and the
camera tracking retro-reflective markers mounted dable, respectively.
headsets to look for occurrences of shared mutual visual
attention. This information was then exploited to derive. The Database

the social geometry of co-workers within an office, and 5 . experiments rely on the IDIAP Head Pose

infer their availability status for communication. Database (IHPD}. The video database was collected
along with a head pose ground truth and each partici-
I11. DATABASE AND TASK pant’s discrete VFOA ground truth, as explained below.

In this section, we describe the VFOA recognitiofcontent descriptionithe database is comprised of 8
task, and the data that is used to evaluate both our poseetings involving 4 people each, recorded in a meeting
estimation and VFOA recognition algorithms. room (cf Fig. 1(a)). The meeting durations ranged from
7 to 14 minutes, which was long enough to realistically
represent a general meeting scenario. In shorter record-
A. The Task and VFOA Set ings (less than 2-3 minutes), we found that participants

Our goal is to evaluate how well we can infer théend to be more active resulting in moving their head
VFOA state of a person using head pose in comma@nore to focus on other people/objects. In our meetings
meeting situations. Let us first note that while the VFOBr in longer situations, the attention of participants
is given by the eye gaze, psycho-visual studies hagemetimes drops and people are less focused on the other
shown that people use other cues -e.g. head and begeting participants. Note, however, that the small group
posture, speaking status- to recognize the VFOA stafige encourages engagement of participants in the meet-
of another person [5]. Thus, one general objective of they, in contrast to meeting with larger groups. Meeting
current work is to see how well one can recognize thgarticipants were instructed to write down their name on
VFOA of people from these other cues in the absence ®fsheet of paper, then discuss statements displayed on
direct gazing measurements, a situation likely to occtie projection screen. There were no restrictions placed
in many applications of interest. An important issue igin head motion or head pose.

what should be the definition of a person’s VFOA statq%, 44 pose annotatiorthe head poses of two persons
At first thought, one can consider that each differefiere continuously annotated (person left and right in

gaze direction could correspond to a potential VFOAsig 1(c) ) using a magnetic field sensor called flock
However, studies on the VFOA in natural conditions

[30] have shown that humans tend to look at targets,Available at http:/Aww.idiap.ch/HeadPoseDatabase/ (IHPD)




of birds (FOB) rigidly attached to the heads. It resulted PARAMETER RECOGNIZER

in a video database of 16 different people. The coordi- SETTHNG PARAMETERS

nate frame of the magnetic sensors was calibrated witr Y

respect to the camera frame, allowing us to generate meur HEADPOSE | HEAD pOSE _ [VFOA RECOGNIZER | RECOGNIZED
the head pose ground truth (denoted GT in the rest V= TRACKER | zp | (MMM vroa

of the paper) with respect to the camera. The head

pose is defined by three Euler anglés, 3,~) that (a) VFOA recognition without adaptation.

parametrize the decomposition of the rotation matrix PARAVETER [ADAPTATION | UNSUPERVISED

of the head configuration with respect to the camera STINGRTRESANETRY o

frame. To report our results, we have selected as Euler T ERRARs
decomposition the one whose rotation axes are rigidly o imnnposs | sean posss | ros REcooNzER | RECOONTZED
attached to the head (see Fig. 3(hby)denotes the pan VIDE TRACKIR "2 - > oo o
angle, a left/right head rotationj denotes the tilt, an

up/down head rotation; and finally, the roll, represents (b) VFOA recognition with adaptation.

a left/right “head on shoulder” head rotation. Becaus - TOALvEoR

of our meeting scenario, people often have negative p —’ SETING: |
values corresponding to looking at the projection Screémamm | HEAD POSE | HEAD POSES | TRAINING
Recorded pan values range from -70 to 60 degree. 1 V™5 LT e

values range from -60 (when people are writing) to 15 (c) VFOA parameter setting: training approach.
degrees, and roll from -30 to 30 degrees. TR

VFOA annotation:using the predefined discrete set of _ ROOM gl sETiNG: |

VFOA targetsF, the VFOA of each person (PL and PR) R v

was manually annotated on the basis of their gaze direc-

tion by a single annotator using a multimedia interface. (d) VFOA parameter setting: geometric approach.

The annotator had access to all data streams, includfig 2. Recognition approaches and modules overview.
the central camera view (Fig. 1(a)). Specific annotation

guidance was defined in [32]. module. Finally, the VFOA recognition module applies
the parameters obtained through unsupervised adaptation
IV. OVERVIEW OF THE PROPOSEDVFOA to head poses to output the recognized VFOA.
RECOGNITIONMETHODS Fig. 2(c) and 2(d) describes the two options that are

In this section, schematic representations of the cotsed to define the parameter setting module involved in
ponents of the VFOA recognition methods proposed frig.- 2(a) and 2(b). The first option relies on training
this paper are provided in Fig. 2 to give a global viewata: training videos are sent to the head pose tracking
of the methods. module whose output is used in conjunction with manual

Fig. 2(a) presents the VFOA recognition method wheinnotations of people’s VFOA to learn the VFOA recog-
no adaptation is used. The frames of an input video déion parameters relating head pose to VFOA targets.
sent to the head pose tracking algorithm (described The second option relies on a cognitive model of how
Section V) which outputs people’s head poses. Thegople gaze at targets, and uses the location of people
poses are then processed by the VFOA recognizer m@(ﬂld ObjeCt in the room as input. Section VI-B describes
ule (described in Section VI-A), whose parameters af@W the parameters are set in the two options and used
provided by a parameter setting module (Section VI-BY¥hen no adaptation is performed, while Section VII-C

In Fig. 2(b), the use of unsupervised adaptatigiescribes how the same parameters are used to define
for VFOA recognition is sketched (described in Sedhe hyper-parameters of the adaptation module.
tion VII). In this case, we employ a batch processing:
the whole input video is processed by the head tracker
to obtain the head poses of people over the entire
meeting. Then, the adaptation module estimates in arin this section, we first summarize the computer vision
unsupervised fashion (without using any annotated dapapbabilistic head tracker that we employed to estimate
the VFOA recognizer parameters by fitting the recoghe pose. Then, the pose estimates provided by the
nizer model to the head poses while taking into accoumacker are compared with the pose GT (cf Section IlI)
priors on these parameters. Some of the parametansl analyzed in detail, ultimately giving us better insight
of these priors are provided by the parameter settimgo the VFOA recognition results of Section IX.

V. HEAD POSETRACKING



object configuration at time by X; and the observation
extracted from the image by;, the objective is to
estimate the filtering distributiop(X;|Y7.;) of the state
X, given the sequence of all the observatidng =
(Y1,...,Y:) up to the current time. Given standard
assumptions, Bayesian tracking amounts to solving the
following recursive equation:

p(Xi[Y1) o< p(Vi|Xy) (1)
X / P(Xe| Xi—1)p(Xi—1]Y14-1)d X
Xia

In non-Gaussian and non linear cases, this can be

done recursively using sampling approaches, also knO\Hn 3. (a) training head pose appearance range. Pan and tilt angles
as part'CI_e filters (_PF)_' Th(_a 'd_ea _be'h'nc_i PF consists rléﬂge respectively from -90o 90° and -60 to 60° by 15° steps.(b)
representing the filtering distribution using a set/df head pose Euler rotation angles. Note that thez axis indicates the
weighted samples (particle)X;", wj',n = 1,..., N} head pointing directior(c) and (d) tracking features. Texture features
and updating this representation when new data arriviiam Gaussian and Gabor filters c) and skin color binary mask d).
Given the particle set of the previous time step, config- _ _
urations of the current step are drawn from a proposabservation Model: The observation modep(Y|X)
distribution X; ~ 3w} p(X|X} ;). The weights are measures the likelihood of the observation for a given
then computed asy x p(Y;|X). state value. The observatiohs= (Y Y*¥) are com-
Four elements are important in defining a PF: i) a staﬁ’@sed_ of texture and color observations (see Fig. 3 (c)
model defining the object we are interested in; ii) and Fig. 3 (d)). Texture features are represented by the
dynamical modelp(X,|X,_1) governing the temporal output of three filters (a Gaussian and two Gabor filters at
evolution of the state; iii) a likelihood model measuringlifferent scales) applied at locations sampled from image
the adequacy of data given the proposed configurationR§fiches extracted from the image and preprocessed by
the tracked object; and iv) a sampling mechanism whiéstogram equalization to reduce light variations effects
has to propose new configurations in high likelihoogolor features are represented by a binary skin mask
regions of the state space. These elements are descriddtpcted using a temporally adapted skin color model.
in the next paragraphs. Assuming that, given the state value, texture and color
State SpaceThe state space contains both continuo@servation are independent, the observation likelihood
and discrete variables. More precisely, the state is defigdd | X = (S,0,1)) is modeled as:
as X = (5,0,1) where S represents the head location tex sk

. T . . Y (S, 6)|l Y*5(S, 6)|l 3
and size, and) represents the in-plane head rotation. Prea (S 0)|psk (VS, 0)[1) )
The variablel labels an element of the discretized set afherep,(-|!) and p..(:|!) are pose dependent models.
possible out-of-plane head poddsee Fig. 3a). For a given hypothesized configuratioh, the parame-
Dynamical Model:The dynamic(X¢|X1..—1) governs ters(S,6) define an image patch on which the features
the temporal evolution of the state, and is defined as are computed, while the exemplar indéxselects the

appropriate appearance model.

(04|01, 1) p(le|ls—1, St)p(St|St—1, Si—2). (2) Sampling Method: In this work, we use Rao-
The dynamics of the in-plane head rotatip and Blackwellization, a process in which we apply the
discrete head posk variables are learned using headtandard PF algorithm to the tracking variablesnd 6
pose GT training data. Head location and size dynami¢$ile applying an exact filtering step to the exemplar
are modeled as second order auto-regressive proces$@giablel. The method theoretically results in a reduced

estimation variance, as well as a reduction of the
Note that(6,1) is another Euler decomposition (using differenhumber of samples.

axis) of the head pose, which differs from the one described iﬂor more details about the models and algorithm
Subsection IlI-B (cf Fig. 3a). Its main computational advantage | !

that one of the angles corresponds to the in-plane rotation. Itt?ée reagler is referred to [17]_- Finally, in terms of
straightforward to transform from one decomposition to the other.complexity, the head tracker (in matlab) can process

(b) (d)




TABLE | E ’3
PAN/TILT/ROLL ERROR STATISTICS FOR PERSON LERRIGHT. ® i
2 =t pan e
[ condition ][ right persons | _left persons | 3 2 —— e
[ stat__|[ mean | med | mean | med | £ 4 i lIL
pan 114 | 89 | 149 | 113 i :
filt 198 | 194 | 186 | 17.1 g i "
roll 14 13.2 10.3 8.7 a0
5|
1R 1L 2R 20 38 & 4R 4 SR 5L 6R 6L 7R 7L 6R 6L LI O A -
TABLE ” meeting indexes errors values

Fig. 4. (a) and (b) pan, tilt and roll tracking errors with a) average

PAN/TILT/ROLL ERROR STATISTICS FOR DIFFERENT errors for each person (R for right and L for left person) and b)

CONFIGURATIONS OF THE TRUE HEAD POSE distribution of tracking errors over the whole dataset.
condition pan near frontal | pan near profile | tilt near frontal | tilt far from frontal
(lof <45°) | (Jaf >45°) | (18] <30°) (81 > 30°)
stat mean | med mean [ med mean [ med | mean | med
pan 11.6 9.5 16.9 14.7 12.7 10 18.6 15.9
tilt 19.7 18.9 17.5 17.5 19 18.8 22.1 214
roll 10.1 8.8 18.3 18.1 11.7 10.8 18.1 16.8

appearance training set is composed of faces recorded
in an external set up (different people, different viewing
and illumination conditions), the results are quite good,
with a majority of head pan errors smaller thar? 18ee

i . Fig. 4). However these results hide a large discrepancy
B. Head Pose Tracking Evaluation between individuals: the average pan error ranges from
Protocol:We used a two-fold evaluation protocol, wherg° to 3. It mainly depends on whether the tracked
for each fold, we used half (8 people) of our IHPperson’s appearance is well represented by those of
database (see Sec.lll-B) as the training set to legsgople in the training set. This was more the case for
the pose dynamic model and the remaining half @agople seated on the right than on the left, as shown by
the test set. Initialization was done automatically usingable 1.

a simple background subtraction technique, modeling

the distribution of a pixel background color with one Table I also shows that overall the pan and roll track-
Gaussian, and the assumption that background imagénig errors are smaller than the tilt errors. The main reason
available and that there was one face on the left and rigtthat tilt estimation is more sensitive to the quality of
half of the image (cf Fig. 1(c)). the face localization than the pan, as pointed out by other
It is important to note that the pose dependent appearanesearchers [27]. Indeed, even from a perceptive point of
models were not learned using the same people or he@lv, visually determining head tilt is more difficult than
images gathered in the same meeting room environmetgtermining head pan or head roll.

We used the Prima-Pointing database [33], which comable Il further details the errors depending on whether
tains 15 individuals recorded over 93 different poses (st true pose is near frontal or not. We can observe that,
Fig. 3(a)). However, when learning appearance modéisthe near frontal posesd| < 45° or |3 < 30°), the
over whole head patches, as done in [17], we experiendeshd pose tracking estimates are more accurate, in par-
tracking failures with 2 out of the 16 people of the IHPRicular for the pan and roll value. This can be understood
database (see Section Ill) which had hair appearansace for near profile poses, a variation in pan introduces
not represented in the Prima-Pointing dataset (e.g. amech less appearance change than the same variation in a
of those two people was bald). As a remedy, we traineear frontal view. Similarly, for high tilt values, the face-
the appearance models on patches centered aroundirtege distortion introduced by perspective shortening
visible partof the face, not the head. With this modi- affects the quality of the observations.

fication, no failure was observed, but performance wa$ese results are comparable to those obtained by others
slightly worse overall than those reported in [17]. in similar conditions. For instance, [26] achieved a pan
Performance measurethree error measures are usedbstimation error of 16.9 degrees for poses near the
They are the average errors in pan, tilt and roll angldsontal position, and 19.2 degrees for poses near profile
i.e. the average of the absolute difference between fte| > 45°). In [11], a neural network is used to train a
pan, tilt and roll of the ground truth (GT) and thehead pose classifier from data recorded directly in two
tracker estimation. We also report the error median valuageting rooms. When using 15 people for training and
which should be less affected by very large errors defor testing, average errors of 5 degrees in pan and tilt
to erroneous tracking. are reported. However, when training the models in one
Results:The statistics of the errors are shown in Table toom and testing on data from the other meeting room,
Overall, given the small head size, and the fact that ttiee average errors rise to 10 degrees.

around 1 frame per second.




VI. VISUAL FOCUS OFATTENTION MODELING In this equation, the emission probabilitiegz;|s; =
In this Section, we first describe the models used f are modeled as in the previous case (|.e_. Gausgan
istributions for the regular focus targets, uniform dis-

recognize the VFOA from the head pose measuremegn ution for theunfocused case). However, in the HMM

:)haergntqr;exvo alternatives we adopted to set the mo rﬁodeling, the static prior distribution on VFOA targets

is replaced by a discrete transition matik = (a; ;),
defined bya; ; = p(s¢ = fj|st—1 = fi), which models
A. VFOA recognizer models the probability of passing from the focyfs to the focus

Modeling VFOA with a Gaussian Mixture Model Let f;- Thus, the set of parameters of the HMM model

s; € F denote the VFOA state, ang the head pointing is Ap = {1, 5, A = (aij)ij=1.x}. With this model,
L . S given the observation sequence, the VFOA recognition
direction of a person at a given time instaniThe head

pointing direction is defined by the head pas) @nd is performed by estimating the optimal sequence of focus
tilt (3) angles, i.e.z; = (ay, ), since the head roll targets which maximizes(so.r|21.7). This optimization
() has no ef%e(;t .on the h’ead’ direction by definitiols efficiently conducted using the Viterbi algorithm [34]
(see Fig. 3(a)). Estimating the visual focus can be posed

in a probabilistic framework as finding the VFOA stat®. VFOA Recognizer Parameter Setting

maximizing the a posteriori probability The parameters of our model can be set either using
. . training data, or using a geometric model, as illustrated in
5t = arg ;?eaﬁp(st‘m with p(se|et) oc p(zt|st)p(st) Fig. 2(c) and 2(d), and explained in more details below.
(4) Gaussian Parameter Setting using labeled Training Data:
For each VFOA f; € F which is not unfocused, ~Sjnce in many meeting settings, people are mostly
p(ztlse = fi), which expresses the likelihood of thestatic and seated at the same physical positions, we
pose observations for the VFOA stateis modeled as can set the model parameters using training data. Thus,
a Gaussian distributionV (z; p;, 2;) with meany; and  given training data with VFOA annotations, and head
full covariance matrixZ;. The unfocused stai®(z:[s: = pose measurements, we can readily estimate all the
unfocused) = u is modeled as a uniform distributionparameters of the GMM or HMM models. Parameters
with u = 155755, @s the head pan and tilt angle can vafigarned with this training approach will be denoted
from -90° to 9C°. In Eq. 4,p(s; = fi) = m; denotes the with a | superscript. Note that! and X! are learned by
prior information we have on a VFOA targét Thus, in  first computing the VFOA means and covariances per

this modeling, the total pose distribution is representefeeting and then averaging the results on the meetings
as a GMM (pIUS one uniform miXture), with the miXtUl’q:)ek)nging to the training set.

index ) denoting the focus target:

Gaussian Parameter Setting using a Geometric Model:

K-1 The training approach to parameter learning is
platlAc) = D miN (2, 5i) + mu,  (5) straightforward when annotated data is available.
i=1 However, annotating the VFOA of people in video

recording is tedious and time consuming, as training
Iglata needs to be gathered and annotated for each
ﬁtt'neeting setup. In the case of moving people, this is
Impossible. As an alternative, we propose a model
rt1hat exploits the geometric and cognitive nature of the
problem. The parameters set with this model will be

where \g = {pp = (ti)i=1:x-1, 2 = (X4)i=1.K-1, T =
(mi)i=1.5c} represents the parameter set of the GM
model. Fig. 12 illustrates how the pan-tilt space is sp
into different VFOA regions when applying the decisio
rule of Eg. 4 with the GMM modeling.

Modeling VFOA with a Hidden Markov Model: The

. : g
GMM ‘approach does not account for the temporgF\r/]\IZ[ZZ;IYJI:rr\]eiP?;tpvev:asf\g%gz%L’ﬁ%)éra calibrated w.r.t. the
dependencies between VFOA events. A HMM is a

. ._room. Given a head location and a VFOA target location,
natural extension to the GMM approach for modeling . . . . .
. . is possible to derive the Euler angles associated with
such temporal dependencies. Denoting the VF

sequence by, and the ohservation sequence Ay the gaze direction. As gazing at a target is usually accom-
0:T ) . . , o s .
the joint posterior probability density function of stateg“Shed by rotating both the eyes (‘eye-in-head’ rotation)

. e and the head in the same direction, the head is only par-
and observations can be written: . . .
tially oriented towards the gaze. In neurophysiology and

T
p(so.1, 21.:17) = p(S0) Hp(zt|st)p(st|st_1). (6) 3In principle, such a decoding procedure is performed in batch.
i—1 However, efficient online approximations are available.



NA H D @ associated with the VFOA targets. The reference di-

| 74 rection N (Fig. 5) will be assumed to grossly corre-

:CVH/I ,{ spond to the mean of all the gaze targets directions.

—~~ e For both person left and right, it corresponds to look-

:EN// ing at Ol (cf Fig. 1(c)). The Gaussian covariances
: /G// > were assumed to be diagonal, and were set by

L taking into account the physical target size, and the

(% = fact that VFOA targets corresponding to head poses

in profile are associated with larger pan tracking er-

Fig. 5. Relationship between gazing direction and head orientatid@rS. The specific values werer,(01,02) = 12°,

oo(Pr,PL,SS) = 15° ando,(TB) = 17° for the pan,

and o5(01,02, PR, PL,SS) = 12°, 64(TB) = 15°
cognitive sciences, researchers studying the dynamics4¥ the tilt.
the head/eye motions involved in saccadic gaze shiflgtting the Prior Distribution and Transition Matrix:
have found that the relative contribution of the head aRghen training data is available, one could learn these
eyes towards a given gaze shift follows simple rules [13}arameters. If the training meetings exhibit a specific
[30]. While the experimental framework employed irtructure, as is the case in our database, where the
these papers do not completely match the meeting rogfain and secondary organizers always occupy the same
scenario, we have exploited these findings to proposeexts, the learned prior will have a beneficial effect
model for predicting a person’s head pose given his gagg the recognition performances for similar unseen
target. meetings. However, at the same time, this learned

The proposed geometric model is presented in Fig. §rior can considerably limit the generalization to other

Given a person P whose reference head pose correspafls sets, since by simply exchanging seats between
to looking straight ahead in the N direction, and giveparticipants, we obtain meeting sessions with different
that he is gazing towards D, the head points in directigftior distributions. Thus, we investigated alternatives
H according to: that avoided favoring any meeting structures. In the
GMM case, this was done by considering a uniform
distribution (denotedr®) over the priorr. In the HMM

wherea anday denotes the gaze and head pan anglégse, transitions defining the probability of keeping the
respectively, both w.r.t. the reference direction N. THgame focus were favored and transitions to other focuses

parameters of this modek, and ¢,, are constants were distributed uniformly according tei;; = ¢ < 1
independent of the gaze target, but usually depend @ve usede = 0.75), anda; ; = =5 for i # j where K
individuals [15]. While there is a consensus about th& the number of VFOA targets. We denote 4% the
linearity aspect of the relation in Eq. 7, some research&@@nstructed transition matrix.

reported observing head movements for all gaze shift

amplitudes (i.e£,=0), while others did not. In this paper, VIl. VFOA M ODELS ADAPTATION

vt\ge will a_sbsu_mefaf:ho. Besides,th. 7is Ohn:cy valid it the FOA recognizers described in the previous

the contri utlondo the eyeso'lro the gﬁzleds It (ﬁ'venkbélection are generic and can be applied indifferently to
Op = O‘OG__O‘H) 0 not exceed a threshold, usually takef), e\ person seated at the location corresponding to
at ~ 35°. Finally, in [15], it is shown that the tilt angle e gefined model. In practice, however, we observed
¢ follows a similar linearity rule (we denote bys the o1 haonle have personal ways of looking at targets.
corresponding proportlonallty factor). However, in '[_hl%or example, some people use their eye-in-head rotation
case, the contribution of the head to the gaze shift I§,,,jjiies more and turn less their head towards the
usually lower than for the pan case. Typical values range. sed target than others (see Fig 6(a) and Fig 6(b)).
from 0.2 10 0.5 forkg, and 0.5 to 0.8 fora. In addition, our head pose tracking system is sensitive

We assume we know the approximate positions gf wq yisual appearance of people, and can introduce a

the people’s heads, VFOA targets, and camera withlfsie matic bias in the estimated head pose for a given

the roont. The cognitive model can be used to predigforson. As a consequence, the parameters of the generic
the values of the meap of the Gaussian dlstrlbutlonsmodelS might not be the best for a given person. As a

remedy we propose to exploit the Maximum A Posteriori

“The relation in Eq. 7 is valid in the person’s head reference. TREA . . - . .
camera position is needed in order to transform the obtained pé&4AP) estimation principle to adapt, in an unsupervised

values into head poses w.r.t. to the camera. fashion, the generic VFOA models to the data of each

apg = ko aq if lag| > &, and0 otherwise (7)
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D(vwy,...,vwg) whose pdf is given by:

K
D i—1
puwl,...,VwK (7T1, s 77TK) X H Wiyw (9)
k=1

Additionally, the conjugate prior for the Gaussian mean
and the inverse covariance matrix of a given mixture
is the Normal-Wishart distributionV(r, m;, d, V;) (i =

Fig. 6. Examples (_)f gaze behaviours. (a) and (b): in both imagag,m, K — 1), with pdf p;/V(M’ Zi—l)

the person on the right looks at the targj_él. In (b), however, the . .

head is used more rotated towatd than in (a). x 2;1|T exp (_5(/” I mi)/Zfl(,ui B mz))

7

. 1
new meeting, and thus produce models adapted to an Xexp(—itr(‘/iz;l)), d>p (10)

individual's characteristics.
wheretr denotes the trace operatdn;, — m;)’ denotes

' o the transpose ofu; — m;), andp denotes the observa-
A. VFOA MAP Adaptation Principle tions’ dimension. Thus the prior distribution on the set

The MAP adaptation procedure we followed is a bat@f all the parameters is defined as

process, as explained in Section V. Its principle is K-1

the following: Letz = zi, ...,z denotes the unlabeled p(Aq) =pl,, (71, mx) [ 22 (ki 570,
sequence of head poses of one person, to which we want i=1

to adapt our model, and € A the parameter of the ) R S (11)
VFOA recoghizer to be estimated from the head pod&'® MAP estimate\g of the distributionp(z|Ac)p(Ac)
data. The MAP estimata is then defined as: can thus be computed using the EM algorithm by recur-

sively applying the following computations (see Fig. 7)
A = argmax p(\|z) = argmax p(z|A)p(A)  (8) [35]:

AEA AEA . A
wherep(z|)\) is the data likelihood ang()) is the prior ¢ = Zcz‘u with ¢ = Kmp(ztm“ E")A (12)
on the parameters. The goal is thus to find the parameters P > im1 Tip(2el i, 25)
that best fit the observed head pose distribution, while 1T 1 X
avoiding too large deviation from sensible values through; = — Z cit(ze — Z2) (2 — %), 2o = — Z cirze (13)
the use of priors on the parameters. The choice of the = G

prior distribution is crucial for the MAP estimation. In, . . Xo = (7,(1,5)) denotes the current parameter

[35] it _is shown th‘?‘t for GMMS and_ HMMs, by selectingﬁt. Given these coefficients, the M step re-estimation
the prior probability density function (pdf) ok as the formulas are given by:

product of appropriate conjugate distributions of the data

likelihood, the MAP estimation can be solved using the;, — Y@i — L+ ¢ mmi T ez,
Expectation-Maximization (EM) algorithm, as detailed v-K+T T+
in the next two sub-sections. o _ Vit 4 2 (mi - z)(mi — Z) (14)
! d—p+c
B. VFOA GMM and HMM MAP Adaptation The setting of the hyper-parameters of the prior

. ) o distribution p(A\g) in Eq. 11, which is discussed at
GMM MAP Adaptation:In this case the data |Ike|lh00dthe end of this section, is important as the adaptation

is p(z|Aa) = Ili=1p(2|Ac), where p(zi|Aq) is the s unsupervised, and thus only the prior prevents the
mixture model given in Eq. 5, ankl; are the parametersagaptation process from deviating from meaningful

to be learnt. VFOA distributions.

For this model, it is possible to express the pri({r/FOA MAP HMM Adabtation: The VEOA HMM can
probability as a product of individual conjugate priors P '

[35]. Accordingly, the conjugate prior of the multi_also be adapted in an unsupervised way to new test data

nomial mixture weights is the Dirichlet distribution.usmg the MAP framework [35]' The p_arameters to adapt
in this case are the transition matrix and the param-

°A prior distribution g()\) is the conjugate distribution of a like- eters Of. the emission probabiliies; = {A, (. X)}.
lihood function f(z|)) if the posterior f(z|\)g(\) belongs to the A_dgptatlon of the HMM parameters leads to a procedwe
same distribution family ag. similar to the GMM adaptation case. Indeed, the prior
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Input : adaptation parametets, {w; }) for the Dirichlet, |, controls the balance between the prior distribution

(. d, {mj,Vi}) for the Wishart prior. _ on the mixture weightsv and the data. Ifv is small

Output :estimated parametey; of the recognizer model  (yagp |arge) with respect t& — K, the adaptation is
« Initialization of At #; = wi, fu = mi;, Xi = | dominated by the data (resp. by the prior, i.e. almost

Vi/(d —p) no adaptation occurs). Whem = T — K, the data

o EM: repeat until convergence:
1) Expectation: compute;;, z; and S; (Eq. 12
and 13) using the current parameter agt
2) Maximization: update parameter set using
the re-estimation formulas (Equations 14)
ig. 7. GMM MAP adaptation procedure.

and prior contribute equally to the adaptation process.
In our experiments, the hyper-parameter will be
selected through cross-validation among the values in
CV:{Z/lzT—K, 1/2:2(T—K) ,V3:3(T—K)}.
The prior weightsw;, on the other hand, are defined
according to the prior knowledge we have on the

. dilstribution of VFOA targets. Since we do not want
on the Gaussian parameters follows the same Norm%- enforce anv knowledae about the VFOA targets
Wishart density (Eq. 10), and the Dirichlet prior on th y g g

: . ) o . %istribution, thew,; can be set uniformly equal t%.
static VFOA prior is replaced by a Dmc_hlet PTOT ON b rameter values for the Normal-Wishart distribution:
each rowp(.|s = f;) = a;. of the transition matrix.

Accordingly, thep()y) is proportional to: This distri_bution defines the prior on the mean
’ ) and covariance’; of one Gaussian. The adaptation of

K K1 the mean is essentially controlled by two parameters

1125, . b (i, air) T 27 (i 277 (15) (see Eq. 14): the prior value for the meam;,

=1 i=1 which will be set to the value computed using either
Then the EM algorithm to compute the MAP estimatthe learning €»; = u!) or the geometric approach
can be conducted in the following manner. For a sén; = uf) and a scalarr, which linearly controls the
quence of observations; = (z,...,27), the hidden contribution of the priorm; to the estimated mean. As
states are now composed of a corresponding state e average value for;, is Z, in the experiments, we
quencesy, .., sp, which allows us to compute the jointwill select 7 though cross-validation among the values
state-observation density (cf Eq. 6). Thus, in the B C7 = {11 = 5, » = &, 3 = 25, o, = 3L}
step, one needs to compu{g;; = p(s;—1 = fi, st = Thus, with the first value, the mean adaptation is on
fj|z,)\},) andc;; = p(sy = fi|z,)\;,), which respec- average dominated by the data. With the adaptation
tively denote the joint probability of being in the statdés balanced between the data and prior distrubution on
fi and f; at time¢ — 1 and ¢, and the probability of the means, and with the two last values, adaptation is
being in statef; at time ¢, given the current model dominated by the priors on the means.
My and the observed sequenee These values canThe prior on the covariance is more difficult to set.
be obtained using the Baum-Welch forward-backwattl is defined by the Wishart distribution parameters,
algorithm [34]. Given these values, the re-estimatior@mely the prior covariance matrix; and the number
formulas for the mean and covariance matrices are tbe degrees of freedoml. From Eqg. 14, we see that
same as those in Eq. 14 and as follows for the transitifte data covariance and the deviation of the data mean

matrix parameters: from the mean prior also influence the MAP covariance
S estimate. As a prior Wishart covariance, we will take
a;j = vbij — 14;<Zt:%_1w?t ' (16) Vi = (d — p)Vi, whereV; is either ¥l or ¥, the
’ v—K 4+ 00 &Gt covariance of targef; set either using training data or
the geometric model (Subsection VI-B) respectively.
C. Choice of Prior Distribution Parameters The weighting (d — p) is important, as it allowsV;

. . . . to be of the same order of magnitude than the data
In this section we discuss the impact of the hyper-_ . . : 5T

. ! Y]arlancecZ-Si. In the experiments, we will usé = 5=,
parameter settings on the MAP estimates, through t £, ; . .

) L which restricts the adaptation from deviating far from
analysis of the re-estimation formula (Eq. 14). Befort e covariance briors
going into details, recall thaf” denotes the size of the P '
data set available for adaptation, ahdis the number
of VFOA targets. VIII. EVALUATION SET UP
Parameter values for the Dirichlet distribution: The The evaluation of the VFOA models was conducted
Dirichlet distribution is defined by two kinds ofusing the IHPD database (Section IIl). Below, we de-
parameters: a scale factorand the prior values on thescribe our performance measures and give details about

mixture weightsw; (with >, w; = 1). The scale factor the experimental protocol.
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A. Performance Measures

We propose two kinds of error measures fc&,,

=

performance evaluation. EP - ‘ ‘

The Frame based Recognition Rate (FRR) which .

corresponds to the percentage of frames, or equivalen..y, =~ = = overapraio®’ ** °7 T 7 0T P Geap @l T 0T 07
the proportion of time, during which the VFOA has (a) (GT, Left) (b) (GT, Right)

been correctly recognized. This rate, however, cen
be dominated by VFOA events of long duration (i > os
VFOA event is defined as a temporal segment with ti§ . _
same VFOA label). Since we are also interested in tk.. 02
dynamics of the VFOA, which contains informatior = ' .
related to interaction, we also need a measure reflect ° °* °* °* Jeagp % °7 0 00 T 0 B0 00 2 0r 20T 00 00
how well these events, short or long, are recognized. (©) (TR, Left) (d) (TR, Right)

Event based precision/recall, and F-measure Let Fig. 8. Distribution of overlap measurek; between true and

UsS consider two seauences of VEOA events: tha-étimated matched events. The estimateq events were obtained using
q the HMM approach. GT and TR respectively denote the use of GT

GT sequenceG _Obtained from hum?-n annotatioNyead pose data and tracking estimates data. Left and Right denote
and the recognized sequencB obtained through person left and right respectively.

VFOA estimation. The GT sequence is defined dStags [ description

_ (1. T — B, .. ; gt head pose measurements are from the magnetic field sensopr
G = (Gi= 1= b 6’]))1':1,---1\7 where Ng is tr head pose measurements are from the head tracking algorithm

the number of events in the ground trufhy I; € F [ gmm | the VFOA recognition model is a GMM

is the ith VFOA event label, and, and e¢; are the [ hmm | the VFOA recognition model is an HMM
ML the same meeting is used fortraining and testing is used to

beginning and end time instants of the eV@lt The ge Gaussian parameters are set using the geometric gaze apgroach
recognized sequende is defined similarly. To compute [_ad [ VFOA model parameters were adapted

the performance measures, the two sequences are first TABLE I
aligned using a string alignment procedure that takes
into account the temporal extent of the events. MOI[\éODEL ACRONYMS(TAGS):ACRONYM COMBINATIONS DESCRIBE

precisely the matching distance between two EVéhtS WHICH EXPERIMENTAL CONDITIONS ARE USED FOR EXAMPLE,
e . . GT-HMM-GE INDICATES THAT THEHMM VFOA RECOGNIZER
and RR; is defined as:

WITH PARAMETERS SET USING THE GEOMETRIC GAZE MODEL

occurence
°
w

occurence
°
@

(G, Ry) = { 1-Fr iflh=0land;NI; #0 WERE APPLIED TO GROUND TRUTH POSE DATA
© 2 otherwise
a7) _ _
where F; = ipiiﬂﬂz[ with: The F—mga_sure, defined as the harmomc mean of recall
and precision, reflects this requirement. We report the
oy = i N I andry — |Z; N 1 (18) average of the precision, recall and F-meastije of
| I |1;] the 8 individuals over the whole database (and for each

seat position). Note that according to Eq. 17, events

where|.| denotes the cardinality operator, ah@d mea- . . , .
sures the degree of overlap between two events. Thgr}e said to match whenever their common intersection

given the alignment we can compute the regajl the 'tf]en%toﬁrr]?g;y r%r:ghibiliu:gag:)' ;Zfaggybthlgkut:;gas
precisionng, and the F-measuré’r for each person 9 y sP

measuring the event recognition performance, defineda}fs(:'d.emal matches due to a very S”.‘a'_' Intersection. In
Fp = 20572 \yith practice, however, we observe that it is not the case:

PEtTE the vast majority of matched events have a significant
degree of overlafFy, as illustrated in Fig. 8, with 90%
of the matches exhibiting an overlap higher than 50%,
even using noisier tracking data.

PE = Ne E = Np
where N,,qiened represents the number of events in th
recognized sequence that match the same event in the _
GT after alignment. The recall measures the percentdgeEXperimental Protocol
of ground truth events that are correctly recognized while To study different modeling aspects, several experi-
the precision measure the percentage of estimated evengsital conditions have been defined. They are summa-
that are correct. Both precision and recall need to be highed in Table Il along with the acronyms that identify
to characterize a good VFOA recognition performancthem in the result tables. First, there are two alternatives

o Niatched andtm — Ninatched (1 )
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VFOA recognition without adaptation

iy 2 Gaussian parameters - learned, &) or given by geometric modeling.{, ¥¢), cf Subsection VI-B.

m, A GMM and HMM model priors - set to the values', A*, as described in Subsection VI-B.
VFOA recognition with adaptation
i, 2, ™, A | same description as above - set as the result of the adapfaticess.

v scale factor of Dirichlet distribution - set through crosgdidation.

wy, by j Dirichlet prior values ofr; anda; ; - set tor} and ai;-
T scale factor of Normal prior distribution on mean - set tlylowcross-validation.
m; VFOA mean prior value of Normal prior distribution - set taheir ;! or p7.
d scale factor of Wishart prior distribution on covariancetixa- set by hand (cf Sec. VII-C).
Vi VFOA covariance matrices prior values in Wishart distribot- set to either(d — 2)¥! or (d — 2)X7.

TABLE IV
VFOA MODELING PARAMETERS DESCRIPTION AND SETTING THE GAZE FACTORSK, k3 WERE SET BY HAND.

. . | data ground truth (gt) tracking estimates (tr
t
regardlng '[hhe hea(rj] pOdSG m(.aasutr)en.lergs. the gr(?]und '[\Uu. odeling ML [ 9 [ h ML [ g [ h
gt case, where the data is obtained using the FOB=—Fzg = T 231 2354 473 472

magnetic sensor, and tlrecase, which relies on the esti- recall 7061 726 | 655 [ 664 | 491 | 384
mates obtained with the video tracking system. Secondly, precision 51.2| 551 | 66.7 || 289 30 | 59.3
there are the two VFOA recognizer modetgnm and | F-measureFs || 62 | 62.4 | 65.8 || 38.2| 348 | 45.2
hmm. Regarding the approach relying on training data
for parameter setting, the default protocol is the leave-
one-out approach: each meeting recording is in turn left
aside for testing, while the data of the 7 other record-
ings are used for parameter learning, including hyp data ground Truth () || tracking estimates (ir
parameter selection in the adaptation case (denadid modeling ML [ gmm [ hmm [ ML [ gmm [ hmm
The maximum likelihood cas#IL is an exception, in FRR 689] 56.8 | 57.3 || 436 ] 38.1 | 38
which the training data for a given meeting recording |s___recall 72.9| 66.6 | 58.4 || 65.6 | 55.9 | 37.3
composed of the same single recording. Teecronym precision || 47.4 | 49.9 | 635 || 24.1| 26.8 | 55.1
denotes the case where the VFOA Gaussian means ahareosuree | 56.9] 54.4 | 595 || 348] 356 | 438
covariances were set according to the geometric model TABLE VI
instead of being learned from training data. Finally, the \yFoa RecosNITION RESULTS FOR PERSON RIGHT UNDER
adaptation hyper-parameter pair, ) was selected (i pererenT EXPERIMENTAL CONDITIONS(SEE TABLE III).
the cartesian set” x C7) by cross-validation over
the training data, using’’z as performance measure
to maximize. A summary of all parameters involvegtaining data, the conclusions that are made are also
in the modeling and the way they were set dependinglid for the geometric parameter setting. In Section 1X-
on whether there was adaptation or not is displayed @ we compare in details the results obtained with the
Table IV. geometric parameter setting and those obtained with the
training parameter setting. In all cases, results are given
IX. EXPERIMENTAL RESULTS separately for the left and right persons (see Fig. 1).

_ _ . ) Some result illustrations are provided in Fig.9.
This section provides results under the various exper-

imental conditions. We first analyze the results obtained

on the GT head pose data, and then compare them withResults on GT head pose data

those obtained using the tracking estimates instead.MROA and head pose correlatiofable V and VI dis-
both cases, we discuss the effectiveness of the modelpigy the VFOA recognition results for person left and
w.r.t. different issues: (i) relevance of head pose to modaht respectively. The first column of these two tables
VFOA gaze targets, (ii) predictability of VFOA headgives the results of the ML estimation (see Tab. Ill)
pose parameters, (iii) impact of the person’s positiomith a GMM. These results show, in an optimistic case,
in the room. Then, we comment on the results of thhe performances our model can achieve, and illustrate
adaptation scheme. Note that although these first setghwd correlation between a person’s head poses and his
results are only shown with the parameter setting usid-OA. As can be seen, this correlation is quite high for

TABLE V
VFOA RECOGNITION RESULTS FOR PERSON LEFT UNDER
DIFFERENT EXPERIMENTAL CONDITIONS(SEE TABLE Il1).

-
[
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Fig. 10. Empirical distribution of the GT head pose pan angle
computed over the database L (left image) andPR. For PL, the
people and slide screen VFOA targets can still be identified through
the pan modes. FaPR, the degree of overlap is quite significant.

only eye movements rather than rotating the head. The
values of the confusion matrices, displayed in Fig. 11,
corroborate this analysis. The analysis of Tables V and
VI shows that this discrepancy between the results for
PL and PR holds for all experimental conditions and
algorithms, with a performance decrease frBto PR

of approximately 10-13% and 6%, for the FRR and event
F-measure respectively.

VFOA Prediction:In the ML condition, very good re-
sults were achieved but they were biased because the
test data was used to set the Gaussian parameters. On
the contrary, the GMM and HMM results in Table V
and VI, for which the VFOA parameters were learned
from other persons’ data, highlights the generalization
property of the modeling. We can observe that the GMM
and HMM methods produce results close to the ML case.
For both PL and PR, the GMM approach achieves
better frame recognition and event recall performance
while the HMM is giving better event precision and

- . = ll=== Fr results. This can be explained since the HMM
@ (h) approach is effectively denoising the event sequence.
Fig. 9. Example of results and focus ambiguity. In green, trackings a result some events are missed (lower recall) but

result and head pointing direction. In yellow, recognized focus (hmmy, e : PP
ad condition). Images (g) and (h): despite the high visual similarityrc[)be precision increases due to the elimination of short

the head pose, the true focus differ (in (g): PL; in h: SS). ResolvirgPurious detections.
such cases can_only bg QOne by using context (speaking statussothgi-OA Confusions: Figure 11(a) and 11(b) display as
people gaze, slide activity etc). images the confusion matrices f&YZ and PR obtained

with the VFOA FRR performance measure and a HMM.
PL (almost 80% FRR), showing the good concordandéhey clearly exhibit confusion between VFOA targets
between head pose and VFOA. This correlation, howhich are proximate in the head pose space. For instance,
ever, drops to near 69% fd?R. This can be explainedfor PL, O2 is sometimes confused witAR or O1. For
by the fact that for the person on the righPR), PR, the main source of confusion is betwe&i and
there is a strong ambiguity between looking at PL &S, as already mentioned. In addition, the tabil&?,
SS, as illustrated by the empirical distributions of thean be confused wittv1 and O2, as can be expected
pan angle in Fig. 10. Indeed, the range of pan valusice these targets share more or less the same pan values
within which the three other meeting participants andith 7'B. Thus, most of the confusion can be explained
the slide screen VFOA targets lies is half the pan ranhg the geometry of the room and the fact that people
of the person sitting to the left{L). The average can modify their gaze without adjusting their head pose,
angular distance between these targets is arouridd 2@d therefore do not always need to turn their heads to
for PR, a distance which can easily be covered usirigcus on a specific VFOA target.
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Fig. 13. VFOA frame based recognition rate vs head pose tracking
errors (for the pan angle), plotted per meeting. The VFOA recognizer
R0 o s T oz o1 s T is the HMM modeling after adaptation.

(c) (TR, Left) (d) (TR, Right)

Fig. 11. Frame-based recognition confusion matrices obtained wj : ; ;
the HMM modeling (gt-hmm and tr-hmm conditions). VFOA target@%rtlcmar for Fp. This demonstrates that, in contrast

1 to 4 have been ordered according to their pan proximity: PR: pers$fith What was observed with the clean GT pose data,
right - PL: person left - O1 and O2: organizer 1 and 2 - SS: slidél presence of noisy data, the HMM smoothing effect is
screen - TB: table - U: unfocused. Columns represent the reccmgnimite beneficial. Also, the HMM performance decrease is
VFOA. smaller forPR (19% and 15% for respectively FRR and
Fg) than for PL (25% and 20%). This can be due to the
better tracking performance -in particular regarding the
pan angle- achieved on people seated at the positidn
(as reported in Table 1). Fig. 13 presents the plot of the
VFOA FRR versus the pan angle tracking error for each
o =« mMmeeting participant, when using GT head pose data (i.e.

-0  -20

0 20
pan pan

@ ) with no tracking error) or pose estimates. It shows that

Fig. 12. Pan-tilt space VFOA decision maps for person right buifpr PL, there is a strong correlation between tracking

from all meetings, in the GMM case (cf Eq. 4), using GT (a) oerrors and VFOA performances, which can be due to
tracking head pose data (b). The areas corresponding to the VFffe fact that higher tracking errors directly generate

targets are specified by their acronynisi, S5, O1, 02, TB, U). |arger overlaps between the VFOA class-conditional pose

distributions (cf Fig. 10, left). FoP R, this correlation is

B. Results on Head Pose Estimates data weaker, as the same good tracking performance results in

Table V and VI provide the results obtained using theery different VFOA recognition results. In this case, the
head pose tracking estimates, under the same experinigarease of ambiguities between several VFOA targets
tal conditions as those used for the GT head pose ddtag. SS and PL) may play a larger role.
As can be seen, substantial performance degradatiorrigally, Fig. 11(c) and Fig. 11(d) display the confusion
observed. In the ML case, the decrease in FRR andrRatrices when using the HMM and the head pose
measure ranges from 22% to 26% for bafh. and estimates. In this case, the confusion matrices are very
PR. These degradations are mainly due to small posinilar to the case using GT. However more confusion is
estimation errors and also, sometimes, large errors dugserved due to the tracking errors and the uncertainties
to short periods when the tracker locks on a sub-part iofthe tilt estimation (see Fig 13).
the face. Fig. 12 illustrates the effect of pose estimation
errors on the VFOA distributions. Shape changes {8 Results with Model Adaptation

the VFOA decision maps when moving from GT pose Table VII displays the recognition performance ob-

dat_a to pose estimates convey the increase .Of PSihed with the adaptation framework described in Sec-
variance measured for each VFOA target. The increase 6 .
. o ion VII°. For PL, one can observe no improvement
is moderate for the pan angle, but quite important for : :
the tilt angle when using GT data and a large improvement when

. : : 0 0
A more detailed analysis of Table V and VI showdsing the tracking estimates (e.g. around 10% and 8%

that the performance decreases (from GT to trackiicg):jr resp. FRR and; with the GMM model). In this

dat.a) in the GMM. Cohdition follows th(? ML CaSe, oin the tables, we recall the values without adaptation for ease of
while the deterioration in the HMM case is smaller, imomparison.
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[ person][ measure[[ gt-gmm [ gt-gmm-ad]| gt-hmm [ gt-hmm-ad |
L FRR 72.3 72.3 72.3 2.7 “
Fg 62.4 61.2 65.8 66.2 *
R FRR 56.8 59.3 57.3 62 °
Fg 54.4 56.4 59.5 62.7 “
[[ person ] measure[[ tr-gmm [ tr-gmm-ad [ tr-hmm [ tr-hmm-ad |
L FRR 47.3 57.1 47.4 53.1 .
Fg 34.8 428 452 47.9 1L ‘ —
R FRR 38.1 39.3 38 41.8 " Va v %2 ) Ta
Fg 35.6 37.3 43.8 48.8 (@) (b)
Fig. 15. Histogram of the optimal scale adaptation factor of the
TABLE VI g g b P

HMM prior (a) and HMM VFOA mean (b), selected though cross-
VFOA RECOGNITION RESULTS FOR PERSON LEF(L) AND RIGHT  validation on the training set, and when working with GT head pose

(R), BEFORE AND AFTER ADAPTATION data.

pose values predicted by the model are consistent with
the average pose values computed for individuals using
the GT data. This is showed in Table VIII, which
provides the prediction errors in pdf,,, defined as:

-0 20 o 20 40 -80 60 40

-20
pan pan

o

8
Epan = 8><(I1(—1) Z Z | (fi) — o, (fi)]

Fig. 14. VFOA decision map example before adaptation (Left) and m=1 f,eF/{U}
after adaptation (right). After adaptation, the VFOA @l and O2 (20)

correspond to lower tilt values. The cloud of stars represents th _ N
tracking head pose estimates used for adaptation. Where a,,(f;) is the average pan value of the person

in meetingm and for the VFOAf;, andah,(f;) is the

r?redicted value according to the chosen model (i.e. the
n component qﬁfci or lel. in the geometric or learning

pproaches respectively). The tilt prediction etky; is

situation, the adaptation is able to cope with the tracki
errors and the variability in looking at a given target. FOr
PR, we notice an improvement with both the GT and tained b laci les by tilt les in Eq. 20
tracking head pose data. For instance, with the HM ained by repiacing pan angies oy it angles in £9. 0.

el and rackng e, e improvement s .65 S 08 S LG Coss eldmand, eS|
5% for FRR andFr. Again, in this situation adaptationIO g P

. g . the constant valuegx,,~3) = (0.5,0.5) used in all
can cope with an individual way of looking at the target%he recognition experiments reported below. Also, we
such as correcting the bias in the estimated head tilt , ' ’

as. - .
illustrated in Fig. 14. Koticed that usually the,, values providing good predic-

tion are lower when using tracking data than when using

When exploring the optimal adaptation parameters %ﬁ'e ground truth head pose data. A likely explanation

timated through cross-validation, one obtains the h'%' that the head tracker under-estimates the pan angles.

tograms of Fig. 15. As can be seen, regardless of the kl?ﬁ'us to account for this, a smaller, has to be used to

of input pose data (GT or estimates), they correspondotBtain better prediction. Interestingly enough, however,

configurations giving approximately equal balance to ﬂ?r‘? practice we did not find any particular relationship

data and prior w.r.t. the adaptation of the HMM tranSitiOBetween an optimal angular prediction (as measured by

matrices £, and v»), and configurations for which theE% 20) and the VFOA recogpnition results, showing that
data are driving the adaptation process of the mean POS . : - :
€ selection of these values is not critical. We thus relied
values {; andy). )
on (kq, kg) = (0.5,0.5) for all our experiments.

_ _ _ The recognition performance is presented in Table IX.
D. Results with the Geometrical VFOA Modeling These tables show that, when using GT head pose data,
Here we report the results obtained when setting thiee results are slightly worse than with the training
model parameters by exploiting the meeting room gdata approach, which is apparent in the similarity of
ometry (cf Subsection VI-B). This possibility for settinghe prediction errors. However, when using the pose

parameters is interesting as it removes the need for datdimates, the results are better. For instance by

annotation each time a new focus target is consideredwh adaptation, the FRR improvement is more than 6%.
5th person introduced around the table). It is interesting and encouraging given that the modeling
Fig. 16 shows the geometric VFOA Gaussian parametei@es not require any training data. Also, we notice
(mean and covariance) generated by the model whitiat the adaptation always improves the recognition,
using (ka, k3) = (0.5,0.5). As can be seen, the VFOAsometimes quite significantly (see the GT data condition
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Method || learned VFOA || geometric VFOA || geometric VFOA person || Measure ot gt-ge | gt-ad | gt-ge-ad
(cross-validation)|| (ka = xg = 0.5) L FRR 723 | 69.3 | 72.7 70.8
Error Epan [ FEir Epan [ FEir Epan [ FEirt Fg 65.8 65.2 66.2 65.3
PL 6.4 51 55 6.4 58 6.4 R FRR 57.3 | 51.8 62 58.5
PR 59 | 6.1 5.6 76 1238 74 I's 595| 53 | 627 | 592

person || Measure tr tr-ge | tr-ad | tr-ge-ad
FRR 474 | 552 | 53.1 59.5

TABLE VIII L Fr || 452| 482 | 479 | 501
PREDICTION ERRORS(IN DEGREES FOR LEARNEDVFOA AND R FRR 38 | 411 | 4138 42.7
Fg 438 | 49.1 | 488 | 50.1
GEOMETRICVFOA MODELS (WITH GT POSE DATA). IN THE
GEOMETRIC CROSSVALIDATED CASE, THE SAME METHODOLOGY TABLE IX
THAN IN THE LEARNING CASE IS USED FOR EACH MEETING THE VEOA RECOGNITION RESULTS FORPL AND PR USING THE
EMPLOYED o (OR f3) HAS BEEN LEARNED ON THE OTHER HMM MODEL WITH THE GEOMETRICVFOA PARAMETER
MEETINGS. SETTING ((Ka, ) = (0.5,0.5)), WITH/WITHOUT ADAPTATION.
20 FOR EASE OF COMPARISONWE RECALL THE RESULTS WITH THE
ol TRAINING PARAMETER SETTING
5 -10F
'8 -20r
= ol L in accordance with the 52% FRR reported by the same
anf authors [36] when using the same framework as in [11]
[}

P but applied to a 5-person meeting, resulting in 4 possible
pan {degrees) VFOA targets.
Nevertheless, as comparing algorithm results on different
setups is quite difficult, we implemented the method-
ology proposed in [11], [36] to recognize the VFOA
solely from head pose. This methodology consists of first
clustering the head pose measurements of an individual
L S person using the K-means algorithm, and then using the
80 60 40 - 0 20 40 60 B outcome to initialize the learning of a GMM similar to
pan (degrees) .
_ _ _ o the one we presented. Finally, each component of the
Fig. 16. Geometric VFOA Gaussian distributions f&YR (top MM mixt . iated with a t tf .
image) andP L (bottom): the figure displays the gaze target directioﬁi mixture IS associated with a target focus using a

(O), the corresponding head pose contribution according to te€t Of rules. This approach clearly has several issues,
geometric model with valueSsa, x5) = (0.5,0.5) (A symbols), and especially when the number of targets is large: how

the average head pose (from GT pose data) of individual peaple (tq initialize the K-means algorithm, and how to define
Ellipses display the standard deviations used in the geometric mogd- '

eling. black=PL or PR, cyan=S5, blue=01, green)2, red='B. e association rules. As no information was given in
[11] w.r.t. K-means initialization, we experimented with

different alternatives and report the best results, which

_ _ . were obtained using the gaze values predicted by the
Comparls_on with Stiefelhagen et al [11]Our 'results eometrical model (random initialization produced on
seem quite far from the 73% reporte_d by Stl_efelhag verage much worse results than those presented, around
et al [11]. Several factors may explain the dn‘ferencelo% less). Each component was associated with a focus

First, in [11], meeting with 4 people were studied and ng 14 ying the mixture with the lowest mean tilt value as

other target apart from the other meeting participants WER table, and other mixtures were associated to the other

considered. In additio_n_, these participants were Si_tti_r\‘/q:OA targets based on their respective pan values. The
at qually spacg_d positions around the table, Opt'm'z”agmparative results are given in Table X. They show
the discriminability between VFOA targe_ts. People Weiat our method leads to significant improvements in
recorde((jj from ahcamirla placed dlrecr‘:ly N f.ror.1t Of]:[hhe%l conditions. Interestingly enough, the improvement is
Hentie, bue to the table georrt:etry, L € majqulty of he@fhher when using uncorrupted head pose measurements
pan lay between)—45°, 45°], where the tracking errors ; o yhe GT data). These improvements validate our use
are smaller (see Table I). Ultimately, our results are mo ?the MAP adaptation framework. Indeed, while in [11]

, _ _ full freedom is given to the data to drive the adaptation

Note that in [11], approaches to recognize the VFOA fro

audio, and a combination of audio and head pose are also providrBeapcess’ our experiments show (cf Fig. 15) that the opti-

However, for the remainder of this paper, we compare our methfa@l adaptation parameters, selected by cross-validation,
with their approach on recognizing the VFOA solely from head posgive equal importance to the data and the prior set on

since this is the scope of our paper. the GMM parameters to obtain better models.

tilt (degrees)

for PR, or the tracking data foPL).




Method Stiefelhagen et al [11] Our model (ge-ad)
measure|| gt-L | tr-L | gt-R | tr-R gt-L | tr-L | gt-R | tr-R
FRR 619 | 55.7 | 53.1 | 39.6 || 70.8 | 59.5 | 58.5 | 42.7
g 53.8 | 35.1 | 438 | 34.7 || 65.3 | 50.1 | 59.2 | 50.1
TABLE X

COMPARISON OF OURVFOA RECOGNITION APPROACHHMM
WITH GEOMETRIC MODEL AND ADAPTATION) AND [11] (SEE
FOOTNOTE7Y).

X. CONCLUSION AND FUTURE WORK
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nition parameters using thenlabeled head pose
measurements improves the recognition.

From the above, there are several ways to improve
performance. The first one is to increase the separation
between the visual targets. However, in practice, this
is only feasible for applications which allows for the

design of a specific set-up, e.g. a meeting room. Still,
increasing the separation is limited by the number of
people that we want to accommodate and the activities
that people are allowed to perform. The second one

In this paper, we addressed the VFOA recognition & 0 improve the pose tracking algorithms. This can
meeting participants from their head pose in compldde achieved using multiple cameras, higher resolution

meeting scenarios. Head pose measurements were

igges, or adaptive appearance modeling techniques,

tained either through magnetic field sensors or usingPgeferably in a supervised fashion, by setting up training
head pose tracking algorithm. Several alternative modé&Rssion to acquire people’s appearance at the beginning

were studied. Thorough experiments on a large a

Aafa meeting.

challenging database made publicly available, gave thethird way to improve VFOA recognition can only

following outcome:
« influence of the physical setup:.when using head

come from the prior knowledge embedded in the cog-
nitive and interactive aspects of human-to-human com-

pose tracking estimates, average recognition raf@&nication. Ambiguous situations such as the one il-
of 60% and and 42% were obtained for the left anlyStrated in Fig.  9(g) and Fig. 9(h), where the same
right seat respectively. It shows that good VFOAEad pose can correspond to two different VFOA targets,
recognition can only be achieved if the visual targefuld be resolved by the joint modeling of the speaking

of a person are well separated in the head pose éﬁ’:’_ltus' and VFOA of all meeting participants. _The rela'-
gular space, which mainly depends on the persoﬁbgnshlp between speech and VFOA, used for instance in
position in the meeting room. [11], has been shown to exhibit specific patterns in the

head pose tracking: accurate pose estimation idehavioral and cognitive literature, as already exploited

essential for good results. Around 11% and 164Y [12] to derive conversation structures.

error decreases were observed for the left and rigRf@lly: in the case of meetings in which people are mov-

seat respectively when using the pose estimatéd to the slide screen or white board for presentations,

instead of the ground truth. In addition, experiment§€ development of a more general approach that models

showed that there exists some correlation betwelllf VFOA of these moving people will be necessary.

head pose tracking errors and VFOA 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
Recognition Rate measure, the newly introduced]
event-based measui€; shows that the temporal
smoothing introduced by the HMM removes spuri-
ous detections in the VFOA estimation.

training data vs geometric model: to avoid the
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