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Abstract or whom they interact or to what they refer.
In this research, we address the problem of tracking the

This paper presents an overview of our work on track- focus of attention of participants in a meeting, i.e. track-
ing focus of attention in meeting situations. We have devel-ing who is looking at whom during a meeting. Such infor-
oped a system capable of estimating participants’ focus of mation can for example be used to control interaction with
attention from multiple cues. In our system we employ an@ smart meeting room or to index and analyze multimedia
omni-directional camera to simultaneously track the faces meeting records. .
of participants sitting around a meeting table and use neu- A body of research literature suggests that humans are
ral networks to estimate their head poses. In addition, we generally interested in what they look at [19[ 4, 9] and the
use microphones to detect who is speaking. The system predOSG rglatlonshlp between gaze and attention durmg social
dicts participants’ focus of attention from acoustic and vi- interaction has been emphasized([2.13, 8]. In addition, re-
sual information separately, and then combines the outputcent user studies reported strong evidence that people natu-
of the audio- and video-based focus of attention predictors. rally look at the objects or devices with which they interact

In addition this work reports recent experimental results: [11,[6]. _ _
In order to determine how well we can predict a subject's A first step to determine someone’s focus of attention,
focus of attention solely on the basis of his or her head therefore is, to find out in which direction the person looks.
orientation, we have conducted an experiment in which There are two contributing fac_tors in the formationl of Where
we recorded head and eye orientations of participants in & person looks: head orientation and eye orientation. In this
a meeting using special tracking equipment. Our results work head orientation is considered as a sufficient cue to
demonstrate that head orientation was a sufficient indica- detect a person’s direction of attention. Relevant psycho-
tor of the subjects’ focus target in 89% of the time. Further- logical literature offers a number of convincing arguments
more we discuss how the neural networks used to estimatdor this approach (e.gl[8] 3, 17]) and the feasibility of this

head orientation can be adapted to work in new locations approach is demonstrated experimentally in this paper.
and under new illumination conditions. A practical reason to use head orientation to estimate a

person’s focus of attention, is, that in scenarios such as ad-
dressed in this work, head orientation can be estimated with
i non-intrusive methods while eye orientation can not.
1 Introduction Our approach to tracking at whom participants look, i.e.
their focus of attention, is the following:

In recent years much research has been done in building - .
computerized intelligent environments, which aim at sup- - Detectall participants in the scene,
porting humans during various tasks and situations. Re- 5 ogtimate each participant's head orientation and
search projects include the “digital office” [5], "intelligent
house,” which adapts illumination and heating to a user's 3. map each estimated head orientation to its likely tar-
needs [[12], "intelligent classrooms,” which automatically gets using a probabilistic framework.
takes notes and provides students with relevant web pages
[1], and "smart conferencing rooms,” which aim to support  This approach is of course not perfect. Since eye gaze
cooperative work and help to document and analyze the acdis neglected, a certain amount of errors is introduced. The
tivities that occur in meeting&[[7, 18]. noisy estimation of head orientations from camera images
In order to make such intelligent and interactive envi- introduces additional errors.
ronments respond appropriately to their users’ needs, it is To improve the robustness of focus of attention tracking,
necessary to equip them with perceptive capabilities to cap-we therefore would like to combine various sources of infor-
ture as much relevant information about its users and themation. We have found that focus of attention is correlated
context in which they act as possible. Obtaining knowledge to who is speaking in a meeting and that it is possible to esti-
about a person’s focus of attention is a major step towardsmate a person’s focus of attention based on the information
a better understanding of what users do, how and with whatof who is talking at or before a given moment. To estimate



Figure 1. Panoramic view of the scene around the table. Faces are automatically detected.

where a person is looking, based on who is speaking, probaview is computed (see Figuré¢ 2. Faces extracted from these
bility distributions of where participants are looking during views are then used to estimate each participant’s head pose.
certain “speaking constellations” are used.

The accuracy of sound-based prediction of focus of at- 2 1 Head Pose Estimation with Neural Networks
tention can furthermore significantly be improved by taking
a history of speaker constellations into account. We have
trained neural networks to predict focus of attention based
on who was speaking during a short period of time.

Finally, the head pose based and the sound-based est
mations are combined to obtain a multimodal estimation of
the participants’ focus of attention. This leaded to signifi-
cant improvements compared to using just one modality for
focus of attention tracking alone.

Our system for focus of attention detection in meetings
has been successfully installed in both our labs at the Uni-
versi@at Karlsruhe, Germany and at Carnegie Mellon Uni-
versity in Pittsburgh, USA. A problem when porting the

We use neural networks to estimate head pan and tilt
from such facial imaged [13]. In our approach, prepro-
cessed facial images are used as input to the neural net-
works, and the networks are trained so as to estimate the
horizontal (pan) or vertical (tilt) head orientation of the in-
put images. Separate networks were trained to estimate
head pan and tilt. These networks contained one hidden
layer and one output unit, which encodes the head orienta-
tion in degrees. By training multi-user networks on images
from twelve users we achieved average estimation errors as
low as three degrees for pan and tilt. On images from new
system to a new location is the need for appropriate train- US€rs: head orientation could be estimated with an average

ing images for the neural network based approach to hea rror of 10 degrees for pan and tilt. More details can for be
orientation estimation. We therefore also investigated how ound in [13].
much training/adaptation data is necessary to port the sys-
tem to a new location. _ _ 3 From Head Pose to Focus of Attention

The remainder of this paper is organized as follows: In
sectior] 2 we discuss how participants are tracked and how , , ,
head pose is estimated in our system. In se¢fion 3 we intro-__ N our approach we first estimate a persons head orien-
duce our probabilistic approach to model at whom subjectstation and then detect at whom a person was looking based
look at based on their head orientations. In sedfion 4 we©n his or her estimated head orientation.
present a user study investigating how reliably focus of at-  Compared to directly classifying a person's focus of at-
tention can be estimated based on head orientation alondention target —based on images of the person’s face for ex-
in meetings. In secti 5 we suggest that focus of attention@Mple — our approach has the advantage that different num-
tracking could benefit from also tracking other relevant cues Pers and positions of participants in the meeting can be han-
ing at a given moment can be used to improve focus of atten-tion problem, and a classifier such as a neural network was
tion tracking accuracy. In sectigh 6 we discuss portability trained to directly learn the focus of attention target from the

issues of our system. We conclude the paper in sefction 7. facial images of a user, then the number of possible focus
targets would have to be known in advance. Furthermore,

) L with such an approach it would be difficult to handle situ-
2 Simultaneous Head Pose Tracking in Meet-  ations where participants sit at different locations than they
ings were sitting during collection of the training data.

We use an omni-directional camera to capture the scene
around a meeting table. Compared to using several camen;:\)r .
to capture the scene, this simplifies the recording since no i
camera control, calibration or synchronization is necessary.w‘

In the panoramic view of the meeting scene (see Figure
[T for an example) we then detect the participants faces by
searching for skin-colored regions and use some heuristics’ A -
to distinguish skin-colored hands from faces|[13]. "_ ) . o

For each detected participant a rectified (perspective) Figure 2. Perspective views of participants.
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Figure 3. Unsupervised adaptation of model parameters to find P(Focus|HeadPan) (see text).
We have developed a Bayesian approach to estimate at [ Meeting | A [ B | C [ D [[Avg. |

which target a person is looking, based on his observed [ Accuracy] 68.8] 73.4] 79.5] 69.8] 72.9 ]
head orientation [14, 15]. More precisely, we wish to find
P(Focug = T;|zg), the probability that a subject is
looking towards a certain target persdp given the sub-  Table 1. Correctly assigned focus targets based on
ject’s observed horizontal head orientatiog, which isthe  head pan (in percent)

output of the neural network for head pan estimation. Using

Bayes formula, this can of be decomposed into

p(xg|Focg = T;)P(Focs = T;) class-conditionalg(z|Focus= T') of our focus of atten-
P(Focs = Ti|zg) = @s) ; tion model described in equation (3). We furthermore use
pirs the priors of the mixture modeP(j), as the focus priors

P(Focus= T). To assign the individual Gaussian compo-
nents and the priors to their corresponding target persons,
the relative position of the participants around the table are
used.

Figure[ 3 shows an example of the adaptation on pan ob-
servations from one user. The mixture of Gaussian distri-
bution is adapted to the distribution of all head pan obser-
vations of the user (Fid.| 3(A)). Figufé 3(B) depicts compo-
nents of the mixture model. For comparison, the real class-

In order to adapt the parameters of our model to varying ., gtional head pan distributions are shown. Figre 3(C)
target locations and to the different head turning styles of depicts the resulting posterior distributions.

the participants, we have developed an unsupervised learn-
ing approach to find the head pan distributions of each par-
ticipant when looking at the others.

In our approach, we assume that the class-conditional )
head pan distributions can be modeled as Gaussian distri- We evaluated our approach on several meetings that we
butions. Then, the distributiop(z) of all head pan obser- recorded. In each of the meetings four participants were

vations from a person will result in a mixture of Gaussians, Sitting around a table and were discussing a freely chosen
topic. Video was captured with the panoramic camera and

M audio was recorded using several microphones.
~ - . In each frame we manually labeled at whom each par-

pz) ~ Zp(x|])P(j), ticipant was looking. These labels could be onélaft”,
“Right” or “Straight”, meaning a person was looking to
o . . . the person to his left, to his right, or to the person at the
where the individual (_:omponentzdensnngcb) are given  gpposite. If the person wasn't looking at one of these tar-
by Gaussian distributiond’; (1., o7). gets; e.g., the person was looking down on the table or was

The number of Gaussian¥/ is set to the number of staring up to the ceiling, the lab&Dther” was assigned.
other participants that are detected around the table. Thdn addition, labels indicating whether a person was speak-
parameters of the mixture model can be adapted so as tang or not, were manually assigned for each participant and
maximize the likelihood of the pan observations given the each video frame.
mixture model using the EM algorithm (for further details Table[1 shows the evaluation results on the four recorded
see[[14]). To initialize the means; of the mixture model, = meetings. In the table, the average accuracy on the four
k-means clustering is performed on the pan observations participants in each meeting is indicated.
Parameters are iteratively updated as follows: For the evaluation the faces of the participants were au-

After adaptation of the mixture model, we use the in- tomatically tracked. Head pan was then computed using the
dividual Gaussian components as an approximation of theneural network-based system to estimate head orientation.

wherezx; denotes the head pan of pers®in degrees and
T; is one of the other persons around the table.

In order to computd’(Focus, = T'|zs), it is necessary,
to estimate the class-conditional probability density func-
tion p(xg|Focug, = T), the class priotP(Focus; = T')
andp(z ) for each person. Finding(zs) is trivial and can
be done by just building a histogram of the observed head
orientations of a person over time.

3.1 Experimental Results

j=1



For each of the meeting participants, the class-conditional
head pan distributiop(z|Focug, the class-prior®(Focug

and the observation distributiopgx) were adapted as de-
scribed in the previous section, and the posterior probabili-
ties P(Focus= T;|z) for each person were computed. Dur-
ing evaluation, the target with the highest posterior proba-
bility was then chosen as the focus of attention target of the
person in each frame.

For the evaluation, we manually marked frames where a
subject’s face was occluded or where the face was not cor-
rectly tracked. These frames were not used for evaluation.Figure 4. A participant wearing the head-mounted
Face occlusion occurred in 1.6% of the captured images.eye and head tracking system.

Occlusion sometimes happened, when a user covered his

face with his arms or with a coffee mug for example; some-

times a face was occluded by one of the posts of the camera.

In another 4.2% of the frames the face was not correctly o . .

tracked. We also did not use frames where a subject did4.2 Contribution of Head Orientation to Gaze

not look at one of the other persons at the table. This hap-

pened in 3.8 % of the frames. Overall 8.2% of the frames

were not used for evaluation since at least one of the above  First, we analyzed the contribution of head orientation

indications was given. and eye orientation to the overall gaze direction along the
horizontal axis. On the data from the four participants we
found that in 87% of the frames head orientation and eye

4 Head Pose versus Eye Gaze gaze pointed in the same direction (left or right). For these
frames we calculated the contribution of head orientation

In this work, head orientation is used to predict a per- 0 the overall line of sight orientation. Since the horizontal
son’s focus of attention in meetings. This is done becausecomponent of the line of sigtibs,, is the sum of horizontal
head orientation is assumed to be a reliable indicator of theN&ad orientationo, and horizontal eye orientatiam,, the
direction of someone’s attention during social interaction Percentage of head orientation to the horizontal direction of
and because eye gaze of several meeting participants cargaze is computed as head contributierf.2:.
not k_Je easily trapked without the use Qf intrugive hardware. Table[2 summarizes the results of four experiment ses-

_Since we estimate where a person is looking at based orsjons,  From the results, we can see several interesting
his head orientation, the following question suggests itself: points: 1) Most of the time, the subjects rotate their heads
how well can we predict at whom a person is looking at, and eyes in the same direction to look at their focus of at-
merely on the basis of his or her head orientation? tention target (87%). 2) The subjects vary much in their

To answer this question, we have analyzed the gaze ofysage of head orientation to change gaze direction: from
four people in meetings using special hardware equipmentsupject 2's 53% to Subject 4’s 96%, with an average of
to measure their eye gaze and head orientation [16]. Weg8.9%. 3) Even for Subject 2, whose head contribution is
have analyzed the gaze and head orientation data of the fouthe least among the four participants, head orientation still
people to answer the following questions: contributes more than half of the overall gaze direction. 4)

Eye-blinks (or eye-tracking failures) take about 20% of the

1. How much does head orientation contribute to gaze? frames, which means even for commercial equipments as

accurate as the ISCAN system we used, eye orientation, and

2. How accurate|y can we predict at whom the person thLIIS the over_all gaze direction cannot be obtained in about

was looking at, based on his head orientation only?  afifth of the time.

4.1 Data Collection [ Subject | eye blinks| same direct]| head contrib.]
1 25.4% 83.0% 62.0%
The setting in this experiments is a round-table meeting. g isg?;z gggzﬁ 22822
There are four participants in the meeting, and a session 7 19.5% 97.9% 96 7%

of data for about ten minutes with each participant is col-
lected. In each session, one of the participants, the subject, [ Average] 21.7% [ 87.0% | 68.9% |
wears a head-mounted gaze tracking system from ISCAN

Inc. [10].This system can estimate and record the following

data with a frame rate of 60 Hz: the subject’s head position, Table 2. Eye blinks and contribution of head orien-
head orientation, eye orientation, pupil diameter, and thetation to the overall gaze.

overall gaze (line of sight) direction. All these estimations

have a precision of better than one degree. head-mounted

gaze-tracker.




3500 = 2500

= e Table[3 summarizes the results on the four participants.
The results show that the focus of attention target can be
correctly estimated with only head orientation data in 82.6%
(Subject 2) to 93.2% (Subject 3 and 4) of the frames, with
o ﬂ an average of 88.7%. This can be seen as the upper limit
WARLWS v L - 3 SIS I PR Wl W of accuracy that we can get in head orientation based fo-
oo rctn s ore rcton s cus of attention estimation in such a scenario. These results
also show that head orientation is indeed a reliable cue for
detecting at whom participants look at in meetings.

Figure 5. Histograms of horizontal gaze directions
of two subjects. o
5 Predicting Focus Based on Sound

Attention is clearly influenced by external stimuli, such
as noises, movements or speech of other persons. Moni-
toring and using such cues might therefore help us to bias
certain targets of interests against others.

We approached the second question we proposed before We have found that focus of attention is correlated to
in this particular meeting application: How accurately can who is speaking in a meeting and that it is possible to esti-
we predict at whom the subject was looking at, on the basismate a person’s focus of attention based on the information
of his head orientation? Answering this question gives us anof who is talking at or before a given moment[[4] 15].
idea of the upper limit of the accuracy that can be obtained In our first experiment to predict focus from sound
when the focus of attention target is estimated based on hea@speakers) we analyzed at whom the four participants in the
orientation alone. recorded meetings were looking during certain “speaking”
conditions. Here, “speaking” was treated as a binary vec-
tor; i.e., each of the four participants was either labeled as
“speaking” or “not speaking” in each video frame. Now,

To automatically determine at which target person the sub-USing this binary “speaking” vector and having four partici-
ject was looking at (focus of attention), the gaze direction Pants, there exist' possible “speaking” conditions in each
was used. Figurg]5 shows the histograms of the horizon-rame, ranging from none of the participants is speaking to
tal gaze direction of two of the participants. In each of the all of the participants are speakirig [14].

histograms, it can be seen that there are three peaks. We BY using only the speaker labels to make a sound-based
assume that these belong to the direction where the othefocus prediction, we were able to predict the correct focus
participants at the table were sitting. We have automatically ©f €ach participant 56.3% of the time in the evaluation meet-
determined the peaks in the horizontal line-of-sight data- 'N9S.

files using the k-means algorithm. The peaks found were

then used as the directions where the other persons wer§.1  Using Temporal Speaker Information to Pre-
sitting; and in each frame focus of attention labels were as- dict Focus

signed based on the least distance of the actual horizontal
line-of-sight to the three target directions.

4.3 Predicting the Gaze Target Based on Head
Orientation

Labeling Based on Gaze Direction

We have also investigated, whether the prediction of the
focus of attention could benefit from temporal speaker in-
Prediction Results formation.

) Thus, we trained neural networks to estimate at which
To see how accurate the focus target can be estimated basqarget person a Subject is |00king at, given a history of
on observing head orientation alone, we used exactly theaudio-observations as input. The neural net we use consists
same method to find the focus targets as described in sectiosf an input layer of (N+1)*4 input units, corresponding to
[3. The only difference now is, that in the previous experi- the (N+1) audio-observation vectors, one hidden layer and
ment, focus was determined based on noisy heacepin  three output units, corresponding to the three target persons
matesas given by the neural networks, whereas now, focusthat a subject can look at. As audio-observations at each
targets are found based on accurate headpzasurements  time step, the binary audio-observation vectors described in

as given from the gaze tracking equipment. the previous section, were chosen.
As output representation a 1-of-N representation was
[ Subject | 1T | 2 | 3 [ 4 [JAvg ] used; i.e., during training the output corresponding to the
[Accuracy] 85.7] 82.6[ 93.2[ 93.2] 88.7 | correct target class was set to 1 and the other output units

were set to zero. As error criterion, the commonly used
mean square error criterion was used.

Table 3. Focus detection based on exact measure- After training, such a network will approxi-
ments of horizontal head orientation (in percent). mate the a posteriori probabilities of the focus
targets F; given the sequence of observed audio-
information:P(FocusgA?, At=1 ... A=),



68 1 6 Portability of the System
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< /#567 In this section we discuss how the presented system for

22T A7 focus of attention tracking can be installed in a new loca-

g 60 i ~~2 hidden units [ tion

3 -=-3 hidden units — ) . . . .

“ zz ¥ i B The main problem when installing the system in a new
“ — 10 hidden units| location is that the illumination conditions in the new loca-
o ‘ e — tion might be completely different from the conditions in

L2 03 4 5 10015 20 25 30 40 which the training data for the neural networks for head ori-
History length [frames] entation estimation was collected.

To investigate which steps are necessary to successfully
move the focus of attention tracking system to a new loca-
tion, we have installed the system in both our labs at the
Universitt Karlsruhe in Germany and at Carnegie Mellon
University in Pittsburgh, USA.

In the remainder of this section we report about experi-
ments on how the neural network for head pan estimation

Figure[§ shows the average sound-based focus prediccan be adapted tO-WOI’k under new conditions. We examine
tion results on the four evaluation meetings for different how much adaptation data is necessary to obtain reasonable
histories of audio-vectors used as input and for networks focus of attention tracking performance and compare the
with different amounts of hidden units. The best accuracy results with adapted networks to the results obtained with
is 66.1%. This was achieved using three hidden units andneural networks that are trained from scratch with new data.
a history of 20 audio-vectors, corresponding to approxi-
mately eight seconds of audio-information. Please referto6.1 Data Collection at CMU
[14] or [15] for more details.

Figure 6. Sound-based focus prediction results
with different audio-history lengths and different
number of hidden units.

. . In order to train neural networks for head pan estimation
5.2 Combining Head Pose and Sound to Predict in the new location, we have collected training images from
Focus twelve users in our lab at CMU (the new location). As dur-

ing the data collection in Karlsruhe, subjects had to wear a
The two independent predictions of a person’s focus —head band with a Polhemus pose tracker sensor attached to
P(FocugSound and P(Focus$H eadPose) — can be com- it so that true head pose could be determined. Images of the

bined to obtain a prediction of a person’s focus which is person’s head were captured with an omni-directional cam-
based on both the observation, who is speaking, and baseéra as described in sectiph 2 and were recorded together

on the person’s head rotation. _ _ with the person’s head pose. From each person, we col-
We combined the predictions by computing the weighted lected training images at several locations around the meet-
sum of both modalities: ing table. The data collection took about fifteen minutes

for each participant. Altogether we collected around 27.000

training images from twelve persons.
P(Focug = (1—«)P(FocugHead Posgt-a P(FocusSound. gimag P

By settinga to 0.6, we achieved an average accuracy of 6.2 Training New Networks from Scratch
75.6% on the recorded meetings. Tdhle 4(a) summarizes the
results we obtained by using sound-only based focus pre- e first trained neural networks for head pan estimation
diction, head orientation-only based focus estimation andysing only the data that was collected at CMU. To see how
combined estimation. much training data is necessary for reasonable generaliza-

tion, we trained different networks using increasing subsets
| | Head Pose only Sound only] Combined]  of the data. To evaluate the performance of the networks,

Meeting A 68.8 59.2 69.1 data from four subjects was kept aside as a user-independent
Meeting B 73.4 69.6 77.8 test set.
Meeting C 79.5 61.3 80.6 We trained networks on images from one up to all eight
Meeting D 69.8 74.3 747 subjects in the training set. The neural network architecture

[ Average | 72.9 [ 661 | 756 | and training was identical to those used with the networks

trained with the data from Karlsruhe. The networks were
o ) trained on the training data set and a cross-evaluation set
Table 4. Focus-prediction results (in percent). was used to determine the number of training iterations.
Figure T shows the results obtained on the user indepen-
While the presented combination of head pose- anddent test set from CMU (top curve). It can be seen that
sound-based prediction is done heuristically by choosingthe average pan estimation error on the test set is as high
a weighting parameter, we expect that by using more ad-as twenty degrees when only images from one subject were
vanced and adaptive fusion methods, better combination re-used for training. The pan estimation error then gradually
sults will be obtained. decreases, when training images from more subjects are
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Figure 7. Pan estimation results in new location Figure 8. Accuracy of focus of attention detection
with a newly trained and with an adapted network on a meeting recorded at CMU (see text).
(see text).

6.4 Focus of Attention Detection Results
added. When all eight subjects were used for training, an
average pan estimation error of 13 degrees was obtained. T measure how well focus of attention can be estimated
We also trained one neural network on images on all ysing the different neural networks, we have collected a
the available twelve subjects. For training we used 80% meeting with four participants in our lab at CMU.
of all the images. 10% of the images were used for cross-  The focus of attention tracking system was run on the
evaluation and the remaining 10% of the images were usedrecorded meeting with different networks for pan estima-
as a test set. With this multi-user network for pan estima- tjon. For the evaluation we used the unadapted UKA-
tion, we achieved an average error of 7.6 degrees on thehetwork, the adapted UKA-networks and the neural net-
test-set. work that was trained on images from all twelve subjects
in our data set from CMU.
6.3 Adapting a Trained Network For each network we evaluated the focus of attention de-
tection accuracy using the mixture of Gaussian approach
presented in chaptg} 3. All parameters of the Gaussian mix-

We then investigated whether and how well the network ture model were adapted completely unsupervised.

which was previously trained on data collected in Karlsruhe Figure[8 shows focus of attention detection accuracy on
—the “UKA-network™ — could be adapted to the new CMU 1 .
images, by using the different trainin% data sets from CMU he meeting that was recorded at CMU for the different net-
for ad ap’Jtati on works used for head pan estimation.

' i . ; Using the UKA-network for head pan estimation, focus
W e\i/gﬁtsagﬁpttr?g dti?feer (—:ﬂ]fgdnaep?gct)ircl)(n %ét;etsr:\tlglg%mala&% of attention could be detected in only 60% of the time on the

b ; : ; ting, with a possible upper limit of 76%. By adapting
Training was done using standard back-propagation with amee .
learning parameter of 0.1. To determine when the adap-the UKA-network with data collected at CMU the perfor-

. . X H 0 . . _
tation process should stop, a cross-evaluation set containinance INCTeases to 75% focus of attention detection accu

P oy : ; racy when images from four subjects were in the adaptation

Ing images from an additional subject was used. Typically, set}E“UKA + 4")?J This performanée is already as good gs the

adaptation stopped after two to six iterations. performance obtained with the CMU-network, which was
We adapted the UKA-net with images from one to all

eight subjects of the CMU training set. The performance trained on images from twelve subjects collected at CMU.
of the adapted networks was then evaluated on the the user- ) )
independent from CMU. 6.5 Discussion
The results are also shown in Figdre 7 (lower curve).
With the unadapted UKA-network an average error of 19  Our experiments suggest that a network which has al-
degrees was obtained on the test set. By using images fromeady been trained to estimate head pan from images taken
one subject from CMU for adaptation, the average error de-in one location can be adapted to work in a new location
creases to 15.6 degrees. When all training data from eightand under different illumination conditions by collecting a
subjects is used for adaptation, the average pan estimatioimited number of images in the new location and adapt-
error decreases to 13 degrees. ing the networks’ weights with the new images. In our ex-
It can be seen that pan estimation works significantly periments we achieved good focus of attention tracking re-
better with the adapted networks when only little data is sults in the new location by using adaptation images from
available for training or adaptation. In our experiments, the only four subjects. These images could be collected in ap-
newly trained network only reached the performance of the proximately one hour. Our experiments also showed that
adapted UKA-network, when training images from at least adapting an existing network for pan estimation, which has
five subjects were available for training. been trained on images taken in different lighting and cam-



era conditions, leads to better pan estimation results than
training networks from scratch with images from the new
location when only a small amount of training images are [2]
available. (3]

(4]

7 Conclusions
[5]

In this paper we presented a system to track the focus of
attention of participants in a meeting. The participants are
simultaneously tracked in a panoramic view and their head
poses are estimated using neural networks. For each par- [6]
ticipant, probability distributions of looking towards other
participants are estimated from their head orientations us-
ing an unsupervised learning approach. These distributions (7]
are then used to predict focus of attention given a head pose.
The accuracy of such predication is 73 % accurate in detect-
ing the participants’ focus of attention on our test data. 8]

Furthermore, we have demonstrated how focus of atten-
tion can be predicted based on knowledge of who is cur-

project. InProceedings of the ACM Multimedia’96 Confer-
ence pages 187-198, November 1996.

M. Argyle. Social Interaction Methuen, London, 1969.

M. Argyle and M. Cook.Gaze and Mutual Gaz€ambridge
University Press, 1976.

P. Barber and D. Legg®erception and Informatigrchapter

4: Information Acquisition. Methuen, London, 1976.

M. Black, F. Brard, A. Jepson, W. Newman, E. Saund,
G. Socher, and M. Taylor. The digital office: Overview. In
Proceedings of the 1998 AAAI Spring Symposium on Intelli-
gent Environments/olume AAAI Technical Report SS-98-
02. AAAIL, AAAI Press, March 1998.

B. Brumitt, J. Krumm, B. Meyers, and S. Shafer. Let there
be light: Comparing interfaces for homes of the futuEEE
Personal Communicationsugust 2000.

P. Chiu, A. Kapuskar, S. Reitmeier, and L. Wilcox. Room
with a rear view: Meeting capture in a multimedia confer-
ence room.|EEE Multimedia Magazine7(4):48-54, Oct-
Dec 2000.

N. Emery. The eyes have it: the neuroethology, function and
evolution of social gazeNeuroscience and Biobehavioral
Reviews24:581-604, 2000.

rently speaking, and how this audio-based prediction can be [9] A. J. Glenstrup and T. Engell-Nielsen. Eye controlled me-

improved by taking the history of utterances into account.
On the recorded meetings, participants’ focus of attention
has been predicted correctly in 63 % of the frames by using 10
audio information only. Ell%

In addition, we have shown how the audio- and the
video-based predictions can be fused to get a more accurate
and robust estimation of participants’ focus of attention. By
using both head pose and sound, focus of attention could be[12]
detected in 76 % of the frames in recorded meetings.

To answer how precisely focus of attention can be pre-
dicted in a meeting just based on the participants’ head ori-
entations we have recorded eye gaze and head orientationfls]
of four subjects in a meeting. The user study clearly demon-
strated that head orientation is a reliable cue to detect at
whom someone is attending to. In the meetings which we
recorded for this study, we were able to correctly determine [14]
at whom the subject was looking in 89% of the time just
based on the subject’s head orientation.

Finally, we have investigated how a neural network for
head pan estimation can be adapted to work in a new loca-[15]
tion. Our experiments showed that adaptation images from
only four subjects were sufficient to achieve good focus of
attention detection accuracy in a new location with com- [16]
pletely different illumination conditions.
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