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Abstract

In this paper we present our work on audio-visual perception of a lecturer in a smart seminar room, which is equipped

with various cameras and microphones. We present a novel approach to track the lecturer based on visual and acoustic

observations in a particle filter framework. This approach does not require explicit triangulation of observations in order

to estimate the 3D location of the lecturer, thus allowing for fast audio-visual tracking. We also show how automatic

recognition of the lecturer’s speech from far-field microphones can be improved using his or her tracked location in the

room. Based on the tracked location of the lecturer, we can also detect his or her face in the various camera views for

further analysis, such as his or her head orientation and identity. The paper describes the overall system and the various

components (tracking, speech recognition, head orientation, identification) in detail and presents results on several

multimodal recordings of seminars.

r 2006 Elsevier B.V. All rights reserved.
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1. Introduction

In recent years there has been much research
effort spent on building smart perceptive environ-
ments, such as smart living rooms [1], smart lecture
and meeting rooms [2–5] or smart houses [6,7]. Such
smart spaces are usually equipped with a variety of
sensors which allow for automatic acquisition of
information about the users and their activities. The
challenge then is to build smart spaces which
support humans during their activities inside them
e front matter r 2006 Elsevier B.V. All rights reserved
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without obliging them to concentrate on operating
complicated technical devices.

In the framework of the project CHIL, Compu-
ters in the Human Interaction Loop (http://chil.
server.de), we are developing services that aim at
proactively assisting people during their daily
activities and, in particular, during their interaction
with others. Here, we focus on office and lecture
scenarios, as they provide a wide range of useful
applications for computerized support.

To provide intelligent services in a smart lecture
environment it is necessary to acquire basic informa-
tion about the room, the people in it and their
interactions. This includes, for example, the number
of people, their identities, locations, postures, body
.

http://chil.server.de
http://chil.server.de
www.elsevier.com/locate/sigpro
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and head orientations, and the words they utter,
among others.

In this work, we describe our efforts at building
technologies to automatically extract such informa-
tion in a smart seminar room. In particular, we
describe our latest perceptual components to locate
and track the lecturer in the room, to transcribe his
or her speech, both from close-talking microphones
(CTMs) as well as from far-field microphone arrays
(MAs), to estimate his or her head orientation and
finally to visually recognize the lecturer’s identity.

All four components—localization and tracking,
speech recognition, estimating head orientation,
face recognition—provide valuable information
that can be used both for the annotation and
indexing of multimodal seminar recordings, as well
as to provide necessary context information to build
real-time services that support the lecturer or
students in the smart room.

Locating the lecturer in a seminar room is
mandatory for many applications: First, knowing
the lecturer’s position can be used to improve far-
field speech recognition using MAs. The experi-
ments which we present in this paper clearly show
that the accuracy in determining the speaker
location has a direct influence on the quality of
automatic speech recognition (ASR) measured in
terms of word error rate (WER). Second, a person’s
location and trajectory of movement can provide
important context for analyzing his or her activities.
It can be useful, for example, to know whether a
lecturer stands close to a whiteboard or not.

Once a lecturer has been located, we can detect
his or her head around the estimated location for
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Fig. 1. System overview. Perceptual components are processing input fr
further analysis, such as analyzing his or her head
orientation and identity.

A person’s head orientation is a reliable cue to
determine his or her focus of attention [8]. In
seminars or lectures it could, for example, be used to
analyze the interaction between the students and the
lecturer as well as the level of attention of single
students or the audience as a whole. Several user
studies reported strong evidence that people natu-
rally look at the objects or devices with which they
interact [9,10]. The lecturer’s head orientation could
therefore also be useful to tell the ‘‘smart room’’
what the lecturer currently interacts with, for
instance, a whiteboard, his or her laptop or the
audience.

1.1. System overview

Fig. 1 shows a block-diagram of the perceptual
components in our smart room.

First, the person tracking module uses the input
coming from several T-shaped MAs and the videos
coming from four calibrated cameras in order to
produce an estimate of the lecturer’s position in the
room. This estimated position is then used for
acoustic beamforming and further face alignment.

The face alignment module searches the lecturer’s
face in the four video streams using the predicted
3D position given by the AV person tracking
module. The output of the face alignment module
are the aligned faces of the lecturer in the different
camera views, which are then used both by the face
identification module and the head pose estimation
module.
Perceptual Components

Sensors

ead Pose
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Output
ead Pose

om the sensors and use output from other perceptual components.
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On the acoustic side, the beamforming module is
analyzing the sensor stream coming from the Mark
III MA. Together with the position of the lecturer,
given by the person tracking module, it produces a
beamformed speech signal which is then used by the
ASR module.

In this work we briefly describe each of these
perceptual components and present experimental
results on several recordings of seminars that took
place in our lab since 2003.

In order to allow concurrent parallel access to the
various sensor streams as well as to the data streams
provided, for example, by the AV-tracking module,
all sensors and perceptual components are running
on the NIST Smartflow System (NFSF) developed
at the US National Institute of Standards and

Technologies (NIST); see http://www.nist.gov/
smartspace/nsfs.html. NSFS is a client–server-based
system designed to optimize high-bandwidth data
transfer in a network transparent way. Data
produced by a client is automatically copied and
distributed through shared memory to local reci-
pients or over the network to distant recipients that
have subscribed to it. Networks of clients running
on the Smartflow system are dynamically reconfi-
gurable, allowing for rapid prototyping and experi-
menting, run-on activation and deactivation of
groups of clients, robust recovery from individual
component failure, and easy fusion of multiple
information streams.

The remainder of this paper is organized as
follows: Section 2 describes the sensor setup in our
smart lecture room and the data set we used for
experiments. Section 3 describes our approach for
audio-visual tracking of a lecturer. Section 4
presents our work on far-field speech recognition
in the lecture room. In Section 5, we present an
approach to estimate the lecturer’s head orientation
from multiple cameras. Section 6 introduces our
work on recognizing the face of the lecturer from
multiple cameras. In Section 7 experimental results
of all components on real seminar recordings are
presented. In Section 8, we present our conclusions
and plans for future work.

2. Sensor setup in the smart room and data set

The data used for the experiments described in
this work were collected during a series of seminars
held by students and visitors at the Universität
Karlsruhe (TH), Germany, since Fall 2003. The
subjects spoke English, but mainly with German or
other European accents, and with varying degrees of
fluency. This data collection was done in a very
natural setting, as the students were far more
concerned with the content of their seminars, their
presentation in a foreign language and the questions
from the audience than with the recordings them-
selves. Moreover, the seminar room is a common
work space used by other students who are not
seminar participants. Hence, there are many ‘‘real-
world’’ events heard in the recordings, such as door
slams, printers, ventilation fans, typing, background
chatter, and the like.

The seminar speakers were recorded with a
Countryman E6 CTM, a 64-channel Mark III MA
developed at the NIST mounted on the wall, four T-
shaped MAs with four elements apiece mounted on
the four walls of the seminar room and three Shure
Microflex table-top microphones located on the
work table. The positions of the table-top micro-
phones were not fixed. A diagram of the seminar
room is given in Fig. 2. All audio files have been
recorded at 44.1 kHz with 24 bits per sample. The
high sample rate is preferable to permit more
accurate position estimations, while the higher bit
depth is necessary to accommodate the large
dynamic range of the far field speech data. For the
recognition process, the speech data was down-
sampled to 16 kHz with 16 bits per sample. In
addition to the audio data capture, the seminars
were simultaneously recorded with four calibrated
video cameras that are placed at a height of 2.7m in
the room corners. Their joint field of view covers
almost the entire room. The images are captured at
a resolution of 640� 480 pixels and a framerate of
15 frames per second, and stored as jpg-files for
offline processing.

The data from the CTM was manually segmented
and transcribed. The data from the far distance
microphones were labeled with speech and non-
speech regions. The location of the centroid of the
speaker’s head in the images from the four
calibrated video cameras was manually marked
every 10th frame (i.e., approximately every 0.7 s).
Based on these marks, the true 3D position of the
speaker’s head, which served as ground truth for
our localization experiments, could be calculated
with an accuracy of approximately 10 cm [11].

3. Audio-visual lecturer tracking

In our scenario, the task of lecturer tracking poses
two basic problems: localizing the lecturer (in terms

http://www.nist.gov/smartspace/nsfs.html
http://www.nist.gov/smartspace/nsfs.html
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Fig. 2. The CHIL seminar room layout at the Universität Karlsruhe (TH).
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of 3D head coordinates) and disambiguating the
lecturer from other people in the room. In the
proposed approach, we jointly process images from
multiple cameras and the signal from multiple
microphones in order to track the lecturer. The
algorithm is based on the assumption, that the
lecturer—among all other people in the room—is
the one that is speaking and moving most of the
time.

The central issue in audio-visual tracking is the
question of how to combine different sensor streams
in a beneficial way. In our approach, we integrate
audio and video features such that the system does
not rely on a single sensor or a certain combination
of sensors to work properly. In fact, each single
camera and each microphone pair alone can
contribute to the track.

We use a particle filter framework [12] to guide
the evaluation of the sensor streams and to generate
the tracking hypothesis. Particle filters have been
shown to be applicable successfully to audio-visual
tracking for example by [13] for a video telephony
application, by [14] for multiperson tracking or by
[15] for multiparty conversation in a meeting
situation.

3.1. Tracking using a particle filter

Particle filters represent a generally unknown
probability density function by a set of m random
samples s1...m. Each of these particles is a vector in
state space and is associated with an individual
weight p1...m. The evolution of the particle set is a
two-stage process which is guided by the observa-
tion and the motion model:
(1)
 The prediction step: From the set of particles
from the previous time instance, an equal
number of new particles is generated. In order
to generate a new particle, a particle of the old
set is selected at random with a probability that
is proportional to its weight, and then propa-
gated by applying the motion model. In the
simplest case, this can be additive Gaussian
noise, but higher order motion models can also
be used.
(2)
 The measurement step: In this step, the weights
of the new particles are adjusted with respect to
the current observation zt: pi;t ¼ pðztjsi;tÞ. This
means computing the probability of the obser-
vation given that the state of particle si;t is the
true state of the system.
As we want to track the lecturer’s head centroid,
each particle si ¼ ðx; y; zÞ represents a coordinate in
space. The ground plane is spanned by x and y, the
height is represented by z. The particles are
propagated by simple Gaussian diffusion, thus
representing a coarse motion model. Using the
features described in Sections 3.3 and 3.4, we can
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calculate a weight for each particle at time t by
combining the probability of the acoustical obser-
vation At and the visual observation Vt using a
weighting factor a:

pðztjsiÞ ¼ a � pðAtjsiÞ þ ð1� aÞ � pðV tjsiÞ. (1)

The weighting factor a was adjusted dynamically
according to the acoustic confidence measure
described in Section 3.4. The average value of a
was approximately 0.4, so that more weight was
given to the video features.

A particle’s weight is set to zero if the particle
leaves the lecture room1 or if its z-coordinate leaves
the valid range for a standing person ð1:2mo
zo2:1mÞ. The final hypothesis about the lecturer’s
location over the whole particle set s1...m (in our case
m ¼ 300) can be derived by a weighted summation
over the individual particles at time t:

Lt ¼
1Pm

i¼1 pi;t

Xm

i¼1

pi;t � si;t. (2)

3.2. Sampled projection instead of triangulation

A common way to infer the 3D position of an
object from multiple views is to locate the object in
each of the views and then to calculate the 3D
position by using triangulation [16]. This approach,
however, has several weak points: Firstly, the object
has to be detected in at least two different views at
the same time. Secondly, the quality of triangulation
depends on the points of the object’s images that are
chosen as starting points for the lines of views: if
they do not represent the same point of the physical
object, there will be a high triangulation error.
Furthermore, searching for the object in each of the
views separately without incorporating geometry
information results in an unnecessarily large search
space.

In the proposed method, we followed an
approach also taken by [17] and avoid the problems
mentioned above by not using triangulation at all.
Instead, we make use of the particle filter’s property
to predict the object’s location as a well-distributed
set of hypotheses: many particles cluster around
likely object locations, and fewer particles populate
the space between them. As the particle set
represents a probability distribution of the predicted
1We restrict the particles to be within the full width of the

room’s ground plane ð0oyo7:1mÞ and half of the depth

ð0oxo3mÞ.
object’s location, we can use it to narrow down the
search space. So instead of searching a neighbor-
hood exhaustively, we only look for the object at the
particles’ positions.

Note that it is also possible to avoid the problem
of triangulation in a Kalman filter framework, as we
have shown in other work [18].
3.3. Speaker localization: video features

For the task of person tracking in video
sequences, there are a variety of features to choose
from. In our lecture scenario, the problem com-
prises both locating the lecturer and disambiguating
the lecturer from the people in the audience. A
snapshot from a lecture showing all four camera
views is shown in Fig. 3. As lecturer and audience
cannot be separated reliably by means of fixed
spatial constraints as, e.g., a dedicated speaker area,
we have to look for features that are more specific
for the lecturer than for the audience.

Intuitively, the lecturer is the person who is
standing and moving (walking, gesticulating) most,
while people from the audience are generally sitting
and moving less. In order to exploit this specific
behavior, we decided to use dynamic foreground
segmentation based on adaptive background mod-
eling as primary feature; a detailed explanation can
be found in [19]. In order to support the track
indicated by foreground segments, we use detectors
for face and upper body. Both features (foreground
F and detectors D) are linearly combined using a
mixing weight b (for our experiments b was fixed to
0.7, this value was optimized on a development set),
so that the particle weights for view j are given by

pðVjjsiÞ ¼ b � pðDjjsiÞ þ ð1� bÞ � pðFjjsiÞ. (3)

To combine the different views, we sum over the
weights from the v different cameras in order to
obtain the total weight of the visual observation for
the particular particle

pðV jsiÞ ¼
1

v

Xv

j¼1

pðV jjsiÞ. (4)

To obtain the desired (pseudo) probability value
which tells us how likely this particle corresponds to
the visual observation we have to normalize over all
particles

pðV jsiÞ ¼
pðV jsiÞP
i pðV jsiÞ

. (5)
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3.4. Speaker localization: audio features

As the lecturer is usually the person speaking,
audio features coming from multiple microphones
can be used to detect his position.

Consider the jth pair of microphones, and let mj1

and mj2, respectively, be the positions of the first
and second microphones in the pair. The ith particle
si denotes the position of the speaker in a 3D space.
Then the time delay of arrival (TDOA) between the
two microphones of the pair can be expressed as

TjðsiÞ ¼ Tðmj1;mj2; siÞ ¼
ksi �mj1k � ksi �mj2k

c
,

(6)

where c is the speed of sound. To estimate the
TDOAs, a variety of well-known techniques [20,21]
exist. Perhaps the most popular method is the phase

transform (PHAT), which can be expressed as

R12ðtÞ ¼
1

2p

Z 1
�1

X 1ðe
jotÞX �2ðe

jotÞ

jX 1ðejotÞX
�
2ðe

jotÞj
ejot do, (7)

where X 1ðe
joÞ and X 2ðe

joÞ are the Fourier trans-
forms of the signals of a microphone pair in a MA.
Normally, one would search for the highest peak in
the resulting cross correlation to estimate the
position. But since we are using a particle filter, as
described in Section 3.1, we can simply set the
PHAT value at the time delay position TjðsiÞ of the
MA pair j of a particular particle si as

pðAjjsiÞ ¼ maxð0;RjðTjðsiÞÞÞ. (8)

As the values returned by the PHAT can be
negative, but probability density functions must be
strictly non-negative, we found that setting all
negative values of the PHAT to zero yielded the
best results.

To get a better estimate we repeat this over all m

pairs of microphones (in our case 12), sum their
values and normalize by m:

pðAjsiÞ ¼
1

m

Xm

j¼1

pðAjjsiÞ. (9)

Just like for the visual features, we normalize over
all particles in order to get the acoustic observation
likelihood for each particle:

pðAjsiÞ ¼
pðAjsiÞP
i pðAjsiÞ

. (10)

The weighting factor a used in Eq. (1) was set as

a ¼
m0

m
� 0:6, (11)

where m is the total number of microphone pairs
and m0 the number of PHAT values above 0. The
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maximum weighting factor of 0.6 for the audio
features has been determined experimentally.

4. Far field speech recognition

Interest within the ASR research community has
recently focused on the recognition of speech where
the microphone is located in the medium field,
rather than being mounted on a headset and
positioned next to the speaker’s mouth. Using a
MA can improve the performance over a single
microphone on the signal-to-noise ratio as well as
on WER if the speaker’s location is known or can
be estimated as described in previous sections.

The CHIL seminar data comprised of sponta-
neous speech lectures and oral presentations col-
lected by both near and far-field microphones
present significant challenges to both modeling
components used in ASR, namely the language
and acoustic models. With respect to the former, the
currently available CHIL data primarily contains
seminars on technical topics. Recognizing such
speech is a very specialized task since it contains
many acronyms and therefore is quite mismatched
to typical language models (LM) currently used in
the ASR literature. Furthermore, large portions of
the data contain spontaneous, disfluent, and inter-
rupted speech, due to the interactive nature of
seminars and the varying degree of the speakers’
comfort with their topics. On the acoustic modeling
side, the seminar speakers exhibit moderate to
heavy German or other European accents in their
English speech. The above problems are com-
pounded by the fact that, at this early stage of the
CHIL project, not enough data are available for
training new language and acoustic models matched
to this seminar task, and thus one has to rely on
adapting existing models that exhibit gross mis-
match to the CHIL data. Clearly, these challenges
present themselves in both CTM data, as well as the
far-field data, where of course they are exacerbated
by the much poorer quality of the acoustic signal.

In this section, we investigate the influence of the
speaker position on the WER of an ASR system
after beamforming, and compare it to speech
recognition using a CTM.

4.1. Beamforming

In this work, we used a simple delay and sum
beamformer implemented in the subband domain.
Subband analysis and resynthesis were performed
with a cosine modulated filter bank [22, Section 8].
In the complex subband domain, beamforming is
equivalent to a simple inner product

yðokÞ ¼ vH ðokÞXðokÞ,

where ok is the center frequency of the kth subband,
XðokÞ is the vector of subband inputs from all
channels of the array, and yðokÞ is the beamformed
subband output. The speaker position comes
into play through the array manifold vector [23,
Section 2]

vH ðokÞ ¼ ½e
jokt0ðxÞ ejokt1ðxÞ � � � ejoktN�1ðxÞ�,

where tiðxÞ ¼ kx�mik=s is the propagation delay
for the ith microphone located at mi. After
beamforming, the subband samples are synthesized
back into a time domain signal, and then down-
sampled to 16 kHz for ASR purposes.
4.2. Language model training

To train LM for interpolation, we used corpora
consisting of broadcast news (160M words), pro-

ceedings (17M words) of conferences such as
ICSLP, Eurospeech, ICASSP or ASRU and talks

(60k words) by the Translanguage English Data-
base. Our final LM was generated by interpolating a
3-g LM based on broadcast news and proceedings, a
class-based 5-g LM based on broadcast news and
proceedings and a 3-g LM based on the talks. The
perplexity is 144 and the vocabulary contains 25,000
words plus multiwords and pronunciation variants.
4.3. Acoustic model training

As relatively little transcribed data are available
for acoustic model training, we used the Broadcast

News [24] corpus along with the close talking
channel of meeting corpora [25], to provide a total
of 300 h of training material.

The speech data was sampled at 16 kHz. Speech
frames were calculated using a 10ms Hamming
window. For each frame, 13 Mel-minimum variance

distortionless response (Mel-MVDR) cepstral coeffi-
cients were obtained through a discrete cosine
transform (DCT) from the Mel-MVDR spectral
envelope [26]. Thereafter, linear discriminant ana-
lysis was used to reduce the utterance-based cepstral
mean normalized features plus seven adjacent to a
final feature number of 42. Our baseline model
consisted of 300,000 Gaussians with diagonal
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covariances organized in 24,000 distributions over
6000 codebooks.

4.4. Acoustic adaptation

To compensate for the mismatch between the
training and test condition we have adapted the far
distance acoustic model in consecutive steps:
(1)
 Four iterations of Viterbi training on far
distance data from NIST [27] and ICSI [4] over
all channels on top of the acoustic trained
models to better adjust the acoustic models to
far distance.
(2)
 A supervised MLLR in combination with FSA
and VTLN on the far distance (single distance
or MA processed) CHIL development set: this
step adapts to the speaking style of the lecturer
and the channel (in particular to the room
reverberation). In the case of non-native speak-
ers the adaptation should also help to cover
some non-native speech.
(3)
 A second, now unsupervised MLLR, FSA and
VTLN adaptation based on the hypothesis of
the first recognition run: this procedure aims at
adapting to the particular speaking style of a
speaker and to changes within the channel.
The acoustic model of the reference close talking
channel was adapted in a similar manner; see [25]
for further details.

5. Multiview head pose estimation

Tracking a lecturer’s head orientation can give
valuable cue to determine his or her focus of
attention. This could be useful to index seminar
recordings, to detect context switches such as
interruptions, discussions, etc. and in particular to
tell the ‘‘smart room’’ about the lecturer’s focus of
attention; e.g., the audience, a whiteboard, a laptop,
etc.

In this section, we present our approach to
estimating a lecturer’s head orientation. By using
multiple cameras we cover the entire room and are
able to combine head pose estimates coming from
various camera views to form a more robust
hypothesis.

To estimate head pose in each view, we use an
appearance-based approach as proposed in [28,29],
as it has proven to provide useful results even from
low-resolution facial images such as the ones
captured with the smart room cameras.

The work presented here extends our previous
work, which was based on single cameras only, in
that it fuses the estimates from multiple cameras,
thus improving robustness and allowing for cover-
age of the whole smart room. Since head pose is
initially estimated with respect to each camera, our
approach is flexible and allows for easy change of
camera positions and use of additional cameras
without the necessity of retraining the neural
networks for pose estimation.

5.1. Head alignment

Since the estimated position of the lecturer given
by the tracking module does not provide consis-
tently aligned bounding boxes of the face, a further
face alignment step becomes necessary before faces
can be extracted for later processing.

In order to align and extract the lecturer’s face in
each camera view, we use a frontal and profile face
detector which are based on Haar-feature cascades
as proposed in [30]. The search space for these face
detectors is limited to a window around the initially
estimated position of the lecturer and projected into
the respective camera view as shown in Fig. 4. The
big boxes around the lecturer’s head depict the
search windows for the face detectors.

Since the face detectors sometimes fail to detect a
face, we predict the face bounding boxes in those
camera views, in which the lecturer’s face could not
be detected. This can be done if the face was
detected in at least two other camera views. From
those detected faces, we compute the lecturer’s 3D
position by triangulation and project a 3D cuboid
around the 3D head location into those camera
views where no face was detected.

If face detection errors cause more than one face
to be detected in a camera view, those face bounding
boxes that lead to the minimal triangulation
residual are chosen as the correct.

5.2. Frontal vs. back of the head classification

In our experiments, we observed that neural
networks for head pose estimation performed worse
if views of the back of a head (showing hair only)
were included in the training data set. This is why
we try to automatically detect back-views. To do
this, we trained a neural network classifier which
outputs the a posteriori probability that a given
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Fig. 4. Example output of our discrete head pose estimation system. The arrows indicate the final head pose estimation (long red arrow)

and the groundtruth head pose (short green arrow). Further, the position of the arrows indicate the position of the user in the smart-room.
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image depicts a frontal view in the range from left to
right profile ½�90�;þ90��. We use a three-layered,
feed-forward network, trained with frontal views
and views of the head’s back only. For the latter the
target output was defined to be 0, else 1. Finally, we
use a likelihood threshold of 0.5 above which all
captures are classified as (near-) frontal views of the
head. As input to the neural net, a histogram-
normalized grayscale image of the head as well as
horizontal and vertical edge images, downsampled
to 16� 16 pixels each, are used.

The network was trained using standard error
backpropagation, minimizing the output error on a
cross evaluation set within 100 training cycles.

5.3. Single-view head pose estimation

In our system we first try to estimate the lecturer’s
head orientation relative to each camera in the
range of ½�90�;þ90��. Doing the estimation relative
to each camera, instead of the world coordinate
system, allows us to train and use only one single
neural network to estimate head pose for all
cameras. This has the advantage that all available
facial images from all cameras can be used for
training of the network. This also makes our system
independent of the positioning of the cameras in the
room and allows us to add further cameras without
the necessity of retraining networks.

We follow our previous work [28,31] using a
three-layered, feed-forward network with one single
output unit, delivering continuous head pose
estimation in the range of ½�90�;þ90��. As input
images, we used downsampled histograms of
normalized grayscale images once more, as well as
horizontal and vertical edge images of heads.
The network is trained with standard error back-
propagation, using a data set that consists of frontal
views of the head only, ranging from left to right
profile. As noted above, we experienced a more robust
performance of the single view system by limiting its
training data and output to the ½�90�;þ90�� range.

5.4. Building the joint hypothesis

We define Y ¼ fyig, with yi 2 f0
�; 45�; . . . ; 315�g

as the set of all possible head pose classes, relative to
the room coordinate system. Moreover, at each
timestamp we have H ¼ fh1; h2; . . . ; hng, the set of all
single estimations made, where n represents the
number of cameras used.

In making a final decision about the true head
pose, we score a pose hypothesis by summing up the
a posteriori probabilities of all available estimations
as follows:

pðyiÞ ¼
Xn

j¼1

PðyijhjÞ. (12)

Finding the best-fitting hypothesis ŷ then consists in
maximizing the score:

ŷ ¼ arg max
yi2Y

pðyiÞ. (13)

The a posteriori probabilities in (12) are derived
from confusion matrices that were built for each
camera when evaluating the classification perfor-
mance of the trained neural network on the cross
evaluation set. Here, the posterior probability of a
class yi given the observation hj can be computed as

PðyijhjÞ ¼
kijP
m kmj

, (14)
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where kij denotes the matrix element in row i and
column j. While the matrix columns define the
different estimation classes and the rows describe
the ground truth head pose classes.

As the a posteriori probabilities PðyijhjÞ are added
in (12) instead of multiplied, the hypothesis scores
are guaranteed to increase when more camera views
are used. It is advantageous to use as many cameras
as possible to stabilize the estimation.

6. Face recognition

Although face recognition under controlled la-
boratory conditions has been successfully addressed
in the past, face recognition in unconstrained
environments remains a challenging problem of
significant research interest. A face recognition
system should be robust against detection and
alignment errors, insensitive to illumination and
background variations and easily extendible to
detect and recognize unknown persons. Further-
more, it should naturally weight the contributions
of the frames from multiple cameras for face
classification. With these requirements in mind, we
developed a novel face recognition algorithm. To
minimize sensitivity to illumination and background
variations, the face appearance is modeled locally.
That is, the detected and resized face is divided into
8� 8 pixel resolution blocks and each block is
represented with DCT coefficients. The DCT was
chosen for its compact representation capability,
fast computation and data-independent nature.
Although the paradigm of local appearance-based
face recognition can also benefit from other data-
dependent or independent basis functions, data-
independent bases are preferred, since there is no
alignment step involved during training for extract-
ing proper bases, as in the case of principal
component analysis (PCA). Furthermore, in [32],
it is shown that local appearance-based face
recognition using DCT performs better than well-
known holistic approaches, such as [33–35], and
local appearance representation using PCA [36]. To
achieve robustness against detection and alignment
errors, artificial samples are generated from the
original training face images by translating and
scaling them; the artificial data generation process is
not limited to only translation or scale, it can
perform other variations like illumination, face
rotation, view morphing, etc. To increase discrimi-
nation between candidate individuals and to pro-
vide robustness against false detections (detecting
background as a face), in the classification step, a
two-class linear discriminant analysis is performed.
In this approach a single M-class linear discriminant
classifier is divided into M two-class linear dis-
criminant classifiers. The training data for the
genuine class consists of samples from the true
candidate, whereas the training data for the
impostor class consists of the other people’s samples
plus random background samples. With this meth-
od, each class has its own N � 1 projection vector,
where N denotes the size of the feature vector. When
a test image arrives, it is projected onto each
individual’s decision space, using the corresponding
projection vector. The distribution of projected
genuine and impostor data in 1D space is modeled
with univariate Gaussians. The decision is taken by
applying Bayes rule

PðCk;1jxÞ ¼
PðxjCk;1ÞPðCk;1ÞP2
i¼1 PðxjCk;iÞPðCk;iÞ

,

where Ck;1 denotes the genuine class and Ck;2

denotes the impostor class of the kth individual.
PðCk;1Þ and PðCk;2Þ are set to 0.5. From the
equation above, three cases may be observed. In
the first case, for every k, PðCk;1jxÞ may be smaller
than 0.5. This can occur either from a background
sample detected as a face or from an unknown face.
In the second case, there may be more than one k

such that PðCk;1jxÞ is bigger than 0.5. In this case
the most probable candidate can be selected. In the
third, ideal case, PðCk;1jxÞ is greater than 0.5 for
only one individual.

The proposed classification approach has been
tested on still images extensively, and compared
with the traditional multiclass LDA-based classifi-
cation scheme in [37]. It is found that the classifica-
tion using two-class LDA provides significantly
better results than classification using multiclass
LDA. Besides the performance advantage, the
proposed method has many others like simpler
calculation of projection vectors, more discrimina-
tion between classes, easier update of the database
with new individuals and inherent detection of
unknown people [37].

The extension of this system to multiple cameras
and to video sequences is straightforward; we need
only accumulate the PðCk;1jxÞ’s that are greater
than 0.5 over multiple camera views and frames. By
doing this, the temporal and multiview information
is incorporated naturally, and good frames—i.e.,
the frames which contain properly detected, high-
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Table 1

Averaged error in 3D head position estimation of a lecturer over

all frames (approximately 130min) and frames where speech was

present (approximately 105min)

Tracking mode Average error (cm)

All frames Speech frames

Audio only 46.1 41.7
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resolution images—are inherently assigned a higher
weight.

Overall, the proposed face recognition algorithm
improves both the representation and the classifica-
tion steps. In the following, we provide a summary
of the algorithm.

Training:

Video only 36.3 36.5

Video and Audio 30.5 29.1

(1)
 Artificially generate data to account for impro-

per detection and alignment of faces, illumina-
tion variations, etc.
(2)
 Perform local appearance modeling. Perform
DCT on 8� 8 pixels blocks and choose only the
DCT coefficients that contain more information
by zig-zag scanning the DCT image.
(3)
 Perform class-specific projection for each class.

(4)
 Model the distribution of projected genuine and

impostor data with univariate Gaussians.
Testing:
(1)
 Perform local appearance modeling (as in
training step 2).
(2)
 Project the extracted feature vector onto each
class.
(3)
 Use Bayes’ rule to obtain the matching score for
each class.
(4)
 Accumulate scores over multiple cameras and
frames whenever the score is higher than 0.5.
(5)
 Choose the candidate with the highest score.
7. Experiments

In order to evaluate the performance of the
various components described in this work, we ran
experiments on several seminar recordings that
were recorded in our smart room as described in
Section 2.

7.1. Audio-visual tracking

The experiments for audio-visual tracking and
speech recognition were performed on five seminars/
speakers providing recordings of 130min length,
including 16,395 words.

The error measure used for tracking is the average
Euclidean distance between the hypothesized head
coordinates and the labeled ones.

It can be seen in Table 1, that even though the
video only tracker performs considerably better
than the audio only tracker, the performance can
still be significantly increased by combining both
modalities. This effect is especially pronounced
during one recording in which the lecturer is
standing most of the time in one dark corner of
the room. For this seminar, tracking the speaker
only by means of video features proved very difficult
and resulted in a mean error of 116 cm. While the
video only tracker exhibits the same performance in
all frames, the precision of the audio only and the
combined tracker is higher for the frames where
speech is present.

7.2. Beamforming and speech recognition

The speech recognition experiments described
below were conducted with the Janus recognition

toolkit (JRTk), which was developed and is main-
tained jointly by the Interactive Systems Labora-
tories at the Universität Karlsruhe (TH), Germany
and at the Carnegie Mellon University in Pitts-
burgh, USA. All test documented here used the
language and acoustic models described in
Section 4. The experiments were performed on the
same seminar data used for the testing the tracking
components, as described in Section 2.

As mentioned before, the main advantage offered
by a MA is the relatively large reduction in WER
over a single channel, as can be seen in comparing
the figures in Table 2. To make this relation more
apparent, we have plotted the average position error
of the source localization to the WER in Fig. 5. If
the error of the labeled position to the ground truth
is around 15 cm (our calculation of the accuracy is
approximately 10 cm), then a linear relationship can
be seen. Indeed, by using a simple beamforming
algorithm to combine the channels of the MA using
an estimated speaker position, we gained back
26.9% of the degradation in going from the CTM
to a single channel of the MA.
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Table 2

Word error rates (WERs) for a close talking microphone and a

single microphone of the array and the microphone array with

different position estimates

Tracking mode WER (%)

Close talking microphone 34.0

Microphone array

Single microphone 66.5

Estimated position (Audio only) 59.8

Estimated position (Video only) 59.1

Estimated position (Audio and video) 58.4

Labeled position 55.8

Table 3

Systems performance on the head pose estimation task

Correct

class (%)

Correct or

neighbor class

(%)

Multiuser manual view selection 74.6 96.4

Multiuser automatic view

selection

58.9 91.7

Unknown user automatic view

selection

48.4 82.9
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7.3. Head pose estimation

Considering the educational smart-room scenario
we already described earlier, we evaluated our
implementation on real videos that were recorded
during a seminar lecture in 2003. Overall we
recorded seven persons, further splitting each
recording into four segments of 5min each, on
which training and evaluation was realized sepa-
rately.

For providing ground truth information regard-
ing the true head pose, we manually annotated the
videos with the observed head pose of the lecturer,
classifying the head’s pose manually into one of
eight equidistant classes such as 0�; 45�; 90�;
. . . ; 315�.

In the multiuser scenario, we trained the under-
lying neural networks on segments 1 and 2, using
segment 3 as cross evaluation set. Segment 4 was
used for evaluation purposes, thus evaluating the
networks with video data that has not been seen
before in the training stage, though resulting from
the same persons. In the unknown user scenario, we
implemented a round robin evaluation, thus exclud-
ing a person’s recording from training and cross
evaluation when evaluation is being done on this
person’s video data.

Table 3 summarizes the results. In the multiuser
scenario, head orientation performed correctly with
approximately 59% in our fully automatic scenario.
This means, the networks were evaluated using
unsupervised head extractions, thus including out-
liers and variance resulting from imperfect align-
ment of the corresponding bounding box. In this
case, with the use of our earlier described head
position tracking module, classifying frontal views
of the head performed with an accuracy of 83.5%.

In case of manually annotated 3D positions of the
head’s centroid and manual removal of extreme
outliers, the performance increased to approxi-
mately 74% correct detection of the pose class thus
showing the impact of imperfect face detections and
outliers in the complete system.

In the unknown user scenario, correct pose class
detection was achieved 48.4% of the time. Here, the
initial facial view recognition step achieved a correct
recognition rate of 79.6%. In 82.9% of the trials,
the estimated pose class fell in either the correct
class or a neighboring class; i.e., the error was less
than 45�. Although the performance obtained was
worse than in the multiuser case, we can see that—
as in the multiuser case—the performance increases
as more face views are available for pose classifica-
tion; see Table 4. Moreover, the results indicate that
it may be advantageous to train the system with
much more data in order to increase the networks’
generalization capability on unseen people.

7.4. Face recognition

The objective of the face recognition task was to
determine which lecturer from a known set spoke
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during a given seminar. To evaluate performance on
this task, five frames of frontal face images were
selected from a development set for speaker enroll-
ment. Some enrollment images are shown in Fig. 6.
For testing, a total of 20 uniformly sampled, non-
overlapping sequences of 100 frames apiece were
selected from each camera. Fig. 7 shows some test
images from each camera. A sequence of images
Fig. 6. Sample traini

Table 4

Correct classification in percent in case of both a multiuser and

an unknown user scenario

1 frontal

view

(%)

2 frontal

views

(%)

3 frontal

views

(%)

Avg.

(%)

Multiuser 37.5 58.3 72.5 58.9

Unknown users 27.3 55.2 55.3 48.4

In both cases, using more frontal views at the head enhances the

system’s performance.

Fig. 7. Test samples at the same instant from differ
from a single camera is shown in Fig. 8. The
classification was performed over the 100 frame
sequences. In the proposed system, the detection of
faces was done automatically using only a frontal
face detector. In the case of multiple face detections
caused by people in the audience, the face rectangle
that was closest to the face tracking estimate was
chosen. The detected faces were scaled to a
resolution of 40� 32 pixels.

During system training, the face images were
roughly cropped by hand from the images; no
alignment was performed. The training images were
translated in x-, y-directions and scaled using five
different coefficients. This way, 125 training images
were derived from a single training image. In total,
for each individual 625 training images were
generated and used. For each individual, these 625
face images were used as genuine samples and the
6� 625 ¼ 3750 face images of the other known
lecturers as well as 1400 images randomly selected
ng face images.

ent cameras (from left to right: cameras 1–4).
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Fig. 8. Sub-sampled testing sequence from a single camera.
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from the background were used as impostor
samples. For each class, a two-class linear discrimi-
nant analysis was performed and a projection vector
was computed.

Our system achieved a correct recognition rate of
65.4%. As classification is performed only with
seven classes, this result may seem low at first blush.
It should be kept in mind, however, that the
classification task at hand is very difficult. One
difficulty arose from single-view-to-multiview face
recognition; only frontal face images were used
during training, but all views were used for testing,
and some 100 frame sequences contained no frontal
face images; see Figs. 7 and 8. The high variation in
illumination conditions also posed a challenge. The
variations caused by the projector’s beam and
illumination sources in the room resulted in a
decrease in performance. A final source of difficulty
was the poor resolution of the faces of the subjects;
the average face resolution was approximately 30�
30 pixels.
8. Conclusions

Intelligent perceptive environments, such as smart
meeting rooms or lecture rooms have been a very
active research area for many years and are still in
the focus of many large research projects world-
wide.

In this paper we have presented several key
components for audio-visual analysis of activities in
a smart lecture room. More specifically, we have
presented a system that tracks the location of a
lecturer using acoustic and visual cues, that tracks
his head pose, identifies his face and recognizes his
speech. We have described in detail the overall
system architecture, as well as each of the perceptual
components, and presented experimental results on
a number of multimodal recordings of seminars in
our smart room.

In our system, audio-visual localization of the
lecturer plays a key role: it is used by the
components for face recognition and head pose
estimation in order to restrict the search area for the
lecturer’s face to his location in the room. Localiza-
tion of the lecturer is also used to improve ASR
using distant microphones, by focusing on only the
acoustic signal coming from the lecturer. Compared
to using only a single remote microphone, the WER
of our speech recognizer could be reduced from
66.5% to 58.4% when using a MA. The results of
the experiments presented here have even shown
that there is a direct relation between the accuracy
of localization and the WER obtained from speech
recognition.

The seminar recordings used for the experiments
presented in this work provide a very interesting and
challenging scenario. The challenges include coping
with many people in the room, occlusions, poor
image resolution, varying head pose, changing
illumination conditions, moving speakers and far-
field speech recognition.

All information that can be automatically gained
about the lecturer using the proposed system
provides valuable cues for annotating and indexing
multimedia recordings of seminars, as well as
building online proactive services supporting the
lecturer and students in a classroom.

In our future research we will also investigate how
head pose estimation can be used to improve the
acoustic localization of the lecturer. In addition, the
recognized identity of the lecturer could be used to
select person-dependent acoustic models, which
should lead to a further improvement in speech
recognition. We will also aim at analyzing the
identities, head pose, attention and activities of the
audience in seminars. Finally, we plan to apply
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these technologies to meeting analysis in the smart
room.
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