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Abstract

Full interoperability of networked devices in the home
has been kind of an elusive concept for quite some years.
Amigo, an Integrated Project within the EU 6-th frame-
work program, tries to make home networking a reality
by addressing two key issues: First, it brings together
many major players in the domestic appliances, commu-
nications, consumer electronics and computer industry
to develop a common open source middleware platform.
Second, emphasis is placed on the development of intel-
ligent user services that make the benefit of a networked
home environment tangible for the end user. This pa-
per shows how speech processing can contribute to this
second goal of user-friendly, personalized, context-aware
services.

1. Introduction

Traditionally home automation, mobile communica-
tion, consumer electronics and personal computing were
strictly separate domains all having their own industrial
players and their own standardization efforts. The vision
of a networked home, in which several pieces of equip-
ment are connected using an infrastructure, has been put
forward for a couple of years. However, except for a few
”converged”products, such as smartphones or mobile dig-
ital assistants, that combine aspects of the mobile and
PC domains, or media centers that combine aspects of
the PC and CE domains, the reality is far behind this
vision.

The European 6-th framework Integrated Project
Amigo – Ambient Intelligence for the Networked Home
Environment (contract number IST 004182) [1] aims at
making the vision become a reality by focussing on two
key issues.

First, it brings together for the first time major play-
ers of all four aforementioned domains in order to develop
open, standardized, interoperable middleware such that
devices and services built by different manufacturers can
interoperate at different levels. This includes automatic
discovery of devices and services as well as service com-
posability, upgradeability and self-administration, which
are a necessity for easy installation and use by the end
consumer.

Although focused on a more restricted application do-
main, the ITEA Ambience [2] and IST Ozone projects [3]
had similar objectives as Amigo. Indeed, both projects
have promoted system architectures based on service-
orientation for ambient intelligence systems. Previous
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of the scientific community that also is being used
base line for the work in the Amigo project is com-
rom the EU-FET proactive initiatives ”The Disap-
ng Computer”, in particular the project ”Ambient
as” [4].
he second objective of Amigo is the development
tractive services based on intelligent user inter-
which are simply not possible in a traditional non-

ected home and which therefore make it worthwile
y and install a network infrastructure at home.
his paper is concerned with the question how speech
ssing can help realize intelligent user services. To
a user interface being perceived as intelligent re-

s automatic context aggregation and personaliza-
This asks for speech recognition and dialog systems
personalize to the user and his preferences, both,

and preferences, being identified automatically. We
ss issues of personalized dialog modeling in this pa-

s we all know, speech conveys more than just the
istic contents of what has been spoken. Therefore,
peech subsystem not only consists of an automatic
h recognition server and dialogue modules. The cap-
speech signals are also analyzed to glean informa-

about who is speaking (speaker recognition), how
people are in a room (speaker change detection),

e they are (speaker localization), and, possibly, in
social setting or context they are (emotion recog-

n). This topic of ”acoustic scene analysis” is also
ssed in the sequel.
further objective of this paper is to point to the new

enges that a networked home environment places on
peech processing subsystem, coming from privacy
ecurity concerns.
he paper is organized as follows. In the next section
troduce the architecture of the speech processing
stem of Amigo, Section 3 presents the notion of
stic scene analysis”. Next, the problem of dialog
nalization is addressed in Section 4, some remarks
curity and privacy are presented in Section 5, and
nish with some conclusions.

2. Speech Processing System
Architecture

speech processing subsystem of Amigo consists of
main units (see Fig. 1): the Speech Signal Pre-
ssing Server, the Speaker Recognition Server, the
ch Recognition and Dialog Server, and the Speech



Output Server.

In the Speech Signal Preprocessing Server the signals
captured by microphone arrays and wireless microphones
are processed to deliver two output streams: one stream
contains an enhanced speech signal, which is obtained
by microphone array beamforming and single-channel
speech enhancement techniques, and the second stream is
a stream of accompanying metadata about speaker iden-
tity, number of speakers, speaker position etc. obtained
from acoustic scene analysis (see Section 3).

The speaker recognition Server provides the identity
of the speaker contained in a segment of the speech input
signal. Homogeneous segments are obtained by a speaker
change detection algorithm. Clearly, speaker recognition
is used to identify individual family members in order to
allow for, e.g. dialog personalization (see Section 4). Fur-
ther, non-family members should be granted restricted
access to the system.
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Figure 1: System architecture
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he Speech Recognition and Dialog Server consists
ree main modules: The automatic speech recognizer
) transcribes the acoustic signal into written text.
speech understanding module (SU) interprets the
ut of the speech recognition module on the basis of
age rules (grammar), specifically compiled for the
cation in question, and generates the semantic out-
Finally, the spoken dialog manager (SDM) gener-

the response of the system based on the output of
y taking into account what the system knows about
urrent context (context model) and what it knows
t the user (user model).
he Speech Output Server produces a spoken re-
se. Depending on the current status of the inter-
n the response may be a question, a confirmation or
formation requested by the user. A spoken response
erated in two steps: The natural language genera-

NLG) prepares the text to be spoken by taking into
nt the relevant context and assures compliance with
matical rules. The text-to-speech synthesis (TTS)
rts the textual output of the NLG to a speech signal
played back to the user.

peech is a powerful input modality, but not equally
uited for any kind of user input. Gestures and point-
evices can serve as a good complement [5]. The
m architecture must then be extended to gesture
nition and an overall input modalities fusion to base
ystem reaction on all available sensor informations.
ise the system output has to be presented in what-

modality is suited best for the current situation, be
acoustic output through the loudspeakers or visual

ut on a screen. Moving and adapting content and
ionality between output devices depending on their
e of compatibility can be perceived as an ”intelli-
functionality, which underlines the usefulness of a

orked home environment.
n important issue to be addressed in the home en-
ment is the multi-user situation since several family
bers and guests may be in a room and want to ad-
the system. A ”multiple-user shared experience” is

aged, where distributed applications for sharing in-
ation allow for remote presence and ambient sharing,
ough the location of the parties may be physically far
. Then the speech processing services will also be
ibuted.

3. Acoustic Scene Analysis

nt microphones are preferred to close-talking micro-
es from an ease-of-use perspective, since they are un-
sive, pre-installed , and the number of microphones
ependent of the number of speakers.
ulti-channel (microphone array) signal processing
o be employed to make up, at least in part, for
etrimental effect of reverberation and distance from
e to sensor on the speech quality.
ecently, we have proposed the concept of an adap-
Filter-and-Sum (FSB) beamformer, which blindly,
ithout explicit source localization, directs a beam of
ased sensitivity towards the desired source [6]. This
ne by adaptively estimating the dominant eigen-
r of the cross power spectral density of the micro-
e signals. The experiments revealed fast adaptation
igh robustness of the derived algorithms. While a



conventional Delay-and-Sum (DSB) beamformer realizes
pure delays in the microphone paths, an FSB employs
FIR filters which can realize any transfer function.

The adaptive FSB was able to attain almost com-
pletely the theoretically maximum signal-to-noise ratio
(SNR) gain in spatially uncorrelated and correlated noise
fields [7]. For spatially uncorrelated noise, this limit is
10 log

10
M dB, where M is the number of microphones.

However, if the array should achieve the same output
SNR as a close-talking microphone, this may result in an
unjustifiably large number of microphones. In [8] it was
calculated that a microphone array of at least M = 10
omnidirectional microphones would be required if the ar-
ray at a distance of 1 m should maintain the same SNR
as a close-talking microphone at 0.1 m distance from the
source. For 2 m the number would have to be increased
to more than M = 20. This simple argument alone,
not to mention the detrimental effect of reverberation on
speech recognition accuracy [9] shows that a replacement
of close-talking microphones by a distant microphone ar-
ray has to be taken with great caution, and viability de-
pends on the particular circumstances.
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Figure 2: RMS postion error as a function of room
reverberation time with additive noise at microphones
(SNR=20dB)

While for some situations a close-talking wireless mi-
crophone is not avoidable, microphone arrays may still be
used to deliver additional information about the acoustic
scene. In [10] we could show that adaptive beamforming
combined with particle filtering can deliver very accurate
estimates of the position of a moving speaker. As an ex-
ample, Fig. 2 shows the rms position error as a function of
room reverberation time RT60 for a signal-to-noise ratio
at the microphones of 20 dB. The instantaneous estimate
can be greatly improved by a postfilter, where a particle
filter clearly outperforms a Kalman filter. An rms posi-
tion error of less than 0.5 m even for highly reverberant
environments is sufficient for most applications.

Algorithms for speaker change detection have been
developed in the course of the DARPA Hub-4 Broad-
cast News Transcription effort. The application of the
Bayesian Information Criterion (BIC) to this problem
was one of the most successful approaches [11]. Together
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speaker recognition algorithms [12] this would al-
or a continuous tracking of who is currently speak-
hich is an important information for acoustic model

tation or dialog personalization/customization.
he usage scenarios discussed within the Amigo
ct ask for automatic gathering of information about
emotion and user mode of communication (casual
gue among participants in the same room, attentive
unication with a physically remote partner, voice
ands to the system). Speech processing can help

to some extent. However, emotion recognition by
h is still at its infancy [13], and reliable recognition
her than strong emotions seems to be beyond the
nt state-of-the-art.

4. Dialog Personalization

neral, the concept of user modeling addresses issues
derstanding users in order to make a system useful
ake user-system interaction user friendly and uni-

l. User modeling and system personalization will be
essed in three different layers
irstly, in design-time adaptation to users, the infor-
on gathered during the extensive user requirements
es will be used to anticipate users’ needs, goals, in-
tive behavior, etc., in order to proactively fit the sys-
to its future users. The system will be programmed
sign time to dynamically respond in different ways
nding on the user’s behavior.
econdly, the system will be designed to be customiz-
by users who can modify the system’s behavior in
us ways, both concerning functionality and with re-
to their preferred style of interaction, by selecting
g customization options. An example of such a sys-
ustomization is the option for users to define custom
ns. Custom actions are sequences of requests to the
m which are identified by a single descriptor; there-
uttering a custom action identifier prevents the user
performing sequences of elementary requests which
rceives as a whole complex request. The purpose of
feature can be easily seen in the ”Watch TV envi-
ent” scenario where the user speaking a simple ut-
ce can trigger a sequence of actions for setting up
ighting, blinds, sound systems, TV appliance, etc.,
atching his favorite TV channel/show.
hirdly, in user model-based adaptation, the system
itself observe the user’s behavior and adaptively
fy its interactive behavior on the fly as a function of
ata gathered. Thus, user model-based adaptation

be carried out automatically by the system, using
ted and stored user information. Two forms may
stinguished:

In history adaptation the system uses implemented
user models for each user; these models are built
from information on the individual user’s behav-
ior collected and stored during user-system inter-
action.

In instant adaptation it uses short-term buffered
user information that is discarded after the end of
each session. Thus, in instant adaptation the sys-
tem may treat the user anonymously, in contrast
to history adaptation, where a reliable user recog-
nition process is required to support user model-



ing and personalization for recognizing the current
user and applying his individual settings.

5. Privacy and Security

Privacy and security issues are very important, as per-
sonal data and preferences must be protected not only
against intruders, but also against other users. The user
field studies have shown that people fear the possibil-
ity of being observed through the system by others (”Big
Brother feeling”) or the feeling of loosing control. Collect-
ing information about the user to automatically build up
a user modell supports the idea of an ”intelligent” user
service that personalizes to the user, but it also raises
concerns on security. It is important to keep the user in
control of which data will be collected and how they will
be used.

Personal data and usage information must be reliably
protected against unauthorized access. Open source soft-
ware can be a part of the solution for this problem, as
the applications and system components can be tested
for security holes by a large community of developers.

6. Conclusions

Speech, the most important communication modality
among humans, is also an important building block of
intelligent user services. Using acoustic scene analysis,
automatic aggregation of context and user models, and
dialog personalization, user services can be realized, that
are perceived as ”intelligent”. This notion is further en-
hanced by fusing different input modalities and select-
ing the most appropriate output device and presentation
mode, depending on the current situation. If this can be
realized without raising privacy and security concerns by
the user, the goal of the Amigo project, that a networked
home enjoys wide customer acceptance, can become a
reality.
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