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Abstract— Ambient Assisted Living (AAL) addresses the drast

demographic change of today’s modern world and motates
further research on the necessary technological gie for offering

sufficiently sensitive and appropriately responsive smart

environments in the near future. Thus, enhancementsand

permanent improvements of technology in the AAL dorain

result in the sustainable development of new softwa and

hardware platforms for suitable automated assistane services,
bound to relevant business models. In this paper,nainnovative,

practicable technological approach for a future aubmated

assistance service is presented, covering severalrently open

issues: (1) incomplete sensing, (2) insufficient mwnunication

techniques among human beings and smart environmesit and
(3) lack of situation-awareness of assistance seres. To solve
these problems, we propose the following: usage gés sensors in
smart environments, an intelligent wristwatch for people in smart
environments, and the implementation of new softwar
algorithms for improved automated situation understinding and
further assistance support. These components will eb offered
together with currently existing products for a quditatively new

technical automated assistance system.

AAL, Situation Understanding, Gas Sensor, Intelligent Watch,
Complex Event Processing, Abductive and Temporal Reasoning,
SmartSenior Project

l. INTRODUCTION

In response to the dramatic growth of the eldeolgyation
in Germany, the nationally funded project SmartSerjl]
aims at developing and evaluating near-future aystdo
provide the elderly with a safe and comfortablergday life,
including just staying at home and driving somewhelse.
The system is designed to work for both relativebalthy
individuals as well as those having some physisailities or

medical liabilities. The diversity and breadth lbése scenarios

and the proximity to real life make the target tajing,
assuming the use of various medical devices, diffethome
and mobile systems, heterogeneous and data-richsnart)

environments. Technological enhancements and pembhan

improvements in the domain of Ambient Assisted hiyi
(AAL) result in the sustainable development of nevftware
and hardware platforms for appropriate automatesistance
services, bound to relevant business models. Tdpsmaims at

We thank the German Federal Ministry of Educatind Research
(BMBF) for funding the project SmartSenior and §iving us the opportunit
research and develop AAL systems.

the description of our derived experience from preject
SmartSenior, combining new sensor systems and atw
algorithms with existing related products to impéarh
qualitatively new technical systems for automatedistance
services.

A. Critical Issues of Automated Assistance Services

As asserted in [2], one of the core functionalitidsany
AAL system is the conclusion of knowledge about thser
activities and the current situation in the envnamt from
low-level sensor data in order to plan appropriert-term
and long-term reactions. It is especially necessathen
assisting elderly people, where prevention from sjiie
dangerous situations and prediction about healtted
conditions is still an open and serious issue. @& on
situations and activities to be recognized are dase
situational scenarios that have to keep reasonistgms within
automated assistance services safe for users asdrpe the
relevancy of reactions to recognized situationgeetvely.
Using this kind of “situation understanding” allowhe
conclusions on reactions to be performed mostlgraatically,
taking into account the whole range of availabferimation. In
automated assistance services, it is generally égher on a
home automation platform or on a user specific smphone,
where available information from smart environmerss
continuously collected in real time.

However, in reality, any perception about situagiovithout
video cameras due to ethical norms is quite reésttiand does
not usually meet appropriate expectations. Likewisey often
it is required that the user be allowed to decidie Himself
about whether an interpretation about his activityproposed
reaction is correct and to give some relevant faekllio the
responsible automated system about the qualitgadgnition
and proposed reaction. Another issue concerns tvaef
module responsible for the intelligent interpretatiof raw
sensor data and correlation among different heggregus
sources of information. It is usually not very flee for the
introduction of new situation scenarios and apfitices and
requires a lot of time for appropriate calibratiomder specific
conditions. Besides, when it comes to product imjgletation,
data privacy and security issues have to be céyefamined.
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Figure 1. Remote Activity Monitoring Scenario (from [13])

Therefore, in order to provide a feasible, but ceehpnsive
solution for automated assistance services, weeaddthe
following questions in this paper:

¢ What are the benefits of the utilization of gassees in
smart home environments?

» Proactive medical service, e.g. by an automatddaal
a remote telemedical center if a heart attack is
recognized,;

»  Preventive/predictive telemedical assistance,l®/@n
indication about a possible health deterioration.

Thus, the key functionality of an automated asststa
service is the remote monitoring of the activittddaily life,
including a detection of anomalies (e.g. in humahavior or
even in some properties of a smart home environmée&he
proposed general scenario for an automated assistanvice
as discussed in this paper is shown in Fig. 1.

Presence/absence in a car, in an apartment, quartiaular
room, drinking liquids or preparing meal, pushing a
emergency button, or sudden downfalls are only sofride
activity examples which may be recognized. DeteetdiVities
will not just be evaluated temporarily, but alseleed by the
automated assistance service for further recognitif
temporal or sequentially dependent activities. @esithat,
stored information about detected activities i® aleeded for
statistical purposes. Those statistical data goecgally useful
in the evaluation of so called “Activities of Dailliving”

* Is the use of an intelligent wristband to be usgd b ap|s) [3]. Information about ADLs is then explaiteby
users in not only reactive, but also interactiveeyaluation tools such as the Katz ADL scale [4jher Lawton

intelligent environments?

IADL scale [5]. To learn more about this subjedegse refer

«  What are the new challenges for software algorithm&0 [6] and [7]. To determine how independent aregydperson

providing situation understanding?

B. Use Casesfromthe SmartSenior Project

The objective of the SmartSenior project is to emgbhat
the growing number of senior citizens could liveder and
independently, while receiving optimal care. Thejpct has
three central focuses:

* Remaining safe and allowing for mobility;
e Staying healthy / quick recovery;
« Achieving independent life in a home environment.

Therefore, the
becomes of the most importance to be implementedrfart
environments. The main expectations about suchiimaities
are quite obvious: (1) to correctly detect situagio(2) to be
able to offer possible assistance to users in acbneeaning of
this term, and (3) in case of uncertainty aboutkbesion to be
made, it should be possible to interact with therus a low-
key manner.

can perform in his everyday living, the Barthel Iscéalso
called Barthel ADL index) is used, which is a scaked to
measure performance in basic ADLs [8]. It uses soartain
variables to rate the performance of an individdalhigher
score is associated with a greater likelihood ohdpeable to
live at home with a degree of independence, allgyvifor
instance, a discharge from a hospital. The acwitiaptured by
our system will be used for achieving independéet ih a
home environment, referring to the scenario of
preventive/predictive telemedical assistance.

. AUTOMATED ASSISTANCESERVICE APPROACH
OVERVIEW

Automated assistance services are one of the key
components of a comprehensive complex technical
infrastructure for smart environments. They havel¢al with
both humans and their environment, persisting médion and
providing appropriate reactions either to environtpeo a
human being or to other additional services as imeed! above
(e.g. telemedical assistance). Obviously, a waynteraction
between a human and her environment, so that aicéssues

idea of automated assistance service

Here we present some of the most current scenariasuld be clarified without any external help, iscatlesired.

discussed in the project:

In order to overcome typical daily obstacles foreal

» Automated management of household appliances, e.deployment of such kind of automated assisted cesyiwe

by switching on/off various devices;

< Intelligent monitoring of household appliances,. &y

follow the following approach (see Fig. 2):

» Besides deployment of typical house sensing

techniques, such as temperature, humidity, pressure
and contact sensors, we also use gas sensors as
necessary components of smart environments and most
“productive” sources of perception. Thus, the asialy

of gas sensor data should be computationally cduple
to usual sensors for situation understanding p@gos

a reactive notification about possible failures;

« Proactive nursing service, e.g. by an automatddaal
a remote assistance center when necessatry;



An intelligent wristwatch performs both roles of signal is represented by the electrical resistareween the
additional sensing about human activities (e.gsensor electrodes R(T, Pgas). Metal oxide gas eensact to a
deploying an accelerometer there) and an additiondérge variety of gases and show limited selectividysingle
communication interface functionality with an components. Depending on the chosen sensing laykrtiee
automated assistance service (i.e. messaging amgperation temperature, the sensitivity and seliggtnf can be
feedback functionality), therefore providing an adapted. Since the nature of the chemical compspeuitich
effective interactive mechanism among humans antiave to be detected in the context of human agtimitnitoring
their environment; is not well defined, a temperature modulated opmras used
; éo separate different chemical classes.

Specific  model-based reasoning methods al
implemented: rule-based temporal reasoning ani — -
ontology-based abduction for further automated oo SR sanivel Anr

hypothetical analysis and “easy”’ calibration during
technical maintenance of an automated assistedtserv

in specific environments.
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Figure 2. Approach for Automated Assistance Services
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Figure 3. Schematic depiction of a metal oxide gas sensased in this
work

This sensor type has to be heated up to tempesatime
200°C to 350°C and suffers therefore from relagiviigh
heating power consumption in the range of 30mW rdfoee, a
new operation mode for this type of sensor has degaloped,
which enables an operation with a reduced overedtihg
power below 1mW. To achieve this extreme reduction
power consumption, the sensor heater is activatety o
periodically. In addition, the sensor data recordethis way
allows a significantly more stable and reliable edtébn of
activities. For the use in real life environments,
microcontroller—-based sensor module for the tentpera

Details on the proposed enhancements and improwsmermodulated operation has been designed (see Fig.hé).gas

of this new approach are presented in the followimgpters.

Ill.  ENHANCED PERCEPTIONFUNCTIONALITY

A. Usage of Gas Sensorsin Smart Environments

Gas sensors are already widely used for the detect
events and activities on more technical levels léak alarms
or fire detection [9]. The ability to recognize hamactivities
with the help of gas sensors has also been shothndifferent
sensor technologies and signal evaluation appregdite 11].
For our approach we combine a metal oxide gas sewhich
shows excellent response to human induced Vol&tiganic

Compounds (VOCs) [12] with both rule-based temporal

reasoning and ontology-based abduction algorithansdita
evaluation (see below).

Commercial micromachined metal oxide based gasosgens

(AppliedSensor type AS MLC) have been investigdtedheir
usability in the field of detection of human adyvi The
principle of these classical semiconductor gas @snss
depicted in Fig. 3: a suitable metal oxide basestsgasitive
layer is heated to temperatures of several hundegtees
Celsius to become semiconducting. Due to gas ictierss, the
electronic conductivity changes reversibly with tpartial
pressure of reactive gases Pgas in the ambient.s&hsor

sensor module features one micro machined tin-oxjde
sensor (see Fig. 4 left). It is equipped with a M3 (Texas
Instruments) microcontroller and a GainSpan GS1@M
power Wi-Fi module transmitting data within an awvtied
assistance service and further as results of aelligent
analysis sent to further services as appropriate retevant
situation to various services respectively. An addal passive
infrared motion detector is used to indicate movemef
persons (see Fig. 4 right).

Figure 4. Gas sensor (left), gas sensor module board (midahe) housing
(right) as implemented in the SmartSenior project

The sensor response in temperature modulated aperat
results in a set of 90 data points recorded atdifft sensor
temperatures with a time interval of 10 ms eacle (Sg. 5).
Each data point corresponds to the sensor resgstahca
specific sensor temperature with a specific gasamese. In this



way, a virtual sensor array is created, allowing distinction
of different gaseous substances.
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Figure 5. Gas sensor signal example: response in temperatdalated
operation.

The responses of several temperature modulated g

sensors in a test apartment are shown in Fig. B. SEmsors
respond clearly to the number of people in the rodm
windows are opened or by cooking.
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B. Inteligent Wristwatch for Users of Smart Environments

In addition to sensors in the environment, the wser be
equipped with a body-area sensor and interactiaticele An
intelligent wristwatch is a necessary element inagm
environments, providing the following: (1) additansensing
about human activities (e.g. by deploying an acoeteter
there), (2) possible aggregation of healthcareriéion from
medical devices (e.g. ECG), and (3) an additional
communication interface functionality with the autated
assistance service (i.e. messaging and feedbactdnality);

This is all in the form of an intelligent Wi-Fi vatwatch,
shown below in Fig. 7, first described in [13], fionvhich an
excerpt follows. Further applications are descriingd 4].

Figure 7. User interface design study of wristwatch

This intelligent wristwatch is the size of a nornvaist-
watch and is designed to look non-stigmatizingjtscan be
worn as an everyday watch by healthy users as Wedl.main
visual difference to a classical wristwatch is agéa color
OLED (Organic LED) display, which can show shorktte
messages and four buttons, allowing simple menigagon.
Two additional side buttons, when squeezed simedtasly,
signal a call for help.

The wristwatch has a 3-axis inertial sensor, use@dtivity
detection, and can measure Wi-Fi signal strengtbs f
rudimentary simple indoor positioning.

As shown in Fig. 8, the wristwatch functions aretifianed
into two blocks, with a separate microprocessoefwh.
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Figure 6. Examples of gas sensor signals analysis in apestraent related

to different human activities
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As mentioned already, data from gas sensors shoeild
coupled computationally to the other sensors usedifuation
understanding purposes, as later discussed ino8dbti

Within the SmartSenior project, gas sensors hagegor to
deliver the most appropriate information in thddaling daily
activities: absence/presence of a person, dringatigg,
cooking, ventilation, sleeping, and the numberedge within
a specific space (i.e. in a room).
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Figure 8. Functional blocks of the wristwatch

1) Sensing & Wi-Fi Processor

The first block is for sensing and Wi-Fi. It recesvdata
from the inertial sensors and Wi-Fi signal strength
measurements, and transmits them via Wi-Fi. Thixlyl by



itself, already allows
functionality, even without interaction, and canused to build
other, smaller devices. It uses a GainSpan-SoC it
ARMY7 cores and is programmed in embedded C.

2) Application & User Interaction Processor

The second block is for applications and interactiti
controls the OLED display, responds to buttons executes
complex applications. It uses a second ARM7 pramess
running the .NET Micro Framework and a custom frewo
for loading and running customer-specific Apps teritin C#.
For example, a rehab clinic could develop their csustom
application combining a reminder service for schedu
treatments and a recommender for value-added sergit site.

3) Interaction
A crucial success factor for the wristwatch is mpe and
pleasing interaction, suitable for users of diffgrebility
levels. Some features, such as the emergency battdnof
course time display, are designed to be usabld bigers, even
with slight motor or visual impairments. Other f@a&s, such as
complex apps, are also possible.

Fig. 9 gives an example for such an interactioniclog
designed for privacy issues: a privacy mode witheemsor
activity can be activated and the status of privacgle can be
displayed for more transparency.

Figure 9. Interaction logic for privacy mode

IV. NECESSARYREASONINGALGORITHMS

Some efforts for situation understanding withouings
video recognition systems have already been peddrbased
on various reasoning algorithms. For instance, jpH) and
[16] give a comprehensive overview of existing t@ghes and
of specific probability-based methods as well. 1@][another
technique can be found, where the usage of ontdlaggd
algorithms is exploited. The major disadvantage aif
previously proposed methods is in applying thens focused
not on their benefits, but on the attempt to calenecessary
steps and functions of a situation understandirty wisingle
technique. We assert that any usage of reasongwithims
have to be defined precisely by using either apjaitgomodel-
based logic formalisms for knowledge representaaod/or

basic sensing and monitoringdata-driven

techniques for mathematical functions
implementation. A variety of math and logic familidhas
emerged; each of these languages/algorithms igroeito
solve particular aspects of reasoning. Very often focus is
primarily on the expressivity of modeling languagés
appropriate algorithms and methods, thereby negtedhe
impact that expressivity has on the performanceeatoning
algorithms and the facility to integrate these falisms into
industrial applications. Due to these problems,yvésw
applications of situation understanding technigbase been
successful in real environments.

Therefore, our approach of necessary reasoningitiligs
for situation understanding is based on the ideth®f‘Logic-
on-Demand”, presented already in [18]. It is supgplogo
overcome the typical problems of application of smrang
techniques, by accommodating the expressivity oé th
appropriate logic languages to the varying needsl an
requirements, in particular with respect to dedidsgb(i.e.
whether an algorithm terminates on any input aneldgi
always correct positive and negative answers). Meraddress
only the utilization of model-based reasoning téghes for
situation understanding as the only most prefemey to
overcome both problems: (1) with the software syste
calibration at the beginning of the automated t&mst® service
maintenance and (2) with an “easy” modificationsafiation
scenarios during system lifetime in operational mxod

To achieve this for our purposes, we distinguistwben
the following components:

* Model-based implementation of threshold and trend
analysis for simple and complex sensor data, where
rule-based temporal reasoning can be efficientBdus
for the pre-analysis, taking into account time
constraints and temporal dependencies. Outpuset a
of events, about activities of a human and sitnatio
a smart environment;

* Model-based implementation of hypothetical analysis
of various sensor sources correlation, where ogelo
based abduction used as additional reasoning
mechanism for the first component. As input it reeg
recognized activities and situations (i.e. eveffitsin
the first threshold and trend analysis. As outgdut i
provides results of automated interpretation about
possibly incomplete and uncertain information doe t
the situational scenarios definition.

Both components express their knowledge in a detolar
way, using formal logic representation formatserbhsed and
ontology-based. This model-based nature has tHewfiolg
advantages in comparison to classical data-drivetihads: (1)
the possibility to use generic problem solvers, cvhiare
independent of a specific functionality of the atian
understanding; (2) the explicit representation mfiagional
scenario definitions and additional constraints ainformal
model and their easy modification even by a nag@mmer;
(3) if changes or modifications are necessary, ambglels (i.e.
situational scenario definitions) need to be chdnge
Nevertheless before providing discrete logical cdtrres as
model-based approach we have to apply some arithmet
calculation to the raw sensor data as well, knosveemsor data



processing. Very roughly, the architecture of thevjged
software system for situation understanding is egg@nted in
Fig. 10.
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A. Sensor Data Processing

Basically, there is no difference whether a simp@sor
(e.g. contact sensor or motion detector) or, asuncase, a
complex one (such as the accelerometer in theligast
wristwatch or a gas sensor) is used to collecttita. In both
cases the sensor is required to process the ransdahat the
reasonable interpretation would be possible. Tliferdnce is
the way to provide normalization step, which isehealled as
sensor data processing.

The raw values of both an accelerometer and a eyas0s
are not self-explained as temperature or humidity eequire
some mathematics to be performed.

1) Accelerometer

3-axis inertial sensor provides three values, wheraxis
responsible for left and right side from the digpld — for top
and low part, and Z — for perpendicular movemebtsuathe
wristwatch. In quiescent mode the signals look r@sented in
the Fig. 11 (upper part), where the graphic is dioly one
possible state of a display responsible — beingglyon a
straight surface, display is above. If there is mmoyement of a
wristwatch, then both gravitation and external istpsould be
measured and represented as deviation to a notate) se. a
quiescent mode.

The lower part in Fig. 11 is an example of the djeevent
“drinking” which could be easy detected using ordy
accelerometer sensor. The way to describe any mavem
could be quite comprehensive using advanced metfrods
clustering, Markov-chains etc. For our purposethin project
we used very simple approach by providing a regmss
analysis.

If the regression line for the acceleration of xkaxis over
a given time period (e.g. 2 seconds) below a gieashold
value and is situated shortly above a given thidskalue,
based on a further period (here, the same 2 se;dhds the
acceleration in the direction of the x-axis theeslied, which
is typical for the “drinking event” as assumed. Td@me is
applied Z-axis as well. So, based on a signal g=iog we can
generate various activity events and use themduffibr more
complex situational analysis.

Lagers

Figure 11.Signal behavior of an accelerometer in a quiescente and by
drinking event

2) Gas Sensor
The gas sensor used in the project provides 90esalu

which are mostly for further analysis redundante Tdea is to
have three points in the fourth measurement poag.r$o we
use regression analysis again using the "Leastr&g|ldtting".
By dividing the chosen three values by the last ameeobtain a
value close to 1. To improve the approximation farther, we
run another regression with a trial function of teenperature
and humidity, as we suspect a correlation amongurements
of gas sensors with temperature and humidity camdit The
results of a processing could be seen in Fig. 6.

B. Rule-based Temporal Reasoning

The usage of rule-based temporal reasoning fostiotd
and trend analysis of simple and complex sensoa et
situation understanding is founded on its rich egpivity and
declarative nature.

From [19] we know that rules correspond to Horrusks
in classical logics. They can be defined as foltows

A literal is either an atomic proposition (such as
situation_presence_from_motion_detector) or the
negation of an atomic proposition (such as NOT
situation_presence_from_motion_detector).

* A clause is a literal or a disjunction of literaksg.,
situation_presence_from_motion_detector OR (NOT
movement_kitchen) OR (NOT movement_bathroom)



A Horn clause is a clause in which at most onehaf t

literals is positive, as in the example above
situation_absence. In essence, by converting thgindition
into implications, we see that in a Horn clausejunction of
zero or more literals implies either a non-litecal a single
literal (the one that was negative). For the abexeample, this
would be:

situation_presence_from_motion_detector
(movement_kitchen AND movement_bathroom)

Recall that a conjunction of non-literals is trifethere is
no positive literal, then the conjunction of litkrés false.

As it can be seen from the example above, this kine
model is not complete, and requires an explicénerfce either
to concrete time points related to the events mevenkitchen
and movement_bathroom or temporal relation amorggeth
events for an identification of an event orderedueace. As
well there is a need to define duration of the atitin
situation_presence: if there are no movementsénntixt e.g.
20 minutes, then an automated assisted servicddskoess
that there is nobody at home, and previous sengoals (e.g.
from motion detector were simply uncertain). Tratvhy our
situational model extended with temporal constglnobks as
follows:

situation_presence [20 minutes]
(movement_kitchen AFTER movement_bathroom)

Of course, the presented example is very simplified in
reality may involve: (1) various references to aete sensor
signals in form of their measurements; (2) mathaaht
functions as threshold (i.e. for simple sensorsji arend
analysis (i.e. for complex sensors, see Fig. 4afoappropriate
interpretation of these measurements; (3) additieasgable
context information, as for instance, specific moati
conditions or even patient acts.

C. Ontology-based Abduction

The example presented above would only work indaali
situation, when all sensors provide correct and pieta
information, and situational models are properlyfiras.
Unfortunately, this is not the case for real waalgplications
where sensor failures happen regularly, or the ection to the
server part is broken, and information is simplyssiig.
Human factors play an important role: performingeafic
situational analysis and further relevant modebfigdentified
situation definitions is very time consuming andoeiprone.
The use of some well-known probabilistic methodsg.(e
Support Vector Machines) is data-driven without ldetive
knowledge formalization. Therefore, we have choseso-
called ontology-based abduction approach (i.e. cidu
reasoning for description logics [20]), alreadyatiézed in [21]
and [22].

Abduction is well known as a method for tentative

fordiagnostic reasoning, where it provides automayiqabssible

explanations for some observations according tersesmodus
ponens rule:

A—>B B
A

where in mathematical logic the major premise>AB is
typically understood as an implication from A to&nce there
may be multiple alternatives and potentially codictory
explanations Ai for a given B, automated abducte@soning
aims at selection of optimal solutions among Aidazbsn some
predefined preference function.

Let us consider an extended example from the above:

situation_presence_from_motion_detector [20 mifjuées
(movement_kitchen AFTER movement_bathroom)

situation_presence_from_gas_sensor [20 mintes]
(person_number_kitchen > 1)

Both definitions can be considered as redundanthegp
always define the same situation “presence” fromtheei a
motion detector or a gas sensor. An ontological ehod
(additional to the above rule-based definitions)ynh@ok as
follows:

situation_presence SubClassOf
(hasEvent some situation_presence_from_motion_tietec
AND

hasEvent some situation_presence_from_gas_sensor)

When the situation “presence” is confirmed from Hoot
sensor sources, then the situation is recognizetiwBen only
one sensor has given the information about “preserand
another has not, then an automated assistanceeg@navides
an answer about possible situation “presence”
automatically explains the reason for the uncetyaifihus, it
can always be easily proven that a situationalndefh has
been correctly provided (i.e. situational definisodebugging
functionality) or that the reason why some situatie only
probable (e.g. sensor failure, which sensor).

and

CONCLUSION

Already available automated assistance systemnisfati
several open issue: (1) incomplete sensing, (2)fficgent
communication technigues among human beings andt sma
environments, and (3) lack of situation-awarendssssistance
services. In this paper, we have proposed a corapsife
solution for automated assistance services addredbiese
issues on the basis of complementary components:



« Gas sensors, which have shown very useful in smaffl M.P. Lawton and E.M. Brody. Assessment of older pieo

home environments;

* An intelligent wristband to be used in smart homels]

environments;

¢ Innovative software algorithms providing situation
understanding.

The presented approaches still require furtherarekeand

implementation in the following areas:

¢ Recognition of compound situations based on ga
sensor data (e.g. sport activities, sleeping, gmrti
number of people);

e« Complicated apps for wristwatch (e.g. local sitomti
understanding app);

« Complexity issues of reasoning algorithms approdche
here (i.e. NP-hard in worst case).

We also would like to point out data privacy andsEcurity

issues which need to be solved prior to the depémnof
automated assistance services, which is one of ntlost
important results in the SmartSenior project. Ausedandling
of personal data is not only a legal issue, baiss crucial for
the acceptance of AAL solutions. This is especiatiportant
for home assistance services like the ones desciibehis
paper, monitoring daily-life activities since thisquires the
collection and processing of large quantities akpeal data,
intruding hereby into people’s privacy (see [24]).
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