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ASSISTED LIVING INFRASTRUCTURE

Assisted living applications are commonly underdt@s technical environment for disabled or eldedpple
providing the care in the user-specific range. e gbing to present the data capture methodologydasign of a
home care system for medical-based surveillancenzenatmachine communication. The proposed systemistsrof
the video-based subject positioning, monitoringtieé heart and brain electrical activity and eyeckiteg. The
multimodal data are automatically interpreted anaghdlated to tokens representing subject’s statuw®mmand. The
circadian repetitive status time series (behavipadierns) are a background for learning of thgesuls habits and for
automatic detection of unusual behavior or emergebae to mutual compatibility of methods and degdundancy,
the use of unified status description vouches figh hreliability of the recognition despite the ueé simplified
measurements methods. This surveillance systemasigmed for everyday use in home care, by disabteelderly
people.

1. INTRODUCTION

1.1. TECHNOLOGY FOR OR AGAINST THE HUMAN

When | recall my first memories of kindergartenemember the drawing competition about Poland
and the world in the year 2000. Because the dameeg so far away, the expectation of substantial
change was evident. To be honest, some peopleweagng antennas on their heads, but almost all our
sketches were about space conquest and not abmanhlife. We were young and not even thinking
about getting older or disabled.

Now this magic date is behind us, and Wethe children of the '60§] were right in having
predicted the communication era for the year 2@0®;we are not children anymore. Now, as engineers,
we are responsible for the communication era. Inhifeats itself by the numerous applications of
communication technology that exist, first in naitly and then in civilian life. Digital televisiomd voice
telecommunication, the Internet, global positionsygtems, and global reference of time are the most
common examples. We, the consumers of the earhc@itury, are witnesses of the communication era.
And we are much more concerned by the age andhh@alblems.

Once more weél the children of the 6081 were right... unfortunately. In the communicatioa er
there is much attention on entertainment, on coroenand publicity, but still there is very little moern
about human life. Who are we? The civilization tbates more about the primitive shows and worldwide
games than about our health? Are we really resptnsr are we still in our childhood?

Fortunately, the communication era already maddings marks in healthcare as well. We are
witness to the triumphal spread of the idea ofnbeléicine all around the world. The future success o
telemedicine in home health care depends on thditoams treated, the technology implemented and the
use of scientific outcomes studies.

Before the 20th century, almost all illnesses weneed for in the home setting. During the 1900s, a
shift to institutional-based medicine occurred,ncaient with the rise of specialization. Now, 10Gfags
later, the site of healthcare is returning homeweler, by the last decade, only 2 percent of peison
physician-patient contacts in the U.S. occurredoate.
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The renewed emphasis on home care is rooted iséywarate dynamics:
— continued and mounting pressure to reduce medisibc
— emerging telecommunication technologies.
The re-emergence of home care is also fueled byrdfactor that has never changed: Sick people
would rather be cared for at home. This remarkhis toundation of human-centered technologies
described as "assisted living".

1.2.BETWEEN THE SURVEILLANCE AND HOME CARE

Due to substantial progress in electronic techrnieggnaking any device smaller, smarter and less
energy consuming, many healthcare devices wersftnaned in their mobile and some even in wearable
counterparts. Besides complying to the postulatepodviding the health care at home and making the
services faster and more accessible, current sakigxtend the diagnostic capabilities by two intgoar
aspects:

— increasing the monitoring frequency, some solutjgmowide continuous data logging,

— increasing the monitoring reliability, by strict sdyving the metrological principle saying
that the measurement should have minimum influeftzethe observed object; this
prerequisite means keeping the patient as muclossiljbe in his or her everyday living
conditions and discreetly recording the physiolabicesponse to all activity he or she
normally undertakes.

The latter remark suggests that the telediagnogbiesng a part of home care) has a common
meaning with remote surveillance and motivates hbpe for possible use of intelligent surveillance
systems to monitor health aspects of outpatientsech Ssystems, usually composed of a grid of
interconnected intelligent audio-visual sensors abdée to recognize objects (e.g. people, animals,
luggage), to follow their motion, to identify sowde.g. gunshot, glass breaking, scream etc.) and
indicate direction to their source. However thgpital applications are automated security systems
airports, bank offices etc., they also have beemdouseful in medical institutions such as hosgital
hospices and nursing homes. Accordingly to the iepipbn, these monitoring systems have extended
functionality and support emergency alerting asl @slintegration with selected patient health seso
Similar infrastructure may easily be adopted asad pf the patient's (or an elderly person's) home,
providing a reliable improvement of personal sdaguwith easily configurable health professionals or
relatives alerting options [1]. The use of wirelegsmmunication, although raises additional privacy
issues, makes the assisted living infrastructusy emsetup and maintain [2].

Three classes of systems for medical surveillaricgp@ople may be distinguished based on their
functional principle:

— dedicated sensors with messaging service,

— multimodal programmable supervisors,

— Interactive stimulators with assessment of actiepesthdent reaction.

Nowadays, systems belonging to the first categoeyweell developed and commercialized. People
with certain disabilities may be monitored throuife specific parameter values, which are assessed
automatically by the local software or transfertedhe surveillance center for a contextual or hoima
supported evaluation. Such systems are designethbsdded — being part of the building infrastrugetur
of the house or office or as personal, which rdgealiso have a wearable form, and accompany the
supervised human in motion. The focus on predefipathmeters and close architecture, although
facilitate the design and increase the reliabitfythe outcome are main factors limiting the lijgst
analysis or research for behavioral coincidences.

Using multimodal programmable supervising systemabkes the monitoring aspect to be selected
flexibly from the available parameters in contexttloeir relevance, reliability and availability. iBh
category includes distributed sensor networks fparnbedded and partly wearable) cooperating as an
intelligent network towards a consistent descriptad human behavior with use of geometric, acoustic
and health parameters-base description of the cubj&e purpose of the artificial intelligence & t
provide a realistic classification of human actiottstransform the action sequences to subjectifgpec

behavioral patterns and to predict the potentiabeafrom the pattern inconsistency.
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Most sophisticated assisted living infrastructuedthough not yet emerged from their conceptual
stage assume stimulation of a particular behavidrassessment of the human reaction as representati
to certain health aspects.

1.3.FREQUENT APPLICATIONS OF ASSISTED LIVING TECHNOLOGS

Brief survey of the most popular assisted livinghteologies certainly should notify: personal
glucometers for diabetics, asthma episodes deteatut cardiovascular monitors.

Although diabetes is a complex disease requiringitoong of multiple parameters, all persons
with diabetes share the need for regular bloodagie@aneasurement to optimize glycemic therapy. Data
transfer ofglucose levels can be accomplished in a variety of ways. The mawatghtforward approach is
to directly sample glucose levels from blood drawynthe patient or caregiver, then enter the redad-ou
into a personal computer connected via the Intdématcentral monitor. Although technically simpieis
approach needs a significant patient involvemehtclvincreases the potential for measurement atad da
transmission errors. Another indirect method ineshglucose measurements with use of transcutaneou
biosensors, which then transmit the data to a akemonitoring computer through the Internet. Widgs
prone to human error, this measurement of gluaéso less precise.

Objective measurements of airway obstruction aee rtfost important part of modeasthma
therapy. The most important parameters: peak expiratooy,flforced vital capacity and forced
expiratory volume in one second can be measured wae of a portable spirometer interfaced with a
palmtop computer. The data is transferred via a-W&d®ed system to a central computer for storage anc
analysis, followed by immediate feedback in therfaf treatment instructions.

Cardiovascular pathologies are measured by electrical activity and blood presgparameters.
While external ECG-derived data, as instantaneeast lmate and its variability belong to the welblam
techniques, blood pressure and oxygenation are neoagnized as less prone to artifacts. The most
sensitive physiologic indices of heart failure pressures within the heart itself. An implantabé¥ide
has been developed that continuously monitors aardunction by providing measurements of
intracardiac pressures and heart rate. Outcomeestud treatment decisions based on this data may
prove that early intervention may prevent episaafesongestive heart failure, costly hospitalizataomd
even death. Other area of cardiovascular monitagrypertension, which itself is a major risk factor
for many other illnesses, including heart failuceyonary disease, stroke and kidney failure. Despit
availability of highly effective medications, blogatessure is adequately controlled only in about 25
percent of persons with hypertension. Wearablespresmonitors enable daily Internet transmission of
home-measured blood pressures to central procesgatdrsmmediate feedback.

Significant number of reports refer to video-basasskisted living technologies applied in
psychiatric disorders, in which measurement of physiologic or biochermnparameters is generally not
key to diagnostics nor management. Instead, tredtihecisions and monitoring are usually based on
personal interaction with a psychiatrist or psyolgedt. Two Way Live Video has been reported to roffe
an effective means for interactive psychiatric iméations in select populations, such as prisoners.
Another domain of great social significancensonatal care that consumes more healthcare funds than
any other expenditure in developed countries’ lakspiCare demanding (e.g. low birth weight) infant
place significant emotional strains on familieseaftischarge. Assisted living solutions, based igitad
video transfer, may allow some infants to be disgba directly from the neonatal unit to the home,
rather than to an intermediary unit. Telemedicife® grovides support to families who care for these
infants after discharge.
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2. AMULTIMODAL SYSTEM PROTOTYPE

2.1.SYSTEM DESIGN

The survey of the present applications of assikt@th technologies [3] led us to an idea of more
complex, multimodal intelligent system suitable fiwo separate tasks:

— continuous supervision of the subject's health wite of medical and behavioral
description,
— home automation with intelligent recognition of amands from the subject.

The seamless health monitoring and command regogriiave the common subject's interface and
the system identifies the intentional commands bigjext's position and occurrence of a specified
behavioral sequence. The system uses atrtificialligence to learn the gestures corresponding to
commands from video sequences of the body, faceegadnotion. The system also learns the subject-
specific behavioral pattern for particular timetioé day from a set of sequences previously reccaded
gualified as safe. The use of artificial intelligens mainly justified by the desired system adaipta do
the user-specific lifestyle and limitation, but alallows for distant modification of the monitoring
following the health changes the patient may subéh time.

As the main purpose of the monitoring is the sulgesafety, selected health parameters are
monitored in a seamless way with use of unobtrusivart sensors [4]. The sensor set was selected
arbitrarily as targeted at an ageing person withesmmsomnia problems, but the system design alfows
an easy integration of other sensors when necesBaeyhealth parameters (in our case: heart ratdy b
motion, snoring episodes) are monitored contingoasid contribute to identification of the subject
action. The sequence of actions with their temporatkers form a behavioral pattern which is quedifi
by the software as typical, atypical, suspicioudamgerous.

Various actions may be programmed as the consegseasfcthe behavioral pattern qualification.
These range from modification of the recorded patans set, through enabling real-time video
streaming to alerting of subject's relatives or iw@dassistance [5, 6].

For the sake of usability, being here of primarpariance, following the proposal of [7] the set of
wearable sensors [8] was limited to an electroogrdim monitor, three axes accelerometer and an
optional SpO2 sensor. Remaining parts of the sygmameras, microphones and bed sensors) were
embedded into a smart home infrastructure [9]. Adiogly to a personalized medicine paradigm, both
components are dynamically customizable by softwatengs.

2.2.SYSTEM INFRASTRUCTURE

In general, personal and residential monitoringtesys are intended for different usage, what
implies the application-specific design of commatiizn interfaces:

— personal (wearable) systems commonly use wireletgsfaces, allowing for a virtually
unlimited operation range at the cost of high epeggjuired for the omni-directional radio
wave propagation and long-range transmission (GRB&8llite, etc.),

— residential (home care) systems use wired, relgticleeap wideband connections, however
this limits their operation range to the in-houstignts.

Accordingly to the specification of example subjetite prototype of the personal cardiac
monitoring system was designed as a cardiologyategce monitor including MW705D GPS receiver
(Mainnav), Aspekt500 12-leads ECG recorder (AspetjeMyo 2400 G2 Telemetry System (Noraxon)
and PXA-270 portable evaluation kit (Collibri) pored from the 4800 mAh 7.2V Li-lon rechargeable
battery pack [10]. These four components were drganin a wearable body sensor network (BSN) and
interconnected via Bluetooth class Il interfaces.

The personal part of the monitoring system provisies communication interfaces for short-range
and long-range bidirectional connections (fig. Mhe use of short-range connection requires
a building-embedded gateway to a wired accessedriternet. The role of data transfer service (DTS)
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may be fulfilled by a regular wireless local areawork (WLAN) often already present in offices, lor

the residential part of the monitoring system. e tatter case, the infrastructure of intelligenus$e
contributes to personalized interpretation of bébraef the health-monitored subject. The bandwialtla
short-range DTS allows to send all 8 ECG chanragld, with a maximum speed of 500 kbps the BSN is
able to update all the information stored duringpanectionless monitoring period within less th&0 1
seconds. In case the subject leaves the residéece/iearable part of the system remains activekéham

the long-range wireless connection, however the SRiRtoughput limits the datastream to 2 ECG
channels (upstream link of max. 16 kbps). Accelartars placed on subject's upper and lower limbs
provide a quantitative motion estimate but alsocigee kinematics parameters [11]. These data are
particularly useful for semantic description of hanmmoutdoor activity and for discrimination of matio
patterns.
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Fig. 1 Data transfer services in the compound pesand residential health monitoring infrastruet[&2].

Audiovisual monitoring of daily activities is lingtl to the subject’s residence and relies in diwisio
of the supervised living area to smaller regioriedng by specification of most common type, irggn
and time duration of the human activity. Any deiatfrom the usual behavior with regard to spedifie
spatial or temporal assumptions is categorizedirmpties alerting. The subject's state is identifiedeal
time as a result of motion quantification (quantityd variability) of whole human body or its seatt
segments, especially upper and lower limbs. The Ipadture is recognized with use of selected featur
of vertical and horizontal projections calculatedlostograms of the segmented subject's silhouette.
the motion monitoring, we use monochrome CCD (okaaupled device) PAL system camera of
resolution 720 by 576 pixels and additional setnafe infrared diodes placed around it. In this
arrangement, the illuminators help to achieve aiform exposure in the whole area of frame. Due to
lower noise and wider analyzed volume, camerasisually located in parallel to the longer dimensibn
the room. Measurement of the acoustic signal fiblafed snoring detection is performed with the skmp
rate of 44100 Hz using a microphone.

The residential video-based presence detectionnaoiion tracking system was designed as a
component of the intelligent house infrastructulteuses the wired broadband internet connection
supporting the real-time motion picture transmissfstandard datastream of 1800 kbps). This system
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also provides a WiFi-compatible interface to acdbpt external (non-video) data. Therefore, as lasig
the subject is within the connection range, thesqeal part is integrated in the monitoring infrasture,
which embeds the personal data into the packefmras it at the recipient and redirects to the
independent (i.e. cardiac) system server. Thistisolyprovides not only wider transmission bandwidth
whenever possible, but also substantially reducassiission costs and extends the personal part
autonomy time by reducing its energy consumption.

2.3.BEHAVIOR AND HEALTH INTERPRETING SOFTWARE

The software of the prototype assisted living systeonsists of three parts depending on the
function performed:

— smart sensor embedded software — designed to groudntitative parameters contributing
to the assessment of subject's health and behavior,

— integrating software — providing a semantic desinipof behavioral patterns with respect
to the temporal context, subject's position, patanséreliability etc.,

— intelligent messenger — generating alerts basedisiance of current pattern and the set of
patterns described as 'safe’, updating and vegifiyia patterns etc.

The software embedded in smart sensors is expdotgarovide highly reliable low-volume
description of the subject. Particular sensors 4y{CG recorder, motion detectors, snore detectdr a
accelerometers) run their independent software. (BigAt this level, the adaptability is limited the
initial configuration (e.g. camera sensitivity, EQ@@put range).

image sequence| _|human silhouette body posture
acquisition » segmentation [P recognition
sound - spectral shoring and fall human status
acquisition »| transformation [P®|pattern detection > recognition
bed signals time-amplitude motion pattern
acquisiton [®| thresholding [ analysis

Fig. 2 Block diagram of the residential behaviockiag system [12].

The embedded ECG waveform processing includeseimpdral localization of heart beats and
discrimination of basic beat types. Single-leadtteteardiogram is sufficient to provide reliablengoral
markers and usually also the information aboutattigin for each heart beat. The ECG is acquiredh wit
the sampling frequency of 500 sps and 12 bits uéisol. The beats detection is performed in reaktim
with the use of signal filtering and mathematicansformations favoring the features common for the
QRS complex accordingly to a modified Pan-Tomplaigorithm [13]. Next, an adaptive threshold is
applied to determine the rough position of each @BSion. The precise localization of the R wavakpe
is further refined to 1 ms with the use of five msibased parabola fitting [14]. A simplified
classification procedure [15] distinguishes norrealus beats (S) from arrhythmic beats (V, others,
artifacts) and is organized in two stages:

— first, the rhythm stability is calculated by beatkdeat comparison of two features: the
difference of signal sections isolated in the +10€ vicinity of consecutive R wave peak
and the difference of RR-interval,

— next, if both values fall below respective 10% #iv@lds, the beat origin attribute is copied
from the precedent beat.
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Large differences in beat shapes or RR intervalgate the chance occurrence of extra beats that
need to be excluded from HRV analysis. For veriitza of these beats, discriminative geometrical
features are calculated and contribute to the fiealsion about the beat origin attribute [16].

Quantitative evaluation of the human body motiorbésed on the absolute value of difference
between each #5video frame (i.e. in a 1 sec. time interval). Facle differential frame, the value of
brightness was averaged for all pixels. The moithaiex is then defined as percentage contributiomfr
outlying pixels, and reveals both the value anduexncy of the subject movements (fig. 4). Contirsuou
24-hours recording of body motion was also founefuisn quantitative evaluation of behavior [17her
body posture is also identified from the video femmit starts with segmentation of the human sgiieu
from the surrounding environment background. Thstogirams of vertical and horizontal projections of
segmented image are used for extraction of feagpesific to particular body postures. A more dethi
report of daily limbs activity may be derived fromm extra model-based step referred to matching the
prepared body model to the person silhouette [18].

Acceleration data were collected from 3D sensaasqa on the upper and lower limbs of the tested
subject at 100 sps. This modality is complementaryhe video recording since it provides not only
motion quantity but also precise kinematics paransetorresponded to the pattern of motion present i
definite movement [19].

The snoring phenomenon can be completely descnibadrequency range of 12 kHz. Similarly to
speech, snoring is produced in the vocal tractetbee existing techniques for speech analysis bey
successfully applied to identify and evaluate swgprsounds. With use of the Short-Time Fourier
Transform the sound is transformed to the frequesmyain in order to determine the frequency and
energy distribution in local sections. The main poments lie in the low frequency range, at about
130Hz. The pathological signal presents weak fotmamhile the normal signal has more periodicity in
low frequencies, and introduces stronger formab#dculated vectors of characteristics of the abmbrm
sound were quantitatively compared with normal shuwwhich allowed drawing conclusions from
available data. The most important parameters werefundamental frequency, moments M0-M2 and
formants. The pathological importance of snoring baen related to its intensity (dB), maximal and
mean intensity, number of breathing per minutdeds, snoring frequency and formants structure.[17]

Main part of data integrating software is the devdentification and negotiation protocol. It shibul
support the temporary suspension of connectioringathe non-availability of the final data recipie
and the break of transmission in the leased trassom channel. Accordingly to the protocol, the
cooperation between two systems is initiated analiteated automatically depending on the measured
conditions and accordingly to the specified rulest regular solutions, TCP/IP-embedded data control
mechanisms are reliable enough for maintainingcibr@inuity of diagnostic data transmission. In the
proposed prototype, additional data buffering wesighed to support the acquisition when the transfe
suspended for the reason of switching from thetshoiong-range data transmission and vice-vensh a
possible temporal absence of data carrier. Consélguéhe data integrity is preserved in case dlicga
carrier discontinuity or unpredictable time andutesf negotiations between DTSs. Besides the |lamgh
short-range wireless links, used out- and withim idach of residential wireless connection respelgti
a circular memory buffer is considered as thircada&cipient and works continuously in parallel las t
data backup [12].

A typical behavioral pattern is represented by @inbated probabilistic graph with indexed and
labeled nodes [20-24]. Node indexes correspondifferent body positions {standing, sitting, lying,
walking}, while node labels represent types of \atés which are possible in these positions. Graph
edges represent successive changes of the posiiank node has a random label being a set ofslabel
together with their probabilities (Fig. 3a). Thedam labels reflect the different probabilitiesvairious
activities resulting from taken body positions. &ach label a set of attributes corresponding to the
foreseen duration of activities and to biomedicabsurements specifying the person’s state is askign

The recognition of alternate behavior is perfornoedthe semantic description of the subject's
status in the context of subject's habits. It needegfinition of distance measure-ment performethe
domain of behavior descriptors [25, 26]. Our res({®7] show, that recognition of unusual pattern fo
possible alerting is performed sufficiently onlytvimetrics compensating for temporal shift between
patterns. Best performance (sensitivity 96.5% gmetidicity 97%) was achieved for suspicious status
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recognition with use of dynamic time-warping algiom [28, 29]. This performance was found sufficient
for implementation in an automatically alerting nmabdal surveillance system for elderly or disabled
Qualification of the behavior is made by the systamtomatically with respect to two factors:
presumptions and heuristics [30]. First mode ingslvhuman-designed definitions of 'usual’ and
'unusual’ actions based on the description of silgehabits. The latter mode involves artificial
intelligence (Al) to record, analyze and statidticprocess the everyday subject’'s behavior anealet
whether and how the recorded pattern differs frowa tiypical performance. The qualification of the
behavior aims at issue an output token descriliiagtibject’s action as belonging to one of theofaihg
categories: {normal, suspicious, dangerous, ctlticéhis qualification is performed with consideiat
of various aspects of similarity between behavipedterns:
— by the sequence pattern (subject is doing/undeggamextra activity not matching to any
‘'usual’ pattern),
— by the sequence time (subject is doing/undergoitypiaal activity in unusual time),
The subject’s premises are attributed with varidwsctionalities (Fig. 3b), and therefore the
behavior, is considered as 'usual’ or 'unusualhwitgard to the subject’s positioning.
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Fig. 3 a) A state-space graph of typical behavipadierns, b) a layout of the considered apartrizeijt
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3. SELECTED RESULTS

3.1. TESTING CONDITIONS

The premise of the monitored subject was arrangethe laboratory as a two-piece apartment.
A bedroom and a dining room provided the subjecilifees for resting and working. The subject's
premises are attributed with various functionaitiand therefore the behavior, is considered asl'usr
‘'unusual’ with regard to the subject's action. Dedavioral patterns were collected by the sensors
continuously, while the subject performed a setabfeduled actions as: lying, getting up, sittinglkmng,
working. Each session lasts for ca. 20 minutes @nd to simulate an excerpt of everyday life. The
system was expected to recognize the subject staisvith respect to its temporal changes to diassi
the behavioral pattern into one of four possiblestdrs: {normal, suspicious, dangerous, criticdlhe
test was performed on three volunteers performirgactions accordingly to 17 schedules differing by
state order and duration.

The tests of prototype cooperation between the atd@arand home care systems were focused on
two aspects:

— The technical correctness of data carrier switchoatyveen the default (wireless) and the
alternative (wired) channel, with particular atientto the data buffering in the wearable
system,

— The savings on the payment for the telecommunicatérvice provider and the usage of the
wearable system battery determining its autonorperation time.

3.2.RESULTS

Since the volunteers strictly observed the physesarcise schedule, this can be a reference for
evaluation of the subject's status as recognizethéymonitoring system. Based on this reference the
estimation of sensitivity was made separately fiodividual cardiac- and motion-based methods for
subject's status recognition (Table 4).

Table 1. Estimation of sensitivity [%)] of individuaethods for subject's status recognition.

subject status volunteer 1 volunteer 2 joint meshod
average subject

detection method cardiaecnotion cardiac motion

sleeping 80 70 82 67 94,0
resting 84 71 87 67 95,5
working in house 59 86 62 83 93,9
walking in house 67 69 66 71 90,0
working out door 54 77 55 75 89,1
walking out door 61 93 59 91 96,8

It is noteworthy that {working} and {walking} hasifferent performance, depending on the method
used for motion estimation. In general, {walking} more reliably recognized in outdoor subjects with
use of accelerometers, whereas {working} recognitgerforms better indoor, when a video-based
motion estimation is used.

The results of carrier switching delay are dispthiyeTable 2.
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Table 2. Delay time between the packets usingtdredard and alternative data carriers.

switching direction  success average standard
rate [%] delay deviation delay

time [s] time [s]
wireless to wired 93 6.35 1.05
wired to wireless 71 17.3 8.10

Despite the simplified cooperation mode, the succate representing the percentage of successful
switching between the carriers is far from 100%e Thost common reasons for inefficient switching
were the errors in conditions detection and theagee quality of both (GPRS and Bluetooth) wireless
digital links.

The results of the economical aspects tests apéagled in table 3.

Table 3. Economical benefits of conditional us¢hef standard and alternative data carriers.

communication mode ratio autonomy autonomy communication communication
time [hours] time gain [%] payment [PLN] payment savings [%]

in house 100% of time 24.7 51,5 0 100

in house 80% of time 23 41.1 19 80

in house 60% of time 21.3 30,7 38 60

in house 40% of time 19.6 20.2 57 40

out house 100% of time (no cooperation) 16.3 0 95 0

4. DISCUSSION

4.1. EVALUATION OF THE DISTRIBUTED INFRASTRUCTURE

The presented design of the infrastructure comhimegersonal and residential parts, conditionally
cooperating in surveillance of the subject. Ounglesonsiders the system behavior in any connégtivi
condition, even if data transmission is broken dolong period of time. Data continuity was granted
thanks to the use of large circular buffer, tempbraurning the telemedical monitor into an indegent
recorder in dependence on the link quality.

A relatively long response time (6.35 or 17.3 selsprsee tab. 2) resulted from the buffering of
messages in the personal system until the recepfiemery data packet is con-firmed by the ser@ar.
the other hand, data buffering designed for then@ry purpose of preventing data loss during thaerar
switching is also functional in case of longer (@25 min) carrier absence. In conditions of our
experiment the subject lost the long-range caati¢he entrance to the building, but needed an&@het
seconds until he or she reached a WiFi-enabledipeem

4.2. EVALUATION OF THE INTERPRETATION APPROACH

The consequence of state representations usindgigrams a straightforward definition of other
possible states and transients between them. Utifigd a quantitative measure of differences leetw
the recorded behavioral pattern and the referescea graph distance. The automatic classification of
recorded patterns as ’'usual’ or 'unusual’ and edgrére also based on this measure. The repreentat
of the apartment topology by means of graphs, afjhaather conventional, was very useful to represe
the room-specific range of expected actions. Recgsdof scheduled actions revealed two sources of
inaccuracy for behavioral patterns clustering taskomatic recognition of the status, and pursaiititie
pattern similarity in presence of possible timeagtelThe overall high performance lies in the cottak
and conditional interpretation of measured pararaétem multimodal acquisition,
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The advantage of our approach is the unprecedemisgtation of multimodal data describing the
subject and his environment in behavioral pattelsthe application for assisted living, the system
flexibility and high degree of personalization &rghly desirable. Patterns typical for the commamhan
actions are easily separable, however, regardlessatquisition and state description accuracy, the
behavior is not directly represented by behavipatterns. This justifies the use of error prob#pili
attribute in the digital behavior representation.

Despite of a broad representation, the availabteeqainformation may be too sparse to detect
some dangerous episodes. In case the system stistiyanisses certain types of episodes, monitprin
of other complementary parameters may be includethe integrated state description. For each new
subject or in presence of false alerts, the mameew and evaluation of behavioral patterns are
desirable and the appropriate threshold valuesodoe tuned individually. Additional tuning is nssary
for specifying of the balance between the statusalo and time domain of behavioral patterns. Furthe
tests in the prototype application are plannedeteal weak points of the behavioral patterns-based
approach and to verify the usability in home canodit
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