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Abstract. The main aim of this paper is to develop the system encompasses the network of a remote server for aaledi

for recording and analysis of human vital signalsThe decision-
making algorithms are based on the complex systerheéory and

distributed intellect and convolution of Mealy and Moore

automata. In case of dangerous situation, a smarthpne can send
the alarm signal and analysis results to a physicies server. The
exceptional feature of the developed monitoring syasm is the
synchronous analysis of multiple processes and igmted

assessment of person’s functional state adaptatiofor user

requirements at the individual level.
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|. INTRODUCTION
. . . . *

_Technologpal advances in  wireless n_etworkm_g, o — ECG
microelectronics and sensors, as well as in medical 5 ——i \ ——
information technologies allow us to change the \hewlth ﬂﬁ |_& [
care services are deployed and delivered [1]. Foons : = 'l—s 5p02 | MER
prevention and early detection of disease or optima V| L — f L
maintenance of chronic diseases promise to imprihee -] e _: ACS

existing healthcare systems that are mostly stredtiand
optimized for reacting to crisis and managing #s€g2-7].

Studies in this field show that during obsolescepmesses

the complexity of functional state decreases, ar@with the
person’s potential of adaptation decreases, tooT[8¢refore,

the development and adaptation of new methods for

evaluation of human body complexity has been ondéhef
aims of the present research. It is likely that tharly
assessment of complexity changes will allow stgrtihe
earlier usage of preventive means with intentiorpteclude

the manifestation of various disorders and dangerou

situations in the human organism. Another possjbifor
taking the preventive measures can be the estimafigalues
of individual physical activity necessary for evgrgrson with
the aim to avoid the opposite effect — having fitttelor too
much physical activity may have the negative impacta
person’s health.

These prospective methods and the hardware desfgned

safety of elderly people at home represent a negndistic

technology, and the development of this technology been
one of the goals of ITEA2 08018 GUARANTEE [9] and

EUREKA E!4452 EDFAS [10] projects.

Il.  THE ARCHITECTURE OFHUMAN MONITORING AND
ANALYSIS SYSTEM

The developed system architecture consists of tlexess: the
first one encompasses a mobile patient recorderRMEhe

experts. The MPR consists of intelligent sensors fo
simultaneous recording and wireless transmissionthoée
ECG leads, three accelerometer signals (ACS), one
plethysmogram (PPG) and oxygen saturation (SpO2iraél.
The personal server is the Internet-enabled digitaistant
(PDA) with the real-time data analysis softwareeTiemote
server is the network with personal computers (Rdf}|ine
data analysis software and data base.

The architecture of human monitoring and analyggesn
is presented in Fig. 1.

Sensors

pe’ 4 afl" Nne analysis

Ly (|

Fig. 1. Architecture of the system

The functioning of MPR, PDA and physician’'s PC

second level is the mobile phfone, and the thirdelle monitoring data analysis is illustrated in Fig. Phe decision-
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making process about the person’s functional stste and NONIN OEM Il module for signal preprocessing.
performed according to the principles based on thHeiomechanical data, acceleration in X, Y, Z axese a
methodology of distributed intellect. measured by digital accelerometer ADXL346 (Analog

— Devices Inc.). Accelerometer is mounted insideltigger unit
. A ey e
'@ MPR and has programmable sensitivity ranges from 2goup6g,
mi«:;;g || Remistatonof ECG, 550, ACS anl smesgercy simastion thus allowing a wide range of movement to be reedrd
to Flash aralysis without disruption.
card h
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Y Y Fig. 3. Structural diagram
®| Genemtionof alam siznal Trarsmisson analysis
M ot and itput data , e :
fESngtD Plgjmms all As of now, the acceleration sensitivity range iseced
__________________________________________ - ——  manually, but it should be possible to select toeatically
Phosician server with the intelligent preprocessing inside firmwafeathered
- data is being accumulated into internal bufferslevits size
” |L PC achieves page size in MicroSD card storage. Thendtta
Comprebensive (offline) analysis of patient memitoring data ‘ buffers are transferred to MicroSD card file systand / or
transferred by Bluetooth wireless link to PDA or R the
analysis. MicroSD card capacity is 1 GB; howeveny a

« Fhysician standard card with FAT32 file system is suitable.
Fig. 2. Functional diagram i

First of all, the above-mentioned on-line analysif
processes is performed, and subject to its regdétagerous
status) a more detailed analysis of person’s faneli state is
performed off-line by using multi-stage non-lineamalysis
methods and evaluation of complexity changes asasore
of the human organism status.

The structural diagram of the developed mobile gueti
recorder is presented in Fig. 3. Low-power threanctel ECG
amplifier is built using INA333 Micro-Power (50mkAgzero-
drift, rail-to-rail output instrumentation amplifiroduced by
Texas Instruments. This instrumentation amplifiers RFI
filtered inputs with very high input impedance, wini
typically is about 100Q. Baseline reference is regulated from
a microcontroller by using a cheap 4-channel digiteanalog
converter DAC104S085. Analog signals are sampled4-by
channel, ultra low noise, 24-bit sigma-delta andtogligital _
converter (ADC) AD7193 from Analog Devices. Main™9: 4 Photo of MPR
microcontroller is MSP430F5438, which at regulamdi
intervals (500 samples/second), samples incomigigats and
preprocesses the acquired signals. Photoplethysiplogr
signal is acquired using PureSAT 8000R reflectasersor

Bluetooth module is BlueMod+P25/G2 class 2, Blu#ioo
v2.0+EDR made by Stollmann E+V GmbH. This module is
able to communicate via Health Device Profile (HDRYs, it
fits medical device category. Powerful and lightgeiLi-ion
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battery allows long time recording; the minimum ested
time for real time data acquisition is 24 hoursafijing of the
battery is accomplished by using MCP73832. It $naple Li-
ion battery charger, which allows recharging of tiagtery by
plugging device to a standard USB port or a widegeaof
mobile chargers with MiniUSB connector. The photdPR
is presented in Fig. 4.

Ill. THE ON-LINE ANALYSIS ALGORITHMS

Biomechanical and physiological signal acquiringvide
allows recording three ECG leads, three acceleranmeind
two oxygen saturation channels simultaneously (5jg.

The ECG analysis algorithm includes the identifaatof
complexes, parameter measurement and classificati&CG
complexes. The algorithm of ECG analysis is intehfie the
analysis of five-minute long record in three-chdrif€G.
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Fig. 5. Example of the recorded data

The first aim of the ECG complex clasification iket
identification of P-QRS-T complexes. Requirememts lbng
ECG recording recognition algorithms: adaptationatovide

threshold of U2 — has been filtereted by a didfiltér. The
channel, whose noise level has exceeded the thdeshtl2 —

has been excluded from the subsequent ECG elernEtite
authentication process. Next, the detection proegedfi QRS
wave point-by-point to entire ECG record has begpliad to
determine the beginning and end of wave strips. The
recognition method of the ECG waves and complexs (
QRS, ST-T) is based on a scalar function T(t), emwsists of

a vector signalW =Y,(t) , where k — the number of

simultaneous ECG channels. The transformatif(t) is
multiphase function near zero in the ECG isoeledine and
significantly different from zero in parts of theCB
complexes. The functiofi(t) has been normalized according
to the amplitude.

Heart rate (HE):
HFi, i=1 2 3 4
[bpm] 040 |40-100| 100-140 [140and more
HE"1, 1=1 2 3
the same  higher less
AHR | £ 25% = 15% <450
QRS cotrples: duration (DOREY:
DORE;, 1=l 2 3
[trs] F0-100 0 100-120 120-140
DORE, 1=l 2 3
the satne longer sharter
ADORE | £ 20% = 0% < 0%
ST segmert arrplitade in any of three ECG leads:
AT, 1=1 2
0-0,1md = 0, L
ASET, 1=l 2 3
the satne higger less
When ASTL0-01mV | > 0 1mV < 0,1mV

Fig. 6. Rules for ECG parameter evaluation

For QRS wave classification algorithm, the grougfs o
morphologically similar complexes have been comséd
after QRS complexes and T wave identification. Tinst
complex has become a benchmark in the first grougxt

QRS complex amplitude change, adaptation to a widgmplex has been compared with the benchmark ofitsie

variation of RR intervals, adaptation to variougnsil quality,
elimination of artifacts.

In order to avoid the wide QRS complex amplitudd &R
interval variations, we have applied the QRS wagtection
algorithm to the ECG record of ten-second duratibimst,
noise levels in the three channels have been defifbe
channel, whose noise level has not exceeded tise teiel of
the threshold of U1, has been included in the autitegion
process without filtering. The channel, whose ndésel has

exceeded the threshold of U1, but has been beloav th

group. Two complexes have been stacked on each tihe
compare their R wave peaks. The vector of the firstup
benchmark has been formedEs$l) = € (1),e(2),...,e (L)).
Then themth complex has been compared with the first group
by calculating the distance," between the m-complex and a
representative complex from the first group,df'< p° (p°-
similarity threshold value), the benchmark is assijto this
group and it is recalculated for gro&gl).. If p/" > p°, the
omplex is compared to benchmarks in other grotfphdy
exist), or becomes a benchmark in the new groug. Al
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recognized complexes are classified into five @assN —
dominant, i.e., complexes, which are not presethé&s, V, F

or Q-classesS — supraventricular complexe¥g;— ventricular
complexesf — fusion, i.e., merge of ventricular and dominan
complexesQ — unclassified, i.e., stimulant — stimulant merge
with dominant complexes or unclasified complexes.

Ozzygen saturation (Bp 02 in %

ap0ai, i=1 2 3 4
Sp0 10096 9580 90-85  85andless
Ryaie the same higher
ASpOH + 15% = 15%
Ivlotion actiwity processes (ACSY
Body state
A,

less
< 25%,

2 3
upnight  urgent alamn
2 3
the same  standsup  lie-down
Ewaluation of mowvernent (Tl
IV 2 3
stati oraty strall high
1=l 2 3
the satme  higher  less

1=1

supine

Aodi; i=1

i=l1

N,

Fig. 7. Criteria for evaluation of oxygen saturatand motion activity data

The criteria of the ECG parameters for the patgent’
functional state evaluation are presented in Fighé criteria
for evaluation of oxygen saturation and motion \afyti data
are presented in Fig. 7. It should be mentioned lthats of
parameters can be chosen individually regardingmabr
personal parameter values.

IV. DECISION-MAKING METHODS

Finally, the monitoring system makes a main denisibout
the patient’s state changes from the calculatedrpeters by
using convolution of Moore and Mealy automata [2]-1
According to the received analysis results, thévwsoke forms
warning signals (green, yellow, red) to a patidntcase of
dangerous situation for a patient, the softwarelseine results
of the analysis to a physician.

The complex calculations should be formalized or

automated. For this purpose, the special derivativéhe
convolution of Moore and Mealy automata can be u$ég.

8). In this derivative, the output signals of ongoanaton are
input signals to another automaton. Output inforomat(a

result of work of formal automata) becomes the rimfation

collection of these automata, i.e., the time sesidution of
the states of automata is recorded and investigsbedh
convolution of automata has the advantage: thestigeted
dynamical systems levels can be encoded by autormhis
can be done by adding one automata convolutionantaher.
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Moreover, the time moments can be hierarchicaltjecd in
these automata, while an adequate model of thesfigation
system is being created.

t The automated health assessment subsystem wik mapit
the proposed algorithm for assessing the complefitg CG
dynamics — H ranking calculation algorithm of H rank, a
broader description and theoretical assumptionsheafound
in [10].
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Fig. 8. Convolution of the automation

The diagnostics of disease process (the interaofiendoctor,
different instrumentation and patient) is interptetas the
operation of convolution of automata. The statesViafore
automaton w describe the experience of the disgiagmosis,

the compendium of various health parameters oéptti The
states of Mealy automatandescribe the survey of patient's
health status (the survey of his physiological pueeter
measurement). The output signals of Mealy automatadine
input signals of Moore automaton y describe thduaten of

the health parameters of patient's state during the
diagnostic investigation. The output signals of Moo
automaton — the input signals of Mealy automatatescribe
instructions sent to Mealy automaton.

Moore automaton decides on the threatening natire o
the situation and the degree of the action — theiwg of a
patient, call to a doctor or ambulance, furtherckiag.
However, Moore automaton (System Administrator) esak
decision, it performs further monitoring.

Thus, the integral algorithm of the body state
assessment is obtained. While performing the autedna
analysis and implementing the monitoring of the gilpgical
processes, the special task for software — quickhd
adequately respond to a person’s functional stelagsges in
real time — is required. Such a modlould be evaluatedh
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the parallel processes — ECG, respiratory rate,namement
— and the findings of the analysis ratio.

The result of implementing the convolution of ausdanis
the complexity profile graph, meaning the bodyatesduring
the exercise of variable load (see Figure 9).

OV ey
200 ¢

A0WY |

BOWY -

100wy

0w -

DGRS 100 ms
Fig. 9. Complexity profile

DUTp 300 ms

RR 1000 ms

The complexity is measured using a colour code e- th

higher the complexity, the brighter the colour @d vice
versa in the chart (RR parts mean the total bodyptexity,
DJTp — the heart complexity, DQRS parts — the derity of
the inner heart processes). The model of convaiutd
Moore and Mealy automata has been chosen so that it

possible to add new components (subautomata, states

functions), which allow obtaining a more detailegsdription
of the information flow and adapting the model fospecific
task. For example, if you need to use one more E{gGal
parameter, the complex output function of
subautomaton can be added to another component.
available data may also be analysed by an additio
mathematical method, introducing the parallel
subautomaton into convolution, etc. Moreover,
convolution of automata allows you to track a fesb

The on-line analysis algorithms have been develdmed
Microsoft Visual Studio 2008 Professional Editidn. PDA,
the main operating system has been Windows MobileTohe
experimental program has been developed for therittign
verification and correction in Windows 32-bit eronment
using the Borland compiler; the evaluation of coexjgy has
been performed using the Matlab software.

V. RESULTS ANDCONCLUSIONS

The research presented in the paper reflects thelaped
hardware and software of monitoring system, as waslithe
proposed data analysis with decision-making algorit.

The new feature of the developed human data mamgtor
system is the ability to analyse multiple processesome
functional connections of the investigated persom$e
integrated assessment of the person’'s functionate sis
adapted for user requirements at the individuaklle¥ a
patient is in danger or needs external help, tha can be sent

to the medical service center. The mobile patienbrder and

data analysis algoritms have been tested on 3Qlelded
disabled volunteers without obvious cardiac diseadéhe rate
of false positive cases of alarm generation wagr@egnt and

false negative — 3 percent.
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Ludas Gargasas, Vidmants Jurkonis, Liepa BikulcieneAura Zvironiene, Sadus Daukanta. Funkciorila stavokla nowrtéSanas sigma ar dafito
intelektu vecu cilveku un invalidu apripei

Misdienu sasniegumi sensoru tehggks, mikorsigmtehnika, bezvaduiklos un meditas inZenier§ lauj uzlabot pacienta agpes iespjas. Profilakse un
savlaidga saslimgbas noteikSana,akaf optimala atvespSana pie hroniskas pacienta saslimSanas pap#din@Eju apiipes pieeju, kas ir strukta un
optimizeta lai sggtu operdivi reggét pie straujas pacienta vemlis pasliktiaSaras vai pat pie Kees sitacijas. Savlaitgi veikta diagnostika un néxtgjumi lauj
uzgikt atves@Sanas procesu un izgt jaunu slintbu paédiSanos.

Darba galvenais énkis ir izstradat pilniba funkciorgjoSu sistmu, kas sfj noteikt un analizt pacienta biometrisko inforgiju (sigralus). Izstadatas sistmas
arhitekfira sastv no trim komponerm: mobils pacienta datu ieraksta modulis, mobiielisgfons unikls atélinatai pieuvei pie servera, datu sagi&hnai un
turpmekai apstidei. Datu ieraksta modulis sastno inteligentiem uzt@rgjiem, kas vienlaitgi spgj ieraksit un nostit pa bezvadu saiti 8 parametrus:
elektrokardiogramma, akselometriskie gigin informacija par skbekia daudzumu. Mobilajam telefonam ir programinat kas nodroSina datu afrlreila
laika. Attalinatais serveris (persalais dators) kalpoZautononis anailzes un datu saglafanas centrs.

Lemuma pieemsSanas algoritms balstuz sarefitu sistmu teorijas, saddf intelekta un Mili/Mira autonatiem. Pacienta vesels pasliktinSaras gadjuma
viedtalrunis sgj noditit arstgjoSm arstam trauksmes siglu un anaizes datus. Sigmas noviite ir izstadatais vaiiku procesu sinhras anaizes modulis un
kompleksais ves#das nogrtgjums.

Sisémas testos pied@ds 30 pacientu, kam nav izteiktas kardiovasiad saslimsbas. Sistmas testos 9% ggdmu tika izdots nepaties trauksmes slgmie
poziiva kmuma un 3% pie negat gmuma.

Jliopac Tapracac, Buamantac IOpxonuc, JImena Buxyiuene, Aympa JKBuponene, Caymoc [laykantac. Cucrema omeHKH (YHKIMOHAJIBHOTO
COCTOSIHMSI € pacnpeeJeHHbIM HHTEJUIEKTOM UIsl yX0/1a 32 NpecTape/bIMH JI0AbMH U HHBAJIHIaMHU

TeXHONIOTUYeCKHe JOCTIKCHUS B 00NacTH OECIPOBOAHBIX CETEH, MUKPOIICKTPOHUKH M JaTYMKOB a TAK)XKE B MEAHI[MHCKMX MH(OPMAILMOHHBIX TEXHOJOTMi
MO3BOJIAIOT HaM H3MEHHTh BO3MOXKHOCTH OKa3aHHUs YCIyr 371paBooXpaHeHHs. IIpodmnakThka W paHHee BbIABICHHE 3a0O0JCBaHUI MM ONTHMAIbHOE
MOAAepKAHUE HPH XPOHHUYECKHX 3a00NeBaHHAX OOCIAIOT JOMOIHUTH CYIIECTBYIONIIYIO CHUCTEMY 3ApaBOOXPAaHEHHUs, KOTOpas, B OCHOBHOM, HaIleleHa H
ONTHMH3HPOBAaHA, YTOOBI MOXHO OBUIO OBl ONEPAaTHBHO pearupoBaTh Ha KPU3UC M TeueHHE Ooje3HH. BroiHEe BEepoOsTHO, YTO paHHHE OLEHKH CIOXHOCTH
M3MCHCHHUS MO3BOJIAT PaHbIIE HAYaTh UCIIONIB30BaTh NPOMHIAKTHYECKHE CPECTBA C HAMEPEHHEM HCKIIFOUUTh MPOSIBICHHUE PA3IIMYHbIX 3a00JI€BAHUH M OMACHBIX
CUTyalllii B OpraHU3Me YEI0BEKa.

OCHOBHOI 1Ie/IbI0 IaHHOI PaboThl ObLIa pa3pabOTKa CHCTEMBI y4eTa M aHaIU3a YeJOBEYCCKUX JKM3HEHHO BAXKHBIX CHTHAJOB. APXHTEKTypa pa3paboTaHHOI
CHCTEMBI COCTOMT M3 TPEX YPOBHEH: MEPBBIH - MOOMIBHBII PEKOp/ep JaHHBIX MaleHTa, BTOPOH - MOOMIBHON Tele(oH, a TPEeTHil - CeTh yAaJeHHOTo cepBepa
MEIUIMHCKUX CHEIHANNCTOB. Pekopaep COCTOMT U3 MHTEIIEKTYalbHBIX JaTUYMKOB ST OJHOBPEMEHHOH 3amMCH M OSCIPOBOJHOU Iepefadn TpeX OTBEACHUH
OKIT', Tpex CHrHAJIOB aKCeNepoMeTpa, OJHOrO CUTHAIIA TIETU3MOTPaMMBbI M HACBIILCHUS KUCIOPOAOM. MOOHIbHBIN Telle)oH UMEET porpaMMHOE oOecIieueHue
aHaJIM3a JaHHbBIX, pa0OTAIOMINK B peaJbHOM BPEMEHH. YaleHHbIH cepBep (IIePCOHANBHBIN KOMIBIOTEP) CIYyXKHT KaK CPEACTBO Il aBTOHOMHOIO aHaIH3a
JTAHHBIX U 0a3bl JAHHBIX.

ANropuTMBI IPHHATHS PEIIEHHH pa3pabOTaHbl HA OCHOBE TEOPHM CIIOKHBIX CHCTEM, PacHpelelieHHOro MHTEIEKTa M aBToMatoB Mypa u Munus. B ciydae
BO3HUKHOBEHHUS OMACHOM CHUTyallMH cMapT(OH MOXET NOCIaTh CHTHAN TPEBOTM M JAHHBIC JUIS aHAIM3a PE3yNbTaTOB B cepBep Bpaya. MCKiouuTenbHOI
0COOEHHOCTBIO Pa3pabOTaHHOI CHCTEMBI MOHHMTOPHHTA SIBIIICTCS CHHXPOHHBIM aHANIN3 HECKONBKHX IIPOLECCOB U KOMIUIGKCHAs OICHKA aJalTalud
(DYHKIMOHAIIBHOTO COCTOSHUSI YeJI0BEKa IS MOJIb30BATEILCKUX TPEOOBAHNH B MHIMBHIYaJbHOM yPOBHE.

Cucrema npotectupoBana Ha 30 BOJIOHTEPAX MPECTapeliblX U MHBAIMIOB O3 BBIPAXXEHHBIX KapJHONOTHYECKUX 3a00neBaHui. OLEHKA JI0KHO-TIOJIOKHTEIBHBIX
CITy4aeB CHTHAJa TPEBOTH COCTaBIIA 9 MPOIEHTOB U 3 POIEHTA — JIOXKHO-OTPULATEIbHBIX.
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